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Preface

The proceedings of the 14th Italian Workshop on Neural Nets WIRN VIETRI
2003 are collected in this volume. The workshop, held in Vietri sul Mare (SA)
June 4-7, 2003 was jointly organized by the International Institute for Advanced
Scientific Studies “Eduardo R. Caianiello” (ITASS) and the Societa Italiana Reti
Neuroniche (SIREN). The volume covers up-to-date topics on neural nets and re-
lated fields. It contains invited review papers and selected original contributions
presented in either oral or poster sessions by both Italian and non-Italian re-
searchers. The contributions have been assembled, for reading convenience, into
four sections: Models, Architectures and Algorithms, Image and Signal Process-
ing, and Applications, plus two special sessions. The latter gives a fresh perspec-
tive in the fields of “Bioinformatics and Statistics” and “Formats Knowledge:
Words, Images, Narratives”, sharing the technical languages of the involved dis-
ciplines. The editors would like to thank the invited speakers and all the con-
tributors whose highly qualified papers contributed towards the success of the
workshop. Finally, special thanks go to the referees for their accurate work.

June 2003 Bruno Apolloni
Maria Marinaro
Roberto Tagliaferri
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Nonparametric Hidden Markov Models:
Principles and Applications
to Speech Recognition

Edmondo Trentin

Dipartimento di Ingegneria dell’Informazione
Universita di Siena, Via Roma, 56 - 53100 Siena, Italy
trentin@dii.unisi.it

Abstract. Continuous-density hidden Markov models (HMM) are a
popular approach to the problem of modeling sequential data, e.g. in
automatic speech recognition (ASR), off-line handwritten text recogni-
tion, and bioinformatics. HMMs rely on strong assumptions on their
statistical properties, e.g. the arbitrary parametric assumption on the
form of the emission probability density functions (pdfs). This chapter
proposes a nonparametric HMM based on connectionist estimates of the
emission pdfs, featuring a global gradient-ascent training algorithm over
the maximum-likelihood criterion. Robustness to noise may be further
increased relying on a soft parameter grouping technique, namely the in-
troduction of adaptive amplitudes of activation functions. Applications
to ASR tasks are presented and analyzed, evaluating the behavior of the
proposed paradigm and allowing for a comparison with standard HMMs
with Gaussian mixtures, as well as with other state-of-the-art neural
net/HMM hybrids.

1 Introduction

The problem of sequence modeling (e.g. acoustic modeling in Automatic Speech
Recognition (ASR), off-line handwritten text recognition, and several tasks in
bioinformatics) is mostly approached relying on continuous-density hidden
Markov models (HMMs) [8]. Yet effective to a significant extent, HMMs are
inherently limited [I3]. In particular, the assumption of a given parametric form
for the probability density functions (pdfs) that represent the emission proba-
bilities associated with HMM states is arbitrary and constraining. In addition,
standard HMMs do not feature a discriminative training procedure [5], and they
lack of any regularization techniques [4] that may improve their generalization
capabilities. In this respect, the use of artificial neural networks (ANNSs) ap-
pears promising. Unfortunately ANNs historically failed as a general framework
for ASR [13] and for other long-sequence modeling applications, due to their
limited ability to model long-term time dependencies, even when recurrent ar-
chitectures are considered [3]. The failure led to the idea of combining HMMs
and ANNs within hybrid ANN/HMM systems. A variety of hybrid paradigms

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 3-2I] 2003.
© Springer-Verlag Berlin Heidelberg 2003



4 Edmondo Trentin

were proposed in the literature [13]. This chapter introduces a novel approach
to the combination of HMM and ANN, related to some extent to Bourlard and
Morgans’s architecture [5], as well as to Bengio’s optimization scheme [2]. The
proposed model [12] is a HMM in which the emission probabilities are estimated
via a feed-forward ANN, i.e. the parametric (Gaussian) assumption is dropped
and a (universal) nonparametric model is used. For this reason, in the following
we use the term “nonparametric HMM”.

This nonparametric HMM relies on an HMM topology, including standard
initial probabilities and transition probabilities a;; for each pair of states i, j.
An output unit of the ANN holds for each of the states in the HMM, with
the understanding that i-th output value o0;(¢) at time ¢ represents the emis-
sion probability b;; for the corresponding (i-th) state, evaluated over current
observation y,. Recognition is accomplished applying the usual Viterbi algo-
rithm [8], while a novel maximum-likelihood (ML) global training technique was
introduced. The algorithm, reviewed in Section Bl relies on gradient-ascent to
maximize the likelihood L = P(Y | M) of the observation sequence Y given the
model M under consideration. The other parameters of the underlying HMM,
namely initial and transition probabilities, are estimated via the Baum-Welch
algorithm [§]. Differences w.r.t. previous ANN/HMM hybrids were pointed out
in [T0/12].

A major question, addressed in Section B-T] concerns the actual behavior of
ANNSs in modeling pdfs. Indeed, latter ones do satisfy the “integral equal to
1” constraint. Although ANNs are “universal approximators”, such a constraint
is not, in general, satisfied. Estimates for emission likelihoods tend to grow in
an unbound fashion in order to increase the overall likelihood of the sample
sequences at training time. This phenomenon yields degenerated models. We
call it the “divergence problem”. Specific techniques are proposed to tackle the
problem, at both the architectural and algorithmic levels.

Finally, another relevant issue concerns noise-tolerance of the overall model.
A regularization technique, based on a ML parameter grouping algorithm, is
then explicitly given (Section 22) to increase the generalization capability of
the model and, in turn, its noise-robustness. As a matter of fact, ANNs learning
theory draws a relationship between ”learning with noise” and the generalization
capabilities of the learning machine [4]. Application of robust training techniques
(e.g, regularization) during the learning process on clean (non-noisy) data is
aimed at improving generalization, reducing overfitting, resulting in improved
performance on noisy test data.

In [I4] we proposed such an approach relying on the introduction of a pa-
rameter \ within the training scheme, assuming activation functions in the form
y = Af(z). The gradient-ascent training algorithm to learn A from the data
according to the training criterion for the ANN/HMM hybrid, i.e. the likeli-
hood L, is reviewed in Section 22 A “soft” parameter grouping [4] technique
for the ANN/HMM is obtained, where all connection weights that start from a
given unit (or set of units) subject to A are grouped together. The range of their
values is conditioned by A, and the latter is learned from the data according
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to contributions from all the weights in the group. As a consequence, different
search paths within the weight space are induced. In [9], a theoretical analysis is
carried out to investigate the rationale behind the improvement yielded by the
approach. The algorithm is applied simultaneously with the ML learning rule
for the connection weights.

An experimental analysis of the proposed techniques in ASR tasks, along
with a comparison w.r.t. continuous-density HMMs and Bourlard & Morgan’s
approach, is carried out in Section B

2 Connectionist Nonparametric Hidden Markov Models

In this Section, a sketch of the fundamental calculations for ML training of the
nonparametric HMM are given. Along the line of standard Gaussian-density
HMM parameter-estimation algorithms, the global criterion function C to be
maximized by the model during training is the likelihood L of the observations
given the model: C' = L, where:

L=> air (1)
i€F

and the a’s are the usual forward probabilities. The sum is extended to the set
F of all possible final states within the HMM [I] that corresponds to the current
data sequence (e.g., in ASR it is the HMM that represents the correct phonetic
transcription of the acoustics under consideration). Such an HMM is supposed
to involve @ states, and T is the length of the current observation sequence
Y:yla"'vyT~
Assuming that the ANN represents the emission pdfs in a proper manner, and
given a generic weight w of the ANN, hill-climbing gradient-ascent over C' pre-
scribes a learning rule of the kind:

Aw = TlaTH (2)

where 7 is the learning rate. Let us observe (after [1]) that the following property
can be easily shown to hold true:

aai,t Qi ¢

0b; T iy ®)

)

According to [6/T], the following theorem can be proved to hold true: % = Bit,
foreachi=1,...,Q and for each ¢t = 1,...,7T. Given the theorem and Equation
B), repeatedly applying the chain rule we can expand g—{; by writing:

oL OL 0b;
ow Z Zt: db;y Ow @

- o Qg 8bi,t
- zl: ;ﬁz,t bi,t w .
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where the sums are extended over all statesi = 1,..., Q of the HMM correspond-
ing to the correct transcription of the training utterance under consideration,
and to all t = 1,...,T, respectively. Let us consider a multilayer Perceptron
(MLP), the j-th output of which, computed over ¢t-th input observation yy, is
interpreted as a non-parametric estimate of the emission probability b;+ associ-
ated with j-th state of the HMM at time ¢t. An activation function f;(x;(t)) is
associated with each unit j of the MLP, where z;(t) denotes input to the unit
itself at time ¢. The corresponding output o;(t) is given by 0;(t) = f;(z;(t)).
This ANN is assumed to have L layers Lo, L1,...,L, where Lg is the input
layer, and Ly, is the output layer. For notational convenience we write i € Ly, to
denote the index of i-th unit in layer Ly.

Given a generic weight w;;, between k-th unit in layer £;_; and j-th unit in
layer £;, and defining the quantity

[ila;(£)) ifl=Li=j
§;(i,t) =40 ifl=Li+#j (5)
fi(x;(t)) Znea,+1 Wnidn(J, t) otherwise
for each i € L,, it is possible to show that [12]:

Obis
(9wjk

= 8, (i,t)ox (). (6)

Using the above calculations to expand Equation (#)) and substituting it into
Equation (@), the latter can now be restated in the form of a learning rule for
weight w;y, by writing:

Q T
Q; .
Awjy, = UZZﬁi,tb%ttf;j(%t)Ok(t) (7)

i=1 t=1

where the term 6;(,t) is computed via Equation (B). In the following, Equation
(@ will be referred to as the Bare Mazimum-Likelihood (BML) on-line learning
rule in the linear domain. Actually, batch versions (i.e., gradient computed over
all sequences in the training set) as well as logarithmic versions (computations
accomplished in the logarithmic domain, in order to avoid numerical stability
problems over long sequences of probabilistic quantities) of the learning rules
are presented in [10], and they are experimentally compared in Section Bl

2.1 Do ANNs Estimate Probability Density Functions?

The learning rule developed so far is expected to work given the fact that the
ANN can be actually treated as a non-parametric estimate of the emission prob-
abilities of the underlying HMM. Unfortunately, in order to satisfy the latter
condition, the ANN itself should be a (general and non-parametric) model of
a pdf, i.e. the integral of the function computed by the ANN over its whole
domain (the feature space) should equal 1. While ANNs, being “universal ap-
proximators”, may reasonably approximate any continuous and bound pdfs as
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close as desired, they completely lack of any constraints ensuring that, at any
given time during training, they actually are pdfs. In practice, a direct applica-
tion of the above training scheme may not lead to a correct solution, since the
training criterion (ML) simply encourages the ANN to yield high output values,
i.e. high emission probabilities, over all input patterns. In so doing, the over-
all likelihood of the training input sequences diverges toward infinity, since the
ANNSs do not estimate pdfs, but they simply develop larger values for their con-
nection weights. The resulting model turns out to be meaningless (and useless).
We refer to such a phenomenon as the “divergence problem”. A strictly related
scenario was pointed out by Bengio [1], where the ANNs for feature extraction
might simply learn to concentrate all the inputs closely around the mean vec-
tors of the Gaussian emission probabilities, the latter quickly becoming Dirac’s
deltas. While using Gaussian mixtures provided Bengio with the satisfaction of
the “integral-equal-to-one” condition, in the present setup the problem is even
harder.

Bengio states that, in practice, the problem is not crucial, since the ANN
usually reaches “more interesting” extremes of the criterion function [I]. Simi-
lar reasoning could lead us to the expectation that a direct application of the
algorithm described above could provide us with interesting solutions, maybe
at the expense of a few training trials with different connectionist architectures
and different starting points in the weight space. Although some experiments
reported in Section Bl do confirm this expectation to some extent, the problem
is definitely relevant, and further theoretical developments are sought in order
to obtain a more reliable and mathematically motivated training scheme.

The present Section is devoted to the development of alternative solutions to
the problem, via modification (or completion) of the proposed algorithm. Since
explicit introduction of the probabilistic constraint, i.e. “integral equals 1”7, in
the training criterion does not lead to any feasible analytical formulation, the
following alternatives are considered herein:

1. introduction of architectural constraints on the ANN topology in order to
ensure a suitable probability density estimation through a direct applica-
tion of the above learning rules. As a first instance, Radial Basis Functions
(RBF) networks may be interpreted as mixtures of Gaussian components. In
particular, if the values of the connection weights that link the radial basis
activation functions of the hidden layer with the linear output units sum to
one, the model actually satisfies the requirements of a pdf. For this reason,
RBF's may look promising in the present framework. In fact, there are two
major drawbacks that severely limit the applicability of RBFs herein: (i)
since they realize bare mixture of Gaussians, no significant gain in model-
ing capabilities may be expected over the standard (parametric) HMM; (ii)
whenever trained via the gradient method, hidden-to-output weights may
diverge in order to increase the overall likelihood (as discussed above) since
no explicit constraint ensures that, for each output unit, they sum to one. At
least, a normalization to one should be forced after each training iteration. It
is evident that such a heuristic, while preserving the pdf requirements, would
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have an impact on the training scheme. In spite of these problems, the RBF
remains interesting - especially in a validation perspective - since it allows for
an immediate numerical comparison with the standard HMM. For instance,
the RBF may be initialized with the same parameters of a pre-trained HMM,
and further trained using gradient-ascent. Section Bl (“Round 17) will take
advantage of a similar initialization procedure over a slightly modified ANN
architecture, namely a kind of log-RBF where the logarithms of Gaussian
activation functions are used in the hidden layer.

An alternative is represented by a MLP having Gaussian output units. Pres-
ence of the latter ones could ensure the satisfaction of the pdf constraints,
tackling the “divergence problem”. Although such an architecture may ap-
pear unpromising, due to the fact that it basically replaces mixtures of Gaus-
sians (as in standard HMMs) with individual Gaussians (one for each output
unit, that is one for each state of the underlying HMM), it should be noticed
that the MLP performs a non-linear transformation of the input features
that is aimed at maximizing the likelihood. This means that the output
Gaussians are defined over a new, transformed space which is expected to
better suit the ML framework for the recognition problem at hand. This
architecture, along with the BML algorithm, provides us with a scheme that
strictly resembles Bengio’s paradigm, i.e. the ANN extracts “optimal”’ fea-
tures to be modeled with a Gaussian-based HMM. The “divergence problem”
may thus rise again in the same form as in Bengio’s case (as outlined in the
previous Section): indeed, one possible way for the ANN to maximize the
likelihood is simply to project all the input patterns onto a common internal
representation - developed by the hidden layers - and then to map such a
representation to a common centroid, shared among all output units, after
driving all of the Gaussians toward the same mean vector;

. application of a probabilistic constraint on the network weights. The criterion

is no longer ML, but a joint probability that combines the likelihood of
the observations and the probability of the ANN weights (considered as
they were random variables) given the model. This is similar to some well-
known regularization techniques [4], where “simpler” solutions, i.e. with small
weight values, are privileged over complex solutions, e.g. with huge weights.
A Gaussian distribution with zero mean is an effective choice for the ANN
weights distribution. Under this assumption, a parameter =2 (the inverse
of the variance of the Gaussian pdf) controls the weights distribution, and
its impact on the training process is analyzed in Section B.I] We refer to the
present training scheme as the Soft Weight Sharing Maximum-Likelihood
(SWS-ML) learning rule, as opposed to the basic BML. Batch, as well as
logarithmic versions of SWS-ML are introduced in [10];

factorization of the emission probability using Bayes’ theorem. Some terms
of the factorization can be estimated separately from the training set, before
ANN training. The ANN is then used to estimate the posterior probability
of a HMM state given the input observation. This means that the emission
probability is no longer expected to be the output of the ANN, but the
latter is combined with other terms to obtain the emission probability itself.
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Being the ANN output interpreted as a probability, the constraints to be
satisfied are: (i) that each output unit is forced in the range [0, 1], and (ii)
that the sum over all output units be exactly 1. Such constraints can be
explicitly introduced in the training scheme. The resulting learning rule is
called the Bayes learning rule, featuring on-line and batch versions [10]. No
logarithmic version of the Bayes learning rule is allowed, since the ANN
outputs are expected to be probabilities, i.e. in the linear domain;

. adoption of a “discriminative” training criterion, namely Mazimum A Poste-
riori, instead of the bare Maximum Likelihood, in order to force probabilities
along “incorrect” paths of the HMM to be discouraged. We formally define
the MAP criterion Cprap as follows:

P(Y | M)P(M)

Crvap =PM|Y) = PY)

(8)
where Y is the observation sequence and M is the specific model under con-
sideration. Bayes’ theorem was applied in order to obtain the right-end side
of Equation (B): P(M) is the prior probability of the model, and P(Y") is the
overall likelihood of the observation sequence Y, that does not depend on the
specific choice for the model M. P(M) is independent of the ANN outputs
(e.g., it depends on the language model only), and it can be computed sepa-
rately. In particular, in the on-line learning case a suitable training algorithm
is required to maximize the following, equivalent criterion:

Chiar = pry ©

a formulation that emphasizes the strict relationship with the Mazimum
Mutual Information (MMI) criterion. A gradient-based learning rule for a
generic connection weight w can be obtained by taking the partial derivative
of Chy 4 p with respect to w as follows:

" {ap(y | M) P(Y | M)dP(Y) } . (10)

~ PY) ow P(Y) ow
The quantity P(Y | M) and its derivative w.r.t. w are computed according
to the calculations introduced above, since it is the usual likelihood of the
observations given the “correct” model M, i.e. the model constrained by the
(known) transcription of the current observation sequence Y (e.g., in ASR
it is the phonetic transcription of current training sequence). The quantity
P(Y) and its derivative w.r.t. w are computed by applying the same calcu-
lations to an unconstrained, or recognition model, as explained in [11]. The
latter is the same model used for recognition with the Viterbi algorithm,
where no prior knowledge on the correct transcription of current sequence
is given. We refer to the present training scheme as the MAP learning rule
(featuring on-line, batch and logarithmic versions [10]; see Section Bl for an
experimental comparison).
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We stress the fact that, in practice, the ANN is not necessarily required to realize
a pdf, but divergence of its output values should rather be avoided. Some of the
solutions that are outlined in the following are thus aimed at the definition of
architectures/training algorithms that prevent the ANN to develop unbounded
outputs while increasing the likelihood of the observations.

2.2 Increasing Noise-Tolerance via Soft Parameter Grouping

The parameter-grouping scheme is obtained by introducing trainable parameters
;¢ for each unit ¢ in each layer £,, and by considering activation functions in
the form )
fie(@ie(t)) = Niefio(wie(t)) (11)

where dependence of the different quantities on the specific layer £, was explicitly
stated for notational convenience in the calculations. In the following, the symbol
fie(xi0(t)) will refer to a function of x; ¢(¢) which does not explicitly depend on
)\@g.

Considering criterion (), and relying on gradient ascent as in Eq. (), we
have:

oC Q¢ 8[)1 t
- St Dt 12
DD I It (12)

Again, being gii’; = 8gi/’\fét), by defining the quantity 6, ¢(i,t) as

1 ifl=L,.=1
0 ifl=1L1#1 (13)
Z U)j)b)[+1(5j)g+1(i,t)fj/-’g+1(l'j’(+1(t)) otherwise
JELe 1
it is possible to prove by induction [I0] that:
801‘_ t . r3
) _ 8,.0(i, 1) fro(z 0 (t)). (14)
2

In summary, Eq. (Id) can be substituted into Eq. (IZ), obtaining an on-line
learning rule in the form:

Q T
Me=1>3" ﬁm‘;{ma, £) ool (t)) (15)

i=1 t=1
for each layer L, = L4,...,Ly in the ANN, and for each unit ¢ in L,.

3 Applications to Automatic Speech Recognition

Since processing the whole speech databases for speaker independent, continuous
speech recognition is computationally expensive, and evaluating the behavior of
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the proposed training schemes over different architectures is difficult when large
amounts of data are used, we first introduce a simple case study (Section BI)
drawn from the SPK corpuﬂ. SPK was collected in laboratory conditions at
ITC-irst (Trento, Italy). It consists of 1000 utterances of connected Italian digit
strings having length 8 (for a total of 8000 words), acquired over 40 different
speakers (21 male and 19 female). Spectral analysis of the speech signals (ac-
quired at a sampling rate of 16kHz) was accomplished over 20ms Hamming
windows having an overlap of 10ms, in order to extract 8 Mel Frequency Scaled
Cepstral Coefficients (MFSCCs) [7] and the signal log-energy as acoustic fea-
tures. The latter were normalized in order to have input values distributed in a
uniform manner over the [0, 1] interval, before feeding them into the connection-
ist models. Results obtained herein highlight the properties of the algorithms
and provide us with significant cues on the most promising training schemes,
parameters and architectures to be applied to the more complex ASR tasks.
Latter ones are summarized, from literature, in Section [3.2]

3.1 Experimental Analysis: Reduced-Scale Task

The reduced-scale setup was built by choosing one individual speaker at random
from SPK (speaker code: gila0), i.e. a speaker dependent recognizer is developed.
A subset of the original feature space was considered, precisely a 3-dimensional
space composed of the first two MFSCCs and the corresponding log-energy. The
ASR task was the recognition of isolated words: 120 acoustic signals, correspond-
ing to 12 different utterances of each Italian digit were used for training, while 80
isolated signals (8 instances for each digit) constituted the test set. Three differ-
ent approaches to the problem are presented in the following sections, each cor-
responding to different ANN architectures and particular initialization schemes.

Round 1: ANN Initialized by Log-Gaussian Kernels. A Gaussian-based
HMM was first trained and evaluated, providing a comparison baseline for the
following algorithms. For ANN/HMM initialization purposes, the HMM was kept
as simple as possible (in the present scenario, attention is paid to the behavior
and relative performance of different models, not to the absolute suitability of
the recognition rate to real-world applications). The topology was a set of 10
word (digit) models, each based on a 3-state left-to-right HMM, plus a 1-state
model for the background noise (silence model), for a total of 31 states. Emission
probabilities were modeled via individual Gaussian pdfs G;(x) associated with
each state 7 of the HMM, where G;(x) = H?:l 9ij(z;) and g;;(z;) is a univariate
Normal, defined over j-th dimension of the feature space. All such pdfs shared
a common value 6 for their variances 6,;. The segmental k-means algorithm [§]
was applied in order to initialize the HMM. Training was accomplished via the
Baum-Welch algorithm, and the Viterbi decoding technique was applied over
the test set.

! SPK is available from the European Language Resources Association (ELRA).
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The connectionist model was then defined as a 2-layer feed-forward net, with
93 units in the hidden layer (one for each univariate Gaussian g;;(.) in the HMM,
t=1,...,31, j = 1,...,3), having the following form for the corresponding
activation functions f;;(x) over a generic input z:

N2
folo) =3 (25 ) = toatas () + (16)

where ¢ is a constant (namely the logarithm of the usual normalization constant
for Normal distributions having standard deviation #). Input-to-hidden weights
Wij k, connecting k-th input unit with ij-th hidden unit, were defined as

C(1ifj=k
Weg ke = {0 otherwise (17)

for each k = 1,...,3. Hidden-to-output weights w; ;;, connecting ij-th hidden
unit with [-th output unit (I =1,...,31), were defined as

lifi=1
Wij = {0 otherwise (18)

along with linear output units, one for each state [ of the HMM, thus realizing
the function

3
o = Z log(gij(z5)) = log(Gi(x)). (19)

The resulting architecture is a kind of log-RBF network, that yields exactly the
same emission probabilities as the standard HMM involved in its construction
process. It is suitable for those algorithms of Section [2] which are defined in the
logarithmic domain; it cannot be used for evaluating the Bayes learning rule,
which assumes ANN linear outputs in the [0, 1] interval.

It is worth mentioning that, although in principle this hybrid model is actu-
ally an HMM with Gaussian emissions, during training the values of the weights
(and biases) are modified. This means that: (i) the log-Gaussian kernels of the
hidden layer are progressively fed with linear combinations of the input features,
learning to exploit correlations between the acoustic features to some extent; (ii)
the output units learn to yield values that are no longer based on the evalua-
tion of a single Gaussian pdf associated with the corresponding state; i.e., some
Gaussian pdfs are shared among distinct states to better fit the corresponding
emission distributions. These aspects are the rationale behind the improvement
obtained in the experiments. Results yielded by the different training schemes
are summarized in Table [I]

The BML learning rule was first applied. Batch learning turned out to be
slightly advantageous, since in the on-line case all shorter training sequences
(corresponding to utterances of shorter words) yielded higher likelihood values
(being the latter the product of probabilities along shorter paths in the trellis [8]),
thus inducing heavier changes in ANN weights that biased the training process



Nonparametric Hidden Markov Models 13

Table 1. Round 1, ANN with log-Gaussian kernels: Word recognition rate (WRR)
on test set and final log-likelihood of the training acoustic observations given the
model, yielded by the proposed algorithms applied to the SPK isolated digits, speaker-
dependent (gila0) problem. 3-dim acoustic space: 2 MFSCCs and signal log-energy

Model/algorithm WRR (%) Final log-likelihood

HMM 70.00 -7.5054e+-03
BML 68.75 -7.0964e+03
SWS-ML 71.25 -7.4166e+-03
MAP 72.50 -7.7269e403
SWEML i

7100 /
-7200 /

-7300 /
7400 /

e K
P XX
-7500 -4

0 5 10 15 20
Training Epoch

log-Likelihood

Fig. 1. Round 1: learning curves (log-likelihood of the acoustic observation sequences
in the training set) as a function of the number of training epochs, for the BML and
SWS-ML algorithms

toward those words. A kind of “normalization” with respect to the length of each
training sequence tackles the problem. Figure[ll shows the evolution of the overall
log-likelihood of the training set given the model for the BML (upper curve) as
a function of the number of training epochs. As pointed out in Section 2.1] the
divergence problem may arise in the BML case: in fact, the word recognition
rate is decreased with respect to the HMM at the end of training.

The SWS-ML scheme allowed to overcome the problem, as expected. The
evolution of the corresponding log-likelihood during the training process is rep-
resented by the lower curve in Figure [Il The final likelihood is lower than in
the BML case, although increased with respect to the HMM. In particular, the
likelihood increases very slowly (it may be even reduced at certain iterations).
This is due to the fact that when the connection weights tend to become too
big, the SWS-ML learning rule forces a reduction in their size (increasing their
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probability), even at the expense of the likelihood of the observations, avoiding
divergence.

Finally, the MAP variant of the algorithm improved recognition performance
over the HMM, as well as over the SWS-ML scheme, by increasing quantity
@), while preventing the bare likelihood of the acoustic observations from di-
vergence. The likelihood (of the constrained model) may decrease at certain
training epochs, whenever a broader reduction of the likelihood of the uncon-
strained model ensures an increment in the likelihood ratio. Figure [A shows
the log-likelihood of the training sequences given the constrained model (lower
curve), and given the unconstrained model (upper curve), as functions of the
number of training epochs. Evolution of the monotonically-increasing likelihood
ratios, computed at each epoch over the training set, is plotted in Figure Bl (in
the logarithmic domain).

-8000 T T
Constrained model —+—
Inconstrained model ---x---

-8500

-9000
X ////
X
-9500 2

7
X
X
o
-10000 S

- /
-10500 /

-11000
=

log-Likelihood
E'Y

-11500
0 5 10 15 20

Training Epoch

Fig. 2. Round 1: log-likelihood of the acoustic observation sequences in the training
set, as a function of the number of training epochs, for the MAP algorithm. Upper
curve: unconstrained model; lower curve: constrained model

Round 2: Generic MLP, Logarithmic Domain. In this section we apply
the algorithms to the generic 2-layer MLP architecture with hidden sigmoid ac-
tivation functions and linear output units. The topology is inherited from the
previous experiments, i.e. 93 hidden units along with 31 outputs are used. Re-
sults are reported in Table Bl The first row of the table reports the baseline
performance obtained with a standard HMM with Gaussian emission probabil-
ities (a single Gaussian for each state) having variable means and covariances.
A second HMM with mixtures of 8 Gaussian components was then trained and
evaluated, for initialization and comparison purposes (second row of the table).
Initialization of the MLLP was accomplished according to the following algorithm:
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Fig. 3. Round 1: (log)likelihood ratios between the constrained and the unconstrained
models, evaluated over the acoustic observation sequences in the training set as a
function of the number of training epochs (MAP algorithm)

Table 2. Round 2, generic MLP with sigmoid hidden units and linear outputs: WRR
on test set and final log-likelihood of the training acoustic observations given the
model, yielded by the proposed algorithms applied to the SPK isolated digits, speaker-
dependent problem. 3-dim acoustic space: 2 MFSCCs and signal log-energy

Model/algorithm WRR (%) Final log-likelihood
HMM with single Gaussians 77.50 1.1474e+4-04
HMM with 8-Gaussian mixtures 81.25 2.0520e+-04
MLP initialized via BP 80.00 -9.1109e+04
SWS-ML 80.00 -9.1073e+04
MAP 85.00 -9.3754e+04

1. For each acoustic vector x in the training set, compute the value of the log-
emission probabilities y; = log[b;(x)], for i = 1,..., 31, yielded by the HMM.
Let y = (y17 cee 7y31)‘

2. Define a labeled training set 7 = {(x,y)} including all such vector pairs.

3. Train the MLP with standard backpropagation (BP) to minimize the Mean
Squared Error over T.

The MLP is basically bootstrapped in order to “mimic” the behavior of the
HMM, providing us with a reasonable approximation of log-emissions. This ini-
tialization scheme reminds us of Bourlard and Morgan’s training scheme. The re-
sults obtained applying Viterbi to the initialized net without any further hybrid-
training procedure (third row of the table) do validate the initialization tech-
nique.

Given the nature of the output units and the fact that they are initialized
to estimate logarithmic values, the present architecture (like that described in
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Round 1) is not suitable for application of the Bayes learning rule. Instead, all
the other training techniques (BML, SWS-ML and MAP), in their logarithmic
variants, can be used herein.

As expected from the lack of any architectural constraints, training the MLP
with the BML algorithm (not reported in the table) indefinitely increased the
likelihood, lowering the WRR in a systematic manner. In the SWS-ML case,
divergence in likelihood values was avoided only by choosing very small values for
the parameter 0 ~2 that controls application of the SWS-ML case, not allowing
for any tangible improvement over the initialized net.

Training in the logarithmic domain with the MAP criterion for 10 epochs
(as suggested by preliminary cross-validation) in the on-line mode allowed for a
significant WRR improvement over the standard HMM and the other hybrid-
training techniques. Evolution of the log-likelihood ratio log P() | M)—1log P())
between the constrained and the unconstrained models is shown in Figure @
Application of the batch MAP learning rule was less effective in the present
setup, yielding a 82.50% WRR.

(log)Likelihood ratioc ——
110

-120 /
-130 /
-140

P

0 2 4 6 8 10
Training Epoch

log-Likelihood

-160
—

Fig. 4. Round 2: log-likelihood ratios between the constrained and the unconstrained
models, evaluated over the training set as a function of the number of training epochs
(MAP algorithm)

Round 3: Generic MLP, Linear Domain. Finally, we apply a generic MLP
to estimate probabilistic quantities in the linear domain, in order to evaluate
the linear version of the training algorithms, as well as to allow application of
the Bayes training scheme, which requires ANN outputs to be probabilities, i.e.
in the range [0, 1]. For this reason, sigmoids are introduced in the output layer.
The initialization procedure is similar to that described above in the logarithmic
domain, but it may be improved as follows:
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1. an initial segmentation of the training set is obtained on the basis of prior
knowledge on the correct HMM associated with each utterance and on the
Viterbi hypothesis of segmentation provided by the pre-trained standard
HMM;

2. target values are assigned according to this segmentation, namely a positive
targetﬁ for unit 4 is assigned over all patterns belonging to state i given the
segmentation, while a null target is assigned to all the other units (discrim-
inative approach);

3. BP training of the MLP is accomplished over the labeled training set;

4. the trained MLP is used within the hybrid architecture along with the Viterbi
algorithm to yield a novel segmentation of the training sequences;

5. the last two steps of the algorithm may be repeated for a certain number of
iterations.

Note that this initialization technique basically coincides with Bourlard and
Morgan’s hybrid training scheme, once a probabilistic interpretation of ANN
outputs is given in terms of “state posterior probabilities”.

Table Bl shows the results obtained with the different techniques. The HMM
with 8 Gaussians per state is the same used in round 2. The proposed initial-
ization turns out to perform better than in the previous case, even improving
over the standard HMM, i.e. Bourlard and Morgan’s hybrid behaved better than
the HMM, as expected. All the novel hybrid schemes, in turn, improved over the
initialized MLP, with the exception of the BML that increased the likelihood but
worsened the WRR, (not reported in the table). In all cases, the on-line version of
the algorithms yielded slightly better results than the batch case. A systematic
improvement with respect to Round 2 is met.

The results do validate also the Bayes training scheme that could not be
evaluated in the previous rounds. The state-priors II; to be used in the learning
rule were estimated from the relative frequencies of the standard HMM states
over the training set, during the initialization alignment procedure. No explicit
estimation of the acoustic observations distribution p(y) was needed to apply the
Bayes algorithm herein: a uniform distribution of the features in the [0, 1] interval
was indeed guaranteed by the normalization of the input data. In Table[3, the
term MAP+Bayes refers to the MAP scheme (constrained vs. unconstrained
models) combined with the Bayes algorithm, i.e. MLP outputs are assumed to
be the state posterior probabilities given the input acoustic observation.

Figures [5 and [6] show the log-likelihood of the training set given the model
and the WRR, respectively, as functions of the parameter 0 ~2. This parameter is
the inverse of the variance of a zero-mean Gaussian that models the distribution
of ANN weights (see Section 2)). It is seen that a kind of “optimal” WRR is
reached in correspondence with a value of 0~2 that represents a tradeoff between
higher likelihood values (i.e. the model tends to degenerate when the likelihood
diverges), corresponding to wide Gaussian pdfs for the ANN weights distribu-

2 A target value equal to “1” is the default, but larger values may help improving
convergence of the algorithm in practice.
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Table 3. Round 3, generic MLP with sigmoid hidden and output units: Word recog-
nition rate (WRR) on test set yielded by the proposed algorithms applied to the SPK
isolated digits, speaker-dependent problem. 3-dim acoustic space: 2 MFSCCs and signal
log-energy

Model/algorithm WRR (%)
HMM with 8-Gaussian mixtures 81.25
MLP initialized via Bourlard-like algorithm 83.75
SWS-ML 90.00
Bayes 87.50
MAP 91.25
MAP+ Bayes 87.50

-10900

log-Likelihood —+—

-11000

-11100

-11200

-11300

-11400

-11500

-11600

-11700

-11800
0.05 0.1 0.15 0.2 0.25 0.3

Fig. 5. Round 3, SWS-ML algorithm: log-likelihood evaluated over the training set as
a function of the parameter o~2 that controls the probability distribution of network
weights

tion, and lower likelihood values due to too narrow Gaussians, i.e. oversimplified
models.

To summarize, from the above experimental investigation it turns out that
the BML algorithm increases the overall likelihood of the acoustic observations
given the model, but an instance of the “divergence problem” systematically
arises. The SWS-ML, Bayes and MAP algorithms allow for viable solutions,
resulting in increased likelihood and improved recognition performance over the
standard HMM. The MAP version of the algorithms results particularly effective.
The on-line algorithms are usually better than the batch cases. This fact is
aligned with the analogous phenomenon that occurs in standard BP for static
ANNSs. Finally, the MLP architectures outperform the log-RBF initialized via
Gaussian-based HMM parameters; in particular, the MLP with output sigmoids
jointly with the learning rules defined in the linear domain behaves better than
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Fig. 6. Round 3, SWS-ML algorithm: WRR evaluated over the test set as a function
of the parameter o2

the corresponding MLP with linear outputs and the logarithmic version of the
algorithms.

3.2 Experimental Analysis: Real-World Tasks

The nonparametric HMM was then successfully applied to several real-world
continuous-speech, speaker independent ASR tasks, on both clean and noisy
data. Most of the results are summarized in [10]. In [12] it is shown that the
MAP version of the ANN/HMM allows for a 46.34% relative word error rate
reduction with respect to standard HMMs in a task with a small vocabulary
from the SPK database, using 8 MFSCCs and the log-energy. Application of the
soft parameter grouping scheme yields a noise-tolerant model [I4]: results on the
VODIS II/SpeechDatCar databaseﬁ, collected in a real car environment, show a
64.58% relative word error rate reduction with respect to the standard HMM,
as well as a dramatic gain over Bourlard and Morgan’s hybrid.

4 Conclusive Remarks

This chapter discussed and analyzed a novel nonparametric HMM with connec-
tionist estimates of the emission pdfs. Although the approach was evaluated on
ASR tasks, it is suitable whenever sequence modeling with standard (parametric)
HMMs may be accomplished. The theoretical dissertation and the experimental
results in real-world tasks from literature highlights the potential advantages of

3 Part of SpeechDatCar and Vodis-II projects was funded by the Commission of the
EC, Telematics Applications Programme, Language Engineering, Contracts LE4-
8334 and LE4-8336.
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the proposed approach over HMMs and other state-of-the-art ANN/HMM hy-
brids, namely the well-known Bourlard & Morgan paradigm. We argue that such
advantages may be explained on the basis of the nonparametric and “universal
approximation” properties of ANNs, along with the joint optimization scheme
of ANN and HMM parameters over the same criterion function, i.e., the likeli-
hood of the observed pattern sequences given the model. We stressed the fact
that explicit precautions are to be taken in order to overcome the “divergence
problem”, and we pointed out several effective solutions. Finally, an important
remark concerns dealing with noisy data: robustness to noise is strictly related
to the generalization capabilities of the model, and a suitable technique that im-
proves learning and generalization was presented wvia the introduction of a ML
trainable amplitude in the activation functions, resulting in a soft parameter
grouping technique.
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Abstract. We introduce a very complex game based on an approximate
solution of a NP-hard problem, so that the probability of victory grows
monotonically, but of an unknown amount, with the resources each player
employs. We formulate this model in the computational learning frame-
work and focus on the problem of computing a confidence interval for
the losing probability. We deal with the problem of reducing the width of
this interval under a given threshold in both batch and on-line modality.
While the former leads to a feasible polynomial complexity, the on-line
learning strategy may get stuck in an indeterminacy trap: the more we
play the game the broader becomes the confidence interval. In order to
avoid this indeterminacy we organise in a better way the knowledge, in-
troducing the notion of virtual game to achieve the goal efficiently. Then
we extend the one-player to a team mode game. Namely, we improve
the success of a team by redistributing the resources among the play-
ers and exploiting their mutual cooperation to treat the indeterminacy
phenomenon suitably.

1 Introduction

In this paper we face the task of learning to win a game characterized by highly
complex aspects. Our player, Bob, has no information about the ability of his
opponent, Nature; moreover the effects of his actions on the outcome of the
single contest are neither known nor predictable, since the game mechanism is
quite complex and uncertain. Bob can base his strategy only on a monotonicity
property: the more Bob increases the value of a given parameter of the game (the
one representing his strength), the more his winning ability improves. This class
of games exploits the results of game theory [I] only partially since the payoffs
associated to each strategy are random variables with unknown distribution.
A similar lack of information can be overcome by considering this problem as
a dynamic process in a computational learning context. In particular, we refer
to the on-line learning paradigm [2J3] that specializes on a peculiar inference
problem. In this framework we evaluate the actions through the construction of
confidence intervals for the losing probability, thus abandoning the common goal
of optimizing the expected value of a utility function [4].

This game model works well for a wide range of real life situations, from
the sphere of economy and finance to the field of biology. We can consider, for
example, two firms that produce the same kind of goods. The goal of each firm

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 25-34] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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is to produce a final product qualitatively similar to the competitor’s, but with a
lesser expenditure of resources. We can also think in terms of an antiviral action
against an unidentified virus: we do not know the effect of the application of a
certain quantity of antibiotic, since the virus’s characteristics are often unclear
and the environment in which it survives very complex.

This paper is organized as follows. In Section 2 we describe the game. In
Section 3 we solve our inference problem in both batch and on-line modality,
analyzing an arising indeterminacy phenomenon that we relieve through a better
organization of the available knowledge. In Section 4 we extend the problem to
a team game framework and consider an approximately optimal distribution of
resources among the players.

2 Statement of the Game

Bob and Nature play the following game.

Game 1 The game consists in a series of contrasts between Bob (B) and Na-
ture (N ). In the single contest both players draw randomly an NP-hard problem’s
instance s from a set S (huge, but finite and discrete) and compute an approxi-
mate solution, whose accuracy depends on the amounts of resources yg and yn
they employ (let us call them strengths), according to a monotone yet unknown
relation. B wins, ties or loses if its solution is better, equal or worse than the
opposite respectively. B’s goal is to find (learn) the minimal strength that will let
him lose with at most € probability and good confidence level §, rather than win
i any future instance. The game is asymmetric: while B can arbitrarily modify
his strength, N maintains her value fixed at an initial level.

The complexity of the environment is modeled by choosing an NP-hard [5]
optimization problem. In particular, we have adopted a knapsack problem [6]
as a prototype of this complexity class that reads as follows: given (i) a set of
objects, each characterized by a weight and a comfort, and (ii) a capacity to
be filled by the weights, find within the subsets of objects fitting the capacity
(the feasible solutions) the one maximizing the cumulative comfort. Its formal
statement is the following:

Definition 1. An instance for the 0-1 knapsack problem is a 4-ple s = (n, W, Z,
by € S, where:n € N, W = {wy,...,w,} CN", Z ={z,...,2,} C N, and
b € N is such that w; <b for each i € {1,...,n} but Y ;  w; > b.

Given a knapsack instance s, an ordered n-ple x = (x1,...,2,) € {0,1}" is
called a feasible solution for s if Y., w;x; <b, and g(z1,...,T,) = > 1| Tz
is called its value. Denoted with Sol(s) the set of all the feasible solutions for s,
a solution of the knapsack problem on s maximizes g, i.e. is an n-ple

(x7,...,z}) = arg XlyeenyTp)

($17~~-7r£1nas}éSol(s) g(

where arg(g(z)) = x.
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Let us consider a sequence S [] of instances that are submitted to the two
competitors B and N. The challenge they face is to provide on each element s of
the sequence an approximate solution better than the opponent’s. To avoid op-
erational traps due to exponentially long computations, both competitors adopt
a polynomial-time approximation scheme (PTAS) [7]. In particular we assume
that both B and N implement the Sahni algorithm [8], which on a given value
~vp of the strength of B, guarantees in time O(n?2) a solution whose relative
difference w.r.t. the value of the optimal one is no greater than n = 1/(yg + 1),
i.e. % < 7. It consists in two parts:

— k-PAS, that enumerates all the combinations of at most k objects, where k
is the aforementioned parameter ~ypg, corresponding to the strength of the
player,

— GREEDY, that completes these partial solutions by filling the knapsack with
the unused items considered in decreasing order of comfort-to-weight ratio,
until no more insertions are allowed.

In the rest of the paper we will refer to the following inference framework
that we called algorithmic inference elsewhere [9]. We consider a string of data
(possibly of infinite length) that we partition into a prefix we assume to be known
at present (and therefore call sample) and a suffix of unknown future data we call
a population. All these data share the feature of being observations of the same
phenomenon, which is exactly the object of our inference. In this framework
parameters concerning the population are random wvariables, since they concern
the unknown random suffix of an observed set of data. The basic inference tool is
a twisting between properties we establish on the sample and random properties,
such as the above parameter, we are questioning on about the population.

3 One-Player Game

Due to the game’s monotonicity, we can always represent the instance space as
a sequence of nested domains (Figured(a)): we call them y—not losing domains
(y-NL), each characterized by a level v of B strength. +-NL contains all the
instances on which Bob does not lose (not losing instances for short) with the
strength . We learn a suitable strength for B in both batch and on-line modality.

3.1 Batch Mode

We assume in this section that whenever Bob suffers a defeat, increases his
strength by one unit. In this case we determine the minimal number m of contests
B must play in order to achieve a confidence 1 — § that the losing probability
is less than or equal to . This number must satisfy the following inequality
polynomial in n,1/e,1/4, as stated in the following theorem [10]:

! By default capital letters will denote random variables and small letters their corre-
sponding realizations; the sets the realizations will be denoted by gothic letters.
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Theorem 1. Having a knapsack problem on at most n objects as competition
and using the Sahni approzimately solving algorithm B learns a strength vp
guaranteeing a losing probability less than or equal to ¢ with confidence 1 — §
after playing a number m of instances of the problem such that:

210 k. 5.5(n — 1)}
€ 1 €

(1)

1—¢ 1
log = < m < max

€ 1)
Proof. Let us assume that at the beginning of the game B strength equals 0 (for
simplicity’s sake) and that the result of our learning task is a strength vp induc-
ing a not-losing region h. This means that during the game vp losing instances
have been submitted to B. As an extreme case let us assume that all these in-
stances are inside h = S — h (actually, the true constraint is that the first losing

instance s must lie outside the 0-NL domain, the second outside the 1-NL do-
main, etc.). In this case the following implication holds:

(U <) = (Ke 2y8+1) (2)

where Uy, is the measure of h (a random measure according to the algorithmic
inference framework) and K. accounts the number of losing instances if the de-
feat’s probability would be equal to €.

Consider a nested sequence B of domains pivoted around h, i.e. each domain
in the sequence includes the previous ones and h is an element of the sequence.
In this respect relation (2) reads: “Given that the game ended with strength vg,
we acknowledge that Uy, is less than € because a domain B, of measure € exists
in B containing from the sample points both the above vp points and a further
one outside h witnessing the inclusion of h in B.”. Since having yp points all
inside h is less probable than the necessary condition of having the first losing
instance s outside the 0-NL domain, the second outside the 1-NL domain, etc.,
we can assume the probability of the rightmost event in (3) as a lower bound to
P (U, < €). Moreover, since we do not know what the learnt strength yp will be,
we further bound from below this probability by substituting v with its mazimum
value n — 1 in the above probability:

P({U; <e)>P(K.>n). (3)

K., as the number of points in a sample falling in a region of measure €, follows
a binomial distribution law, and thus by inverting inequality (3) we obtain the
upper bound in the claim on the number of contests needed to learn yp [11).

The lower bound comes strictly from the fact that at least one instance s must
lie in the first enlargement of h generated by our learning algorithm. Namely,
suppose that all contended losing instances fall inside yg-NL domain. At least
one however must fall outside (yp — 1)-NL domain, exactly the instance that
required the v increment. Thus at least one instance must fall in a NL domain
complement, e.g. of strength ., of measure € > uy,. Thus

(up, <€) = (ke 2 1) (4)
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and, inverting the corresponding probability inequalities, we obtain the lower
bound in the claim.

We note that the learning task computational complexity is polinomial too.

3.2 On-Line Mode

This modality consists in following the evolution of the game step by step. We
discover some histories exist such that the confidence interval we can compute
for Bob’s losing probability has the disappointing feature of increasing its width
as long as the game proceeds.

5
coomoolseme
Uk
DO OROO BO®
(a) (b)

Fig. 1. Partition of the instance space with respect to the strength values (a), and
equivalent game (b).

We will refer to an equivalent game. Having introduced the partial order
relation among the instances through the nested regions as in Figure [[la), we
can project all the space on the real line in such a way that the order relation
is preserved. In the equivalent game the sequence of instances is divided in two
regions by a cursor, as shown in the Figure[l(b): the right region contains all the
losing instances (gray balls) while the left all the not losing ones (white balls).

Each iteration of the game consists in these steps: an instance is drawn
(marked balls in the equivalent game), both players generate a solution and
Bob changes his strength depending on his strategy. As a first strategy we adopt
the strength updating of section [3.1] which corresponds to shifting the cursor
right by an unknown number of instances. To estimate Bob’s defeat probability
Uy, which is the measure of the losing region in the instance space, we have
to use two statistics: K, or the number of losing instances at run-time; and K,
or the number of instances which were losing when extracted and remain losing
even with the current level of strength. The monotonicity of the game guarantees
the validity of these two implications:

(U <e) = (K. <k) (5)

(K2 k) = (Wi <e) (6)
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where K is a random variable counting the number of losing instances at run-
time if the defeat’s probability would be equal to e, and K. corresponds to K
when the losing probability is equal to . Equation (H) comes from the fact that
if the number of losing instances at run-time increases, then the number of in-
crements in Bob’s strength cannot decrease. This means that the cursor position
cannot shift left and, finally, the losing probability cannot grow. Implication (@)
explains the fact that, for whatever strength, an expansion of the losing region
at the basis of an increase of the defeat probability enlarges or at least does not
diminish the set of sampled losing instances inside it.

The probabilistic companions of (&) and (B) give rise to the following bounds
for the cumulative distribution of the losing probability:

IE(%,m—EH)zp(Ukga)zFUk(g)zIE(EH,k—%) (7)

where Ig(h,r) = 1 — Y1 ("1 B(1 — B)*7=1 is the Incomplete Beta
function.

The upper bound derives directly from the second implication, while to com-
pute the lower bound we have to apply some results on order statistics theory
[12]. Namely, having ordered the losing instances according to the straight line
in Figure [[(a), we realize that the losing region after k updates is constituted
by the k rightmost equivalent blocks identified by the position of the instances
still remaining loser after these updates, plus at most one more block to man-
age the gap between the surely losing and surely not losing regions. We obtain
from equation (M) a 1 — ¢ confidence interval (I;, 1) for the losing probability Uy
depending on the number of iterations m and on the values of the two statistics
K and K, where [; is the §/2 quantile of the Beta distribution of parameters k
and m — k + 1, and I, is the analogous 1 — /2 quantile for parameters k+1 and
k — k. We can see this from the following equations:

I (E+1,k—-%):1—5/z, I (E,m—%ﬂ):m

The plot of these intervals with k& and k for fixed m in Figure Bla) shows an
indeterminacy phenomenon, which manifests in two aspects:

(i) for some game’s histories we cannot simultaneously obtain a low defeat
probability and a high accuracy in its estimation; some trajectories remain
trapped in the indeterminacy zone (corresponding to the central section of
the graph); they cannot reach the target region, at the extreme left of the
chart, characterized by a low defeat probability and a high accuracy in its
estimation; in this case

(ii) by increasing the number of iterations, the lower bound diminishes and the
confidence interval width grows.

However the two trajectories of game histories represented in Figure 2(a) show
that the spread of the confidence interval is needed to contain the losing proba-
bility.
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Fig. 2. 0.9 confidence regions for the losing probability with m = 20. The trajecto-
ries are obtained (a) updating Bob strength whenever he suffers a defeat, and (b)
implementing the strategy related to the virtual game.

Solving problems related to the indeterminacy phenomenon is intriguing: we
can either organize the available knowledge in a better way or introduce a team
game. Now we analyze the first method. We can see from the three-dimensional
graph that if we want to reach the target zone we have to establish a meaningful
difference between k and k; we obtain it playing two games simultaneously:
an effective game, where Bob uses the current strength to compute k; and a
dummy game, featuring a strength equal zero, which lets him accumulate k.
These statistics are the same as a virtual game which starting from zero, reaches
the actual value of Bob’ strength. Figure Bb) shows that with this game all the
trajectories reach the target zone in few steps.

4 Team Game

Now we move to a more complex game where we are interested not only in
the individual behavior of the players but also in the global losing probability
of one team versus another (each consisting in a fixed number v of players).
We will see that the introduction of a team game is a good antidote for the
indeterminacy phenomenon, as it exploits the synergy derived from the players’
mutual collaboration. The game is similar to the previous one: each player of
Bob’s team plays a single contest with his corresponding antagonist in Nature’s
team; and this happens simultaneously for all the players in each contest. While
Nature maintains her strength at a fixed level, Bob can modify his strength in
such a way that the total resources used in a given contest cannot exceed a fixed
team budget bp. Bob’s aim is not only to have a low losing probability, but also
to use the minimal amount of resources.

We have merged all the individual instance spaces in a global one and have
obtained the following confidence interval for the team losing probability (i.e.
probability that a player, uniformly extracted, will suffer a defeat in the next
contest) based on the statistics Sg = >.7_, k; and Sp = >_._, ki

I. (§B,my— §B + 1) >P(Us, <¢)= FUSB(E) > 1. (§B +1,55 — gB) (8)
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We must underline that, unlike the single statistics K and K , the sums Sp and
Sp follow no simple binomial distribution B(n, p), since we sum random variables
following binomial distribution laws with different values of the parameter p. The
use of the sum of these variables improves the accuracy of the confidence interval
because we can increase the value of the statistics.

Now the virtual game introduced in the previous section is extended. Each
competitor plays several games: an effective one and as many dummy games
as strength levels between 0 and ~ax, Where vymax is the strength of the most
powerful player in Bob’s team. Each player stores an outcome table (Table[I(a))
in which he notes down at different time steps the outcomes of all the games (1
in case of defeat and 0 otherwise) and a defeat table (Table b)) containing the
number of defeats suffered with different strengths.

Table 1. Outcome table for a game concerning a knapsack problem of 10 objects (a)
and associated Defeat table (b).

Step 1[2[3[4[5[6]7]8] [Step 1[2[3[4]5[6]7]8
Y =0 [1|1[I|0[I|1[i[1] [y =0 |1|2|3[3]4[5]6[7
y=1 [1|1I|0[I|1[i[1] [v =1 |1|2|3|3]4[5|6[7
Yy =2 [1[1[0[0[I[TI[0[1] [y =2 [1|2]2[2|3[4[4[5
Y =3 [1[1]0[0[0[1[0[1] [v =3 |1|2]2[2[2[3]3[4
Y =4 |0[1]0[0[0[TI[0[1] [y =4 [o[1[1[1]1[2|2|3
~ =5 |o|1]|ojo[o[I[0[0] [y =5  |o|L|1|1]1[2[2]2
¥ =6 __ |0]0]0|0[0[1[0[0] [y =6  |0[0]0[0]0[1]T|T
~ =5, |0]0[0[0[0[T[0[0] [y =75, [0[0[0[0[0[T[1[T
¥ =8 |0|0]0[0]0[0[0[0] [y =8 |0j0]0]0]0[0]0[0
¥ = Ymax|0]0]0[0]0[0[0[0] [7 = vmax|0]0]0]0]0[0]0[0
(a) (b)

With this information each player observes the statistics k and k for different
strength levels and estimates the losing probability in each situation. Generaliz-
ing this mechanism, we can compute the sums Sp and Sp for different admissible
strengths’ conﬁgumtionsﬁ estimating the corresponding team losing probability.
Thus we find another optimization problem to solve: among the sets of all con-
sidered configurations we have to choose the one minimizing the team losing
probability Uy. Due to the expensive computational cost of analyzing all config-
urations, we have suitably restricted this domain by introducing the notion of
neighborhood:

Definition 2. We call B] the neighborhood of © of radius r. It consists of the

set of at most (2r+1) strength integer values ranging from vyp, —r, to min{~yp, +
T, ’ymax} .

The aforementioned optimization problem has the following form:

'YE = aI:YgBIélBin {P’YB (Uk) : Sp = Zk’YBi’gB = 2%78142/731' < bB}
i=1 =1

- i=1
2 An admissible strengths’ configuration is a v-uple (v1,...,7.), where each ~; repre-
sents the strength employed by the i*® player in the contest and 3 v; < bg.
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where P, (Uy) represents the losing probability when the strength of the i‘h

player is vp,, ky, and %,mi are the statistics corresponding to the i*" player,
B=DB]x...xBland v = (vB,,.-.,7B,)- In order to ensure a high plasticity
in the modification of v,,., we have adopted some heuristics.

An open problem of this strategy is the optimality guarantee. In other words
we are not sure that the final configuration of resources is effectively the minimal
one guaranteeing a team losing probability at most equal to the fixed threshold
€. We may reformulate this problem as a new knapsack problem to be solved by a
hypothetical general whose constraint is the team budget and whose objects are
the redistribution of resources among the players. In order to solve his knapsack
problem the general needs a certain quantity of resources and uses a fraction
of the team budget bp (say bpp), so that the remaining part of the budget
(bp(1—p)) — distributed appropriately among the players — is optimal. This can
lead to a self referential problem, which could be overcome by the intervention
of a figure in a further level of the hierarchy.

Figure Blsummarizes simulation results, showing the behavior of losing prob-
ability uy (gray line) versus the number of iterations m, and the corresponding
confidence intervals (black lines). In the first graph of Figure Bla) Bob increases
the strength any time he suffers a defeat. Due to indeterminacy, we cannot obtain

Uk + Uk

(a) First strategy (b) Virtual game (c) Team game

Fig. 3. Simulations of game based on a knapsack problem with 12 objects related to
three different strategies. In the last game the teams are composed of 5 players. Light
grey — true value of the losing probability; black +— confidence region.

simultaneously a low defeat probability and a high accuracy in its estimation.
We obtain a better confidence interval in Figure [B(b), introducing the virtual
game. We note that the convergence rate is better, too. Finally in Figure [Bl(c)
we show the graph of team losing probability: we can see a fast convergence (we
obtain a losing probability not greater than ¢ = 0.2 in only 12 steps) and an
even better accuracy in the confidence intervals.

5 Conclusions

In this work we have introduced a new kind of stochastic game, characterized by
its high difficulty coming both from the complexity of the involved basic prob-
lems and from the high uncertainty of its boundary conditions. Using stringent
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logical statements that we reverse in probabilistic inequalities within algorithmic
inference we were able to solve it and to treat the uncertainty of the model; in
particular, we have discovered an indeterminacy phenomenon that we relieved
through a skill exploitation of available informations. This is obtained by intro-
ducing both a virtual game to enhance the effects of the current solution and a
team strategy to profitably accumulate the information gatered by each agent
within the team.
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Abstract. Real-world motion field patterns contain intrinsic statistic
properties that allow to define Gestalts as groups of pixels sharing the
same motion property. By checking the presence of such Gestalts in
optic flow fields we can make their interpretation more confident. We
propose a context-sensitive recurrent filter capable of evidencing motion
Gestalts corresponding to 1st-order elementary flow components (EFCs).
A Gestalt emerges from a noisy flow as a solution of an iterative process
of spatially interacting nodes that correlates the properties of the visual
context with that of a structural model of the Gestalt. By proper spec-
ification of the interconnection scheme, the approach can be straight-
forwardly extended to model any type of multimodal spatio-temporal
relationships (i.e., multimodal spatiotemporal context).

1 Introduction

Perception can be viewed as an inference process to gather properties of real-
world, or distal, stimuli (e.g., an object in space) given the observations of proz-
imal stimuli (e.g., the object’s retinal image). The distinction between proximal
stimulus and distal stimulus touches on something fundamental to sensory pro-
cesses and perception. The proximal stimulus, not the distal stimulus, actually
sets the receptors’ responses in motion. Considering the ill posedness of such
inverse problem, one should include a priori constraints to reduce the dimension
of the allowable solutions, or, in other terms, to reduce the uncertainty on visual
measures. These considerations apply both if one tackles the problem of per-
ceptual interpretation as a whole, and if one considers the confidence on single
feature measurements. FEach measure of an observable property of the stimulus
is indeed affected by an uncertainty that can be removed, or, better, reduced
by making use of context information. Early cognitive vision can be related to
that segment of perceptual vision that takes care of reducing the uncertainty
on visual measures by capturing coherent properties (Gestalts) over large, over-
lapping, retinal locations, a step that precedes the true understanding of the
scene.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 35-E2] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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In this perspective, we formulate a probabilistic, model-based approach to im-
age motion analysis, which capture, in each local neighborhood, coherent motion
properties to obtain context-based regularized patch motion estimation. Specif-
ically, given motion information represented by an optic flow field, we want to
recognize if a group of velocity vectors belongs to a specific pattern, on the basis
of their relationships in a spatial neighborhood. Casting the problem as a gen-
eralized Kalman filter (KF)[I], the detection occurs through a spatial recurrent
filter that checks the consistency between the spatial structural properties of the
input flow field pattern and a structural rule expressed by the process equation
of the KF. Due to its recurrent formulation, KF appears particularly promis-
ing to design context-sensitive filters (CSFs) that mimic recurrent cortical-like
interconnection architectures.

2 Kalman-Based Perceptual Inference

In general, KF represents a recursive solution to an inverse problem of determing
the distal stimulus based on the proximal stimulus, in case we assume: (1) a
stochastic version of the regularization theory involving Bayes’ rule, (2) Marko-
vianity, and (3) linearity and Gaussian normal densities. The first condition can
be motivated by the fact that the a priori contraints necessary to regularize the
solution can be described in probabilistic terms. Bayes’ rule allows the compu-
tation of the a posteriory probability as p(x|y) = p(y|x)p(x)/p(y), where p(x)
is the a priori probability densities for the distal stimulus and represents a pri-
ori knowledge about the visual scene; p(y|x) is the likelihood function for .
This function represents the transformation from the distal to proximal stim-
ulus and includes information about noise in the proximal stimulus. Finally,
p(y) is the probability of obtaining the proximal stimulus. The inverse problem
of determining the distal stimulus can be solved by finding & that maximizes
the a posteriori probability, p(z|y). Such & is called a maximum a posteriori
(MAP) estimator. Although the Bayesian framework is more general than the
standard regularization, there exist a relationship between the deterministic and
stochastic methods of solving inverse problems. Under the assumption of nor-
mal probability densities, maximizing the a posteriory probability p(x|y) is,
indeed, equivalent to minimizing the Tikhonov functional. The second concept,
the Markovianity, captures the step-by-step local nature of the interactions in
a cooperative system, and makes possible Kalman recursion, by allowing to ex-
press global properties of the state in terms of its local properties. Under these
hypotheses the conditional probability that the system is in a particular state at
any time is determined by the distribution of states at its immediately preced-
ing time. That is, the conditional distribution of that states of a system given
the present and past distributions depends only upon the present. Specifically,
considering the visual signal as a random field, the Markovianity hypothesis im-
plies that the joint probability distribution of that random field has associated
positive-definite, translational invariant conditional probabilities that are spa-
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tially Markovian (cf. Markov Random Fields). The third assumption represents
the necessary conditions to achieve the exact, analytical solution of the KF.

3 Local Motion Gestalts

Local spatial features around a given location of a flow field, can be of two types:
(1) the average flow velocity at that location, and (2) the structure of the local
variation in a the neighborhood of that locality [2]. The former relates to the
smoothness constraint or structural uniformity. The latter relates to linearity
constraint or structural gradients (linear deformations). Velocity gradients pro-
vide important cues about the 3-D layout of the visual scene. On a local scale,
velocity gradients caused by the motion of objects provide perception of their
3-D structure (structure from motion and motion segmentation), whereas, on
a global scale, they specify the observer’s position in the world, and his/her
heading.

Formally, first-order deformations can be described by a 2x 2 velocity gradient

tensor
T |TnTi| _ v, [Ox v, /Dy )
N T51 Too B (9113,/31‘ avy/ﬁy

Hence, if * = (z,y) is a point in a spatial image domain, the linear proper-
ties of a motion field v(x,y) = (vy,v,) around the point xy = (xo,yo) can be
characterized by a Taylor expansion, truncated at the first order:

v=o+Tz (2)

where ¥ = v(z0,Y0) = (U, 7y) and T = T|g,. By breaking down the tensor in
its dyadic components, the motion field can be locally described through 2-D
maps representing cardinal EFCs:
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where a” : (x,y) — (1,0), a¥ : (z,y) — (0,1) are pure translations and
d; : (v,y) = (2,0), dy @ (z,y) = (y,0), d : (x,y) = (0,2), dy : (z,y) —
(0,y) represent cardinal deformations, basis of the linear deformation space. In
this work, we consider two different classes of deformation templates (opponent
and non-opponent), each characterized by two gradient types (stretching and
shearing), see Fig.[Il. More complex local flow descriptors such as the divergence,
the curl and the two components of shear, can be straightforwardly obtained by

linear combination of such basic templates.

4 The Context Sensitive Filter

For each spatial position (4,7) and at time step k, let us assume the optic flow
0(1,7)[k] as the corrupted measure of the actual velocity field v(i, j)[k]. For
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Fig. 1. Basic gradient type Gestalts considered. In stretching-type components (a,c)
velocity varies along the direction of motion; in shearing-type components (b,d) velocity
gradient is oriented perpendicularly to the direction of motion. Non-opponent patterns
are obtained from the opponent ones by a linear combination of pure tranlations and
cardinal deformations: d;- + ma’, where m is a proper positive scalar constant.

the sake of notation, we drop the spatial indices (7,j) to indicate the vector
that represents the whole spatial distribution of a given variable. The difference
between these two variables can be represented as a noise term &(¢, j)[k]:

(k] = v[k] + e[k] - (4)

Due to the intrinsic noise of the nervous system, the neural representation of the
optic flow v[k] can be expressed by a measurement equation:

v[k] = k] + ny[k] = v[k] + e[k] + n1[k] (5)

where n represents the uncertainty associated with a neuron’s response. The
Gestalt is formalized through a process equation:

vlk] = ®[k, k — 1ok — 1]+ nafk — 1] + s . (6)

The state transition matrix ® is de facto a spatial interconnection matrix that
implements a specific Gestalt rule (i.e., a specific EFC); s is a constant driv-
ing input; mo represents the process uncertainty. The space spanned by the
observations v[1], v[2],..., v[k — 1] is denoted by Vj_; and represents the in-
ternal noisy representation of the optic flow. We assume that both n; and ns
are independent, zero-mean and normally distributed: nq[k] = N(0,A;) and
nalk] = N(0,As). More precisely, ® models space-invariant nearest-neighbor
interactions within a finite region (2 in the (i,7) plane that is bounded by a
piece-wise smooth contour. Interactions occur, separately for each component of
the velocity vectors (v, v,), through anisotropic interconnection schemes:

Ve sy (s D) K] = Wi Y00y (i, G — D[k — 1] + Vv, (0,5 + 1)k — 1] +
Wi gy (0= 1, 3) k= 1]+ wi Y, (0 4+ 1,5) [k — 1] +
Wi/ Yy, (i, ) [k — 1]+ 15 (6, §)[k — 1) + 547, (3, ) (7)
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Fig. 2. Basic lattice interconnection schemes for the linear deformation templates
considered. The boundary value A controls the gradient slope.

where (s, s,) is a steady additional control input, which models the boundary
conditions. In this way, the structural constraints necessary to model cardinal
deformations are embedded in the lattice interconnection scheme of the process
equation. The resulting lattice network has a structuring effect constrained by
the boundary conditions that yields to structural equilibrium configurations,
characterized by specific first-order EFCs. The resulting pattern depends on the
anisotropy of the interaction scheme and on the boundary conditions (see Fig. [2)).
Given Egs. () and (B), we may write the optimal filter for optic flow Gestalts.
The filter allows to detect, in noisy flows, intrinsic correlations, as those related
to EFCs, by checking, through spatial recurrent interactions, that the spatial
context of the observed velocities conform to the Gestalt rules, embedded in ®.

5 Results

To understand how the CSF works, we define the a priori state estimate at step
k given knowledge of the process at step k — 1, ©[k|Vx_1], and the a posteriori
state estimate at step k given the measurement at the step k, 9[k|V%]. The aim
of the CSF is to compute an a posteriori estimate by using an a priori estimate
and a weighted difference between the current and the predicted measurement:

D[k V] = 0[k|Vi-1] + G[E] (V[K] — V[k[V)-1]) (8)

The difference term in Eq. (B) is the innovation afk] that takes into account
the discrepancy between the current measurement v[k] and the predicted mea-
surement V[k|Vj_1]. The matrix G[k] is the Kalman gain that minimizes the a
posteriori error covariance:
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Fig. 3. Results on a driving sequence showing a road scene taken by a rear-view mirror
of a moving car under an overtaking situations: Gestalt detection in noisy flows and
the resulting motion segmentation (context information reduces the uncertainty on the
measured velocities). Each symbol indicates a kind of EFC and its size represents the
probability of the given EFC. The absence of symbols indicates that, for the considered
region, the reliability of the segmentation is below a given threshold.
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Fig. 4. Context-based patch motion estimation on a sequence showing a hand rotating
around its vertical axis. The outputs of the CSF's can be used for motion segmentation
evidencing segregation of different motions of each part of the hand: lighter grays
indicate leftward motion, whereas darker grays indicate rightward motion.
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K[k] = E {(v[k] — 8[k|Vi])(v[k] = 8[k[Vi])"} . 9)

Eqs. Bland [ represent the mean and covariance expressions of the CSF output.
The covariance matrix K [k] provides us only information about the proper-
ties of convergence of the KF and not whether it converges to the correct values.
Hence, we have to check the consistency between the innovation and the model
(i.e., between observed and predicted values) in statistical terms. A measure of
the reliability of the KF output is the Normalized Innovation Squared (N15S):

NIS), = o [k] 7 k] afk] (10)

where X' is the covariance of the innovation. It is possible to exploit Eq. (IQ) to
detect if the current observations are an instance of the model embedded in the
KF [3].

To assess the performances of the CSFs, we applied them to real world optic
flows. A “classical” algorithm [4] has been used to extract the optic flow. Reg-
ularized motion estimation has been performed on overlapping local regions of
the optic flow on the basis of twenty-four elementary flow components. In this
way, we can compute a dense distribution of the local Gestalt probabilities for
the overall optic flow. Thence, we obtain, according to the NIS criterion, the
most reliable (i.e. regularized) local velocity patterns, e.g., the patterns of local
Gestalts that characterize the sequence (see Figs. B and HJ).
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Abstract. The dynamical features of Random Boolean Networks (RBN) are ex-
amined, in the case where a scale-free distribution of outgoing connectivities is
introduced. RBN are known to display two major dynamical behaviours, de-
pending upon the value of some model parameters, In the “ordered” regime the
number of attractors is a growing polynomial function of the number of nodes
N, while in the “chaotic” regime the growth is exponential. We present here a
modification of the classical way of building a RBN, which maintains the prop-
erty that all the nodes have the same number of incoming links, but which gives
rise to a scale-free distribution of outgoing connectivities. Because of this modi-
fication, the dynamical properties are deeply modified: the number of attractors
is much smaller than in classical RBN, their length and the duration of the tran-
sients are shorter. Perhaps more surprising, the number of different attractors is
almost independent of the network size, over almost three order of magnitudes.
Besides pertaining to the study of the dynamics of nonlinear networks, these re-
sults may have interesting biological implications.

1 Introduction

In this paper we study the dynamics of random boolean networks, and we show that
the modification of some topological properties (in particular, the change from the
usual Poissonian distribution of outgoing connectivities to a scale-free one) deeply
affects the set of attractors and their basins of attraction.

Random boolean networks (RBN), which have been originally devised as models
of gene regulatory networks, share a number of interesting features with boolean
neural networks (like e.g. the well known Hopfield model) including massively paral-
lel information processing, computing with dynamical attractors and intriguing ro-
bustness properties. A synthetic discussion of the relationship between RBN and
neural models is presented in section 2.

In RBN, each node can either take the value 1 (active) or O (inactive); all the states
of the N nodes are synchronously updated at discrete time steps, and the value at time
t+1 is determined by a (constant) boolean function, associated to each node, of the
values at time t of k; other nodes [1].

If the state of node i depends upon that of node j, then there is a directed link from
j to i. There are therefore k.  incoming links for every node; the other terminal of each

link is chosen at random, with uniform probability, among the N-1 remaining genes.
This is the classical way of building the network, and it gives rise to a probability

distribution of outgoing links, p(k_ ), which is approximately Poissonian for large N.

For each node, the boolean function is chosen at random (with uniform probability)
among all the possible k-input boolean functions, or among properly chosen subsets.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 43-49, 2003.
© Springer-Verlag Berlin Heidelberg 2003
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The dynamics of RBN plays a very important role, and extensive studies have been
performed on the number of attractors and their robustness (for finite N, all the attrac-
tors are cycles, a fixed point being a cycle of period 1). A general finding is that, for
different parameter values, these networks may present either an “ordered” behaviour
or a “disordered” (also termed “chaotic”) one [1]. The border between ordered and

disordered states depends upon the number of incoming links k; , and the set of al-

lowed boolean functions; if all the boolean functions are allowed, for k, =2 the sys-
tem is in an ordered state, and for k, >2 in a disordered one. In both regimes the
number of attractors N, and the average period of the attractors T, are growing func-
tions of the network size; in the ordered regime, N, and T, grow slowly (according to

a power law) with N, while in the disordered regime they grow exponentially with N.

There is however growing evidence [2] that many natural and artificial networks,
including metabolic [3] [4] and protein [5] networks, as well as the Internet and the
World Wide Web [6][7], are endowed with a scale-free topology, where the nodes
may have different connectivities, with a power law probability distribution p(k)~k”.
Topology may affect the dynamical properties of the networks [8]: it has been shown
that oscillator synchronization is easier to achieve with scale-free networks with re-
spect to random networks [9], and that the attractors of boolean automata evolving
according to the majority rule are modified by changing the topology from regular to
random [10]. It has also been shown that the dynamical properties of boolean net-
works with a scale-free distribution of incoming links differ from those of RBN [11]
[12].

However, since most previous studies of RBN concern the case where k; is the
same for all the nodes, a proper comparison of scale-free vs. poissonian random net-
works could be better performed by fixing the value of k;  equal for all the nodes and

introducing a scale-free distribution of the outgoing links. We study therefore how the
dynamical properties of boolean networks are modified, with respect to RBN, if the
distribution of the outgoing connections is scale free, instead of Poissonian as is the
case in RBN.

In the model, which will be called here SFRBN (scale-free RBN), there are k;, in-

coming links for each node, exactly like in the original RBN, but the distribution of
the other terminals is scale-free. The boolean function for each node is chosen at ran-
dom, as in RBN. The constraint that k, be the same for each node allows a careful

comparison with the RBN model, the only difference between RBN and SFRBN
being the probability distribution of outgoing links.

In section 3 we present the algorithm for generating SFRBN, while in section 4 we
describe the dynamical behaviour of these networks in the case where k; =2. In sec-

tion 5 these results are discussed and indications for further work are provided.

2 Random Booelan Networks and Neural Networks

Boolean descriptions, where a node can take either the value 1 (usually associated to
“firing”) or 0 (“quiescent”), have been widely used as models of neurons, starting
from the pioneering work of McCulloch and Pitts [13] and including the much studied
Hopfield model [14], which played a major role in the renewal of interest in neural
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network research in the 80’s [15]. Most models of boolean neurons are of the thresh-
old type, where the node takes value 1 (at time t+1) if the weighted sum of inputs (at
time t) is higher than a threshold and 0 otherwise

A different updating rule is used in random boolean networks, where the new state
of a node is computed as a boolean function of its inputs. In spite of this difference,
for any finite RBN it is possible to build an equivalent neural network and, con-
versely, for any booelan neural network it is possible to build an equivalent RBN.
Here two networks are considered as equivalent if it is possible to find two subnet-
works, one from each parent network, and a 1-1 correspondence among the nodes
belonging to these subnetworks, such that all the pairs of corresponding nodes always
take the same value.

The demonstration that it is possible to build a neural network equivalent to a given
RBN is a straightforward consequence of the well known fact that it is possible to
build a boolean neural network which realizes an arbitrary finite logical function of its
inputs. The reverse (i.e. that, given a neural network, it is always possible to build an
equivalent RBN), stems from the trivial observation that, for any threshold function
with fixed weights, it is always possible to define a boolean function which, for any
combination of its inputs, takes exactly the same value as the threshold function.

RBN have been used mostly as models of genetic regulatory networks, with fixed
input weights. However, learning algorithms have also been proposed and it has bee
shown that it is possible to achieve learning by examples in these networks: in par-
ticular, a RBN has been trained to perform arithmetic operations, by modifying the
connection topology and the boolean functions, using a simulated annealing optimiza-
tion method [16]. Boolean networks have also been evolved to play against each other
an imitation game [1]. It should however be recalled that RBN have not been as effec-
tive as neural nets in learning and generalization.

For reasons which are largely due to the original biological inspiration, i.e. ge-
nomic regulatory networks, the empahsis of research in RBN has been mainly con-
cerned with the study of their dynamical properties, and in particular of the way how
the number and length of attractor cycles are affected by changing the system parame-
ters.

3 Scale-Free Random Boolean Networks

A network with a scale-free distribution of outgoing connectivities can be built using
an algorithm similar to the one introduced by Barabasi and Albert for undirected net-
works [17]: we start with k;  initial nodes, without any interconnecting link. Then, one
at a time, we add a new node with exactly k, incoming links from the already existing

ones. The node which is connected to the new one is chosen among those which al-
ready belong to the network with a probability which is proportional to the "conven-
tional" degree of outgoing connectivity of that node (which is equal to the degree of
outgoing connectivity k , if k >0, and is equal to 1 if k_ =0; this peculiar choice is
necessary to avoid that a node which has 0 outgoing links at the time of its creation
will never be connected). Multiple links from node j to node i are prohibited. The
procedure is iterated until there are N nodes in the network. In the end, each of the
initial k;  nodes, which have so far no incoming link, receives k; incoming links from

out’ out

other nodes chosen at random, without preferential attachment.
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We considered networks with different number of genes N ranging between 50 and
20000, and verified that the distribution of outgoing connectivities follows a power
law (see fig.1) whose exponent ranges between —1.5 for N=50 and -2 for N=20000.
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Fig. 1. Distribution of typical outgoing connectivities (shown with logarithmic binning) of the
network obtained with the modified Barabasi-Albert procedure presented in the text: (a) a
network with N=50; (b) a network with N=20000. On the x-axis, number of outgoing links; on
the y-axis, normalized frequency. A best fit of the power law exponent yields respectively the

values y=-1.52 and y=-2.04.

4 The Dynamics of SFRBN

We performed a series of simulations of the SFRBN model, for the value k;, =2 which

has been extensively studied in RBN. In this case, it has been shown in several papers
that the number of attractors is a growing function of the number N of nodes. In sev-
eral simulations a polynomial dependency has been observed (i.e. the number of at-
tractors scales as N): earlier simulations indicated a small exponent a=1/2, while
more recent work indicates a linear dependency [18] [19]. According to Bastolla and
Parisi [20], in the case of large systems close to the critical zone, there are two differ-
ent scales, one increasing as N'” and another one “for rare but not vanishingly rare
networks” increasing as an exponential of N. Therefore, the typical scale of the num-
ber and of the length of the attractors increase faster than N'”. Our own data (not
shown), in the range of values considered, are consistent with an approximately linear
(or slightly superlinear) growth with N.

The behaviour is very different in the case of SFRBN, as it is shown in fig. 2. The
most interesting observations are that i) the number of attractors in SFRBN is much
smaller than that of the corresponding RBN, ii) the number of attractors is almost
independent of the network size N (for values of N between 50 and 20000, iii) the
average period of attractor cycles is considerably smaller in SFRBN than in RBN and
iv) the duration of transients is also much shorter in the scale-free case (the duration
of transients grows very slowly with the network size N).
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Fig. 2. Average values of the number of attractors (upper left), attractor cycle length (upper
right), fraction of non-oscillating nodes (lower left) and transient duration (lower right) as a
function of the number of nodes N of the network. The results are obtained averaging 50 net-
works for each point, each network tested with 200 initial conditions; the error bars correspond
to one standard deviation.

5 Comments and Conclusions

The data of fig.2 refer to simulations with 200 different initial conditions per network,
which is certainly a very strong undersampling of the set of initial conditions. Under-
sampling is unavoidable in simulations of such large networks (there are 2% =10"
different initial conditions for a network with 50 genes, and 2***=10""" for a network
with 20000 genes) so, in order to test the robustness of our results, we checked the
value of the number of attractors using 2000 different initial conditions per network,
for values of N up to 5000, and we found no significant difference with respect to
those of fig.2. We also performed simulations with 20000 different initial conditions
of networks with N=3000, and we again found no significant difference. These results
strongly support the conclusion that the small number of attractors, and its independ-
ence from the number of nodes, are true properties of SFRBN and are not artifacts
due to undersampling of the set of initial conditions.

Note that the shortening of asymptotic cycles cannot be attributed to a growth of
the set of non oscillating nodes: the average number of nodes which never change
state in a single network is indeed slightly larger in the case of RBN (data not shown).
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The fact that a scale-free boolean network seems "more ordered" than the correspond-
ing RBN has been noticed also by Fox and Hill [12], although with a different model.

It has been shown here that, in the case where the number of incoming connections
is equal for every node, the change in the topology of the outgoing connections suf-
fices to cause profound modifications in the phase portrait of the system: the number
of attractors is much smaller, and is almost independent of the network size. More-
over, the period of asymptotic cycles and the duration of transients are also shorter
than in RBN. Further investigations should be performed to confirm these findings for
different values of k. It should be interesting to analyze also the effects of the intro-

duction of a cutoff in the maximum number of allowed links per node, and to assess
the role of scale-free topology of ingoing links. Despite these limitations, this work
already provides a clear indication concerning the existence of a mechanism poten-
tially able to control the behavior of a growing and sparsely interconnected system.

As far as the biological interpretation is concerned, one should observe that the
present results demonstrate that the scaling laws concerning the dependence of the
number of attractors from the number of nodes of the network, which has been ob-
served and discussed by Kauffman [1], is not robust with respect to the topological
changes which have been investigated here.

It would be interesting to assess these scaling properties in the case where both in-
coming and outgoing connections are scale-free (thus removing the somewhat unnatu-
ral constraint of equal k;  for every node) and to compare the results with the case of
purely random graphs (where, for any pair of nodes A and B, there is a fixed probabil-
ity of drawing a link from node A to node B, and from node B to node A, independent
from all the other existing links). The issue whether real genetic networks are closer
to the scale-free or to the random graph model remains open, at the present level of
our knowledge of real genetic control circuits.
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Abstract. The general problem of reconstructing an unknown function
from a finite collection of samples is considered, in case the position of
each input vector in the training set is not fixed beforehand, but is part
of the learning process. In particular, the consistency of the Empirical
Risk Minimization (ERM) principle is analyzed, when the points in the
input space are generated by employing a purely deterministic algorithm
(deterministic learning). When the output generation is not subject to
noise, classical number-theoretic results, involving discrepancy and vari-
ation, allow to establish a sufficient condition for the consistency of the
ERM principle. In addition, the adoption of low-discrepancy sequences
permits to achieve a learning rate of O(1/L), being L the size of the
training set. An extension to the noisy case is discussed.

1 Introduction

Neural networks are recognized to be universal approximators, i.e., structures
that can approximate arbitrarily well general classes of functions [1I[2].

Once the set of neural networks for the approximation of a given unknown
function is chosen, the problem of estimating the best network inside such set
(i.e., the network that is “closer” to the true function) from the available data
(the training set) can be effectively analyzed in the context of Statistical Learning
Theory (SLT).

Consistency of classical Empirical Risk Minimization (ERM) method is guar-
anteed by proper theorems [3], whose hypotheses generally include that the sam-
ples are generated by i.i.d. realizations of a random variable having an unknown
density p.

When the target function f represents a relation between an input space X
and an output space Y, like in classification and regression problems, training
samples are formed by input-output pairs (z;,y;), for I = 0,...,L — 1 where
x; € X and y; is a possibly noisy evaluation of f(z;). If the location of the input
patterns x; is not fixed beforehand, but is part of the learning process, the term
active learning or query learning is used in the literature.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 53-60] 2003.
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Most existing active learning methods use an optimization procedure for the
generation of the input sample x;,1 on the basis of the information contained
in previous training points [4], which possibly leads to a heavy computational
burden. In addition, some strong assumptions on the observation noise y — f(x)
(typically, noise with normal density [5]) or on the class of learning models are
introduced.

In the present paper a deterministic learning framework is discussed, which
ensures consistency for the worst-case error under very general conditions. In
particular, the observation noise can be described by any probability distribu-
tion, provided that it does not depend on x and its mean is zero, and the true
function and the model can have any form (it is sufficient that they satisfy mild
regularity conditions).

Number theoretic results on integral approximation can be employed to ob-
tain upper bounds for the generalization error, which depends on the size of the
training set. In the case where the output is unaffected by noise, the correspond-
ing learning rates can be almost linear, which are better than those obtained
with the passive learning approach [3]. Furthermore, they are intrinsically de-
terministic and do not imply a confidence level.

In case of noisy output, the consistency of the method can still be proven,
though the stochastic nature of the noise spoils the advantages of a deterministic
design, thus resulting in a final quadratic rate of convergence of the estimation
error (which, however, is not worse than classical SLT bounds [3]).

Since the generation of samples for learning and the entire training process
is intrinsically deterministic, the formal approach introduced in this paper will
be named deterministic learning to distinguish it from the widely accepted sta-
tistical learning.

2 The Deterministic Learning Problem

Inside a family of neural networks I' = {w(z,a) ta€ANC ]Rk} we want to
estimate the device (i.e., the parameter vector ) that best approximates a given
functional dependence of the form y = g(z), where z € X C R and y € Y C R,
starting from a set of samples (¥, y%*) € (X% x Y'L). Suppose that the output
for a given input is observed without noise; the extension to the “noisy” case is
discussed in Section bl

In the following we will assume that X is the d-dimensional semi-closed unit
cube [0,1)?. Suitable transformations can be employed in order to extend the
results to other intervals of R or more complex input spaces.

A proper deterministic algorithm will be considered to generate the sample
of points x € XE xl = {x¢,...,21_1}; since its behavior is fixed a priori, the
obtained sequence z” is uniquely determined and is not the realization of some
random variable.

The goodness of the approximation is evaluated at any point of X by a loss
function € : (Y xY) — R that measures the difference between the function g
and the output of the network. The risk functional R(«), which measures the
difference between the true function and the model over X, is defined as
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Then, the estimation problem can be stated as

Problem E
Find a* € A such that R(a*) = minge 4 R(w)

The choice of the Lebesgue measure in ([} for evaluating the estimation
performance is not a limitation: in fact, under mild hypotheses, the consistency
of learning for the risk computed with the Lebesgue measure implies consistency
also for the risk computed with any other measure which is absolutely continuous
with respect to the uniform one [6].

Since we know g only in correspondance of the points of the sequence x”,
according to classical SLT literature, we consider the minimization of R on the
basis of the empirical risk given L observation samples

L—-1

Remp(a, 1) = 7 3 L 01, )

=0

In order to obtain a minimum point for the actual risk R(«), we adopt an
optimization algorithm /7y, aimed at finding R?,,,(L) = mingea Remp(a, L). ar,
is the parameter vector obtained after L samples have been extracted and the
minimization has been performed.

r(ag) will denote the difference between the actual value of the risk and the

best achievable risk: r(ar) = R(ar) — R(a*).

Definition 1 We say that the learning procedure is deterministically consistent
if r(ar) = 0 as L — oo.

The next theorem gives sufficient conditions for a sequence z* to be determin-
istically consistent. It can be viewed as the corresponding result in deterministic
learning of the key theorem [3] for classical SLT. The proof can be found in [6].

Theorem 1 Suppose the following two conditions are verified:

L

1. The deterministic sequence x* is such that

sup |Remp(a, L) — R(a)] = 0 as L — oo. (2)
acA

2. The learning algorithm I}, is deterministically convergent, i.e., for all € >
0 and all L, it is possible to obtain Remp(ar, L) — RY,,,(L) < € after a
“sufficient” training.

Then the learning procedure is deterministically consistent (i.e., r(ap) — 0
as L — o0).
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3 Discrepancy-Based Learning Rates

Since we are using the Lebesgue measure, which corresponds to a uniform dis-
tribution, to weight the loss function on the input space X, we must ensure a
good spread of the points of the deterministic sequence z* over X.

A measure of the spread of points of z is given by the star discrepancy,
widely employed in numerical analysis [7] and probability [8].

Consider a multisample 2” € X. If cp is the characteristic function of a
subset B C X (i.e, cp(z) = 1 if # € B, cp(z) = 0 otherwise), we define

C(B,z") = Y17 ela).

Definition 2 If § is the family of all closed subintervals of X of the form
H?:l [0,b;], the star discrepancy D3 (z%) is defined as

B L
DZ(xL):sup 70( 27

up | S - \(B) 3)

where X indicates the Lebesgue measure.

The smaller is the star discrepancy, the more uniformly distributed is the
sequence of points in the space.

By employing the Koksma-Hlawka inequality [9], it is possible to prove that
the rate of (uniform) convergence of the empirical risk to the true risk is closely
related to the rate of convergence of the star discrepancy of z”.

In particular, it is possible to prove [6] that

sup |Remp(a, L) — R(e)] < VDL (2") (4)

where V' is a bound on the variation in the sense of Hardy and Krause [10]
of the loss function. Such parameter, which takes into account the regularity of
the involved functions, plays the role that VC-dimension has in SLT literature.
Tt is interesting to note that the structure of (@) permits to deal separately with
the issues of model complexity and sample complexity.

3.1 Low-Discrepancy Sequences

Since the rate of convergence of the learning procedure can be controlled by the
rate of convergence of the star discrepancy of the sequence x¥, in this section
we present a special family of deterministic sequences which turns out to yield
an almost linear convergence of the estimation error. Such sequences are usually
referred to as low-discrepancy sequences, and are commonly employed in quasi-
random (or quasi-Montecarlo) integration methods (see [7] for a survey).

An elementary interval in base b (where b > 2 is an integer) is a subinterval
E of X of the form F = H?Zl[aib_m, (a; + 1)b7Pi), where a;,p; € Z, p; > 0,
0<a; <bPi forl1<i<d.
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Definition 3 Let t,m be two integers verifying 0 < t < m. A (t,m,d)-net in
base b is a set P of b™ points in X such that C(E; P) = bt for every elementary
interval E in base b with \(E) = bt~™.

If the multisample 2” is a (¢, m, d)-net in base b, every elementary interval in
which we divide X must contain b® points of 2¥. It is clear that this is a property
of good “uniform spread” for our multisample in X.

Definition 4 Let t > 0 be an integer. A sequence {xq,...,x_1} of points in
X is a (t,d)-sequence in base b if, for all integers k > 0 and m > t (with
(k+1)b™ < L—1), the point set consisting of {xkbm, . ,m(k+1)b‘m} is a (t,m,d)-
net in base b.

Explicit non-asympthotic bounds for the star discrepancy of a (¢, d)-sequence
in base b can be given. For what concerns the asymptotic behaviour, special
optimized sequences can be obtained that yield a convergence rate for D} (1)
of order O ((log L)*~!/L)

Consequently, for what concerns the learning problem, by employing (¢, d)-
sequences we obtain

V(log L)?—!
sup (0, 1) = Rla) < 0 (FEEE) (5)

If we compare the bound in (&) with classic results from SLT [3], we can see
that, for a fixed dimension d, the use of deterministic low-discrepancy sequences
permits a faster asymptotic convergence. Specifically, if we ignore logarithmic
factors, we have a rate of O (1/L) for a (T(v,d),d)-sequence, and a rate of
O (1/L'?) for a random extraction of points.

4 Experimental Results

In order to present experimental results on the use of low-discrepancy sequences,
three different test functions taken from [IT] have been considered and approxi-
mated by means of neural networks of the form of one hidden-layer feedforward
networks with sigmoidal activation function.

For each function, low-discrepancy sequences (LDS) and training sets formed
by i.i.d. samples randomly extracted with uniform probability (URS) have been
compared. The LDS are based on Niederreiter sequences with different prime
power bases, which benefit from the almost linear convergence property described
in Subsection [3:1]

The empirical risk Rey,p, computed by using a quadratic loss function, has
been minimized up to the same level of accuracy for each function.

The generalization error has been estimated by computing the square Root
of the Mean Square error (RMS) over a set of points obtained by a uniform
discretization of the components of the input space.
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Function 1) (Highly oscillatory behavior)
g(x) =sin(a-b), where a = e?*1sn(m@4) p — 2rz-sin(ras) 4 € [0, 1],

Six training sets with length L = 3000, three of which random and three
based on Niederreiter’s low-discrepancy sequences, have been used to build a
neural network with v = 50 hidden units. In order to construct a learning curve
which shows the improvement achieved by increasing the number of training
samples, the results obtained with subsets containing L = 500, 1000, 1500, 2000
and 2500 points of the basic sequences are also presented.

Table [l contains the average RMS for the two kinds of sequences, computed
over a fixed uniform grid of 15* = 50625 points.

Table 1. Function 1: Average RMS for random and low-discrepancy sequences.

Training Sample size L
Set 500 [ 1000 [ 1500 [ 2000 [ 2500 [ 3000
URS {|0.366|0.302]0.256|0.235|0.220|0.199
LDS |[0.323(0.291|0.251|0.228(0.209(0.193

Function 2) (Multiplicative)

g(x)=4(z1 — 1) (za— 1) sin (27n/(x§ + xg)) , xelo1*

For this function, the same network with ¥ = 50 hidden units and the same
input vectors contained in the 36 training sets used for function 1 were employed.
Table Blcontains the average RMS (in 103 units) for the different sequences,
computed over the same uniform grid of 15* = 50625 points used for function 1.

Table 2. Function 2: Average RMS for random and low-discrepancy sequences.

Training Sample size L
Set || 500 [1000] 15002000 ] 2500] 3000
URS {/0.657|0.493|0.271|0.213(0.179|0.157
LDS /0.402|0.336(0.221|0.157{0.136|0.124

Function 3) (Additive)
g(z) = 10sin(mrzq22) 4 20 (25 — %)2 + 1024 + 5z5 + 26, 2 € [0,1]°
36 new training sets with L = 3000 points were employed for this six-

dimensional function. Again, 18 of them are based on a random extraction with
uniform probability and the others 18 are based on low-discrepancy sequences.
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For each set, the same network with » = 40 hidden units was trained by minimiz-
ing the empirical risk The RMS are computed over a uniform grid of 65 = 46656
points.

Table [J contains the average values of the RMS (in 10~2 units) for the two
kinds of sampling.

Table 3. Function 3: Average RMS for random and low-discrepancy sequences.

Training Sample size L
Set 500 [ 1000 [ 1500 [ 2000 [ 2500 [ 3000
URS {|0.140{0.108|0.093|0.087|0.086|0.083
LDS /0.130(0.112(0.088(0.080(0.077(0.073

5 Comments

About the Variation. In order for the bound in () to hold, the loss function
£ must satisfy suitable regularity conditions. In particular, its variation in the
sense of Hardy and Krause must be finite. It can be shown [6] that this implies
finiteness of the variation for each element of the family of neural networks I”
and the unknown function g.

In general, computing the variation of a function can be a very difficult task
[10]. However, in case of “well-behaved” functions (having continuous deriva-
tives), the computation of upper bounds for the variation can be much simpler.
For this reason, it is possible to prove [6] that commonly used neural networks,
such as feedforward neural networks and radial basis functions, satisfy the re-
quired regularity conditions.

Consistency in Case of Noisy Output. Suppose that the value of the output
y, for a given input z, is affected by a random noise e € E C R: y = g(z) + €.
Then, a random term ¢; is given in correspondance of any sample input ;.

We make the hypotheses that (i) the vectors ¢ are ii.d. according to a
probability measure P. with density p. and have zero mean; (ii) the vectors
¢, are independent from z; for I = 1,..., L; (iii) the loss function ¢ is quadratic
(a typical choice in regression problems).

In this case, it can be shown [6] that the consistency of the learning algorithm
is preserved. Anyway, the presence of the noise spoils the linear rate of estimation
for the “deterministic” part of the output, resulting in a global quadratic rate
of convergence (which is not worse than classic SLT rates). This is reasonable,
since we can expect to fully exploit the advantageous properties of the quasi-
random approach in a purely deterministic context. Nevertheless, if the output
error is small, we can also expect that, for a finite number L of samples, the
corresponding term in the estimation error is negligible.



60

Cristiano Cervellera and Marco Muselli

Experimental Evidence. The experimental results obtained for the three
test functions, each having different behavior and complexity, show that LDS
outperform URS. In fact, in all the cases but one (function 3, L = 1000) the
average RMS given by LDS are smaller. Finally, the better performance of the
LDS with respect to URS becomes more evident when the size L increases, thus
confirming the good asymptotic properties of this particular kind of deterministic
sequences.
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Abstract. Evolutionary algorithms perform optimization using the information
derived from a population of sample solution points. Recent developments in
this field regard optimization as the evolutionary process of an explicit, prob-
abilistic model of the search space. The algorithms derived on the basis of this
new philosophy maintain every feature of the classic evolutionary algorithms,
but are able to overcome some drawbacks. In this paper an evolutionary multi-
objective optimization tool based on an estimation of distribution algorithm is
proposed. It uses the ranking method of non-dominated sorting genetic algo-
rithm-II and the Parzen estimator to approximate the probability density of solu-
tions lying on the Pareto front. The proposed algorithm has been applied to dif-
ferent types of test case problems and results show good performance of the
overall optimization procedure in terms of the number of function evaluations.

1 Introduction

The extensive use of evolutionary algorithms in the last decade demonstrated that an
optimization process can be obtained by combining effects of interactive operators
such as selection - whose task is mainly to identify the best individuals in the current
population - and crossover and mutation, which try to generate new and better solu-
tions starting from the selected ones. But, if the mimicking of natural evolution in
living species has been a source of inspiration of new strategies, the attempt to copy
natural techniques as they are sometimes introduces a great complexity without a
corresponding improvement of algorithms performance. Moreover standard evolu-
tionary algorithms can be ineffective when problems exhibit a high level of interac-
tion among variables. This is mainly due to the fact that recombination operators are
likely to disrupt promising sub-structures of optimal solutions.

Alternatively, in order to make a rational use of the evolutionary metaphor and/or
to create optimization tools that are able to handle very hard problems (with several
parameters, with difficulties in linkage learning, deceptive), some algorithms have
been proposed that automatically learn the structure of the search space. Following
this way, several works, based on explicit probabilistic-statistic tools, have been car-
ried out.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 61-69, 2003.
© Springer-Verlag Berlin Heidelberg 2003
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Generally, these methods, starting from results of current populations, try to iden-
tify a probabilistic model of the search space, and crossover and mutation operators
are replaced with sampling. Those methods have been named Estimation of Distribu-
tion Algorithms (EDAs).

Most EDAs have been developed to manage optimization processes for mono-
objective, combinatorial problems, but several works regarding problems in continu-
ous domains have been proposed.

We can distinguish three types of EDAs depending on the way the probabilistic
model is built: a) without dependences among variables [1]; with bivariate depend-
ences among variables [2]; ¢) with multivariate dependences ([3], [4]).

Recently, EDAs handling multi-objective optimizations have been proposed. Ref-
erences [5] and [6] respectively extend the mono-objective version in [4] and [3].
They describe the algorithms and present some results when applied to well known
test problems.

In this paper we propose a multi-objective optimization algorithm for continuous
problems that uses the Parzen method to build a probabilistic representation of Pareto
solutions, with multivariate dependences among variables.

Similarly to what was done in [6] for multi-objective Bayesian Optimization Algo-
rithm (BOA), the already known and implemented techniques of Non Dominated
Sorting Genetic Algorithm I (NSGA-II) [7] are used to classify promising solutions,
while new individuals are obtained by sampling from the Parzen model.

The Parzen method, as introduced in the next section, can appear analogous to the
normal kernel method described and used in [4]. Actually, the two methods are differ-
ent and, even if both put kernels on each sampled point, our method uses classical
Parzen dictates to set terms of the covariance matrix (non-diagonal) of kernels in
order to directly approximate the joint Probability Density Function (PDF).

A brief introduction on the general problem of building probabilistic models is fol-
lowed by a description of the main characteristics of the Parzen method. In section 3
the structure of the algorithm and the practical implementation are discussed; results
of application to test cases are detailed. A final section of concluding remarks summa-
rizes the present work and indicates future developments.

2 Parzen Method

When dealing with continuous-valued random variables, most statistical inferences
rely on the estimation of PDFs and/or associated functionals from a finite-sized sam-
ple. Whenever something is known in advance about the PDF to be estimated, it is
worth exploiting that knowledge as much as we can in order to shape a special-
purpose estimator. In fact any additional information we are able to implement in the
estimator as a built-in feature is equivalent to some effective increase in the sample
size. Otherwise stated, in so doing we improve the estimator's efficiency.

In the statistician's wildest dream some prime principles emerge and dictate that the
true PDF must belong to a certain parametric family of model PDFs. This restricts the
set of admissible solutions to a finite-dimensional space, and cuts the problem down
to the identification of the parameters thereby introduced. In fact parametric estima-
tion is so appealing that few popular families of model PDFs are applied almost eve-
rywhere even in lack of any guiding principle, and often little effort is made to check
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their actual faithfulness. On the other hand, a serious check has to rely on composite
hypothesis tests that are like to be computationally very expensive.

While designing an EDA for general-purpose multi-objective optimization there is
really no hint on how the true PDF should look like. For instance, that PDF could well
have several modes, whereas most popular models are uni-modal. The possible occur-
rence of multiple modes is usually handled through mixtures of uni-modal kernel
PDFs. Since the "correct" number of kernels is not known in advance, the size of the
mixture is optimized (e.g. by data clustering) just like any other parameter: that is, the
weight and the inner parameters of each kernel.

The usage of mixtures does however not alleviate us from worrying about faithful-
ness. Otherwise stated, the choice of the parametric family the kernels belong to still
matters. In fact the overall number of parameters (and therefore the number of ker-
nels) must grow sub-linearly with the sample size n, or else the variance of the result-
ing estimator would not vanish everywhere as n—oo, thus precluding ubiquitous con-
verge to the true PDF in the mean square sense. But if that condition is met, then even
a single "wrong" kernel can spoil convergence wherever it injects some bias. This is
nothing but another form of the well-known bias-variance dilemma.

The Parzen method [8] pursues a non-parametric approach to kernel density esti-
mation. It gives rise to an estimator that converges everywhere to the true PDF in the
mean square sense. Should the true PDF be uniformly continuous, the Parzen estima-
tor can also be made uniformly consistent. In short, the method allocates exactly n
identical kernels, each one "centered" on a different element of the sample. In contrast
with parametric mixtures, here no experimental evidence is spent to identify parame-
ters. This is the reason why the presence of so many kernels does not inflate the as-
ymptotic variance of the estimator. As a consequence, the detailed shape of the ker-
nels is irrelevant, and the faithfulness problem is successfully circumvented. Of
course some restrictions are in order: here is a brief explanation.

Let z be a real-valued random variable. Let p°(-):R—%R {0} be the associated
PDF. Let D ={z,,...z,} be a collection of n independent replicas of z. The empirical
estimator p(-) of p’(-) based on D, is defined as follows:

Vze R ,s,f(z):%ia(z-zi). )

The estimator just defined is unbiased everywhere but it converges nowhere to p(-)
in the mean square sense because Va"lﬁf (Z)J:oo irrespective of both n and z. This

last result is not surprising, since the Dirac's delta is not squared integrable.
The Parzen estimator p* () of p’(-) based on D, is obtained by convolving the em-

pirical estimator with some squared integrable kernel PDF g (-):

n

as(N_ [ae(n ]l (z=x), 1&HT [z-z ) 2
veed B0 [peba[ S etk [55) @

—oo n n n

The kernel acts as a low-pass filter whose "bandwidth" is regulated by the scale
factor h e R,. It exerts a "smoothing" action that lowers the sensitivity of pS(z) w.r.t.

D, so as to make Varlﬁj (Z)J< oo Vze R. Thus for any given sample size the larger is
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the scale factor, the smaller is the variance of the estimator. But the converse is also

true: since p?(z) is nothing but a mean, then for any given scale factor the larger is

the sample size, the smaller is the variance of the estimator (indeed it is inversely
proportional to the sample size). Both statements are in fact special cases of the fol-
lowing property:
VzeR limnh, == limVar|p?(z)|=0 - 3)
On the other hand, the same smoothing action produces an unwanted "blurring" ef-
fect that limits the resolution of the approximation. Intuitively the scale factor should
therefore vanish as n—eo in order to let the estimator closely follow finer and finer
details of the true PDF. Also this last remark finds a precise mathematical rendering
in the following property:
VzeR limh =0=limE[p’(z)|=p*(z) - )
To summarize, the conflicting constraints dictated by the bias-variance dilemma
can still be jointly satisfied by letting the scale factor decrease slowly enough as the
sample size grows. The resulting estimator converges everywhere to the true PDF in
the mean square sense irrespective of the kernel employed, provided that it is squared
integrable.
The above results were later extended to the multi-variate case by Cacoullos [9].

3 Parzen EDA

The main idea of the work is the use of the Parzen method to build a probabilistic
model and to sample from the estimated PDF in order to obtain new promising solu-
tions. A detailed description of the Multi-Objective Parzen EDa (MOPED algorithm)
follows, and some results are presented in order to show capabilities and potentialities
of the algorithm.

Moreover, an extensive use of the Parzen method could lead to simplify the overall
optimization procedure towards a parameter-less tool. As a first step in this direction,
at the end of section we introduce a different spreading technique for solutions in the
Pareto front.

3.1 General Algorithm

As summarized in figure 1, the general optimization procedure can be described as

follows:

1. Starting: N, , individuals are sampled from a uniform m-dimensional PDF.

2. Classification & Fitness evaluation: by using NSGA-II techniques [7], individuals
of current population are ranked and ordered in terms of dominance criterion and
crowding distance in the objective function. A fitness value, linearly varying from
2-¢ (best individual) to « (worst individual), with 0 < < 1, is assigned to each in-
dividual.
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3. Building model & sampling: on the basis of information given by N, , individuals,
by means of the Parzen method a probabilistic model of promising search space
portion is built. For generic processes can be useful adopting different kernels al-
ternatively from a generation to the other in order to obtain an effective explora-
tion. In this work Gauss and Cauchy distributions are used. Actually, these types of
kernel, for their intrinsic characteristics, are complementary and results will show
that the use of only one of them could be inefficient for some problems.

From the probabilistic model so determined, 7 N, , new individuals are sampled.

Fitness values are used to calculate variance of kernels (the fitness values are re-

lated to the scale factors introduced in section 2) and to favor sampling from most

important kernels.

4. Evaluation: New 7 N, , individuals are evaluated in terms of objective functions.

5. Classification & Fitness evaluation: following NSGA-II criteria, individuals of
intermediate population, of which dimension is (/+7) N, are ordered. A fitness
value, linearly varying from 2-¢ (best individual) to « (worst individual), with
0 < a < 1, is assigned to each individual.

6. New population: best N, , individuals are selected to be next generation.

7. EXIT or NEXT ITER: if convergence criteria are achieved the algorithm stops,
otherwise it restarts from point 3.

The algorithm presented above demonstrated satisfactory performance in solving
several test cases, when performance is measured in terms of objective function
evaluations to obtain a good approximation of the Pareto front. Some results will be
shown in the next paragraph.

The still open question is finding an efficient convergence criterion that could be
adopted for a generic optimization. That is finding a convergence criterion that guar-
anties an optimal approximation of Pareto front (efficacy) and requires a number of
objective function evaluations as low as possible (efficiency).

Following results show that neither the maximum generation number nor all of the
individuals in first class are without gaps. The former because of an extremely low
efficiency if a too high maximum number of generations is used, the latter because of
premature convergence on a local, non-optimal, front.

Consequently, the maximum generation number is always used. An upper limit for
iteration is imposed as suggested from literature results, even if this kind of stopping
criterion makes the algorithm inefficient.

3.2 Test Cases Results

In order to have some ideas regarding effectiveness and efficiency of the method, the
proposed algorithm has been applied to some well-known test problems taken from
literature [10].

For all of test cases 10 independent runs have been performed and results in terms
of number of function evaluations are given as average values.

As said in the previous description of the algorithm, in absence of an effective and
efficient criterion a maximum number generation criterion has been adopted. In order
to allow comparison with obtained results in literature, our results are presented in
terms of effective number of iteration, or better, in terms of number of functions
evaluations required to obtain the approximation of the optimal front as well.
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Fig. 1. General structure of the algorithm

All tests have been run with the same values of the following parameters: a) the
number of individuals (N, , = 100), the sampling parameter (7= 2), and the fitness
parameter (= 0.2).

In figure 2 one of the fronts obtained for the MOP4 problem is shown in the upper
left corner. The other three parts of the figure represent the marginal bivariate PDFs
of variables when normal kernels are used. The triple structure of the approximated
front can be identified from every marginal PDF, even if for this run it is more evident
in the x, - x, PDF.

For this problem a maximum number of iterations is set equal to 55 (11,100 func-
tion evaluations), but still in this case in order to have a stable configuration of the
solutions a less number of iterations is needed, which is 44.9 (9,090 function evalua-
tions).

Problems EC4 and EC6 are more complex and a presentation of relative results al-
lows a deeper discussion of advantages and gaps of the proposed algorithm.

EC6 is presented as a problem that tests the ability of algorithms to spread solu-
tions on the whole front. MOPED demonstrates to be able to cover the entire optimal
range, even if most of runs produce one or two sub-optimal solutions on the left part
of the Pareto front (figure 3.a shows one of the fronts). What happens is similar to the
results of the Strength Pareto Evolutionary Algorithm (SPEA) when applied to the
same problem as reported in [7].

For both EC4 and EC6 we know that achievement of optimal front corresponds to
g(x)=1. Therefore, for these problems we adopted the following exit criterion: when
the g(x) value averaged on the whole population is < 1.01, this allows to have an error
less that 1%.
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Fig. 2. MOP4 problem. In the left upper corner non-dominated solutions in the objective plain
are shown. The other three parts of the figure show the marginal bivariate PDFs of problem’s
variables when normal kernels are used
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Fig. 3. a) Obtained non-dominated solutions on EC6 problem. Most of obtained fronts display
some sub-optimal solutions. - b) Obtained non-dominated solutions on EC4 problem

For EC6 problem we imposed 15,000 maximum function evaluations, but the con-
vergence criterion related to g(x) function has been reached after approximately 8,300
evaluations.

Problem EC4 is the hardest in terms of number of function evaluations needed to
reach the true optimal front. Because of the form of the functions to optimize, process
tends to get stuck on sub-optimal fronts.
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Fig. 4. General trend of g(x) function for EC4 problem. On the left the trend during the whole
process is shown. On the right side, last part of the process allows a deeper comprehension of
difficulties in terms of function evaluation to jump from a local front to a better one

Results demonstrate that the optimal solution (figure 3.b shows one of the fronts)
can be obtained after 153,710 function evaluations, with a minimum value of 66,100
in one of the ten runs, and a maximum of 244,100 , when the upper limit of function
evaluations is set to 300,000.

From figure 4, which shows a general trend of g(x) function, it is possible to see
how the process goes on. Ranges with null slope mean a transitorily convergence on a
local Pareto-optimal front. In order to allow some comparison we monitored the g(x)
function and it reaches the value of 3 after 40,862 objective function evaluations.

4 Conclusions

Here we have presented a new estimation of distribution algorithm that is able to
manage multi-objective problems following Pareto criterion. The algorithm uses the
Parzen method in order to create a non-parametric, model-independent probabilistic
representation of promising solutions in the search space. Results obtained when the
algorithm is applied to well-known test cases show good performance of the optimi-
zation process in terms of the number of objective function evaluations and in the
spreading of solutions on the whole front.

Contrary to previous works, in this paper we do not attempt to identify a condition-
ally independent structure in the genome. We know that this may increase the effi-
ciency of the Parzen estimator. It is our intention to address this important point in the
future along a frequentist approach with minor changes in the underlying philosophy.
In fact the hypothesis testing inherent in the frequentist approach allows the user to
impose a known error of the first kind.
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Abstract. The graded possibilistic clustering paradigm includes as the
two extreme cases the “probabilistic” assumption and the “possibilistic”
assumption adopted by many clustering algorithms. We propose an im-
plementation of a graded possibilistic clustering algorithm based on an
interval equality constraint enforcing both the normality condition and
the required graded possibilistic condition. Experimental results high-
light the different properties attainable through appropriate implemen-
tation of a suitable graded possibilistic model.

1 Introduction

In the clustering problem setting, on the basis of a finite set of unlabeled samples

X ={xx| k =1,...,n} , we must estimate the cluster centers (or prototypes)
Y ={y;|j =1,...,c¢}, and the matrix of the memberships of samples to clusters
U= [Ujk].

Many clustering algorithms, such as C-Means (CM) [3], Fuzzy C-Means
(FCM) [2], and Deterministic Annealing (DA) [91], follow a probabilistic ap-
proach, according to which the sum of the membership values of a point to all the
clusters must be equal to one, i.e., the “probabilistic constraint” Z;:l ujrp = 1.
In this paradigm, each membership is therefore formally equivalent to the prob-
ability that an experimental outcome coincides with one of ¢ mutually exclusive
events.

In [56], Krishnapuram and Keller showed the limits of the probabilistic ap-
proach to clustering and proposed a possibilistic approach to it. Their approach
assumes the membership function of a point in a fuzzy set (or cluster) is absolute,
i.e. it is an evaluation of a degree of typicality not depending on the membership
values of the same point in other clusters.

Krishnapuram and Keller [5J6] presented two version of a Possibilistic C-
Means algorithm (PCM) that relax the probabilistic constraint, in order to allow
a possibilistic interpretation of the membership function as a degree of typicality.
In PCM, the elements of U fulfill the following conditions:

ujk €[0,1] ¥V j, k; (1)
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O<Zujk<an; (2)
k=1
max ujr >0 V k. (3)
j

Then, the possibilistic approach implies that each membership is formally
equivalent to the probability that an experimental outcome coincides with one
of ¢ mutually independent events. This is due to the complete absence of a
constraint on the set of membership values (1) = 0).

Note that, due to lack of competitiveness among clusters, clustering algo-
rithms based on the possibilistic approach, need of an initial distribution of pro-
totypes in the feature space and the estimation of some parameters, that can be
obtained using a probabilistic clustering methods. E.g., in [3lJ6], a Fuzzy C-Means
initialization has been applied, while Masulli and Schenone [§] used a prototypes
initialization based on the Capture Effect Neural Network (CENN) [4].

However, it is possible (and in practice it is frequent) that pairs of events
are not mutually independent, but are not completely mutually exclusive either.
Instead, events can provide partial information about other events. Of course,
this is a problem-dependent situation and accounting for it may or may not be
appropriate.

An interesting case of partial information, in the context of the present re-
search, is the concept of graded possibility. The standard possibilistic approach
to clustering implies that all membership values are independent. In contrast,
the graded possibilistic model assumes that, when one of the ¢ membership val-
ues is fixed, the other ¢ — 1 values are constrained into a subset of the interval
[0, 1].

Clearly, this situation includes the possibilistic model, and also encompasses
the standard (“probabilistic”) approach.

An example of such graded possibility is given by a glass and by the fuzzy
concepts of “full” and “empty”. If the glass is full or almost full, its member-
ship to the concept “empty” should clearly be around zero, and similarly for the
empty or almost empty case. However, if the glass is half filled, it is much more
difficult to assess the membership in the concept “empty” with similar confi-
dence. The profile of the membership functions in this case should be decided
according to further considerations.

In short, in these intermediate cases the membership function should not be
constrained by the cost function, but should be arbitrary to a certain degree.

2 Modeling Graded Possibility

A class of constraints ¢(U) = 0, which includes the probabilistic and the possi-
bilistic cases, can be expressed by the following unified formulation:

YU = up — 1, (4)
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where [£] is an interval variable representing an arbitrary real number included
in the range [&,£]. This interval equality should be interpreted as follows: there
must exist a scalar exponent &* € [&,£] such that the equality 1) = 0 holds.

This constraint enforces both the normality condition and the required prob-
abilistic or possibilistic constraints; in addition, for nontrivial finite intervals [£],
it implements the required graded possibilistic condition.

The constraint presented above can be implemented in various ways. A par-
ticular implementation is as follows: the extrema of the interval are written as a
function of a running parameter «, where

g=a  E—2

(5)
and
a €10,1] (6)
This formulation includes as the two extreme cases:

— The “probabilistic” assumption:

g=01=1

c
D uje =1
j=1

— The “possibilistic” assumption:
a=0

[§] = [0, 00]
POITESTD St
j=1 j=1

The latter case can be better understood as the limit of the process of bringing
a — 0. The interval exponent [¢] expands, so that the actual value can be any
arbitrary number between « and 1/«. Therefore, each equation containing an
interval is equivalent to a set of two inequalities:

C c
g >1 Sl <.
j=1 j=1

This is graphically depicted in Figure [l where the bounds of the feasible
regions are plotted, for ¢ = 2, for values of o which decrease in the direction of
the arrows.

In the first limit case, the feasible values for u;;, must lie on a one-dimensional
set (a line segment). In the second limit case, the feasible values for uj; are in
the unity square, a two-dimensional set. In intermediate cases, the feasible values
are on two-dimensional sets which however do not fill the whole square, but are
limited to an eye-shaped area around the line segment.
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Fig. 1. Bounds of the feasible region for u;j for different values of a (decreasing from
1 to 0 along the direction of the arrows)

3 The Graded Possibilistic Clustering Algorithm

In Tab [0 we depict an elementary example of the graded possibilistic clustering
algorithm, based on the application of the ideas in the previous section. Note
that, the stopping criterion can be selected as usual in C-Means clustering family
of algorithms, e.g,, when after the iteration no centroids move more than an
assigned threshold.

The proposed example is an application of the ideas in the previous sec-
tion. However, it is possible to apply many variations to this algorithm, so that
appropriate properties can be obtained.

For the proposed algorithm implementations, the free membership function
has been selected as in the DA and PCM-II algorithms:

vy = e~k /Bi, (7)

The generalized partition function can be defined as follows:

Zr =Y _vf (8)
j=1

where:
k=1/a if > =1 v%a > 1
K=a if Do v <1
k=1 else.

These definitions ensure that, for a = 1, the algorithm reduces to standard
DA, whereas in the limit case for a = 0, the algorithm is equivalent to PCM-II.
Note that in the implementation of the algorithm in Tab [I] the variation of «
from 1 to 0 allows to obtain a probabilistic initialization of prototypes and a
following refinement in a possibilistic sense.
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Table 1. Basic Graded possibilistic clustering algorithm

select c
select alphastep € R
select stopping criterion (see text)
randomly initialize y;
for =1 down to 0 by alphastep do
begin
compute v, using (@
compute Z; using (@D
compute Ujk = Vjr/Zk
if stopping criterion satisfied then stop
else compute the centroids y;

end

The required value for the 3; can be assessed from previous experiments,
possibly in an independent way for each cluster (as done in PCM), or gradually
lowered in an iterated application of the algorithm (as done in DA).

4 Experimental Analysis

In [7] we report some results aimed to highlighting the properties attainable
through appropriate implementation of a suitable graded possibilistic model.
The showed results demonstrated that:

1. the proposed implementation of the graded possibilistic model (Tab. [)) is
able to correctly model the membership functions of data point without need
of long experimental work, as necessary with the PCM, and

2. a very high outliers rejection is attainable, by setting the upper extremum
of [£] to 1 and the lower extremum to .

In this section we illustrate a case of a-priori knowledge usage. We propose
an experimental demonstration where we make use of a suitable value for a to
improve the results with respect to the extreme cases (probabilistic and pure
possibilistic). In this case the optimum value is inferred from the results but
not used (for lack of a test set); in real applications it can be estimated on the
training set prior to use on new data.

We show sample results from the following unsupervised classification exper-
iment. First, the graded possibilistic clustering procedure was applied to the Iris
data set. Only one cluster center per class was used (¢ = 3). Then the cluster
memberships were “defuzzified” by setting the maximum to 1 and the other two
to 0. Subsequently, the hard memberships were used to associate class labels to
each cluster (by majority). Finally, the classification error was evaluated. The
classification error percentages as a function of « are shown in Figure
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35

Fig. 2. Error percentage plot for the unsupervised Iris classification

Although these are only a sample of the results, which may have been different
in other runs, the profile of the graph was qualitatively almost constant in all
trials. The best classification performance with ¢ = 3 was 7.3% error, which
means 11 mistaken points.

In all experiments this value was obtained for intermediate values of o, be-
tween 0.3 and 0.7. In other words, the graded possibilistic model was able to
catch the true distributions of data better than either the probabilistic or the
possibilistic approaches. The pure possibilistic case gave rise (as in the results
presented in the figure) to a percentage of cases with overlapping cluster centers,
in accordance with previous experimental observations [6].

The error levels can be categorized into three classes. The first is around
the optimum (11 or 12 or occasionally 13 wrong classifications). The second,
sometimes observed in the pure possibilistic case, is the case of overlapping
clusters, with about 33% error rate. The third, above 10%, is typical of the
probabilistic case, where competition among clusters does not allows optimal
placement of the cluster centers.

5 Conclusions

The concept of graded possibility applied to clustering, which has been presented
in this paper, is a flexible tool for knowledge representation. By tuning the
level of possibility it is possible to represent overlapped clusters, as in standard
possibilistic clustering, with the added capability to adapt the level of overlap to
the problem at hand. This results in interesting rejection capabilities and in an
adaptable trade-off between the mode-seeking and the partitioning behaviors of
its two special cases — possibilistic and standard (probabilistic) fuzzy clustering.

Our current activities involve the application of this flexible behavior in the
areas of Web content analysis, document data mining, DNA microarray data
analysis. Deeper theoretical investigations are planned as well.
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Abstract. Time series prediction can be considered as a function ap-
proximation problem whose inputs are determined by using past samples
of the sequence to be predicted. ANFIS networks are neural models par-
ticularly suited to the solution of such problems, which usually require a
data driven estimation technique. In this context, clustering procedures
represent a straightforward approach to the synthesis of ANFIS networks.
A novel use of clustering, working in the joint input-output data space,
is proposed in the paper. It is intended to improve the ANFIS approxi-
mation accuracy by directly estimating the hyperplanes associated with
the consequent parts of Sugeno first-order rules. Simulation tests and
comparisons with other prediction techniques are discussed to validate
the proposed synthesis approach. In particular, we consider the predic-
tion of environmental data sequences, which are often characterized by
a chaotic behaviour.

1 Introduction

The prediction of future values of real-world data sequences is often manda-
tory to the cost-effective management of available resources. Consequently, many
worldwide research activities are intended to improve the accuracy of well-known
prediction models. Among them, an important role can be played by Adaptive
Neuro-Fuzzy Inference Systems (ANFIS) [1]. In fact, as it will be pointed out in
the paper, such computational models can be used as predictors by means of a
suitable transformation of the prediction problem into a function approximation
one.

An ANFIS network performs the approximation of an unknown mapping
y = f(z), f: RN - IR, by implementing a fuzzy inference system constituted
by M rules of Sugeno first-order type. The k-th rule, £ = 1... M, has the form:

N
If q is B%k), ..., and xy is B](\]f) then y®) = Za;k)xj + a(()k) , (1)
j=1

where z = [a:l T - -a:N] is the input pattern and y(k) is the output associated
with the rule. The antecedent part of the rule is characterized by the membership
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functions (MF's) /,LB(_k)(LBj) of the fuzzy input variables B(k) j = 1...N; the

consequent part is characterized by the coefficients a( ) ,7=0. N, of the crisp

output y*¥). Several alternatives are possible for choosmg the fuzziﬁcation type
of crisp inputs, the composition of input MFs, and the way rule outputs are
combined [I]. By using the commonly adopted options in this regard, the overall
ANFIS output will be obtained by the following approximation model:

M

E (k>
M
E B(k)

S
||
~—
>

where ¥ is the estimated output of the actual value y = f(x), and pgm (z) is
the overall input MF of the k-th rule, which can be obtained either by a direct
estimation procedure or by the composition of the corresponding input MFs, i.e.
ung)(xj)u j=1...N.

JWhen dealing with data driven estimation procedures, the mapping y = f(x)
is known by means of numerical examples, i.e. by a training set of P input-
output pairs {z;,y;}, ¢ = 1... P. In this case, a useful approach to the synthesis
of ANFIS networks is based on clustering the training set. Different types of
clustering approaches can be used in this regard [2J3]. For instance, clustering
in the joint input-output space can overcome some drawbacks pertaining most
of traditional approaches, where clustering is used only to determine the rule
antecedents in the input space [4].

We present in Sect. 2 an ANFIS synthesis procedure that is based on the joint
input-output space approach. Firstly, we determine the coefficients of the Sugeno
rule consequent by using a suitable clustering procedure. Then, we use a fuzzy
classifier in order to determine the fuzzy variables of Sugeno rule antecedents.
Fuzzy Min-Max classifiers represent a valid solution in this regard, because of
their computational effectiveness [5]. In particular, the use of Min-Max classifiers
based on adaptive resolution mechanisms [6] will be adopted.

The generalization capability of an ANFIS network can be satisfactory, pro-
vided that its architecture consists of a suitable number of rules. This is a crucial
problem since, in general, neuro-fuzzy networks can be easily overfitted in case
of noisy or ill-conditioned data. In order to determine automatically the opti-
mal number of rules, we also suggest in Sect. 2 an optimisation of the proposed
synthesis procedure based on well-known concepts of learning theory.

As previously mentioned, the use of ANFIS networks can result very effec-
tive also in several prediction problems. In fact, the latter can be considered
as function approximation problems whose inputs are suitably determined by
using past samples of the sequence to be predicted. We illustrate in Sect. 3 a
standard technique, which is particularly suited to the prediction of real-world
data sequences that often manifest chaotic behaviours.
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The validity of the proposed ANFIS synthesis procedure is ascertained in
Sect. 4, where several benchmark results, obtained by using environmental data
sequences, are presented.

2 The Hyperplane Clustering Synthesis Procedure

The use of clustering in ANFIS synthesis reduces the redundancy in the data
space(s), allowing the determination of significant rules directly from the clusters
that have been discovered in the available data set. Each rule corresponds to a
structured set of points in these spaces. Three different types of data spaces can
be used for clustering: input, output, and joint input-output [3/4].

Traditional techniques, either based on input or output space, critically de-
pend on the regularity properties of the mapping to be approximated. In fact,
such techniques implicitly assume that close points in the input space (belonging
to the same rule) are mapped into close points in the output space. Unfortu-
nately, this not a usual situation, especially in forecasting real-world data se-
quences where mappings to be approximated might present several irregularities
and sharp behaviours.

2.1 Hyperplane Clustering in the Joint Input-Output Space

In order to overcome the problems of the previous approaches, we illustrate in
the following the use of a clustering strategy based on a joint input-output space
H]. Such a clustering procedure is oriented to the direct determination of the
structure of the unknown mapping f(z). Namely, the ANFIS architecture can be
considered as a piecewise linear regression model, where f(z) is approximated
by a suitable set of M hyperplanes, each related to an input-output cluster.
Therefore, the prototype of the k-th cluster, K = 1... M, in the joint input-
output space will be represented by the coefficients a§k), j = 0...N, which
determine the linear consequent of the corresponding k-th rule. We propose an
alternating optimisation technique, i.e. a C-Means clustering in the ‘hyperplane
space’, in order to determine such prototypes:

e Initialisation. Given a value of M, the coefficients of each hyperplane are
initialised by following a suitable criterion. In this case, we choose a simple
random initialisation of them. Successively, each pair {z,,y;},i=1... P, of
the training set is assigned to the hyperplane A4, 1 < g < M, based on the
procedure discussed in Step 2.

e Step 1. The coeflicients of each hyperplane are updated by using the pairs
assigned to it (either in the successive step 2 or in initialisation). For the
k-th hyperplane, k = 1... M, a set of linear equations has to be solved:

N
Y = Z a§k)$tj + aék) , (3)
j=1

where index ‘t’ spans all pairs assigned to the k-th hyperplane. Any least-
squares technique can be used to solve the previous set of linear equations.
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e Step 2. Each pair {z,,y;} of the training set is assigned to the updated
hyperplane A4, with g such that:

N
e (S )

j=1

= min

e; =
‘ k=1...M

N
Yi— (Zaék)% +a(()k)>| - (4)

j=1

e Stop criterion. If the overall error defined by

1L
=1
has converged then stop, else go to step 1.

2.2 Determination of the Antecedent Part
of Sugeno Fuzzy Rules

The previous procedure only yields the linear consequent of Sugeno rules. How-
ever, the set of patterns associated with a hyperplane may overlap in the input
space with the set of patterns associated with a different hyperplane. This means
that each hyperplane may correspond to several clusters in the input space, i.e.
to well separated sets of input patterns z, associated with it. Consequently, the
determination of the input MF's is not straightforward. This problem can be
solved by considering a suitable classification problem, where each pattern is
labelled with an integer ¢, 1 < ¢ < M, representing the hyperplane to which it
has been previously assigned. Any fuzzy classification algorithm can be used in
this regard. The use of the Adaptive Resolution Classifier (ARC), belonging to
the class of well-known Simpons’s Min-Max models, is herein proposed.

Min-Max classification technique was proposed by Simpson in [5]; it consists
in covering the patterns of the training set with hyperboxes (HBs). It is possible
to establish size and position of each HB by two extreme points: the ‘Min’
and ‘Max’ vertices. The hyperbox can be considered as a crisp frame on which
different types of membership functions can be adapted. In the following, we will
adopt the original Simpson’s membership function, in which the slope outside
the hyperbox is established by the value of a fuzziness parameter v. We will use
in the following the default value v = 1.

As shown in [6], ARC technique outperforms the original Min-Max algorithm,
and some optimised versions of it, both in the generalization capability and in the
training time. Moreover, Simpson’s classifiers trained by ARC are independent
of the pattern presentation order. Therefore, on the basis of these results, we will
adopt the ARC algorithm in order to find the input MF's of the ANFIS network.

As previously stated, several HBs of the ARC classifier can be associated with
the same hyperplane (rule) determined by the hyperplane clustering. In this case,
the overall input MF ppe)(z), k = 1... M, of each rule can be determined on
the basis of the composition operators usually adopted for fuzzy Min-Max neural
networks [5]. For instance, if Hl(q), HQ(q),. . Hl(aq) are the HBs associated with
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the class label g, and ,ui‘n(g), ng) (),..., ,ugg) (z) the corresponding MF's, then

we will have:

o (@) = max {p? (@), 1" (@), ..., (@)} (6)

The combination of both the hyperplane clustering and the ARC Min-Max
classification in the input space, for a given value of M, allows the determina-
tion of the ANFIS network. This procedure will be denoted in the following as
Hyperplane Clustering Synthesis (HCS) algorithm.

2.3 Structural Optimisation of ANFIS Networks

The HCS algorithm, and the resulting ANFIS network, depends upon a given
value of M. The optimal value of M, yielding the best performing network in
terms of generalization capability (i.e. lowest error on a test set), should be
accomplished during training without any knowledge about the test set. We
proposed in [4] a constructive technique, denoted as Optimised HCS (OHCS),
which is the most general optimisation technique that can be pursued in this
context. The value of M is progressively increased and several ANFIS networks
are generated, by using the HCS algorithm, in correspondence to any value of M.
In fact, HCS uses a random initialisation of the hyperplanes coefficients, hence
different initialisations can yield different networks for the same value of M.
Successively, the optimal value of M is chosen by relying on basic concepts
of learning theory [7], i.e. by finding the minimum value of the following cost

functional: ( )
E M» AO - Emzn M
Ema;v - Emzn N A? ’ (7)

F(M,A,) = (1-))

where F(M, A,) is the training set performance (i.e. the approximation error on
the training set) obtained for a given M and for a given initialisation A,; Emin
and FE,,.; are, respectively, the minimum and maximum value of F, obtained
during the investigation of the different M and A, ; X is a weight in the range
[0,1]. This weight is not critical since the results are slightly affected by the
variation of it in a large interval centred in 0.5.

3 The Function Approximation Approach
to Time Series Prediction

Due to the actual importance of prediction, the technical literature is plenty of
proposed methods for implementing a predictor, especially in the field of neural
networks [8]. The general approach to solve a prediction problem is based on the
solution of a suitable function approximation problem. Let us consider a general
predictor, which is used to predict a sampled sequence S(t) and is obtained as
the solution of a function approximation problem y = f(z), f : RY — IR. For
example, the simplest approach is based on linear models: each input vector z,
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is constituted by N consecutive samples of S(¢) and the target output y; is the
sample to be predicted at distance m; i.e.

z, = [S(t) S(t—l)---S(t—N+1)], ye = S(t+m),

flzn(xt Z)\xt] = St—l—m Z)\St_]+ )’ (8)

j=1

where S(t +m) denotes the estimate of the actual value S(t + m).

Usually, the way to determine the input vectors z,, based on past samples
of S(t), is called ‘embedding technique’. The function fi;,(+), i.e. the coefficients
Aj, 3 =1...N, can be determined in this case by relying on global statistical
properties of the sequence S(t), i.e. on its autocorrelation function.

Real-world data sequences often posses a chaotic behaviour that is typical for
almost all real-world systems. The performance of a predictor depends on how
accurate it models the unknown context delivering the sequence to be predicted.
Unfortunately, when dealing with chaotic sequences, the previous linear predictor
would hardly fail since it is based on a linear approximation model and on trivial
embedding technique. Consequently, more care should be taken on choosing both
the approximation model and the embedding parameters [9].

In the case of a chaotic sequence S(t), the latter can be considered as the
output of a chaotic system that is observable only through S(t). Consequently,
the sequence S(t) should be embedded in order to reconstruct the state-space
evolution of this system, where f(-) is the function that approximates the rela-
tionship between the reconstructed state (i.e. x;) and its corresponding output
(i.e. the value y; to be predicted) [I0]. Because of the intrinsic non-linearity and
non-stationarity of a chaotic system, f(-) should be a non-linear function, which
can be determined only by using data driven techniques.

The usual embedding technique, which is useful for chaotic sequences, is
based on the determination of both the embedding dimension D of the recon-
structed state-space attractor and the time lag T between the embedded past
samples of S(t); i.e.:

z, = [S(t) S(t—T) S(t—2T)--- S(t— (D —1)T)]. (9)

Both the values of D and T will be determined in the following by applying the
methods suggested in [I0]. In particular, D will be obtained by using the False
Nearest Neighbours (FNN) method, whereas T will be obtained by using the
Average Mutual Information (AMI) method.

From the above discussion, it is evident how the implementation of a pre-
dictor will coincide with the data driven determination of a non-linear function
approximation model. For this purpose, we propose in this paper the use of AN-
FIS networks trained by the OHCS algorithm. In fact, we will prove in the next
section how the robustness of fuzzy logic, together with the structural regular-
ization of the OHCS procedure, provides to ANFIS networks the accuracy and
the flexibility in solving those prediction problems where the mappings to be
approximated are often characterized by very irregular behaviours.
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4 Illustrative Tests

The prediction performances of ANFIS networks, resulting from the proposed
OHCS procedure, have been carefully investigated by the several simulation tests
we carried out in this regard. Two different predictors are also considered: the
linear predictor introduced in (§) and determined by a standard least-squares
technique; another ANFIS predictor, whose network is generated in this case by
applying the ‘subtractive clustering’ method for rule extraction [11] and then a
least-squares method together with the back-propagation gradient [I].

All the previous computational models are trained on the first 2000 samples
of the time series. These samples are also applied to both the AMI and FNN
methods, in order to compute the embedding dimension and the time lag. The
OHCS procedure is run from M =1 to M = 200, i.e. about 10% of the training
set cardinality. This value is considered as the maximum complexity allowed to
the network. Ten different initialisations are carried out for each value of M.
The performances of the resulting predictors are tested on the successive 600
samples of the sequence (slight changes may occur in these numbers because of
the different embedding quantities used for each sequence). The performance is
measured by the Normalized Mean Squared Error (NMSE) defined as the ratio
between the mean squared prediction error and the variance of the sequence to
be predicted.

We illustrate in the following the results concerning well-known chaotic pre-
diction benchmarks as the ‘Tkeda’, ‘Henon’ and ‘Mackey-Glass’ time series. Fur-
thermore, we consider three environmental data sequences, which have been
obtained from the observation of some pollution indicators of the downtown of
Rome (Italy) and are characterized by a chaotic behaviour. The first two se-
quences are relevant to the level of Ozone (in pug) and of acoustic noise (in Db),
both obtained by using a sampling rate of 5 minutes. The third sequence is the
level of the electric power consumption in (MW); its values are obtained by using
a sampling rate of 1 hour. The results are summarized in Tab. 1: the first three
columns indicate, respectively, the time lag (T'), the embedding dimension (D),
and the number of ANFIS rules (M) determined by the OHCS procedure; the
successive three columns show the NMSE of the test set, obtained by using the
predictors under investigation.

Table 1. Prediction results (NMSE) on chaotic benchmarks and real data sequences

Test T D M OHCS Linear ANFIS

Tkeda 5 3 10 7.01-107' 1.50-10° 7.28.107!
Henon 17 1 11 7.65-1072 2.30-10° 7.80-1072
Mackey-Glass 11 3 15 298-1073 1.32-1072 3.24-103
Ozone 3 5 16 1.72-107% 243-107! 2.19.10!

Acoustic noise 4 14 9 3.47-107' 4.39-107' 3.04-107!
Electric load 7 5 13 9.93.107% 4.95-107%2 3.45.1072
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5 Conclusions

In this paper, we propose the use of ANFIS networks to solve prediction problems
in connection with well-known techniques used for chaotic system modelling. The
ANFIS training algorithm is based on the HCS procedure, which uses a joint
input-output data clustering and a fuzzy Min-Max classification on the input
data space. Successively, the ANFIS network is determined by using the OHCS
optimisation procedure, so that the optimal number of rules, and therefore the
best generalization capability of the network, is automatically achieved.

As evidenced by the prediction performances on real-world data sequences,
the OHCS procedure is particularly suited to critical forecasting applications
(industrial and environmental tasks, for example) where even slight improve-
ments of the prediction accuracy might result in a more effective management
of the human and economic available resources.
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Abstract. It is well known that in problems where both amplitude and
phase recovery is essential - like in signal processing for communications,
or in problems of nonlinear signal distortions, like control, signal process-
ing and imaging applications - it is important to consider the complex
nature (and thus the intimate relation between real and imaginary part)
of the data.

One of the main problem to design complex neural networks (CpxNN)
consists in the definition of the complex Activation Functions (AF): to
ensure the universal approximation network capabilities, the AF's should
be bounded and differentiable. In the complex domain these characteris-
tics are in contrast with Louiville’s theorem, which asserts that the only
bounded and differentiable (analytic) function is the constant function.
In this paper we investigate the use of 2D spline to define a new class
of flexible activation functions, which are bounded and (locally) ana-
lytic suitable to define a new class of complex domain neural networks
(CpxNN).

1 Introduction

The classical neuron computes the weighted sum of its inputs and feeds it into a
nonlinear function called activation function (AF) [I]. The behavior of a neural
network (NN) built with such neurons, as in the multi-layer perceptron (MLP),
thus depends on the chosen AFs. Sigmoids are commonly used for this purpose.
Different classes of nonlinear AFs, depending on some free parameters, have also
been widely studied and applied (see for example [2]).

Although the main theoretical developments are defined for real valued NNs,
it is well known that complex domain NNs (CpxNN) are suitable for many signal
processing applications.

It is well known that using CpxNN is more advantageous than using a real-
valued NN fed with a pair of real numbers [3] - [5].

In CpxNNs, one of the main problem is related to the complex domain AF.
Let f(z) be the complex AF with z € C (z is the complex linear combiner
output); the main properties that f(z) should satisfy are:

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 85-05] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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1) f(z) = u(z,y) + jo(z,y);

2) f(z) should be non linear and bounded;

3) In order to derive the backpropagation (BP) algorithm the partial derivatives
of f(z) should exist and be bounded.

Unfortunately the main difficulty is the lack of bounded and at the same
time analytic complex nonlinear AFs in the complex plane C. In fact Liouville’s
theorem (see [L0] for more details) states that: ‘The only bounded differentiable
(analytic) functions defined for the entire complex domain are constant func-
tions’.

Clearly the properties of boundedness and differentiability in all the complex
domain are contrasting requirements, if we want to use a complex AF defined in
C. In other words f(z) should be defined as a nonlinear complex function that
is bounded almost everywhere in the complex domain C.

Recently, a complex-valued adaptive spline neural network has been pre-
sented [12]. The author used the splitting method, where the two real functions
are substituted by two flexible spline curves controlled by a small number of
parameters. It is shown that this architecture is well suited for supervised signal
processing applications, because it is based on an efficient Catmull-Rom spline
AF whose regularization properties are described in [I3].

In this paper we introduce the use of bi-dimensional (2D) spline in order
to define a new class of flexible AF, called generalized split AF (GSAF), which
are bounded and (locally) analytic functions, suitable to define a new class of
complex domain neural networks. In order to demonstrate the effectiveness of
the proposed model, experiments on channel equalizations are described in the
last Section.

2  On the Complex Activation Functions

In the last years several studies have been carried out in order to develop a
complex domain learning algorithm using suitable AFs. Kim and Guest [3], pro-
posed a complex domain modification of the BP algorithm by an extension of
the real valued sigmoidal activation function to the complex plane. However,
this function has a periodic singularity:

1
1+e 2

— 00 forz = +j(2k 4+ 1)w Vk e N (1)

In [4] Clarke proposed to use a hyperbolic function (tanh z) in the complex
domain as a generalization of real valued activation functions.

In order to have a bounded and differentiable AF, Benvenuto et al. and Leung
and Haykin [5]-[7], proposed an ad-hoc extension of the real valued backpropaga-
tion. According to properties 2) and 3) previously stated, they proposed a split
activation function consisting of the superposition of a real and an imaginary (I
and @ signal components) part AF

f(2) = f1(Re(2)) + 5/ (Sm(2)) ; (2)
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where functions fr(.) and fg(.), can be simple real-valued sigmoids or more
sophisticated adaptive functions. However such split activation function is not
analytic and the BP from the output layer takes split paths through disjoint
real-valued gradients.
In order to develop a fully complex domain BP Georgiou and Koutsougeras
in [8] proposed the AF defined as
f(z) =

z
—_— 3
c+ 12| ®)
where ¢ and r are suitable constants. This function maps the complex signals
into an open circle of radius r. By this way the activation function takes only
values belonging to the interval (0, r].

Hirose in [9] proposed the use of a fully complex AF defined as

f(skejﬁ’“) = tanh(sk/m)ejﬁ’“ : (4)

where s and (i are the norm and the argument of the summation of the input
vector fed from the previous hidden layer ( j5, = Zjwg;y;), and m is a constant
which is inversely related to the gradient of the absolute function value | f| along
the radius direction around the origin of the complex coordinate.

The suitable constants of the AFs [B]) and (H) are chosen in order to normalize
or to scale the amplitude of the complex input signal. However, these functions
preserve the phase, thus being incapable of learning the phase variation between
the input and the target in NN without delay lines at the input layer. Moreover
due to their radial mapping, as stated in [I5], in the case of time-delayed NN
they perform poorly in restoring nonlinear amplitude and phase distortion of
non constant modulus signals.

A. Elementary Transcendental Functions

More recently Kim and Adali, in order to define a family of useful fully com-
plex AFs, proposed the use of the so called elementary transcendental functions
(ETF) [15].

They reduced the ‘desirable properties’ of a complex AF to the unique con-
dition:

f(2) = fo=—ify (5)
that is the Cauchy-Riemann equation.

They classified the ETF's in two categories of unbounded functions, depending
on which kind of singularities they possessed. A singularity is a point in which
a function is not analytic (and thus not differentiable): if lim,_,,, f(z) = oo
but the function is analytic in a deleted neighborhood of zy (that is a pole),
the singularity is said to be isolated; if lim,_,,, f(z) exists it is isolated but
removable; if none of these cases are met, the function has an isolated essential
singularity.

The proposed elementary functions including tan(z), atan(z), sin(z),
asin(z), acos(z), tanh(z), atanh(z), etc. are identified to provide adequate non-
linear discriminant capabilities as required for an AF.
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These transcendental functions are entire (analytic) and bounded almost ev-
erywhere, i.e. they are unbounded only on a set of points having zero measure.
If used as AFs in neural networks they assure convergence almost everywhere
(with probability 1).

Moreover, in signal processing applications where the domain of interest is
a bounded neighborhood of the unit circle these singular points scarcely pose a
problem.

B. Universal Approximation Property

Recently in [I6] the universal approximation theorem for fully CpxNNs has
been demonstrated.

Let I,, denote the n-dimensional unit cube [0,1]" and C(I,) C M(I,) the
space of all continuous complex functions on I,,. The finite sums of the form

N
G(2) =Y Bef(wlz+6k); (6)
k=1

where S, 0k € C wy,z € C™, N is the number of hidden units and f(z) : C™ —
C are dense in C4(I,) if f(2) is a complex bounded measurable discriminatory
function i.e.

Vg e C(I,),Ve > 0,Vz € C(I,) = 3 G(2) |G(z) —g(2)| < ¢ (7)

where f(z) is an activation function of the hidden layer and G(z) is an output
of the net.

In [16] they also demonstrated the theorem for any complex bounded mea-
surable discriminatory function and further for functions having isolated or es-
sential singularities, but in compact subsets of the deleted neighborhood of the
singularity.

All these functions are bounded almost everywhere and have countable sin-
gular points; some of them can be handled separately during the learning process
(removable singularities) or can be placed outside of the working domain. In this
way the conflicting requirements between boundedness and differentiability can
be relaxed by paying attention to the domain of operation, that can be easily
identified for almost all applications.

3 Generalized Split AF by 2D Spline

This section is dedicated to the description of the new AF starting from the
theories on fully CpxNNs: starting from previously reported considerations we
tried to employ a generalization of the split method proposed in [12].

If we consider the expression of a fully complex function in relation to the
real and imaginary part we may write:

f(2) = f(2,y) = ulz,y) + ju(z,y) (8)
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in which, as we have shown in the introduction, the two functions must be
bounded and differentiable at least in the whole domain of the problem at hand.

If we consider each part as a function of two variables, we can perform each
of them with a bi-dimensional spline; one plays the role of the real part and
one of the imaginary part of the complex activation function. With regard to
the ‘desired properties’ stated for the fully complex AFs we can note that 2D
splines:

e They are non linear functions with respect to the coordinates; thus f(z) is
a nonlinear function with respect to x and y;

e They haven’t singularities and they are bounded for each z = x + jy;

e The partial derivatives u,, uy, vz, vy are continuous and bounded;

o The condition ugzvy # vyu, is verified;

If we consider Adali’s conditions, the Cauchy-Riemann equations are not
satisfied by the complex 2D spline AF itself, but we tried to impose them by an
algorithm constraint during the learning process:

Uy + U Vg + Uy
Ux:vy:%v uy:_%:%§ 9)

x »

_ y

Zin= X+]y

T
X
y

Fig. 1. Generalized splitting activation function. The functions u(z,y) and v(z,y) are
built using flexible bi-dimensional splines.

The neural architecture apparently is the same as a traditional MLP, but the
difference lays inside each neuron.

o Backpropagation for the generalized splitting AF

Clearly the input to the neuron is the complex weighted sum of the outputs of
the previous layer (I — 1) of the net:
Ni—1 Ni—a

Zin =T+ JYy = Z WLk = Z (wl,k + ij,k) (351,1@ +]'$Q,k> (10)
k=0 k=0
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When a signal z;, comes to the input of the neuron, both real and imaginary
part are sent to the two functions, which are each a bi-dimensional spline. The
output of each function is a real value; we impose these two outputs to be
respectively the real and imaginary part of the output of the whole activation
function. This pair is met at the output of a neuron, is weighted with complex
weights and summed with all the other weighted outputs, ready to be sent to
the next layer. Consequently the BP algorithm is fully complex.

Let e(n) = d(n) — y(n), during the backward pass the ¢’s are calculated as

follows:
Nap

1
T= 33 lesl: (11)
3=0
oJ .0J
§=—o 52 12
u o’ (12)
where for a neuron of the output layer (M — 1) it follows that
a7 19 XM, 0 X
g _ - Z 12—, 2 di — — —ery
Our 2 Ouy j;o el Lk D j;o ( I fj(z)) Lk
N Num
oJ 10 9 0
o = 30 25 191" = gy 2 (4~ 1,(2) = —eq (13)
and for a hidden layer (1):
I+1
oJ B Z oJ (Bui 69@ 8ui 8yi )
My, — Ou; \O0x; Oy, OY; Oy
I+1
o0J oJ 8vi 8351 8’1)1' 6y,
vy Z Ov; (6@ v, + Jy; avm) (19)

=0

We called x; + jy; the generic input to layer (I + 1), meaning by that, as before,
the weighted sum of the outputs of the previous layer.

This new architecture differs from the network with real 2D splines in two
main aspects:

e When used to process complex signals, the real 2D spline considers the real
and imaginary part of an input as two distinct signals; they are fed two
times to each input neuron (a neuron j in the input layer has two inputs
s1,; and s9 ;) but with different weights; as a consequence the number of free
parameters is higher than in a complex S.N.

e The output of an activation function of the real 2D spline is single and real;
no more trace of the complex nature of the data is held, thus forcing the use
of a pseudo-complex backpropagation.
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Neuron m

Layer [ Layer /+1

Fig. 2. Connection between a neuron of a layer and all the neurons in the following
layer.

4 Experimental Results

In order to proof the effectiveness of the generalized splitting AF CpxNN and of
its adaptation scheme, several experiments, consisting in communication channel
equalization using different channels model have been carried out.

The first experiment consists in the equalization of a non-minimum-phase
linear channel modelled by an impulse response h=(0.3482, 0.8704, 0.3482) [17].
At the filter’s output is applied a polynomial memoryless nonlinear function f,
as shown in Figure 3.

~>

q[n]
LSource JS—["J[ h - 1O ﬂgﬂ CpxNN L[n}

Equaliser

Fig. 3. Discrete time model of a digital communication system.

The output of the channel can be simply computed as

r[n] = i hlk]s[n — K] (15)
k=0

where the memoryless nonlinear function is quadratic polynomial
r[n] = 7[n] + 0.27%[n] (16)

and finally, by adding Gaussian white noise g[n] with variance o3%
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Channel Equalisation Experiment 1
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Fig. 4. Symbol error rate vs signal to noise ratio for the nonlinear channel H(z) with
a 4-QAM signal.

a[n] = r[n] + q[n] (17)
such that the signal to noise ratio (SNR) is defined as

limy oo & SV, E[\r[n}ﬂ

SNR = 5
ON

where E|[.] represents the expectation operator.

The waveform is a 4 — QAM (quadrature amplitude modulation) whose al-
phabet is the set: %{(l,j); (1,—5); (=1,—75); (=1,5)} .

The network is composed of two layers: the hidden has two neurons with
complex multidimensional spline activation functions, while the output is linear.

In figure 4 is shown the symbol error rate (SER), in relation to the SNR;
both are expressed in dB.

The network was compared with a real 2D spline with two neurons in the
hidden layer and linear output, and with a MLP network with 20 hidden neurons
and linear output.

The number of free parameters for NN_20 is 302, for Sp_2D_2 is 88 and for
CpxSp2D_2 is 98.

As we can see from the table, the performances of the complex network are
better than that of the other two networks.

In the second experiment the complex spline network is compared with a
fully complex network using tanh(z) as AF and with a split (real) network using
tanh(x). The problem is still channel equalization, but with a different channel
model and a QPSK signal of alphabet {(1,0);(0,7); (—1,0);(0,—j)}.
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Channel Equalisation Experiment 2
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Fig. 5. Symbol error rate vs signal to noise ratio for the nonlinear channel H(z) with
a QPSK signal.

The channel is modelled by a complex FIR filter defined by the following
transfer function
V2

H(z) = 7(1 +4)4+0.1271 (19)

while the nonlinear part is a third order component providing a nonlinear rota-
tion of the constellation points

r[n] = 7[n] + 0.27%[n] (20)

White Gaussian noise, with independent real and imaginary parts, with zero
mean and variance 0% is added at the channel output.

The complex spline network is composed of two layers: the hidden has only
one spline neuron and the output is linear, for a total of 50 free parameters. The
other two networks have both 5 neurons in the hidden layer and linear output,
for a total of 50 free parameters. The networks are trained with 5x10% symbols
(independent and uniformly distributed), while the test set is composed of 3x10°
symbols. For the spline network the learning rate was fixed to g = 0.001 and
the spline rate was n,, = 0.01 in all the trials. The tests were repeated for ten
distinct realizations, each with different initialization (the free parameters were
initialized randomly as in the previous experiments.

Figure 5 reports the results of the performed experiment. As we can note
the spline complex network reaches better performances with respect to tanh
networks.

It must be pointed out that in simulations with complex tanh as AF, if no
limitation is imposed to the range swept away by the function, the learning is
discontinuous and for low levels of SNR the algorithm may not converge at all.
Moreover, the weights are constrained to be initialized to small values, otherwise
the updating is oscillating. The learning process is very sensitive to the size of
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the learning rate, constraining it to very small values and it must be changed
during the training process (by trials). As a consequence, for low levels of SNR,
the convergence is very slow and very often the target MSE (prefixed for each
SNR test and reached by the spline network) is not reached (3 or 4 dB less).

5 Conclusions

In this work we introduce a new complex activation function for neural networks,
based on spline interpolation and in order to process complex data. Only in
recent time efforts were made to find a way of handle these kind of signals: in
fact previously the traditional approach considered complex signals just like a
pair of real numbers and real and imaginary parts were elaborated separately as
independent from each other. This approach doesn’t take advantage of the deep
correlation between real and imaginary part of a complex signal and represents a
compromise to avoid the difficulty to find nonlinear complex activation functions.
In fact the main obstacle to their use is the conflict between the boundedness
and the differentiability of complex functions in the whole complex plane.

Another approach is that of using fully complex neural networks with ac-
tivation function that are differentiable and bounded almost everywhere. We
think that fully complex neural networks are best suited to deal with complex
data because they are defined in the same domain (the complex plane) and pro-
vide substantial advantages in learning complex nonlinear mappings because of
their efficiency. The experimental results confirm the validity of this approach.
In particular complex bidimensional spline networks outrun the performances of
other complex networks in both generalization capability and speed of conver-
gence. This is due to the desirable properties owned by spline functions, that
demonstrated to be a very powerful tool.

However this work is only a preliminary step in the field of complex networks
and further investigation may lead to new discoveries and better improvements.
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Abstract. Recognizing a particular face in a complex image or in a
video sequence, which the humans can simply accomplish using contex-
tual information, is a difficult task for an automatic recognizer. Moreover,
the face recognition problem is usually solved having assumed that the
face was previously localized, often via heuristics based on prototypes of
the whole face or significant details. In this paper, we propose a novel
approach to the solution of the face localization problem using recur-
sive neural networks. In particular, the proposed approach assumes a
graph—based representation of images that combines structural and sub—
symbolic visual features. Such graphs are then processed by recursive
neural networks, in order to establish the eventual presence and the po-
sition of the faces inside the image. Some preliminary experiments on
snapshots from video sequences are reported, showing very promising
results.

1 Introduction

In several applications, ranging from static matching of controlled photographs
to video surveillance, the problem of face recognition plays a crucial role. Face
recognition compares a given image, with one or more faces, against a database,
and reports an eventual match. The localization of the face is a preliminary step,
which is required in order to be able to recognize the face. Given an arbitrary
image, the goal of face localization consists of spotting whether or not a face is
present and, if it is so, of returning the location of each face.

Frequently, to solve the face recognition problem, the positions of the faces
are supposed to be known, since even the face localization problem is a very
challenging task. In fact, the appearance of a face in an image is unsettled with
respect to scale, location, orientation and pose [1]. Face localization methods
can be classified into four main categories: knowledge based, feature invariant,
template matching, and appearance-based methods. In knowledge—based meth-
ods, human knowledge about faces is encoded by some rules. The localized faces
must respect the predefined rules [2]. The aim of feature invariant methods is to

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 99-[I05] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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discover a set of features that are invariant with respect to pose, viewpoint, light-
ing conditions. Those features are then used to localize the faces [3]. Template
matching methods store several patterns of a face and describe each pattern by
facial features. The correlation among an input image and the stored patterns is
computed for detecting new faces [4]. Finally, in appearance-based methods, the
templates describing the faces are learned by examples. Several machine learning
techniques are used, from static neural networks [5] and Hidden Markov Models,
to Support Vector Machines.

In this paper, we present a new appearance—based method that exploits re-
cursive neural networks to learn templates. The novelty of the approach consists
of using graphs to represent images. The graphs are processed by a recursive net-
work, a particular model that extends neural network processing to structured
data [6]. Since, the graphical representation is invariant under image translations,
rotations and scaling, the method does not suffer from those image modifications.
Moreover, due to the intrinsic parallelism of recursive networks, the technique
can be implemented very efficiently.

The paper is organized as follows. In the next section, the graph—based rep-
resentation of images and the recursive neural network model are described. In
Section 3, some preliminary experimental results are reported and, finally, in
Section 4 some conclusions are drawn.

2 Classifying Images with Recursive Networks

In order to describe how a face can be localized in a complex image, we have to
detail the two fundamental preprocessing phases which allow us, first, to extract
an informative graph—based representation of the image, and then to transform
the Region Adjacency Graph (RAG) representing the image into a recursive—
equivalent tree, with which the recursive neural network can be fed. Finally, the
recursive neural model is briefly sketched.

From Images to Graphs

In our approach, images are encoded using the HSV (Hue, Saturation, Value)
color space. Then, each image is binarized (see Fig. 1) by a filter on hue and
saturation. In fact, the saturation and the hue of human skin color belong to a
well known range [7]. Even if it is well known that the unstructured information
given in the HSV space is not sufficient to identify faces in images, the topological
relationships among different parts of the images, belonging or not to a face, help
in localizing them. In fact, subsequently, the images are split into homogeneous
regions (black or white). Very small regions are removed and their pixels are
inserted into the adjacent regions. Images used in our experiments contain up
to one hundred regions.

The structural information related to the spatial relationships between pairs
of regions can be coded by a Region Adjacency Graph (RAG), using the method
proposed in [8]. Two connected regions Ry, Ry are adjacent if, for each pixel
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a € Ry and b € Ry, there exists a path connecting a and b, entirely lying into
R; U Ry. The RAG is extracted from the segmented image by:

— Associating a node to each region. Each node is labeled with a real vector of
features extracted from the original image (area, average color, barycentre
coordinates, minimum bounding box).

— Linking the nodes associated to adjacent regions. The edges are not oriented.

Therefore, a RAG takes into account both the topological arrangement of the
regions and the sub—symbolic visual information. Notice also that the RAG
connectivity is invariant under translations, rotations and scaling, which is a
useful property for the goal of locating faces. Moreover, in order to set up a
learning environment, also a binary target in {0, 1} is attached to each node of
RAGs. In fact, in a RAG, nodes represent the objects contained in the image.
Thus, the target of a node states whether it represents or not a part of a face.
For example, in Fig. 1, nodes with a cross inside denotes part of the face and
have target 1, whereas the other nodes have target 0.

Fig. 1. The original image, the segmented image, and the extracted RAG.

From RAGs to Trees

Since recursive neural networks can process only Directed Acyclic Graphs
(DAGSs), each RAG must be transformed into some directed structure. In the
following, we describe a method to carry out this task. The procedure takes in
input a RAG R along with a node n and produces a tree 7" having n as its root.
The method must be repeated for each node n of the RAG. It can be proved
that the forest of trees built from R contains the same information as R [9].

The first step of the procedure is a preprocessing phase that transforms R
into a directed graph G, by assuming that a couple of edges is attached to each
undirected one, thus preserving the duplex information exchange. Then, G is
unfolded by the following algorithm:

1. Insert a copy of n into T'

2. Visit G, starting from n, using a breadth—first strategy: for each visited node
v, insert a copy of v into T' and link v to its parents

3. Repeat step 2 until all arcs have been visited
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According to [9], the above unfolding strategy produces the minimal tree
that holds the same information contained in R (Minimal Unfolding, Fig. 2(b)).
However, other strategies are possible. For example, we can continue to repeat
step 2 for a random number of times after that all arcs have been visited (Random
Unfolding, Fig. 2(c))) or we can replace the breadth—first visit strategy of step
2 with a random visit of the graph (Medium Unfolding, Fig. 2(d)).

B

T A

A
(a) (b) () (d)

Fig. 2. (a) The graph G. Trees obtained from G using (b) Minimal, (c) Random, and
(d) Medium Unfolding, respectively.

The Recursive Neural Network Model

Recursive neural networks are a generalization of recurrent networks particularly
suited to learn directed positional acyclic graphs (DPAGs) and have been already
used in some applications [6]. In order to process a graph G, the recursive network
is unfolded through the graph structure, producing the encoding network (see
Fig. 3). The graphs we consider have only one root node (supersource), i.e. a
node with no ancestors. This does not limit the computational model since any
graph can be always transformed into a graph which satisfies this property [10].
At each node v of the graph, the state X, is computed by a feedforward network
as a function of the input label U, and the state of its children:

X’U = f(XCh[v]a Uva ef)a

where Xch[v], that collects the state of the children of v, is equal to the frontier
state Xg, if node v lacks of its i—th child. At the supersource, also an output
function is evaluated by a feedforward network, called the output network:

Ys = g(Xsaag)'

The parameters 8¢ and 8, are connection weights, being 6 independent of node
v 1. The parametric representations f and ¢ can be implemented by a variety of
neural network models. In the experiments, carried out to evaluate the proposed
method, f and g were implemented both with one and two—layer perceptrons.

! In this case, we say that the recursive neural network is stationary.
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Fig. 3. The recursive neural network, unfolded in the encoding and the output network,
w.r.t. an input tree.

3 Experimental Results

In order to evaluate the effectiveness of our approach a preliminary experimen-
tation was performed. Faces were searched in a dataset containing 201 images,
acquired by TV video sequences, and 238 faces (each image contains at least one
face). The appearance of faces in the images is unsettled with respect to orien-
tation, light conditions, dimensions, etc. (see Fig. 4). The images were divided

Fig. 4. Variability of faces appearance in the images chosen.

in three sets: training set, cross—validation set, and test set. Both the training
and the cross—validation set contain 50 images, whereas 101 images constitute
the test set. Each image belonging to the three sets was segmented obtaining a
RAG. Subsequently each RAG was unfolded using the three methods described
in Section 2. Finally, the recursive neural network was trained to predict whether
the nodes in the graphs belong to faces or not The obtained results are evaluated
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Table 1. Results obtained varying the unfolding method and the recursive neural
network architecture.

Unfolding RNN Accuracy|Detection
‘ method H architecture | rate rate ”
Minimal one layer - 2 state neurons 85.54% 82.64%
Medium one layer - 2 state neurons 86.78% 90.08%
Random one layer - 2 state neurons 83.88% 81.82%
Medium one layer - 10 state neurons 80.58% 90.08%
Medium |[{two layer - 10 state, 5 hidden neurons|| 84.71% 83.47%

and compared using accuracy and detection rates. The accuracy rate is obtained
dividing the number of nodes correctly classified by the number of nodes in the
graphs. Instead, the detection rate is obtained dividing the number of faces cor-
rectly localized by the number of faces in the images. Several recursive neural
networks were trained with the aim of determining the best network architecture
(number of state and hidden neurons, number of layers). The results obtained
are reported in Table 1.

4 Conclusions

In this paper we have proposed a new method to localize faces in images using
recursive neural networks. Due to the graphical representation of images, the ap-
proach is invariant under image translations, rotations, and scaling. Moreover,
the technique can be implemented very efficiently exploiting the intrinsic paral-
lelism of neural networks. Finally, the preliminary experimental results are very
promising. Future matters of research include experimentation on more sophis-
ticated clustering techniques and extensive comparisons with established face
detection methods.
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Abstract. This paper presents a new image coding method in which
the image blocks are assigned to different classes learned by the EM
algorithm. Each class is matched to a multidimensional Gaussian density
function and the Karhunen-Loeve Transform (KLT), followed by optimal
quantization and coding, is applied to each one of them. The performance
of this Class-KLT coder is compared to the classical KLT coder (one
class) showing appreciable improvement in image quality.

1 Introduction

Among the “lossy” techniques for image compression [3/4], coding schemes based
on the discrete Karhunen-Loeve transform are considered the best ones since they
realize compression with optimal reconstruction property. Furthermore, if the
input random variables are Gaussian, KL transform achieves the lowest overall
distortion of any orthogonal transform [4].

In this work the image coding problem is broken down into two steps, as
previously proposed in [6l/7]:

1. estimation of the probability density function (pdf) of the random source,
associated to the image blocks;
2. efficient quantization of the estimated pdf, based on optimal bit allocation.

As already pointed out in [7], separating the density estimation from the quanti-
zation maybe useful in the design of a compressor, since allows to change only the
quantization design if the bit rates vary. A Gaussian mixture model is assumed
for the pdf since it can provide good fits to smooth densities and can be well and
simply estimated by the EM algorithm [1]. In [5] it has also been underlined the
role of the Gaussian mixture as a “worst case” model in compression problems.
Therefore it promises to be a robust approach to classification and compression
also for non Gaussian sources with similar local second order properties.

In section 2 is briefly presented the proposed coding scheme and in section 3
are reported some simulation results.
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2 Guassian Mixture Optimized Coding

The coding algorithm is shown in Fig. [l The input image is first used to train
the EM algorithm for the Gaussian mixture parameters estimation. Then, after
classification and projection on the subspaces, the coefficients are quantized.
More specifically the nr x nc image is first subdivided into K = %= x ¢ blocks
of L x L pixels (in our simulations L = 8), each block is vectorized so that
the image becomes a sequence of N-dimensional vectors x, with N = L2. Each
vector x is assumed to be a sample of an N-dimensional random variable that
is distributed according to a Gaussian mixture of C' clusters

p(x|®) = Zag (X, 25), (1)

where x € RY is the observation space, {®} is the parameters set, i.e. a =
{a1,...,ac} are the a priori probabilities, u = {11, . . ., e } are the class means,
X ={%y,...,Xc} are the covariance matrices. Nj(x|u;, X;) is the Gaussian
density corresponding to class j. The posterior probability, i.e. the probability
that x belongs to class j, given the observation x, is written then as

aj/\/j X j,Z‘j
plilx, @) = p((x";)) @

According to this model from a set of observed data {x;} with k = 1,..., K,
the EM algorithm [1] finds an estimate {®} of the set of parameters {®}. The
number C of Gaussian clusters is defined heuristically and it is in general kept
small to avoid over-fitting problems. The EM algorithm is a well-known itera-
tive approach to maximum likelihood estimation , where at each iteration the
likelihood is increased. For a given dimension IV, the number of mixture model
parameters scales as O(IN?) and, since the training data size scales linearly with
the number of parameters [2], the training sample size scales quadratically with
the dimension. This means that, for example, an image of 512 x 512 can be used
for estimating the parameters of a Gaussian mixture model where the observa-
tion are N-dimensional vectors x, with NV = 64. Once the pdf has been estimated
an optimal quantizer can be built. Each gaussian cluster is quantized separately.
Within each cluster, a KL-transform is applied and a dynamic bit allocation
algorithm is used. A given observation is firstly associated to an appropriate
cluster among the C' Gaussian clusters by a Maximum A Posteriori criterion,
then it is quantized according to the quantizer design of that cluster. The quan-
tizer is not optimal for the mixture model but only for the Gaussian distribution
generating that cluster. We have used a cluster bit allocation criterion, derived
in [7] and used for speech coding, that minimizes the total average quantization
error under the constraint that the average amount of bits is fixed

B C
= Zaibi, (3)
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where b; is the number of bits allocated to the it"

distortion is

cluster. The total average

c
Dior = Z%‘Di(bi), (4)
i1

where D(b;) represent the mean square distortion of an optimal b; transform
coder of cluster i. Using high resolution expression [4]

3
Di(b) = 5= Nez ™%, o)
where

N
a=([[rn)N. 1<i<cC, (6)

k=1
Ai = diag()\i’l, ceey )\in)7 (7)
3 =QAQ], (8)

the optimal bit allocation scheme that minimizes (@) subject to the constraint
@) is
_ N c
by =b+ 5(log2ci—Zajlog2ci), 1<i<C. (9)
j=1
Once an observation x is assigned to the i*" cluster, the mean p; is subtracted
and is KL transformed using the matrix QY. Scalar non uniform quantization
is adopted for each coefficient with a standard Gaussian compressor followed by
a uniform quantizer [3]. In our algorithm only the m Principal Components for
each class are used. The decoder transforms the data using the correspondent
expander, the correlator Q; and adds the mean ;.

EM Alg. for Integer Bit
Training data Parameters Quantizer Allocation
Estimation Algorithm

Xk f(x|®) Q(x) C(x)

Fig. 1. Coding Scheme

3 Experimental Results

We tested the proposed compression algorithm on several images from the USC-
SIPI Image Database, we report some reconstructed images obtained for dif-
ferent number of gaussian clusters, for different bit rates and number of prin-
cipal components obtained on the 512 x 512 “Lenna” image showed in Fig.
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Fig. 3. a) SNR=21.29dB, BR=0.5bpp, # classes=1, # PCs=4, b) SNR=25.06dB,
BR=1bpp, # classes=1, # PCs=8

As a measure of the reconstructed image quality, signal-to-noise ratio SNR =
S xkl?

o k=% 12
employed. As index of the compression we compute for each case the average bit

101log,g (2 is a block belonging to the reconstructed image), is

Cc
T aib;
rate BR = #. Figs. Bl a) and b) are the results obtained when only one
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Fig.4. a) SNR=22.58dB, BR=0.5bpp, # classes=3, # PCs=4, b) SNR=25.79dB,
BR=1bpp, # classes=3, # PCs=8

50 10 150 a0 250 00 /0 40 450 50 5 10 150 200 250 800 30 40 40 50 5 100 150 200 20 30 %0 40 450 500

a) b) c)

Fig. 5. a) First of the 3 Gaussian clusters corresponding to a priori probability a3 =
0.48, BR=0.875bpp, b) Second of the 3 Gaussian clusters corresponding to a priori
probability ae = 0.19, BR=1.218bpp, # PCs=8, ¢) Third of the 3 Gaussian clusters
corresponding to a priori probability as = 0.33, BR=1.078bpp, # PCs=8

Gaussian cluster is used for the whole image (standard KLT). For a bit rate of
0.5bpp we have considered only 4 Principal Components (PCs), while for 1bpp
we have considered 8PCs. Figs. Hla) and b) can be compared, respectively, with
Figs. Bla) and b) having same bit rate and number of PCs, but both are referred
to a 3 Gaussian clusters model. These two reconstructed images confirm a clear
improvement both in visual quality and in SNRs with respect to the previous
ones. Figs.[fa), b) and ¢) show the 3 extracted classes, in the 3-class model. The
algorithm associates the first class to the background. This class has the highest
a priori probability but ends up being coded with the lowest bit rate. The other
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Fig.6. SNR value versus the number of bits per pixel, each curve corresponds to
a different number of gaussian clusters. Legend: 1 class=diamond, 2 classes=plus, 3
classes=square, 4 classes=star, 5 classes =point, 6 classes=circle
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Fig. 7. a) SNR=23.69dB, BR=1bpp, # classes=3, # PCs=8, b) “Prototype image”

two are related to image details and have smaller a priori probabilities but need
higher bit rates. The class partition allows to achieve small total average bit rate
with good quality. Fig. [6] shows the SNR value versus the number of bits per
pixel, for different number of Gaussian clusters. The strategy of considering more
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then one class is effective in giving always higher signal-to-noise in comparison
to one class. Note that the curves do not change much if more then 4 classes
are used. Therefore assuming a 3 Gaussian clusters model resulted to be a good
compromise between quality and computational complexity in most of the tested
images. It is also worth noticing that visually the reconstructed images, when
assuming more than 3 classes look similar in spite of greater values exhibited in
SNR. The overall computational cost is quite high due to the EM algorithm but
it can be reduced thanks to the generalization ability of the algorithm. In fact
it has been observed experimentally that different images belonging to the same
category (e.g. natural scenes) can be compressed by exploiting EM estimates and
PCs of a “prototype image”. Figs. [ a) and b) show the reconstructed image for
a 3 Gaussian cluster model, with the parameters estimated from the “prototype
image” b) , with 1bpp and 8PCs. The image , as expected, exhibits a smaller
value in SNR with respect to the case in Fig.[d b) but the quality is acceptable.
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Abstract. We describe a face detection algorithm, which characterizes
and localizes skin regions and eyes in 2D images using color information
and Support Vector Machine. The method is scale-independent, works
on images of either frontal, rotated faces, with a single person or group of
people, and does not require any manual setting or operator intervention.
The algorithm can be used in face image database management systems
both as a first step of a person identification, and to discriminate the
images on the basis of the number of faces in them.

1 Introduction

In this paper we propose an automatic method for face detection in still color
images. Such task is the first fundamental step for many applications such as
face recognition and 3D face reconstruction.

Due to the high inter-personal variability (e.g. gender and race), the intra-
personal changes (e.g. pose and expression), and the acquisition conditions (e.g.
lighting and image resolution) face detection is not a trivial task and it is still
an open problem.

In the last decade, several works have been presented [7]; more recently color
has been considered a useful information to identify skin regions, since it supplies
powerful methods in terms of scale and pose independence, as well as robustness
to occlusions. One of the most effective method in this direction is described
in [4]; the algorithm works well in most of the situations, even if it still fails in
the challenging ones, where it produces a high percentage of false positive. Such
wrong segmentation requires to deal with great uncertainty in the next steps,
and it is the cause of errors.

Moreover, even supposing to develop a perfect skin detector, it remains the
necessity to have a validation step which discriminates the skin regions in two
classes: faces and non-faces [3].

In this paper we propose a method which identifies the skin regions (skin
map) very precisely, and then verifies whether they are faces or not, searching
for the eyes within them. Such objective is achieved localizing the potential eyes
and then validating them with a classifier.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 113-[I20] 2003.
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We have experimented both Multi-Layer Perceptron and the Support Vector
Machines, and we have developed a method based on the SVM, since its behavior
has confirmed to be better than the Neural Network one. The method is able
to detect a face either in the foreground or in groups, independently of scale,
head rotation and partial occlusions, providing that at least one eye is visible.
It works with very different illumination and background conditions.

The paper is organized as follows: in sections [ and [ the skin map and eye
characterization algorithms are described; in section [ the MLP and the SVM
classifiers are compared; in section[d the face validator based on the eye recog-
nition is reported; finally in [0 results and further developments are discussed.

2 Skin Map Determination

The first step of the algorithm allows to localize the skin regions by means of
a Gaussian mixture model which characterizes the peculiar skin colors, and a
region growing algorithm that, starting from the pixels with the highest prob-
ability of being skin, dilates the corresponding regions taking also into account
the presence of borders, whose function is to brake the dilation [2].

Regarding the skin color Gaussian mixture model, we adopt a simple and
statistically well justified model made of two bidimensional Gaussians each one
parameterized by (u;, 021) [6].

The color sample has been constructed paying attention to gather samples
of different people whose pictures have been taken in very different illumination
conditions. In particular, we have collected four million samples taking pictures
of 8 caucasian people under 10 illumination conditions.

We have built the Gaussian mixture models of the gathered samples trans-
forming them in six color spaces: CIE-Luv, CIE-Lab, xyY, NCC-RGB, YPbPr,
TSL. The models are built on the sample chrominance components. In order to
choose one space, we have experimentally verified the results shown in [5]: the
segmentation works better in spaces where the luminance is well separated from
the chrominance and where the skin colors are compactly clusterized. According
to that, we adopt the YPbPr color space.

Once the skin color model is built, in order to obtain a robust skin map, we
identify the pixels in the image which have a high probability of being skin and
iteratively grow the corresponding regions, making the expansion stop at the
face borders. Of course we do not know where the face borders are, thus we look
for the most significant edge pixels in the image and modify their colors so that
they will have a very low probability of being skin (this is obtained emphasizing
the green components).

At each iteration the colors of the found skin map pixels are changed into the
color with the highest probability and the image is then low pass filtered. This
process has the effect of ‘absorbing’ the weakest edges, usually due to shadows,
while stopping the skin map expansion at the strongest borders.

In figure[T] we show the output of the most significant steps of the algorithm
on an image with two people in foregrounds. It can be seen that all the skin
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Fig. 1. Face localization: Original image; B: Border image; Initial skin map; Final skin
map.

regions are localized very precisely and that to discriminate between faces and
not faces a validation criterion is necessary (see next paragraphs).

3 Eye Characterization

To determine if a skin region corresponds to a face or not, different criteria could
be adopted [H], [7]. The method we propose verifies whether at least one eye is
present in the skin region or not; to this end, rather than examine the whole
skin region, we first restrict the research area localizing the potential eyes, and
then we validate them by means of a classifier.

As observed in [4], the eyes are characterized in the PrPb planes by a low
red component and a high blue one; on the basis of that, the authors defined the
following EyeMap transformation:

ByelMap = 3{(P?) + (P)* + (B/P))}

where P2, (P,)?, and P,/P, all are normalized to the range [0,255] and P, is
the negative of P, (i.e 255 — P,).

Since it can happen that the FyeMap has high values in correspondence to
the mouth too, we calculate also the MouthMap with the transformation:

MouthMap = (255 — (P, — B,)) - P?

we binarize it maintaining the 4% highest values, and put to 0 in the EyeMap the
pixels corresponding to the mouth. At this stage the FyeMap image is thresh-
olded, maintaining the 20% of the highest values.

Moreover, examining the eye luminance values, we observe that they are
always among the darkest within the skin region. Thus, to strengthen the eye
localization, we threshold the normalized gray level portion of image correspond-
ing to the considered skin region, maintaining the pixels with a gray level lower
than 0.3, and we multiply it with the binary EyeMap.
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We finally need a classifier to distinguish between eyes and all other possible
regions identified by this module. To this end in the next paragraph the Multi
Layer Perceptron and the Support Vector Machine are compared.

4 Classifier Choice

We have experimented both Multi Layer Perceptrons and a Support Vector
Machines [1].

The experiments have been carried out using 944 images of the FERET
database [12] for the training phase and 289 images from our database for the
test one. For each image the centers of eyes, nose, and lips are given, and they
have been used to determine 13 sub-images representing both eyes and non-eyes.
The sub-images have been extracted at different positions and scales, since in
the automatic eye detection we want to deal with faces at different scales and
eyes not necessary centered in the sub-image.

The training and test sets consist respectively of 7439 and 2245 images, and
in both cases about one sixth of the sets corresponds to eyes. All the images have
been down sampled to 20 x 20 pixels. Such dimension has been experimentally
found as trade off between the necessity to maintain low the computational costs,
and to have sufficient details to learn.

Regarding the neural network, several experiments have been carried out,
obtaining the best results with a neural network architecture consisting in 3
layers, respectively with 400, 20, and 2 neurons. With such setting we obtained
an error of the 7.7%.

Concerning the Support Vector Machine, we have trained a C-SVM with RBF
parametrized by v = 0.005, and C' = 3.5. With this setting we have obtained an
error of 3.9%, confirming the power of such classifier.

In the following we describe the eye detection method referring to the support
vector machine classifier.

5 Eye Detection

The eye detection module allows to determine whether a skin region corresponds
to a face or not. Starting from the FyeMap blobs b highlighted in section [3, we
try to localize the eyes within them, if present.

In order to speed up the procedure, we first extract a sub-set of pixels from
each blob b: we consider only the positions corresponding to the vertices of a grid
overlapped to b, whose spacing is proportional to the dimension and regularity
of b.

More formally, being A; the area of b, and App) the area of the bounding
box strictly enclosing b, we define the grid spacing C}, as a measure of regularity

of the blobs:
/A A .
K Ay ABBba») /1.5} if Ay > 30

1 otherwise

Cy=
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For each visited point p, we extract 3 candidates sub-images x;mle which
vary in scale, we give them as input to the C-SVM classifier, and we develop a
cumulative image psy s (p)

psva(p) = fovar (X2 + fovar (XY + fovar(x2PP?)

where to each point corresponds the sum of the output obtained at the different
scales. The idea of cumulating the outputs of the SVM classifier is justified by
the observation that such an output represents the estimated margin for the
input example. Therefore the bigger is the output, the safer is the classification.

For each region r, we extract separately the positions p, in which the
psvm(P;) values are greater than T, = 0.7 X mazper(psvm(p)), and we ag-
gregate them according to their mutual distance, determining the centroids c;.

Among the positions in pgyas(p) which are ‘close’ to the found centroids, we
determine the ones whose values are greater than 7). = 0.1 x mazper(psv i (p))
(discarding the p; already selected), obtaining the points ax(c;).

We name cluster each set made by a c; and all the a(c;) associated to it.
Consequently we calculate the cluster centroid cl; as

s t t
DB+ anley)  sxei+ Y ar(e)
ol — =1 k=1 _ k=1

J s+t s+t ’

Such cluster centroids represent the potential eyes positions.
Finally we calculate for each cluster centroid cl; a vote v, , according to the
following rule:

SZPSMV(T%‘) thZPSMV(ak(Cj))

=1 k=1
Uclj -
n

where n is the number of blob’s candidates visited in a square window centered
in ¢l; and with side equal to 8C, + 1 (in order to normalize the vote to the
number of voting pixels).

A position cl; is classified as ‘eye’, if the corresponding v, is greater than
the threshold 7" = 0.5.

In order to determine 7", we have examined the distributions of the Vel
corresponding to eye and not-eye regions extracted from 100 face foreground
images. Regarding the eyes, we obtained a mean value equal to 2.16 and a
standard deviation equal to 1, while the corresponding values for the not-eyes
are 0.58 and 0.65. Moreover we observe that 162 eye regions have arrived to this
validation step, against the 26 corresponding to not-eyes. This consideration
highlights the fact that most of the not-eye regions have already been discarded
in the previous steps, allowing at this stage to adopt a threshold which captures
also the queues of the eye distribution.
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6 Results

We have experimented the face detection algorithm both on images representing
a single face, and on images representing groups of people.

For the test on single face images we have chosen the XM2VTS Database
[3].

For the test on groups of people we have taken a set of 20 images acquired
in our laboratory.

The XM2VTS Database consists of true color images of face foregrounds.
The people differ for the race, the expression and the age. The images have been
taken with a blue background, good illumination conditions, frontal pose. The
experiment has been carried out on a set of 750 images, that is all the images in
XM2VTS that do not contain people wearing glasses.

For each image we expect to find two and only two eyes. We report the
obtained results organized according to the number of correct eye found, and
the false positives:

eyes classified|no. of false no. of images % of the total
correctly positives
2 0 472 62.9%
2 1 18 2.4%
2 2 2 0.26%
1 0 171 22.8%
1 1 18 2.4%
1 2 2 0.26%
percentage of images with at least 1 correct eye 91.1%
0 0 48 6.4%
0 1 15 2%
0 2 4 0.5%

The obtained results are encouraging, considering that with the objective of
validating a face we arrive to a success in 91% of the cases, that is when at least
one eye is detected.

The other test has been carried out on a set of 20 images representing 2, 3
or 4 people, for a total of 60 people. The algorithm has detected correctly 55
people, and has given only 3 false-positives.

7 Discussion

There have been in the recent years many works on face detection that have used
the Support Vector Machines, due to the good experimental results that they
exhibit. Even if there exists a recent paper that classifies faces generated from
synthetic databases (refer to [L1]), the key point of a face detection technic is
the way in which it is able to identify a face standing in the complex background
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of a real world image. In [§] and [10] the SVMs have been used to accomplish
such a task; a SVM is trained on a sample of faces and non-faces examples and
then used in a multi-scale exhaustive search on the grey scale transformation of
the input image. The first work on face detection that has applied the SVMs is
[8], it has been computationally improved by [I0] but thereafter this approach
has been discarded because it seems clear that global technics fail in front of
feature-based ones at the experimental proof (see [9]). Moreover it is desirable
not to scan all the image but to restrict the areas of interest by means of some
face characterization.

In this respect, we have made a big effort to identify faces relying only on
color considerations (following [6]), thus developing an approach independent
from geometric properties (works at different scales and irrespective of roto-
translations). Consequently it becomes much easier to implement a classification
step based on SVM in order to extract the desired features, like the eyes in our
case.

Regarding future work, during the development of the application it has
become clear that the measure of regularity Cj is not sufficient to deal with eyes
blobs that are often irregular in shape and dimension. Therefore it is necessary
a pre-processing step to discard big portions of blobs that do not contain useful
information, by means of a pre-scan with the SVM classifier. What’s more, we
plan to extend the classifier to recognize eyes of people who wear glasses.
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Abstract. An original neural scheme for segmentation of range data is
presented, which is part of a more general 3D vision system for robotic
applications. The entire process relies on a neural architecture aimed to
perform first order image irradiance analysis, that is local estimation of
magnitude and orientation of the image irradiance gradient.

In the case of dense 3D data, irradiance is replaced by depth information
so irradiance analysis of these pseudo-images provides knowledge about
the actual curvature of the acquired surfaces. In particular, boundaries
and contours due to mutual occlusions can be detected very well while
there are no false contours due to rapid changing in brightness or color.
To this aim, after a noise reduction step, both magnitude and phase
distributions of the gradient are analysed to perform complete contour
detection, and all continuous surfaces are segmented.

Theoretical foundations of the work are reported, along with the descrip-
tion of the architecture and the first experimental results.

1 Introduction

An original technique to perform range data segmentation is presented, that is
based on the use of a one-layer neural network in order to group points belonging
to the same surface. To this aim, first order irradiance analysis is performed on
data as if they were a grey-level image, and all closed contours are detected to
separate surfaces.

The present work is part of a wider research activity carried on by some of the
authors, in the field of cognitive systems for mobile robotics [1]. In this general
framework, vision is used to acquire dense 3D data, even from stereo cameras,
and to model them in terms of geometric primitives that are the used as the
basic description of objects in the scene, allowing high level components of the
system to guide the robot in motion and/or manipulation tasks. In our approach
superquadrics are used as primitives, so a non trivial segmentation problem is
posed.

The segmentation topic has been treated by several authors in recent years.
In general, this process is decoupled from reconstruction. Gupta and Bajcsy [2]
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use a surface-based segmentation technique, and surface labeling supports deci-
sion making in deriving 3D segments. Snakes fitting concavity points are used by
Ferrie, Lagarde and Whaite [3] to isolate 3D convex regions: concavities are de-
tected using differential geometry considerations. Some of the authors proposed
the Moving Target (MT) approach [4]. Here, concavities are computed project-
ing data onto a sphere from their center of mass, and analysing their motion
towards the original configuration: concavity points have the highest velocity.
This process can be iterated to refine segmentation. Conversely from the pre-
vious approaches, Leonardis, Jalick and Solina [5] start with some model seeds
placed inside the range points envelop, and alternate a fitting and a model se-
lection phase. Models with the highest goodness-of-fit are selected to grow and
fit again data, while the others are discarded. Segmentation is thus achieved
automatically.

All the presented techniques suffer for high computational load, while the
proposed system does not because it is a trained neural network, and it is more
suited to the real time constraints imposed by robot vision. The key idea in this
work is that a pseudo image representing the depths of a set of dense range
points appears exactly as the image of a matte surface lit by a unique point
source placed at infinity. As a consequence, deriving local irradiance gradient
in this kind of images is exactly the same as the estimation of surface gradi-
ent, and allows the extraction of contours like edges, boundaries, or concavities.
The proposed network implements the first order irradiance analysis reported
in [6] [7] which starts from the work of Grossberg and Mingolla [8] and derives a
computational framework to extract a map of local estimates of the brightness
gradient, where all contours are present.

The rest of the paper is arranged as follows. In section [2] some remarks are
given about image irradiance analysis, and the neural implementation. Section Bl
explains in detail the whole segmentation process, while experimental results are
reported in section M Finally conclusions are drawn, and future developments
are discussed in section (bl

2 Theoretical Remarks

In order to analyse the first order differential structure of image irradiance we use
a general class of isotropic compass operators formally defined in the continuous
space by rotating a Kernel kp(p, ) such that:

, K(p),p<R, 0<op<m
kr(p.d) = =k (p) ,p< R, —m < $ <0 (1)
0,p>R

where the coordinate system is shown in fig. [I

These operators comprises many common gradient edge detection filters, like
Kirsh’s and assimilated [9] [10], witch estimate the edge direction by thresh-
olding the output of increasingly oriented operators, and circular “difference of
gaussian” (DOG) [11] or “blurred derivative” filters [12], which estimated the
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Fig. 1. A pictorial illustration of the generalized compass operator. The rectangular
and polar coordinate systems used in the analysis are shown superimposed.

gradient by composing the output of two operators with orthogonal contrast
axes. The operators can be thought (and are computationally implemented) as
masks with odd symmetry with respect to a “contrast axis” (the X axis in fig. I]),
and even symmetry with respect to a “gradient axis” orthogonal to the previ-
ous one (the Y axis in fig. ). For the purpose of the following discussion it
is convenient to consider the operator as affected by a unit vector m oriented
as the contrast axis. The result of masking an image with irradiance density
distribution i(p, ¢) (intensity per unit area) by one of the above operators with
generic inclination « (fig.[l) obviously depends on the image contrast direction,
i.e. on the irradiance gradient Vi, and can be regarded as weighting the mask
unit vector as follows

R T
M(O@Vi)ZM/(Vi)m(a)=m(a)/o pdp/_ i(p, 9)kr(p, $)do  (2)

Due to various sources of error and noise the measured mask output is gen-
erally an erroneous M ;(a) =M (o, Vi) +¢, which may be considered depending
only on the mask orientation «, since this is the only parameter experimentally
prescribed (it identifies one particular operator). In a previous work, some of the
authors proved that if the images irradiance is locally smooth the sum of the
M ; vectors minimizes the integral of squared errors [6]:

E (Vi) = /0 i {M;(a) ~ M (a, w)} da (3)

and the optimal linear estimates for the irradiance gradient g in the given point
is:

0= [ [sintanda 2 [Carl @) costeaa] @

where K’ is a constant depending only on the particular kernel function k;%()
. It should be noticed that the same optimality of estimate is not achieved by
taking as direction of g the axis of the mask with the largest output, as for
the usual compass operators. Composing the output of two orthogonal DOG
filters is not guaranteed to yield an optimal estimate either, since this amounts
to approximate the above integrals by two values of the integrands only. The
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proposed method gives instead the best (in the linear domain) possible result
for each chosen operator kernel, essentially by averaging away the errors through
the vectorial composition.

All the computations previously outlined can be performed by a simple par-
allel distributed architecture. We detail in this section the implementation for
the first order case but the extension to the second order analysis is straightfor-
ward. Drawing upon the proportionality of gradient components to the integrals
in equation (@), a single layer linear neural network whose input is the set op
image pixels suits the task (fig. ). The input image is decomposed in a set of
squared tiles, and all the pixels falling into one region are collected by a layer
of N compass filters whose kernel can be chosen accordingly to equation ().
Image tiles may overlap accordingly to the filtering step one has chosen. In out
implementation a step function kernel has been chosen, taking only the values
-1 and 1 while crossing the symmetry axis of the compass mask.

Fig. 2. The scheme of the neural architecture implementing irradiance analysis.

Each compass cell is responsible for a single orientation k; in particular, being
I(I,m) the generic intensity value in position (I, m) expressed with respect to
the center of the image cell, the output F} of the k-th filter with radius R can
be computed as:

Fe =Y fr(prms prm) (1, m)

lm
where p;m £ VIZ+m2, ¢, = arctan(m/l), and
1,p<R, Er g@l,m<(1+%)ﬂ—
N

Ji(prm1m) =4 =1, p< R, (1+ £)m < grm < (24
0,p>R
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Finally, the outputs of the compass cells are collected by two linear cells whose
activations represent the discrete form of the integrals expressed in equation ().

Gy = Zgzl w%:)Fk, w%: £ —sin(£m) (©)
Gy = 1 Wy 'y, wy” & cos(£m)

The whole network is built by repeating the two layers already described in order
to cover all the image tiles. Because of the units linearity, a learning process is
guaranteed to converge to the correct weights. However in our implementation
all the weights are pre-computed, so no learning process is used. Outputs are
normalized in a global way, that is all vectors are scaled so that the maximum
gradient is unitary.

3 The Segmentation Process

The segmentation starts with a preprocessing step where the typical artifacts
in range images like isolated points, and small holes are removed. In particular,
holes are detected as the 4-connected black regions with the smallest area, while
filling occurs by means of a bilinear interpolation inwards form the boundary
points of each hole. We preferred to use interpolation instead of a generic blurring
filter in order to preserve the image dynamics that, in the case of range images,
represents depth information.

After preprocessing, a first stage of irradiance analysis is performed apply-
ing the compass operators with unitary filtering step. The output of the net
is arranged in order to obtain two images related respectively to the gradient
magnitudes and phases. The magnitude distribution image allows to detect the
boundaries of the object, but it fails in finding those contours arising form curva-
ture changes, like concavities or sharp edges, where there is a strong variation of
surface orientation. The phase distribution image is able to locate these features,
but it is still too irregular due to local surface noise deriving from the accuracy
in the depth estimate that, for the projection-based range sensors, is computed
geometrically from the readings of a calibrated camera.

A second stage of irradiance analysis is performed on the phase distribution
to achieve regularization. This analysis uses again compass filters with step 1,
but greater in size with respect to the first stage analysis. Wider masks weight
the contribution of more inputs, thus obtaining smoothed estimate of gradient
and removing noise in the phase image. Again the phase distribution is taken
form the irradiance analysis, it is thresholded, and composed with the magnitude
image taking the maximum between them at each pixel (fig. B)).

The image thus obtained has no sharp contours neither closed ones. Contour
closing is achieved by applying a morphological dilation followed by a skele-
tonization. Contours are then used a stop condition for a 8-connected region
growing process.

In general, segmented images suffer from the presence of several small regions
that are completely inside wider ones: this is the obvious consequence of some
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Fig. 3. From upper left to bottom right: original image, noise reduction, magnitude,
and phase distribution, phase distribution after second irradiance analysis, contour
image.

Fig. 4. From left to right: processed contour image, regions, aggregated regions, final
contours.

imperfection in the range image which has not been corrected by the regulariza-
tion process, and generates false contours during the morphological processing.
To solve this problem, a simple aggregation process is performed merging regions
having a very small area with the nearest big one. The new contour image is
obtained following the borders of aggregated regions (fig. [4). Still the new re-
gions have some imperfections: in general some input points near the borders are
missed, and some spurious regions are present in corresponding to background
points. Missing points derive from morphological operations, but they are of no
importance to the extent of recovering 3D models of data. Spurious regions can
be removed combining the regions image and the input one in a logical AND
operation.

4 Experimental Setup

All the experiments have been performed on the range images that are dis-
tributed with the SEGMENTOR package, developed by Solina and his col-
leagues [5]. All these images are acquired projecting some geometrical patterns
onto the object, and reading the deformation induced by the surface with a
calibrated camera.
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The whole segmentation set up has been implemented as a non-optimized
MATLAB code, and runs on a Pentium IIT at 1000Mhz with 256 MB RAM in
about 16sec, without any I/O operation. After some trials, irradiance analysis
parameters have been chosen to obtain the better compromise between fastness
and accuracy: the number of orientations N=12 in both stages, while the com-
pass masks were 4x4 pixels wide in the first stage, and 6x6 pixels wide in the
second one. In figure @ a couple of experiments are reported.

Fig. 5. In each row from left to right: original image, regions, and contour image.

5 Conclusions

An original scheme for surface segmentation of range images has been presented
that relies on a very simple neural architecture aimed to perform irradiance
analysis. The key idea is that range images appear the same as a pure diffu-
sive surface illuminated from a point light source placed at the infinity, so the
estimated brightness gradient is actually a surface gradient.

Experimental results are satisfactory, and future work will be oriented to a
complete 3D segmentation of data as a collection of convex regions. If we extend
the theory of compass operators to the second order irradiance analysis, they
allow us to obtain a local curvature estimate. Starting from this consideration,
in a 3D segmentation scheme each region obtained from the approach presented
in this work can be labelled with a curvature type and a grouping strategy
can be set up to merge those surfaces belonging to the same convex region like a
cylinder, a box or an ellipsoid. Moreover, this classification can result very useful
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in the initialization of the model parameters when starting the reconstruction
process.

References

1. Chella, A., Gaglio, S., Pirrone, R.: Conceptual Representations of Actions for
Autonomous Robots. Robotics and Autonomous Systems 34 (2001) 251-263

2. Gupta, A., Bajcsy, R.: Volumetric Segmentation of Range Images of 3-D Objects
Using Superquadric Models. Computer Vision, Graphics and Image Processing:
Image Understanding 58 (1993) 302-326

3. Ferrie, F., Lagarde, J., Whaite, P.: Darboux Frames, Snakes, and Super-Quadrics:
Geometry From the Bottom Up. IEEE Trans. on Pattern Analysis and Machine
Intelligence 15 (1993) 771-784

4. Pirrone, R.: Part based Segmentation and Modeling of Range Data by Moving
Target. Journal of Intelligent Systems 11 (2001) 217-247

5. Leonardis, A., Jaklic, A., Solina, F.: Superquadrics for Segmenting and Modeling
Range Data. IEEE Trans. on Pattern Analysis and Machine Intelligence 19 (1997)
1289-1295

6. Callari, F., Maniscalco, U.: New Robust Approach to Image and 3-D Shape Recon-
struction. In: Proc. of International Conference on Computer Vision and Pattern
recognition, Jerusalem, Israel (1994) 103-107

7. Callari, F., Maniscalco, U.; Storniolo, P.: Hybrid Methods for Robust Irradiance
Analysis and 3-D Shape Reconstruction from Images. In: Proc. of International
Conference on Artificial Neural Networks, Sorrento, Italy (1994)

8. Grossberg, S., Mingolla, E.: Neural Dynamics of Perceptual Grouping: Textures,
Boundaries and Emergent Segmentation. Perception and Psychophysics 38 (1985)
141-171

9. Jain, A.: Foundamentals of Digital Images Processing. Prentice-Hall, Eglewood
Cliff, NJ (1988)

10. Kirsh, R.: Computer Determination of the Constituent Structure of Biological
Images. Comput. Biomed. Res. 4 (1971) 315-328

11. Marr, D., Hildreth, E.: Theory of edge detection. Proc. Royal Society 207 (1980)
187217

12. Koenderink, J., Van Doorn, A.: Representation of Local Geometry in the Visual
System. Biological Cybernetics 55 (1987) 367-385



Automatic Polyphonic Piano Music
Transcription by a Multi-classification
Discriminative-Learning

Stefano D’Urso and Aurelio Uncini

INFOCOM Dept. - University of Rome “La Sapienza”
Via Eudossiana 18, 00184 Rome - Italy
aurel@ieee.org
http://infocom.uniromal.it/aurel

Abstract. In this paper we investigate on the use locally recurrent neu-
ral networks (LRNN), trained by a discriminative learning approach,
for automatic polyphonic piano music transcription. Due to polyphonic
characteristic of the input signal standard discriminative learning (DL)
is not adequate and a suitable modification, called multi-classification
discriminative learning (MCDL), is introduced. The automatic music
transcription architecture presented in the paper is composed by a pre-
processing unit which performs a constant 3 Fourier transform such that
the signal is represented in both time and frequency domain, followed by
a peak-peaking and decision blocks: the last built with a LRNN. In or-
der to demonstrate the effectiveness of the proposed MCDL for LRNN
several experiments have been carried out.

1 Introduction

Music Transcription is formally defined as the process of finding the score of a
musical piece, that is, finding a parametric representation of an acoustic wave-
form (notes, intensity, starting times, durations, instruments and other sound
features).

The 1%¢ attempt in Automatic Music Transcription (AMT) has been made by
Moorer [I] in 1975. He was able to identify some of the problems that persist to
this day as monophonic-polyphonic classification, onset-offset detection, octave
errors, ghost notes, repeated notes, notes’ length and reverberation. Several tran-
scription systems have been developed after Moorer’s one: although different, all
of them follow a three steps procedure.

The 1%¢ phase is known as signal’s pre-processing, and its aim is to obtain
a time-frequency representation of the musical signal. The simplest one is the
spectrogram, but it fails because of its incoherence with the logarithmic human’s
way of hearing sounds. In 1988, [2] proposed the Constant @ Transform (CQT).
It emulates human ears, modelling the critical band scale and avoiding the fixed
bandwidth (a Fourier Transform’s feature): the constant factor Q, represents the
ratio of frequency resolution. In 1996, Guillermain and Kronland-Martinet [3]

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 129-[I38] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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Fig. 1. General scheme of automatic music transcription system. The vector x represent
the input time windowed signal; y is the array of its time-frequency representation; z
is the array containing the principal spectral peaks.

proposed the Wavelet Transform (WT) (also known as scalogram). It decomposes
the signal in terms of shifts and dilations of an elementary function known as
the mother wavelet. The result is then interpreted in the time-scale domain.

The 27 step is known as tracking phase and its aim is to track partials
(locating sinusoids in the note). It is possible to find different approaches: Kla-
puri’s [4] sinusoid tracks, Sterian and Wakefield’s [5] Kalman filter algorithm or
blackboard architectures [6]. The interpretation of tracking results is know as
recognition phase.

In this work, we decide to pay attention on Automatic Transcription of Poly-
phonic Piano Music. We exploited most related works [7] [8], in particular, Matija
Marolt’s SONIC [8]. We introduced a novel neural network model made up of
Locally Recurrent Neural Network (LRNN) trained by a discriminative learning
algorithm opportunely modified for the task of multi classification of polyphonic
music recognition.

This paper is organized as follows: in section 2 we illustrate the neural net-
work model made up of LRNNs for AMT; in section 3 we consider the discrim-
inative learning approach and its modified version, the MCDL; in section 4 we
combine the LRNNs model with the MCDL technique. We finally related about
experiments results.

2 A Neural Networks Approach for AMT

The AMT should be considered a typical problem of dynamic pattern associa-
tion, since we have to associate sounds to notes.

The increasing popularity of neural network models to solve pattern recogni-
tion problems has been primarily due to their low dependence on domain-specific
knowledge the availability of efficient learning algorithms for practitioners to use:
they provide a new suite of non-linear algorithms for feature extraction (using
hidden layers) and classification. In addition, existing feature extraction and
classification algorithms can also be mapped on neural network architectures for
efficient (hardware) implementation.

Referring to Figure 1, for the feature extractions we used constant Q trans-
form CQT [2] as signal’s pre-processing phase. More details on its fast imple-
mentation are in [14].
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In [R] Marolt tested several neural networks models (MLP, RBF, time-delay,
Elmann, Fuzzy ARTMAP) and the one that best fitted with the SONIC architec-
ture was the TDNN. Our motivation for RNNs relies on the fact that dynamic
recurrent neural networks have proved to be really useful in many temporal
processing applications as DSP and temporal pattern recognition. In particular,
we’ll make use of Locally Recurrent neural Network (LRNNs): in [9] it is possible
to find the major advantages of LRNNs with respect to other models of RNNs
as buffered MLP or fully RNNs.

We used Causal Recursive BackPropagation (CRBP) [9] as gradient-based
learning: it is an on-line algorithm that implements and combines together the
BackPropagation Through Time (BPTT) and the Real-time Recurrent Learning
(RTRL); it can be efficiently implemented (respect to truncated BPTT) and has
the advantage of being local in space and time (respect to RTRL that is not
local in space).

In order to obtain improvements in terms of generalization capability and of
learning speed we’ll make use of the flexible spline activation function [10].

When working with IIR synapses it is important to assure stability: it is
known that a static causal filter is asymptotically stable if and only if (iff) the
poles of its transfer function lie inside the unit circle of the complex plane. We
implemented the Intrinsically Stable Adaptation (ISA) [I1] that makes possible
to continually adjust the coefficients with no need of stability test or poles pro-
jection: the coefficients are adapted in a way that intrinsically assures the poles
to be inside the unit circle.

The neural network model is depicted in Figure 2:

| e outl resh L .noteOn
L noteOff
L .noteOn
[I— a out2
LRNN-2 thresh noteOff
pattern
L ,noteOn
L LRNN-N outN thresh
L L noteOff

Fig. 2. Neural Network model for Automatic Music Transcription.

Each LRNN is trained to recognize a note among the N chosen; the input
pattern (the output of the signal’s pre-processing phase), is FW through each
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net: if the out of the single net is above a threshold, this means that the note is
ON, OFF otherwise.

3 The Discriminative Learning
for Multi-classification Problems

3.1 The Discriminative Learning

One drawback of traditional approaches to pattern classification is that the es-
timation error does not immediately translate into correct recognition: the stan-
dard MLP uses a minimum mean square error (MMSE) criterion that doesn’t
necessarily minimize the classification error rates. In [12], Juang and Katagiri in-
troduced a new formulation for the minimum error classification (MEC) problem
called discriminative learning.

Let’s consider a k-dimensional feature vector x; a linear discriminant function
could be defined as:

Each LRNN is trained to recognize a note among the N chosen; the input
pattern (the output of the signal’s pre-processing phase), is FW through each
net: if the out of the single net is above a threshold, this means that the note is
ON, OFF otherwise.

4 The Discriminative Learning
for Multi-classification Problems

4.1 The Discriminative Learning

One drawback of traditional approaches to pattern classification is that the es-
timation error does not immediately translate into correct recognition: the stan-
dard MLP uses a minimum mean square error (MMSE) criterion that doesn’t
necessarily minimize the classification error rates. In [12], Juang and Katagiri in-
troduced a new formulation for the minimum error classification (MEC) problem
called discriminative learning.

Let’s consider a k-dimensional feature vector x; a linear discriminant function
could be defined as:

g(x) = wx” + 1wy (1)

where w represent the weight vector and wg the threshold.

If we have a pattern recognition problem with M classes, we’ll have M dis-
criminant function, and so a classifier parameter set A:

A={A1,A2,..., An} = {W1, w01, W2, Woz, . .., W, Wonr } (2)

where A; = {w;, wo; }
Let the feature vector element xy = 1, each discriminant function could be
written as:
g(x) = wxT +wozo = AixT (3)

This classifier uses the following decision rule:

C(x)eC; if g;(x,A) = mjaxgj(x, A) (4)
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Thus, a feature vector x belongs to the class C; that has the maximum value of
the discriminant function; having linear discriminant functions brings hyperplan
decision boundaries.

Despite the fact that learning with MMSE criterion does not necessarily lead
to MEC, due to the computational efficiency, the determination of the classifier
parameters set is usually formulated as a MMSE procedure using an objective
function weighted by a discriminate function.

In order to derive the new objective criterion, the traditional discriminant
formulation, have to be replaced with the following three-step procedure:

1. Determination of the form of the discriminant functions g;(x, A)

2. Determination of a quantity that indicates whether an input token x of the k-
th class is to be misclassified according to the design rule of [7], implemented
by the classifier parameter set A. This quantity is known as misclassification
measure and one reasonable possibility is:

3=

de(x) = —g(x, A) + ﬁ > gi(x,A)" (5)
i,j#k

3. Formulation of the minimum error objective. A general form of the cost
function can be defined as:

Note that the cost function ¢, and the misclassification measure d can be
defined individually for each class k. Two of the several possibilities for the
cost function are the exponential or the translated sigmoid: both of them are
smoothed zero-one cost functions suitable for gradients algorithms. Clearly,
a correct classification have no costs, instead a misclassification leads to a
penalty that becomes a count of the classification error determined by the
loss defined above.

Finally, for any unknown x, it is possible to define an empirical average cost
as:

M
J(x,4) = li(x,A)a (7)
k=1

where a = {1 if x € Cj
0 otherwise
This classifier performance function is the basis of the objective that we
shall optimize with descent methods as the MMSE: A;11 = A; + eVJ(A;). The
Probabilistic Descent Theorem [13] assures the convergence of A; to a locally
optimum solution A*.
In [12] it is possible to find the complete MEC formulation for MLP. The
MLP structure for an M classes classification problem is depicted in Figure 3:
the network has M output neurons, each one of which models the discriminant
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function of the DL formulation. Since an input x belongs to the class with the
highest discriminant function value among the M discriminant functions values,
we expect that the correspondent output neuron of the MLP has the highest
value among the M output neurons values.

Fig. 3. MLP for M classes classification problem and neuron-j, level-1, n-input.

4.2 Multi-classification Discriminative Learning Algorithm

The DL model is attractive but it can’t be applied directly to our architecture,
in fact it is required that each input pattern belongs to a single class; instead,
our model can contain input patterns that belong to different classes, or in other
words, sounds made up of different notes (polyphony). We need to re-consider
the basic idea of discrimination: we need a procedure that takes into account
the fact that there’s the possibility of a not complete separation between classes
and that some input could lie in that common territory; we need to extend the
MEC for MLP to MCDL for LRNN.

Intuitively, we could apply a sort of superimposition of effects procedure in
which we consider a multiple classes input x € C, C UQ/[:1 C}. as belonging
separately to each one of the right p classes, and then combine the results. The
application of this procedure to the standard weight adjustment rule for neuron
in Figure 3:

o 832-

l sl -1
Awjy = —No T 5o = 0% (8)
J Jt

leads to the following modification:

Awéi: Z Awéi(a):xi_l Z 6;(11) (9)

ac{Cp} ac{Cp}

where Awé—i(a) and (5;(@) are respectively the weight adjustment rule and the
delta rule for an input x that belongs to the a-th right class among the p,
according to the superimposition of effects rule.

Let’s consider the delta rule for the last layer:
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_ . 9a) _ _de(a) dd; By; _ ad;
0i(a) = =075 = —07q; oy, 5ey =~ (0da) 3y, (10)
g‘Tyg =¢'(s;)=1 because of the final linearity
1
— 7
da = —Ya + M — Z yk (11)
kg{Cp}
od, _n171 ke {Cp}
Oy Jyvlf_p [ﬁ Zklg{cp} er] k¢ {Cp}

Combining the results above:

ij-i: Z d(a) =

ac{Cyp}

1-10d, :
—X; 1%€/(da) J€{Cp}
1-18d, '
Xy, Zke{cp} ¢'(da) J & {Cp}
where % is replaced by its right expression. If an input x belongs to no classes,
no adjustment is made (Awéz =0).
We also have to redefine the classifier decision rule: an input x belongs to
a set of classes {C)}, for each one of which, the discriminant function satisfies
a quantification belonging condition rule as for example a thresh function or a
domain integrity test.

5 The MCDL LRNN for ATM

The final model is depicted in Figure 4:

LRNN-1 outl ———

LRNN-2 out2 ——

— max ——
notes

R —

pattern

Z0~-4>Z~-X-1T0®W=-0

LRNN-N outN |

b

learning phase

polyphony }—

Fig. 4. MCDL model for Automatic Music Transcription.
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After a pre-training phase, in which each LRNN is trained singularly to rec-
ognize its target note, a discriminative over-training is made in order to assure
generalization and relationship between nets (that is: which is other nets’ be-
haviour when an input pattern is presented to the single net).

There’s the necessity to introduce a polyphony net in order to establish how
many outputs to take, that is, how many notes are playing (are ON) at a par-
ticular instant: if the polyphony net outputs m, the highest m outs are taken.
We choose as polyphony net a LRNN that has to be trained independently from
other LRNNSs, since it has a different task from the others.

6 Experimental Results

The experimental results reported here are of two kinds: the first is a compar-
ison between the model depicted in Figure 2 and a TDNNs model (similar to
SONIC), in order to demonstrate the advantages in using LRNNs and the draw-
backs of such approaches respect to discriminative ones; the second is mainly the
description of the growing learning process of the MCDL model and its strength
respect to the model in Figure.

All the networks used in these experiments had two layers, three hidden
neurons with hyperbolic activation spline function, one output linear neuron and
a variable number of input (generally 200) depending on the parameters chosen
for the CQT analysis (frequency range and the resolution). We used MA-AR:2-1
for the first layer in LRNN and MA:2 for the first layer in TDNN.

All the wave samples used for training/testing are random pieces (16 bit -
Mono - 11025Hz) generated using the Roland Virtual Sound Canvas VSC-88:
these pieces has a maximum polyphony level of 5 and a minimum note length of
50ms.

6.1 TDNN Model vs. LRNN Model

We used nearly 1000 wave samples in the range [C3; B5] as training and testing
sets. The LRNN model reveals its efficacy respect to the TDNN both on training
and testing sets, in particular, the LRNN model is able to identify correctly notes
that are misclassified by the TDNN with octave errors.

One drawback with this scheme is the redundancy of training, in fact each
network has to be trained independently with a specific training set. Moreover,
there’s the need to construct larger training sets in order to minimize the clas-
sification error on testing sets that are substantially different from the training
sets (that is: testing sets that contain different music styles respect to the cor-
responding training sets): however, very large training sets makes the learning a
real difficult task.

That’s why there’s the necessity to introduce a new model that is able to
overcome these difficulties.
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6.2 MCDL for ATM

We used single note wave files (with different lengths) as training set for all of
the LRNNs in the scheme. After an individual pre-training phase in which every
LRNN learns its target note from its single note wave files, a discriminative over-
training is made (with the whole training set), in order to relate each LRNN to
the other.

The model is able to classify exactly single notes and monophonic sequences,
without the need to enlarge the training set. That’s an interesting result, and
reveals the strength of the DL respect to a standard LRNN model: it’s impossible
for a standard LRNN model to obtain this result, conditions being equal.

If we over-train again the monophonic-model obtained before, with growing
levels of polyphony wave files, using the MCDL algorithm, we are able to obtain
again correct classification, without wasting the preceding results.

Obviously, when working with high levels of polyphony, there’s the necessity
to reconsider the preceding over-trainings steps and vary the n parameter of
discrimination: generally, a short value for 7 is used when polyphony grows.

7 Conclusions

In this paper, we presented a new approach to Automatic Music Transcription
of Polyphonic Piano Music: the MCDL LRNN model. This model reveals its
efficacy in most of typical Music Transcription problems combining the advan-
tages of LRNNs (respect to other dynamic pattern recognition techniques) and
discriminative learning (respect to other classification techniques).

The multi-classification technique is the real novelty of this approach: its us-
age makes the learning simpler and faster, making useless the build of separated
training sets for each notes, giving coherence and generalization to the whole
model.

Because of the novelty of this approach, several tests there have to be made
besides Music Transcription context, in order to understand the exact of effi-
cacy of this technique. Extension of this system to higher levels of polyphony,
shorter note’s length and different pre-processing techniques have to be con-
sidered. Additionally, a post-processing block (a neural network or an hidden
Markov model) may be considered to correct errors.
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Abstract. Electrical noise and power line interference may alter ECG
morphology. Noise reduction in ECG is accomplished applying filtering
techniques. However, such filtering may mutate the original wave making
difficult the interpretation of pathologies. To overcome this problem an
adaptive neural method able to filter ECGs without causing the loss
of important information is proposed. The method has been tested on
a set of 110 ECGs segments from the European ST-T database and
compared with a recent morphological filtering technique. Results showed
that morphological filters cause inversions and alterations of the original
signal in 65 over 110 ECGs, while the neural method does not. In 96%
of the cases the signal processed by the network is coherent with the
original one within a coherence value of 0.92, whereas this values for
the morphological filter is 0.70. Moreover, the adaptability of the neural
method does not require estimating appropriate filter parameters for
each ECG segments.

1 Introduction

Electrocardiogram (ECG) refers to the graph that results from plotting time
versus voltage in a patient chest. Voltage sensors are located on the chest and
the signal they pick up is directed to an electrocardiograph, an apparatus that
plots such a signal. Electrocardiograms (ECGs) represent the recording of the
heart’s electrical potential, and therefore ECG’s reading and interpretation is a
useful tool for physicians to diagnose heart’s diseases. One of the major problems
when recording signals so weak as the ECG is noise. There are several kinds of
noise that can affect ECGs but the strongest are the 50-60 Hz interference from
the main power distribution, and the 1Hz power line interference due to the
movement of patients, the erroneous electrode’s fixing and the amplifier’s drift
[1]. An ECG with such noise is shown in Fig. 1. Its temporal representation
clearly shows a baseline drift and a displacement from the 0 reference value (the
signal minimum value is around 100) of the amplitude values. During the last
twenty years, the literature has proposed several solutions to remove the power
line interference from ECG signals. Most of these solutions are based on ECG
filtering. Filters solutions fall into four common categories [2]:

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 139-147, 2003.
© Springer-Verlag Berlin Heidelberg 2003
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1) Low pass filters that also severely attenuate important frequency components
of the ECG signal,

2) General notch-rejection filters which can be grouped in two categories: IIR
and FIR filters. FIR filters behave similarly to low pass filters, attenuating
the entire signal content together [3]. IIR filters instead causes undesirable
distortions especially after the QRS complex [4];

3) Adaptive filters remove interferences from ECG using as reference input a
pure power line noise [5] [6]. This filtering method leave the source signal
undistorted, but it cannot follow fast changes in the interference amplitude
producing an undesired ringing effect [7];

4) Global filters have the main drawback to produce an inter-beat average dif-
ference and to be not very suitable for real-time implementations [8].

500 | ]
400} ]
300} ]

s LR P N P

~100} -

1500 2000 2500

Fig. 1. ECG with noise and shift of the amplitude values from the zero reference value.

A detailed characterization of digital filtering methods for ECG noise removal
can be found in [2] and [7], which also proposed an incremental adaptive digital
filtering method for the removal of power line interferences. It appears clear from
the above discussion that it is impossible to filter ECG at a specific or over a
given frequency range without losing important information that can produce
an erroneous interpretation of the signal. It is also important to underline that
none of the above filtering techniques was able to remove the baseline drift
and to rectify the signal around the 0 reference value. A better approach to
overcome the limitations discussed above is to use a filtering techniques based
on morphological filters [9], which has been showed to work better than the
traditional filtering techniques. Sedaaghi (1998) claims that morphological filters
are both able to remove the baseline drift interferences and rectify the signal
amplitude around zero. Neural Networks were mostly used for ECG classification
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[10]. Neural network for signal processing have suggested by several authors [11],
[12], [13]. However, in ECG processing, their use was limited to classification
tasks (see [14] and [15] among others). The present work proposes a filtering
techniques based on an adaptive learning algorithm. The performance of the
proposed method are assessed through a comparison with morphological filters
[9]. Tt will be showed, in the following paragraphs, that the proposed algorithm
performs better than morphological filters, eliminating either the baseline drift
and rectifying the amplitude values around zero without altering the original
ECG signal.

2 Materials and Procedures

The ECG waves were extracted from the European ST-T database. The database
represents the results of an international effort for defining a standard in the anal-
ysis of ST- T changes in the ECG’s waves from ambulatory recordings (AECG).
The project was founded by the European Community and by the European
Society of Cardiology [14], [15]. Thirteen research groups from eight European
countries (coordinated by the Institute of Clinical Physiology (National Research
Council) in Pisa (Italy) and by the Thorax Center of Erasmus University in Rot-
terdam (Netherlands)) provided the AECG tapes and annotated beat by beat
the selected 2-channel recordings, each of 2 hours in durations. The annota-
tion scheme was revised in cooperation with the Biomedical Engineering Centre
of MIT such that it was consistent with both the MIT-BIH database format
(MIT-BIH distribution). The European ST-T database consists of 90 annotated
excerpts of AECG recordings from 78 subjects (70 males aged from 30 to 84,
and 8 females aged from 55 to 71), each 2 hours in duration, sampled at 250 Hz
and encoded with a 12-bit resolution over a nominal £10mV range. Pathologies
are annotated in each recording. From this database we extracted 110 pathologic
and non pathologic ECG segments from the leads V2, V3, V4, V5 and MLIII,
100 segments (20 from each lead) of 40s in duration and 10 segments (2 from
each lead) of 160s in duration. On these data we performed our noise filtering
experiments.

3 The Adaptive NeuralNetwork

The adaptive neural network was a two layer MLP with fifteen input nodes and
three output nodes. The net is adaptive in the sense that it never stop to learn,
adapting its behaviour to the noise’s trajectory. The number of hidden nodes
depends on the lead from which the ECG was recorded. There were 15 hidden
nodes for the MLIII, V2 and V5 leads, and 5, and 10 hidden nodes respectively
for the V3 and V4 leads. The learning rate was fixed to n = 0,4. The activation
functions were hyperbolic tangents in the first hidden layer, and linear functions
in the output layer. To remove the noise, the idea is let the network to pre-
dict it from the original ECG. To this aim, the network, at each learning step,
takes as input 15 ECG samples and estimates from them the noisy part of the
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ECG. This is done along all the ECG length. In particular, at the presentation
of each input pattern, the network predicts three noisy samples reconstructing
along the time the entire noisy wave that is then subtracted from the original
ECG in order to obtain the filtered one. This process is implemented minimizing
the error function: E(i) = E(t(i),y(i)) = (t(i) — y(i))? between the target ¢(i)
for the noisy sample ¢ and the network output y(i) through the updating of
the weights. However, if the learning procedure is left without control, the net
prediction will also include the prediction of the QRS complex and the P and
T waves which are not noise but crucial parts of the ECG signal. In order to
avoid that, the network learning is stopped in proximity of the QRScomplex and
the P and T waves. This is done monitoring the value of the prediction error
during the learning procedure, through an adaptive threshold. Currently, the net
must commit the maximum prediction error when it reach a signal segment cor-
responding to an ECG peaks. If this error is greater than the adaptive threshold
(which is computed along the signal prediction) the learning is stopped and the
prediction of the following noisy samples is done simulating the prediction of the
signal previously learned. This process is kept as long as the network error value
for the successive ECG sample is above the threshold. The learning start again
after this phase. The threshold is dynamically computed during the learning as
the absolute value of the error between the ith ECG sample and the ith network
output, averaged over the number NV of ECG samples processed until the current

sample n, i.e.:
N

1

Threshold(n) = abs(5; ;(t(i) — (y(@)) . (1)
However, the predicted noise estimated during the learning has a zigzag trajec-
tory due to the ECG over-sampling. The zigzag can cause the lost of important
information when subtracted from the original signal. Therefore, as a final pre-
diction step, a smoothing procedure that uses a median filter [16] is applied.
The behaviour of the net on a given ECG signal is depicted in Fig.2, 3, 4. Fig.
2 shows the predicted noisy wave (dashed line) on the ECG signal (solid line)
reported in Fig.1 without the application of the median filter. Fig.3 shows the
effect of the median filter (solid line) on the predicted noisy wave (dashed line).
Fig.4 shows the filtered and rectified ECG.

4 Comparison with Morphological Filters

To assess the performance of our procedure we compared the network predic-
tions with those obtained applying the morphological filters [9]. As an example,
Fig.5 reports both the morphological filter performance (on the top) and the
net performance (on the bottom) on the ECG signal in Fig.1. From a visual
inspection of the signal it is clear that the morphological filters modify the form
of the original signal. In particular, in the range of 2500-3000 samples there is an
inversion of the ECG wave (top of Fig.5) with respect to the original signal (see
Fig.1) that does not appears when the filtering is made with the neural network
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Fig. 2. The same ECG as in Fig.1 (solid line) and the network output (dashed line).
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Fig. 3. The effect of the median filter (solid line) on the network output (dashed line)
over the original ECG (dotted line).

(bottom of Fig.5). A visual analysis performed over all the 110 ECGs constitut-
ing our database shows that the morphological filters mutate the original signal
in 65 over 110 cases, whereas the neural net does not [17]. A quantitative esti-
mate of the network performance was made using the coherence function in [18].
The coherence Cyy(w) is a function of the frequency w with values between 0
and 1 that indicate how well the input signal x corresponds to the output signal
1. The mathematical formulation is reported below:

|Pwy(w)|2

) By

(2)
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Fig. 4. The ECG filtered and rectified.
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Fig. 5. The ECG in Fig.1 filtered by the morphological filters (top) and the neural
network (bottom). The morphological filter produce an inversion of the ECG wave
during the a pathological event (sample range [3000,3050]).

were P, (w) is the cross spectral density as defined in [18]. As an example, the
coherence between an original ECG and its filtered version by the net (dashed
lines) and by the morphological filters (solid lines) is reported in Fig.6. It appears
clear from Fig.6 that either the net and the filter are able to cancel the 1 Hz
component of the baseline drift. However, as we move along the signal, the net
prediction is more close than the filter prediction to the original signal. Detailed
results on the coherence values are given in Table 1 for both the morphological
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Fig. 6. Coherence values among a non-filtered ECG and the same ECG filtered by the
neural network (dashed line) and the morphological filter (solid line).

filter and the adaptive neural network. As showed in Table 1, the net coherence
value is always more close to 1 than the filter coherence value. This is true, in
general for all the database under examination. The coherence values for all the
ECG of the present work can be find in [17].

5 Conclusions

This work suggests a novel procedure for the baseline drift removal in ECG
that employs an adaptive neural network. The assessment of the network per-
formance was made on a set of 110 ECG segments extracted from the European
ST-T database. Results show that the net is able to filter and rectify the sig-
nal without mutate its original form thus preserving important information that
can be lost with standard filtering techniques. It was also showed that the net
performance are qualitatively and quantitatively better than morphological fil-
ters that were shown to be the best filtering technique proposed up to now. In
96% of the cases the average coherence value between the original ECG and
that filtered by the neural network is close to 1, whereas coherence values ob-
tained using morphological filters were lower. Moreover, morphological filters
cause inversions and ECG wave alterations in 65 over 110 (59%) cases, whereas
the neural method does not. Furthermore, the adaptive neural network does not
require the estimation of appropriate filter parameters for each ECG segments.
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Table 1. Averaged coherence values computed between non-filtered ECGs (from the
lead V4) and those filtered by the neural network (first column) and by the morpho-
logical filter (second column).

Learnig Algorithm Morphological Filters

0.9430 0.3790
0.9391 0.4240
0.9490 0.8679
0.9318 0.7651
0.9510 0.8540
0.9411 0.5237
0.9390 0.3218
0.9507 0.7656
0.9421 0.6908
0.9496 0.9350
0.9422 0.6808
0.6773 0.0354
0.9396 0.5232
0.9439 0.6659
0.9246 0.3288
0.9158 0.2974
0.9911 0.3203
0.9291 0.6167
0.9444 0.8931
0.9276 0.5499
0.9103 0.5207
0.9269 0.5341

References

1. Hutha, J.C., Webster, J.G.: 60Hz interferences in electrocardiography. IEEE Trans.
On Biomed. Eng., 2, BME-20 (1973) 91-101.

2. McManus, D., Neubert, K.D., Cramer, E.: Characterization and elimination of AC
noise in electrocardiograms: a comparison of digital filtering methods. Computers
and Biomedical Research, 26 (1993) 48-67.

3. Van Alste, J.A., Schilder, T.S.: Removal of base line wander and power-line inter-
ference from ECG by an efficient FIR filter with a reduced number of taps. IEEE
Trans. on Biomed. Eng., 12, BME-32, (1985) 1052-1060.

4. Herrera-Bendez-, L.G.: Real time digital filters for ECG signals: evaluation and
new designs. IEEE Computers in Cardiology, 2(12) (1992) 133-136.

5. Ferrara, E.R., Widrow, B.: Fetal electro-cardiogram enhancement by time se-
quenced adaptive filtering. IEEE Trans. on Biomed. Eng., BME-29 (1982) 458-469.

6. Almenar, V., Albiol, A.: A new adaptive scheme for ECG enhancement. Signal
Processing, 75, (1999) 253-263.

7. Limacher, R.: Removal of power line interference from the ECG signal by an
adaptive digital filter. In Proc. of European Telemetry Conference (ETC-1996),
Gramish-Part, May 21-23 (1996) 300-309.



An Adaptive Learning Algorithm for ECG Noise and Baseline Drift Removal 147

10.

11.

12.

13.

14.

15.

16.
17.

18.

Barr, R.E., Fendjallah, M. Frequency domain digital filtering techniques for selec-
tive noise elimination in biomedical signal processing. IEEE Computers in Cardi-
ology, 2(12) (1990) 813-814.

Sedaaghi, M.H.: Wave detection using morphological filters. Applied Signal Pro-
cessing. 5 (1998) 182-194.

Papaloukas, C., Fotiadis, D.I., Likasb, A., Michalisc, L.K.: An ischemia detection
method based on artificial neural networks. Artificial Intelligence in Medicine, 24
(2002) 167-178.

Piazza, F., Uncini, A., Zenobi, M.: Neural Network with digital LUT activation
functions. In Proceedings of IJCNN, 2, Nagoya, Japan (1993) 1401-1404.
Guarnieri, S., Piazza, F., Uncini, A.: Multilayer neural networks with adaptive
spline based activation functions. In Proceedings of WCNN, Vol. 1, Washington
(1995) 739-742.

Chen, T., Chang, W.D.: A feedforward neural netvork with function shape auto-
tuning, Neural Networks, Vol. 6(9) (1996) 627-641.

Taddei, A., Biagini, A., Distante G.,et al.: An annotated database aimed at perfor-
mance evaluation of algorithms for ST-T change analysis. Computer in Cardiology,
Vol.16 (1990) 117-120.

Taddei, A., Distante, G., Emdin, M., Pisani, P., Moody, G.B., Zeelemberg, C.,
Marchesi C.: The European ST-T database: standard for evaluating systems for
the analysis of ST-T changes in ambulatory electrocardiography. European Heart
Journal, 13 (1992) 1164-1172.

Pratt, W.K.: Digital image processing. Wileyi & Sons New York (1978) 330-333.
D’Andria, P.: Neural Techni ques for baseline drift removal from ECG signals (In
Italian). Laurea Thesis, Salerno University, Department of Physics “E. R. Caian-
iello” (September 2001).

Lynn, P.: Analysis and processing of signals. Chapter 5, The MacMillan Press LTD
(1973).



Towards an Automatic Lesion Segmentation
Method for Dual Echo Magnetic Resonance
Images Using an Ensemble of Neural Networks

Andreas Hadjiprocopis* and Paul Tofts

Institute of Neurology
University College London
Queen Square, LONDON, WCIN 3BG, UK
A.Hadjiprocopis@ion.ucl.ac.uk

Abstract. There is a well recognised need for a robust, accurate and
reproducible automatic method for identifying multiple sclerosis (MS)
lesions on proton density (PD-weighted) and T2-weighted magnetic res-
onance images (MRI).

Feed-forward neural networks (FFNN) are computational techniques in-
spired by the physiology of the brain and used in the approximation of
general mappings from one finite dimensional space to another. They
present a practical application of the theoretical resolution of Hilbert’s
13" problem by Kolmogorov and Lorenz, and have been used with suc-
cess in a variety of applications.

We present a method for automatic lesion segmentation of fast spin echo
(FSE) images (PD-weighted & T2-weighted) based on anensemble of
feed-forward neural networks. The FFNN of the input layer of the en-
semble are trained with different portions of example lesion and non-
lesion data which have previously been hand-segmented by a clinician.
The final output of the ensemble is determined by a gate FFNN which is
trained to weigh the response of the input layer to unseen training data.
The scheme was trained and tested with data extracted from brains suf-
fering from MS. The results are presented.

1 Introduction

1.1 Multiple Sclerosis and MRI

Multiple sclerosis is a chronic, often disabling disease that attacks the central ner-
vous system. It involves an immune-system attack against the insulating myelin
coating of nerve fibers in the brain and spinal cord. The attack can strip myelin
from the nerve fiber and leave a scarred lesion that can be seen on magnetic
resonance imaging (MRI) scans. In MS, myelin is lost in multiple areas, leaving
scar tissue called sclerosis.

Magnetic resonance imaging has contributed to the understanding of multiple
sclerosis in several ways. It is valuable in the diagnosis of MS, in understanding
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B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 148-[I57] 2003.
© Springer-Verlag Berlin Heidelberg 2003



Towards an Automatic Lesion Segmentation Method 149

(a) T2-weighted (b) PD-weighted

Fig. 1. Example hand-segmented images. Lesions are outlined

the nature of the disease process, and as a tool in clinical trials to provide a
rapid and objective means of assessing the influence of treatment on the course
of MS.

Three types of MRI scans are commonly used to investigate MS, all of which
are sensitive to the higher than normal water content found in MS lesions and
the increase in relaxation times T; and Ty. They are obtained by manipulating
the radiowave pulses used in MRI in different ways, and are called T;-weighted,
Ty-weighted, and proton density (PD-weighted) scans.

In practice, patients are scanned with a small subset of the whole range of
MRI protocols because of time constraints and other considerations. In our case,
the available data set comprises of To-weighted and PD-weighted scans.

Figure [Mshows a slice of a To-weighted (a) and PD-weighted (b) MRI scan of
the brain of a patient with MS; lesions outlined by hand, are shown. The scanner
settings used to obtain these images are given is section 211

1.2 Lesion Segmentation

Lesion segmentation in MRI brain scans is usually a problem due to inaccuracies
because of various image inhomogeneities and artifacts, relatively limited MR
scanner resolution, inherent tissue heterogeneity, signal overlap from the different
tissue types and the effect of noise and partial volume averaging.

Existing manual techniques for identifying and segmenting multiple sclerosis
brain lesions are time consuming and have limited reproducibility, especially
between human raters. Given this, there is a clear need for a robust, accurate
and reproducible automatic technique for identifying such lesions on Ty-weighted
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and PD-weighted images. Further, there are two additional reasons to develop
such a method:

1. although MS high-signal lesions are pathologically heterogeneous their iden-
tification and quantification in itself is a useful objective measure of disease
(for example, in the context of trials of new therapeutic agents),

2. there is an increasing number of newer analysis techniques that rely on seg-
mentation of brain images into grey matter, white matter and cerebrospinal
fluid (CSF) fractions. The application of these techniques is limited by their
inability to deal with lesions.

1.3 Previous Studies

Previous studies have used automatic or semi-automatic methods utilising var-
ious techniques based on thresholding, region growing, interslice connectivity
criteria, [1)2J3], knowledge-based systems, [4], and statistical models of tissue
distribution in healthy brains, [5I6].

A combination of thresholding and artificial neural networks including a post-
processing phase requiring manual input was used in [7] to identify MS lesions
enhanced by Gadolinium (Gd), a paramagnetic medium injected to the patient
before scanning. The use of a contrast agent, such as Gd, makes active lesions
look brighter but it is relatively expensive and the injection might be uncom-
fortable for the patient. Additionally, older lesions might not be enhanced by
Gd. This poses a problem as the lesion detection algorithm will have to account
for both enhanced and non-enhanced lesions.

Lately, the use of fuzzy clustering methods has been applied in general MRI
segmentation problems (e.g. segmentation of the various tissue types rather than
lesions and other artifacts), [§]. Also, [9l10] provide a useful review on the appli-
cation of supervised and unsupervised pattern recognition techniques in general
MRI segmentation problems.

1.4 Feed-Forward Neural Networks

Feed-forward neural networks are computational techniques inspired by the phys-
iology of the brain and used in the approximation of general mappings from one
finite dimensional space to another.

From a mathematical point of view, FFNN are universal function approxi-
mators. Based on the resolution of Hilbert’s 13" problem by Kolmogorov and
Lorenz, it was shown that a FFNN with a single hidden layer, employing as many
non-linear units as required can approximate any continuous function arbitrarily
well.

In the past several years research in exploring the ability of feed-forward
neural networks to generalise on example data and predict on previously unseen
data has yielded many successes in a wide variety of applications, [11].

The training of FFNN is exercised through a supervised process by which
the network is presented with a sequence of inputs and their respective desired
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Fig. 2. Pixel value histograms of lesion and non-lesion areas

outputs. “Learning” occurs by adjusting the free parameters of the model (the
weights) in a way that the discrepancy between the actual and desired responses
is minimised, for all the training data. The most common training algorithm
is error back-propagation used in conjuction with the steepest gradient descent
optimization method, [11].

2 Methods

2.1 MRI Protocol

Fast spin echo images were acquired with an echotrain length of 8 and two echoes
on a SIGNA 1.5T system. The proton density echo had a TE= 15ms and the Ts-
weighted echo had a TE= 90ms. Both echoes had TR= 3s, slice thickness of
3mm, image matrix of 256 x 256 pixels and pixel size of 0.9375mm x 0.9375mm.
All images were corrected for RF coil inhomogeneity by rescaling their intensity
values, [12].

Additionally, the images were realigned and mapped into some standard
anatomical space (e.g. a stereotactic space), [13] using the package SPM, [14].
The realignment procedure aims at correcting for the patient’s movements during
scanning. The mapping procedure estimates the warping parameters and maps
each scan onto a template that already conforms to some standard anatomical
space.

2.2 Input Images Data

The images of figure [I] show the same slice of the same brain for two different
sets of MRI parameters. Fig.[l[(a) corresponds to the To-weighted modality and
fig. M(b) corresponds to the PD-weighted. The outlined areas show lesions hand-
segmented by a clinician.

The difficulty of segmenting lesions solely on the basis of their intensity is
demonstrated by the histogram plots of figure [2 In fig. 2(a), the left curve
corresponds to the histogram of the pixel intensities of a Ty-weighted volume
(i.e. 44 slices from the base to the top of the head, 3 mm apart) with no lesions
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Fig. 3. A scatter plot of the pixel intensities of the images. The dark area corresponds
to the whole image and the brighter area to the lesion areas

present. In the same figure, the right curve shows the histogram of the intensities
of all the lesion voxels of the same volume (no normal voxels were present). The
same applies for the plot of fig. Bb) which refers to the PD-weighted volume.

Fig. Blshows the scatter plot of pixel intensities of To-weighted versus PD-
weighted volumes. The dark area shows the intensities of normal pixels from the
volumes and the light area shows the intensities of lesion pixels. In both the
histograms and the scatter plot an overlap between lesion and non-lesion pixel
values is apparent.

2.3 Input Fields

Because the pixel intensities alone are not enough to separate lesions from normal
appearing tissue, it is necessary to increase the dimensionality of the training
data by deriving more input fields. This is done as follows:

1. spatial information:

(a) 2D or 3D absolute position of each voxel in cartesian (SA.2p or SA. 3p),
(x,y, %), and/or polar coordinates (SA,2p or SAp3p), (1, 6,¢).

(b) 2D or 3D polar coordinates (RDZ,, or RDL,) relative to one or more ro-
bust anatomical landmarks (L) previously selected by a clinician. There
exist some structures in the brain which are consistent across patients
and should be interesting to see the relative position of lesions with re-
spect to these landmarks. For example, it is common to observe lesions
around the central ventricle (this is clearer in fig. [[{a); the central ven-
tricle is the bright area in the middle of the scan).

2. Statistical indicators of the pixel intensity of a region or neighbourhood (W)
around the voxel under consideration, such as mean (SI)V) and standard
deviation (SIWV).
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3. Absolute pizel valued] of the voxel under consideration (PAV,) and/or ab-
solute pixel values of a region (W) around it (PAV,W).

By using information other than absolute pixel values and by considering brain
landmarks and regions around each voxel, a number of extra input fields are
introduced. This additional information, it is hoped, will increase the degree
of orthogonality between lesion and non-lesion voxels and will have a positive
effect to the ability of the neural networks to differentiate between the lesion
and non-lesion classes.

2.4 Creating the Training and Test Sets

Each voxel of the available image volumes can be described uniquely in terms
of its spatial position (z,y, z) and the patient’s unique ID, a. If all the available
images form an array v, then the pixel value of each voxel is given by v[z][y][z][a]
as a set of two values, one for the Ty-weighted and one for the PD-weighted
modality.

A region around a voxel at (z,y,z,a) can be selected by specifying a few
parameters. For example, shape (rectangular, elliptical), size, etc. Let all the
parameters required to specify a region centred around a voxel be described by
the set S%¥*® and let all the voxels in that region be given by the set W®:¥:%:¢:S

A line of data to feed a neural network (call it Fy) can be formed once the
data creation criteria enumerated in the previous section are decided. The set
of these criteria (call them C¥') are specific to the given neural network and
will be the same for all lines of input requested by it. For example, the set
of criteria: C* = {SA.2p, RDy}, SIWV, SIW:, PAVW: PAVW1}, will create
lines of input to the neural network F; which, for each voxel in the image data,
will contain the voxel’s cartesian 2D coordinates, 3D polar coordinates of that
voxel relative to the brain landmark L;, mean and standard deviation of the
pixel values of a region (W7) around the voxel, the absolute pixel values of the
given voxel and the values of the voxels in the region Wj.

Depending on whether the specified voxel is a lesion or a non-lesion, the
output class of the created line of data will be 0 or 1.

In summary, the procedure for constructing a data set to be used in conjuc-
tion with any FFNN (call it F;) is as follows:

1. choose the number of lines in the data set, N,

2. choose the set of criteria, C*. For this, it may be necessary to:
(a) define one or more brain landmarks (optional),
(b) define one or more regions (optional),

3. draw N voxels from the images by randomly choosing the voxel’s location
(x7 y’ Z7 a’))

! Because we are dealing with multi-spectral images,the term ‘pixel intensity’ refers

to the set of the voxel intensities in each image modality. In our case these are two:
Ta-weighted and PD-weighted.
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Fy
4. for each of the selected N voxels construct a line of input L¥¥**C

label it with 0 if it is a normal voxel or 1 if it is a lesion voxel,

and

The above procedure along with region, brain landmark and input field criteria
specifications must be associated with F;. Every time more training or test data
is needed for the given FFNN, the same procedure must be followed exactly.

2.5 The Neural Networks and the Ensemble

The number of available images hand-segmented by human raters is very large,
with the potential of creating millions of training examples. A monolithic FFNN
implementation utilising all available training data would not be practical while
the risk of over-fitting would be high.

For this reason, an ensemble of smaller FFNN trained with different subsets
of the available data and employing different criteria for selecting input fields
is more likely to be a better choice. How many neural networks, how wide the
selection of these subsets and how large the number of training examples will
be, all depend upon the computational resources at hand.

The ensemble of FFNN has two layers; the input layer and the gate FFNN.
Each of the FENN of the input layer will be trained with a different data set
which is created by combining a variety of regions, brain landmarks and criteria
for selecting the input fields. In this way, it is possible to utilise a number of
different combinations of input fields as well as covering more effectively and
uniformly the large number of available images.

The architecture of each FFNN of the input layer depends upon the number
of lines and input fields of its training set.

The gate FFNN will have as many inputs as the number of FFNN of the
input layer of the ensemble, each of which will provide one input for the gate.
The gate provides the final output of the ensemble.

2.6 Training the Ensemble

Once the regions, brain landmarks and input field criteria are specified, the size
of each FFNN of the input layer can be decided and training and test sets are
created.

The training of the ensemble is done in three phases. During phase (1), all
input layer FFNN are trained with their assigned data sets. In phase (2), the,
now trained, input layer FFNN are fed with unseen data. This data is part of the
large set of hand-segmented images but was not used in phase (1). The response
of each of input layer FENN will form the training set for the gate FENN of the
ensemble. In phase (3), the gate FFNN will be trained with the data produced
during phase (2).

The classification of an unknown voxel by the ensemble is also done in three
phases. In phase (1), a line of input corresponding to the voxel to be classified
has to be formed for each input layer FFNN following the same procedures as
those used for the construction of training sets. In phase (2), each input layer
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FFNN is fed with its corresponding line and an output value is produced. In
phase (3), the output of each input layer FFNN is put together and presented
to the gate FFNN which produces the final output of the ensemble.

3

Results and Discussion

An ensemble of 48 input layer FFNN and a single gate FFNN were trained
following the procedures below:

1.

The criteria for determining the input fields of each of the input layer FFNN
were constructed by using a combination of 2D and 3D voxel absolute posi-
tion and position relative to a single brain landmark (the caudate nucleus of
the basal ganglia). Pixel values of the voxel and a region around it and mean
and standard deviation of pixel values of voxels in region were also used.
Four different 2D region sizes were used with 10, 25, 50 and 75 voxels. The
regions were constructed using a “spiral” centred around the given voxel.
With this method the exact number of voxels can be included in the region
(unlike rectangular, elliptical or circular regions) while a certain symmetry
around the central voxel is retained.

The architecture of the FFNN were calculate using the following rules of
thumb: (a) first hidden layer of 1.2 x number of inputs, and (b) second hid-
den layer of 0.2 x number of inputs. All FFNN;, including the gate, employed
sigmoidal activations at their output.

The training set of each input layer FFNN contained 20,000 lines, half of
those came from lesion voxels and half came from normal voxels (some voxels
were present in training sets of more than one FFNN).

The set of hand-segmented images contained data from 14 MS patient.
The number of normal appearing voxels was 4,748,701 and the number of
lesion voxels was 63,216 (about 1.3% of normal voxels).

The gate FFNN had 2 hidden layers. The first hidden layer had 190 neurons
and the second 65. Its training set contained 40, 000 lines.

The ensemble was trained using simple back propagation, minimising the
discrepancy between actual and desired outputs using steepest gradient de-
scent. It took 5 days to train sequentially on a SunBlade 100 computer.
The performance of the classifier was tested with data from 6 MS patients
(in addition to the 14 above) which contained 2,335,277 normal voxels
and 29, 189 lesion voxels. The results were as follows: true positive: 25,452
(87.2%), true negative: 1,910,256 (81.8%), false positive: 425,021 (18.2%),

false negative: 3,737 (12.8%), sensitivity = TPZ% = 0.87, specificity
= N =0.82
TN+FP e

Fig. @ shows a schematic of the ensemble. The two left-most images show the
response of two FFNN (from a total of 48) of the input layer, while the right-

most image shows the final ensemble response provided by the gate FFNN. The

2 Informed consent was obtained from all subjects and the study had approval by the

ethics committee of the Institute of Neurology, Queen Square, London.
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Fig. 4. Schematic of the ensemble of neural networks used in lesion segmentation. The
first layer of FFNN feeds the gate which weighs their response and yields the final
output. The first 2 images (left-most) show the output of only 2 of the FFNN (out
of 48) when presented with unseen data. Pixel brightness shows the probability of
belonging to a lesion. The first 2 classifications (two left-most images) differ but are
not totally inconsistent. The third image (right-most) shows the final output of the
ensemble. Outlines show the lesions hand-segmented by the clinician

&

outlined areas are lesions identified by a human rater. In all three images pixel
brightness shows the probability of belonging to a lesion.

Most false positive voxels were part of cerebrospinal fluid (the bright ventricle
in the middle of fig. M(a)). Additional post-processing may improve the accuracy
of the classification by segmenting out this ventricle.

With advancing scanner technology, it is now possible to reduce the slice
thickness (in our case it was 3mm) to lmm. In this case it will make sense to
use interslice connectivity information in the training set but also as part of a
separate post-processing stage where suspected lesion voxels are checked as to
whether they are part of a 3D structure resembling a lesion or just isolated false
positives.

Future work will concentrate on using other methods for combining neural
networks together, for example [I5/16/17].
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Abstract. In this paper we describe a 3d face recognition system based
on neural networks. The system consists of a modular architecture in
which a set of probabilistic neural networks cooperate with the associated
graphical models in recognising target people. The logic of this cooper-
ation is quite simple: each network is able to discriminate between its
“target” and all other samples of the training set. This is done by using
only one characteristic piece of information among the available sets of
L,U,V colours and Z coordinate. Every network provides its associated
graph with estimates obtained during the training phase, while graphi-
cal models coordinate the answers of all the associated networks giving
the posterior probability that the target corresponds to the person to
be recognised. Then a decision-making criterium based on the maximum
posterior probability is established to identify the recognised face.

1 Introduction

Computers still have relevant difficulty in reproducing some easy tasks carried
out by humans. This is the case, for example, of people recognition or more
generally, of recognition of patterns. Nevertheless, this task has become more
and more meaningful in today’s society, especially for those special contexts
requiring security and control.

When it comes to face recognition, this need is particularly shown by a fair
number of commercial products for professional, non professional tasks and even
for home computer access control. Despite the fact that almost all available sys-
tems are still based on 2d data image there is an increasing number of researchers
that are trying to explore both the third spatial dimension and the respective
colour appearance of the face (the reader is refered to many exellent surveys,
such as [1], [2], or [3]). In many of these researches, the use of multi-criteria based
discrimination seems to provide a powerful tool to achieve various detection and
recognition tasks (generally through “a priori” decomposition of the image into
meaningful facial parts). In those researches, the compounded approaches have
also improved sensitivity and reduced susceptibility to disturbing sources [].

In this paper we use a multi-criteria based discrimination by analysing L, U, V'
colours [f] separately and by examining the information of an image that comes

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 158-I64] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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from Z coordinate. To do so, recognition is carried out following two main steps:
first, a batch phase in which we train the system (section 1), second, the on-
line recognition task (section 2). During the first phase, a set of specialised
probabilistic neural networks [6] are able to discriminate the face of people,
while during the second phase we use simple statistics from the training to
create bayesian graphical models in the identification task.

2 Training

Once the faces are captured they can appear arbitrarily oriented in space. For
this reason, we used only 3d images previously processed in order to have all the
faces rotated in frontal view and translated from their initial position into the
center of a fixed coordinate system.

In an attempt to explain this more clearly we can define Op, Oy, Oy and
Oy as operators which extract from the set of faces A the respective colours and
depths; for instance, Of, : A — A, where Ay, is the set of all subjects A described
by their component L. Therefore, in order to reduce the size of an image (initially
with a definition of 127 x 87), we computed the principal components on the
set Ar, Ay, Ay and Az. In the following discussion we assume these sets to be
precisely the projections obtained through this data reduction step.

We also define the set S = {s; | j € AL} as images (projections from
PCA) whose values correspond to the description of subject j by using only L
components. Similarly, S, S}, S7 define the sets of sample (projections) faces
for subject j whose values represent the U, V and Z components.

The goal of the training phase is to obtain for each specific person j € A a
network able to discriminate between positive examples S* = {s; | j € Ax} -
sets of targets described through component X € {L,U,V, Z} - and the rest of
the images i.e. negative samples in the training data SJX =Ax — S]X. Since we
used 4 sources of information, we created 4 sets of PNN: NNZ, NNV, NNV and
NNZ respectively, being trained to classify faces according to their respective
information. In other words we have 4 neural networks for each target j - i.e.
nnf € NN* nn¥ € NNV, nn} € NNV ,nn7 € NNZ - being trained to answer
on the set {0,1} depending on the identification of their target or not. We will
call the set of their answer evidence vector.

Execution starts by simultaneously presenting the input vector (target j) to
all pattern networks. The transfer function for each radial basis neuron in each
network is the unnormalised Gaussian, shown in expression [I]

Wd)=e® withd=||j—w]|b. (1)

where w is the neuron’s weight vector; d is the distance between the input vector
and its weight vector and b is the bias [0].

The bias b allows the sensitivity of the radial basis neuron to be adjusted.
Each bias is set up y/—10g(0.5)/spread. This provides radial basis functions that
cross 0.5 when there are weighted input of |spread|. This determines the width
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Fig. 1. Networks architecture.

of an input area to which each neuron responds. For instance, when spread is
4, each radial basis neuron will respond with 0.5 or more to any input vector
within a vector distance of 4 from their vector weight.

The choice of spread can have a profound influence on the performance of the
PNN. Values that are too small exert excessive influence on individual training.
Often the values of spread that are too large cause so much blurring that the
details of the density are lost and density estimates are badly distorted. For this
reason training is performed through the help of a validation set. This is a well-
known practice in the field of supervised-learning with neural networks (see for
example [7]). The training phase is cyclically repeated until the system properly
acts on the new set of samples (validation). Simple heuristic approaches are
broadly used for this task: in our case, we save for the run time phase the network
which gives the lowest error performance ValErr during its discrimination task
. Outputs of the Algorithm 1 represent neural network weight matrix Net;, and
frequency of correct answers C'PT}; (conditional probabilities table as defined
in the framework of graphical models [§]), given that face j is presented to the
system. The procedure pnet builds a new PNN based on the values of spread,
training T and validation V.

3 Run Time

Run time environment is related to on-line acquisition and recognition steps.
That is, the precise moment in which we capture and identify faces passing close
to a camera. In order to recognise a person we established two main criteria that
will separately guide our decision-making procedure.
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Algorithm 1. Training procedure.

WHILE spread <= MaxSpread
[net,ValErr,CPT] = pnet(T,V,Spread);
IF (ValErr < MinValErr)
Net_j = net;
MinValErr_j = VaErr;

CPT_j = CPT;
spread = increment (spread);
endIF

endWHILE

The first one is based on the optimisation of correct frequency answers in
case the networks give a positive value as output. The second one is based on
the computation of the posterior probability when the evidence vector of the
neural networks is observed. In the first case we compute:

rpeajc{pi} . (2)

in which A is the set of networks whose answer is 1 (i.e. networks identify the
face as target), and p; is the frequency of correct answers of the i-th network
collected during validation phase. Therefore, the person proposed by the system
is the one associated with the network which provide (having performed the
lowest frequency error) more reliability during the validation phase.

In the second case, we can represent the run time situation by simply produc-
ing a graphical model such as that shown in Figure 2l Such models are graphs
in which nodes represent random variables and the lack of arcs represents condi-
tional independence [§]. In our case, we suppose independence between networks
and - without any prior information - discrete uniform distribution of target peo-
ple passing close to the camera. With these assumptions in mind we can design
a model based on the following variables:

— Random variable T} (associated with the root):

1 if “acquired face j is target for respective
T; = graph”
0 otherwise

— Random variables L;, U;, V; and Z; (associated with children nodes). For
each scanned face, we have 4 indipendent neural networks being trained to
discriminate that face according to the specific set of information; indeed we
defined L; as:

1 if “the observed network identify face j
L; = as target by using L-information only”
0 otherwise

In the same way we can define random variable U;, V; and Z; by considering
the associated information respectively.
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Fig. 2. Bayesian graph in the Run Time situation when the face j is to be recognised.
Conditional probability table (cpt) is shown for the L-values only.

After all networks have responded we have a vector of 4 evidence components
for each specific trained face j. To draw a direct model, we must also specify the
conditional probability distribution (cpt table in Figure B) for each node.

Since during the training phase we collected the frequency of correct answers
for a specific network, we can use these values to estimate the conditional prob-
ability that the network will correctly answer when the face j is captured by
the camera. Therefore, we can compute for each graphical model j (we have
as many graphs as the number of people in database) the posterior probability
p(T;|L;,U;,V;, Zj). The decision-based procedure is then given by:

meaj({p(Tj =1L;=1LU;=u,V;=v,Z; =2)}. (3)
J

where [, u,v and z are the realisation of the respective random variables. Hence,
the person will be associated with the graph which gives the highest posterior
probability value.

4 Concluding Remarks

The system proposed in this paper has been tested on a set of 19 3d face images.
These images have been obtained at different times under natural indoor lighting
conditions with cluttered background. During the acquisition of faces people were
asked to maintain an inexpressive face. By taking into account these hypothe-
ses it is clear that this experiment is far from providing conclusive outcomes.
Anyway, the results obtained on this small sample seem to be encouraging. For
each target person, Table [l shows the answers of the system both with engine 1
and engine 2. If following the first trial the system does not properly provide the
target, the system is asked again to output a maximum of 3 possibilities. Both
the first and the second engine adequately answer during the first trial 17 times
out of 19. If we allow the system to get two possibilities we obtain 18 correct
answers out of 19 for engine 1 and 17 out of 19 for engine 2. Because of noisy
images, especially regarding Z component, and the lack of a fairly good number
of training samples, some networks can output unsafely.



A Probabilistic Neural Networks System to Recognize 3D Face of People 163

Table 1. Outputs of system in decreasing probabilities order: for each acquired target
first appears the system answer with the highest probability value.

target | engine 1 | engine 2
1 3,1 3,8

2 2 2,8

3 15,5,8 15,8,5
4 4 4.8

5 5 5,8

6 6,2 6,8

7 9,7 9,7,8
8 8,11 8

9 9 9,8
10 10 10,8
11 11 11,8
12 12,1 12,8
13 13,17 13,8
14 14,1,2 14,8
15 15 15,8
16 16 16,8
17 17 17,8
18 18 18,8
19 19 19,8

A modular architecture is an attractive system especially when the context
requires the recognition of greater numbers of people: in practical application,
for example, this is the case of security systems. In those cases we do not need
to train again the system but we simply add a specialised network which is able
to discriminate its target. However, the problem continues to be represented
by the difficulty in verifying to what extent some information Z, L, U and V
can provide a major contribution to recognition. Our effort here is to show a
strategy that harmonise different answers (PNN answers) by developing a simple
modular system. In addition, the coordination of different answers through a
bayesian graph is intended to achieve this task with more accuracy. It is this
kind of usage which characterises the originality of our approach; in this context,
probabilistic neural networks are used as a tool for an estimation of conditional
probabilities required by Bayes’ classification techniques. The bayesian model
calculates, in turn, a posterior probability based on the estimation of the most
reliable networks.

The framework described above has been implemented in Matlab within a
complete prototype for authomatic face recognition system consisting of 4 parts:
acquisition of an implicit representation of 3d data image (phase image) from
a double CCD camera; reconstruction of the explicit 3d and colour face (XYZ
surface and LUV data); extraction of significant features and finally identification
of the person.

The authors wish to thank Comerson Srl, a leading company in the area of
CCTV, for its grant of the 3d images in its proprietary format.
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Abstract. In this paper joint use of array processing techniques and
Independent Component Analysis is proposed to separate acoustic sig-
nals in the presence of reverberation. The estimated time delay of arrival
is employed as an index of performance, to show that the described
approach is effective in performing the dereverberation of the received
signals, as confirmed by several experimental tests in different environ-
mental conditions.

1 Introduction

Independent Component Analysis (ICA) has raised the interest of many re-
searchers in recent years, due to the high number of potential applications (e.g.
signal and image enhancement, analysis of medical signals, source separation in
telecommunications). Generally speaking, the goal of ICA is to recover original
signals by observation of a mixture, having no knowledge of the mixing func-
tions. In the simplest model, mixing is instantaneous (i.e. no convolutions are
considered), thus neglecting any delays, reflections or noises.

An extensive literature on ICA is available. An efficient and popular al-
gorithm was proposed in [I], and subsequently improved by Amari [2]. The
proposed approach was able to separate up to ten mixed acoustic signals. Un-
fortunately, the instantaneous mixture model is not realistic when dealing with
the problem of acoustic signal separation in reverberating environments. In this
case, in fact, signals are convolved with the impulse response of the environment,
which takes into account the effects of reflections and diffusion. The study of ICA
in the presence of convolving mixtures thus requires a higher level of complexity.

A recent approach [B] proposed the joint use of array processing techniques
and ICA to separate multiple acoustic sources in the presence of reverberation.
In this work the algorithm presented in [3] is properly modified to separate
signals at different reverberation levels. In particular, the time delay of arrival
(TDOA) is introduced as a useful performance index in experiments, to show
that the proposed approach has the effect of actually dereverberating the received
signals.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 165-IIZ0] 2003.
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2 Separation Algorithm

2.1 Signal Model

Received signals include ambient noise, directional or not, and reflections from
the walls of the room and other objects. Assuming M microphones and D
sources, the following model in the frequency domain is commonly adopted:

x(w,t) = A(w) - s(w,t) + n(w,t) (1)

where x is the vector of the short-time Fourier transform (STFT) of the received
signals, s is the STF'T vector of the source signals, A is the mixing matrix and
n is the STFT noise vector.

A is an M x D matrix, and its (m,n) element, A,, ,(w), is the transfer
function from the n-th source to the m-th microphone

Am,n(w) = Hm,n(w)e_ijm’n (2)

In this equation, 7,,, is the propagation delay from the n-th source to the
m-th microphone. It can be noted that eq. () is formally similar to the case
of instantaneous mixtures, if noise components are negligible. So, proper noise
reduction techniques can be devised in order to make it possible the application of
instantaneous separation algorithms to each frequency bin. A possible approach
is the subspace method, quite popular in the array processing field, which is
briefly reviewed in the following [3].

2.2 The Subspace Method

The subspace method is based on a proper decomposition of the spatial correla-
tion matriz, defined as

R(w) = Ex(w, t)x" (w, )] 3)

Assuming uncorrelation between signal and noise and omitting w for simplicity,
from () it is possible to obtain

R=AQA" +K (4)

where Q = E[s(t)s” (t)] and K = E[n(t)n*(t)].

The hypothesis of uncorrelation between s and n is not strictly verified, since
n(t) includes the reflections of s(t). However, if the STFT window is short enough
and the delay time between the direct signal and the first reflection exceeds the
window length, it can still be considered valid.

Computation of the generalized eigenvalue decomposition of R [4] leads to

R = KEAE™! (5)

where E = [ey, ..., ep] is the eigenvector matrix, and A = diag(Ay, ..., A\pr) is
the diagonal matrix of the eigenvalues. Assuming that the signal power is high
compared with the noise power, eigenvectors and eigenvalues have the following
properties, that we recall from [3]:
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1. The energy of the D directional components of the signal s(¢) is concentrated
in the D dominant eigenvalues.

2. The noise energy is uniformly distributed on all eigenvalues.

3. The eigenvectors (ey,...,ep), corresponding to the dominant eigenvalues,
constitute an orthonormal basis of $(A), where R(A) is the column space
of A [].

4. Eigenvectors (epy1,...,ey) constitute a basis of R(A)+, where R(A)* is
the orthogonal complement of R(A).

Subspaces R(A) = R(E,) and R(A)+ = R(E,) are called the signal sub-
space and the noise subspace respectively, being E; = [eq,...,ep] and E,, =
[eD+1, e ,e]\/j}.

Properties 1 e 3 correspond to assume that directional components lie into
the signal subspace, while noise is fairly distributed over all frequencies.

The subspace filter is finally defined as

W= A,V (6)
and processed signals are given by

y(w,t) = W(w)x(w,1) (7)

2.3 Scaling and Permutation

Since the separation algorithm is applied separately to every frequency bin,
it is fundamental the determination of the correct amplitude and the correct
permutation of the separated signals in order to correctly reconstruct the signals.
In [3] the amplitude problem is solved by multiplying the output signals w,,(ts)
by the pseudoinverse of the mixing matrix. If

u(w,t) = B(w)x(w,t) (8)

is the unmixing equation (where matrix B(w) takes into account the effects of
both the subspace filtering and the ICA algorithm), the amplitude ambiguity can
be solved by use of a proper scaling matrix Bgn(w) [3], where symbol £ indicates
pseudoinversion [4].

In order to solve the permutation problem, in [3] the Inter-Frequency Co-
herency (IFC) method is proposed. This technique is based on the consistency
of the mixing matrix in adjacent frequencies. Assuming for the mixing matrix
A(w) the model ([l) and assuming for simplicity H, ,,(w) = 1, the steering vector
a, is given by
7jw7'1n’ . 7jw'rMn}T (9)

a,(w) =le e

At the adjacent frequency wy = w — Aw it is

an(WO) = [e—j(waw)‘rln efj(W*AW)”'Mn}T (10)

geeey
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It can be seen that the location vector a,(w) is equal to a,(wy) rotated by
an angle 6,,. So, matrix A(w) can be written as

A(w) = T(w,wp) - A(wp) (11)

where T is a rotation matriz. If the STFT frequency resolution Aw is small
enough, also angles 6,, are small and T(w,wp) ~ I holds.

Indicating with a;(w) the column vector of the estimated mixing matrix A (w),
it is
a; (w) - 8n(wo)

cosf, = — — (12)
1 (W)l - [[a5] (wo) |
The following cost function F(P) is introduced
12D
FP)= D ; cos b, (13)

In order to avoid that an error in a frequency bin induces errors on the choice
of the permutation for next frequencies, the reference frequency wq is extended
to an interval wg = w — k- Aw con k =1,..., K. The value of the cost function
at wp is denoted by F(P,k) and is properly exploited to determine the best
possible permutation. More details can be found in [3].

3 Experimental Results

Two sources were considered in the experiments. The image method [8] was used
to simulate the room response for different reverberation times [7]. The room
size was 5.45m x 4.15m x 2.80m and 6 microphones were supposed to be placed
on a wall, 20 apart from each other, at a height of 1.7m. Sources were placed in
front of the microphone array, at a distance of one meter.

Various experiments were performed, with different kinds of sources. The
sampling rate was 16kHz.

Fig. [l shows the overall structure of the proposed separation algorithm.

. i Solvin;
Mixed Centering o ving .
ciomals + bl sTEr o Subspace Lyl jcA 1B amplinde [ IFC  {B| ISTFT [P U“”“lxe"
Sl Whitening filter problem signals

Fig. 1. Algorithm flowchart.

Input signals were first centered and whitened. STFT was then computed,
using a Hamming window of 32ms and fifty percent overlapping. The FFT length
was 512, as a compromise between performance and complexity.

The subspace filter was then applied, to remove noises and reflections and to
reduce the number of signals to be processed. Finally ICA was performed, by use
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of the well-known Amari’s algorithm [2]. Amari’s algorithm was adopted in this
work, since it does not require any matrix inversion and it yields a fast conver-
gence rate. In particular, Amari’s rule was properly adapted to take into account
the complex nature of quantities of interest. In fact, Hermitian transposition was
used instead of simple matrix transposition and the following activation function
f(-) was adopted [5]

f(z) = tanh(Re{z}) + j tanh(Im{z}) (14)

The filtering matrix was updated by use of a learning coefficient 1, whose
choice is critical for the success of the algorithm. In this application the value
n = 10"* was chosen.

After solving the amplitude and permutation ambiguities, the inverse STFT
was applied to yield the unmixed signals.

Several experiments were performed, at different reverberation levels. Specif-
ically, gaussian noise, speech signals and music instruments were considered as
sources, in various combinations. The reverberation time Tr was varied from 0
to 0.5 seconds.

As a performance index, the relative time delay of arrival (TDOA) between
the separated signals on different pairs of microphones was adopted. It is well-
known that in the presence of reverberation cross correlation methods often fail
in determining the correct TDOA [9]. In this case generalized cross correlation
(GCQ) is usually employed [10]. In the present work, in order to analyze the
performance of the proposed solution in terms of its dereverberating effects, the
delay times estimated by the PHAT-GCC algorithm [T0] applied on separated
signals and on single reverberated signals were compared.

Figures 2] show the histograms of the estimated TDOA for a single micro-
phone pair in the presence of two speech signals and Tr = 0.3. The vertical
line indicates the true TDOA. Figure on the left shows the TDOA estimates
obtained in the presence of the first signal alone, while figure on the right shows
the TDOA histogram obtained from the same signal after separation. The im-
provement is clearly visible. Figure [3 shows the TDOA statistics in terms of
number of anomalies, bias and standard deviation of the estimate, in the case of
separation of one gaussian and one speech signals. The TDOAs are estimated for
the gaussian signal, alone and after separation, at different reverberation times.

120 120
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80 80
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40 40
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Uo 5 10 15 c0 ' 5 10 15
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Fig. 2. TDOA histograms in the case of two speech signals and Tr = 0.3.
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Fig. 3. TDOA statistics for gaussian and speech signals. Left to right: no. of anomalies,
bias and standard deviation. Dashed line: gaussian signal alone, solid line: gaussian
signal after separation.

More specifically, a TDOA estimate is an anomaly (or outlier) when it exceeds
a prespecified threshold [9]. The number of anomalies is usually refferred to in
TDOA estimation problems as a measure of an algorithm’s robustness. Bias and
deviation standard are evaluated on all non anomaly estimates. Also in this case

the

dereverberating effects of the proposed algorithm are evident.
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Abstract. In this paper we analyze seismic signals recorded in Septem-
ber 1997 in Stromboli (Sicily) during explosive eruptions. First, we ana-
lyze the data via an unsupervised techniques using the Mixture of Gaus-
sians algorithm (MoG) and the Principal Component Analysis (PCA)
to discover the structure of the data. Experts distinguish two types of
signals related to two different type of Strombolian explosive eruptions
(Type 1 and Type 2). Using the MoG algorithm we can distinguish two
classes that, with a good agreement, correspond to the two types of ex-
plosions given by experts. As a second step, we implement an supervised
automatic system in order to discriminate between the two different types
of explosive eruptions. The automatic system based on the MLP achieve
a correct classification percentage of more then 98% on the test set (and
100% on the training).

1 Introduction

Stromboli may be considered one of the most active volcanos in the world, and
its persistent but moderate activity, termed Strombolian, is only interrupted
by occasional episodes of more vigorous activity accompanied by lava flows. In
September 1997 the eruptive behavior was characterized by mild, intermittent
explosive activity during which well-collimate jets of gases laden with molten
lava fragments burst in short eruptions lasting 5-15s. The explosions were char-
acterized by a typical rate of 20-30 events per hour (this was an occasional swarm
activity, while explosions at Stomboli typically occur at a rate of 3-10 events per
hour). In this period eruptive activity occurred mostly in two distinct vents lo-
cated near the northern and southern perimeter of the crater. Experts are able
to distinguish two different types of waveforms [2]: The type 1 events are asso-
ciated with eruptions from the northern vent, characterized by canon-like blasts
typically lasting a few seconds and producing well-collimated jets of incandes-
cent gases laden with molten fragments. The type 2 events are representative
of eruptions from the southern vent. These eruptions were much less impulsive
than those from northern vent, lasted longer (up to 20s), and produced wider
fans of ejects and significant amounts of ash.

The goal of our work is double, from one side, the aim is to visualize the
data via a dimensionality reduction and to discover the structure of data via
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Fig. 1. Type 1 (A) and Type 2 (B) signals from our data set.

a probability distribution parametric model as the MoG, from the other side
our aim is to implement a reliable automatic classifier able to discriminate the
explosion quakes type 1 and type 2. A reliable automatic classifier may be useful
to reduce the work of the experts, that usually discriminate the two kind of
explosions by hand, case by case.

Our data set is composed of 353 events, of which 183 correspond to type 1
(northern vent) and 170 correspond to type 2 (southern vent).

In section [2 the signals are described, in sec. 3 an unsupervised approach
is reported and in last section an automatic classified based on a multilayer
perceptron (MLP) is designed and results are summarized.

2 Data

Our data were recorded, in September 1997, by a network of 21 three-component
Guralp CMG-40T broadband (0.02-60s) seismometers deployed on the flanks of
Stromboli. The network featured three rings of sensors surrounding the edifice,
at crater level, mid elevations and near sea level, with stations ranging in dis-
tance between 0.3 and 2.2 km from the active crater. The stations remained in
operation from September 18 through September 25 1997. The data set available
to us is made of 353 records that had been filtered between 0.02 Hz and 0.6 Hz,
and then have been re-sampled with a sampling frequency of 10 Hz. This filter
enhances the very-long period (VLP) components present in the explosion sig-
nals and brings to light the repetitive action of two sources distinguished by their
characteristic waveform. Figure 1 shows one signal of type 1 and one of type 2.
Each signal of our data set is 24 seconds long (a vector with 240 components).
There are 183 signals of type 1 and 170 of type 2.

3 Visualization and Unsupervised Analysis

Data visualization is an important means of extracting useful information
from large quantities of raw data. The human eye and brain together make a
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formidable pattern detection tool, but to work the data must be represented in
a low-dimension space, usually of two dimension. Principal Component Analysis
(PCA) is a classical linear projection method for mapping data to a lower dimen-
sional space. We apply the PCA to the full data set composed of 353 vectors in a
240-dimensional space. The data points are visualized by orthogonal projection
on the principal components plane, spanned by the two leading eigenvectors (i.e
those with the largest associate eigenvalues). The resulting graph is shown in
figure 21 Note how the class denoted by crosses is scattered in the plane, while
the other class is more tightly grouped. This linear map shows reasonably good
separation between the two types, although they overlap in the central part of
graph. So this information processing problem is solved by human brain in seem-
ingly effortless fashion. To solve the problem with an automatic computation we
recall that most pattern recognition tasks, as the classification, can be viewed in
terms of probability density estimation. A powerful approach to density estima-
tion is Gaussian mixture model (MoG)[I] We write our model for the density as
a linear combination of component densities in the form

p(z) = (Y pl/i)p(7)) (1)
J
in which the p(x/j) represent the individual components of the mixture. Using 5
components (j=1,2,3,4,5), with diagonals covariance matrices, results are shown
in fig. BA-B. Each signal is assigned to the cluster C; such that P(Cj||x) >
P(C, ).

Using only two components (j=1,2), with diagonals covariance matrices, to
build a density model of the data P(x), and computing posterior probabilities
P(C;||x) by Bayes’ theorem, we get an unsupervised classification of the data into
two clusters. Each signal will be assigned to the cluster C; such that P(C;||x) >
P(C}||x). The decision boundary is defined by the equation P(C;|x) = P(C}|x).
The class corresponding to type 1 (2) will be the one that includes a greater
number of type 1 (2) data with respect to the other and a lower number of type
2 (1) signals. The decision boundary is shown in fig. BlA.

4 Supervised Analysis

An alternative was to develop a model that estimates the posterior probability
directly via a supervised approach, this can be done using a neural network. We
use a feedforward Multilayer Perceptron (MLP) with one hidden layer of units.
The data set has been divided in training set (1/3 of data) and test set (2/3 of
data) in order to get a robust estimation of the generalization performance of
our classifier. In the preprocessing stage we use the PCA to extract the features
of the 240-dimensional data. Then the MLP has been trained to classify the ex-
tracted features. Figure BlB shows the eigenvalues, when PCA is applied to the
training set, arranged in descending order. We can effectively reduce the dimen-
sionality of the data, keeping about 95 % of information content, by retaining
only the first 15 eigenvectors and discarding those with small eigenvalues. Thus
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Fig. 2. A. Data projected in the two-dimensional principal space. MoG results with
5 gaussians are shown. (Dots shows Type 1 and crosses shows Type 2 data). B. Cor-
responding cluster composition. Cluster named 1 is mixed, while other clusters are
composed of mainly one type of events. C. Data projected in the two-dimensional
principal space. MoG results with 2 gaussians are shown. D. Corresponding cluster
composition. Type 2 data fall all into a single cluster.

we project training and test data onto the space spanned by the first 15 eigen-
vectors. A 15-dimensional vector will be the input of the MLP classifier. The
network architecture is the following: 15 input nodes, 3 hidden nodes and one
output node. The net output y is given by

y = o Z w; tanh(z Wi; x;)) (2)

where )
ola) = —— 3
(a) = 17 pe— 3)
The logistic sigmoidal is the activation function of the output layer, while the
hyperbolic-tangent, tanh(a), is the non-linear activation function of the hidden,
x; is the input and W;; and w; are the parameters (or weights) optimized during
the training procedure, minimizing the error function cross-entropy. We use a
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Fig. 3. A. The decision boundary using the Bayes rules in the unsupervised approach is
shown (circle) together with the decision boundary of a MLP trained on data projected
on the first two principal directions. B. Eigenvalues of the PCA decomposition of
training set, arranged in descending order.

single output y, which represents the posterior probability P(C1|x), so the pos-
terior probability of class Cy is P(Cs|x) = 1 — y. The target coding scheme is
t = 1 if the input vector belongs to class Cy (type 1) and ¢t = 0 if it belongs to
class Cy (type 2). The target variable is binary and we use a Bernoulli random
variable for the conditional distribution:

P(t|z) = y(z|W, w)"(1 = y(a| W, w)) 0 (4)

Table 1. Confusion matrix of the MLP classifier, on the test set. The matrix confusion
shows that three events type 1 are classified by MLP as type 2 and only one event type
2 is classified as a type 1.

&

Ca

Type 1

116

3

Type 2

115

Taking the negative logarithm of the previous expression and summing over
entire pattern set x,, we yield the cross-entropy error function:

E=— Z{tnlnyn + (I = tn)in(l — yn)}

n

(5)

The most widely known supervised algorithm to train multilayer neural net-

work is the back-propagation gradient descent algorithm. Here we used a more
efficient and fast back-propagation algorithm, the Quasi-Newton algorithm, that
adjust the direction of descent by using second-order information, but which
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doesn’t require the calculation of second derivatives [I]. After the training, we
give to the MLP the new data, i.e. the test set projected along the principal
directions extracted from the training set alone. We didn’t use the test set in the
feature extraction stage in order to assess in a unbiased way the generalization
ability of the two-stage classification system by computing the performance of
the system on the completely novel data (test set). To assess the system capa-
bilities, five different data sets, each composed of a training and a test set were
obtained through a permutation of all the available data and the network was
separately trained and tested on each of them. The net performance is obtained
averaging the percentage of correct classification obtained from each of the five
test sets .This average percentage of correct classification is more then 98%. The
confusion matrix for one choice of training/test set is shown in table [l Note that
we classified single station record. Each explosion quake is recorded by several
stations at the same time. To classify the explosion event, we put together the
classification results of all the corresponding single records, using majority rule.
In this way the confidence of classification is enhanced.
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Abstract. The aim of this work is the analysis of an intracranial pres-
sure (ICP) signal, measured by means of an optical fiber catheter. We
want to propose an alternative method to valuate the pressure inside the
skull, without any knowledge of compliance curve, that can be valuated
directly only by means of invasive and dangerous methods. First, we pro-
pose a classic Fourier processing in order to filter the ICP signal by its
spectral components due at cardiac and respiratory activity. Then we
perform the same analysis by wavelet transform, in order to implement
a multiresolution analysis. The wavelet tool can perform also a very re-
liable data compression. We can demonstrate the advantages in using a
neuro-fuzzy network on wavelet coefficients in order to obtain an opti-
mal prediction of ICP signal. Various network structures are presented,
in order to obtain several trade-off between computational time and pre-
diction mean square error. Such analysis was performed by changing the
fuzzy rule numbers, modifying the cluster size of the data. A real-time
implementation was also proposed in order to allows the clinical appli-
cations.

1 Introduction

The skull can be modelled like a stiff box filled with the brain (80 % of full
volume), blood (12 %) and cerebrospinal fluid (8 %). Brain must be perfused with
regularity by blood flow. The Cerebral Perfusion Pressure (CPP) is the difference
between the mean arterial pressure (MAP) and intracranial pressure (ICP): if
blood pressure is inadequate, the organism starts a compensation mechanism
to prevent ischemia or cerebral edema. Then the brain swells and ICP rises. At
begin the organism lets go out Cerebrospinal Fluid (CSF) through spinal sac,
with decrease of ICP. However, if pathology persists, further brain enlargement
can induce to ernias. The compliance curve [1], shown in Fig. 1, explains how
an intracranial volume increase produces an intracranial pressure rise. For little
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increases, a self-regulation system maintains ICP at low values that correspond
to high compliance (points 1 and 2 in Fig. 1), whereby a very large intracranial
volume increase brings ICP to dangerous high values (points 3 and 4 in Fig.
1). The compliance is a quantitative parameter done by the derivative of the
intracranial volume with respect to th intracranial pressure.

compliance = 1P (1)
In order to detect compliance value it is necessary to introduce a known vol-
ume of liquid in the skull. The compliance is calculated after measuring the
corresponding intracranial pressure variation. Obviously, this is a very danger-
ous technique. For these reasons, the intracranial pressure measurement over
time and its direct processing plays an important role in clinical neurological
diagnosis and neurosurgery.

100| Intracranial 100 |Intracranial
Pressure Pressure
(mmHg) 4 (mmHg)

50

Intracranial Volume —» Intracranial Volume —»

Fig. 1. Compliance curve.

2 Spectral and Time-Frequency Analysis Preprocessing

In this section we describe the preprocessing methods that we apply in order to
perform ICP signal forecasting. In particular we introduce some theoretical infor-
mations needed to implement the wavelet compressor and the wavelet expansor
that will be used in our system, as we will describe in next section.

2.1 Fourier Transform

First, we perform a Fourier analysis of ICP signal. We process a 2-hours record-
ing of ICP, with a sampling frequency of 25 Hz, corresponding to 180000 samples
of digital signal. By means of Fast Fourier Transform we obtain the ICP spec-
trum shown in Fig. 2. It is reasonable to identify respiratory activity in spectral
components localized near 0.47 Hz (28.2 respiratory cycles/minute), whereby
cardiac components are localized near 1.63 Hz (97 respiratory cycles/minute).
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We propose two stop-band filters that eliminate these unwanted components.
Fourier Analysis is the standard method to process ICP signal, and effectively
it is able to detect unwanted spectral components. Really, classic processing is
inadequate to analyze non stationary signals. The natural evolution of Fourier
Analysis is the Short Time Fourier Transform (STFT), that uses same resolu-
tion for time and frequency. The disadvantage of this method is represented by
Heisenberg uncertain principle, that limits the product of spectral and time res-
olutions. For this reason, we propose a multiresolution approach, like wavelet
transform.

T T T T
| B
Cardiac activity ‘

163 Hz |

\ |

Respiratory activity

04T Hz
|..

Fig. 2. Power Spectrum Density (dB) of ICP signal: zoom over lower frequencies.

2.2 Wavelet Transform

The advantage of wavelet transform on Fourier analysis consists in its ability
to detect time instants when spectral components are localized [2]. Moreover,
it allows a multiresolution analysis, characterizing the low frequencies in large
time intervals, and the high frequencies in narrow time intervals. The variable
frequency is substituted by scale, that is related to inverse frequency [3]. The
basis functions of multiresolution analysis are named mother wavelets, that can

o,
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=3 3 2
8 g &
L i
Amplitude Time Time
Frequency Domain (Fourier) STFT (Gabor) Wavelet Analysis

Fig. 3. Short Time Fourier Transform and Wavelet Transform.
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inspect simultaneously times and scales. Given the input signal f(t), its wavelet
transform is defined as:

Fan = [ g (S0) a @)

where a represents the scale parameter, b represents the translation parameter
and v is the mother wavelet. If we choose a and b based only on powers of two
then our analysis will be much more efficient and just as accurate. We obtain
such an analysis from the discrete wavelet transform (DWT).

a=2, jE€N, b=k 20, keZ

o= [ g (S Y a ®)

- 2

When we apply DWT on the ICP signal, we obtain some coefficient vectors, each
representing a time series containing only a predetermined frequency range. In
these vectors, we can distinguish between approximation coefficients (that con-
tain only low frequency spectral components) and detail coefficients (whose in-
formation is related on high frequency spectral components). By a parameter L
(level of decomposition) we can decide which frequency range is contained on ap-
proximation coefficients. The approximation coefficients number, corresponding
to low frequencies (high scales), is lower than the detail coefficients number (low
scales). Practically, the discrete wavelet transform is performed by a filters bank,
each having half bandpass than the previous one. Such analysis also allows data
compression. Once the decomposition is performed, and the coefficients are cal-
culated, we choose a threshold and discard all coefficients minor of that. Then we
reconstruct the signal by the inverse DWT, taking only the remained coefficients.
The result is a data compression that could be useful to lighten computation of
algorithm without produce significant data deletion, since it contains nearly all
useful information carried in original data signal.

3 System Implementation

In this section we present the structure of the implemented system[4,5]. After a
data organization, we perform a compression by means of wavelet decomposition.
Next, we select the coeflicients of the best approximation of ICP signal and we
input them in a neuro-fuzzy network that perform forecasting. Lastly, we utilize
predicted coeflicients in order to recostruct ICP signal. Fig.6 shows the block
diagram of the entire procedure that will be described in deepened way in next
subsections. In the real-time operation, the entire system receives in input 128
samples for every prediction step, and it can forecast other 128. By a continuous
recording of ICP signal, the system can provide the ICP signal 128 samples
ahead. The entire procedure has been implemented using Matlab©language as
a support for simulations.
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3.1 Wavelet Compressor

In the wavelet compressor block we perform the DWT, extracting approxima-
tion and detail coefficients. To obtain a good compression, we choose the haar
function as mother wavelet, the older and the simplest wavelet. This function,
corresponding to a modified signum function (i.e. —1 for 0 < ¢ < 0.5 and +1 for
0.5 < t < 1), not only is simple, but also allows direct and inverse transform with
the simplest structure of filters. Since the final aim of this work is the real-time
application, the lightness of computational time and the compactness of algo-
rithm justify the use of this function. We want to separate approximation from
detail coefficients, making forecasting only on first of these. Haar wavelet can
compress our data in the minimum number of approximation coefficients. These
values are input in the neuro-fuzzy network that performs forecasting. The detail
coefficients instead are input in the wavelet expansor, in order to make inverse
discrete wavelet transform and to reconstruct predicted signal.

3.2 Neuro-fuzzy Network

The ICP signal can be viewed as a chaotic time series. In our analysis, we utilize
known values until a time instant ¢, in order to forecast a value in a future time
instant ¢+ s. After choosing a forecasting step s and a dimension d, training data
input for neuro-fuzzy network are organized as a d dimension vector composed
as follow:

INPUTypn(t) = {x[t— (d— 1)5} x[t— (d—z)s] m[t—s] xM} (4)
while training data output is:

OUTPUTypy(t) = {m[t + s]} (5)

The real time operation of entire algorithm is guaranteed by the data structure,
that adds s coeflicients for each step of prediction. First we implement a neural
network for signal forecasting. Optimal results are obtained when network has
four input variables, and one output variable, following data organization ex-
plained before. Moreover, we choose the prediction step s=2, i.e. we can forecast
two samples of digital signal. The results of this approach consist in an accept-
able prediction error, but a too much heavy computational weight. The neural
network utilized, in fact, has a hidden layer with a very high number of neurons.
This problem heavily influences the possibility of hardware implementation of
our algorithm. Neural network is not able to generalize over various patients.
Our choice has been concentrated on neuro-fuzzy system. These networks can
be implemented easily in ST microcontrollers, which have an instruction set that
well works with fuzzy systems. The membership functions are chosen as Gaus-
sian curves, whereby the output is calculated as linear combination of fuzzy rules
output. Training data (500 five-dimensional vectors, four dimensions for input
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Fig. 4. Block diagram of the implemented system. Five seconds of the recorded signal
(128 samples) are compressed by wavelet compressor. Only the approximation coeffi-
cients are input to neuro-fuzzy network that forecasts the approximation coefficients
related to future five seconds. The task of the wavelet expansor performs wavelet re-
construction using the neuro-fuzzy output and not processed detail coefficients. The
final output represents five seconds ICP signal forecasting.
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and one for output) are supplied at the network, that allows the parameters of
fuzzy rules and membership functions to vary. The number of rules is determined
by the subtractive clustering algorithm, that characterizes the clusters situated
in data with minimum number of rules necessary in order to distinguish fuzzy
characteristics associated to every cluster. We vary radius of clusters in order
to have a little number of rules with acceptable results. With a little radius we
characterize a lot of little clusters (that corresponds to more rules); a big radius
perform few clusters (that corresponds to few rules). The structure of neuro-
fuzzy network is shown in Fig. 5. First hidden layer represents the membership

IN MF OouUT MF OUTPUT

x(t+s)

Fig. 5. Neuro-Fuzzy Network Structure.

functions (mf) associate with input (three mf for every input). The second layer
is determined by three fuzzy rules that perform a linear combination of fuzzy
inputs. Lastly, the output is a linear combination of fuzzy rules outputs. The lin-
earity of algorithm, excluding fuzzyfication process, make entire procedure more
light and compact in hardware realization than pure neural network. Moreover,
the neuro-fuzzy network is able to generalize over all patients whose ICP is
predicted.

3.3 Wavelet Expansor

Our fuzzy network can forecast two coefficients with a reasonably low error. The
advantage in using wavelet compression is that two approximation coefficients
(calculated in first block with Haar wavelet) correspond to 128 samples of ICP
signal. The last block performs the wavelet reconstruction of ICP signal pre-
dicted, using approximation coeflicients predicted by neuro-fuzzy network and
detail coefficients extracted by wavelet compressor.

4 Conclusions and Experimental Results

Fig. 6 shows the predicted samples and the measured values (continuos line) of
ICP signal. It is noteworthy to underline that a forecasting approach based only
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on neuro-fuzzy network would provide information limited to a few samples. The
advantage of this method is that it turns to account both the wavelet ability to
focus information in few parameters and the network performance to expand the
forecasting to a larger set, improving the agreement between the experimental
data and the predicted ones.
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Fig. 6. Comparison between ICP signal measured (continue line) and predicted values.
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Abstract. In this paper, the application of Multiple Classifier Systems
and Soft Computing techniques to the classification of Bronze Age axes
found in Italian territory is shown. The methodology used from feature
extraction to classification is detailed. The results are obtained by using
a data set of 85 axes, with training accomplished by bootstrapping the
data. The system has been tested on new axes to be classified and vali-
dated on an artificial data set generated following the covariance matrices
of the original archaeological data.

1 Introduction

The study of the forms of the archaeological finds is one of the most accredited
and immediate methods for the attribution of the dating and the affiliation of
the manufactured article to a culture. This paper illustrates the application of
Multiple Classifier Systems [7] [6] and Soft Computing techniques [5] [4] [10] for
the classification of Bronze Age axes found in Italian territory. The features that
differentiate the datings have been drawn out from the articles of the archaeol-
ogist G.L. Carancini [1].

The system is divided into two parts. The first part consists of extracting from
the images of the axes the features necessary to the creation of a numerical data
set. The second part analyzes the numerical data set applying the techniques of
Soft Computing and Ensembles. The first step of the analysis is a selection of
the remarkable features. The second step is the search of a measure of similarity
suitable to represent the dispersions of the classes. The third step consists in the
study and in the planning of a proper classifier for the data.

2 Image Measuring, Feature Extraction and Selection

To get the numerical data set on which to apply the techniques of Soft Computing
for the classification, we started from the archaeological tables representing the
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Fig. 1. Image of an axe of the date set with its three visual reports.

Margine

Spessore
Costa

Fig. 2. Scheme of an axe with its parameters.

images of the axes, each one composed by three visual reports: frontal, side and
thickness. From these images, with the use of algorithms opportunely conceived,
we extracted the features of every single axe [2] [3]. We have so gotten a numerical
data set composed by 85 objects that represent the axes, each of these with 10
features and a label that identifies the dating. The features derive from ratios
among dimensional parameters of the axes. We used such ratio to make the
measures absolute. The parameters of every single axe are represented in figure[2l

Feature Selection. The feature selection is a technique that allows to find
the useful features that describe a dominion of application [4]. The problem
of the feature selection can formally be defined as the selection of a minimal
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set composed by the M remarkable features taken from an initial set of the NV
original feature, where M < N.

We used different techniques of feature selection, obtaining the best results
with the Backward Selection and the Principal Component Analysis [4]. With
both these techniques, we obtained a reduction from an initial number of 10 to
a final number of 6, maintaining unchanged the capability of data classification.

3 Measure of Distance

One of the main difficulties of the archaeological data set is a strong overlap of
the data. To avoid such problem, we tried to find a measure of distance suitable
to represent the data. We made many experiments using different measures
of distance and comparing the results with an opportune visualization. The
measures of distance, that we used, are: the Euclidean, the Mahalanobis, the
Manhattan and the Lukasiewicz’ fuzzy similarity distances. Among these, the one
that better identifies the class distributions is the Lukasiewicz fuzzy similarity
distance. In the following subsection we give a brief definition of it [5].

Lukasiewicz Fuzzy Similarity Distance. Given two objects x and y, the
distance of total similarity of Lukasiewicz among the two is given by the formula:

XN
where
Si(z,y) = px(z) < px(y) (2)

is the partial similarity among the two objects respect to the fuzzy set that
characterizes the feature X, while < is the operation of bi-residual defined by
the logic of Lukasiewicz.

4 Classification of the Archaeological Data Set

k-Nearest Neighbor with Fuzzy Similarity. Once found the suitable mea-
sure of distance, we modified the k-Nearest Neighbor (k-NN) using such distance.
The idea was to replace the simple Euclidean distance, with the distance of fuzzy
similarity, so getting a new classifier, called k-Nearest Neighbor with Fuzzy Simi-
larity (k-NNFS). The reason for such substitution is that the Euclidean distance
do not identify in an appropriated way the distributions among the data. In
the following we show one comparative table of the results obtained with the
k-NNFS, the k-Means and the k-NN.
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Table 1. Comparisons of the performances between the standard classifiers and the
k-NNFS.

Classifier Percentage of Correct Classification

k-NNF'S 60%
k-NN 56,4%
k-Means 50,5%

Bootstrap and Neural Networks. The archaeological data set is composed
by only 85 objects: the problem, then, is the impossibility to divide it into two
different sets for training and testing a neural network. To solve such problem we
replied the data set using the statistical technique of bootstrap [9]. With such
technique it is possible to create a date set of appropriate dimensions. Once
a sufficiently large data set (with around 1000 objects) was obtained, it was
possible to use a Multi Layer Perceptron (MLP) to classify the data using the
bootstrapped data set as training set and the original data set for testing.

outputs

inputs

Fig. 3. Example of MLP with one hidden layer.

We used an MLP with 10 input neurons, 6 hidden neurons and 8 output
neurons, SoftMax activation functions and QuasiNewton learning algorithm [4]

The use of such technique carried an increase of the system performance of
around the 10 percent, getting one percentage of correct classification equal to
71,7% on the whole data set.

Multiple Classifier Systems. In the field of pattern recognition, multiple clas-
sifier systems (MCS) based on the combination of outputs of a set of different
classifiers have been proposed as a method for the development of high perfor-
mance classification systems [7] [I0]. A great number of methods for combining
multiple classifiers have been proposed in the past ten years.

Roughly speaking, an MCS includes both an ensemble of different classifica-
tion algorithms, and a decision function for combining classifier outputs. There-
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fore, the design of MCSs involves two main phases: the design of the classifier
ensemble, and the design of the combination function [7] [6]. Although this for-
mulation of the design problem should lead to think that effective design should
address both phases, this is not the general rule: most design methods have
only focused on one of these phases. Several different MCSs can be designed
by coupling different techniques for creating classifier ensembles with different
combination functions. However, the best MCS can only be determined by ex-
perimental performance evaluation.

For the classification of the archaeological data set some MCSs have been
conceived and experimented and the best architecture is shown in figure[d. The

k-NNES

hier,
entroid

AL el

hier.
single

| MLP 1 MLP

F

k-Means

-]

k-

Fig. 4. Example of MLP with one hidden layer.

first part of the classifier in figure[dlis composed by a set of five different classifiers
in parallel: k-NNFS, kmeans, EM spherical, hier. centroid, hier. single. Each one
works on the archaeological data set. Once the results of these classifiers were
obtained, a combination function based on the concept of weight matrix is used.
Every cell in the weight matrix represents the weight of the class 7 in the classifier
j, normalized on the total number of objects belonging to the class 4 in the data
set. From the output of the combination function we chose the objects classified
in a wrong way. These objects were given in input to the first MLP classifiers.
Subsequently, we add new MLP classifiers until the confusion matrix of the data
was stabilized. Each MLP had as test set all the objects classified in wrong way
from the previous MLP.

The results obtained with such classifier guaranteed an increase of the per-
formances of about 10% on the archaeological data set in comparison with the
MLP with bootstrap, getting a percentage of correct classification of 82,3%.

5 Validation of the Methods

In this paper, we have shown suitable techniques for the classification of the
archaeological data set. To validate the conceived methods we thought to test
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Table 2. Summary of the results.

Classifier Percentage of Correct Classification

MultiSCSer 82,3%
MLP 71,7%
k-NNFS 60%
k-NNFS Error Bar . MultiSCSer Error Bar
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Fig. 5. Two error bar.

the best classifier of the archaeological catalog on artificial data taken from
known statistic distributions. The generation of the artificial data is based on
the use of the Gaussian Mixture Models [H] [8].

The artificial data set has been created by the sampling of a Gaussian Mixture
Model, with the same covariance matrices of the archaeological data. We used
a Gaussian for each class of the original data set. Then, we created a data set
of 1000 objects, from which we randomly extracted a set of 100 objects for the
training and nine sets of 100 objects for the testing of the system. We then
created all possible sets of 200, 300, 400, 500 objects combining the sets of 100
objects. From these, we chose in random way eight data sets for each dimension.
We used the so created data sets as test set for the k-NNFS and MultiSCSer
classifiers. From the obtained result, we calculated the mean and the variance.
Figure Blshows the plots with the error bar for the two classifier: figure show
the plot for the k-NNFS and figure show the plot for the MultiSCSer.

6 Classification of Unlabelled Finds

To test our system with real data, we consider a data set composed by patterns
extracted by further 22 axes of the Bronze Age, that were found in Campania’s
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territory [I1]. The axes came from two (early bronze age) unpublished caches,
the former from S. Marcellino - Frignano site and the latter from the Patria Lake.
All axes have some shared general features, as the edges raised, the foam cut
more or less arched, about the same size and weight. Their bronze composition
was measured and small differences were found to supply some indications on
the age metalworking, founded on the same origin ores use and on the addition
of the tin, in fixed percentage, and of the plomb, in some cases, perhaps to melt
simplifying. This analysis did not permit to highlight possible differences in the
caches and the archeologist C. Albore Livadie, that is dealt with such discoveries,
has hypothesized that these new finds belonged to one period of cutover among
two datings. With the use of the Multiple Classifier, described in a previous
section, we obtained a full membership of these finds to the most recent of the
two classes indicated by the archeologist, which is archaeologically reasonable.

7 Conclusion

In this paper, we introduced ensemble methods and Soft Computing techniques
for the analysis of an archaeological data set. The first step was that to find
a measure of distance suitable for the data; then we used such measure for
the classification using the k-nn opportunely modified. With such classifier, we
obtained a percentage of correct classification of 60%. Subsequently with the use
of MLP and bootstrap, we increased the system performance of a 10%, reaching
the percentage of correct classification of 71,7%. Finally, creating an appropriate
Multiple Classifiers System, we obtained a further increase of 10%, for a total of
correct classification of 82,3%.

The proposed system has been validated also on synthetic data generated
with the same distributions of the archaeological catalog and can be easily gen-
eralized to other types of archaeological and non archaeological data sets.

Acknowledgement

The authors would like to thank the teacher A. di Nola for the kind collaboration
and for the useful suggestions about fuzzy logic and fuzzy similarity.

References

1. Carancini,G.: L’eta del bronzo in Italia: per una cronologia della produzione met-
allurgica. Ali&NO, Perugia (1999)

2. Jain, R. et al.: Machine Vision. Mc Graw Hill, Series in Computer Vision, (1995).

3. Gonzales,R. C., Woods, R. E.: Digital Image Processing. Addison-Wesley Publish-
ing Company, Inc. (1992)

4. Bishop, C. M.: Neural networks for pattern recognition. Oxford University Press,
Oxford UK (1995)

5. Turunen, E.: Mathematics behind fuzzy logic. Advances in Soft Computing,
Physica-Verlag, Heidelberg (1999)



194

10.
11.

Lara Giordano et al.

Roli, F., Giacinto, G., Vernazza, G.: Methods for Designing Multiple Classifier
Systems. In J. Kittler and F. ROIli(Eds.): MSC 2001 LNCS 2096 (2001) 78-87
Giacinto, G., Roli, F.: An approach to the automatic design of multiple classifier
systems. Elsevier, Pattern Recognition Letters 22 (2001) 25-33

Nabney, I. T.: NetLab: algorithms for pattern recognition. Springer-Verlag, New
York (2001)

Hastie, T., Tibshirani, R., Friedman, J.: The Elements of Statistical Learning: Data
Mining, Inference and Prediction. Springer-Verlag, New York (2001)

Haykin, S.: Neural Networks. Prentice Hall, 2nd Edition (1998)

Livadie, C., Paternoster, G., Rinzivillo, R.: Nota sulle analisi mediante fluorescenza
X in riflessione totale (TXRF) di asce provenienti da alcuni nuovi ripostigli del
Bronzo antico della Campania. Boll. Acc. Gioenia Sci. Nat. 357 33 (2000) 5-16.



Environmental Risk and Territorial
Compatibility: A Soft Computing Approach

Silvio Giove! and Claudia Basta?

! Department of Applied Mathematics, University Ca’ Foscari of Venice
Dorsoduro n. 3825/E - 30125 Venice, Italy
sgioveQunive.it
2 Regional and Urban Planning Department - City of Venice viale Pertini
Mestre (Venice), Italy
claudia.basta@provincia.venezia.it

Abstract. The presence of risky establishments in urban areas is one
of the most dangerous factor that the environmental planners have to
consider to the end of a safe, compatible development of these part of
the cities. The discrimination between acceptable and not acceptable
risk is a central problem of this field. Particularly, in regard to the ter-
ritorial risk analysis, the Italian law prescribes a methodology based on
strict quantitative thresholds in order to separate acceptable risk from
unacceptable one. This method might introduce some problems for those
cases connected to the safety limit. The proximity depends on both the
vulnerability indicator of the target, and on the distance from the limit
of the damage-area. In both the cases, the fuzzy logic approach offers
a good solution to the delicate question “how safe the target is?” by
introducing a smoothing degree of compatibility rather than the use of
rigid and pre-defined thresholds. By using fuzzy thresholds for each vari-
able, we can compute a soft measure of compatibility between the target
and the risk source. We underline the compensatory properties of this
approach which improves the system currently in use.

1 Introduction

By following the general provision issued in the recent past by the UE Commis-
sion (Seveso Bis provision) in the field of the risk assessment and the regional
and urban planning, the Italian legislator has imposed the use of a methodology
based on fixed numbers of quantitative thresholds, with the purpose to discrim-
inate the acceptable from the unacceptable risk. This approach introduces some
difficulties in the evaluation of the cases closed to the safety limit. Despite the
currently threshold’s method, the fuzzy logic approach offers a good solution to
the critical question “how safe the target is?”, introducing a smoothing degree of
compatibility. In order to reach this end, we propose a soft computing solution
for the evaluation of territorial compatibility, based on a fuzzy logic approach.
Fuzzy logic was strongly applied to complex real world problems, refer to [10],
however, only few attempts have been made for environmental risk analysis, refer
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to [B], [6],where the analysis is limited to the hazard characteristics of the plant.
In this paper, we extend the fuzzy logic approach to the territorial planning risk
analysis, by obtaining a soft compatibility index. The usefulness given by the use
of a smooth value for such index relays on the compensatory property too. For
instance, a very high level of vulnerability for the target can be compensated
with a great distance from the risk plant, currently not included in the legal
system, where a fixed threshold is imposed for each parameter. In this paper
we propose a simple version of our method; in particular, the domino effect and
not even the aggravating factors for relating parameters are considered. More-
over, the analysis should be performed for each type of damage which can arise
in a risky situation. The approach can be very useful in conjunction with the
risk analysis of the plant, to the end of developing a complete Decision Support
System for the environmental policy, extending the ideas as referred in [9].

2 A Formal Approach to a Compatibility Measure
in the Environmental Risk

In analyzing the environmental risk connected with major accidents, it is nec-
essary to take into consideration two factors: the risk source, like an industrial
plant, and one or more vulnerable target, like houses, hospital and other type
of human installation inside the influence radius of the accident. The environ-
mental compatibility takes into account the characteristics of the risk’s source,
like the probability of the event and its magnitudo, together with the vulnera-
bility properties of each possible target. For the sake of simplicity, the following
description considers the presence of one target only inside the maximum ra-
dius of damage. More than one target can be analyzed in the same way, by
performing the analysis for one target time by time. In particular, the vulnera-
bility is a function of one parameter whose minimum and maximum values are
[Prmin, Pmaz] SO that p € [Pmin, Pmaz]. Usually this parameter is related to the
number of people present in the neighbor of the target. Moreover, the magni-
tudo, the measure of the damage impact, is a decreasing function of the distance
between the target and the source (this function needs to be carefully identi-
fied, refer to [1]). Let be: P the probability of the catastrophic event, V' the
vulnerability of the target, R the distance between the target and the source.
A target needs to be considered only if R < R4z, where R4, is the max-
imum radius of the damage, depending on the plant’s characteristics, so that
the damage intensity (magnitudo) inversely depends on R. The vulnerability
V is a measure of the damage suffered from the target if the distance is very
small (theoretically equal to zero); it is represented by the increasing function
V =1(p), | : [Pmin, Pmaz] — [0,1]. Then, the theoretical compatibility function
for a target can be defined as a function of P,V,R : COM = f(P,V,R), with
f:0,1] x[0,1] x [0, +00] — [0, 1] satisfying some rationality conditions. Specifi-
cally, f is a decreasing function with respect to P,V and an increasing one with
respect to R. Moreover, Va,y € [0,1],Vz > 0 : f(z,y,2) = 1 if R > Ruaa,
f@0,y,2) = f(x,0,2) =1, f(1,1,0) = 0.
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3 The Evaluation of the Territorial and Environmental
Compatibility in the Italian Approach

In the recent Italian law decree, dated 9 may 2001, refer to [2], the three vari-
ables P,V,R, compete together to the definition of the compatibility among the
risk source and all the surrounding territorial and environmental elements. The
compatibility depends on both the variables of the risk analysis, the probability
and the magnitudo of the damage. The damage depends on the distance between
the target and the source, since the distance is a prozry of the damage itself. In
order to provide a common reference to the plant’s management and to the em-
ployees in charge with the territorial planning, the legislator has pointed out
some fixed thresholds that individualize: 4 classes of probability, 4 categories of
damages (areas of iso-damage), and 6 classes of vulnerability. Then, the prob-
ability classification setl] is composed of the set Up = {Low, Medium, High},
whose elements are ordered from the best case to the worst one. The elements of
the damage classification set are, from the best to the worst one: reversible dam-
age (RD), irreversible damage (ID), beginning lethality (BL), elevated lethality
(EL), so that Up = {RD,ID, BL,EL}. Finally, the 6 territorial categories of
vulnerability, indexed from A up to F (A: very vulnerable, F: no vulnerable),
constitute the vulnerability classification set Uy = {A, B,C, D, E; F'} , from the
worst case A to the best one, F. Furthermore, in this approach, each variable is
represented by ordered classes. The ordered classes are formalized in a chart of
territorial compatibility. Each couple of input variables, the class of probability
(left column) and the area of iso-damage (higher line), correspond to the out-
put of the maximum compatible territorial category. The crisp inference can be
formalized by means of rules as the following:

(P = Medium) N (D = BL) — (COM = {C, D, E, F}) (1)

where BL € Up, and Medium € Up. If, for instance, medium = [107%,1074],
the meaning of such a rule is: “If the probability of damage is Medium (i.e.,
in between 10~* and 107°), and the distance between the risk source and the
target is inside the zone of Beginning Lethality, than the compatibility among
the source and the target is at most in the class C'” (or, that is the same: “it
can belong to the classes: C, D, E, F”). Note that this is equivalent to affirm
that:

(P = Medium)N(D=BL)Nn(pe{C,D,E,F}) - COM (2)

The rules data base is formed by a complete set of proposition like (2)). Since
it is sufficient that only one is true to guarantee the compatibility, we can also
write:

COM =Vi_{(PeA,)N(D € Br)N(p € Cy) (3)

where V is the maximum operator and A, € Up, By, € Up,Cy, € Up,. The for-
malization of (@) will be particularly useful in the fuzzy case, as described later.

! The names of the 4 elements of the set Up were indicated by the 4 linguistic labels,
in analogy with the fuzzy approach that we proposed.
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Note that the vulnerability depends on the type of the building, and usually,
even if more than one parameter could be considered, it is measured by a sin-
gle parameter p. This parameter is a typical indicator defined for each public
or residential buildings, like the number of the present persons, the index of
construction, etc. The numerical thresholds for p produce intervals of different
vulnerability. The evaluation procedure follows a precise methodology. At the
beginning, the information about the plant is picked up, the areas of iso-damage
are emphasized, and the cartographic base is updated. Next, the correspondence
among the ministerial chart and every target inside the radius of damage is
checked. A strict application of the evaluation procedure means that the iso-
damage area, the probability of the event and the compatibility index are crisp
values. A problem arises when a variable is close to the pre-defined threshold. A
building in the vulnerability’s class A, situated just outside of a not compatible
area of iso-damage, necessarily needs a more precise evaluation compared to the
one of the Italian law decree, which, even in these extreme cases, indicates full
compatibility. Our end is the development of a territorial plane in the respect of
an acceptable degree of compatibility, and, at the same time, we wish to avoid
the use of a rigid zoning between safe areas and not-safe areas. It is evident
that fuzzy logic can help us to resolve the problem characterized by such type
of uncertainty in the definition of classes, see [6], [7], [10], [IT].

4 A Fuzzy Approach to the Compatibility Measure

The categories of vulnerability are ordered classes, in the sense that the i-th one
precedes the (i 4+ 1) — th in relation with the characteristics of vulnerability; this
means that A class is worst than B class B class is worst than C class and so on.
Drawing the attention to the p parameter only, if it belongs to the ¢ — th class,
say Cl; € Uy the law decree supplies a clear criterion for allowing or refusing the
compatibility. However, what happens if the value of the parameter should be
close to the border located between two consecutive classes? The same question
can be asked for the distance and the probability. The case might appear in the
event of distance from the risk source being just a little bit greater than the fixed
threshold between two iso-damage areas. Even if the law provision contains the
answer to each possible case, it is not so reasonable that a strict mechanism can
be imposed to the decisional process. In fact, some paradoxical situation might
arise. For instance, it is useful to consider the “hypothetical” case in which the
value of the p parameter is compared with the distance (most simply we do not
take into consideration the probability). We can further suppose that, for the
distance, the threshold between the BL and ID classes is 200, and between the
ID and RD classes the threshold is 300, while for the parameter p, the threshold
between C' and D is 150. Consider the two following cases: a) p = 151, D = 299,
b) p = 149, D = 201. Using the vulnerability classification set as imposed by the
decree, let us suppose that the two following rules can be inferred from ({): “if
the parameter p belongs to C, then the distance must belong to at least at the
class BL”, and: “if p belongs to class D, the distance must belong to at least
the class ID”. From such two rules, it follows immediately that case a) is no
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compatible, while case b) is classified as compatible. Such situation seems almost
absurd. In fact, both in the case the parameter p has more or less the same value
(from the case a) to the case b) it differs only for a little bit more than 1%, while
the distance is much greater in the case a) than in the case b). Then, for what
concerns the distance, the first case is quite more favourable than the second one.
But the conclusion is that the case a) has to be rejected, while the case b) can
be accepted! Really, fuzzy logic can help us to solve this undesired paradox. We
need a tool that introduces a smooth degree when passing through the border
of consecutive classes. Note that when in (@) we say, for instance D € By, we
mean that D belongs at least to the class By, being By41 a more favourable case
than Bj. Then, we should write:

COM = Vi_,(P e A n(D e B*) N (pe Cl) (4)

where D € By, has to be intended as: “the distance belongs, in fuzzy sense, at
least to the class A", and similarly for the other variables. Thus, we have to
formalize such type of fuzzy proposition, that can be naturally be expressed
as: “the distance is greater than £,”. To this we need to define a membership
function (m.f. for brevity) of the proposition D > &, that can be represented by
an increasing S-type fuzzy number, say v>¢,, interpreting & as a fuzzy thresh-
old. An S-type fuzzy number is represented by a monotonically (increasing or
decreasing) function with the properties listed in [10]. Analogous definition can
be given for decreasing S-type m.f., for instance 1<, , being 75 an other fuzzy
threshold. The conjunction operator N can be implemented through a suitable
triangular norm, see [4]. Moreover D > &, P < 7, are computed by vs¢, (D) and
N<r, (P) respectively, and p € C’l,f, computed by pg(p), is the membership de-
gree of the proposition “the parameter p belongs to at least the class Cly € Uy”.
Since this proposition is equivalent to “the parameter p is equal or less than the
value \;”, being A\ a suitable threshold depending on the class Cl, the value
of such proposition can be computed by a suitable S-type membership function
p<x, (p). Note that, in the crisp sense, there is compatibility if (B]) is satisfied.
Then from (@) the soft compatibility can be finally computed as follows:

COM = Vil {n<n (p) Nv2e. (D) N1<r (P)} (5)

5 Application to the Risk Evaluation Problem

We have applied the soft compatibility approach to a real case-study, a risky es-
tablishment containing gas - oil. The target is represented by the two platforms
of the next railway station. Note that usually every target splits into three gen-
eral categories: open and closed exposition, and intrinsically vulnerable targets,
for which different type of the p parameters are used. In particular, open space
and buildings are evaluated in the two first cases respectively, while the third one
is used to evaluate hospitals, schools, and, more in general, all the other places
where the inhabitants are mostly young or/and sick people. In the afford men-
tioned case, the value of the p parameter is p = 6000, and it refers to the average
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number of persons who daily travel by train. The categories of vulnerability for
this kind of targets (railway stations) are represented by the B category, where
p => 1000 daily travellers, and the C category, where p =< 1000; note that
the target is classified as a B category, even if the value of p is 6 time over the
threshold. The distance between the source of the the considered accident (a
pool - fire) and the target is 40 meters; the correspondent iso -damage area is
the one of “irreversible damage”. Note that the next iso-damage area, the “be-
ginning lethality” one, is not compatible and it has a radius of 30 meters. This
case is a so called “case - limit”, where the target has a very high value for what
concerns the p parameter, and its distance from the not compatible iso-damage
area is very small. However, the application of the Italian law decree furnished
compatibility among the plant and the target. Next we applied the fuzzy ap-
proach with trapezoidal S-type membership functions p<», (p), v>¢, (D) and
N<r, (P), each of them described by two parameters, refer to [10]. The conjunc-
tion operator was the triangular norm minimum, while the rules are expressed
in the form (B). The obtained soft compatibility is COM = 0.6. This result indi-
cates a low compatibility degree among the risk source and the target inside the
radius. The low value for the soft compatibility should alert the urban planning
that a risk situation can be present. It means that the actual crisp system is
probably too much optimistic. Anywise, it is obvious that such result strongly
depends on the parameters of the used membership functions. Due to the fact
that this choice is critical, the parameters of the membership functions need to
be carefully selected. To obtain this end, in the coming step of our activity we
shall propose a suitable method for an optimal parameter design, using soft com-
puting algorithms and methods, like data mining approach and Group Decision
Theory.

6 Remarks and Conclusion

A fuzzy approach for the computation of a compatibility index for territorial
risk analysis has been proposed. Some remarks about the usefulness of the de-
scribed approach are in order, in particular with respect to the introduction of
a compatibility index in [0, 1]:

a) in our proposal, some compensatory effects can be taken into account
among the input variables (that is, a too low value for the distance can be
compensated by a low value for the intrinsic parameter). Then a minimal ac-
ceptability of threshold can be defined for the compatibility

b) we can use the compatibility index as a possible compatibility index, from

the optimal value, COM = 1, downward up to the worst one, COM = 0. In this
case, different scenarios can be compared each others. For instance, an emer-
gency plane can be scheduled in such a way as to give priority to the target with
low compatibility.
We conclude remarking that, in the next future, we intend to develop some meth-
ods in order to optimize the parameters of the membership functions, thanks to
the use of suitable data mining approaches and Group Decision Theory, together
with the selection of proper conjunction operator.
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Abstract. This paper deals with the problem of predicting the onset of
a disruption on the basis of some known precursors possibly announcing
the event. The availability in real time of a large set of diagnostic signals
allows us to collectively interpret the data in order to decide whether we
are near a disruption or during a normal operation scenario. In this work,
a database of disruptive discharges in Joint European Torus (JET) have
been analyzed for the purpose. Neural Networks have been investigated
as suitable tools to cope with the prediction problem. The experimental
database has been exploited aiming to gain information about the mech-
anisms which drive to a disruption. The proposed processor will operate
by implementing a classification of the shot type, and outputting a real
number that indicates the time left before the disruption will take place.

1 Introduction to the Problem

The idea of generating nuclear fusion energy is largely based on the concept
of magnetic confinement. To sustain the fusion reactions, the power liberated
would have to be much greater than that lost via radiation and transport across
the magnetic field. Thus, a key role in the Tokamak experiment is related to the
energy confinement time. Some intrinsic physical limits related to the efficiency
of the confinement and possible large instabilities could limit the operational
regime of the tokamak, through a rapid falling to zero of the plasma current [1].
Consequently, the early prediction of the deterioration of magnetic confinement
preceding the onset of a disruptive event, during the evolution of a plasma dis-
charge in a Tokamak machine, represents an important step forward in order
the experimental activity around nuclear fusion to achieve a practical indus-
trial interest. From the physical viewpoint, the phenomenon of the disruption
represents a transfer of energy of the plasma to the surrounding mechanical
structures. During the sudden loss of confinement, the energy content of plasma
collapse in an uncontrollable way, generating mechanical forces and heat loads
which threaten the structural integrity of surrounding structures and vacuum
vessel components. It is thus of primary importance to design an alarm system
for detecting he onset of a disruption in tokamak plasma discharges. Neural Net-
work models (NNs) have been proposed in the recent literature as forecasting
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systems, with the aim of predicting the occurrence of disruptions sufficiently
far in advance for protecting procedures to be switched on [2, 3]. The design of
such a system is constrained from the availability of experimental examples de-
rived from the monitoring of disruptive shots. In this paper, the approach above
mentioned, will be ameliorated to increase the advance of the prediction. For
this purpose, an experimental database of discharge related to the JET device
(Joint European Torus), has been exploited. The database represents a collection
of measurements carried out by means of diagnostic sensors located along the
contour of the vacuum vessel and of the corresponding time-to-disruption left
before a disruptive event take place. The aim of the study is to devise a process-
ing system that can be able to predict correctly the “time-to-disruption”, based
on the experience gained on the available “examples” through some sort of data
analysis. The paper is organized as follows: section two describes the exploited
experimental database; section three proposes a neural network approach for
estimating time to disruption in tokamak reactors; section four reports a neural
network approach for forecasting time to disruption and, finally, some conclu-
sions.

2 The Experimental Database: An Overview

A disruption oriented database of a block of JET discharges has been set up by
the JET Team. In this database, a set of measurements monitoring the plasma
shots (disruptive and non disruptive shots) are stored. A large number of them
were analysed with the purpose to find the technical causes, the precursors and
the physical mechanisms of disruptions [4, 5]. The files under study derives from
many years of experimental activity carried out at the Culham Center, Ox-
fordshire, London (United Kingdom). The database was built starting from the
dynamics of a disruption. In particular, the study is concentrated in the zone of
flat-top of the plasma current. During such phase, the plasma is monitored to
obtain a constant plasma current (IPLA) and a stable confinement in terms of
shape and position of the plasma. The selected variables are reported as follow-
ing:

— Plasma current IPLA [A]

— Mode Lock [T/A]

— Total radiated power Prad [W]

— Plasma density ne [1/mg]

— Total input power P, [W]

— Plasma internal inductance I;

— Stored diamagnetic energy derivative Wy,

— Safety factor at 95% of minor radius ggs
— Poloidal 3,

The choice of such variables was done considering some observations performed
on two different types of net; in fact, it was noted that a Multi-Layer-Perceptron
network (MLP), by using these input variables to the time t, performed bet-
ter than a recurrent network. This indicates that such variables have in some
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manner memory [6]. Unfortunately, some input variables are not available; in
fact, some sensors do not work. For this reason, a study based on the plasma
physics was carried out in order to find some signals that be able to replace
the missing data. Knowing the phenomena concerning the incoming of a disrup-
tion, the interval of observation of the variables was circumscribed to the period
ranging on [td-440ms; td-40ms], the last 40ms were omitted because, not rele-
vant. The time of sampling is 20ms and, then, 20 samples for each channel. We
have considered 1167 shots without disruption and 701 disruption, carried out
between September 1997 and April 99. The outputs of the network are labelled
by means of vtargetTS for training database, vtargetVS for validation database
and vtargetTest for testing database. The outputs were carried out considering
that, in correspondence of a shot without disruption, we need a series of 20 zeros
that represent the risk of disruption. Concerning the incoming of disruption, the
series of 20 values is carried out by means of a sigmoid that represents the risk
of disruption (disruption t=time of disruption).

3 Neural Network Approach for Estimating
of Time to Disruption

The philosophies of learning and the structures of the networks are complex,
between the many kinds of NNs, after an attentive evaluation of the results
obtained, we have decided to exploit Multi-Layer-Perceptron (MLP). Such choice
is dictated from the type of variables that have used to train the network [7, 8].
The considered network associates to each input node a signal of diagnostic (9
input values to the time t); the output is an individual issue because the problem
under study is a classification problem and that is codified by means of a real
number ranging into [0, 1], that represents the risk of disruption. The input
values are normalized into [0,1]. The target of the network for each disruptive
shot is a sigmoid that represents the incoming of the risk of disruption, how
represented in figure 1. If the shot is not disruptive, the target is considered
zero. Therefore, the main problem remains the evaluation of the performance
of the network. The quantification of such value is carried out by means of the
number of false alarms (FA) and missed alarms (MA). In this work we use a MLP
network with 9 inputs, 2 hidden layers of 6 and 5 neurones respectively; and 1
output (89 parameters totally). The exploited network is showed in figure 2.
The training step can be considered in two phases:

1. Exploitation of the training set;
2. Exploitation of the validating and testing sets to give a strong power of
generalization.

For each phase, we have choice a set of parameters that optimize the performance
of the network. The solution was chosen considering that the main target was
a network with a strong power of generalization. A first method of comparison
of the goodness of the obtained results is represented in the following. By dark
blue lines, we have displayed the target and by green lines, the output of the
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Fig. 1. The exploited sigmoid to compute the risk of disruption, the 20th sample
correspond to t=td-40ms.
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Fig. 2. Structure of the exploited network.

network (Figure 3). In particular, at the top of figure 3 we report the result
concerning the training phase (the network has been trained by training data
and the performance has been operated by means of training data); at the middle
of figure 3, we report the result concerning the training and validating phases (the
network has been trained by training and validating data and the performance
has been operated by means of training data); and, finally, at the bottom of
figure 3, we can see the result regarding the training validating and testing



206 Antonino Greco, Francesco Carlo Morabito, and Mario Versaci

-lojx]

Fle Edt View Insert Tools Window Help
losma/rar/|®o0
TotTreReti

T T T
ol A u . ﬂu&
o 1000 2000 3000 401 B00
m T ¥ T
L 1[[[“;
401 8001
Lald ﬂ”’k
2 8001

f L
o 1000 2000 3000 4000 5000 6000 7000

1

05

I

1

05

oLt ld
0 1000 2000 3000

1

05

e —

LS
0 000 10000

Fig. 3. From the top to the bottom: the performance of the network trained by training
data, training-validating data, training+validating+testing data respectively when the
input of simulation are training data.

phases (the network has been trained by training, validating and testing data and
the performance has been operated by means of training data). By inspection
of figure 3, we can see that the first simulation is better that the other ones.
Therefore, even if the third simulation gives us the worse result, it has been
trained by means of a larger database (generalized network); consequently, we
focalise our attention on it. In particular, a zoom of the generalized network is
reported in figure 4. Figure 5 reports a single disrupted shot. Table 1 displays
the obtained errors for each database for each network respectively.

4 Neural Network Approach for Forecasting
of Time to Disruption

The purpose of this section of the paper is, firstly, to subdivide the whole of
the shots into two classes in which are stocked the disrupted and good shots
respectively and, secondary, to classify a new shots in terms of good or disrupted
shots. For this aim, we consider the sigmoid in terms of upper-bound of the
disruption. In particular, we associate the value 1 to the disruption and 0 o the
good shot. The main problem is to translate the information carried out from the
network into the values 0 and 1. We consider the average value of the sigmoid in
terms of the point of start for the decisional threshold. The values of the output
of the network are averaged into the range [ttd-440ms, ttd-40ms]. If that value
is grater than the decisional threshold, we can classify the shot as disrupted one,
good shot otherwise. At this point, we have an array in which zeros and unities
are present (vector of prediction); in other words, we have translated the risk of
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Fig. 4. Simulation at the bottom of Figure 3 (from 1 to 5000 samples). The red line is
the target, the blue lines is the output of the network.

Table 1. Root Mean Square Errors (RMSE) for the exploited networks (estimation
problem).

Network 1 Network 2 Network 3
NTRAIN 0.129 0.181 0.181
NVALID 0.201
TEST 0.401

disruption (sigmoid) into sequence of zeros and unities. Now, we build a second
array, labelled Real- array, in which are stocked zeros and unities carried out
from the database. The final step of the procedure considers the construction
of a new array in which each jth cell keeps the difference of the values of the
correspondent cells in the predicted and real arrays. In the following, the possible
values of the new array are reported.

0
Predicted — Real = ¢ 1 (1)
-1

In particular, if the value is 0, then the network has carried out a good
prediction; if the value is 1 the network has carried out a false alarm; if the value
is -1 is a missing alarm. Table 2 displays the portions of missing and false alarms
for each database under study.
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Fig. 5. The simulation of a single disrupted shot.

Table 2. Portions of Missing and False Alarms in each database (prediction problem).

Network Input Training Set  Validation Set Test Set
Missing Alarm 2/1760=0.0011 2/35=0.057  13/62=0.209
False Alarm  2/8000=0.0002 1/246=0.004 0/132

5 Conclusions

In this work, MLP Networks have been exploited for estimating and forecasting
time-to-disruption in Tokamak Reactors, In particular, a database of disruptive
discharges in JET machine have been analysed. Some diagnostics exploited for
building the database are not available, then it need to replace them by means
of a new set of diagnostics. That replacement is helding at the JET. Concerning
the exploited database, the trained network can be considered as a good tool for
the estimation and prediction of time-to-disruption. In particular, we can able
to predict a disruption 40ms in advance, sufficient time to undertake control
actions.
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Abstract. A neural based multi-agent system for automatic HTML
pages retrieval is presented. The system is based on the EaNet archi-
tecture, a neural network having good generalization capabilities and
able to learn the activation function of its hidden units. The starting
hypothesis is that the HTML pages are stored in networked repositories.
The system goal is to retrieve documents satisfying a user query and be-
longing to a given class (i.e. documents containing the word “football”
and talking about “Sports”). The system is composed by three interact-
ing agents: the EaNet Neural Classifier Mobile Agent, the Query Agent,
and the Locator Agent. The whole system was successfully implemented
exploiting the Jade platform features and facilities. The preliminary ex-
perimental results show a good classification rate: in the best case a
classification error of 9.98% is reache(ﬂ.

1 Introduction

With the recent increasing of digital libraries it has grown the necessity of design-
ing automatic systems for information retrieval. Documents clustering and clas-
sification are two common and complex applications of text mining [IT][I2][13].
Many researchers proposed various approaches for dealing with this problem
[6117].

A lot of documents can be distributed over networked repositories; it is there-
fore important designing systems to help users to retrieve the requested infor-
mation in short time and not overloading the network bandwidth.

1" This research has been partially funded by Engineering Ingegneria Informatica SpA

within the Teschet project.
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Multi-agent system platforms provide a smart approach to the design of intel-
ligent data analysis tools for distributed environments [5][6]. In addition, mobile
agents can be used for reaching the networked sources, performing computation
locally and returning back the obtained results. In this paper a system, based
on both neural networks and multi-agent paradigm, for automatic concurrent
retrieval of HTML pages, is presented.

The system is composed by three agents: the Query Agent, the Locator
Agent and the EaNet Classifier Mobile Agent. The proposed system has been
implemented exploiting the features and facilities of the Jade platform[g], a
multi-agent platoform FIPA specification compliant. At system start-up, an au-
tonomous process for EaNet neural network training starts. The trained neural
network is successively embedded into the EaNet Neural Classifier Mobile Agent.
The user interacts, through the Query Agent, with the system in order to re-
trieve documents satisfying a query and belonging to a given class (i.e. documents
containing the word “football” and talking about “Sports”). The EaNet Neural
Classifier Mobile Agent receives the request and clones itself in the document
repositories registered in the platform. Each clone interacts with the Locator
Agent, present in each repository, in order to find the location of documents to
be classified. After the classification task, each clones ends the results to the
Query agent that shows them to the user.

The proposed system was trained using a random set of 1400 of pre-classified
HTML pages. The downloaded pages belong to 7 classes of Google search en-
gine: Arts, Business, Computers, Games, Health, Science, Sports. System per-
formances were tested with 1400 new documents, uniformly distributed over the
above classes. The documents have been distributed in three hosts and the pre-
liminary experimental results show a classification error ranging from 9.98% to
29.16%.

2 Neural Architecture

The core of the proposed solution is based on EaNet architecture [I][3], a neural
network architecture developed by the authors, whose performance has been
measured using the classic method of the test set and the method of the quality
factors[2].

To let the reading more fluent, both the methodology and the neural archi-
tecture are briefly summed-up in the following paragraphs.

2.1 Quality Factors

The authors have previously introduced three “quality factors” to give a measure,
without using the test set, of the generalization capability of a feed-forward
neural network[2]. In brief, the quality factors are referred to a typical feed
forward architecture without shortcuts between its units|2]. The Quality factors
are:

— The Learning Quality Factor @1 quantifies the network learning capability
over the training set samples.
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— The Generalization Quality Factor Q¢ computes the gradient of the network
output function in the training points. It is an index inspired to the max-
imum entropy model and it quantifies a priori the network generalization
capability.

— The Production Cost Quality Factor Qp estimates the computational cost
of the network during the production phase as the number of connections
between the network units.

2.2 The EaNet Neural Network

The EaNet is a feed forward neural architecture capable to learn the activation
function of its hidden units during the training phase giving a low value of both
Q¢ and Qp quality factors compared to a traditional feed-forward network that
uses sigmoidal activation functions for its hidden units [1][2][3].

This feature has been obtained through the combination of the CGD opti-
misation algorithm with the Powell restart conditions and the Hermite regres-
sion formula that uses the first R Hermite orthonormal functions to represent
the activation function of each hidden unit. The starting number R of Hermite
orthonormal functions per hidden unit is a priori chosen before starting the
network learning process.

Each activation function changes until the minimum of @1, has been obtained.
The number of weights for each hidden unit changes dynamically using a pruning
algorithm that exploits the information about the sensitivity of the @ factor
with respect to each weight of each activation function belonging to a hidden
unit.

The use of the Hermite approximation formula has been decided in order
to obtain a smooth representation of the output function of any unit belonging
to the output layer exploiting the properties of the Hermite polynomials. This
leads to a very flexible neural architecture with good generalization capability

[R2IBl-

3 The Multi-agent Platform

A multi-agent system (MAS) is an highly distributes system composed by au-
tonomous, social and cooperative software agents which interact with a dynamic
world. Each agent lives in its environment and is capable of interacting with the
environment and with other agents.

The Foundation for Intelligent Physical Agents (FIPA) has formed for creat-
ing specifications for the implementation of multi-agent systems. The physical in-
frastructure in which agents can be deployed consists of: the hardware platforms,
the operating system, the agents support software, the FIPA agent management
components: DF, AMS, ACC, Internal Platform Message Transport.

According to the FIPA specifications, there must be at least one Directory
Facilitator (DF) agent per platform; an agent can register its services with the
DF. The DF allows Yellow Pages services and the agent can submit a query
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to the DF in order to find out services. Besides, the DF maintains accurate,
complete, and up-to-date list of agents[9].

The Agent Management System is unique for the platform and it is respon-
sible for managing the agents creation, deletion and migration. The Agent Com-
munication Channel (ACC) routes messages between agents within the agent
platform to agents resident on other agent platforms.

JADE (Java Agent DEvelopment Framework) is a software framework fully
implemented in Java language which simplifies the implementation of multi-
agent systems through a middle-ware that is FIPA-compliant and through a set
of useful tools that support the debugging and deployment phase. It has a very
flexible and efficient communication architecture and it allows the designing of
agents capable to migrate or to clone themselves in other hosts[8].

4 The Proposed Concurrent Retrieval System

The proposed system (see fig.[Il) is able to perform the document retrieval process
on networked HTML pages repositories. The documents are processed locally
and the user will receive only the adequate pages. This solution takes advantage
of the EaNet generalization capabilities and of the use of the mobile agents
paradigm, which allows the concurrent processing of the documents [6].

The proposed system is composed by three agents, each of one having its
own function:

1. The Query Agent
2. The Locator Agent
3. The EaNet Neural Classifier Mobile Agent

Agent communication is based on messages exchange, according to the commu-
nication model supplied by the Jade platform.

4.1 The EaNet Training Phase
The training process is formed according to the following steps [4]:

— Documents downloading from Google Search Engine;

HTML pages pre-processing and words frequency calculation;
Dictionary of features construction;

Training set building;

— EaNet Neural Classifier Training.

Google search engine downloaded documents are in English. The downloaded
documents are then pre-processed as follows: it is extracted only the useful text,
as HTML tags, JavaScript code, and so on. No word stemming has been used.

Documents are codified in multidimensional vectors as follows: for each word
1 and for each document belonging to the class k it is calculated the Term
Frequency Tf(ik).
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Fig. 1. The Concurrent Neural Classifier Architecture.

It is essential using a word weighting method to mark the words that are
more suitable to build the vectors, therefore, for each class k£ and for each word
i, the maximum value MTf(i,k) of the Tf(i,k) is computed. Then, for each class k
and for each token ¢ the percentage Pf(i,k) of documents belonging to the class
k is found.

Let Cf(i) be the inverse of the number of classes in which the word k is
present; the word & will have a score S(i,k), computed as:

) MTf (i,k) - Pf (i, k
Sk = f%%@ﬂ )

Let N be the total number of document classes. The words representative of
each class k will have the highest value of S(4,k), therefore, it is chosen a number
Rp of representative words belonging to the class k. These words constitute a
set Fj that is a definite dictionary for the documents belonging to the class k.
The number Rp is the same for all the N classes. The set F, defined as:

(1)

N
F=JF (2)
i=1

forms the dictionary of features used for codifying the documents in vectors. The
number of features can range between Rp and N - Rp.

The pre-arranged downloaded web pages are then transformed in multidimen-
sional vectors using the well-known TF-IDF formula and they will constitute the
training set. The training set is used to train a set of M EaNet architectures with
a pre-arranged number of hidden neurons: at the end of the selection process it
is chosen the architecture which shows the lowest values of 7 and Qg qual-
ity factors, and the winner architecture is embedded into the Neural Classifier
Mobile Agent.
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4.2 The Query Agent

The Query Agent is running on each site accessible to users. Agent task is to
get the user query associated with a desired class (i.e. documents containing the
word “football” and talking about “Sports”). The agent submits a query to the
DF in order to obtain the list of the agents providing the classification service,
and sends them the (query, class) query. Then, it collects the answers and shows
them to the user.

4.3 The Locator Agent

The Locator Agent is running on each repository where unorganised and unclas-
sified HTML documents have been stored. The agent task is to communicate to
the EaNet Neural Classifier Mobile Agent the location of the local documents
directories. Each agent registers its own service with the DF agent at start-up
and waits for the neural classifier requests.

4.4 The EaNet Neural Classifier Mobile Agent

At system start-up the EaNet Neural Classifier Mobile Agent registers itself
with the DF service, then loads the dictionary F of the features and the trained
EaNet architecture.

After receiving the (query, class) pair by the Query Agent, the EaNet Neu-
ral Classifier Mobile Agent clones itself on the library hosts. Each clone asks the
location of the document directories to the Locator Agent, therefore it retrieves
the documents satisfying the user query and transform them into a multidimen-
sional vector using the following formula:

di = TF (i) - log (Df(;il) (3)

where C' is the number of documents used for the training set, Df(i) is the
document frequency of the word ¢ in the training set and Tf(i) is the term
frequency of the word ¢ in the new document to be classified.

The transformed document is therefore given as input to the EaNet archi-
tecture in order to verify if it belongs to the desired class. After the retrieving
process, each EaNet Neural Classifier Mobile Agent clone sends back to the
Query Agent the list of the retrieved documents and their location.

5 Experimental Results

The whole system has been implemented and tested using the Jade platform
exploiting its versatility and its tools for multi-agent system implementation as
Agent Containers, Agent Management System for agents registration, Directory
Facilitator for the yellow pages service and the Agent Communication Chan-
nel [8].

For the EaNet training phase were used a random set of C=1400 HTML
documents belonging to the following Google classes: Arts, Business, Computers,
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Games, Health, Science, Sports. The documents are 200 for each class and they
have not been pre-selected.

For the test phase, a new set 1400 documents, uniformly distributed on the
above classes, have been spread on three hosts. The number of features per
class and the number of hidden units for EaNet have been experimentally fixed,
while the specific dictionary features and the number of Hermite orthonormal
functions for each hidden unit have been fixed after the training phase. In the
experimental trials we have chosen 150 features per class obtaining a database
F composed by 978 features, i.e. 72 features are shared by the seven classes. For
such number of features, the appropriate number of hidden units is 10.

A set of M = 20 neural architectures 978-10-7 has been launched, then the
best one, i.e. the architecture with the lowest values of @y and ()¢ has been
selected and has been embedded into the EaNet Neural Classifier Mobile Agent.

The best trained EaNet architecture is characterized by the quality factors:
Qr=0, Q=370 103 and Qp=9850.

In Table [T the detailed classification error for the seven classes is reported.
The spread ness of the classification error is due to the random choose of the
training documents that can tarnish the set of illustrative example for the dif-
ferent classes.

Table 1. The classification error for each processed class.

Class Arts  Business Computers Games Health Science Sports
Classification
Error 9.98% 17.87% 18.18% 16.13% 10.94% 29.16% 16.04%

6 Conclusions

In this paper a system, based on both neural networks and multi-agent paradigm,
for automatic concurrent retrieval of HTML pages is presented. The proposed
system has been implemented using the Jade platform and is composed by three
agents: the Query Agent, the Locator Agent and the EaNet Classifier Mobile
Agent. First experimental trials were conducted using a random set of 1400
HTML documents belonging to the Google classes search engine for system train-
ing and a new set 1400 documents, uniformly distributed on the above classes for
system testing. The experimental results show that the proposed system is very
efficient: the preliminary experimental results show that the best classification
error is 9.98%.
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Abstract. Performance of real-time applications on network communi-
cation channels are strongly related to losses and temporal delays. Sev-
eral studies showed that these network features may be correlated and
present a certain degree of memory such as bursty losses and delays.
The memory and the statistical dependence between losses and tempo-
ral delays suggest that the channel may be well modelled by a Dynamic
Bayesian Network with an appropriate hidden variable that captures the
current state of the network. In this paper we propose a Bayesian model
that, trained with a version of the EM-algorithm, seems to be effective
in modelling typical channel behaviors.

1 Introduction

Gilbert and Elliott works [1][2] on modelling burst-error channels for bit trans-
mission showed how a simple 2-state Hidden Markov Model (HMM) was effective
in characterizing real communication channels. As in the case of bit-transmission
channels, end-to-end packet channels show burst-loss behavior.

Jiang and Schulzrinne [9] investigated lossy behavior of packet channels find-
ing that a Markov model is not able to describe appropriately the inter-loss be-
havior of channels. They also found that delays manifest temporal dependency,
i.e. they should not be assumed as a memoryless phenomenon.

Salamatian and Vaton [I0] found that a HMM trained with experimental
data seems to capture channel loss behavior. They found that a HMM with 2 to
4 hidden states fits well experimental data.

These works suggest us that a Bayesian model should be effective in capturing
the dynamic behavior of losses and delays on end-to-end packet channels. Our
objective is to build a comprehensive model that jointly describes losses and
delays.
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2 The Model

Fig[ll shows our reference model with a periodic source traffic with inter-
departure period T and fixed packet size. The network randomly cancels and
delays packets according to current congestion.

n-1 n n+1 n-1 n n+1
m ..... |——r| |——r| ...... time |——r| : : |——r| time
(n-1)T nT (n41)T th—1 tn  tp4l

Fig. 1. End-to-end packet channel.

Let us number transmitted packets, n = 1,2,..., and let us denote with ¢,
and 7, the arrival time and the accumulated delay of the n-th packet respectively,
ie.

Tp = tp —nT. (1)

We want to model the system in a way which carries information on cur-
rent congestion that may determine variable loss rates and average delays. Loss
phenomenon shows a bursty behavior, i.e. it cannot be thought as a memoryless
stochastic process. Moreover, several works [6][8][9] showed that temporal delays
seem not to be well modelled as independent identically distributed (iid) random
variables, i.e. also delays, as losses, present a certain degree of memory. In real
communication networks, losses and delays are strongly correlated; it has been
observed [9] that in proximity of a loss, larger delays tend to occur.

Memory presence in phenomena we want to model suggests us to introduce
a hidden state variable that stochastically influence losses and delays. State
variable is hidden because our knowledge about it comes from observation of
loss and delays, and there is no way to access directly to it.

In the following x,, I, and 7, respectively will denote “state”, “loss” and
“delay” at time nT,

Tn € {51,82,...,5N}
(2)
I, € {vi,v2}

where s; is the i-th state of the network and vy (resp. vy) means the absence
(resp. presence) of a loss.

It should be noted that being in the presence of a loss, the delay has no real
value, it can be considered infinite. For easy use we consider,

Tn/ln = V1 0,400
Tnﬁln = ’UQ% i [—1 : (3)

Our reference Bayesian model is shown in Figl2] where the arrows represent
statistical dependence among variables. More specifically, the set of parameters
characterizing the model is A = {A, p, f1(7), f2(7), ..., fn(7)}, where
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Fig. 2. The Bayesian model for packet channel.

Fig. 3. Hidden Markov Model.

— A is the state transition matrix, i.e.

je{1,2,...N
a;ij = Pr(zn41 = sj/Tn = ;) ;§§1,2,...,N; (4)

— p is the loss probability vector, i.e.

pi = Pr(l, = vi/x, = s;) _ (5)
1—pi=Pr(l, =vy/x, =s;) €H2N}

— fi(7) is the delay conditional pdf, i.e.

+oo
Pr(ty, > t/z, = 85,1, = v1) = /t fi(T)dr (6)

The model can be reduced to a HMM, as seen on FigB] with a hidden variable
z, and an observable variable y,, that represents jointly loss and delay as

_ Tn Zf lnzvl
yn_{—liflnzvg @)

Summarizing:

— &, is a discrete random variable whose dynamic behavior follows Eq.(d)
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— yn is a hybrid random variable characterized, given {z, = s;}, by the
following conditional pdf,

bi(t) = pifi(t) + (1 —pi)d(t +1) (8)

It should be noted, as shown in Fig[]that v,, is a hybrid variable obtained as
a mixture of two components (one continuous, one discrete), when introduced
the “trick” of associating 7, = —1 to a loss in order to have non-overlapping dis-
tributions for continuous and discrete components. The continuous component
describes network delays behavior in the absence of losses, whereas the discrete
component describes losses behavior.

bi (t)

Fig. 4. An example of the conditional pdf b;(¢) for the hybrid variable y,.

If 7 is the stationary state probability distribution, i.e.

m = lim {Pr(z, = s;)} (9)

n— oo

the loss probability and the average delay of the model are:

N
Pr(loss) = Zm(l =) (10)

N 400
delay = i () d 11
dlay Zw/ HFi(t)d (11)

3 Learning Parameters of the Model

The Expectation-Maximization algorithm [7] is an optimization procedure
searching for a new set of parameters for a stochastic model according to im-
provements of the likelihood of a given sequence of observable variables. For
structures like HMM of Fig[B]this optimization technique reduces to the Forward-
Backward algorithm [3][4][5] studied for discrete and continuous observable vari-
ables with a broad class of allowed conditional pdf.
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More specifically, given a sequence of observable variables y =
(y1,92, ... ,yK)T, and a set of parameters A = {A, p, u}, where

i = Elra (00 = si}) = [ thi0)de (12
the update A = {A, D, i} of A follows the recursions

P iy ar(i)asb (yes1) Bt ()

i e (13)
Zkzl ak(z)ﬂk(z)

o = L=t P(0)0:(0) 14)
S a(i)Bid)

. Zk 1pk(i)6k(i)yk 15

e S T o (0)Bui) (1)

where

N
() = Zak—l(i)aijbj(yk) (16)

N
i)=Y aijb;(yer1)Bet1(4) (17)

Jj=1

are the forward and backward partial likelihood, and where

(18)

N
A
j) = ; ag—1(1)ai;p; ajpj

t=yk

The iteratively procedure will reach a local maximum point of the likelihood
function,

L(y;\) = Pr(y/A) = ZozK (19)

which typically depends on the starting point A. When necessary, repeated starts
with different initial conditions provide the global solution.

The problem of the Dirac-impulse in the conditional pdf (8) was avoided
considering a modified function

bi(t) = pifi(t) + (1 = pi)g(t) (20)

where ¢(t) is any pdf such that g(t) = 0, V ¢ > 0, in order to have non-
overlapping supports between f;(¢t) and g(t). Obviously, while the set { fz(t)}f\;l
will be adjusted by the iterative procedure, g(t) will remain unchanged, as only
its area is relevant. This means that losses, in the algorithm have to be random-
ized according to g(t).
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(a)Losses and delays sequence. (b) Corresponding observable sequence.

Fig. 5. Portion of a measured trace on real network.

x 10 Log-likelihood

Fig. 6. Log-likelihood trend.

4 Experimental Results

Measures of losses and delays have been performed between the Dipartimento di
Informatica e Sistemistica, Universitd di Napoli “Federico II”, and the Diparti-
mento di Ingegneria dell’Informazione, Seconda Universitd di Napoli, using the
software Internet Traffic Generator (ITG) [12].

ITG, a new version of Mtools [I1], can generate both traffic at transport layer
and “layer 4-7”. It implements both TCP and UDP traffic generation according
to several statistical distributions both for inter-departure times and packet sizes.
ITG allows simulations of complex traffic sources furnishing information about
transmitted and received packets.

The characteristics of generated traffic are: inter-departure period T =5 -
1073 sec. and packet size of 1000 bytes, (bit — rate = 1.6 Mbps).

A typical trace obtained is shown in Fig[H(a), while in FigBl(b) the corre-
sponding sequence used for learning procedure is shown.

The learning procedure was applied on observable sequences of 500 to 1000
samples, finding in reasonable time (10sec.) acceptable estimation of network be-
havior. Figlolshows a typical trend of the log-likelihood obtained in the learning
procedure.

Our choice of conditional pdf’s for delays was Gamma distributions, as sug-
gested by several works [6][8],

tri—let

fi(t) = T

while losses was randomized according to a uniform distribution, i.e.

u(t), (21)
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Table 1. Example of parameters learning with a 2-states model.

Pr(loss)| delay
measured 0.494 [543.69ms
starting model 0.117 (131.06 ms
trained model (10iterations)| 0.495 [492.58 ms
trained model (20iterations)| 0.494 [565.81 ms

Table 2. Example of parameters learning with a 3-states model.

Pr(loss)| delay
measured 0.494 [543.69 ms
starting model 0.365 [143.12ms
trained model (10iterations)| 0.495 [492.58 ms
trained model (20iterations)| 0.494 1536.92ms

1t e [-3/2,-1/2]
9(t) = {0 t € R—[-3/2,-1/2] (22)

Tabs[] and Bl show loss probability and average delay of a measured trace
used as training sequence, and of a model with 2 and 3 states before and after
learning procedure, according to ([I0), ().

Actually we are investigating on generalization capability. Preliminary tests
show that the model is able to follow the channel behavior until its characteristics
can be considered almost stationary.

5 Conclusion and Future Work

In this paper we have proposed a Bayesian Network whose objective is to model
end-to-end packet channel behavior, jointly capturing losses and delays charac-
teristics. The proposed model generalizes the HMM description of real channels
introducing a memory stochastic modelling of delays. Preliminary results are en-
couraging and future works will be focused on model improvements and coding
strategies.
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Abstract. We present a neural network based approach to the determi-
nation of photometric redshift, which is a very important parameter to
find the depth of astronomical objects in the sky. The method was tested
on the Sloan Digital Sky Survey Early Data Release reaching an accuracy
comparable and, in some cases, better than Spectral Energy Distribution
template fitting techniques. We used Multi-Layer Perceptrons operating
in a Bayesian framework to compute the parameter estimation, and a Self
Organizing Map to estimate the accuracy of the results, evaluating the
contamination between the classes of objects with a good prediction rate
and with a poor one. In the best experiment, the implemented network
reached an accuracy of 0.020 (robust error) in the range 0 < zphot < 0.3,
and of 0.022 in the range 0 < zphor < 0.5.

1 Introduction

Redshifts number among the most crucial cosmological parameters. They, in
fact, are a conventional term to denote the recession velocity of galaxies and
trough the Hubble law which establishes a linear relationship between distance
and recession velocity, redshifts become the most effective way to evaluate galaxy
distances. The accurate knowledge of the redshifts for large samples of galax-
ies is therefore a pre-condition for most extragalactic and cosmological studies.
Unfortunately, the measurement of accurate redshifts requires low/medium res-
olution spectroscopy with large telescopes, a technique which is very demanding
in terms of (expensive) telescope time. An alternative (even though less accurate)
approach is the evaluation of the so called “photometric redshifts”, id est the
derivation of redshift estimates starting from photometric data obtained in sev-
eral broad or intermediate photometric bands. This technique exploites the fact
that in wide field astronomical images tens of thousands of objects are recorded
at the same time and only a few exposure are required to provide the needed
input data. Many different approaches have been proposed to the evaluation of
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photometric redshifts (see for instance [1-4]). An approach, which is in the same
line of the one discussed here, can be applied only to what we shall call ‘mixed
surveys’, id est datasets where accurate and multiband photometric data for a
large number of objects are supplemented by spectroscopic redshifts for a small
but statistically significant subsample of the same objects. In this case, the spec-
troscopic data can be used to constrain the fit of a polynomial function mapping
the photometric data [5-7].

Interpolative methods offer the great advantage that they are trained on
the real Universe and do not require strong assumptions on the physics of the
formation and evolution of stellar populations. Neural Networks (hereafter NNs)
are known to be excellent tools for interpolating data and for extracting patterns
and trends (cf. the standard textbook by Bishop [8]) and in this paper, we
shall discuss the application of a set of neural tools to the determination of
photometric redshifts in large “mixed surveys”. The Multi Layer Perceptron
(MLP) in the framework of the Bayesian learning was used to interpolate the
photometric redshfit with a very good predictive result on objects until a given
depth, while Self Organising Maps (SOM) were used to identify the confidence
of the objects to belong to good prediction classes and to evaluate the degree of
contamination of the final redshift catalogues.

2 Neural Networks

NNs, over the years, have proven to be a very powerful tool capable to extract
reliable information and patterns from large amounts of data even in the absence
of models describing the data [8] and are finding a wide range of applications also
in the astronomical community: catalogue extraction [9], star/galaxy classifica-
tion [10,9], galaxy morphology [11,12], classification of stellar spectra [13-15],
data quality control and data mining [16].

The AstroMining software [17] is a package written in the Matlab envi-
ronment to perform a large number of data mining and knowledge discovery
tasks, both supervised and unsupervised, in large multiparametric astronomical
datasets. The package relies also on the Matlab “Neural Network”, the “SOM?”
[18] and the “Netlab” [19] toolboxes.

Using AstroMining, via interactive interfaces, it is possible to perform a large
number of operations: i) manipulation of the input data sets; ii) selection of
relevant parameters; iii) selection of the type of neural architecture; iv) selection
of the training validation and test sets; v) etc. The package is completed by
a large set of visualization and statistical tools which allow to estimate the
reliability of the results and the performances of the network. The user friendly
interface and the generality of the package allow both a wide range of applications
and the easy execution of experiments (more details on other aspects of the
AstroMining tool which are not relevant to the present work may be found
in [16].

2.1 The Multi-layer Perceptron — MLP

A NN is usually structured into an input layer of neurons, one or more hidden
layers and one output layer. Neurons belonging to adjacent layers are usually
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fully connected and the various types and architectures are identified both by the
different topologies adopted for the connections and by the choice of the activa-
tion function. Such networks are generally called Multi Layer Perceptron (MLP;
[8]) when the activation functions are sigmoidal or linear. Due to its interpola-
tion capabilities, the MLP is one of the most widely used neural architectures.
We implemented an MLP with one hidden layer and n input neurons, where n
is the number of parameters selected by the user as input in each experiment.

It is possible to train NN’s also in the Bayesian framework, which allows to
find the more efficient among a population of NN’s differing in the hyperparam-
eters controlling the learning of the network [8], in the number of hidden nodes,
etc.

The Bayesian method allows the values of the regularization coefficients to
be selected using only the training set, without the need for a validation set.

The implementation of a Bayesian framework requires several steps: initial-
ization of weights and hyperparameters; training the network via a non linear
optimization algorithm in order to minimize the total error function. Every few
cycles of the algorithm, the hyperparameters are re-estimated and eventually
the cycles are reiterated.

2.2 The Self-organizing Maps

The SOM algorithm [20] combines a competitive learning principle with a topo-
logical structuring of nodes such that adjacent nodes tend to have similar weight
vectors. The training is unsupervised and it is entirely data-driven and the neu-
rons of the map compete with each other [18]. These networks are Self Orga-
nizing in that, after training, nodes tend to attain weight vectors that capture
the characteristics of the input vector space. SOM allows an approximation of
the probability density function of the training data, the derivation of prototype
vectors best describing the data, and a highly visualized and user friendly ap-
proach to the investigation of the data. This property turns SOM into an ideal
tool for KDD and expecially for its exploratory phase: data mining [18].

During the training phase, one sample vector x from the input data set is
randomly chosen and a similarity measure is calculated between it and all the
weight vectors of the map. The Best-Matching Unit (BMU), denoted as ¢, is the
unit with weight vector having the greatest similarity with the input sample x.
The similarity is usually defined by means of a distance measure, typically an
Euclidean distance. After finding the BMU, the weight vectors of the SOM are
updated. The training is usually performed into two phases. In the first phase,
relatively large initial o value and neighborhood radius are used. In the second
phase both the a value and the neighborhood are small from the beginning.
This procedure corresponds to first tuning the SOM approximately to the same
space as the input data and then fine-tuning the map. The SOM toolbox [18]
includes the tools for the visualization and analysis of SOM. Another advantage
of SOM is that it is relatively easy to label individual data, id est to identify
which neuron is activated by a given input vector. The utility of these properties
of the SOM will become clear in the next paragraphs.
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3 Application to the SDSS-EDR Data

A preliminary data release (Early Data Release or EDR) of the SDSS was made
available to the public in 2001 [21]. This data sets provide photometric, astro-
metric and morphological data for an estimated 16 millions of objects in two
fields: an Equatorial 2°"¢ wide strip of constant declination centered around
0=0 and a rectangular patch overlapping with the SIRTF First Look Survey.

The EDR provides also spectroscopic redshifts for a little more than 50.000
galaxies distributed over a large redshift range and is therefore representative
of the type of data which will be produced by the next generation of large
scale surveys. In order to build the training, validation and test sets, we first
extracted from the SDSS-EDR a set of parameters (u, g, r, i, z, both total and
petrosian magnitudes, petrosian radii, 50% and 90% petrosian flux levels, surface
brightness and extinction coefficients, [21] for all galaxies in the spectroscopic
sample.

In this data set, redshifts are distributed in a very dishomogeneous way over
the range 0 — 7.0 (93% of the objects have z < 0.7).

It needs to be stressed that the highly dishomogeneous distribution of the
objects in the redshift space implies that the density of the training points dra-
matically decreases for increasing redshifts, and that: i) unless special care is
paid to the construction of the training set, all networks will tend to perform
much better in the range where the density of the training points is higher; ii)
the application to the photometric data set will be strongly contaminated by the
spurious determinations.

3.1 The Photometric Redshift Evaluation

The experiments were performed using the NNs in the Matlab and Netlab Tool-
boxes, with and without the Bayesian framework. All NNs had only one hidden
layer and the experiments were performed varying the number of the input pa-
rameters and of the hidden units. Extensive experiments lead us to conclude that
the Bayesian framework provides better generalization capabilities with a lower
risk of overfitting, and that an optimal compromise between speed and accuracy
is achieved with a maximum of 22 hidden neurons and 10 Bayesian cycles.

In Table 1, we summarize some of the results obtained from the experiments
and, in Figure 1, we compare the spectroscopic redshifts versus the photometric
redshifts derived for the test set objects in the best experiment.

3.2 Contamination of the Catalogues

In practical applications, one of the most important problems to solve is the
evaluation of the contamination of the final photometric redshift catalogues or,
in other words, the evaluation of the number of objects which are erroneously at-
tributed a zppe significantly (accordingly to some arbitrarily defined threshold)
different from the unknown zgpc.. This problem is usually approached by means
of extensive simulations. The problem of contamination is even more relevant
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Table 1. Column 1: higher accepted spectroscopic redshift for objects in the training
set; column 2: input parameters used in the experiment; column 3: number of neurons
in the hidden layer; column 4: robust errors evaluated on the test set; column 5: number
of objects used in each of the training, validation and test set.

Range parameters h.n. err. obj.s
z2<0.3 r,ug, gr, 1, i-z 18 0.029 12000
2<0.5 r,u-g, gr, 1, i-z 18 0.031 12430
z < 0.7 r,u-g, g-r, r-i, i-z 18 0.033 12687
2z <03 r,u-g, gr, r-i, i-z, radius 18 0.025 12022
z < 0.5 r,u-g, g-r, r-i, i-z, radius 18 0.026 12581
2 < 0.7 r,u-g, gr, r-i, i-z, radius 18 0.031 12689

z < 0.3 r,u-g, g-r, r-i, i-z, radius, p. fluxes, s. brightness 22  0.020 12015
z< 0.5 r,u-g, g, r-i, i-z, radius, p. fluxes, s. brightness 22  0.022 12536
z < 0.7 r,u-g, g1, r-i, i-z, radius, p. fluxes, s. brightness 22  0.025 12680

in the case of NNs based methods, since NNs are necessarily trained only in a
limited range of redshifts and, when applied to the real data, they will produce
misleading results for most (if not all) objects which “in the real word” have
redshifts falling outside the training range. This behaviour of the NNs is once
more due to the fact that while being good interpolation tools, they have very
little, if any, extrapolation capabilities.

Moreover, in the SDSS-EDR spectroscopic sample, over a total of 54,008
objects having z > 0, only 88%, 91% and 93% have redshift z lower than,
respectively than 0.3, 0.5 and 0.7. To train the network on objects falling in the
above ranges implies, respectively, a minimum fraction of 12%, 9% and 7% of
objects in the photometric data set having wrong estimates of the photometric
redshift.

An accurate estimate of the contamination may be obtained using unsuper-
vised SOM clustering techniques over the training set.

In Figure 2 we show the position of the BMU as a function of the redshift
bin. Each exagon represents a neuron and the figures inside it give the number
of input vectors (in a given range) which have that neuron as BMU. It is clearly
visible that low redshift objects (# < 0.5) tend to activate neurons in the lower
right part of the map, intermediate redshift ones (0.5 < z < 0.7) neurons in the
lower left part and, finally, objects with redshift higher than 0.7 activate only
the neurons in the upper left corner. The labeling of the neurons (shown in the
upper left map) was done using the training and validation data sets in order
to avoid overfitting, while the confidence regions were evaluated on the test set.
In Figure xx we split the objects into two groups: in the first one we included
all objects with z < 0.5 and in the second one all those with z >=.5. Each cell
is labeled as class 1 or class 2 accordingly to the relative distribution of input
vectors belonging to a given group which activate that cell. Therefore, test set
may be used to map the neurons in the equivalent of confidence regions and
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Fig. 1. Photometric versus spectroscopic redshifts obtained with a Bayesian MLP with
2 optimization cycles, 50 learning epochs of quasi-Newton algorithm and 5 inner epochs
for hyperparameter optimization. Hyperparameters were initialized at a=0.001 and
£=50.

to evaluate the degree of contamination to be expected in any given redshift
bin. Conversely, when the network is applied to real data, the same confidence
regions may be used to evaluate whether a photometric redshift correspondent
to a given input vector may be trusted upon or not.

The above derived topology of the network is also crucial since it allows to
derive the amount of contamination. In order to understand how this may be
achieved, let us take the above mentioned NN, and consider the case of objects
which are attributed a redshifts zpnos < 0.5. This prediction has a high degree
of reliability only if the input vector activates a node in the central or right
portions of the map. Vector producing a redshift z,,,+ < 0.5 but activating a
node falling in the upper left corner of the map are likely to be misclassified. In
our experiment, out of 9270 objects with z,p0 < 0.5, only 39 (id est, 0.4% of
the sample) have discordant spectroscopic redshift. A confusion matrix helps in
better quantifying the quality of the results. In Table 2, we give the confusion
(or, in this case, ‘contamination’) matrix obtained dividing the data into three
classes accordingly to their spectroscopic redshifts, namely class I: 0 < z < 0.3,
class II: 0.3 < z < 0.5, class III: z > 0.5. The elements on the diagonal are
the correct classification rates, while the other elements give the fraction of
objects belonging to a given class which have been erroneously classified into
another class. Furthermore, in the redshift range (0,0.3), 95.4% of the objects
are correctly identified and only 4.6% is attributed a wrong redshift estimate.
In total, 94.2% are correctly classified. By taking into account only the redshift
range 0 < z < 0.5, this percentage becomes 97.3%. From the confusion matrix,
we can therefore derive a completeness of 97.8% and a contamination of about
0.5%.
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Fig. 2. Maps of the neuron activated by the input data set. Exagons represent the NN
nodes. In the map in the upper left corner, for a given node, the figures n(m) can be
read as follows: n is the class (n=1 meaning z < 0.5 and n=2 meaning z > 0.5) and
m is the number of input vector of the correspondent class which have activated that
node. This map was produced using the training and validation data sets. The other
maps, produced each in a different redshift bin, indicate how many input vector from
the test data set activated a given node.
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Table 2. Confusion matrix for the three classes described in the text.

objects Class I Class II Class III
Class I 9017 95.4% 2.96% 1.6%
Class I 419 6.4% 76.6% 16.9%
Class III 823 38% 21% 94.2%

4 Summary and Conclusions

The application of NNs to mixed data, id est spectroscopic and photometric
surveys, allows to derive photometric redshifts over a wide range of redshifts
with an accuracy equal if not better to that of more traditional techniques.

The method makes use of two different neural tools: i) an MLP in Bayesian
framework used to estimate the photometric redshifts; ii) an unsupervised SOM
used to derive the completeness and the contamination of the final catalogues.
On the SDSS-EDR, the best result (robust error = 0.020) was obtained by a
MLP with 1 hidden layer of 22 neurons, after 10 Bayesian cycles.

The method fully exploits the wealth of data provided by the new digital
surveys since it allows to take into account not only the fluxes, but also the
morphological and photometric parameters.

The proposed method will be particularly effective in mixed surveys, id est,
in surveys were a large amount of multiband photometric data is complemented
by a small subset of objects having also spectroscopic redshifts.
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Abstract. In this paper we present a new Neural-Network-based pre-
dictor trained and tested on a set of well annotated proteins to tackle
the problem of predicting the signal peptide in protein sequences. The
method trained on a set of experimentally derived signal peptides from
Eukaryotes and Prokaryotes, identifies the presence of the sorting signal
and predicts their cleavage sites. The accuracy in cross-validation is com-
parable with previously presented programs reaching the 97%, 96% and
95% for Gram negative, Gram positive and Eukaryotes, respectively.

1 Introduction

The detection of signal peptides is of great relevance in the field of automatic ge-
nomics annotation. Several methods have been developed to predict the presence
of the signal peptides and their cleavage sites. Starting from the von Heijne’s
pioneering paper [I] to the most advanced machine learning approaches, which
include Support Vector Machines (SVM) [2], Hidden Markov Models (HMM)
[B] and hybrid methods (HMM and Neural Networks) [4]. We implemented two
types of neural networks, one for the detection of the cleavage sites ( CleavageNet)
and the other for the N-terminus discrimination (SignalNet). Although our ar-
chitectures are similar to those previously described by other authors [4], our
training was carried out using a new data set of experimentally determined sig-
nal peptides [5]. Moreover we implement a different way of combining the two
networks, reaching the same level of accuracy achieved before [4], without using
hidden Markov models. We train three different predictors: for gram negative,
for gram positive and for Eukaryotes. In all cases we adopted a four-fold cross
validation procedure (taking care of eliminating sequence with detectable ho-
mology among training and testing sets). The results for the best performing
predictors are reported below, together with the application of the prediction to
Escherichia coli annotated proteome.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 237-244] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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2 System and Methods

2.1 Measure of Accuracy

Two measures are used here to score the methods. The accuracy which ranges
from 1 (perfect prediction) to 0 (all wrong)

(number of correct predictions)

Q2 = : (1)

whole set

and the correlation coefficient

_ (tpxtn — fpx fn)
Vtp+ fp)(tp + fn)(tn+ fp)(tn + fn)
where tp, tn, fp, and fn are respectively the true positive, true negative false

positive and false negative. C' ranges from 1 (perfect prediction) to -1 (inverse
prediction) and is 0 for a random assignment.

(2)

2.2 The Sequence Data Base

Recently, a reliable data set comprising experimentally annotated proteins which
contain (and do not contain) signal peptides has become available [5]. The au-
thors exploited the information present in the SWISSPROT data base to derive
this cleaned set [5]. In Table [l we report the number of sequences for each or-
ganism type present in that data base. We also highlight the subsets of the
proteins containing the signal peptides (Positive Set) and the complementary
set (Negative Set).

Table 1. Number of sequences in the data base

Set Type Eukaryotes  Gram Gram  All
negatives positive

Positive Set 1158 301 132 1591
Negatve Set 1142 297 129 1568

2.3 Neural Network System

In this paper we use standard feed-forward neural networks with the back-
propagation learning algorithm [6]. A thorough search into the parameter space
defined six different neural network architectures (which are reported below).
All the evaluations were carried out using a four fold cross-validation procedure,
taking care of eliminating detectable sequence identities among the correspond-
ing learning and testing sets. This was done using N x N BLAST searches [7]
and applying to the obtained sets the transitive closure algorithm to identify
sequence clusters.
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We implemented two different types of neural networks, one for the prediction
of the signal peptide SignalNet, which associates to each residue the probability
of belonging to the signal peptide or not, and CleavageNet which predicts the
position of the cleavage site. Both types have one output neuron, but they differ
in the number of hidden and input units. In particular, we allowed asymmetric
sliding window, considering that there is more information in the left part than
on the right one. The input layers account for the sliding windows and the
residue encoding. Each residue is coded by a 21 binary input vector. The first
20 positions of the vector represent the residue types, while the 21-th element
codes for the empty positions (it occurs when the sliding window is located at
the N-terminus).

Since SignalNet and CleavageNet have one output neuron we need a threshold
to classify a given residue in the signal peptide class or not. Then, if Og(i) is
the network output for the position ¢ we have

Os(i) >0 =€ signal peptide . (3)

In this paper we set the decision threshold 8 = 0.5. Analogously for CleavageNet
output O¢ we define

Oc(i) > 0.5 =1 isa cleavage site . (4)

3 Results and Discussion

Signal peptides identify the destination of protein sequences, by promoting the
translocation through cell membranes (inner membrane for gram negative). The
signal peptides have a central hydrophobic core, a N-terminus part of polar or
positive charged residues, and the C-terminus part (close to the cleavage site)
polar or negative charged. Although Prokaryotes (gram positive and gram neg-
ative) and Eukaryotes signal peptides share this common features, their length
distribution and hydrophobicity picks are particular of each class of organisms.
We computed with the Kyte-Doolittle [8] hydrophobicity scale the average value
(h) for each signal peptide position 4 as

w

hao(i) = 1/@W +1) Y~ h(i+5) - (5)

j=—W

where we set W = 9. In this way we can identify the location of the maximum
of hgy. In Table[2 we report the minimal, the maximal, the average length and
the average position of the hydrophobic pick (hg,) for each organism.

This simple analysis (confirmed also with a more thorough study, data not
shown) indicates that a particular care should be used in the prediction of this
sorting signal. In particular, we always train and evaluate the performance of
our method using the subsets defined by the different types of organisms.
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Table 2. Signal peptide lengths in different organisms

Organism Average Minimal Maximal Hydrophobicity
Length  Length  Length Maximal Position

Eukaryotes 22 7 56 13

Gram Positive 25 11 58 15

Gram Negative 33 21 63 19

3.1 SignalNet and CleavageNet Performance

After a thorough search in the neural network parameter space, we ended up
with six best performing different predictors (two networks for each organism
type). All neural networks have a hidden layer and one output neuron, and differ
for the number of neurons in the input and hidden layers. In order to test the
predictor, we examined only the first 65 residue of each protein chain, since if
present, the signal peptide falls inside this N-terminal region.

In Table [3 we report the accuracy obtained with the best three network
systems for each organism type. As it can be seen SignalNet performs very well
when the window is symmetric (left=right). The level of accuracy measured
per residue is also very high, reaching 95% for Eukaryotes and 92% and 91%
for gram positive and gram negative bacteria, respectively. This values together
with those computed for the correlation coefficient (C') show the very high level
of precision achieved by our networks.

Table 3. SignalNet accuracy

Organism Window C Q2
Length
Eukaryotes 11-1-11  0.75 0.92

7 13-1-13  0.82 0.94
” 15-1-15 0.83 0.95
Gram positive 11-1-11 0.76 0.90
7 13-1-13  0.78 0.91
7 15-1-15 0.79 0.92
Gram negative  9-1-9  0.72 0.88
7 11-1-11  0.78 0.92
7 13-1-13 0.77 0.91

When the task of the exact cleavage site is tackled, the accuracy tends to be
apparently higher, due to the fact that the non-cleavage positions are far more
abundant than the single positions present into the proteins containing the signal
peptide. However, this is reflected into a lower probability of exactly locating the
cleavage position, which consequently can be visible as a drop of the correlation
coefficient. This claim is confirmed from the results reported in Table ll where
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we show the accuracy obtained with the best three CleavageNet systems for each
organism type. Nevertheless, the values achieved by the correlation coefficient
are noteworthy. It is also interesting to note that the best performing architec-
tures in the case of CleavageNet are asymmetric, indicating that in this case the
information present into the left part of the window dominates.

Table 4. CleavageNet accuracy

Organism Window C Q2
Length
Eukaryotes 15-1-2  0.61 0.97

7 17-1-2  0.58 0.96
” 19-1-2  0.59 0.96
Gram positive  19-1-2  0.55 0.96
7 20-1-3  0.56 0.96
” 21-1-2  0.56 0.95
Gram negative  9-1-2  0.61 0.95
7 11-1-2  0.62 0.96
7 13-1-2  0.61 0.95

3.2 Combining SignalNet with CleavageNet

When a large scale analysis is required, as in the case of genome (proteome)
annotation, more than the precise location of the cleavage site (which is of course
still relevant) the prediction of the presence or absence of this sorting signal
would be extremely useful, both for classification of the protein location and for
a further detailed protein sequence processing. In this respect we define a filtering
procedure which utilizes the notion that in order to assign a signal peptide we
must have strong predictions for a great number of adjacent residues in the first
part of the protein sequence. We then introduce the function
1 D
Asli) = 557 2 Osi+i). (6)
J

=-D

which computes the average value of the network outputs in the symmetric
neighborhood [—D + 4,47 + D], and the function

Cs() =+ > 0s(4) ™)
j=1

that computes the cumulative sum of the i*" residues starting from the first
position. In order to predict a signal peptide we then require that the position
of the maximal score

Pg = .H[llaé%]{As(i) >SS AND Cs(i) > L} . (8)
1e(l,
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must be in a given interval [Pin, Prae]. The values of D, Ppin, Praz, S and L
are determined using the training sets. Adopting this new criterion we obtain a
significant improvement over the original SignalNet performance, as it is shown
in Table [ where we report the results obtained for the different sets. This is
particularly evident considering the correlation coefficient values (compare with
Table 3)).

Table 5. Signal peptide detection accuracy

Measure  Gram Gram  Eukaryotes All
positive negative

Q2 0.97 0.97 0.95 0.95
C 0.93 0.93 0.90 0.91

3.3 Predicting the Cleavage Sites

Even though the accuracy obtained for the CleavageNet is remarkable, it is not
easy to sort out the exact position of the cleavage site. For this reason, we used
an idea similar to that previously used [4] which takes advantage of both type
of neural networks.

We then introduced a function

Comb(i) = \/dS(i)2 - Oc (i) . (9)

where O¢ (7) is the usual CleavageNet output for the residue position ¢ and dS(4)
is a kind of numerical derivative of the SignalNet. Considering the SignalNet
output (Og)
w+a . w .
Og(i — k) — (@) k
dS(Z) — k=1 S(Z ) ZkZO S(Z + ) ) (10)

w+a

where w (usually set around 10) and a (around 10) are used to take into account
the N-terminal part with respect to the upstream positions.

An example is reported in Fig. [l It is evident that more than one picks are
generated by CleavageNet, and the one centered in ¢ = 31 (the expected obser-
vation) is not the highest. However, taking into account the values of SignalNet,
as describe by [@, Comb assigns the correct location.

3.4 Comparison with the Best Performing Method

We compare our system with the best performing one, SignaP [4]. We introduce
here two tests, one is based on our dataset [5], and the second is a wide scale
test (against the annotated Escherichia coli proteome).

In Table [l we report the results on both tests. The method here introduced
(Our) is more balanced with respect to SignalP. Even though, the latter performs
better on the sets of proteins containing the signal peptides (Positive Set), it
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SignalNet - - - - - CleavageNet —— Comb —

Fig. 1. An example of the prediction of AMO_ECOLI using the SignalNet, CleavageNet
and the Comb methods. Y-axis: method-outputs. X-axis: residue position along the
chain

Table 6. ()2 comparison between our method (SPEP) with SignalP [4]

Method  Eukaryotes Eukaryotes Prokaryotes Prokaryotes E. coli
(Positive Set) (Negative Set) (Positive Set) (Negative Set) proteome

SignalP 0.99 0.85 0.99 0.93 0.95
Our 0.97 0.94 0.97 0.96 0.96

tends to overpredict, as is pointed out by the Negative set scores. In the case
of E. coli proteome, where the accuracy is computed summing up both positive
and negative examples, our method is comparable with SignalP, indicating that
the method presented here is among the best performing described so far.
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Abstract. Proteomic-based approaches are quickly becoming a powerful and
widely used technique to identify specific “molecular signatures” in several
pathologic conditions. In particular, cancer, which is one of the most challenging
and socially important diseases, is currently under intensive investigation in order
to overcome limitations still affecting conventional diagnostic strategies. In par-
ticular, one of the major goals in this field is the identification of reliable markers
for early diagnosis, as well as for prognosis and treatment. Among cancer, breast
carcinoma is the most important malignant disease for western women. A hered-
itary form has been identified which is related to inherited cancer-predisposing
germ-line mutations. Germ-line mutations of BRCA1 gene have been identified
in 15-20% of women with a family history of breast cancer and 60-80% with
family history of both breast and ovarian cancer. Pathological as well as molecu-
lar profiling studies support the concept that inherited breast tumors are different
forms of disease, suggesting the intriguing possibility of tailored chemopreven-
tive and therapeutic approaches in this setting. Bioinformatics, and in particular
pattern recognition learning algorithms, offer the enabling analysis tools, so the
paper also discusses a software environment to conduct such data-intensive com-
putations over Computational Grids.

1 Introduction

Neoplastic diseases represent a major issue, especially in western countries, where
the progressive improvement of social, economic and health conditions has markedly
lengthnened life expectancy. Breast cancer is among the most prevalent forms of solid
tumors. In Italy, the incidence of this particular neoplasia is estimated in 95 new cases
each 100.000 women.

Even though the sporadic forms are largely predominant, 5 to 10% of breast cancer
is genetically inherited [1]. Among this subset of tumors, those in which a BRCAI-
gene predisposing “founder” mutation has been identified show particular interest. The
surprisingly high prevalence of such mutations may be the result of historical events

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 245-257, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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leading to the accumulation of an ancient “founder” effect initially occurring in very
homogeneous populations. Founder effects are well documented among Icelanders or
Askhenazi Jews [2, 3].

Our group has reported the identification of a recurrent mutation in the BRCA1 gene
in a patient population with breast cancer from the Calabria region [4]. Such mutation
(5083del19), which is highly prevalent in patients undergoing genetic counseling in
our institution (72% of the overall BRCA1 gene defects), is found in about 10% of the
overall breast tumors occurring in Calabria and is reported 19 times in the Breast Cancer
Information Core database (research.nhgri.nih.gov/bic/). The central/western Europe
ethnicity described in 5 of these cases, might reflect consistent calabrian migrations to
those areas that took place during the late 1800’s and early 1900’s.

Allelotype analysis performed in our study population by using 5 highly polymor-
phic microsatellite markers has demonstrated a shared haplotype, strengthening the hy-
pothesis of a “founder” effect. Interestingly, the same mutation was detected in four
patients, living in the North of Italy and refereed to us by collaborative research groups,
as well as in two individuals from United States and Canada. Haplotype analysis con-
firmed the common origin of the BRCA1 gene defect. Neoplastic malignancies, and
breast cancer in particular, are characterized by a high degree of phenotypic complex-
1ty.

It is critical, therefore, to focus research strategies not only on the detection of the
mutational event(s), but, more importantly, on the identification of new molecular mark-
ers, potentially useful in diagnosis and treatment. An mRNA transcript or a protein,
whose expressions are significantly modified in tissue specimens or serum from a pa-
tient with a genetically-inherited cancer compared to a subject with a sporadic form or
to a control individual, should be considered as biological markers.

Last year, Lance Liotta’s group at the National Institutes of Health, USA, using
SELDI-TOF mass spectrometry, has identified in the serum of patients with ovarian
cancer a cluster pattern that completely segregated cancer from noncancer [5]. These
results, characterized by a high degree of sensitivity and specificity, represent an ex-
traordinary step forward in the early detection and diagnosis of ovarian cancer and
justify a prospective population-based assessment of proteomic pattern technology as
a screening tool for all stages of ovarian cancer in high-risk and general populations.
Similar studies performed on different types of neoplastic diseases have confirmed the
importance of identification of “molecular profiles or signatures” (either at RNA or pro-
tein level) as a powerful tool for innovative diagnostic and therapeutic approaches [6,
71.

We are presently involved in a project whose rationale is to take advantage from
the homogeneity of the genetic background of calabrian population to study the pro-
teomic profiling of tissue specimens and serum from breast cancer patients harboring
the 5083del19 BRCA1 gene mutation and to compare it with patterns obtained from af-
fected individuals non carriers of this BRCA1 mutation, as well as with protein profiles
derived from serum analysis of control subjects. The hypothesis that will be tested is
that the founder mutation produces, either at tissue or serum level, the development of
a pattern of protein expression which is highly specific for this particular mutation and
therefore can be used as a valuable model to be translated to the highly genetically het-
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erogeneous setting of hereditary breast tumors. So, an important task of the project will
be the advanced analysis of proteomic data produced by mass spectrometry, as well as
finding correlations between these data and other data regarding patients. Recently, pat-
tern recognition learning algorithms (such as data mining, able to learn, adapt and gain
experience over time) combined with mass spectrometry profiles of serum, have been
successfully used for early detection of cancer. Such new analytical model is named
proteomic pattern diagnostics [8].

The rest of the paper is organized as follows. Section 2 describes the proposed
proteomic techniques for profiling inherited breast cancer. Section 3, after introducing
Computational Grids and their use in Bioinformatics, presents the preliminary design
and architecture of PROTEUS, a Problem Solving Environment for proteomic analysis
on Computational Grids. Finally, Section 4 concludes the paper.

2 Proteomic Profiling of Inherited Breast Cancer

In this Section we discuss an ongoing project recently started at our University. The
aim of the project is the prospective collection of biological samples (tumor, normal
breast specimens and serum) from affected 5083del19 BRCA1-gene mutation carriers,
from affected individuals non harboring this particular mutation, as well as from healthy
control subjects.

The general strategy for sample collection will be based on the organizative frame-
work that is presently acting within the Calabrian referral center for genetic counselling
at the Magna Gracia University (www.oncologia.unicz.it), specifically devoted to iden-
tification and management of the hereditary malignancies in Calabria.

Moreover, additional samples from the 5083del19 BRCA1 gene mutation carriers
will be made available through the italian network established on the basis of ongo-
ing AIRC and MIUR grants. A web network (www.hereditarycancer.it), based in our
institution, is currently operating and will be of major help during the project.

Proteomics is a fastly developing area of biochemical investigation [9]. The basic
aim of proteomic analysis is the identification of specific protein patterns from cells,
tissues and biological fluids related to physiological or pathological conditions. It pro-
vides a different view as compared to gene expression profiling, which does not evaluate
post-transcriptional, post-translational modifications as well as protein compartimental-
ization and half-life changes (for instance ubiquitination and proteosome-driven degra-
dation). All these characteristics make the protein profile much more complex but more
informative compared to gene expression profiling.

Several approaches have been used to perform proteomic analysis; among them, the
most common are 2D-gel electrophoresis and mass spectrometry (MS)-based methods
(MALDI-TOF, SELDI-TOF). The main difference between the traditional protein se-
quencing approach and the more innovative proteomic technologies is the tremendous
amount of information made available by the possibility of multiple protein identifica-
tion by computer-assisted comparative analysis with large databases commonly avail-
able on the Web (NCBI or SWISS-PROT/TrEMBL).

A recent development in protein separation and identification of protein profiles has
been provided by the isotope-coded affinity tag-labeling procedure (ICAT), followed
by liquid chromatography coupled to tandem mass spectrometry (LC/MS/MS). It in-
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volves the site-specific labeling of proteins with isotopically normal or heavy ICAT
reagents, proteolysis of the combined, labeled protein mixture, followed by the isola-
tion and mass spectrometric analysis of the labeled peptides [10]. The high-throughput
proteomic technology requires sophisticated management and analysis of the output
data. Specifically devoted computer programs allow protein identification and/or iden-
tification of protein patterns related to a particular pathophysiological condition. These
data can be produced either by spontaneoulsy generated profiles (unsupervised), which
depict a molecular pathology framework, or even generated on the basis of a selected
outcome (supervised approach).

In our project, samples obtained from BRCA1 founder mutation carriers will be
compared with analogous samples from BRCA1 founder mutation-negative breast can-
cer individuals and from healthy control subjects. Moreover, the identified protein pat-
terns will also be compared with protein patterns obtained from the BRCA1-defective
HCC1937 experimental cell line, where we have been able to demonstrate a specific
drug sensitivity profile which is modified by the reconstituted BRCA1 expression fol-
lowing transfection of the wild type gene (manuscript submitted for publication). The
research program will be subdivided in the following tasks:

— Task 1. Selection, sampling and storage of biological materials.

— Task 2. Proteomic analysis of biological materials and single protein or multiple
protein pattern identification.

— Task 3. Proteomic analysis of BRCA1-deficient and reconstituted HCC1937 cell
line.

— Task 4. Data integration and identification of potential diagnostic/therapeutic fall-
out.

Task 1. Selection, Sampling and Storage of Biological Materials. During this phase,
we plan to collect biological samples from breast cancer patients with or without the
founder mutation in BRCA1 gene. On the basis of the epidemiological data of breast
cancer incidence in Calabria (640 expected new cases/year), the founder mutation-
related tumor population should be close to 60-70 cases/year. Our goal is to reach an
accrual of at least 25-30% of the yearly estimated cases. The flow of biological mate-
rial and clinical data will follow the current network leaded by the Calabrian referral
center for genetic counselling at the Magna Graecia University which has produced so
far a bank of 15 samples. Mutation carriers non selected by genetic counselling, will
be offered to be informed about mutation status and eventually enrolled in our genetic
counselling program. All counselling procedures are approved by the Ethical Commit-
tee of our institution.

Task 2. Proteomic Analysis of Biological Materials and Single Protein
or Multiple Protein Pattern Identification.

Study design:

— Tissue: Identification of tumor-specific protein patterns (derived by comparative
analysis of neoplastic vs normal specimens) from BRCA1 gene founder mutation
carriers vs. non BRCA1-related cancer patients (see Figure 1).
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Fig. 1. Identification of tumor-specific protein patterns in tissue.

— Serum: Identification of tumor-specific protein patterns from BRCA1 gene founder

mutation carriers vs non BRCA1-related cancer patients vs control individuals (see
Figure 2).

Proteomics on tissue specimens:

a.

Tissue collection at the University Hospital and at the city Hospitals throughout the
regions involved in the network leaded by the Calabrian referral center for genetic
counselling at the Magna Gracia University.
Histological diagnosis, confirmed by two independent pathologists before use in
this study.
Tissue processing:
1. Preparation of uncoated glass slides with 8 ;sm sections of normal and neoplas-
tic patient-matched breast tissue.
2. Isolation of breast tissue subtypes by Laser Capture Microdissection.
3. Sample prefractionation (subproteomics) in order to focus on differential cel-
lular compartments (membranes and nucleus in particular).

4. Protein separation by two-dimensional SDS polyacrylamide gel electrophore-
sis (SDS-PAGE).

249
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Fig. 2. Identification of tumor-specific protein patterns in serum.

5. Over or under-expressed protein estimation by isotope-coded affinity tag-
labeling procedure (ICAT).

6. Analysis of peptide mixtures by reverse phase liquid chromatography coupled
to tandem mass spectrometry (LC/MS/MS).

7. Identification of the peptide(s) by computer-assisted comparative analysis
with large databases commonly available on the Web (NCBI or SWISS-
PROT/TrEMBL).

Proteomics on serum:

a. Case and Control Serum specimen collection.

b. Albumin and Globulin depletion.

c. Over or under-expressed protein estimation by isotope-coded affinity tag-labeling
procedure (ICAT) with/without preventive prefractionation via 1D-gel elec-
trophoresis.

d. Analysis of peptide mixtures by reverse phase liquid chromatography coupled to
tandem mass spectrometry (LC/MS/MS).
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e. Automatic Protein Identification and Quantitation of the peptide(s) by leverag-
ing access to large databases commonly available on the Web (NCBI or SWISS-
PROT/TrEMBL).

Re-run by tandem mass spectrometry for assessing the over and the under-expressed
proteins with low Codon Bias.

Task 3. Proteomic Analysis of BRCA1-Deficient and Reconstituted HCC1937 Cell
Line. During this phase, proteomic analysis will be performed on cultured human
breast cancer cell line HCC1937 which completely lacks BRCA1 function and on the
HCC1937/ WT BRC A1 derivative, where BRCA1 function has been reconstituted by
transfection of a full length wild type cDNA coding for the BRCA1 gene. The aim of
this work is the identification of proteins differentially expressed in the same cell line in
the presence or absence of BRCA1 cell function, taking in account their potential role
in determining the differences in the chemosensitivity profile displaced by the two cell
lines.

Task 4. Data Integration and Identification of Potential Diagnostic/Therapeutic
Fallout. The final task will be the integration of data derived from tumor analysis and
the data coming from tumor cell lines in order to identify differentially expressed pro-
teins and their potential relevance to the phenotypic features displayed by the tumors in
the different conditions. Data from serum profiling will be evaluated again comparing
breast cancer 5083del19 BRCA1-gene mutation carriers vs. breast cancer non muta-
tion carriers as well as vs. healthy control subjects in the attempt to identify a serum
signature of tumor arising in a well defined hereditary setting. These finding will be
eventually used as a tool to develop innovative strategies for early diagnosis and treat-
ment of breast cancer. Moreover, we plan to implement clustering techniques based on
data mining algorithms. Mass spectrometry raw data is first collected from cancer and
healthy patients, then after having organized them in a suitable format for data min-
ing algorithm, we plan to find representative clusters for, respectively, healthy and non
healthy patients. The final task will be the classification of incoming test data to find if
a new patient belongs to a cancer cluster or to a healthy one.

3 PROTEUS: A Problem Solving Environment
for Proteomic on the Grid

According to D. Walker, [11] “A Problem Solving Environment (PSE in short) is a
complete, integrated computing environment for composing, compiling, and running
applications in a specific area. A PSE may also incorporate many features of an expert
system and can assists users in formulating problems, running the problem on an appro-
priate platform, and viewing and analyzing results. In addition a PSE may have access to
virtual libraries, knowledge repositories, sophisticated execution control systems, and
visualization environments.”

The main motivations to build a PSE is to provide software tools and assistance to
scientists in a user-friendly environment, allowing rapid prototyping of ideas and higher
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productivity, leaving the user free to concentrate on application and not on software
programming [12]. Basic components of PSEs are:

A set of components or modules (software and data sources).
A uniform access system (module interface).

A (application) composing interface (visual, APIs, ...).

An execution manager.

To deal with data produced in the first phases of proteomic analysis in breast cancer,
we plan to apply our experience on parallel and distributed data mining on Grids [13] to
design and implement PROTEUS, a PSE for the design and execution of Bioinformatics
(in particular Proteomics) applications on the Grid.

To design PROTEUS we will apply some ideas developed in the KNOWLEDGE
GRID [13], a PSE to design and execute distributed data mining applications on the
Grid. In the following, after introducing Computational Grids and reviewing their use
in Bioinformatics, we discuss the main requirements and architecture of PROTEUS.

3.1 Computational Grids

Computational Grids are geographically distributed environments for high performance
computation that manage a large number of systems offering them as a unified system
accessible to users via a single interface [14]. Grid middleware offers services for man-
aging large numbers of diverse computational resources administered by independent
organizations, and provides application developers with a simplified view of the re-
sulting computational environment. Grids provide the computational infrastructure for
powerful new tools for scientific investigation and virtual organization operations, in-
cluding desktop supercomputing, smart instruments, collaborative environments, and
distributed supercomputing. From the Bioinformatics point of view, Computational
Grids can offer both the basic services to access and use distributed computational re-
sources, and to form virtual organizations working on specific tasks [15].

During the development and use of Grids, people realized that access to distributed
data is typically as important as access to distributed computational resources. Thus in
the rest of the Section Data Grids and Knowledge Grids are briefly described.

Data Grids. Distributed scientific and engineering applications typically require access
to large amounts of data; moreover, Grid applications also require widely distributed
access to data from many places by many people (for example, as in virtual collab-
orative environments). In many cases, application requirements call for the ability to
read large datasets (e.g. protein databases) and to create new datasets (e.g. mass spec-
trometry proteomic data). They can require the ability to change (updating) existing
datasets; consequently, the so-called Data Grids have been developed. A Data Grid is
a distributed infrastructure that allows to store large local datasets, has locally-stored
replicas of datasets from remote locations, and accesses remote datasets that are not
replicated locally. In order to support these features, Data Grid middleware provides
both a means of managing different types of datasets and a number of basic mecha-
nisms that generalize the requirements of most data intensive applications. The main
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goal is to offer a generic infrastructure in the form of core data transfer services and
generic data management libraries. Three main important research projects aiming at
the development of Data Grids are the Globus Data Grid [16], the European Data Grid
[17], and the Particle Physics Data Grid.

Data Grids could be usefully applied for:

— the efficient sharing of biological databases,

— the effective building and updating of large-scale virtual biological databases, ob-
tained aggregating and integrating local databases,

— the realization of large scale experiments involving both datasets and databases
owned by different organizations.

Knowledge Grids. Knowledge Grids offer high-level tools and techniques for the dis-
tributed mining and extraction of knowledge from data repositories available on the
Grid. The KNOWLEDGE GRID [13] is a PSE to design and execute Distributed Data
Mining applications on the Grid. The KNOWLEDGE GRID architecture uses basic
Grid services, such as authentication, data sharing, execution management, to build spe-
cific knowledge extraction services. The current implementation is based on the Globus
Toolkit, the de facto standard for Grid middleware [18]. The KNOWLEDGE GRID
services allow a user to design distributed data mining applications as composition of
pre-existing data mining software installed on the nodes of a Grid, by using a visual
programming environment that allows to search, locate and access remote software and
data sources.

3.2 Bioinformatics Grids

In this Section we report some projects developed on Grids whose aim is to deal with
both bioinformatics data and tools: we refer to these projects as BioGrids. The avail-
ability of the Grid as a promising enabling infrastructure supporting the collaboration of
people and resources and the consciousness in the Bioinformatics community that sci-
entific processes need, other than computing support, also a lot of semantic modelling,
quality of resources being used and full support of cooperation between scientists, are
the main motivations for the following BioGrid projects.

Many of these projects concentrate on the sharing of computational resources and
the efficient, large-scale data movement and replication, in different Bioinformatics
fields, such as high throughput sequence analysis, simulations and access to remote
instrumentations. Indeed, the myGrid project attempts to introduce semantic modelling
of Bioinformatics processes. Our project PROTEUS goes along this direction, as de-
scribed in the rest of the Section. In the following, some BioGrids are briefly described.

myGrid. myGrid is a large UK eScience pilot project (http://mygrid.man.ac.uk) tar-
geted at developing open source high-level Grid middleware to support data-intensive
bioinformatics on the Grid, in particular personalized “in silico” experiments in biology.
In myGrid the emphasis is on data integration, workflow, personalization and prove-
nance. In particular, database integration is obtained both by dynamic distributed query
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processing, or creating virtual databases through federations of local databases. Intro-
ducing workflow and knowledge management in bioinformatics means to formalize the
bioinformaticians knowledge in such a way it is usable in a machine based form, and
to control data flows between tools to automate and make more reliable the bioinfor-
matics processes. In fact, usually Bioinformatics experts know which tools to use, their
input and output data formats, how to invoke them, how to move data between tools
and in which order to use them. To this end, bioinformatics services and resources are
modelled and classified through ontologies [19]. The main goal of myGrid is to offer to
application providers an environment for the development of distributed bioinformatics
application for the community of biologists. Some early prototypes of myGrid services
for the functional analysis of clusters of proteins have been developed.

EUROGRID Bio-GRID. The EUROGRID (Application Testbed for European GRID
Computing) project (http://www.eurogrid.org/), funded by the European Community,
aims to demonstrate the use of Grids in selected scientific and industrial communities.
In particular, the Bio-GRID work package (http://biogrid.icm.edu.pl/) is developing an
access portal for biomolecular modelling resources [20]. The project will develop vari-
ous interfaces to biomolecular applications and databases that will allow chemists and
biologists to submit work to high performance computing facilities, hiding Grid pro-
gramming details.

North Carolina BioGrid. The North Carolina Bioinformatics Grid (NC BioGrid) is an
initiative of the North Carolina Biotechnology Center to promote genomics, proteomics,
and bioinformatics research in North Carolina (http://www.ncbiogrid.org/). The NC Bi-
oGrid, that will connect the members of the established North Carolina Genomics and
Bioinformatics Consortium, will accumulate and make available to researcher and edu-
cators the enormous library of genomics and proteomics data being created throughout
the world, combined with non-proprietary data from Consortium members. The NC Bi-
oGrid will concentrate on the sharing of software for mining, analyzing, and modelling
data, in genomics and proteomics.

Asia Pacific BioGRID. The Asia Pacific BioGRID (APBioGrid) is an initiative of the
Asia Pacific Bioinformatics Network (http://www.apbionet.org/apbiogrid/). The APBi-
oGrid is attempting to build a customized, self-installing version of the Globus Toolkit
comprising well tested installation scripts for a defined set of OS platforms, and au-
tomated configuration scripts with BioGRID specifics, avoiding to deal with Globus
details. Various bioinformatics and biological applications suitable for Grid will be or
are currently deployed, among these EMBOSS, EMBASSY, PHYLIB, etc.

Canadian BioGrid. The Canadian BioGrid (Canadian Bioinformatics Resource, CBR)
(http://cbr-rbc.nrc-cnre.ge.ca/) is dedicated to providing the Canadian research commu-
nity with convenient, effective access to widely used bioinformatics tools and databases.
Among these, it offers access to the following software: BLAST, Clustal, Decypher,
DNA Fold, EMBOSS, GeneMatcher, MAGPIE, Mascot, Primer3, ReadSeq, RNA Fold,
SeqsBlast, SRS, WebPhylib, Cogeme, ExPASy, and to more than 80 databases.
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Biomedical Informatics Research Network. The Biomedical Informatics Research Net-
work (BIRN) (http://www.nbirn.net/) is an NCRR (National Center for Research Re-
sources) initiative that will create a testbed to enable the biomedical access and analysis
of biomedical data located at diverse sites throughout the country. The BIRN testbed
will provide the hardware and software necessary to build a scalable network of biomed-
ical databases and high performance resources. Issues of user authentication, data in-
tegrity, security, and data ownership will also be addressed. In addition to scalability, the
produced software will be reusable and extensible, so the testbed, that will initially be
applied to neuroimaging research, will be deployed to different research centers work-
ing on different research topics.

3.3 Requirements and Architecture of PROTEUS

To help scientists in Proteomic/Bioinformatics research, PROTEUS will embed Bioin-
formatics knowledge about:

— bioinformatics/proteomics processes (involved resources, workflow, user interac-
tion, etc.),

— biological databases (description of Protein Data Banks, etc.),

— bioinformatics tools and software (EMBOSS, BLAST, etc.).

Proteus will be based on the use of Open Source Bioinformatics software, like EM-
BOSS, and the integration of public-available biological databases. Private databases
(i.e. databases accessible with registration via Web) will also be considered.

EMBOSS (European Molecular Biology Open Software Suite) is a package of high-
quality Open Source software for sequence analysis (http:/www.emboss.org/). The
EMBOSS suite provides a comprehensive set programs (approximately 100), covering:
Sequence alignment, Rapid database searching with sequence patterns, Protein motif
identification, including domain analysis, Nucleotide sequence pattern analysis, Codon
usage analysis for small genomes, Rapid identification of sequence patterns in large
scale sequence sets, Presentation tools for publication. EMBOSS provides a set of core
software libraries (AJAX and NUCLEUS) and supports all common Unix platforms
including Linux, Digital Unix, Irix, Tru64Unix and Solaris.

The main drawback in using EMBOSS or similar packages is that users need to
know both the biological domain and the semantic and details of available software
components. Moreover, the access to such components is often available by command
line only. To overcome these problems, PROTEUS will leverage existing software tools
simplifying their use by modelling applications through ontology and adding metadata
to available software. Thus PROTEUS will offer pre-packaged bioinformatics applica-
tions in different fields (e.g. proteomics) using the computational power of Grids.

The access to resources will be simplified by using a two layer metadata schema:
at the top layer an ontology will be used to model the rationale of bioinformatics ap-
plications, whereas at the bottom layer specific metadata about available (i.e. installed)
bioinformatics software and data sources will be defined. The top layer ontology will
guide the user in the choice of the available software tools or complete applications on
the basis of her/his requirements (ontology-based application design) [21], whereas the
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low layer metadata will be used to really access software tools and databases, providing
information like installed version, format of input and output data, parameters, con-
straints on execution, etc. The ontology will be updated whenever new software tools
or data sources are added to the system, or new applications are developed (i.e. de-
signed through composition of software components). This will enable the realization
of a Knowledge Base of applications/results, that is enriched whenever new applica-
tions are developed or new results are obtained. Thus, new users will be able to gain
knowledge about pre-existing experiments.

Currently we are designing the PROTEUS architecture extending the KNOWL-
EDGE GRID approach. Main components of Proteus are:

— bioinformatics applications ontology and components metadata (i.e. software,
databases and data sources),

— visual ontology-based application design (concept-based search of basic compo-
nents, as well as entire applications)

— workflow-based Grid execution manager and scheduler.

Proteomics will be the first investigated domain and we plan to embed more open
source software, in useful fields such as data mining, neural networks and genetic al-
gorithms. Moreover, we will describe data sources produced by commercially available
equipments such as Mass Spectrograph, to allow the advanced analysis of such data.

4 Conclusions and Future Work

The impact of proteome analysis in cancer research, and specifically in the field of in-
herited tumors, is rapidly increasing thanks to the development and improvement of
the instrumentations and bioinformatic tools currently available. High performance-
computers, pattern recognition learning algorithms, and mass spectrometry platforms
are able to provide an enormous amount of data and informations on a high through-
put basis. The challenge now is to take advantage from all these data and use them to
identify proteomic profiles that might be useful as molecular markers for early detec-
tion, prognosis and tailored-treatment of cancer. Together with genomics, proteomics
research and the bioinformatic structure supporting both approaches are going to make
a tremendous change in the understanding of the basis of tumorigenesis and, hopefully,
in the expectancy and quality of life of many individuals suffering from cancer.
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Abstract. The paper reports a flow analysis framework for data ex-
ploration, knowledge discovery and visualization of large-scale Pedigrees
represented as directed graphs. Indeed, when large Pedigrees are involved
in biological studies researchers need to interact with multiple tools such
as databases (storing genetic as well as phenotype information), graph
browsers, graph visualization tools, etc.

We have already collected the last three centuries genealogical data of the
population in the villages of Campora and Gioi, situated on the hills and
mountains of the National Park of Cilento and Vallo of Diano, an area
in the Southern Italy. At the present the villages have a population of
600 and 1200 residents respectively. The size of the today population as
well as the collected genealogy requires sophisticated Software methods
to support the storage, the handling, the analysis and the visualization
of the data. In particular, visualization may become an impossible task
when large Pedigrees need to be represented and browsed: very often the
result is a screen cluttered by to much information.

The amount of collected information requires reliable and powerful soft-
ware tools. The paper describes the key elements we are organizing into
a Software system allowing to analyze, manage and visualize the large
Pedigree. In particular, we report the structure of a database, the main
framework inspired by flow analysis to extract properties from the pedi-
grees and a preliminary visualization tool based on GraphWiz the ATT
graph visualization environment which allows to use applet to display
graphs into WEB browser.

Keywords: Large Pedigrees, databases, flow analysis

1 Introduction

Complex diseases like cardiovascular diseases, tumors, neurodegenerative disor-
ders and diabetes are the more frequent cause of morbidity and mortality in the
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industrialized countries. One approach useful to identify loci and genes respon-
sible for complex diseases takes advantage of the populations of small villages
that have been geographically isolated for centuries. We looked at the villages
situated on the hills and mountains of the National Park of Cilento and Vallo
of Diano, an area in the Southern Italy. We chose twelve of these villages on the
basis of the degree of endogamy (marriages between people born in the same
village) in the last two centuries (higher than 80%).

We have already collected the last three centuries genealogical data of the
population in the villages of Campora and Gioi, which at the present have a
population of 600 and 1200 residents respectively, in order to build their geneal-
ogy. The size of the today population as well as the collected genealogy requires
sophisticated software methods to support the storage, the handling, the analy-
sis and the visualization of the data. In particular, visualization may become an
impossible task when large pedigrees need to be represented and browsed: very
often the result is a screen cluttered by to much information.

For example, data collected on the village of Campora include: the geneal-
ogy obtained from the demographical data; the genetic structure of the popula-
tion; the characterization of the “state of health” of the Campora’s inhabitants
obtained by clinical analysis performed from blood samples, medical interview
and examination. At the time of writing the pedigree contains more than 7000
individuals, the analysis for about 500 people (each analysis characterizes 45
features). All in all the software has to be able to handle a forest of graphs with
a number of nodes ranging from dozen to thousands. Each node represents an
individual and thus the individual status (e.g., dead or alive), measured features
(e.g., blood cholesterol level) and marker values has to be graphically associated
and accessed. To store the data we have defined the structure of a relational
database that can be accessed by network; an XML representation decouples
the database structure from the representation layers. To support pedigree and
more generally information browsing we are developing a portable program in-
spired by the paradigm of the fisheye, a paradigm often adopted in software
engineering to browse large graphs. Fisheye has been implemented as a variable
number of visualized generations around the current highlighted individual. The
researcher is left in charge to define the number of forward and backward gen-
eration thus allowing to finely control the number of displayed individuals and
the depth of the visualized sub-pedigree.

This paper presents the overall database structure, the XML interface, the
preliminary visualization software we are developing to support pedigree brows-
ing and an easily customizable framework to analyze and query large pedigree.
Within this framework the extraction of properties of the graph and of indi-
vidual nodes is modeled as a flow analysis problem, each node implementing a
input-output mapping depending of a composition rule and four associated ets.
The flow information is propagated through the graph until convergence. We
show how to query the structure of the graph by customizing the composition
rules and the associated sets. The algorithm has a quadratic worst-case behavior,
however we have observed linear increasing of execution times in nearly all real
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world experimental conditions. This means that the number of iterations for the
convergence of the graph relaxation procedure weakly depend on the number of
nodes.

The paper is organized as follows. First we will briefly summarize the struc-
ture of the database then a framework inspired to flow analysis allowing to
extract information and sub-pedigrees from a larger one. Finally, we will present
some preliminary pedigree visualization snapshots.

2 The Database

The collected information were stored in a relational database, its scheme is
depicted in Fig. 1, Database tables models entities of the application domain,
they can be divided into two broad categories: tables describing the essential
information related to the population and tables describing the measurement
process or more generally information of the genotype and phenotype collection
process. The following tables describing the population were identified:

LABORATORIES CONTACTS

P sontact il
‘contac_idenity
_numbes
ceganization
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! MEAS_SESSION ENOTYP!
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Fig. 1. An excerpt of UML database schema.

— pedigree: to store the population pedigree as well as birth-date, sex and notes
and other patient related information;

— measure: containing the values of analyzes (e.g., body mass index, lympho-
cyte concentration, etc);

— genotypes: storing alleles values for the genotyped markers;



Browsing Large Pedigrees to Study of the Isolated Populations 261

The above tables are complemented by two tables encoding the marker and
laboratory analysis information respectively. Other tables store the data collec-
tion process details allowing to represent essential feature such as the calibration
of the analysis devices or the day when the blood sample was collected. More
precisely the following tables were populated:

contacts: to store information on the nurse collecting the blood samples, on

the laboratory of analysis, etc;

— meas_device: specifying the brand, model and setup of various devices;

— meas_sessions: to store temporal information and other relevant facts on each
measurement session (i.e., blood sample collection, patient interview, etc);

— laboratories: to identify the different laboratories, hospitals or structures in-

volved in the process of handling and analyzing collected samples.

The data base schema was represented via XML Schema to promote software
and tools interoperability. An excerpt of the XML Schema is shown in Fig. 2,
where the central table storing the pedigree information is summarized. Details
were omitted from Fig. 2 due to space problem.

<7xml version="1.0" encoding="IS0-8859-1" 7>
<xsd:schema xmlns:xsd="http://www.w3.org/2001/XMLSchema">
<xsd:element name="Pedrigree" >
<xsd:element name="sex'">
<xsd:simpleType>
<xsd:restriction base="xsd:string">
<xsd:pattern value="M|F"/>
</xsd:restriction>
</xsd:simpleType>
</xsd:element>
<xsd:element name='"year">
<xsd:simpleType>
<xsd:restriction base='"xs:integer">
<xsd:pattern value="[0-2][0-9][0-91[0-9]1"/>
</xsd:restriction>
</xsd:simpleType>
</xsd:element>

<xsd:complexType>
<xsd:sequence>
<xsd:element name="Persona">
<xsd:complexType>
<xsd:element name="PatientID" type="xsd:integer"/>
<xsd:element name="MotherID" type="xsd:integer"/>
<xsd:element name="FatherID" type="xsd:integer"/>
<xsd:element name="Day_Birth_Date" type="xsd:day"/>
<xsd:element name="Month_Birth_Date" ty; sd:month"/>
<xsd:element name="Year_Birth_Date" type='"xsd:year"/>

<xsd:element name="Sex" type="xsd:sex"/>
<xsd:element name="Note" type="xsd:string"/>
</xsd:complexType>
</xsd:element>
</xsd:sequence>
</xsd:complexType>
</xsd:element>
</xsd:schema>

Fig.2. XML Schema excerpt

Foreign keys and triggers were defined between tables to ensure data integrity.
To speed up complex queries computation indexes on a subset of the tables
attributes were created.
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It is worth mentioning that the information we store in the database does not
cover all the project details. For example, the standard operating procedure (e.g.,
the details on the PCR-SSCP analysis or the biochemistry laboratory tests) are
stored in specific documents and thus they were not modeled by the database.

Finally, when selecting the database engine, the characteristics we privileged
were reliability, transaction support, support for trigger, foreign keys and nested
queries. PostgreSQL was selected as the project database management system.
PostgreSQL is the worlds most advanced Open Source database software and it
includes all the required characteristics.

3 The Flow Analysis Framework

Flow analysis techniques have historically been important for gathering infor-
mation about certain properties of graphs and programs represented as directed
graphs [4,15,13,6,2,10,11,16].

Given a population, the relation between individuals, ancestors and descen-
dants can be thought of and modeled via a directed graph and thus flow analysis
may be applied to collect relevant facts on the populations or to extract sub-
graphs with a given property (e.g., all the ancestors of an individuals).

Normally, the information is gathered for each point in the Directed Graph
(DG). Examples of traditional flow analysis include finding dominators (i.e.,
those individuals on all path from an ancestor to a given individual). Other
analysis such as live variables are more tied to software engineering and do not
have a correspondent interpretation in terms when analyzing the DG represent-
ing a population (live variables are those variables that might be used after each
point in the program).

Flow analysis techniques are extremely appealing in that there are several
problems related to extract sub-population or pedigree visualization that can be
easily and concisely described in term of flow equations.

A general theory and detailed application of flow analysis is beyond the scope
of the present paper, the interested reader may refer to the Dragon Book [1], on
the newest book [3] or in more specific conference and journal publication [12,
14,18,17,8,9]. Basic notion on flow analysis are summarized in the following in
the context of a forward flow analysis (i.e., flow information is propagated from
the ancestors to the leaves of the graph).

Let G = (N, E) be the DG representing the pedigree P of the population,
where

— The node set N is the set of all individuals in the pedigree P.

— The edge set E is the set of pairs of individuals (n;,n;) € N x N if n; is a
parent of n;.

— Assume that there is a special node: a start - v; corresponding to a common
unknown founder of the population.

Led D be the universal set for the flow information, each node n € N has
the following associated sets:
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— IN,, C D: representing the incoming flow information;

— OUT,, C D: representing the outgoing flow information;

— GEN,, C D: representing the node generated flow information;
— KILL,, C D: representing the information killed by the node.

Furthermore, each node may be associated with information specific to the
modeled problem, such as the gender information, whether or not the individual
is still alive, etc.

Flow analysis is a general framework that can be specialized to solve partic-
ular problem settings by customizing the following features:

The kind of flow information that is propagated.

The rules describing how each node transforms its input flow information
into output flow information.

The direction for the flow propagation.

— The rules describing how flow information is merged at the joint points.
The initial values.

Flow information is forward propagated in the control flow graph according
to equations:

IN,= @ our,

pEpred(n)

OUT, = GEN, | JUN, — KILL,)

where pred(n) is the set of adjacent nodes to n in the graph, and € is
the confluence or merge operator, describing how to merge flow information at
the joint points, and depending on the analysis being performed. The graph is
traversed and flow information propagated until convergence according to the
forward flow propagation algorithm shown in Fig. 3;

Since there are N nodes in the graph, and each iteration, in the worst case,
modifies a single set with a single piece of information, in at most NV iterations
convergence will be achieved. Thus the algorithm has a worst case complexity
O(N?). However, most of the problems and flow analysis specializations exhibit
a linear or almost linear complexity.

3.1 Specializing Flow Analysis

The main advantage of the framework relies in the fact that particular queries
over the pedigree can be casted as a flow analysis problem. The user simply
needs to write a € merge operator and the code to initialize (or generate) the
flow analysis sets (i.e., IN, OUT, GEN and KILL). Very often those sets are
initialized with the empty set, with the universal set for flow information (e.g.,
the set NV of the graph nodes) or with the label identifying the node. The merge
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for each n € N do initialize IN,, and OUT,,
change <+ true
while change do begin
change <+ false
for each n € N do begin
IN, < @pepred(n) ouT,
OLDOUT, + OUT,
OUT, < GEN, |J(IN, — KILL,)
if OUT,, # OLDOUT,, then
change < true
end
end

Fig. 3. Flow propagation algorithm.

operator is almost always implemented as a set operation: union, intersection,
set difference, min or max.

Suppose we are interested of identifying, for each patient in the pedigree,
the set of ancestors. Let v; be the common founder, ancestors may be easily
computed by setting:

— Universal flow information D = N.
— Transformation rules:
GEN, ={n} KILL, = {}
— Flow information is propagated forward.
— Confluence operator € is the union.
— Initial values:
Vn e N,n# vy, IN, =0UT, ={}
IN,, ={}, OUT,, = {v}

After convergence, the IN sets contain the ancestors while the OUT sets
contain the ancestors plus the current node. Notice that to compute descendants
we only need to reverse the graph. To extract the sub-pedigree, with a specified
depth (ie., number of subsequent generation) say d, of a given node, say m, the
following equations may be applied:

— Universal flow information D = N.
— Transformation rules:
GEN, ={} KILL, ={}
— Flow information is propagated forward.
— Confluence operator @ is [min,epreqn)I Nn] — 1 if the value is greater or
equal to zero, zero otherwise.
— Initial values:
Vne N,n#m,IN, =0UT, ={}
GEN,, = {d}
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Descendants are those nodes with a positive value in the input set. By re-
versing the graph, predecessors at a given depth may be computed. Fish eye
visualization may be implemented based on these analysis thus allowing to focus
on a specified sub-pedigree. Finally, suppose we need to extract the sub-graphs
encompassing individuals with a specified value of a property P; let < n,m >
be an edge connecting the parent n to the child m:

Universal flow information D = F.

— Transformation rules:
GEN,, = {< p,n >} if predecessor p of n has property P; KILL, = {} if n
has property P, D otherwise.

— Flow information is propagated forward.

— Confluence operator € is union;

— Initial values:

VYn € N,n # v, IN, =0UT, ={}

3.2 Implementation Issues

We have implemented the flow analysis in Perl; the development was based on
the Graph package available at CPA, the Perl comprehensive archive. File input
was implemented by sub classing the Graph: : Reader to match out format. Much
in the same way, the output was obtained via sub classing the Graph: :Writer
component. Perl was chosen since it is available on all hardware and software ar-
chitecture, furthermore, Perl components are easily wrapped to obtain distribute
system via WEB services.

In addition, the key element to implement a flow analysis is an efficient set
implementation, which is not a trivial task. Compromises may be necessary
between time and space complexities; for example, a bit vector implementation,
hash tables or sorted arrays are reasonable choices ensuring on average efficient
insertion, element search, intersection, and union operations. Details on time
complexity and alternative implementation can be found in [1,5]. Meanwhile,
space complexity problems may arise from a naive set implementation. Suppose
we are modeling a population with 10000 individuals; a parsimonious, but naive,
bit vector implementation may require up to 4 Kbytes per node, with an overall
of about 40 Mbytes. A non efficient hash table or array implementation may
easily blow up 400 Mbytes. To overcame the problem at least two solutions are
available. The first is based on the idea of sharing a pool of sets between graph
nodes. By tying sets a space reduction is obtained at the price of decreasing
time performance. However, since operation involving the universal set for flow
information are trivial, another approach is to specialize the empty and universal
flow information set implementations. For example, the union with an empty set
or the intersection with the universal flow information set will not alter any sets.

4 Visualization

The visualization tool is aimed at supporting the task of browsing through the
collected information. According to Tores and Barillot [19], it is difficult to find a
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program that draws pedigree diagrams perfectly. However, since a pedigree is just
a directed graph (drawn according to a particular convention) it is foreseeable
to exploit directed graph layout programs to visualize pedigrees.

GraphWiz, the ATT environment to create, visualize and browse graphs im-
plements an efficient algorithm to compute the layout of directed graphs [7] via
the GraphWiz dot component.

Pedigree and individual related information are extracted via query over the
data base and filtered via Perl scripts based on the described flow information
framework. Further processing is required to format a pedigree in a way that
GraphWiz can be used to draw it. We implemented the transformation proposed
by Limsoon Wong (see the author WEB site http://sdmc.lit.org.sg:8080/ Elim-
soon). The idea is simple and effective: by adding extra nodes to the directed
graph a suitable layout is easily obtained. Special attention needs to be devoted
to the cases of multiple marriages of the same individual or to marriages be-
tween consanguineous which may causes edge crossing, cluttering the resulting
diagram. Visualizing the family tree originated by a given founder, causes a fur-
ther problem. Individuals that do not descend from that founder but married
to one of his/her descendants do not belong to the sub-pedigree. However, they
must be added to complete the diagram. This is of course a common situation
and we implemented a suitable heuristic to allow drawing a nice pedigree (see
Fig 4) in presence of such a common phenomenon. The strategy to augment a
pedigree with the required extra nodes and edges to exploit GraphWiz was im-
plement in a Perl script mkpedigree. mkpedigree allows to reuse the GraphWiz
environment including the grappa Java system without modifying dot.

At the time of writing, a preliminary release with limited capability was
available. DG are saved as Dotty files (the tool can be downloaded from the
ATT WEB site http://www.research.att.com/sw/tools/graphviz/). Graphs are
transformed via the mkpedigree Perl script and the layout is determined by dot.
Visualization is accomplished via Java applet (developed with the grappa jar)
that allows to access pedigree information by means of any WEB browser.

The Java applet allows to interact, zooming in out or interacting with the
database.

5 Conclusion

We reported a flow analysis framework for data exploration, knowledge discovery
and visualization of large-scale pedigrees represented as directed graphs. The ref-
erence database contains more than 7000 individuals, the analysis for about 500
people (each analysis characterizes 45 features). All in all the software has to be
able to handle a forest of graphs with a number of nodes ranging from dozen to
thousands. Each node representing an individual and thus the individual status,
measured features and marker values has to be graphically associated and ac-
cessed. We have presented the overall database structure, the XML interface, the
preliminary visualization software we are developing to support pedigree brows-
ing and an easily customizable framework to analyze and query large pedigree.
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Fig. 4. Example of sub-pedigree visualization in Dotty.

Within this framework the extraction of properties of the graph and of individual
nodes is modeled as a flow analysis problem, each node implementing a input-
output mapping depending of a composition rule and four standard initialization
sets. The flow information is propagated through the graph until convergence.
We showed how to query the structure of the graph by customizing the compo-
sition rules and the initializer. The algorithms is quadratic, nevertheless we have
observed linear increasing of execution times in nearly all real world experimen-
tal conditions. This means that the number of iterations for the convergence of
the graph relaxation procedure weakly depend on the number of nodes.
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Abstract. We infer symbolic rules for deciding the awareness state of
a driver on the basis of physiological signals traced on his body through
non invasive techniques. We use a standard device for collecting signals
and a three-level procedure for: 1) extracting features from them, 2)
computing Boolean independent components of the features acting as
propositional variables, and 3) inferring Boolean normal forms on these
variables deciding the driver awareness. In spite of their symbolic form,
these formulas are not easily interpretable, rather they represent a sort
of Boolean wavelets for describing the driver emotional state. A set of
experiments are shown on a benchmark expressly drawn from a car driver
simulator by the Psychology Department of Queen University of Belfast.

1 Introduction

New generation man-machine interfaces are required to be transparent, in the
spirit of disappearing/pervasive computing trend. Thus interactions on the part
of man will be ruled not by logic commands expressly minded by him, rather
by physiological signals automatically produced by his body. We challenged this
commitment in the special case of noticing to the machine an unawareness or
awareness state of a human called to do time to time an attention requesting task.
Namely, we monitor the attention state of a subject playing a driving simulator
in two different conditions: normal condition and accident avoidance. We work
on a quadruplet of tracks of physiological data like in Figure[dl(a), where the first
track reports the electrochardiographic signals (ECG), the second the respiration
(RSP), the third the galvanic skin response (GSR) an the fourth the skin tem-
perature (SKT). The output of our procedure is a log like the thick line in Figure
M(b) denoting the occurrence of excited attention episodes in correspondence to
the peaks. The curves of the physical parameters of the simulated dynamics put
in definite connection the highest peaks with the occurrence of accident avoid-
ance requests along the driving story. Due to the complexity and noisiness of
the collected signals on one side and the difficulty of the inference target on

* Work partially funded by the E.C. contract No. IST-2000-26091, “ORESTEIA: mOd-
ular hybRid artEfactS wiTh adaptivE functlonAlity”.
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the other, the above curve required the intervention of a long procedure and so-
phisticated techniques. Actually, in order to maintain some understandability of
the awareness detection rules, or at least its formal manageability within wider
contexts, we required these rules to be symbolic, being expressed, in particular,
as either conjunctive or disjunctive normal forms. On the other side we manage
features and their massive interactions in an essentially subsymbolic way, relying
on some cost functions to both extracting their independent components (with
a further requirements of being Boolean) and assessing the above normal forms,
mainly intended as basis functions of a sort of Boolean wavelet representation.
We resume the main points of this procedure in Section 2. A discussion of early
numerical results and forewords are delivered in Section 3.

Drive History.

———h

e —
o
-

-

281295 30

(a) (b)

Fig. 1. Input and output of the procedure: (a) a specimen of the four signals used; (b)
the awareness monitoring track. (see Figure [T for cars identification.)

2 A Procedure from Sensory Data to Rules

We may figure the whole procedure hosted by a hybrid multilayer perceptron as
in Figure Blwhere first layers compute mainly subsymbolic functions like conven-
tional neural networks, while the latter are arrays of Boolean gates computing
formulas of increasing complexity. From an informational perspective the sig-
nal flows left to right evolving through representations increasingly compressed
where the information is distributed in both the states of the processing elements
and their connections. The way of training this machinery is reported elsewhere
[1]; here we will rather discuss the local targets pursued by the learning algorithm
and the features of the trained machinery.

2.1 Data

A trial is constituted by a road trip that must be followed by the driver sitting at
a car driving simulator with different boundary conditions. This simulator, which
is in Queen University of Belfast [2], is equipped with a Biopac device [3] having
some non invasive sensors to record the signals mentioned in the introduction
at the sampling rate of 200 Hz. We sharply distinguish between unsoliciting
conditions, by default, and soliciting conditions represented by the sudden road
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Fig. 2. Balancing the data explanation in an extended neural network. Circles and
squares denote respectively neural and symbolic units. Arrow: data flow direction

Fig. 3. A sketch of the extracted features: (a) ECG parameters; (b) coded signals

crossing by a pedestrian and periodically fast direction changes induced by cones
in front of the car.

The main cinematic parameters of the car, such as speed, acceleration, and
wheel angle, are recorded during the trial.

2.2 Feature Extraction

Since SKT is a constant due to simulation shortness, we extract ten features
just from first three signals, that we avoided to filter as this operation generally
destroys relevant informations. We also didn’t manage for removing motion ar-
tifacts since the features we will consider are insensitive to them. Eight features
are conventional, consisting in distances between relevant points of the signals
according to medical knowledge [4] (as sketched in Figure [3)) , while the other
two are power spectrum and neural prediction shift. The power spectrum cap-
tures global properties of the ECG pulse and is computed within every pulse
through usual Fast Fourier Transform processing. Finally a “neural” distance is
computed between the actual ECG trajectory and the one 10 steps ahead fore-
casted by a specially featured recurrent neural network. This network is fed by
(last line in Figure[3(b)) the current values of the three physiological signals and
is embedded with both conventional sigmoidally activated neurons and symbolic
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Features

Mirrored features Boolean features

(a)

Fig. 4. The Boolean ICA extractor.
a. the hourglass neural network; b. a two arguments edge pulling function

ones expressly computing second and fifth order dynamics as baselines of the
RSP and ECG signals respectively.

2.3 Boolean Independent Components Extraction

We give a neural network the task of producing symbols from the set of features
with the key commitment of getting a syntactic mirroring of these data. We look
for a vector of Boolean variables whose assignments reflect (possibly through a
distorting mirror) the relevant features of the original (possibly continuous) data.
This means that an almost “one to one” correspondence must exist between
the two parts, where Boolean assignments may coincide when they code data
patterns with the same values of the features of interest to us. In greater detail,
we split the syntactic mirroring in two parts: a true mirroring of the data pattern
and a projection of a compressed representation of the pattern (obtained as a
side effect of the first part) into the space of Boolean assignments. Mirroring is
pursued through a RAAM (Recursive Auto Associative Memory) architecture
[B]: a three-layer network with the same number of units in both input and
output layers and a smaller number of units in the hidden layer. Therefore the
hidden layer constitutes a bottleneck which collects in the state of its nodes
a compressed representation of the input. Our output layer is augmented and
partitioned into two parts (see Figure[d(a)). Part B outputs a copy of the input
and is trained via a usual back-propagation algorithm according to a quadratic
error function. Part A computes the Boolean assignments that will be used by
the subsequent symbolic layers. To this aim we require the network minimazing
the following error function:

E, =log H z;ijj (1- zpj)*(lfzpj) (1)
j=1

where z,. denotes the 4" among the n Boolean outputs when pattern p is
presented as input.
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Begin
DNF=0;
for each positive example u
m = Njju,;=1%i
DNF = DNF U{m}
end for
return DNF; (b)
End

(a)

Fig. 5. (a) Algorithm for building an inner border; (b) The fuzzy border of a monomial.
Dark region — m; lessening gray regions — progressive enlargements after removal of
d1, d2 and ds from set(m); pmy (di) as in @)); p as in[M]

This function, which we call the edge pulling function, has the shape of an
entropy measure and was selected because it is minimized for output values close
to the limits of the activation space (see Figure[d(b)). Via the Jensen inequality
[6] on g(z) = xlnx it is easy to prove that the normalized sum of E, over the
patterns is majorized by the empirical entropy H of the joint distribution of the
propositional variables Z;, when they are supposed to be identically Bernoulli
distributed and independent. Namely, denoting r the training set size:

H= Y BT Y (R ) (- ) m (- )

p p p p

=H (2)

Thus, the left part of this inequality has a minimum for each z,, Boolean.
The right part has a minimum too when the assignments are pushed towards
independent Z;’s still preserving the original data entropy. Now, the sole entropy
we are interested on lies on a consistent partition of positive and negative coded
patterns that we expressly check during the H descent. Moreover, for sparse z’s
g(z) behaves almost linearly. Thus the cost function is close to promoting the
extraction of Boolean independent components from the biodata.

2.4 Learning Boolean Wavelets

Given a set X of examples in the Boolean hypercube of the Boolean assignments
u to the vector x of propositional variables, we simply compute a minimal DNF
(union of monotone monomials m) D including all positive points (the examples
coming from an attention requiring episode) through the algorithm in Figure
BEla), where minimality denotes that no other DNF with same property exists
included in D.
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Fig. 6. Inner and outer borders, in the sample space, of a concept at two abstraction
levels. Inner borders are delimited by the union of formulas bounded by positive ex-
amples, outer borders by the intersection of formulas bounded by negative examples.
Bullets: positive examples; diamonds: negative examples

We managed the simplification of the formulas as an optimization task of
their membership functions. In synthesis, we want to balance a desirable short-
ening of a formula with the undesirable loss of its description power [7] (in terms
of negative points included and positive ones excluded). Starting from a crisp
monomial m at a given abstraction level, we fuzzy enlarge its contour by an-
nexing boundary regions of the formula. Namely, we denote by the sequence
d = (dy,...,ds) the ordered (in any way) set, set(m), of literals in m, by d* its
prefix of length k& and by mgx the monomial obtained by removing these literals
from m (with mqo = m). By definition, the support of (i.e. the set of assignments
u satisfying) any mgx includes the m’s. Denoting with o(d*) the cardinality of
the X subset belonging to mgr\m, we rely on a membership function pim, (dx)
of a literal dj in respect to mq as follows:

3)

The monotonicity of the membership function, referred to assignments as points
in the unitary hypercube, induces a dummy metrics where points annexed by
one literal in d are more far from the crisp monomial than the ones annexed by
previous literals (see Figure[H(b)). In this framework we can define the radius of
the fuzzy contour as the mean value of the distances of points belonging to each
enlargement slice from the crisp monomial m

/“Lmd(dk?) =1-

pi = tma(dy) (1)
k=1

With the above notation, we want to minimize the following cost function
with respect to a DNF f consisting of £ monomials:

¢ ¢
O(f;, ) =M Y Li+ X2 Y pi+ Aswn (5)
i—1 i=1
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Fig. 7. Classification in case of cones
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Fig. 8. Classification in case of pedestrian

where L; is the number of literals in the i-th monomial, v is the percentage
of positive examples left out from the support of f, and the free parameter A
guarantees a proper balance between the cost components.

A complementary procedure may be pursued in respect to the negative points
(not attention requiring situations) to achieve a mazimal CNF (intersection of
monotone clauses). Minimal and maximal forms are consistent with the whole
training set. They represent an inner and outer borders between inside the func-
tion describing the attention excited state may be found. If we preserve the
consistency during the simplification procedure, we may view at these borders
as a pair of symbolic wavelet representations of the goal function. In fact, as any
function of L?(IR) can be represented as a linear combination of wavelets [8], any
function in the hypercube may be written as a sum of monomials (and similar for
clauses). Monomials may be viewed as symbolic wavelets since they are a basis
for DNF representation, localized in space as wavelets are in R. The property of
localization in the frequency domain, typical of wavelets, reverses in the small
number (actually one) of points binding the simplification of a monomial or a
clause [9]. The above fuzzy relaxation procedure looks as the companion of the
classical thresholding methods adopted in wavelet analysis to disregard useless
details.

3 Numerical Results and Forewords

Figures [ and B summarize a numerical experiment on the biodata log of one
subject called to 1) skipping cones on the road (the former) and avoiding a pedes-
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trian (the latter). Part (a) of the figures synthesizes the results of 50 learning
experiments performed with a cross validation technique. Starting from a se-
quence of 870 examples, one for each driver heart pulse, 57 of which refer to the
two events (thus being labeled positive), we took 50 different random partitions
of it into a training and a test set, by halving the positive points and annexing
in the training set only 20% of the negative points in order to balance their
effects. On each training set the procedure of Section 2 computes a DNF and a
CNF discriminating positive from negative points. While the truth table (Table
[[) denotes acceptable but not brilliant classification results, obtained with rela-
tively short formulas in any case, the figures do greater justice to the method.
We trace the performance by two curves. Majority line reports on each example
the label (0 or 1) computed by the majority of the 50 rules. We smooth this
curve with some contiguity rules, excluding for instance changes of label of one
example surrounded by more than 4 examples with the complementary label.
Frequency line reports exactly the number of the rules outputting label 1. Tak-
ing into account that each point figures in the training set of around half of the
rules, the two curves agree in recognizing in Figure 7 attention excited points at
beginning of the hard steering angle variation and of the slalom around cones,
while the other points are relatively relaxing the driver attention. Similarly the
driver spend the most of his attention right before starting the manoeuvre for
avoiding running over the pedestrian.

Part (b) of the figures reports the classification labels of a single rule. The
curve is smoothed by averaging these values within a window of 5 points and
rescaling the values for giving them a better readability. We see that even a
single rule is able to correctly classify the examples.

Table 1. Performance of 50 trials cross-validation test. FP: false positives, FN: false
negatives

DNF CNF
length| FP | FN |length| FN | FP
AVG  |44.42|22.91|27.62| 71.06 |22.41|28.22
STD DEV| 7.35 |5.36 | 8.79(20.37 | 7.49 | 5.44

These results are definitely preliminary. They base on poor features and a
limited bench of data. A wider experimental campaign is starting focusing on re-
ally attention demanding episodes coupled with a variety of ancillary conditions
in order to both stress the method and realize the extensibility of the found for-
mulas to similar episodes and/or subjects. A key point will be the realization of
the effect of distracting conditions such as hearing musics or answering a mobile.

References

1. Apolloni, B., Malchiodi, D., Orovas, C., Palmas, G.: From synapses to rules. Cog-
nitive Systems Research 3 (2002) 167-201



w

®

Monitoring of Car Driving Awareness from Biosignals 277

Balomenos, T., Cowie, R.: Oresteia deliverable nd1.5: Data description, sampling
methods, experiments design (2003) http://www.image.ntua.gr/oresteia.
Biopac website (2003) http://www.biopac.com.

Plonsey, R., Fleming, D.G.: Bioelectric phenomena. McGraw-Hill Series in Bioengi-
neering. McGraw-Hill (1969)

Pollack, J.: Recursive distributed representations. Artificial Intelligence 1-2 (1990)
77-105

Wilks, S.S.: Mathematical Statistics. Wiley Publications in Statistics. John Wiley,
New York (1962)

Vapnik, V.: The Nature of Statistical Learning Theory. Springer, New York (1995)
Mallat, S.: A wavelet tour for signal processing. Academic Press (1999)

Apolloni, B., Baraghini, F., Palmas, G.: Pac meditation on boolean formulas.
In Koenig, S., Holte, R.C., eds.: Abstraction, Reformulation and Approximation.
Springer, Berlin (2002) 274-281



Markov Analysis
of Protein Sequence Similarities

Chakra Chennubhotla! and Alberto Paccanaro?

! Department of Computer Science, University of Toronto, Canada
chakra@cs.toronto.edu
2 Bioinformatics Unit, Queen Mary University of London, UK
a.paccanaro@gmul.ac.uk

Abstract. In our previous work, we explored the use of graph-theoretic
spectral methods for clustering protein sequences [7]. The nodes of the
graph represent a set of proteins to be clustered into families and/or
super-families. Edges between nodes are undirected and weighted by the
similarities between proteins. We constructed a novel similarity func-
tion based on BLAST scores. The similarity values are in turn used to
construct a Markov matrix representing transition probabilities between
every pair of connected proteins. By analyzing the perturbations to the
stationary distribution of the Markov matrix (as in [6,4]), we partition
the graph into clusters. In this paper, we compare our method with
TribeMCL, which modifies random walks, by reinforcing strong edges
and pruning weak ones, such that clusters emerge naturally from the
graph [3]. We compare these two methods with respect to their ease of
use and the quality of the resulting clusters.

1 Markov Analysis and Spectral Clustering

A major challenge in bio-informatics is the grouping together of protein se-
quences into functionally similar families. Biological function of a newly deter-
mined sequence is often inferred by similarity to a sequence of known function
[2]. Grouping together sequences into families on the basis of how similar they
are to one another may give insight into the general features associated with the
biological role of that family. Clustering may also facilitate the discovery of rela-
tionships between protein sequences that are not otherwise apparent due to the
transitive nature of sequence homology [§]. Moreover, clustering of the protein
sequence data would clearly be of benefit in the selection of targets for structural
genomics and in determining their use as comparative modelling templates [9].

In our previous work, we explored the use of graph-theoretic spectral methods
for clustering protein sequences [7]. Each node in the graph corresponds to a
protein sequence and the edges correspond to the strength (or similarity) with
which two protein sequences belong to a group. We consider partitioning one such
weighted undirected graph G into a set of discrete clusters. Ideally, the nodes
in each cluster should be connected with highly-similar edges, while different
clusters are either disconnected or are connected only by a few edges with low
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similarity. The problem is to identify these tightly coupled clusters, and cut the
inter-cluster edges.

Following the framework in [4], we consider an undirected graph G = (V, E)
with vertices v;, for i = 1,...,n, and edges e; ; with non-negative weights s; ;.
Here the weight s; ; represents the similarity of vertices v; and v;. The edge
weights are assumed to be symmetric, that is, s;; = s;;. In matrix notation
the similarities are represented by a symmetric n X n matrix S with elements
sij- The degree of a node j is defined as: d; = Y31 s = >0 si;. We
represent D for a diagonal matrix of degrees: D = diag(dy,...,d,). A Markov
chain is defined using these affinities by setting a transition probability matrix
M = SD~!, where the columns of M each sum to 1. The transition probability
matrix M defines the random walk of a particle on the graph G.

In this paper, we compare two different ways of propagating the Markov chain
on the graph, leading to two different clustering algorithms: (1) our previous work
([7]) which involves analyzing perturbations to the stationary distribution of the
Markov transition matrix, captured via the eigenvectors of the Markov matrix
(as in [6/4]); and (2) TribeMCL which modifies the random walks to promote
the emergence of natural clusters in the graph [3].

K-Means Spectral Clustering — Spectral methods use the leading eigen-
vectors of the Markov transition matrix derived from the similarity information.
They allow one to study global properties of a dataset by making only local
(pairwise) similarity measurements between data points. Here we notice that
the matrix M is in general not symmetric. So, for a stable eigendecomposi-
tion of M, it is convenient to consider the normalized similarity matrix L given
by, L = D~Y2MD'?. Note L is symmetric and hence M = DY?LD~1/? =
DY2U AUTD=2 where U = [u1,us,--- ,uy| are the eigenvectors and A is a
diagonal matrix of eigenvalues [A1, Ao, -+, A\,] of L, sorted in decreasing order.
While the eigenvectors are orthonormal, the eigenvalues are real and have an
absolute value bounded by 1, |Ax| < 1. Thus an eigenvector u of L corresponds
to an eigenvector D'/?u of M with the same eigenvalue \.

Consider propagating the Markov chain for 3 iterations. The transition ma-
trix after § iterations can be represented as: M? = DY/2UAPUT D=1/2, There-
fore the probability distribution of a particle after 3 iterations is p? = MPp?,
where p? is the initial distribution. As 8 — oo, the Markov chain approaches the
stationary distribution 7w, M> = w17, The stationary distribution is given by
m = diag(D)/ >, d; and 7 is unique as the graph is undirected and connected.
Observe that 7 is an eigenvector of M as it is easy to show that Mm = 7 and
the corresponding eigenvalue is 1.

Assuming the graph G is connected with edges having non-zero weights, it is
convenient to interpret the Markovian relaxation process as perturbations to the
stationary distribution, p? = + E?:z /\?Dl/QujufD_l/on, where A\; = 1 is
associated with the stationary distribution 7r. The second eigencomponent us
perturbs the stationary distribution the most as Ay > A; for k£ > 2. Because
uQUQT is a matrix with elements {ug; x uz’j}, the probability of transitions
between the points that share the same sign as uy; is increased, while that of
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transitions across points with different signs is decreased [A]. Thus, a simple
recipe for partitioning the graph into two clusters is to assign points based on
the sign of the elements of us: us; > 0 = assign point ¢ to cluster 1, otherwise
cluster 0. In [4] it was shown how this property translates to a condition of
piecewise constancy on the form of the leading eigenvectors, i.e. elements of the
eigenvectors have approximately the same value within each cluster. Specifically,
it was shown that for K weakly coupled clusters the leading K eigenvectors of the
stochastic matrix M will be roughly piecewise constant. The K-Means spectral
clustering procedure is a particular manner of employing the standard K-Means
algorithm on the elements of the leading K eigenvectors to extract K clusters
simultaneously. For details see [6].

There are two issues left to be discussed: (1) How to define a suitable metric
for pairwise similarity? (2) How to select K, the total number of clusters in a
dataset?

Our starting point for defining a similarity measure between sequence 1
and sequence j, was constituted by their BLAST E-values, b;; [1]. We then
converted such values into probabilities using a negative-sigmoidal function:
pi; = [1+expllogyo(bi;) — logyo(1- 10*1)]4]71. While the choice for the pa-
rameters in the sigmoid is subjective, we propose it as an attempt to capture
the effects of relatively weak BLAST hits. The BLAST E-values, once converted
into probabilities, are collected into a matrix P. In general P will not be symmet-
rical. We obtain a symmetrical matrix, S, by assigning to each s; ; and s;; the
higher of the two values p; ; and p; ;. This amounts to a conservative interpre-
tation of BLAST E-values. We used S as the similarity matrix in the K-Means
spectral clustering algorithm that we applied to protein sequences [[].

In order to choose the total number of clusters K we analyze the eigenspec-
trum of the normalized similarity matrix L. We begin by noticing that if a graph
is connected such that there is a path between every two nodes, then the lead-
ing eigenvalue will be 1 and all the other eigenvalues are bounded away from 1:
Ar < 1, V k£ > 1. This implies that the graph is one large connected component
which can be divided possibly into several smaller clusters. In order to estimate
the number of clusters from the eigenvalue spectrum, we first compute the eigen-
gaps, which are the ratios of successive eigenvalues. We then apply a threshold
on the eigengaps to select the number of clusters: K = min{i : \;/\iy1 > €},
where € is predefined. We found this method adequate for the datasets that we
considered.

TribeMCL — A cluster in a graph is characterized by the presence of many
strong edges between its members and perhaps few weak connections with other
clusters. If a graph contains such clusters, then it is very wunlikely that random
walks based on Markov transition probabilities will jump between two clusters
too frequently. Hence, if the random walks can somehow be biased, say by prun-
ing weak edges and reinforcing strong edges simultaneously, clusters may emerge
naturally from the graph.

This is the idea behind the Markov Cluster (MCL) algorithm, which induces
bias in random walks by alternating between two operators called expansion and
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inflation [10]. Expansion is similar to the propagation we discussed in previous
section where the Markov transition matrix M is raised to a power. Inflation
corresponds to taking powers of M entrywise, followed by a normalization step,
such that the matrix elements in each column sum up to 1 again. Expansion
makes the differences between nodes less distinguishable, while inflation has the
effect of boosting probabilities on strong intra-cluster walks and demoting weak
inter-cluster walks. The inflation process is dictated by a parameter r. Increas-
ing r has the effect of increasing the tightness of clusters. Iterative application
of expansion and inflation operators approaches an equilibrium state and the
resulting graph is then examined for cluster information [10].

MCL constitutes the core component of TribeMCL, an algorithm used for
clustering protein sequences [3]. In TribeMCL, the similarity measure between
two proteins is built on the BLAST E-value. In particular, a similarity matrix
S is put together by taking the average of the pairwise — log;,(E-value) values,
thus resulting in a symmetric matrix. The similarity matrix is then converted
into a Markov transition matrix for the application of expansion and inflation
operators.

2 Results

We compared the performance of the K-Means spectral clustering algorithm
with TribeMCL on different datasets of proteins extracted from SCOP [5]. This
is an expertly curated manual database in which proteins have been classified on
the basis of their 3-dimensional structure as well as other relevant information.
The SCOP classification is hierarchical and within super-families lie families. A
pair of proteins within a family generally display discernible sequence similarity,
while this may not be the case for two proteins each in a different family but
both belonging to the same super-family. Proteins in the same super-family
are believed to have the same function. We use the SCOP assignments in our
clustering experiments to see how well protein sequences belonging to the same
super-family are grouped together.

Performance Measures. If we consider the grouping provided by SCOP super-
families as the “ground truth”, it is possible to use the so called external qual-
ity measures to evaluate a clustering. We used the Precision, Recall and F}-
measure. For a certain protein set, let us call K the categorization into super-
families provided by SCOP, and let us denote by A the clustering returned by
a certain clustering algorithm for that set. Let nf denote the number of ob-
jects that are in cluster [ according to A as well as in class h given by K. The
precision is then defined as the fraction of correctly retrieved proteins out of
all the proteins in the cluster n;: P(Cy, Kp,) = nl'/n; The recall is defined as
the fraction of correctly retrieved proteins out of all the proteins in the class
n": R(Cj, Ky) = nl'/n" The Fi- measure, that combines precision and recall
with equal weights. For the entire clustering the total Fi-measure is defined as:

Fi(\K)=1/n>%_, n"max, 2}

ny4nh -
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First we shall present results obtained on 3 datasets, which were built by
hand-choosing super-families in such a way that the datasets had a simple struc-
ture, thus enabling the performance of the algorithm to be appreciated visually.
Dataset 1 consists of 108 protein sequences belonging to 3 different super-
families namely Globin-like, Cytochromes and Fibronectin type I1I. We picked 36
sequences at random from each super-family, such that no two pairs of sequences
have more than 40% sequence identity.

Dataset 2 consists of 511 protein sequences belonging to 7 super-families namely
Globin-like (88), Cupredoxins (78), Viral coat and capsid proteins (106), Trypsin-
like serine proteases (73), FAD/NAD (P)-binding domain (64), MHC antigen-
recognition domain (51), Scorpion toxin-like (51). The maximum pairwise iden-
tity in this set was 95% but within each super-family there were up to 5 families,
making this a rather challenging problem.

Dataset 3 consists of 507 sequences belonging to 6 super-families, namely
Globin-like (88), EF-hand (83), Cupredoxins (78), (Trans)glycosidases (83),
Thioredoxin-like (81), Membrane all-alpha (94). The last 2 super-families con-
tained 12 and 13 families respectively. The maximum pairwise identity in this
set was also 95%.

When running TribeMCL on these datasets, we found that the setting of
the inflation parameter was crucial for obtaining good results. First, we tried
adjusting the inflation parameter to get the roughly the same number of clusters
as there are super-families in the dataset. This amounts to a “low” setting of the
inflation parameter. However we observed that the resulting clusters typically
have members from various different super-families all grouped together — when
the inflation parameter is set low, TribeMCL tends to cluster all the proteins
into few large clusters. If it was set higher, results get better and the procedure
tends to identify more correct subdivisions. Below, we report results with the
best setting for the inflation parameter that we could find, with regards to the
quality of the overall clusters, over several independent runs.

Results on Dataset 1. The eigengap plot (not shown for lack of space) for
Dataset 1 indicates that there are 3 relevant clusters in the data. If K is set to
3, the K-means spectral algorithm returns a perfect separation of the proteins
into the 3 constituent families. While this dataset may seem easy to work with
because the sequences in each group belong to a single family, remember that
they had less than 40% sequence identity. For this reason, a simple procedure
like the single-linkage analysis fails to reveal the right clusters. On this dataset,
despite the wide range of choices we made for the inflation parameter, we found
TribeMCL unable to return three distinct clusters. Furthermore, the largest clus-
ter typically had members from at least two of the three families. Consequently,
while for the solution obtained using the K-means spectral algorithm F; = 1,
the best value for F} for a TribeMCL solution that we were able to obtain was
0.60.

Results on Datasets 2 and 3. Datasets 2 and 3 are much more difficult,
involving a hierarchy of families and super-families. The K-means algorithm al-
gorithm finds 9 clusters in Dataset 2 (F; = 0.74) and 6 clusters in Dataset 3
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Fig. 1. Fi-measures for 10 randomly drawn subsets from SCOP. In each experiment
the inflation parameter for TribeMCL was set to 1.6.

(F1 = 0.81). The clusters of the proteins obtained by K-Means do not corre-
spond to the exact super-families in the set. For brevity, we analyze the results
just on Dataset 2 (Fig. 2] Top). Some super-families are clearly separated. For
example, the Globin-like super-family (column 1) splits into 2 clusters, namely
Globins and Phycocyanin-like. The majority of sequences in the Trypsin-like
serine protease super-family (column 4) are clustered but these are almost all
the eukaryotic proteases (51) and some proteases from other smaller families are
incorrectly assigned. Similarly the majority of the FAD/NAD (P)-binding do-
main sequences (column 5) are clustered together. A large group of animal virus
proteins (the last grouping in the Viral coat super-family (column 3) cluster
together but these appear to split into 2 sub-families. Figure [2] Bottom, shows
the results obtained for the same dataset using TribeMCL, with the inflation
parameter set to the best value that we could find, which is 1.55. With this set-
ting TribeMCL finds 28 distinct clusters. Comparing with Fig. 2 Top, we notice
that some of the larger clusters obtained by TribeMCL group disparate families.
Also the TribeMCL procedure appears to create many spurious clusters (i.e.,
oversegmentation) containing only few proteins, and sometimes even a single
one. Overall, the clusters returned by the TribeMCL procedure appear to lack
coherency. The Fj value for this solution was 0.54.

Finally, we compared the performance of the two algorithms on a group of
10 datasets which we generated from astral-95 by adding random super-families
to a dataset until it contained at least 500 proteins. To ensure a fair selection
of super-families, the super-families were chosen by selecting a random protein
from astral-95 and then including all members of the corresponding super-family
in the dataset. Fig.[I] presents the Fj-measure for the results obtained using K-
means spectral and TribeMCL on these datasets. We can see that the K-means
algorithm gives consistently an improved performance over TribeMCL.
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Fig. 2. Clustering results for Datasets 2 obtained using K-Means (Top) and TribeMCL
(Bottom). The protein sequences in the datasets are arranged horizontally with each
row corresponding to a different cluster. Short (yellow) bars represent the assignment
of a protein sequence to a cluster in the following way: each protein has a bar in only
one of the rows (clusters); the presence of the bar means that the protein is assigned to
that cluster. Boundaries between super-families are shown by thick long vertical (red)
lines; boundaries between families within each super-family are shown by tall (blue)

lines.
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3 Discussion

In this paper we have looked at two different methods for clustering protein se-
quences: K-Means spectral clustering [7] and TribeMCL [3]. The starting point
for both algorithms is a set of pairwise BLAST E-values between sequences.
From these values, each method builds a Markov transition matrix, M. The
algorithms differ in the way in which they propagate the Markov chain on the
graph: while K-Means spectral clustering analyzes perturbations to the station-
ary distribution of M, TribeMCL modifies the random walks to promote the
emergence of natural clusters in the graph.

The K-Means spectral clustering algorithm is very simple to implement.
The eigenvectors of the Markov transition matrix are obtained by singular value
decomposition (SVD), which is a very stable process. The similarity matrices
tend to be sparse and there are well known procedures in numerical analysis to
speed up the computation of SVD. A Matlab implementation of the algorithm,
running on a 1.8GHz Pentium 4 machine, takes about few seconds to cluster the
biggest dataset presented here. The K-means procedure gave very stable results
for several different runs. TribeMCL is also quite simple, involving only basic
linear algebra operations.

We have compared the results obtained by the two methods on several dif-
ficult datasets. Both algorithms require the user to input a parameter. For the
K-Means spectral clustering algorithm we found that the eigengap computation
provides a good indication for a reasonable setting of the number of clusters in
the dataset. In comparison, our experience with TribeMCL shows that there is a
considerable trial and error involved in the selection of the inflation parameter.

Regarding the quality of the clusters, our algorithm seem to identify many
of the relevant family/super-family groupings as defined by SCOP. However,
the main clusters identified by TribeMCL appear to group disparate families,
and TribeMCL also tends to create many spurious clusters containing only few
proteins (see figure B .

These results are quite preliminary. The K-Means spectral clustering method
has been tried on few problems, and more extensive testing is needed. Moreover,
while it is known that TribeMCL can cluster thousands of sequences [3], we need
to see how our spectral method scales to datasets that are much larger in size.
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Abstract. In this paper an information geometric-based variable se-
lection method for MLP networks is shown. It is based on divergence
projections of the Riemannian manifold defined by a MLP network on
submanifolds defined by MLP networks with reduced input dimension.
We show how we can take advantage of the layered structure of the
MLP to simplify the projection operation, which cannot be accurately
done by using only the Fisher information metric. Furthermore, we show
that our selection algorithm is more robust and gives better results than
other well known selection algorithms like Optimal Brain Surgeon. Some
examples are shown to validate the proposed approach.

1 Introduction

Multi-layer perceptron networks are well known for their capability to learn
complex relationships between sets of variables. Most often, however, the phe-
nomenon we are trying to model is very complex, and there is not a priori
knowledge which can be used to select the input variables which are relevant
to modeling the input—-output relationship we seek. So, the usual approach is
to use all the available input variables. This is true in particular in biostatistics
applications, in which researchers are not willing to exclude possibly relevant
variables.

The inclusion of many variables however has many drawbacks: it is more dif-
ficult to interpret the resulting model, irrelevant variables act as noise worsening
the generalization capability of the model, data gathering can be much more
costly, small datasets become less useful because of the curse of dimensionality.

Variable selection methods are a main subject of research in statistics, with
application to commonly used modeling techniques [4]. However, it turns out that
much of the developed theories and algorithms are not usable in the case of neural
networks due to their complex structures. Therefore, in the last years many ad
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hoc methods have been developed which are taylored to neural networks. Since
variable selection requires the definition of a selection criterion and a search
procedure, several methods can be defined by combining instances of the two.
For a review of some variable selection algorithms we refer to [6],[8].

All of the currently existing methodologies, however, although successful to
various degrees, are more or less heuristic in nature and lack a solid theoreti-
cal foundation. Furthermore, many methods require retraining of the network,
and have therefore a very high computational cost. In this paper we propose a
selection criterion which has its roots in information geometry, and in this frame-
work we develop an algorithm which makes full use of the natural differential
geometric structure possessed by MLP’s [1], [2].

2 Variable Selection

Let x,y be random variables representing the input and output of a statistical
model, respectively. The goal is to reduce the dimension of the input vector to
a smaller number while preserving as much as possible the prediction capability
of the model. We suppose to have a dataset C = {(y;, X;) }i=1...n which we use
to train the model.

Removal of a set of inputs {xx}, k € K is equivalent to the following condi-
tions on the weights connecting the inputs with the hidden units:

wi, =0,Vk e K,Vie {1...H} (1)

where H is the number of hidden units.

If we consider the parameters in a model as the coordinates of some space,
we get an immediate geometric intuition about the nature of variable selection.
Setting some parameters to zero can be seen as a projection of the original space
on a lower dimensional space. To make the projection, however, we must take
into account the nature of the space and its geometric structure, and some kind
of distance measure must be defined.

The complete description of the available data is in terms of a joint distribu-
tion p(x,y). We can factorize this distribution as:

p(x,y) = p(ylx, w)r(x) (2)

where w is the vector of parameters of the stochastic input—output relation
realized by the model. Given a vector with a smaller number of parameters, we
get a different description of the joint distribution:

q(x,y) = p(yl|x, u)r(x) (3)

We would like u to be the projection of w, while preserving as much as
possible the distance from p(x,y) to ¢(x,y). We need then to define a distance
between models.
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A distance appropriate for probability measures is the Kullback divergence
[21: )
p(z

Dipla) = [1og %71 p(z) d ()

As we shall see later, the Kullback divergence is the natural choice given the
geometric structure of the manifold of the MLP parameters.
Evaluation of the divergence from p(x,y) to q(x,y) gives:

D(p(x,y)lla(x, Y)) D(r(x)[lr(x)) + Ez[D(p(ylx, w)llp(y|x, 0))] =
E;[D(p(ylx, w)llp(y|x, )] - ()

The projection of w can then be found by solving the nonlinear program:
arg min E; [D(p(y|x, w)|[p(y[x, u))] (6)

In a Bayesian framework we can estimate the divergence by evaluating the
posterior expectation of the divergence with respect to the posterior distribution
of network weights [13]. However, in general this is not analytically possible in
the case of a complex model like the MLP, so we must make a Monte Carlo
approximation using a sample of parameters from the posterior obtained for
example with a MCMC method [11]. For each parameter vector we shall then
solve a minimization problem to find the corresponding projected parameter
vector.

It should be noted that for a complex model like the MLP, the solution of the
nonlinear program may be hard to find (and there is no a priori guarantee that
it is unique!). Such a “brute force” approach, therefore, is not likely to work.

3 Taylor Series Expansion of the Divergence

A possible solution is to find an approximation to the divergence which could
make the projection task easier. We expand the divergence in Taylor series (as
a function of u) around w up to second order:

D= %<u—w>TG<w><u—w> +o(lu—wl?) (™)

where the elements of the matrix G(w) can be proven to be:

0 0
g ) = By | [ lylow) 0o plylx, w5 osplyl widy| (9
i b

which are the elements of the Fisher or information metric, the Riemannian
metric of the manifold of the network parameters.

Although the use of the information metric may seem as a powerful and
easy tool, simulations show that this method gives quite poor results when the
manifold on which we project has a low dimension (i.e., we “set to zero” many
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parameters). The second order approximation then is not accurate enough for
our purposes. It can be easily proven that the Optimal Brain Surgeon algo-
rithm (OBS) [5] and its variants [12], [7] can be considered as special cases of
eq.(8), since the information metric is equivalent to the Hessian of the error
criterion. OBS is derived under the additional hypothesis that the network has
been trained to a minimum of the error function.

4 Exploiting the Layered Structure:
The Layered Projection Algorithm

We shall show how the divergence can be efficiently minimized by exploiting the
layered structure of the MLP; this will lead us to the formulation of the Layered
Projection algorithm.

Let us consider a stochastic extension of the MLP in which each hidden unit
activation has a noise model whose density is p(z;|x, Vgl)), where vz(l) is the vec-
tor of first layer weights feeding the unit. Since the activations are independent,
we can write the joint activation for the hidden layer:

(z|x,v(?) Hp (zix, V . 9)

Given a noise model on the outputs, p(y|z, v(?), where v(?) is the vector of
second layer weights, we can then define the joint density of output and hidden
(independent) activations:

' v®) = plyl{zd, Hp i, vi) =

=p(ylz,v 2));D(ZIXN ) . (10)

Py {zi}lx, vt

This factorization is possible due to the flow of information in a MLP, in fact
the outputs depends on the first layer weights through the hidden activation,
which does not depend on the second layer weights. We can then use eq.(I0) in
the definition of the divergence, which for a finite dataset it can then be shown
to take the form:

(1)
(1) p(zlxg, w')
E / (z|xp, W log ) dz +

p(z|x,

z 3
NZ/ y|zg, w (2) ) log ((};|| IZ u(z))) dy =Dy + Dy . (11)

It should be noted that, in the case the variables we integrate over are not
continuous, the integrals become sums (this happens if the models are described
in terms of probability distributions instead of densities).
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The structure of eq.([Tl) reflects the layered structure of the MLP, and the
chain of dependencies between parameters and activations suggests that the two
terms can be minimized in sequence: minimize the first term using information
from inputs, first layer weights and hidden activations of the starting network;
then minimize the second term using information from first layer weights and
hidden activations of the projected network, second layer weights and output
activation of the starting network.

It can be shown that the above scheme can be iterated for an arbitrary
number of layers. We have thus obtained the following result:

Proposition 1 Divergence projection for wvariable selection in MLP networks
only requires solving a sequence of single—layer minimization problems.

We call the resulting algorithm Layered Projection.

4.1 Hidden Noise Model

If, without loss of generality, we assume that the hidden activation functions are
logistic sigmoids, then a simple noise model is given by a Bernoulli distribution
for each hidden activation. In this case, since each hidden unit activation can be
seen as a probability, the resulting activation model is:

Pl i) = Fvi )7 (1= f v X)) (12)
This expression is formally equivalent to a logit model which relates the hidden
activations to the x variables. Note that the hidden activation of the determin-
istic MLP is just the expectation of the activation of the stochastic MLP. This
choice of noise model is not restrictive, since we just create a stochastic model
of a deterministic network.

The activation for each hidden unit can be put in exponential family form:

p(ril6(x, vi)) = exp (00x, v{)ri = w(6(x,v1))) (13)
where 6 = log(f/(1 — f)),r = 6(z — 1),9 = log(1 + exp(f)). For a set of N

independent observations, the activation is still an exponential family of larger
dimension:

N
p({zadelxi vi?) = T plril0e, vi)) =
k=1
= exp (Z G(Xk,vgl))ri,k - Zw(e(xk,v§1>))> =
k k
=exp (0] vy -T) ny —UN) (14)

where
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v,y =(rit, s TiN),
Z‘,N = (G(Xl,vz(»l)), cey Q(XN,VEU))7
wN = Zw(g(xkavgl))) . (15)
k

If we denote by S; ;, = {p(ri,k|9(xk,v§1)))} the manifold of distributions corre-
sponding to the k-th pattern, then the joint distribution of eq[I4] is an element
of the product manifold S;N =551 %X Si2 X x 9 N.

Since 0; y is a function of vl(l), it cannot take arbitrary values, and is there-
fore restricted to a region of S} y. This region is called a curved exponential
(1)

family in S, with inner coordinate system v;

The dualistic structure of the manifold induces a divergence which is equal to
the Kullback divergence. This fact gives a justification for the use of the Kullback
divergence as a distance between models [2].

The projection can then be seen as an m-projection from a manifold M,
(1)

with inner coordinates ng) to a submanifold M, with inner coordinates u,
Furthermore, since this submanifold is e-flat, the m-projection is unique [2].

The projection corresponds to a Maximum Likelihood (ML) estimation of the
coordinates of the projected submanifold, which can be carried out by solving
the likelihood equations V, D1 =0.

For a finite data set, it can be shown that the ML equations are given by:

) @)
Z exp(u; - x;) < — Z exp(w; "’ - X;) < (16)
1+ (O (O

i exp(u; - x;) j 1+ exp(w; * - x;)

Note that eq.([6) can be seen as the ML equations for a Generalized Lin-
ear Model (GLM) with logistic canonical link [I0], to which the Iteratively
Reweighted Least Squares (IRLS) algorithm [I0] can be applied to solve the
problem in a very fast and efficient way.

For the second layer we solve V (2 Dz = 0, using the information obtained

from the solution of the first problerﬂ. We again get ML equations for a GLM,
with canonical link dependent on the kind of task.

We have thus shown that the problem of divergence projection can be reduced
to a sequence of minimization problems, which can be easily and fastly solved.

It should be noted that some algorithms have been been devised which make
layered fittings, and which are similar to Layered Projection although derived
on heuristic grounds and with many approximations. For a description we refer
to [6] and the quotations therein.

A similar approach, in a more classical statistical context, has been proposed
in [3] and applied to GLMs. Our work can be seen as an information geometric
generalization of their approach.



Divergence Projections for Variable Selection 293

4.2 Properties of Divergence Projections

In the present context, it can be shown that the divergence enjoys two fundamen-
tal properties: transitivity and additivity. These two properties are fundamental,
because they ensure that the order in which we select variables is not relevant,
and that embedded models are always at a greater “distance” from the starting
model than embedding models. These properties ensure the monotonicity of the
divergence, which in turn implies that fast, exact search algorithms (e.g. branch
and bound, [4]) can be applied without having to explore the full features space.

5 Experiments

In this section we shall make some experiments to validate the proposed ap-
proach. In each experiment the networks have been trained in the Bayesian
framework using a Gaussian approximation of the posterior distribution of the
parameters [9]. After training, the parameter vector was projected by using both
the Layered Projection (LP) and the OBS algorithm. Furthermore, a two—tailed,
two—sample Kolmogorov—Smirnov (K-S) test at the significance level 0.05 has
been performed to assess the null hypothesis that the outputs of the starting
network and the projected one have the same distribution.

5.1 Experiment 1: Noisy Redundant Regression

In this problem, we want to build an approximation to the function:
y =sin(2rzy) +n (17)

where n ~ N(0,0.05%), z; ~ N(0,1). However, we use three more regression
variables as input: ¥y ~ AN(x1,0.02%), 23 ~ N(0.5,0.2%), 24 ~ N(0.1,0.22).
Therefore, only x; is strictly relevant to the task, zs is correlated with x; while
3 and x4 are completely useless. We expect that the variable selection algorithm
is able to make a projection of the trained network which reproduces the correct
function thus identifying the least relevant inputs. The training and test data
sets are composed by 100 and 200 patterns, respectively.

The starting network has 4 inputs, 3 hidden units and one output. In tab. ()
the results of the projections are shown.

Note that the null hypothesis cannot be rejected for the projected networks
in the case of the LP algorithm, while it is strongly rejected in the case of the
OBS algorithm.

It can be seen that the LP algorithm is quite robust, being able to remove
the irrelevant inputs without adverse effects on the prediction.

The information metric method does not give a good approximation. Instead,
the removal of the irrelevant inputs completely changes in the worse the mapping
performed by the network, as also indicated by the p—values. The failure of
this method can be explained by the fact that the algorithm modifies all the
weights in the network, and the removal of many weights makes the second
order approximation a poor one.
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Table 1. Results of the projection operations for the regression problem. We report
the name of the algorithm, the dimension of the projected manifold and the labels of
removed inputs, the mean absolute error of the prediction, the error variance and the
result of the K-S test.

Algorithm Dim (Removed input) Mean abs error Error 6% Reject?

None 19 (none) 0.03 0.001 -

LP 16 (4) 0.0252  3.06e4 No
OBS 16 (4) 0.91 0.049  Yes
LP 13 (4,3) 0.0144 9.46e-4  No
OBS 13 (4,3) 1.083 0.054  Yes
LP 10 (4,3,2) 0.014 1.06e-4  No
OBS 10 (4,3,2) 1.029 0.08 Yes

5.2 Experiment 2: Binary Redundant Classification

In this problem, we want to classify data produced by a three component Gaus-
sian mixture. One of the components is assigned to class one, two of the com-
ponents are assigned to class two. The prior probabilities for the components
are 0.5, 0.25, 0.25. Each of the components has its full covariance matrix. To
make the task more complex, two more variable are considered as inputs to the
network, also if they do not contribute to the classification. The first variable is
N (3,3?), the second one is U(—3, 3). The training and test data sets consist in
200 patterns each. The starting network has 4 inputs, 6 hidden units and one
output. In tab.(Z) the results of the projections are shown.

Table 2. Results of the projection operations for the classification problem. We report
the name of the algorithm, the dimension of the projected manifold and the labels of
removed inputs, the mean classification error, the cross class errors and the result of
the K-S test.

Algorithm Dim (Removed input) Mean class error ¢1/ca ca/c1 Reject?

Bayes - A7 0.218 0.11 -
None 37 (none) .22 0.2 0.244 -
LP 31 (4) .19 0.236 0.13 No
OBS 31 (4) 42 0.218 0.67 Yes
LP 25 (4,3) 175 0.236 0.1  Yes
OBS 25 (4,3) .405 0.236 0.61  Yes

For the LP algorithm, the null hypothesis cannot be rejected for the projected
network in the case of one removed input, while for two removed inputs, the null
hypothesis is rejected. In the case of the OBS algorithm it is always strongly
rejected.
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The p-values indicate statistically equivalent predictions for the first LP pro-
jected network, while for the second one they are not statistically equivalent, and
in fact the projected network performs much better, with performance near the
optimal Bayes classifier. Also in this problem, the OBS projected networks give
very different (and worse) predictions.

6 Conclusions

The Layered Projection algorithm has many remarkable features. From a the-
oretical viewpoint it sheds some light into the variable selection problem for
MLPs. From a practical viewpoint it exhibits a low computational cost, it does
not require retraining of the reduced network, it uses the same data used to
train the original network, it lends well to the application of fast exact search
procedures and it is applicable to all kind of modeling tasks. Last but not least,
its implementation is easy, since existing software can be used with little or no
changes.
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Abstract. A number of techniques have been developed in order to address is-
sues such as genome, trascriptome and proteome analysis. However, a time and
cost effective technique for interactome analysis is still lacking. Lots of methods
for the predicion of protein - protein interacions have been developed: some of
them are based on high quality alignment of sequences, others are based on the
tridimensional features of proteins, but they all bear strong limitations that make
impossible their large scale application. Recently, an SVM-based machine learn-
ing approach has been used to address this topic. Although the method was able
to correctly classify 80% of the test samples, it was not applied to the prediction
of yet unknown interactions. In this work, we address this topic and show that an
optimized, SVM-based machine learning approach trained with combinations of
shuffled sequences as examples of lack of interaction is unable to make large scale
predictions of interaction.

1 Introduction

The recent sequencing of human and other species genomes has given a strong impulse
to the large scale study of genes and their products. A number of techniques have been
developed in order to address issues such as genome, trascriptome and proteome analysis.

Unfortunately, and in contrast with other cell molecules, a bench technique that
allows a large scale, cost and time effective analysis of interactome is still lacking. To
overcome this limitation, several bioinformatic approaches have been developed to make
predictions, which subsequently have to be validated by classical experiments of wet
biology.

The search for pairs of proteins that interact is really a challenging issue. Given that
a protein has from 2 to 10 interacting partners within a cell [5], it is clear that a bunch
of interesting proteins has to be distinguished from a proteome of noisy ones.

Some bioinformatic approaches rely on the alignment of sequences coming from
different organisms. The principal methods are philogenetic profiling, gene order con-
servation, "Rosetta stone", co-evolution analysis, in silico two hybrid [5] [§]. Even if
these methods are considered preferable [1], they bear strong limitations. First of all,
they need high quality sequences that are not always available. Moreover, they are based
on the comparison of homolog sequences from different organisms. Inferring that an
organism has (or has not) a homolog for a given sequence means that the organism has
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to be fully sequenced at a good qualitative standard. As a consequence, even if those
methods provide good results, they can be hardly ever applied.

Other methods, namely the "docking" methods, try to infer an interaction by
analysing the tridimensional complementarity of two proteins. The strongest limita-
tion of such methods is that the tridimensional structure is known for a little minority
of the proteins. This problem could be partially overcome by the so-called "threading"
procedures, which combine homology modelling, structure refining and tridimensional
complementarity analysis. Despite of this, the method cannot be applied to the sequences
that lack structurally resolved homologs.

Recently, an SVM-based prediction method has been proposed that, looking ex-
clusively at the primary structure and related physico-chemical properties would be
functional and could be applied without limitations. Such method learns from examples
of interacting and non - interacting proteins, represented as physico-chemical character-
istic patterns, and tries to rule out the regularity (which is often unknown) that permits
to discriminate between the two classes [2].

SVM is a supervised, kernel machine learning method that is based upon the concept
of structural risk minimization [1I]. It has recently been used for bioinformatic purposes
[2] [9] because of some interesting features. First of all, it can efficiently manage huge
amounts of data; then, the phenomenon of overfitting is strongly reduced; moreover
it exists a publicly available implementation in C language which is computationally
very efficient [4]. An SVM-based method has been used by Bock and Gough [2] to
classify pairs of interacting and non-interacting proteins, with a precision of 80%. It
must be underlined here that, while interacting pairs of proteins are easily found in
specialized databases, it does not exist a database of non-interacting proteins; then,
negative examples were generated by shuffling the sequence of interacting proteins. The
strongest limitation of this approach is that the authors did not apply the method to the
real problem of predicting new interactions.

The present work has three purposes: to determine the crucial parameters for the
construction of good SVM input vectors, to ameliorate the classification performance
of 80% found by Bock and Gough, and to make predictions of novel interacting pairs of
proteins through our optimized SVM-based method. The paper is organized as follows:
in the next section a review of the methods used is given, followed by a summary of the
obtained results, and finally a general discussion about the results is provided.

2 Matherials and Methods

Hardware and software. The computer used all over this work is an AMD DURON 750
MHz, with 576 Mb RAM. The software implementing the SVM algorithm was written
in C language and kindly made accessible to the scientific community by Dr. T. Joachims
[4]]. All the other scripts needed for this work were developed in PERL 5.0 by the authors.

Databases and flatfiles. The Database of Interacting proteins (DIP) was used as
source of information about interactions (24th January 2002 and 28th June 2002 re-
leases) and sequences of interacting proteins (2nd June 2002 release). AAindex database
provided the information about the aminoacid related physico-chemical properties (31st
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July 2002 release). Saccharomyces Genome Database (SGD) was the source of the
Saccharomyces cerevisiae whole proteome file.

Sets of physico-chemical properties. Two indexes for each of the five major index
classes were chosen on the basis of their completeness and the lack of correlation with
the other chosen indexes. We chose DAYM780101 and HUTJ700101 for composition,
SWERS830101 and JANJ780101 for hydrophobicity, CHAMS820101 and DAYM780201
for miscellaneous physico-chemical properties, GEIM800105 and NAGK730102 for
beta-propension, GEIM800101 and NAGK730101 for alpha-and turn propension. Two
sets of aminoacidic features were built choosing one index per class.

Generation of vectors representing interactions. The vectors representing the sup-
posed interaction between two proteins were generated as described in [2]]. Briefly, an
aminoacid index was used to substitute the aminoacid residues of the primary sequence.
This vector was standardized to a fixed length, and vectors originated from different
indexes joined. Pairs of interacting proteins were represented by the joining of the two
respective vectors. Negative examples were generated in the same way starting from
shuffled sequences of interacting proteins.

Learning sets and Test sets. All learning sets were composed by a variable number
of examples of interaction and the same number of examples of non-interaction. Where
not otherwise specified, the test set was composed by the 2300 interactions that are
uniquely found in the more recent release of DIP database, and 2300 examples of lack
of interaction.

Output data analysis. Pairs of proteins were considered as interacting when SVM
returned a value greater than zero; otherwise they were considered as non-interacting.

3 Summary of Results

In order to optimize the SVM-based classifier, we trained SVM with 2000 examples of
interaction and 2000 examples of lack of interaction varying the standardization length
of the vectors and the sets of physico-chemical properties. Length of 100, 200 and 400,
and three sets of physico-chemical properties (Set 1 and Set 2 contained 5 indexes, and
Set 3 contained all the ten indexes) were chosen. As shown in Fig.[Il we found that the
classification performance grows when the standardization length grows as well.

Moreover, one of the 5-indexes set (Set 1) got better performances than the others
in classifying examples of either interaction or non interaction. Surprisingly, Set 3,
comprising all 10 indexes, failed to improve the classification performance: in fact, it
gave an overall performance strictly similar to that obtained by the worst 5-indexes set
(Set 2).

Then, we studied the influence of the number of training instances on the classi-
fication performance. As shown in Fig.[2l the curves that link the number of learning
examples to the classification performance were logarithmic-like for both instances of
interaction and lack of interaction. Some events characterized the curves when >500
learning examples of interaction were used: both curves showed a very similar perfor-
mance, the standard deviation of each point became extremely low, and a plateau was
reached. We chose as optimal the number of 2200 learning examples of interaction, be-
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cause it corresponded to the plateau point that was computed using the smallest number
of learning examples, thus using the lowest amount of computational resources.

The optimizing parameters were then applied to build a Saccharomyces cerevisiae
restricted classifier. This classifier had a classification performance of 92% for both
interacting and non-interacting proteins.

4 Discussion

Three parameters were individuated as crucial for the construction of interaction-
representing vectors of good quality: the standardization length of the vectors, the set of
physico-chemical properties, and the number of learning examples.
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Another crucial point was the right choice of examples of lack of interaction. Since
a database of non-interacting protein does not exist, we needed to generate artificial
examples of non-interacting proteins. Bock and Gough proposed that shuffled sequences
from former interacting proteins could act as a non-interacting pair of proteins [2]. Even
if it appears a very artificious method, we kept it for the present work.

As far as the standardization length is concerned, we found that the best performances
were achieved with standardization length of 400, while lower lengths led to lower
classification performances. The analysis of the classification errors occurring using a
smaller standardization length clarified that errors were made mostly when classifying
pairs of protein composed by at least one much bigger than the average (data not shown).
This could lead to the hypothesis that "long" proteins constrained in "small" space lose
the features needed for a correct classification.

Two sets of 5 physico-chemical properties were tested, and one of them gave per-
formances reaching 92% correct classification rate. We then tried to join those sets, but
unexpectedly we found that it had a classification performance tightly resembling that
of the worst 5-properties set. An interference effect due to the redundancy of informa-
tion was supposed, accordingly to Zavaljevski et al. [9], that reported an interference
phenomenon on another application of SVM.

We noticed that the law that connects the number of learning examples to the clas-
sification performance is logarithmic-like and so it reaches a plateau. The best number
of learning examples was determined to be the lowest computational effort needed to
reach the best performance. We determined that the best amount of examples was 2200
for both interacting and non-interacting pairs.

We then moved to another topic, and tested whether our SVM-based classifier could
be used as a predictor of protein interactions in a yeast model. We considered three
Saccharomyces cerevisiae nuclear proteins involved in the yeast cell cycle: Sicl, Cdc28
and CIb5 [3] [6] [7], and we looked for their partners in the whole Saccharomyces
cerevisiae proteome.

First of all, we needed to adapt the SVM-based classifier to an SVM-based predictor.
This issue can be addressed by the Bayes’ formula, in which the number of expected
interactors and the total number of proteins are crucial. In our case, we had nearly 10000
proteins to test, among them we expected 10 interactors for each of our model proteins,
according to Marcotte et al. [3]. It is immediately clear that the method in our hands
would have given only 1.125% of overall correct predictions, while 8% of the whole
proteome would have been proposed as interacting. Moreover, to obtain a prediction
percentage >50%, we will need to build a classifier with a performance of 99.9% and a
false discovery rate of 0.1%.

Despite this, we applied our SVM-based predictor to the whole Saccharomyces
cerevisiae proteome, in order to check if we could obtain the theoretical percentage
of 8% of the whole proteome as being potentially interacting for each of our model
proteins. Surprisingly, the SVM-based classifier recognized nearly all the proteome as
being potentially interacting with the studied proteins. In particular, Sicl was associated
with 98.6%, Clb5 with 96.0% and Cdc28 with 99.4% of the Saccharomyces cerevisiae
proteome.
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One of the main reasons for this could be that our SVM-based predictor recognized
real proteins from shuffled sequences, and did not distinguish interacting from non-
interacting pairs of proteins. An evidence of this is that our predictor classified as non-
interacting almost all the shuffled sequences we submitted (data not shown). Thus, in
contrast to what Bock and Gough proposed, the assumption that shuffled sequences can
well surrogate examples of lack of interaction appears here to be wrong.

Future research will be focused on further optimization of vector construction and
on the generation of more reliable examples of lack of interaction. This could lead to the
minimization of the false discovery rate, and finally to a reliable SVM-based method for
the large scale prediction of protein interactions.
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Abstract. In this paper we propose a flexible method for analyzing the relevance
of input variables in high dimensional problems with respect to a given dichotomic
classification problem. Both linear and non-linear cases are considered. In the lin-
ear case, the application of derivative-based saliency yields a commonly adopted
ranking criterion. In the non-linear case, the method is extended by introduc-
ing a resampling technique and by clustering the obtained results for stability
of the estimate. The method was preliminarly validated on the data published by
T.R. Golub et al. on a study, at the molecular level, of two kinds of leukemia: Acute
Myeloid Leukemia and Acute Lymphoblastic Leukemia (Science 5439-286, 531-
537, 1999). Our technique indicates that, among the top 20 genes found by the
final cluster analysis, 8 of the 50 genes listed in the original work feature a stronger
discriminating power.

1 Introduction

In pattern recognition the problem of input variable selection has been traditionally fo-
cused on technological issues, e.g., performance enhancement, lowering computational
requirements, and reduction of data acquisition costs. However, in the last few years, it
has found many applications in basic science as a model selection and discovery tech-
nique, as shown by a rich literature on this subject, witnessing the interest of the topic
especially in the field of bioinformatics. A clear example arises from DNA microar-
ray technology that provides high volumes of data for each single experiment, yielding
measurements for hundreds of genes simultaneously.

The problem statement is as follows. We are given a two-class labeled training sample
{x € %d} of n observations. On the basis of the analysis of the decision surfaces, we
want to assign an importance ranking to each individual input variable x; with the aim
of pointing out which input variables contribute most to the classification performance.
This ranking can be used for the actual selection step.
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2 Linear Case

We assume that the normalization parameters for the data are known with sufficient
statistical confidence. This is not always true, although in the case of microarray data
accurate normalization is part of the standard preparation of data [3]].

Let r = g(x) € R be the discriminant or decision function, the discrimination crite-
rion being y = sign(r). We assume a classifier r = g() capable of good generalization
performance. We adopted Support Vector Machines [5], which provide optimal solutions
with a minimum of parameter tuning.

To analyze what input variables have the largest influence over the output function,
we evaluate the derivatives of r with respect to each variable, to point out which one is
responsible, for a given perturbation, of the largest contribution to sign inversion (which
denotes switching from one class to another). This is the so-called derivative-based
saliency. It is a way to assess the sensitivity of the output to variations in individual
inputs, and has been used in many contexts.

Since we are interested in zero crossings, the analysis should be done in a neighbor-
hood of the locus {x|g(x) = 0}, and of course requires g() to be locally differentiable.
The latter assumption is reasonable (obviously, on a local basis) since smoothing is re-
quired by the discrete sampling of data. However, the more complex the decision surface
{x]g(x) = 0}, the smaller the regions in which this assumption holds around any given
point.

Standard input selection criteria [[14] justify the application of the above technique
to linear classifiers, although some small-sample issues, such as the previous consider-
ation on normalization, are often overlooked. This technique is described for instance
in [4] and [16]. In the linear case, r = g(x) = w-x and Vr = w. The single feature
r discriminates between the two classes (r > 0 and r < 0). This feature is given by a
linear combination of inputs, with weights w. Thus, by sorting the inputs according to
their weights, the “importance” ranking is directly obtained. In the analysis, we examine
relative importances, t = w/max; {w;} (w; components of w). The approach can be
justified from many perspectives: statistical, geometrical, or in terms of classification
margin.

3 Non-linear Case

In the general, non-linear case, it is not possible to define a single ranking which holds in
any region of the input space. A global approach employing statistical saliency evaluation
based on data [13]] requires large datasets which are not generally affordable, especially
with DNA microarrays. Our approach involves partitioning the decision function g(),
and performing local saliency estimates in sub-regions where g() can be approximated
with a linear decision function. To this end we apply a Voronoi tessellation [1]], defined
by drawing a set of points (termed Voronoi sites). Each Voronoi site defines a localized
region in the data space, that is the locus of points in the data space for which that site
is the nearest of all sites.

We can identify empty regions (with no data points); homogeneous regions (with
points from one class only); general regions (with points from both classes).
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Table 1. Random Voronoi Ensemble method for feature selection

(1) Establish a random Voronoi partitioning of the data space;

(2) Discard homogeneous and empty Voronoi cells;

(3) Compute a linear classifier on each remaining Voronoi cell;

(4) Store the obtained saliency vector along with the cell site;

(5) Repeat steps 1-4 until a sufficient number of saliency vectors
are obtained;

(6) Perform joint clustering of the saliency vectors and cell
centers;

(7) Retrieve cluster centers and use them as estimated local
saliency rankings.

In the simplest approach, local linearization is made on the basis of an arbitrary
partitioning (local subsampling) of the data space; to perform random partitioning, the
Voronoi sites are drawn randomly. Homogeneous and empty regions are then discarded.
Within each general region, a local linear classifier is built. Thus a single random Voronoi
tessellation defines a set of classifiers, each performing a local analysis.

This basic method has several drawbacks: lower confidence of classifiers (trained on
sub-samples); artifacts from Voronoi borders superposed to the separating surface; lack
of a criterion for the number of regions; need to combine saliency rankings obtained in
different regions.

To address all these issues, we propose a method we term “Random Voronoi Ensem-
ble” since it is based on random Voronoi partitions as described above; these partitions
are replicated by resampling, so the method actually uses an ensemble of random Voronoi
partitions. Ensemble methods are described for instance in [6]. The method is outlined
in Tab.

Since a purely random partition is likely to generate many empty regions, the Voronoi
sites are initialized by a rough vector quantization step, to ensure that sites are placed
within the support of the data set. Subsequent random partitions are obtained by pertur-
bation of the initial set of points. Within each Voronoi region, a linear classification is
performed using Support Vector Machines (SVM) with a linear kernel.

To build a classifier ensemble, a resampling step is applied by replicating the basic
procedure. The subsequent clustering step acts as the integrator, or arbiter: its role is to
integrate the individual outcomes and to output a global response. It results in a set of
“prototypical” saliency patterns, corresponding to different local classification criteria.
These patterns are “prototypical” in the same sense as the centroids of k-means partitions
[7]] are representative of the respective clusters.

Resampling helps in smoothly covering the whole data set and, by averaging, con-
tributes to the stability of the outcomes. Unfortunately, it is difficult to obtain theoretical
guidelines on how many replications are required. Theoretical results on stability of
Voronoi neighbors are available only for low dimensions [17], and typically cannot be
generalized to higher dimensions.

To integrate the outcomes of the ensemble, we use the Graded Possibilistic Cluster-
ing technique to ensure an appropriate level of outlier insensitivity ([[I2]). This technique
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Table 2. Relevant inputs for the Leukemia data

Gene description Gene accession||Correlated| Sign of
number class |[saliency

GPX1 Glutathione peroxidase 1 Y00787 AML —
PRG1 Proteoglycan 1, secretory granule X17042 AML —
CST3 Cystatin C (amyloid angiopathy and M27891 AML —
cerebral hemorrhage)
Major histocompatibility complex M69043 AML —
enhancer-binding protein mad3
Interleukin 8 (IL8) gene M28130 AML —
Azurocidin gene M96326 AML —
MB-1 gene U05259 ALL +
ADA Adenosine deaminase M13792 ALL +

is a generalization of the Possibilistic approach to fuzzy c-Means clustering of Keller
and Krishnapuram [[1O][11] in which cluster membership can be constrained to sum to
1 (as in the standard fuzzy clustering approaches [2]), unconstrained (as in the Possi-
bilistic approach), or partially constrained. Partial constraints allow the implementation
of several desirable properties, among which there is a user-selectable degree of outlier
insensitivity. The number of cluster centers is assessed by applying a Deterministic An-
nealing schedule [[15] to the parameter /3, which directly influences the width of clusters
and is a measure of the “resolution” of the method.

4 Experimental Results

The method was preliminarily validated on the data published in [8], a study, at the
molecular level, of two kinds of leukemia, Acute Myeloid Leukemia (AML) and Acute
Lymphoblastic Leukemia (ALL). Data were obtained by an Affymetrics high-density
oligonucleotide microarray, revealing the expression level of 6817 human genes plus
controls. Observations refer to 38 bone marrow samples, used as a training set, and 34
samples from different tissues (the test set).

In this experiment, we used only the training data to discriminate ALL from AML.
Classes are in the proportion of 27 ALL and 11 AML observations. Parameters: 4 Voronoi
sites; 3 from 0.1 down to 0.01 in 10 steps, exponential decay law; uniform perturbation
of maximum amplitude 0.5, independent on each input coordinate; 100 perturbations
resulting in 400 random partitions of which 61% useful (general).

Results are summarized in Tab. 2] comparing the most important genes with those
obtained by the original authors. Genes that were indicated both in [8] and by our
technique are listed with the sign of their saliency value. Our technique indicates that,
among the top 20 genes found by the final cluster analysis, 8 of the 50 genes listed in
the original work feature a stronger discriminating power. We restrict the analysis to few
genes, since a good cluster validation step is not included in the method yet. However,
the results may indicate that not all of the genes found by Golub et al. contribute to the
actual discrimination to the same extent.
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5 Discussion and Conclusions

We have described a flexible method for analyzing the relevance of input variables in
high dimensional problems. The method, which is in an early phase of development,
has nevertheless shown the ability to tackle dichotomic problems even in the presence
on non-linear separating surfaces. Its behavior has also been validated by comparing
the results obtained on a real microarray data set with those published by the original
authors.

We can underline some issues can we plan to addressed in the future work. For
example, the number of Voronoi sites is an important parameter, since it is related to
the scale of the tessellation (size of cells). Large cells will tend to contain segments
of the separating surface which are difficult to linearize, while small cells will lead to
excessively small data subset cardinality, and therefore to low generalization ability. The
selection of the number of sites can be based on estimates of the problem complexity
such as those proposed in [9]], which are based on geometrical characterization of the data
rather than the more usual statistical or information-theoretical consideration. However
these must be combined with estimates of generalization to account for the trade-off
outlined above.

Moreover, we have based our analysis on decision surfaces. This implies that the
most natural setting of the problem is given by dichotomic (two-class) cases. Any poly-
chotomic problem can be stated as a set of dichotomic problems, and this is what is
usually done when using Support Vector Machines for classification. However a possi-
ble development of the method could imply the analysis of multi-class decision criteria,
such as soft-max.

We point out that the proposed method for feature selection is especially well suited
to parallel implementation at many levels, since the various steps can be pipelined, the
subsamples can be processed in parallel, and the Voronoi resampling and clustering
phases themselves can be implemented in parallel. All these steps involve very reduced
communication. For instance, parallel resampling can be implemented by completely
independent random partitions, and communication of subsamples for parallel analysis
can be obtained by passing the index of selected patterns. Therefore a Beowulf-type
workstation cluster may be proficiently used with limited adaptation effort.

The technique to generate the random perturbations themselves can be also opti-
mized, to reduce the number of empty/homogeneous regions, since the data sets are
expected to be extremely sparse in the data space. Perturbations can therefore be limited
to a subspace, for instance by constraining them to the directions spanned by the versors
of the data patterns (e.g., referring to the leukemia data, this is a basis which spans a
38-dimensional subspace of the 6817-dimensional data space).
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Abstract. We present preliminary results on a comparison between Re-
current Neural Networks (RecNN) and an SVM using a string kernel on
QSPR/QSAR problems. In addition to this comparison, we report on a
first attempt to combine RecNN with SVM.

1 Introduction

Recursive Neural Networks (RecNN) (see, for example, [8]) have been proposed
as an extension of standard neural networks to the adaptive processing of struc-
tured data, such as chemical compounds. Especially in Chemistry, RecNN have
been successfully applied to QSPR (quantitative structure-property relation-
ships) and QSAR (quantitative structure-activity relationships) studies (see, for
example, [1]). Recently, kernels for structured data have been proposed and
some interesting results on their application is emerging. The aim of this pa-
per is to start a comparison of the above approaches on specific QSPR/QSAR
applications. In particular, a Recursive Cascade Correlation network is consid-
ered as representative for the RecNN, while for structured kernels we consid-
ered a string kernel [9]. For both approaches we report preliminary results ob-
tained for QSPR on Alkanes (predicting the boiling point) and QSAR of a class
of Benzodiazepines (predicting the non-specific activity (affinity) towards the
Benzodiazepine/GABA 4 receptor). In addition to this comparison, we report
on a first trivial attempt to combine RecNN with SVM, where SVM is used to
perform a post-processing of the internal representations of RecNN.

2 QSPR/QSAR Tasks
Here we describe the QSPR/QSAR regression tasks we have considered.

QSPR Task: Alkanes

The problem consists in the prediction of the boiling point for a group of acyclic
hydrocarbons (alkanes). The prediction task is well characterized for this class
of compounds, since the boiling points of hydrocarbons depend upon molecular
size and molecular shape, and vary regularly within a series of compounds, which

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 308-315, 2003.
© Springer-Verlag Berlin Heidelberg 2003
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means that there is a clear correlation between molecular shape and boiling
point. Moreover, the relatively simple structure of these compounds' is amenable
to very compact representations such as topological indexes and/or vectorial
codes, which are capable of retaining the relevant information for prediction.
For these reasons, standard multilayer feed-forward networks using “ad hoc”
representations yield very good performances.

In order to perform a comparison with the considered methods, we decided
to use as reference point the work described in [2] which uses standard multilayer
feed-forward networks. For this problem, RecCC has been proved to be compet-
itive with respect to ad-hoc techniques (see [1]). In fact, the obtained results
compares favorably versus the approach proposed by Cherqgaoui et al. [2], which
represented the state-of-the-art results. The data set used in [2] comprised all
the 150 alkanes with 10 carbon atoms: 135 compounds were used for training
and 15 compounds for test?.

Alkanes Vectorial Code

1 1233221121

2 1

2
c—c—cC /
2¢ \
| Our Representation

c

B
c—c—c—c—
12 3|

Ic
c-CcC-C=C=C=C—+-C
4-ethyl 3-methylheptane \ C\ c>C
Benzodiazepines

IEMPLATE

®®®@®®/©\
©

b

bdz(h,f,h,ph,h,h,c2(0,c3(h,h,h)),h,h).

Fig. 1. Example of representation for an alkane and a benzodiazepine.

! No explicit representation of the atoms and bound type is required.

2 It must be noted that Cherqaoui et al. use a vectorial code representation of alkanes
based on the n-tuple code for the encoding of trees (see Fig. 1). So they represent
each alkane as a 10 numerical components vector with the last components filled
by zeros when the number of atoms of the compound was less than 10. The single
component encodes the number of bounds of the corresponding carbon node.
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QSAR Task: Benzodiazepines

The ability of predicting the biological activity of chemical compounds belong-
ing to classes of therapeutical interest constitutes the major aspect of the drug
design. Benzodiazepines, for example, has been extensively studied since the 70s,
as this class of compounds plays the major role in the field of minor tranquilizer,
and several QSAR studies have been carried out aiming at the prediction of
the non-specific activity (affinity) towards the Benzodiazepine/GABA 4 recep-
tor. The affinity can be expressed as the inverse of the logarithm of the drug
concentration C (Mol. /liter) able to give a fixed biological response®.

A group of Benzodiazepines (Bz) (classical 1,4-benzodiazepin-2-ones) previ-
ously analyzed by Hansch et al. [3] through the traditional QSAR equations,
was analyzed. The total number of molecules was 77, of which 5 are used as test
set. The analyzed molecules present a common structural aspect given by the
Benzodiazepine ring (see Fig. 1) and they differ each other because of a large
variety of substituents at the positions showed in Fig. 1.

3 Neural Networks for Structures and the Tasks

Recursive neural networks (RecNN) [8] are neural networks able to perform
mappings from a set of directed ordered acyclic graphs (DOAGs) (with labeled
nodes) Z# to the set of real vectors. Specifically, the class of functions which
can be realized by RecNN can be characterized as the class of functional graph
transductions 7 : Z# — RF, which can be represented in the following form
T = go+, where 7 : IT# — R™ is the encoding function and g : R™ — R” is the
output function. Specifically, given a DOAG Y, 7 is defined recursively as

. 0 (the null vector in R™) ifYy =¢
7(¥)= {T(S,Ys,%(Y(l)), ., 7 (Y®))  otherwise (1)
where a (stationary) T can be defined as 7 : R xR™ x - - x R™ — R™ R" is the
o times

label space, the remaining domains represent the encoded subgraphs spaces up to
the maximum out-degree of the input domain Z#, o is the maximum out-degree
of DOAGs in Z%, s = source(Y), Y, is the label attached to the source of Y,
and Y(l) Y(") are the subgraphs pointed by s. A possible neural realization
for 7 is 7'(l,:13(1)7 con,xl9) = F(WI + > W ) + 0), where F;(v) = f(v;)
(sigmoidal function), I € R™ is a label, @ € R™ is the bias vector, W € R™*"™ is
the weight matrix associated with the label space, ) € R™ are the vectorial
codes obtained by the application of the encoding function 7 to the subgraphs
Y ), and W € R™*™ is the weight matrix associated with the jth subgraph
space

Concerning the output function g, it can be defined as a map g : R™ — R”.
Specifically, in this paper, we use linear output neurons: g(x) = m” x + 3, where
m € R™ and [ is the output threshold.

3 In order to characterize the fixed response, the drug concentration able to give half
of the maximum response (ICs0) is commonly used.
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The architecture we have adopted for the experiments reported in this pa-
per is Recursive Cascade Correlation (RecCC), which is described in detail in [8].

Mbolecular Structure Representation

The main requirement for the use of the RecNN consists in finding a representa-
tion of molecular structures in terms of DOAGs. The candidate representation
should retain the detailed information about the structure of the compound,
atom types, bond multiplicity, chemical functionalities, and finally a good sim-
ilarity with the representations usually adopted in chemistry. The main repre-
sentational problems are: to represent cycles, to give a direction to edges, to
define a total order over the edges. An appropriate description of the molecu-
lar structures analyzed in this work is based on a labeled tree representation.
In fact, concerning the first problem, since cycles are absent in the examined
alkanes and they mainly constitute the common shared template of the benzodi-
azepines compounds, it is reasonable to represent a cycle (or a set of connected
cycles, as in the benzodiazepines case) as a single node where the attached label
carries information about its chemical nature. The second problem was solved
by the definition of a set of rules based on the I.U.P.A.C. nomenclature sys-
tem?. Finally, the total order over the edges follows a set of rules mainly based
on the size of the sub-compounds. Examples of representations for alkanes and
benzodiazepines are shown in Fig. 1.

4 A String Kernel for Trees

We start defining some notation to provide a kernel function for strings that will
be applied to a string representation of chemical compounds (see Fig. 1). Let
A a finite set of characters called alphabet. A string is a element z € A* for
k=0,1,2,.... Let |z| the length of x and let v,z € A*, we say that v C x if v
is a substring of z. Let num,(z) the number of occurrences of y in z. Let ¢(x)
a function that maps 2 € A* in a feature space N¢ with d = Zle |A|*, where
each dimension represents a particular string of A¥. Defining ¢(z); = numg, (),
we can consider a dot product between vectors on this feature space [9]:

ka,y) = Y o@)id(y)isi] (2)

s;€A*

Note that, by definition, this is a kernel function since it represents a dot product
in N¢ x N<. Therefore, the kernel function k(z,y) depends on the co-occurrences
of substrings s; both in x and in y. A match is then weighted with the length of
the common substring s;. The function (2) can be computed in time O(|z|+ |y|)
building the matching statistics with the Suffix Tree algorithm [9].

Having a kernel function that is able to compare variable length strings is
helpful when input patterns are trees. In fact, given a tree T let 7' & T if T’
4 The root of a tree representing a benzodiazepine is determined by the common

template, while the root for alkanes is determined by the I.U.P.A.C. nomenclature
system.
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is a subtree of T'. A possible kernel for trees is based on matching subtrees and
has been proposed in [7]: k(T1,T2) = 324 o, t,cm, Wiy Oty 1o, Where 0y, 4, = 1 if
t; =ty and 0 otherwise. A possible alternative is a string representation of trees
and the use of the string kernel in eq. (2). Let T be a tree with ! nodes and
suppose that Vn € T, label(n) is a label associated to node n. Then for each
node n in T assume that there exists a lexicographic order between the children
nodes of n based on label(n). For each leaf node n, define tag(n) = label(n), for
each internal node i let tag(n) = [label(n)tag(nl)...tag(n.)] following the order
defined on the children nodes of n. Thus, it can be shown [9] that the tag of the
root node of T is a unique identifier for T and it can be computed in O(llog, 1)
time complexity.

5 Experiments

We performed experiments on 2 splits of the Alkanes dataset, called a2 and a9,
and the Benzodiazepines dataset called Bz For these datasets, in Table (1) we
have reported the results obtained by two instances of RecCC, denoted by the
symbols a and b.

In the same table we have reported preliminary results of the string kernel
as defined in eq. (2), calibrated on the test set to understand the potentiality
of the approach that relies on a string representation of a molecule. In particu-
lar, the symbolic tree representation of the molecule used to generate the input
for RecCC (by substituting symbols with binary vectors), is transformed into
a string by the technique described in Section 4. These experiments were per-
formed by integrating the string kernel in SVMLight 5.0 ([5]), that supports
SVM regression.

We then explored the possibility to combine RecCC with a SVM. The first
trivial attempt was to implement the output function g() of RecCC by a SVM.
Thus, we used the activity of the hidden units of an already trained RecCC
(either a or b) as the input pattern for a SVM for regression with a RBF kernel.
For each of the three problem instances we used both RecCC a and b. For this
experiment, besides to SVMLight 5.0, we also used BSVM 2.045 [4]. We applied
a 3-fold cross validation in the training set to fix the hyper-parameters C and ~y
and € (the regression tube width) of the learning task. These results are denoted
in Table 1 with fair. In addition, we report the results obtained by calibrating
the learning algorithm on the test set.

As a final experiment of combination, we considered the same approach de-
scribed above while using a dataset where each molecule is represented by the
concatenation of the hidden activity of RecCCa and RecCCb. The results are
shown in Table 2.

Table 3 reports a comparison of the results obtained with all the algorithms
described in this paper. We did not report the results obtained by the concate-

5 BSVM relies on a slight modification of the SVM primal quadratic model [6] that
corresponds to a dual quadratic problem without general linear constraints. This
explains the different results obtained with SVMLight and BSVM.
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Table 1. Results on the a and b splits of datasets a2, a9, and Bz.

Problem maz abs|mean abs| C ¥ epsilon-tube
test err| test err [max abs train err]
a2(a) RecCC 0.0774 | 0.02714 | max abs train err < 0.080
a2(a) SVMLight fair | 0.0605 | 0.02426 |1E4 [0.001| 0.015 [0.139]
a2(a) BSVM fair 0.0663 | 0.02532 |1E4(0.001| 0.015 [0.135]
a2(a) SVMLight 0.0587 | 0.01987 |2E4]0.001| 0.019 [0.143
a2(a) BSVM 0.0590 | 0.02293 |2E4|0.001| 0.019 [0.110
a2(b) RecCC 0.0647 | 0.02638 | max abs train err < 0.080
a2(b) SVMLight fair | 0.0583 | 0.02147 |1E4[0.001| 0.015 [0.076]
a2(b) BSVM fair 0.0615 | 0.02205 |1E4(0.001| 0.015 [0.074]
a2(b) SVMLight 0.0672 | 0.01919 |2E4|0.001|0.0252 [0.074
a2(b) BSVM 0.0689 | 0.01909 |2E4]0.001|0.0252 [0.074
[a2 String Kernel ] 0.2879 [ 0.06794 | 1 [0.001] 1.0E-8 [0.107] |
ad(a) RecCC 0.3256 | 0.05112 | max abs train err < 0.080
a9(a) SVMLight fair | 0.3199 | 0.04847 |1E4|0.001| 0.01 [0.083]
a9(a) BSVM fair 0.3255 | 0.04822 |1E4[0.001| 0.01 [0.083]
a9(a) SVMLight 0.322 | 0.04809 |1E4[0.001] 0.009 [0.086]
a9(a) BSVM 0.3269 | 0.04844 |1E4(0.001| 0.009 [0.085]
a9(b) RecCC 0.2224 | 0.04819 | max abs train err < 0.080
a9(b) SVMLight fair| 0.2111 | 0.04744 |1E5|0.001| 0.048 [0.065]
a9(b) BSVM fair 0.2164 | 0.04804 |1E5|0.001| 0.048 [0.075
a9(b) SVMLight 0.1846 | 0.04137 |1E5(0.001| 0.004 [0.099
a9(b) BSVM 0.1766 | 0.04282 |1E5[0.001| 0.004 [0.123]
[a9 String Kernel [ 0.1672 [ 0.05070 | 1 [0.001] 1.0E-6 [0.476] |
Bz(a) RecCC 0.06460 | 0.02542 | max abs train err < 0.040
Bz(a) SVMLight fair|0.09019 | 0.03466 | 560 [0.001| 1E-9 [0.058]
Bz(a) BSVM fair 0.09048 | 0.03452 | 560 |0.001| 1E-9 [0.057]
Bz(a) SVMLight 0.05067 | 0.02320 |9500|0.001| 2E-3 [0.061]
Bz(a) BSVM 0.04612 | 0.02160 |9500|0.001| 2E-3 [0.062]
Bz(b) RecCC 0.08014 | 0.02307 | max abs train err < 0.040
Bz(b) SVMLight fair|0.09075| 0.03083 | 790 [0.001| 2E-5 [0.054]
Bz(b) BSVM fair 0.08956 | 0.03102 | 790 |0.001| 2E-5 [0.056]
Bz(b) SVMLight 0.07343 | 0.01986 |5E4 |0.001| 2E-10 [0.028]
Bz(b) BSVM 0.07213 ] 0.02220 |5B40.001| 2E-10 [0.033]
[0.014]

[Bz String Kernel  [0.08628] 0.03770 | 0.1 [0.001] 1.5E-5 [0.014

nation of the hidden activity of RecCCa and RecCCb because it involves two
indipendent RecCC models and so it would not be fair to compare these results
with the ones obtained by a single model.

Preliminary results obtained by using a tree kernel based on the spectrum
of a tree (i.e., number of shared subtrees), seems to give improved results with
respect to the adoption of the string kernel. The tree kernel seems to be especially
effective for dataset a9.
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Table 2. Results obtained with feature concatenation of splits ¢ and b on datasets a2,
a9, and Bz.

Problem max abs|mean abs| C o' epsilon-tube
test err | test err [max abs train err]
a2 RecCC Best 0.0647 | 0.02638 max abs train err < 0.080
a2 SVMLight fair | 0.0719 | 0.02748 | 18 |0.001| 0.015 [0.077
a2 BSVM fair 0.0683 | 0.02844 | 18 |0.001| 0.015 [0.078
a2 SVMLight 0.0324 | 0.01974 | 39 [0.001| 0.0031 [0.104]
a2 BSVM 0.0316 | 0.01842 | 39 |0.001| 0.0031 [0.104]
a9 RecCC Best 0.2224 | 0.04819 max abs train err < 0.080
a9 SVMLight fair | 0.1633 | 0.05102 | 1E5 |0.001| 0.008 [0.009
a9 BSVM fair 0.1593 | 0.05102 | 1E5 |0.001| 0.008 [0.009

a9 SVMLight 0.1853 | 0.04618 | 96 [0.001| 0.0385 [0.045]
a9 BSVM 0.1848 | 0.04625 | 96 [0.001| 0.0385 [0.039]
Bz RecCC 0.08014 | 0.02307 max abs train err < 0.040

Bz SVMLight fair| 0.07335| 0.03814 | 140 {0.001| 0.008 [0.070]
Bz BSVM fair 0.07178| 0.03802 | 140 [0.001| 0.008 [0.071]
Bz SVMLight 0.02386 | 0.01228 |4.7E4]0.001| 1E-6 [0.014]
Bz BSVM 0.01851 | 0.00835 |4.7E4]0.001| 1E-6 [0.020]

Table 3. Summary of the results obtained with several algorithms on datasets a2, a9,
and Bz.

Problem maz abs|mean abs| C' | =~ epsilon-tube
test err | test err [max abs train err]
a2 RecCC Best 0.0647 | 0.02638 | max abs train err < 0.080

a2 RCC+SVM Best | 0.0689 | 0.01909 [2E4|0.001|0.0252 [0.074]
a2 String Kernel 0.2879 | 0.06794 | 1 ]0.001| 1.0E-8 [0.107]
a9 RecCC Best 0.2224 | 0.04819 | max abs train err < 0.080
a9 RCC+SVM Best | 0.1846 | 0.04137 |1E5|0.001| 0.004 [0.099]
a9 String Kernel 0.1672 | 0.05070 | 1 [0.001| 1.0E-6 [0.476]
Bz RecCC 0.08014 | 0.02307 | max abs train err < 0.040
Bz RCC+SVM Best| 0.07343 | 0.01986 [5E4[0.001| 2E-10 [0.028
Bz String Kernel 0.08628 | 0.03770 | 0.1]0.001| 1.5E-5 [0.014

6 Conclusions

The aim of this paper was to start a comparison of Recursive Neural Networks
(RecCC) versus kernel for structures (string kernel). The results for the string
kernel seems to be worst with respect to the ones obtained by the Recursive
Cascade Correlation network, however, these results, especially for the string
kernel, are still very preliminary and need to be assessed. Moreover, a tree kernel
will be considered in the future. More promising seems to be the preliminary
results obtained by the simple attempts to combine RecNN with SVM, where
SVM is used to perform a post-processing of the internal representations of the
neural network for structure.
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Abstract. DNA microarray data are characterized by high-dimensional
and low-sized samples, as only few tens of DNA microarray experiments,
involving each one thousands of genes, are usually available for data
processing. Considering also the large biological variability of gene ex-
pression and the noise introduced by the bio-technological machinery,
we need robust and variance-reducing data analysis methods. To this
purpose, we propose an application of a new ensemble method based on
the bias—variance decomposition of the error, using Support Vector Ma-
chines (SVMs) as base learners. This approach, that we named Low bias
bagging (Lobag), tries to reduce both the bias and the variance compo-
nents of the error, selecting the base learners with the lowest bias, and
combining them through bootstrap aggregating techniques. We applied
Lobag to the classification of normal and heterogeneous malignant tis-
sues, using DNA microarray gene expression data. Preliminary results on
this challenging two-class classification problem show that Lobag, in as-
sociation with simple feature selection methods, outperforms both single
and bagged ensembles of SVMs.

1 Introduction

DNA hybridization microarrays [6] supply information about gene expression
through measurements of mRNA levels of a large amount of genes in a cell.
Typically thousands of genes are used and analyzed for each microarray experi-
ment.

Several supervised methods have been applied to the analysis of cDNA mi-
croarrays and high density oligonucleotide chips [2J7/10]. In particular, ensembles
of learning machines have been applied to gene expression data analysis, as they
can reduce the variance due to the low cardinality of the available training sets,
and the bias due to specific characteristics of the learning algorithm. Indeed,
in recent works, combinations of binary classifiers (one-versus-all and all-pairs)
and Error Correcting Output Coding (ECOC) ensembles of MLP, as well as en-
semble methods based on resampling techniques, such as bagging and boosting,
have been applied to the analysis of DNA microarray data [BJT2116].
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In this paper we propose to apply a new ensemble method, that we named
Lobag, that is Low bias bagging, to the classification of normal and heterogeneous
malignant tissues, using DNA microarray data. In order to reduce the very high
dimensionality of the data, a simple feature selection method is applied [g],
and the classification results are compared with single and bagged ensembles of
SVMs.

2 Lobag: Low Bias Bagged SVMs

The basic idea behind Lobag consists in selecting low-bias SVMs through an
analysis of bias—variance decomposition of the error [4], and then in combining
them through bootstrap aggregating techniques in order to reduce both the bias
and the variance components of the error. The selection of low bias SVMs; is
performed by means of a relatively inexpensive estimate of bias and variance,
according to Breiman’s out-of-bag techniques [I].

The high level algorithmic scheme of Lobag is the following:

1. Estimate bias-variance decomposition of the error for different SVM models

2. Select the SVM model with the lowest bias

3. Perform bagging using as base learner the SVM with the estimated lowest
bias.

The pseudocode of Lobag, together with the description of the procedures ap-
plied to estimate the bias and variance components of the error are described
in detail in [14]. An implementation of Lobag has been developed using and
extending the NEURObjects C++ library [15].

3 Gene Selection

We used a simple filter method, that is a gene selection method applied before
and independently of the induction algorithm, originally proposed in [8]. The
mean gene expression value across all the positive (u4) and negative (u_) ex-
amples are computed separately for each gene, together with their corresponding
standard deviations (o4 and o_).

Then the following statistic (a sort of signal-to-noise ratio) ¢; is computed:

_ Ht+ — B (1)

Ci
op +o0—

The larger is the distance between the mean values with respect to the sum of the
spread of the corresponding values, more related is the gene to the discrimination
of the positive and negative classes. Then the genes are ranked according to their
¢; value, and the first and last m genes are selected.

With the GCM data set we applied a permutation test to automatically select
a set of marker genes:

1. Calculate for each gene the signal-to-noise ratio (eq.[T])
2. Perform a gene-specific random permutation test:
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(a) Generate n random permutations of the class labels computing each time
the signal-to-noise ratio for each gene.

(b) Select a p significance level (e.g. 0 < p < 0.1)

(¢) If the randomized signal-to-noise ratio is larger than the actual one in
less than p - n random permutations, select that gene as significant for
discrimination at p significance level.

This simple method has a O(nd) time complexity, where n is the number of
examples and d the number of features (genes). Moreover the permutation test
is distribution independent: no assumptions about the functional form of the
gene distribution are supposed.

4 Data Set and Experimental Set-Up

We used the GCM data set obtained from the Withehead Institute, Mas-
sachusetts Institute of Technology Center for Genome Research [11]. It is con-
stituted of 300 human normal and tumor tissue specimens spanning 14 different
malignant classes. In particular it contains 280 samples, 190 tumoral pertain-
ing to 14 different classes, plus other 20 poorly differentiated tumor samples
and 90 normal samples. We grouped together the 14 different tumor classes and
the poorly differentiated tumor samples to reduce the multi-class classification
problem to a dichotomy in order to separate normal from malignant tissues.

The 300 samples sequentially hybridized to oligonucleotide microarrays con-
tain a total of 16063 probe sets (genes or ESTs) and we performed a stratified
random splitting of these data in a training and test set of equal size. We pre-
processed raw data using thresholding, filtering and normalization methods as
suggested in [I1]. Performances of Lobag ensembles of SVMs were compared
with standard bagging and with single SVMs, using subsets of genes selected
through the simple feature-filtering method described in Sect. Bl

5 Results and Discussion

Using the above filter selection method, we selected 592 genes correlated with
tumoral examples (p = 0.01) (set A) and about 3000 genes correlated with
normal examples (p = 0.01) (set B). Then we used the genes of set A and the
592 genes with highest signal-to-noise ratio values of set B to assemble a selected
set composed by 1184 genes.

The results of the classifications with single SVMs, with and without gene
selection are summarized in Tab.[Il. A statistical significant increment in accuracy
at 0.05 confidence level (McNemar test [3]) is registered using SVMs trained
with the selected subset of genes. Note that polynomial kernels without feature
selection fail to classify normal from malignant tissues.

In light of these results, with bagged and lobag ensembles of SVMs we consid-
ered only expression data with the selected subset of genes. Tab. Pl summarizes
the results of bagged SVMs on the GCM data set. Even if not always there is
a statistical significant difference (according to Mc Nemar test) between single
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Table 1. GCM data set: results with single SVMs

Kernel type Err.all|Err.sel.|Relative
and parameters genes |genes |err.red.

Dot-product, C=20 0.2600 [0.2279 [12.31 %
Polynomial, deg=6 C=5 |0.7000 |0.2275 |—-

Polynomial, deg=2 C=10|0.6900 |0.2282 |—-
Gaussian, c=2 C=50 0.3000 |0.2185 |27.33 %

Table 2. GCM data set: compared results of single and bagged SVMs

Kernel type Error |Error [Relative
and parameters SVMs|bagged|err.red.
Dot-product, C=10 0.229310.2200 [4.06 %
Dot-product, C=20 0.2279(0.2133 |6.41 %

Polynomial, degree=6 C=5 [0.2275 [0.2000 [12.09 %
Polynomial, degree=2 C=10{0.2282 |0.2133 [6.53 %
Gaussian, sigma=2 C=50 0.2185 |0.2067 |5.40 %
Gaussian, sigma=10 C=200 |0.2233 [0.2067 |7.44 %

and bagged SVMs, in all cases bagged ensembles of SVMs outperform single
SVMs. The degree of enhancement depends heavily on the possibility to reduce
the variance component of the error, as bagging is mainly a variance-reduction
ensemble method.

Indeed, performing a bias—variance analysis of the error of single SVMs on
the GCM data set [13], we note that bias largely overrides the variance compo-
nents of the error, and in this case we cannot expect a very large reduction of the
error with bagging (Fig.[l). Nonetheless we can see that both with linear SVMs
(Fig. M a), and gaussian (Fig. Mb) SVMs, the minimum of the estimated error
and the estimated bias are achieved for different learning parameters, showing
that in this case Lobag could improve the performance, even if we cannot ex-
pect a large reduction of the overall error, as the bias largely dominates the
variance component of the error (Fig. [l). Indeed with Lobag the error is low-
ered, both with respect to single and bagged SVMs (Tab. B]). As expected, both
bagged and lobag ensembles of SVMs outperform single SVMs, but with lobag
the reduction of the error is significant at 0.05 confidence level, according to Mc
Nemar’s test, for all the applied kernels, while for bagging it is significant only for
the polynomial kernel. Moreover Lobag always outperforms bagging, even if the
error reduction is significant only if linear or polynomial kernels are used. Sum-
marizing Lobag achieves significant enhancements with respect to single SVMs
in analyzing DNA microarray data, and also lowers the error with respect to
classical bagging.

Even if these results seem quite encouraging, they must be considered only as
preliminary, and we need more experiments, using different data sets and using
more reliable cross-validated evaluations of the error, in order to evaluate more
carefully the applicability of the lobag method to DNA microarray data analysis.
Moreover we need also to assess the quality of the classifiers using for instance
ROC curves or appropriate quality measures as shown, for instance, in [9].
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Fig. 1. GCM data set: bias-variance decomposition of the error in bias, net-variance,
unbiased and biased variance, while varying the regularization parameter with linear
SVMs (a), and the kernel parameter o with gaussian SVMs (b)

Table 3. GCM data set: compared results of single, bagged and Lobag SVMs on gene
expression data. An asterisk in the last three columns points out that a statistical
significant difference is registered (p = 0.05) according to the Mc Nemar test

Kernel type|Error [Error |Error |Err.red. Err.red. Err.red.
SVMs|bagged|Lobag|SVM— > bag|SVM— > Lobag|bag— > Lobag
Dot-product [0.2279 [0.2133 [0.1933 [6.41 % 15.18 % = 9.38 %  *
Polynomial |0.2275 |0.2000 |0.1867 |12.09 %  * 17.93 % = 6.65 % *
Gaussian 0.2185 |0.2067 |0.1933 |5.40 % 11.53 % = 6.48 %
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Abstract. Stories have been a fundamental feature of human existence
for millennia. Since well before recorded history we have been spinning
tales with words, images, music, and dance in order to entertain, enchant,
enculturate, and entrance. The crafting of compelling narratives has been
enshrined as one of our highest forms of artistic achievement. Further-
more, formal training in reading, writing, and interpreting stories has
become a core component of our educational curriculum. There can be
no doubt that narrated is deeply embedded in the individual and in the
cultural mind. In this paper, I will first briefly discuss the nature of nar-
rative thought, presenting its theoretical base and a smattering of pivotal
studies that have provided empirical evidence for how narrative develops.
I will then describe, in more detail, my own developmental work, which
is based on Case’s neo-Piagetian theory of cognitive development [1][2].
I will discuss the impact of individual working-memory capacity as well
as cultural factors. I will end the paper with a brief discussion of how
this work relates to and supports findings from neurological study.

1 The Nature of Narrative Thought

1.1 Theoretical Positions

Over the past thirty years, there has been a renewed interest in the study of
narrative, perhaps, in large part, because of the level of information it provides
researchers and practitioners regarding social, discursive, and cultural forms of
life BI[4][5][6]. The advantages that are believed to arise from the assemblage
and narrative analysis of direct accounts of experience are based on the as-
sumption that individuals think, perceive, imagine, and make moral choices in
accordance with narrative knowledge and narrative thought. From an early age,
narrative becomes the way in which individuals organize and make sense of
their daily experiences [7][3][4][5]. McCabe [§][9][10] stated that “narrative is a
linguistic crossroads of culture, cognition, and emotion and serves the dual func-
tions of sense making and self-presentation”. Her view of narrative emphasizes
the cultural “embeddedness” of any particular narrative, while simultaneously
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acknowledging the subjectivity voiced by the narrator. This view attributes in-
creasing coherence in children’s narratives as resulting not only from their desire
to become more proficient storytellers, but also from the need to organize a
coherent life story. Through narrative, then, children come to know and under-
stand themselves in relation to the world around them. Narratives also hold
important roles in our lives because they are used to communicate, to motivate,
to teach, and to entertain. In Western cultures, a narrative is generally thought
to be comprised of several essential components, including: 1) a beginning, or an
initiating event, 2) a simple reaction (by the protagonist), 3) a goal (formulated
by the protagonist), 4) an attempt (by the protagonist) to achieve that goal, 5)
an outcome, and 6) an ending, that includes the protagonist’s reactions and the
long-term consequences [[7]. More recently, Yussen and Ozcan [11] have defined
narrative thought as involving “any cognitive action (activity) - be it listening,
speaking, reading, writing, imagining, or recollecting - in which the individual
contemplates one or more people engaged in some activity or activities in specific
settings for a purpose”. Bruner [3] proposed that narrative is one of the two main
modes of thought, the other being the paradigmatic mode. He suggested that
these are the two distinct ways by which experience is ordered and reality is con-
structed. The goal of the paradigmatic or logico-mathematical mode of thought
is to explain and to predict natural phenomena, in objective terms, based on
the discovery of cause-effect laws. Throughout history, the paradigmatic mode
has been used as the main method of studying scientific phenomena. Recently,
however, there has been increased recognition of the limitations of the empiri-
cal or scientific method for application to the human sciences. This is due, in
large part, to the inability of this mode to make much sense of such constructs
as human desire, goals, and social interaction [3][I2][T3][14]. In contrast to the
paradigmatic mode, the narrative mode of thought allows for the explanation
and understanding of specific human behaviors and events by ascertaining their
inherent meaning and interpreting their significance [5]. This is made possible
because of the dual organizational component of narrative thought which oper-
ates by temporally and causally ordering events that occur in the physical world,
or what Bruner [4][5] referred to as the landscape of action, while simultaneously
accounting for mental activity, or the landscape of consciousness. This allows in-
dividuals to understand both the tangible aspects of an experience, as well as
their own and others’ intentional states [4][5][6]. Bruner [3] stated that masters
of the paradigmatic mode refrain from saying more than they mean in efforts
to avoid using unfounded assumptions in their search for an objective truth. In
contrast, masters of the narrative mode, such as accomplished poets and novel-
ists, are most effective when they mean more than they are able to say. A good
story, therefore, offers each of its listeners something unique and can generate
a multitude of meanings, allowing each person to attach his or her own per-
sonal significance to it. Through narrative, individuals can experience authentic
thoughts, emotions, and desires that become incorporated into consciousness
even though they may arise from the vicarious experience of adventures and
interactions.
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Fig. 1. Case’s proposed stages and substages of cognitive development

1.2 Empirical Support for Developmental Trajectories

The pervasiveness of stories in our lives, as well as Bruner’s [3] proposed ele-
vated status of narrative as one of the two primary modes of thought, elucidates
the need for understanding how narrative knowledge develops from childhood
through adulthood. Applebee recognized the developmental transformation
of narrative complexity, reporting increases in the structural components of nar-
rative with age and verbal capability. Similarly research investigations by Stein
[I7] and Peterson and McCabe [L6] provided evidence of age-related changes in
narrative structure. Mandler’s [7] definition of a basic story episode involves six
elements - a beginning, a simple reaction, a goal, an attempt, an outcome, and
an ending. Several developmental researchers have concluded by about 8 years of
age, children have mastered this [18][19][20][21]. At Age 10, children are capable
of composing narratives that are more complex than the basic story episode,
demonstrating multiple attempts by the protagonist to achieve the goal at hand
[18][19][21]. While there has been little research investigating increases in the
structural complexity of narrative after Age 10, there is one line of research that
sheds light upon further increases in structural complexity of narrative thought.
McKeough’s (1992) model of narrative development, which stems from Case’s
[1][2] neo-Piagetian theory of cognitive development, will, therefore, be presented
in some detail.
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2 A Neo-structural Model of Narrative Development

Recently, the basic elements used to comprise a story, and the ways in which
these elements are coordinated or integrated, have been studied as sources of
the underlying levels of cognition engaged in by storytellers [19][22]. Follow-
ing Case [1][2], McKeough’s model of narrative development takes into account
both maturationally-based increases in information-processing capacity, as well
as culturally-based learning experiences. Case suggested that brain maturations
and development allows for an increase in processing capacity that is recursively
reorganized through childhood and adolescence. This, in turn, enables the de-
velopment of cognitive structures of increasing complexity within any cognitive
domain. Case further elaborated that as children are exposed to and engage in
higher forms of cognition within their culture (e.g., mathematical reasoning, logi-
cal thought, spatial cognition, and narrative thought), they become increasingly
more proficient within these cognitive domains. Case’s [1][2] theory proposed
that there are four main stages of cognitive development, each of which has
three substages. He suggested that there is a recursive progression through the
three substages and that integration of two cognitive structures used singly at
the previous stage results in a consolidated structure that is used as the founda-
tion for the subsequent stage of development (see Figure 1 in the previous page).
Case’s model suggests that at each stage of development there is an initial sub-
stage in which a new type of structure is assembled from two structures that
operated independently in the previous stage but which can only be applied in
isolation (unifocal coordination, working-memory requirement of 2). At the sec-
ond substage, two of these structures can be applied in tandem but they cannot
be successfully integrated (bifocal coordination, working-memory requirement of
3). At the third, and final substage, two or more units can be integrated and ap-
plied at the same time (elaborated coordination, working-memory requirement
of 4). As previously mentioned, this results in the formation of a consolidated
structure that provides the basis upon which subsequent levels are developed.

To depict this by way of example, consider McKeough’s [I9] model of narra-
tive development. (See Table 1 for McKeough’s [23] scheme for scoring narrative
plot structure across ages 4 through 18 years).

According to Case, 4-year-olds are in substage 3 of the interrelational stage
of cognitive development, and therefore, should be capable of handling only one
consolidated interrelational unit at a time (working-memory requirement of 1).
According to McKeough, by Age 4, children have consolidated an interrelational
unit for a simple action-based narrative script in which external states, events,
and actions are linked temporally and referentially. They have also consolidated
an interrelational unit for identifying and describing affective states such as
happy, sad, and so on. At 4 years of age, however, children are not yet able
to integrate the two units, and so they tend to construct stories reflecting only
the external or physical world of events and actions. In other words, their use
of intentionality in stories is rudimentary, at best, although researchers in the
child’s-theory-of-mind school have shown that some understanding of mental
states is normally in place [24]. The following provides an example: “Once upon
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Table 1. McKeough’s scheme for scoring narrative plot structure

Action Does the story have a sequence of events that NO-Level 0
are temporally, causally, or referentially related Age 4 years
and that occur exclusively in the physical world
of action and events? (Note:”happily ever after”

not scored as a mental state)

YES
+
Intentional Does the story include explicit or implicit NO-Level 1
reference to the mental states that motivate Age 4 years

action in the physical world and is there a problem
that is immediately resolved in the end?

YES
3
Does the story have a problem, a series of failed NO-Level 2
attempts or complications followed by a resolution Age 6 years

(not necessarily solving the problem), such that
additional mental states are mentioned or implied
in the context of the story?

YES
b
Does one impediment or well developed a sub-plot NO-Level 3
have more significance than the others, thereby Age 8 years

also broadening the characters’ intentions/mental
states? Is the impediment dealt with in the outcome,
with the result that the resolution has a well-planned

feeling?
YES
3
Interpretive Does the focus of the story shift from the characters’ NO-Level 4
mental states to why particular mental states Age 10 years

are held? Does a constellation of mental states or
constellation of social circumstances create a psychological
profile or character trait that is represented across time and
situations?
YES
+
Are additional traits represented, such that a dialectic is INO-Level 5
created wherein the interaction of two states or traits lead Age 12 years
to further psychologically oriented complications?
YES
J
Does the dialectical relation between states or traits act NO-Level 6
as an integrating device lending a greater sense of
coherence to the story?

YES

+
Level 7 years-Age 18 years
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a time there was a little girl who lived on a farm with a very good horse. And she
always rode to the country on the horse and they always had a picnic together”
[25].

By Age 6 children demonstrate the ability to coordinate the two above-
mentioned units. This results in a new narrative structure that includes external
events as well as the mental states that underlie actions and accompany events.
The following transcript provides an example: “Once upon a time there was a
horse that wanted to be wise. And a little girl found him and she said, jjDo you
want to be wise?;; And she teached him all the things that little horses are
supposed to know. And so the little horse went to the farm and the little girl
trained the little horse and the little horse had a happy life.” [25]. Thus, by Age 6,
children become capable of integrating the action/event schema and the mental
schema. They begin to think of the stream of any familiar human activity as a
coordinated sequence, always involving two components. These components have
been referred to as a “landscape of action” (which is the behavioural element
of any event sequence) and a “landscape of consciousness” (which is the inter-
nal or “intentional” element) [3]. Following Case [I], McKeough [19][22] posited
that one way to understand the development within stages of narrative thought
is to consider the development of working memory from 1 to 4 units. This re-
sults in a progression from pre-intentional (4 years) to uni-intentional (6 years)
to bi-intentional (8 years) to integrated bi-intentional thought (10 years) [26].
Whereas 4-year-olds tend to use either one or the other of the two structures
(i.e., a working-memory requirement of 1), six-year-olds are able to coordinate
the two so that action sequences often contain reference to the mental states that
underlie, or are associated with, them (i.e., a working-memory requirement of 2).
Hence, a prototypic narrative from a 6-year-old has moved from a “script” to a
“plot”, centering around a problem and its resolution [19][22]. At eight years of
age, further development of the intentional structure is evident. Eight-year-olds
introduce a second focus in their stories, a complication of a series of unsuccess-
ful attempts at resolution, prior to the solution. They demonstrate the ability
to produce narratives with one or more additional sub-problems and associated
mental states embedded within the main story [26], thereby demonstrating the
ability to coordinate, at least in a simple fashion, two or more dual-landscape
units, which requires a working-memory of 3, within Case’s Model [1] (See Ap-
pendix A for a protypic example of an eight-year-old’s narrative). By Age 10,
children are typically able to integrate the complication into the resolution (re-
quiring a working-memory capacity of 4), with the result that the story has a
well-developed feeling and planned quality. Stories by ten-year-olds, therefore,
have the tendency to become increasingly elaborate. The number of complicating
events tends to increase and these tend to be better integrated with the original
problem and its resolution [26]. Within Case’s [I] framework, this structure is
consolidated into one smoothly functioning unit and serves as the basic building
block of the next stage of development (See Appendix A for a prototypic exam-
ple of a 10-year-old’s story). By adolescence a qualitative changes in narrative
structure occur. Reasoning about social interaction takes a psychological turn.
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Whereas most 10-year-olds focus on immediate, proximal intentions and mental
states, by Age 12 a change in story focus and structure occurs such that im-
mediate mental states and intentions are interpreted on another level in terms
of enduring, transituational mental states and character traits. For example, a
12-year-old might describe one or more scenes in which a character is nervous
when trying to make new friends, and then explain the character’s nervousness
as being due to his or her shyness or due to an unpleasant earlier experience.
Reference to traits and prior experiences indicates that the narrative thought
of 12-year-olds has an added structural dimension; 12-year-olds seem capable of
holding in mind two or more immediate experiences (mental and physical) that
occurred at different times or in different situations and then of extracting a
higher-order unit of meaning-making, such as a personality trait or an enduring
state, from the two lower-level units. The following excerpt from a 12-year-old’s
story illustrates the use of enduring states and traits (e.g., “very upset lately”
and “usually a lot of fun to be around”) as well as the interpretation of imme-
diate experiences in terms of the past (e.g., “I'm starting to think that Sandy’s
parents gave her too much attention before the baby”). “My friend’s mother has
had a baby. It’s been about a month or so since her mother came out of the
hospital. My friend has been very upset lately because her mom has not been
paying much attention to her, her dad is on a very long business trip to Dallas,
Texas, but he should be coming home soon. so that also causes a problem, the
main problem is that my friend Sandy isn’t getting as much attention as she
wants, and she is beginning to hate the baby. I try to tell her that the baby isn’t
the problem, the problem is that her mother doesn’t realize that she is ignoring
Sandy. I know for a fact, though, that Sandy’s parents love her very much, and
they treat her quite well. 'm starting to think that Sandy’s parents gave her
too much attention before the baby. I've told Sandy that she should talk to her
mother about this problem, but she won’t, she’s scared thet her mom will get
angry. ...Sandy is usually a lot of fun to be around, but lately she talks about
how the baby is destroying her life. I think it would be neat to have a baby in
the family, as you can tell, Sandy disagrees. ...”. By Age 14, additional endur-
ing states and traits enter the picture, often in the form of contrary tendencies
within the same character that create an internal psychological conflict in addi-
tion to the outer story conflict. The following excerpts from a 14-year-old’s story
illustrate this structure. The teenage protagonist is not only in conflict with
some of her friends, she is also torn between wanting to be with them to gain
popularity and wanting to break away from them so she can be herself. “That’s
the problem with some of my friends. Popularity is such an important thing to
them. If your not popular you’re definitely not one of them. I don’t think they
ever really accepted me. Sometimes I hate the way they criticize and make fun of
people who don’t live up to their standards....You know when you think about it
it’s all very stupid. I mean it wasn’t long ago when I would have done anything
to get into their group, and now that I'm with them I’ll do almost anything to
get out. I've just got to break apart from them slowly and hopefully find people
that know the meaning of friendship. I can’t wait for the day to come. The day
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that I can be me and the day when someone will like me just for being my-
self.” [23]. By Age 18, adolescents are able to resolve the dialectic of the internal
and external struggles of their protagonists in a coordinated and coherent fash-
ion, thus demonstrating the capacity to synthesize two higher-order units into
a well-formed whole. But what of culture? At the outset of the paper, we pre-
sented narrative and narrative thought as a cultural artifact (e.g., [5]) and thus
far, our discussion has centered on the individual’s mental capacity. Moreover,
as is no doubt evident, with development, the stories we presented increasingly
reflect inc narrative conventions that are prevalent in Western literature. Some
work has been done that addresses the cultural issue by investigating how young-
sters come to use specific literary devices or conventions, namely, foreshadowing,
surprise or trick endings, and flashback. Interestingly, a similar pattern of de-
velopment in narrative structural complexity has been identified for the use of
these devices [27][28]. On the basis of Case’s [2Jtheory and McKeough’s devel-
opmental analysis of plot structure [19][22][29], Case et al. [27] predicted that
as children move through adolescence they should be able to comprehend and
construct increasingly complex narrative structures involving not just a single
complete story, but multiple stories or levels of meaning embedded within a
larger story structure. In essence, they should become increasingly capable of
dealing with stories within stories. Preliminary support for this hypothesis was
obtained in a study in which students were asked to compose stories containing
either foreshadowing or a trick ending. Both foreshadowing and trick endings are
devices that can potentially be used to create double layers of story meaning;
foreshadowing by hinting at a future direction or resolution of the story that has
yet to be realized, and trick endings by providing unexpected information that
can result in a dramatic reinterpretation of the entire story. To work effectively,
both devices require coordination between the story told early on and the story
unveiled later on in the narrative. Results of the study revealed a progression in
complexity of the stories across the four age groups studied (10, 12, 14, and 18
years). On the trick ending task, 10-year-olds simply tacked on an ending that
was unexpected with respect to the immediately preceding part of the story;
they did not integrate the ending with the beginning of the story at all. An
example is the story in which the protagonist was inexplicably transformed into
a mosquito via a magic wand at the end of the tale. Twelve-year-olds used the
beginning of the story to set up a clearly delineated expectation for the ending
and then violated that expectation; they showed the first coordination of the
beginning and ending of the story. For example, one story began with a fish-
erman hearing a blood-curdling scream. It went on to describe the fisherman’s
ill-fated attempt to find and rescue the person in trouble, the outcome of which
was the fisherman’s own death. The surprise ending was that the scream was
actually that of a pig rather than a person. Fourteen- and 18-year-olds pro-
duced stories with double meanings throughout, stories that in retrospect could
be read with both the expected and surprise meaning in mind; these students
displayed the advanced ability to integrate two possible story lines into one co-
herent narrative. For example, in one 14-year-old’s story, a duchess who is about
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to marry a newly crowned king goes through a series of meticulous wedding
preparations in bathing, dressing, selecting jewellery, and so on. All the while
she is eagerly anticipating the opulent life she will be leading as the queen. Each
of these preparations and anticipations is thrown into stark relief when at the
end of the story she discovers the king has magnanimously filled his court with
smelly beggars, cripples, and lepers in need of his help. In an 18-year-old’s story
that demonstrates an advance in overall coherence, the protagonist recalls his
youthful adventures with his teenage buddy, including swimming in the muddy
old creek, meeting a few girls and staying out all night, making some noise and
howling at the moon, getting into scraps, getting hauled away in the police van,
and getting bailed out of jail by his “old man”. Only at the very end do we find
out that the protagonist is actually a dog rather than a human. Virtually every
sentence in the story takes on a new flavor with this revelation in hand, indicat-
ing that the author carefully crafted each sentence with dual meanings in mind.
McKeough and Genereux [28] have also demonstrated that adolescents are able
to use flashback in their narratives. In using flashbacks, the characters’ inten-
tions are presented in a long-term context and character traits are established
that endure across time and situations. The flashback causes events happening
in the present to be interpreted differently. Current events are interpreted while
taking into consideration past events. Flashbacks allow the reader to be shown
that a character feels a certain way because past experiences have influenced the
type of person he or she is. Therefore culturally-derived rhetorical devices, such
as flashback, foreshadowing, and surprise endings, allow the reader to interpret
the intentional states of story characters and mark a shift in the quality of the
productions from intentional narratives to interpretive ones [26] (See Figure 2
for a model of narrative development).

How, then, does this neo-structural analysis fit with neurological research?
Although the links, at this point, are tentative, on the level of the individual,
we suggest that experience with stories, of both the literary and personal va-
riety, can produce changes in local neurological circuits as local inhibitory and
facilitory connections are formed [30]. For example, a young child experiences
stories including characters that do something. This coupling of character and
event might well also derive from their everyday living, as then observe people
and animals in action, and moreover, in normative action (e.g., a kitten me-
ows but does not bark). Neurological theory also proposes that changes in local
neurological circuits occur in the context of a general cortical system in which, in-
creasingly, local regions are differentiated and connected to more distant regions
[B1][32]. With young children, we see a shift from rambling narratives with only
local coherence and little or no global coherence to ones that have a clear topi-
cal focus by 5 years of age or 6 years of age [33]. This move toward temporally
and causally organized narratives can be seen as indicative of a more general
cortical system. The shift toward psychologically-oriented narratives with the
onset of adolescence is another such example. These findings seem to support
the position that, although the brain is clearly responsive to experiences that
are encoded as a series of neural connections, functioning is also “highly con-
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Fig. 2. Action, intentional and interpretive structure

strained by the general state of development of the cortex, which, in turn, is
driven by maturation and general (as opposed to task-specific) experience” [34].
Finally, the position that frontal lobe development allows certain cognitive pro-
cesses, such as working memory and reflective abstraction, which support the
development of cortical integration, is at lease in part supported by our work.
That is, age-related increases in working-memory capacity have been linked to
increases in the structural complexity of stories [19][22]. And all of this growth
occurs within the context of cultural experience, which appears, according to
the analyses reported herein, to have a clear shaping effect of the “long-distant
links” that are formed neurologically.
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Appendix A

Prototypic example of an 8-year-old’s story In the following example, earning
money is the sub-problem that must be resolved prior to the resolution of the
main goal of owning a horse. “Once upon a time a little girl was walking down
the street and she seen a happy horse that she wanted to buy. But she had not
enough money. So she ran home to tell her dad that if she could buy the horse
and earn all the - and earn some money. And her dad said yeah. So she kept - so
she was living in a cottage and was chopping down some trees. And on Monday
she went back to that store and she seen the horse and she bought it and she
went home and she went for a ride on it to the river.” [23]. Prototypic example of
a 10-year-old’s story: The story to follow provides an example of an integrated
plot. “Sandy was a beautiful and kind girl. She lived with a loving family, but
Sandy had a problem, she was deaf. She was born with it. She is 10 now and
her hearing had got a little better but not moch. She hated it when other people
made fun of her. Sandy kept telling herself that somehow she would get better,
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somehow. One day she was reading the newspaper and she saw a place where she
could be trained to read lips. Quickly she showed the ad to her mom. Her mom
told her she couldn’t go through all that yet.When Sandy heard that she ran to
her room and cried. Even though her mother told her she couldn’t go, she was
determined to somehow. She decided that she could tell her father and if he said
no she wasn’t going to communicate with her parents ever again.. Next day she
asked her friend (named Caroline) what she thought about the idea. Caroline
loved the idea because she was also deaf. That night Sandy asked her father
what he thought about it. Her father also liked the idea. So finally her parents
decided to talk it over while she went to her room. Sandy waited anxiously in
her room. Finally it was time to come out. Her parents decided that she could
go to the place where she could learn to read lips. Sandy hugged her parents
and thanked them. She danced across the room to get to her bedroom. She nelt
down in front of her bed and said a prayer of thanks to God.. Two years later
when she and Caroline finished the school they could talk to people and read
lips easily. Sandy thought she was the happiest person on earth because she had
solved her problem [23].
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Abstract. In analogical problem solving individuals infer an abstract
solution schema from the source and apply it to the target. The schema
is composed by the relevant elements which can be matched onto the
target. It is assumed that stories sharing a high number of elements
are perceived as more similar than stories having a lower number of
common elements. An analysis carried out by means of a Kohonen map
supported this assumption: the pattern of similarities represented by the
Kohonen map corresponded to the similarity judgements produced by
human subjects.

1 Analogical Thinking

When we have to face a new situation, we may retrieve knowledge that we have
acquired previously about a different situation which is similar to the present
one. This occurs since we realise that the new situation is structurally isomorphic
to that we have experienced in the past, even though the superficial features of
the two situations are quite different. In these cases we reason through analogies.
In fact, analogical thinking is based on the transfer of ideas from a familiar situ-
ation to a novel situation, so to extend some information, principles, or insights
from a common set of knowledge and experiences to an unfamiliar domain. It
has been noticed that in many disciplines the development of a novel theory or
perspective depends on applying an analogy drawn from a different domain of
knowledge. This is a process of which artistic intuition, historical reconstruc-
tion, scientific discovery, and technological invention take advantage. Political
and social discourses and judgements are often based on analogies; legal and
medical decision-making is sometimes grounded on analogical reasoning; more-
over, in ordinary language people make use of analogies when they try to explain
something or to express their thoughts and emotions. Finally, school instruction
benefits by analogies because they allow to clarify concepts which are difficult to
understand and are a potential mechanism for the development of creativity [1].
A field where analogical thinking is often applied is problem-solving: to reach the
solution of a new problem (target), persons retrieve a familiar situation (source)
which is analogous to that problem and which can suggest a relevant response. In
analogical problem-solving three phases can be identified: - the encoding of the
source; - the source access (individuals recall the source relevant to the target); -
the mapping of the source onto the target. As far as the last phase is concerned,
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the process is usually conceived as based on the induction of a schema from the
source and on its subsequent transfer onto the target, so to suggest to apply
the solution strategy described in the source to the target problem. The schema
which is abstracted from the source is composed by the relevant elements which
can be matched onto the target, that is, the elements that have corresponding
counterparts in the target. It is generally assumed that the higher is the number
of elements shared by the source and the target, the easier is the transfer of the
schema from the source to the target. This leads to predict the rate of transfer
on the basis of the number of the source-target correspondences.

2 Experiments about Analogical Thinking

The experimental procedure employed to investigate analogical problem-solving
consists in presenting a target problem, preceded by a source - describing a
situation structurally similar to the target - that has been previously solved by
means of a set of strategies which can be applied also to the target problem. In
experiments about analogical problem-solving Duncker’s radiation problem has
been often employed. Such a problem describes the situation of a patient with a
tumour within his body; high-intensity x rays can destroy the tumour, but they
destroy also the surrounding healthy tissue; low-intensity rays are harmless to
the healthy tissue, but they fail to destroy the tumour. The problem points to
find a procedure to destroy the tumour with the x rays without damaging the
healthy tissue. According to the dispersion-concentration strategy, the solution
of the radiation problem is achieved by sending several weak rays from different
directions toward the tumour, so that they produce no harm in the healthy
tissue and, by simultaneously converging, produce a high-intensity effect which
destroys the tumour. This is a recent version of the radiation problem and of
its solution:

The Surgeon

A surgeon was trying to destroy a cancer which was situated in the central
region of a patient’s brain, by using a type of ray. He needed to use these rays
at a high intensity in order to destroy the cancerous tissue. However, at such
an intensity the healthy brain tissue will also be destroyed. After considerable
thought, he knew just what to do. He divided the rays up into batches of
low-intensity rays, and by sending them, simultaneously, from a number of
different directions, the converged on the cancer, making up a sufficiently high
intensity to destroy it [2].

In the experiments on analogical problem-solving, in order to suggest the
dispersion-concentration strategy, the target was preceded by an isomorphic
story. These are examples of isomorphic stories that have been employed:

The Light bulb
In a physics lab at a major university, a very expensive light bulb which would
emit precisely controlled quantities of light was being used in some experiments.
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Ruth was the research assistant responsible for operating the sensitive light
bulb. One morning she came into the lab and found to her dismay that the light
bulb no longer worked. She realised that she had forgotten to turn it off the
previous night. As a result the light bulb overheated, and the filament inside
the bulb had broken into two part. The surrounding glass bulb was completely
sealed, so there was no way to open it. Ruth knew that the light bulb could be
repaired if a brief, high-intensity laser beam could be used to fuse the two parts
of the filament into one. Furthermore, the lab had the necessary equipment to
do the job. However, the laser only generated low-intensity beams that were
not strong enough to fuse the filament. She needed a much more intense laser
beam. She needed a much more intense laser beam. So it seemed that the light
bulb could not be repaired, and a costly replacement would be required. Ruth
was about to give up when she had an idea. She placed several lasers in a
circle around the light bulb, and administrated low-intensity laser beams from
several directions all at once. The beams all converged on the filament, where
their combined effect was enough to fuse it. Ruth was greatly relieved that
the light bulb was repaired, and she then went on to successfully complete the
experiment [3].

The Missile

A general was trying to destroy an intercontinental ballistic missile, using a
type of laser beam, which would be entering the atmosphere at great speeds.
He needed to use a high-powered laser beam in order to destroy the incoming
missile. However, such high-powered laser beam were inaccurate because they
would heat up the air through which they passed, thus distorting the beam.
After considerable thought, he knew what to do. He divided the high-powered
laser beams into a number of low-powered laser beams and, by sending these
low-intensity, simultaneously, from a number of different directions, they
converged on the missile making up sufficiently powerful beam to destroy it [2].

The General

A small country was ruled from a strong fortress by a dictator. The fortress was
situated in the middle of the country, surrounded by farms and villages. Many
roads led to the fortress through the countryside. A rebel general vowed to
capture the fortress. The general knew that an attack by his entire army would
capture the fortress. He gathered his army at the head of one of the roads,
ready to launch a full-scale direct attack. However, the general then learned
that the dictator had planted mines on each of the roads. The mines were set
so that small bodies of men could pass over them safely, since the dictator
needed to move his troops and workers to and from the fortress. However,
any large force would detonate the mines. Not only would this blow up the
road, but it would destroy many neighbouring villages. It therefore seemed
impossible to capture the fortress. However, the general devised a simple plan.
He divided his army into small groups and dispatched each group to the head
of a different road. When all was ready he gave the signal and each group
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marched down a different road. Each group continued down its road to the
fortress so that the entire army arrived together at the fortress at the same
time. In this way, the general captured the fortress and overthrew the dictator[4].

The Parade

A small country was controlled by a dictator. The dictator ruled the country
from a strong fortress. The fortress was situated in the middle of the country,
surrounded by farms and villages. Many roads radiate outward from the fortress
like spokes on a wheel. To celebrate the anniversary of his rise to power, the
dictator ordered his general to conduct a full-scale military parade. On the
morning of the anniversary, the general’s troops were gathered at the head of
one of the roads leading to the fortress, ready to march. However, a lieutenant
brought the general a disturbing report. The dictator was demanding that his
parade had to be more impressive than any previous parade. He wanted his
army to be seen and heard at the same time in every region of the country.
Furthermore, the dictator was threatening that if the parade was not sufficiently
impressive he was going to strip the general of his medals and reduce him to
the rank of private. But it seemed impossible to have a parade that could be
seen throughout the whole country. The general, however, knew just what to
do. He divided his army up into small groups and dispatched each group to
the head of a different road. When all was ready he gave the signal, and each
group marched down a different road. Each group continued down its road to
the fortress, so that the entire army finally arrived together at the fortress at
the same time. In this way, the general was able to have the parade seen and
heard through the entire country at once, and thus please the dictator [5].

Red Adair

An oil well in Saudi Arabia exploded and caught fire. The result was a blazing
inferno that consumed an enormous quantity of oil each day. After initial efforts
to extinguish it failed, famed fire-fighter Red Adair was called in. Red knew
that the fire could be put out if a huge amount of fire retardant foam could be
dumped on the base of the well. There was enough foam available at the site
to do the job. However, there was no hose large enough to put all the foam on
the fire fast enough. The small hoses that were available could not shoot the
foam quickly enough to do any good. It looked like there would have to be a
costly delay before a serious attempt could be made. However, Red Adair knew
just what to do. He stationed men in a circle all around the fire, with all of the
available small hoses. When everyone was ready all the hoses were opened up
and the foam was directed at the fire from all directions. In this way a huge
amount of foam quickly struck the source of the fire. The blaze was extinguished,
and the Saudis were satisfied that Red had earned his three million dollar fee [4].

The Fire Chief
One night a fire broke out in a wood shed full of timber on Mr. Johnson’s place.
As soon as he saw flames he sounded the alarm, and within minutes dozens
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of neighbours were on the scene armed with buckets. The shed was already
burning fiercely, and everyone was afraid that if it wasn’t controlled quickly the
house would go up next. Fortunately, the shed was right beside a lake, so there
was plenty of water available. If a large volume of water could hit the fire at the
same time, it would be extinguished. But with only small buckets to work with,
it was hard to make any headway. The fire seemed to evaporate each bucket of
water before it hit the wood. It looked like the house was doomed. Just then
the fire chief arrived. He immediately took charge and organised everyone. He
had everyone fill their bucket and then wait in a circle surrounding the burning
shed. As soon as the last man was prepared, the chief gave a shout and everyone
threw their bucket of water at the fire. The force of all the water together
dampened the fire right down, and it was quickly brought under control. Mr
Johnson was relieved that his house was saved, and the village council voted
the fire chief a raise in pay [4].

The Artificial Lake

An engineer plans the construction of an artificial lake to produce electric energy.
According to his first plan, a single wide canal collects water coming from a valley
and conveys it into a lake. However, the engineer realises that during the flood
periods the stream of water flowing along the canal may be too strong and may
damage the surrounding area. He also realises that during the drought periods
a single stream of water may be insufficient to feed the lake. In order to avoid
these mishap, the engineer elaborates a second plan. According to this plan, the
lake is fed by four small canals whose total flow is the same as the single wide
canal previously planned. These small canals are placed around the lake so that
they convey water coming from four different valleys. In this way only a small
amounts of water can flow in each canal and thus during flood periods dangerous
overflowing might not occur. At the same time, the lake is fed by water from
various valleys, so that also during drought periods it is sufficiently fed [I].

3 Structure of the Analogical Stories

All these stories involve the same structure: a goal, consisting in sending a tool
toward a central location in order to produce a certain effect, has to be achieved.
However, some constraints impede the direct dispatch of the entire amount of
the tool; the solution is reached by dividing the initial whole amount of the
tool in sub-parts and by conveying them simultaneously onto the central point.
This abstract structure - consisting of six entries (namely, goal, tool, location, ef-
fect, constraint, solution) - is differently implemented in each story. Even though
there are some common elements (e.g., the tool is always something whose total
amount can be divided into sub-amounts that can be reassembled; the conver-
gence point of the tool is positioned in a central location; the amount of the tool
which is sent toward the central point has to be enough to produce the desired
effect; the solution requires locating the tool in different positions, simultaneous
forwarding of the tool, and concentration of the tool in the central point), other
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elements differ from a story to another. For instance, in some stories the goal
is to destroy what is located in the central point (the tumour or the fortress),
whereas in other stories the goal is to allow something (the lightbulb or the
artificial lake) to work. Table 1 reports the presence (= 1) or absence (= 0) of
the various elements in each story. On the basis of the previously mentioned
assumption, we can conjecture that stories sharing a high number of elements
tend to be perceived as more similar than stories having a lower number of com-
mon elements. Thus, it is interesting to identify what is the whole pattern of
similarities existing among the stories.

4 A Kohonen Map of the Analogical Stories

To do this, the matrix reported in Table 1 constituted the basis of the vectors
(each vector corresponds to a story) of a neural network having 16 input nodes.
The aim was to obtain a two-dimensional 8 X 8 map with 64 output nodes, each
having 16 connections with the input nodes. A learning algorithm devised for
the Kohonen maps was employed. In the first phase (ordering) of the learning
procedure, the training set constituted by the vectors previously mentioned was
presented for 1,000 epochs with the learning factor n equal to 1, the effective
width o equal to 8, and the temporal constant 7 equal to 200. The parameters of
the second phase (convergence) were as follows: epochs = 1,000; learning factor
n = 0.01; effective width ¢ = 0.01 (7 was not used). At the end of the learning
procedure, by presenting the vectors to the network, a specific predominant
node, corresponding to a story, was found. Figure 1 depicts the surface of the
map reporting the nodes specialised in recognising the different vectors (in bold)
and the activation area around such nodes.

5 Psychological Reality of the Kohonen Map

We were interested in assessing if this pattern of similarities had any degree of
psychological reality. In other words: persons perceive similarities among stories
in the same manner as described by the Kohonen map? To test this, 20 adults
were presented the stories reported above; they were asked to evaluate similar-
ities among the stories and to write the titles of the stories on a paper sheet
within a white square, by locating them so that the distance between each pair
of stories corresponded to the perceived degree of similarity between them. A 8
X 8 grid was superimposed to the response sheets, so to obtain the co-ordinates
(row number; column number: e.g., 5, 3) of each story. By assuming the story
of the surgeon as pivot-story, the distance of each story from this story was
computed by transforming the co-ordinates into Euclidean distances. Table 2 re-
ports the distances between the story of the surgeon and each of the other stories
computed on the Kohonen map previously described (first row) and the corre-
sponding mean distance computed by considering the responses of the sample
of adults (second row).
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Table 1. Presence/absence of the elements of the schema in each story

Entry of schema  Element Story

Surg Lightb Miss Gener Par Red Fire Artif
-to produce
no danger 1 1 1 1 1 0 1 1
-to destroy
Goal or to 1 0 1 1 0 1 1 0
conquest
something
-to allow
something 0 1 0 0 1 1 0 1
to work

-radiation
(x-rays, 1 1 1 0 0 0 0 O
laser beam,
light)
Tool -liquid
(water, 0 0 0 0 0o 1 1 1
foam
-soldiers 0 0 0 1 1 0 O 0

Location -directly
available 0 0 0 1 1 1 1 1

-destruction
Effect or conquest
-repairing
-refilling

SO
—
SO
SO
[even N en)
— o
SO
— oo

-no danger
along the 1 1 1 1 0o 0 O 1
path
-no danger
in the 1 1 0 0 0O 0 O 0
container
the
container 1 1 0 0 0O 0 O 0
can not be
Constraints opened
-the tool
has to follow
simulta- 0 0 0 0 1 0 O 0
neously two
or more
paths
-only small
amounts of 0 0 0 0 0 1 1 0
the tool can
be conveyed

Solution -dividing
the tool 1 0 1 1 1 0 O 1
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Fig. 1. Kohonen map of the analogical stories

Table 2. Distance between the Surgeon story and each of the other analogical stories
in the Kohonen map and in adults’ judgements

The The The The Red Adair The Fire The
Lightbulb Missile General Parade Chief Artificial
Lake

Kohon.
map 3.00 4.00 7.00 8.06 7.00 7.62 9.90

Human
sub. 2.33 2.14 3.34 3.96 3.31 3.47 3.69

The correlation coefficient between the two kinds of measures resulted to be p
= .92 (p = .04). So, the pattern of similarities produced through the Kohonen
map tends to correspond to the similarity judgements produced by the human
subjects. A further evidence of the psychological reality of the Kohonen map was
provided by the cluster analysis carried out on the similarity ratings produced
by subjects (see Figure 2).
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Fig. 2. Dendogram resulting from cluster analysis carried out considering adults’ judge-
ments of similarity among analogical stories

Finally, distance among the isomorphic stories measured on the Kohonen map
were consistent with the rates of transfer recorded in experiments about ana-
logical problem-solving. For example, stories - such as The Light bulb or the
General - which resulted to be close to the surgeon problem, produced high per-
centages (respectively, 75% and 76%-100%) of dispersion-concentration solutions
in the radiation problem when they were presented as sources; conversely stories
located far from the surgeon problem induced low rates of analogical solutions
(e.g., the Artificial Lake story suggested the dispersion-concentration solution to
the radiation problem only to the 19% of subjects).

6 Conclusions

The analyses carried out showed that the application of a schema - consisting
of entries corresponding to possible matching elements - to the set of source
stories usually employed to investigate analogical problem solving succeeded in
depicting an overall pattern of similarity among the stories. Such a pattern was
produced by considering each story as a vector and by attributing to each story
values according to the presence/absence of the various elements of the schema.
The resulting matrix constituted a neural network which yielded, as outcome of a
learning procedure, a map representing the distribution of the analogical stories
according to their relative degrees of similarity. It is worth noticing that such a
map appeared to mirror similarity judgements produced by individual who were
asked to evaluate similarity among the stories and to predict the rates of transfer
of the solution principle embedded in each source story to an analogous target
problem.
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Abstract. In this paper we will examine if communicability is a struc-
tural constraint on our information representation, acquisition and pro-
cessing. In particular, first of all we will examine the description of
the different formats of knowledge: declarative, propositional, procedural
knowledge, narrative thinking, mental imagery. We will then consider the
possible links between language and thought and especially between for-
mats of knowledge, languages and the multimodal message. As a matter
of fact the relationship between language and thought can be described
by two events: a referential and a communicative one. Through the ref-
erential event the information we experience (perceptual, psychological,
cultural) is organized into knowledge (knowledge of words, images, pro-
cedures); the communicative event requires the declension into languages
through a medium, generating the multimodal message.

1 On Thought Communicability

In his work Barlow [I] points out that the specific property of neurons is their
interconnection that is their way of conveying information. The functionality of
our neural cells can be measured in terms of speed, simultaneity of informa-
tion reception and transmission. Barlow suggests that human brain works while
communicating. Paraphrasasing Barlow, we may ask ourselves if even our mind
works while communicating; thus in this paper we will examine if communica-
bility is a structural constraint on our information representation, acquisition
and processing. According to this assumption, the extraordinary human faculty
which is thought - that is our faculties of planning, categorizing, narrating just
to mention a few- won’t be examined as the charming mechanism of a “monad
mind”, considered as an unbelievable and isolated thinking machine. But, on the
contrary the object of our analysis will be the activity of a “relational mind”
within an unending exchange of information from inside to outside and among
its components. In particular, we will examine: 1. the description of the differ-
ent formats of knowledge 2. the possible links between language and thought;
3. the possible links between formats of knowledge, languages and the multi-
modal message (verbal, non-verbal, graphic...) which is the output of the act of
communication.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 348-357] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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2 Different Formats of Knowledge:
Words, Images, Procedures and Narratives

In the last 30 years psychology and in particular cognitive psychology has identi-
fied and described different formats of knowledge: declarative and propositional
thinking, mental imagery and narrative thinking. They are different systems of
organization and representation of the information.

2.1 Declarative Knowledge

Declarative knowledge is defined as the whole knowledge about the world which
is permanently available in long term memory. It also includes the situational
knowledge, that is knowledge about the present context and the new information
that is continuously processed by working memory. Declarative knowledge is the
map of reality and of all the experiences made by the subject during his life. As
a matter of fact it is concerned with what is an object, an event,.. In this sense it
involves both encyclopedic knowledge about objects and knowledge categorized
in concepts, classes, sets. The nature of this kind of knowledge is given by the
declaration: x is equivalent to y, j, k where x is defined by one or more defining
features. Declarative knowledge carries on a referential and predicative function.
It means that it enables us to denote and to predicate something about zand to
put all these information in relation among themselves. Declarative knowledge
can consist of propositional or spatial representations.

2.2 Propositional Knowledge

Propositional knowledge deals with facts and it may be generated even after
a single experience. We can divide propositional knowledge into episodic and
semantic knowledge. The first one refers to propositions about experience or
episodes happened in past, in which the spatio-temporal coordinates are explicit
(as for example in the proposition “Yesterday I went with my dog to the park”).
The second one includes propositions where the spatio-temporal coordinates are
no longer considered , as for example in the proposition “Dogs are taken by
their owners to the park”. Propositional structures organize and represent the
world of experience through categories and elements (like person/object/time
and place/action/manner) and define their function within the propositional
structure (predicate, subject, adverbial, modifier) and the relationships among
propositions (coordination, subordination, ...). More in detail, the propositional
or phrasal structure is semantic and it doesn’t depend on the translation into
a specific language but it is given by the structure of predication, where the
argument A is taken by the predicate p.

2.3 Mental Imagery

Mental images are representations that enable the experience of “seeing” some-
thing even without the real presence of the corresponding visual stimuli or of
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recognizing images. Like actual vision, mental imagery performs duties of recog-
nition or of location or of reconnaissance. Following this approach, which has
been defined as “analog-computational”, Kosslyn and his collaborators have re-
cently [2] defined mental images as temporary spatial displays in active memory
that are generated from a “matrix”, that is from more abstract representations
in long term memory. According to the metaphor they employed, mental images
might be like displays produced on a cathod-ray tube by a computer program
operating on stored data. A great contribution to the analog-computational hy-
pothesis comes from cognitive neuroscience. The discovery of topographically
organized visual aread]] has confirmed the hypothesis according to which men-
tal images correspond to activation patterns at least in some topographically
mapped areas of visual cortex.

2.4 Narrative Thinking

Only a short reference to narrative thinking will be presented here, because to
this format of knowledge we will entirely dedicate the next paper. In this intro-
ductive section, we only intend to underline its differences and features compared
to other formats. This format of thought has been a constant topic in psycholog-
ical studies of the last 20 years, particularly within cognitive and interactionist
psychology. Narrative thinking is now considered one of the modes of human
mental functioning. The great number of studies dealing with it bring into relief
two main aspects. The first one is related to its interpretative dimension: nar-
rative thinking plays a mediating role between experience and who is narrating
it. For that reason it is not bound to reality, but it offers a point of view on ex-
perienced and recreated reality. The second important aspect lies in its episodic
dimension: narrative thinking deals with events, facts, episodes and therefore it
has a spatio-temporal and causal organization, which is typical of narratives, as
follows: Event 1 — Event 2 — Event 3.. [4] [5] [6] [7].

2.5 Procedural Knowledge

The last kind of knowledge we consider is related to action. Procedural knowledge
is not concerned with “what to do” but with “how doing it”. Usually its acquisi-
tion is slower, because it requires experience and exercise. It guides our acting in
the world and therefore it involves the functional use of objects and the acquisi-
tion of effective action procedures. Procedural knowledge can be represented in
the following form: If x, then y. Although the different formats of knowledge are
characterized by functional specificity (they have functions of naming, depicting,
narrating and coordinating actions), they are overlapping and often interdepen-
dent. The overlap is partly due to the sharing of perceptual experience. As a

! The first brain area that receives input from the eyes is Vlarea, known as primary
visual cortex, striated cortex, OC and area 17. In 1986 Fox [B] used PET (Positron
Emission Tomography) to demonstrate the existence of V1 area even in human
beings.
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matter of fact information related to the same event is organized in a specific
way within the different formats (propositions, mental images, episodes, proce-
dures). On the contrary interdependence is the rule when the subject acts in his
field of experience. For example, when communicating we apply the procedure
IF X, THEN Y to a proposition. Referring to the communicative action this
formula becomes: “If the intention is that of undertaking to say p, then say p”.
In the same way, a narration can be declined in a propositional or a depictive
way (sentences or images) although it doesn’t correspond to either of them as
regards the way of the organization of information.

3 How Language Helps Us to Think

Knowledge, which is organized in different formats of thought, is expressed
through language. The relationship of interdependence between language and
thought has been considered within a lot of different approaches.

3.1 Language as an Independent System

A first approach is the structuralist vision. According to it, language is indepen-
dent of thought. Language is thus defined as an independent representational
system. This approach, which is properly linguistic, is based on de Saussure
[8] and Hjemslev’s [9] theoretical hypotheses and finds a more recent statement
in Rastier’s [10] theory of difference. Language can be described as a system
of internal relationships, a network of dependences, whose elements exist con-
nected one to another and are completely independent of any determination
from the outside. According to de Saussure, the first duty of linguistics exactly
consists in isolating a restricted and self-sufficient entity, “the system”, that is
the language conceived as a whole and the principle of classification, from all
the multiform phenomena that make up language (physic, psychic and social
phenomena). Therefore the meaning of a word has to be searched within the lin-
guistic system only, completely aside from any other factor: the perceived world,
mental and conceptual reality and the medium chosen to communicate as well.
Thus the meaning of a word (which is defined within the language) and the con-
cept the word refers to (which belongs to the sphere of thought) are considered
two different phenomena.

3.2 The Mediating Function of Language
between Experience and Conceptualization

Unlike the structuralist perspective, the cognitive approach denies the autonomy
of language from the conceptual structure and it identifies elements of interde-
pendence at different levels. Attention shifts from the analysis of the structure of
the language taken as a whole to the study of comprehension processes that lie
below the system and its use. The study of meaning is integrated and considered
strictly linked to the study of mental processes through which these contents are
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built up and learned. Explain how we understand is explaining how we mean.
The meaning of the language can not be separated from our experience of the
world, which is physic, perceptual, psychological, mental, cultural and social.
The conceptualization (performed by thought) and the expression of meaning
(performed through language) are two moments strictly interdependent, such
as it is explained in Fillmore’s [I1] model, in Fodor [12] and Jackendoff’s [I3]
hypotheses. According to Jackendoff, the conceptual structure is consistent with
information coming from the different representational systems of our cognitive
apparatus: linguistic, motor, visual, auditory, kinesical,... and constitutes the
core, as it is showed in Figure [l

Qnda sonora

g

Muscolatura
vocale

SEGNALE
MOTORIO

Albero
reale

RAPPRESENTAZIO
NE SPAZIALE
DELL'ALBEROD

MONDO CORPO CERVELLO

[Visione
deli‘altbero)

Fig. 1. Modular representation. The different interfaces and the central core of repre-
sentation (taken from Jackendoff [I3], partially changed)

All these systems support a process of modular representation, where they
have the function of interfaces between the module and the central system. For
that reason, the author says, we are able to speak about what we hear and
see [13] operating the passage from senses to sense. In this model language
represents the conscious part unlike the others mental processes of thought.
Therefore language, which is a system specialized in communicating, is one of
the most advanced functions of our mind and it is able to express and thus to
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make conscious both the data processed at a perceptual level and the contents
of long term memory and their mental grammar.

3.3 “Dialogical Thinking”

The functional relationship among experience, conceptualization and expression
is considered through different explicative criteria by the approach of cultural
interactionism. Even in this case we are not making reference to an univocal the-
oretical perspective, but rather to a family of theories that have in common some
basic assumptions. Within this approach we can mention authors like Bachtin
[14], Vygotskij [15], Bruner [16], Fogel [17] and Searle [18]. The focus of atten-
tion shifts from mind to the subject-in-interaction with the world around him
and with other subjects. Thought and language are not considered and anal-
ysed as faculties whose structure and potentialities are to be described, but they
are considered in their happening, as actions, or better interactions within the
continuous stream of communication. Fogel [T7] believes that “mind’s life is a
dialogue, or better a verbal dialogue among imagined points of view continuously
changing”. Knowledge and memory are not encoded by cognition as representa-
tions of abstract physic properties of the objects, but rather as the form of the
relationship between perception of the individual and his action upon the ob-
jects and with others individuals. Thus what becomes essential is the description
of this gradual action of co-ordination and co-regulation between the individ-
ual and the world and among individuals themselves. Attention shifts from the
instrument-system to the analysis of the act of communication. The strategies
of co-regulation, the ways of segmentation of the communicative stream into
frames, the analysis of all the system of representation and of verbal and non-
verbal communication that speakers use become the new object of study. This
approach gives a great importance to the role of culture and to the relation-
ship between the interaction and Self-construction [19]. Thought is described in
its narrative and interpretative dimension and in its inter-subjective function.
Among its functions, it is considered not only the explanation of phenomena
but even the understanding and interpretation of one’s own and other people’s
human experience.

4 Referential and Communicative Event:
The Multimodal Output

While the cognitive models we considered above bring into relief the relationships
among language, thought and the other processes of perception and elaboration
of information in the exploration of the world, the dialogic perspective suggests
that language can not be reduced to the mediating function between conceptual-
ization and experience, because language is even generator of and it is generated
by acts of communication. Tomasello [20] sums up this assumption defining the
relationship between language and thought as described by two events: a refer-
ential and a communicative one. Through the referential event the information



354 Maria Rita Ciceri

we experience (perceptual, psychological, cultural) is organized into different for-
mats of knowledge (propositional, procedural, narrative knowledge and mental
imagery). In this way they are formulated according to the semantic and syn-
tactic rules of a language into sentences, images, action procedures, narrative
structures (see Figure 2).
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Fig. 2. The referential event: conceptualization and language formulation

The communicative event corresponds to the action of articulation and
output of the message. It synergically activates the declension into languages
through a medium, generating a multimodal interactive act/message as it is
showed in Figure 3.

Referring to what happens in the referential event, Kosslyn describes how it
is possible to store and convey the same information “the ball is on the box”
through different formats of representation with specific semantic and syntactic
structures. For example, the syntax of the propositional representation “on (ball,
box)” consists of linguistic signs having function of arguments and predicates.
On the other way semantics is constituted by the relationship symbolically ex-
pressed by those signs. Therefore a propositional representation is an abstract
representation, because it can be referred to classes of objects or to abstracts
entities in general and it is not bound to any perceptual modality. In the corre-
sponding mental image syntax is constituted by pizels and by the space where
they are placed. The rules of syntactical combination only require that pixels
are spatial related one to another. On the other way semantics is given by the
correspondence among parts and relations that the pixel configuration maintains
with the original scene: this means that it is constituted by the relationship of
similarity between representative and represented as regards shape, size, posi-
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Fig. 3. The communicative event: multimodal expression and output message

tion. On the contrary in the communicative event mental imagery in its syntactic
and semantic aspects is declined into a grammar by figurative languages (draw-
ing, cinema, comics) where the minimal unit is not the phoneme, but the line,
the pixel, the “gramma” [21]. Within these languages of communication, the im-
age and its dimensions become the starting point, the material that is available
to re-create portions of meaning and of reality and to communicate meanings.
It’s not only a matter of remembering images or of being able to reconstruct
and recover them in one’s mind, but of creating and connecting them to com-
municate. In the same way, the phrasal structure of propositional thinking is
translated into audible sounds to communicate utterances. Moreover the multi-
modal communicative output can use facial expression and gestures that require
the coordination of procedural knowledge, depictive representation and, in sign
language, even phrasal structure, as showed in Figure 3. The perceptual action
on the world mediated by our mental activity is the starting and arrival point for
the construction of more and more advanced and formalized systems for the con-
ceptualization, interpretation and communication synergically activated within
the communicative event. The notion of communicative competence or faculty
itself is completely changed: it is no longer seen as a cumulative set of abilities,
but rather as the componential and processual production of symbolic and mul-
timodal objects through the synergical concurrence of a range of formats
of knowledge, of languages, of expressive modalities and of the competence in
techniques of information transmission. It is clear the passage from the notion of
language to that of languages, that is systems of representation and signalling.
Therefore we refer not only to linguistic systems but to all semiotic systems
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(verbal, figurative, kinesics). In the same way there is evidence for the distinc-
tion and the continuous interaction among the different formats of knowledge,
semiotic systems and media. The first ones — declarative knowledge, mental im-
agery, narrative and procedural thinking - are systems of mental representation.
Languages are effective and actual codes, that can be more or less stable; they
can deal with different fields such as music, numbers, gestures, words, prosody.
Finally, media are all those instruments that have a communicative function
and that consist in technologies to convey information, participate and share
symbols [24]. The distinction between systems and medium is quite useful to
detect the relations between communicative abilities and cognitive development,
because it enables to detect not only the influence of the increasing ability of
representation and symbolization on development itself but also the influence of
the media that spread them. The medium is not an inert matter through which
a message expressed by a code can be spread out. The choice of the medium,
whether it is drawing, or a cinema motion picture or wrinting or a computer,
involves different modalities of perception, it changes the format of knowledge
involved and moulds the semiotic system itself. The importance of these issues
for learning theories is great. Their investigation could in fact allow to come to
a more complex definition of cognitive capabilities and to describe the complex
and multiple connections among different fields of competence. The aim of this
symposium is to provide a contribute to the discussion through the compari-
son among different formats of thought and knowledge: narrative thinking, the
analogy, the comparison between propositional thinking and mental imagery,
emotional competence.
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Pictures and Words: Analogies and Specificity
in Knowledge Organization
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Abstract. In this paper we want to examine what kind of relationship
exists between two semiotic systems, word and picture, and the formats
of conceptual representation linked to them: propositional thinking and
mental imagery. The specific aim of this research is to explore the charac-
teristics of the representation and organization of knowledge referring to
the meaning of an input-word (“elephant”), which we have considered in
both types of communication: verbalization and graphic representation.
The current study analyzes the verbalizations and the graphic represen-
tations of 75 pre-school children when using the input-word “elephant”.
Data seem to match the hypothesis of differentiation, according to which
language plays the role of a filter, so that the choice of a language (verbal
or iconic) activates preferential connections to the format of representa-
tion more similar to it.

1 Introduction

When processing new information and organizing it into knowledge, the mind
uses different formats of representation. In the last decades cognitive psychology
has described several formats of knowledge, as for instance declarative knowl-
edge, narrative thinking, mental imagery, procedural knowledge, propositional
thinking, just to mention a few [1-3]. The current studies agree in supporting
the hypothesis of their functional specificity (categorization vs narration vs im-
agery) and their structural specificity (symbolic vs space-analog). These different
formats of representation of knowledge also have different neuro-physiological
and neuro-psychological bases: modern neuro-psychology has described specific
cerebral structures and circuits for any of the above mentioned forms of repre-
sentation. What we call representations, or mental symbols, are but patterns of
neuron activation [4, 5], which can contain different kinds of information to be
processed in specific ways, such as sense-perceptual, conceptual and linguistic
[6-8].

In particular, in this paper we want to examine what kind of relationship ex-
ists between two semiotic systems, word and picture, and the formats of concep-
tual representation linked to them: propositional thinking and mental imagery.
Propositional thinking has been examined as one of the representational forms
of declarative knowledge. It controls the use of verbal language in a process that
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© Springer-Verlag Berlin Heidelberg 2003
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goes from the conceptual to the linguistic representation of syntactic categories
to come to the actual articulation of an utterance [9]. This sequence emphasizes
the important distinction between the referential event, which is related to men-
tal representative structures, and the communicative event, which is related to
the communicative act through the use of one or more semiotic systems [10]. The
current studies in the field of cognitive and functionalist linguistics go beyond
the dichotomy between generativist and interactionist theories and suggest the
existence of a natural language constituted by general linguistic structures that
operate at a categorial level and are strictly connected with the experiential di-
mension. In particular, those theories identify universal and recursive structures
that control the use of all languages and are constituted by abstract schemes and
common recursive syntactic categories such as predicates, subjects and their links
[10-17]. Mental imagery is conceived as a particular space representational sys-
tem of declarative knowledge. According to the analog-computational approach,
it is a kind of mental representation that enables the experience of “seeing”
something even without the real presence of the corresponding visual stimuli.
It has perceptual roots but it is the product of a mental reconstruction that
combines it with the information already stored in memory. It is analog because
it includes the space and topological features of the represented object, such as
shape, size, color, direction, relations among its parts.

It is of great interest for cognitive psychology and especially for learning sci-
ences to analyse the links between the referential and the communicative event
and therefore relationship between language and the forms of mental organiza-
tion of information (formats of knowledge). Next to the model of language or
mental grammar [18], which supports the function of interface and of mediator
between perceptual and conceptual processes of mental language (from senses
to sense), it has been suggested the hypothesis according to which language
plays the role of a filter, so that the choice of a language (verbal or iconic) ac-
tivates preferential connections to the format of representation more similar to
it, as showed in figure 1 [1,3]. All the issues presented above seem to refuse the
existence of an univocal link between a communicative event mediated by a cer-
tain language and the corresponding conceptual representation, and to suggest
the hypothesis of a network of preferential activations that link the information
according to specific paths of meaning, as it is showed in the diagram below.

Considering the above premises, this study aims at exploring the specific
modalities through which a word collects and organizes knowledge when two
different semiotic systems are to be used, namely verbal language and graphic
language. We consider here the word in its function of ‘pointer’, as able to acti-
vate in the mind different nets of information as soon as it is ‘launched’, depend-
ing on the selected organizing system [19, 20]. Starting from the hypothesis that
the two forms of representation of knowledge do have different structural fea-
tures, which may to various extent influence the amount and type of knowledge
communicated, the specific aim of this research is to explore the characteristics
of the representation and organization of knowledge referring to the meaning
of an input-word (elephant), which we have considered in both types of com-
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Fig. 1. Referential and communicative event: relationship between multimodal expres-
sion and the formats of knowledge (propositional thinking and mental imagery)

munication: verbalization and graphic representation. We therefore intend: a) to
analyze the specificities of either communicative modality; b) to verify the possi-
ble correlation and complementariness between the two different communicative
modalities.

2 Method

The current study analyzes the verbalizations and the graphic representations
of 75 pre-school children when using the input-word elephant. The group was
balanced as for age (3 4, 5 year-old) and sex. The task has been divided up into
two phases: verbal launch and graphic launch. The order of presentation of both
tasks has been balanced in the whole group.

Criteria of Analysis. The productions have been analyzed taking into consider-
ation common and specific indicators for the two communicative modalities.

Verbal Launch: a) Lezical items: number of verbalized items; b) Encyclopedical
items: number of activated items of information; ¢) Level of Meaning Organiza-
tion (L.M.O.): knowledge can be organized in different ways, each characterized
by a higher level of generalization and abstraction, with reference to the subjec-
tive experience [21]: - episode: the reference is to one’s own experience, and the
contest plays a major role, - event: the level of generalization is higher, the con-
test is less important, - elements: a list of traits and features which contribute to
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Table 1. Mean of the number of lexical and of encyclopedic items for each age level

L.M.O. Sentence Structure
LI EI Ep Ev El Pred Arg Modif Adv Typ Ex.R.
3ys 4,48 1,36 1,00 10,00 8,00 0,48 0,20 0,52 0,08 0,04 0,04
4ys 10,36 3,12 0,00 12,00 14,00 0,92 0,36 1,56 0,08 0,00 0,20
5ys 13,52 4,20 0,00 19,00 21,00 1,36 1,16 1,48 0,16 0,00 0,12
Total 10,43 2,89 1,00 41,00 43,00 0,92 0,57 0,71 0,11 0,01 0,12

the definition and classification of a word; d) Semantic Structure: - predicates:
number of actions, - modifies: number of adjectives, - adverbials, - arguments:
number of subjects and objects; e) Superordinate or Subordinate level [22]: - kind
of elephants, - external relationships: class.

Graphic Launch: a) Graphical items: number of drawn items regarding figure and
ground; b) Encyclopedical items: number of such parts of the drawing describing
and defining figure, a stereotyped ground and a pertinent ground; ¢) Number of
elements with form and content; d) Action: presence or absence of a movement
or an action performed by the elephant; e) Shape: - animal, - antropomorphic
image, - other.

Common Indicators: a) number of lexical items / number of graphical items; b)
knowledge: number of expressed pieces of information; c) external relationships/
shape; d) predicate/action; e) arguments/number of elements.

3 Data Analysis

3.1 Analysis of Specific Indices: The Verbal Launch

Number of Lexical Items (L.I.) and Encyclopedical Items (E.I.). As far as the
total mean are concerned, we notice a gradual and progressive increase in the
amount of information depending on the age of the subjet (see table 1). Data have
been statistically analysed, taking into account the variations of scores depending
on age (3, 4, 5). Statistical analysis highlights the significance of the observed
differences as regards any single factors as well as their interaction (Lexical Item:
df=2; F=13,74;pj0,01; Encyclopedic Items: df=2; F= 11,56; pj0,01).

Sentence Structure. The analysis of the average scores shown in Table 1 high-
lights that arguments, predicates and modifiers, do prevail, though to different
extents according to the subjects’ age. Statistical analysis (ANOVA) gives evi-
dence of the significance of the principal effect of a factor within subjects (sen-
tence structure: F=74,84; pij0,01; df=3), between subjects (age: F=21,16; p;0,01;
df=2) and of their interaction (sentence structure*age: F=3,65; pj0,01; df=6).

Level of Meaning Organization (L.M.0.). When observing the scores referring to
frequencies in the three levels, it is possible to point out that subjects generally
tend to organize those items of information recorded in Events (Ev.) or in “Lists
of traits” (Elements - El.), whereas Episodes (Ep.) do generally show very low
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Table 2. Means of the number of graphical and encyclopedical items and frequences
distribution of Action and Shape for each age levels

Graph. items Encyclop. items  Action Shape

Eleph Cont Ele. p.c. st.c. No Yes An. Ant Oth
3ys 1280 7,32 3,880,12 0,24 19,00 6,00 11,00 6,00 8,00
4ys 14,92 13,16 6,68 0,28 1,64 18,00 7,00 20,00 3,00 2,00
5ys 13,60 34,20 8,36 0,92 3,84 11,00 14,00 25,00 0,00 0,00
Total 13,77 18,23 6,31 0,44 1,91 48,00 27,00 56,00 9,00 10,00

frequencies. Statistical analysis (log-linear model) confirms the significance of
the differences between the three levels of the factor (LOS: chi®=14,99; p;j0,01;
df=2) and of its interaction with the age factor (age*LOS: chi?=10,29; p;j0,01;
df=4).

3.2 Analysis of Specific Indices: The Graphical Launch

Number of Graphical and Encyclopedical Items. The chart shows the average
number of details drawn, distinguishing between the subject of the drawing
(elephant) and the context. Data highlight a few interesting differences: the group
of 3 and 4-year-old subjects tend to reproduce a higher number of elements of
the elephant and a lower number of the context, whereas 5-year-old children do
the opposite. As for encyclopedical items, it increases with age, whereas in both
contexts we see very few elements pertinent to the typical context of the input-
word. Statistical analysis confirms the significance of the observed differences,
with the exception of the factor within subjects as far as vocabulary index is
concerned (Graphical items - Figure/ground: Df = 1; F=341; p=n.s.; Age: Df
= 2; F=14,04; p;j 0,01; Fig/ground*age:Df = 2; F=11,42; pj 0,01. Encyclopedical
Items - Figure/ground: Df = 2; F=296,11; pj 0,01; Age: Df = 2; F=328,59; p;
0,01; Fig/ground*age: Df = 2; F=25,284;p i 0,01).

Kinds of Information: Shape and Action. The chart shows the distribution of
frequencies of drawings showing an action, according to the three types of rep-
resentation (animal, anthropomorphic, other). Prevalence of drawings where the
subject is not shown in action is to be noticed. However, active elephants do
appear mostly in the drawings made by 5-year-old children. Furthermore, the
frequency of drawings where we clearly recognize an animal representation is
generally high (56/75). In particular, a discriminating factor of such a compe-
tence seems to be represented by age: the number of drawings belonging to the
“animal” category icreases with age, while the other types of representations de-
crease accordingly. Statistical analysis (chart 7) confirms the significance of the
differences between the frequencies of the levels of the factors within subjects
(Shape: chi? =5,94; pj0,05; df=1; Action: chi? =17,16; pj0,01; df=2), though not
of the factor age. The interaction between factors within subjects and factor age
appears to be significant in both cases (Shape*age: chi? = 6,53; p;j0,05; df=2;
Action*age: chi? = 6,30; pj0,05; df=2).
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3.3 Analysis of Common Indices:
A Comparison between Verbal and Graphic Indices

Vocabulary and Information. The mean number of both vocabulary and ency-
clopedic items is altogether higher in drawings than in verbalizations (see graph
2). The mean data referring to the drawings are always higher when the draw-
ing activity follows verbalization, though the difference is here less relevant. For
both indices statistical analysis confirms the significance of the differences in
average for a factor within subjects, with reference to the kind of task given
(number of lexical and graphical items: F=158,286 pj0,01 and df=1; encyclope-
dical items: F=158,29; pj0,01; df=1). In relation to the factor between subject,
the factor ‘age’ is meaningful in both cases (number of lexical and graphical
items: F=27,488, pj0,01; df=2; encyclopedical items: F=27, 49; p;0,01; df=2),
whereas the order of presentation of the tasks proves to be irrelevant.

Complexity: Articulation of Information. The chart shows data concerning three
kinds of information in both assignments (verbal and graphic), taking into ac-
count the order of presentation (see tabel 3).As far as the external relationship
and shape information is concerned, we can notice a more relevant presence in
the drawings. Moreover, considering the order of the two tasks for each subject,
an interesting datum emerges: the number of subjects spontaneously express-
ing such information is always higher whenever the graphic task comes before
the verbal one. On the contrary, the pieces of information concerning predi-
cates tend to be more verbalized. What’s more, in all age groups the presence
of a figure shown in action is generally followed by a corresponding verbal ex-
planation, but the opposite is not true. As for arguments, the data reported
in the chart show a higher number of them in the drawings, once more con-
firming the tendency already described for the other indicators: verbalization is
richer in details if preceded by graphic representation. Statistical analyses ap-
plied to single indices of information (animal, predicates, arguments) generally
show the significance of the differences observed between the two different types
of assignment (Class/shape: F=7,56; pj0,01; df=1; Predicates/actions: F=2,53;
n.s.; df=1; Arguments: F=461,22; pj0,01; df=1) and its interaction with the fac-
tor age (Class/shape: F=1,28, p=n.s.;df=2; Predicates/actions: F=7,89; p;0,05;
df=2; Arguments: F=25,65; pj0,01; df=2), whereas neither the order of recording
of competences nor the interaction between factors seems to be relevant.

4 Conclusions

4.1 From Analogy to Specificity of the Formats of Representation

Considering the data presented above it is possible to draw some important
conclusions. In general, our data show that for some aspects the two semiotic
systems considered, word and image, overlap; as a matter of fact there are sev-
eral information that occur in a similar way in the two forms of representation.
However, data presented in this work seem to match the hypothesis of differenti-
ation, according to which language plays the role of a filter, so that the choice of
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Table 3. Number of lexical and encyclopedical items and frequences distribution of
knowledge for each age level according to the presentation order

N of items Enc. Items Class/shape Predicates Arguments

Verb Dra Verb Dra Verb Dra Verb Dra Verb Dra

3ys V+D 3,58 25,17 1,08 4,33 0,00 6,00 5,00 3,00 0,33 4,25
D+V 5,31 15,46 1,62 3,69 2,00 5,00 5,00 3,00 0,69 3,54
Total 4,45 20,31 1,35 4,01 2,00 11,00 10,00 6,00 0,51 3,89
4ys V4D 11,83 35,25 3,25 7,5 2,00 11,00 5,00 4,00 1,50 7,17
D+V 9,00 21,46 3,00 6,46 3,00 9,00 5,00 3,00 1,62 6,23
Total 10,42 28,36 3,13 6,98 5,00 20,00 10,00 7,00 1,56 6,70
5ys V+D 13,67 58,42 4,17 9,92 0,00 12,00 11,00 9,00 1,42 8,67
D+V 13,38 37,77 4,23 8,69 3,00 13,00 9,00 5,00 1,54 8,08
Total 13,53 48,09 4,20 9,3 3,00 25,00 20,00 14,00 1,48 8,37
Total 9,46 32,25 2,89 6,77 10,00 56,00 40,00 27,00 1,18 6,32

a language (verbal or iconic) activates preferential connections to the format of
representation more similar to it [1, 3]. Results indeed show that, starting from
one input-word, the search for meaning follows different patterns depending on
the request made, whether to use verbal or graphic language. On a quantitative
level, beyond the differences between the three ages considered, it is possible to
say that a higher number of items of information (vocabulary and encyclopaedic
knowledge) is provided by graphic representations. The relationship between the
two forms of communication varies according to age: a sort of “predominance”
of image over word is to be observed in younger children. As age increases, ver-
bal and graphic forms become more and more complementary: data show that
neither of the two forms add any significant items of information to the ones
already expressed by 5-year-old children, no matter the order of presentation
of both assignments. A closer analysis of data highlights several qualitative dif-
ferences between the kinds of information produced by the two languages. We
notice that drawings try to reproduce a clear image of the represented object;
in fact, drawings generally present at least a correct shape of the object [3].
Verbalization shows both semantic and encyclopaedic information [23]. It is in
fact possible to distinguish between different ways of organization of meaning,
from the narration of autobiographical events to the classification of experience
[21]. Data evidence the evolution from a contest-centred and ego-centred mode
(episode) to higher degrees of generalization (events), to finally reach the skill
of abstraction and classification of information (elements). Furthermore, verbal
assignment makes it possible to understand that certain kinds of information
are not spontaneously activated (i.e. adverbials, types and external relations),
but must be activated on purpose, through a specific request. On the contrary,
the same kind of information appears spontaneously in a graphic representation.
For instance, information about a category (what an elephant is) is hardly ever
verbalized, especially by younger children, whereas drawings show that those
children do have a clear image of the elephant as an animal, and they draw it in
a horizontal position, with four legs, a tail,. ..
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Fig. 2. Relationship between output message and the formats of knowledge: examples
taken from our data

A better focus on some characteristics of the input-word seems to be helped
by the drawing activity coming before verbalization: information on the category
(the elephant is an animal) is more easily expressed if the child has firstly done
his drawing. Similarly, specific verbalized information is likely to appear in a
drawing done afterwards. This is particularly evident when we come to consider
actions: while verbalizations are generally rich in predicates, only a small num-
ber of drawings show an elephant in action (for example, an elephant spraying
water, walking,...). To sum up, the two forms help each other in a complemen-
tary manner, since each deals with specific information. It is possible to identify
a sort of selective filter directing the communication of particular information
to a peculiar communicative mode. The following chart (fig. 2) is an attempt of
synthesis of the phenomena described by data recorded during the experiment.
All the information filed in the mind is activated in a different way according
to the semiotic system involved in the communicative process. When verbaliza-
tion is concerned, such categories as predicates, modifiers and arguments ere
predominant. As for graphic representation, information regarding space, shape
and relation between parts are more common. Drawing seems to represent a tool
of a better focusing on a clear precise image of the word, especially with younger
children, who gain support in the following verbalization.
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Abstract. Starting from LeDoux’s studies on amygdala [1], that show
how emotions are the result of a complex interplay of conscious and
unconscious processes, we focuse on the recent psychological concept
of emotional intelligence ad its developmental implications. Following
Salovey e Mayer [2] emotional intelligence is a set of aware abilities that
people develop and learn to manage emotions in everyday life. From a
developmental point of view, we describe qualitative important changes
regarding children’s emotional competence, what some authors recently
call ‘metaemotion’ [3]. We suggest that the development of metaemotion
could be related to quantitative important neurological changes on one
hand, and to maturation of neural connections among different brain
systems (e.g., language, memory) on the other hand.

1 Introduction

Over the last few decades, psychological research traditionally interested to the
study of highest processes, such as memory and language, has focused on emo-
tions. This is in part related to neuroscientific contribute that has studied the
nervous basis, the localizations and the brain mechanism of some aspects of emo-
tions [4]. In this perspective, the research on amygdala developed by LeDoux [I]
throws light on many aspects regarding the ‘emotional brain’. The author showed
how amygdala has a direct impact on several cortical areas; how, through amyg-
dala the arousal of several brain systems is produced (a network which controls
behavioral responses, autonomic responses, and endocrine responses); and how
the body, eventually, reacts to the central elaboration of information. In this
perspective, following LeDoux emotions would have developed as brain states
and body responses. Conscious feelings would be just the result of awareness
of emotional brain system, a system that is for the author the most important
dimension of emotions. Talking about consciousness is effectively a problem for
neuroscientists, a problem that psychological research looks into. LeDoux himself
thinks that even if the influence of neurological circuits from amygdala to cortex

* T wish to thank Prof. Ottavia Albanese and Dr.Carla Antoniotti for their precious
contribute to the discussion of the issue presented in this paper.

B. Apolloni et al. (Eds.): WIRN VIETRI 2003, LNCS 2859, pp. 367-3Z3] 2003.
© Springer-Verlag Berlin Heidelberg 2003
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is actually dominant, it could be the case that connections between amygdala
and cortex will be formed along the evolution, producing the control of cortex
by amygdala. “It could be... that human beings will become able to control their
own emotions” [T]. On the basis of this brief introduction, I will refer to the
meaning of emotional intelligence to present the developmentalists’ contribute
to the knowledge of emotional competence. I will focus on research that shows
how starting from early infancy children develop the comprehension of nature,
causes and control of emotions, an awareness of feelings that some authors call
‘metaemotion’. I will end the paper suggesting briefly how psychological findings
could relate to neuroscience.

Prefrontal cortex Sensory cortex
(work memory and attention) (perception and short term store)

AMYGDALA

l

Hippocampus
(declarative long term memory)

Fig. 1. Some cortical projections of amygdala and their functions [1]

2 The Cognitive Revolution: From Appraisal
of Emotional Events to Appraisal of Emotions

The cognitive revolution with its attention to the unconscious dimension of psy-
chological processes has influenced the study of emotion as well. Despite of dif-
ferences, various Authors [5] [6] [7] emphasize cognitive appraisal in emotional
process, that is formed by both conscious and unconscious components. Going
beyond, Salovey e Mayer [2] reviewing studies and research scattered in different
scientific fields have more recently tried to conceptualize the idea of ‘emotional
intelligence’. They showed the existence of several studies, different from the
traditional research on the interaction of cognition and affect, that shared the
examination of how people appraisal and comunicate emotion, and how they use
that emotion in solving problems (see Figure 2). The components presented by
the Authors are interconnected among themselves, but they are also indepen-
dent and differ as a function of individual specificity, as a century-long tradition
among clinicians recognized. On the basis of this conceptualization the discussion
moves from the role of conscious and unconscious components of emotions to the
analysis of knowledge and experiences people have, develop and learn about their
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own emotions. In this context, Salovey and Mayer [2] refer to meta-knowledge
and meta-ezxperience of personal feelings and emotions, underlying that although
several aspects, for instance, of emotional regulation, happen automatically other
aspects are conscious, can be learned, and deserve to be investigated.

Emotional Intelligence

Appraisal and Regulation of emotion Utilization of
Expression of emotion I emotion
In Selt In Other In Self In Other Flexible Creative Redwected Motivation

| plannmg  thinkmg attention

Verbal Nonverbal Non-
Verbal perception Emphathy

Fig. 2. Conceptualization of emotional intelligence [2]

3 Children’s Emotional Competence: Metaemotion

From the developmental point of view, together with the issue of the origin of the
emotions it is extremely interesting to understand how we become emotionally
competent. As Harris recognizes, children early develop a theory of emotional
mind [8] [9]. More recently, the author has used the term ‘metaemotion’ refer-
ring to it as a new paradigm of research [I0] [3] with a double meaning: (1) the
conscious understanding that a subject has of his or her emotions - for instance,
understanding that emotions can be hidden, understanding the relation between
moral or display rules on one hand, and the emotions on the other hand; (2)
the conscious and non-conscious ability to regulate the expression and the ex-
perience of emotions. Here, I will focus on the first meaning of metaemotion.
Metaemotion is, first of all, comprehension of nature, causes, and possibility of
control of emotions (see Figure 3).

The Authors present a model of metaemotion development which contains
nine components grouped in three categories, respectively related to understand-
ing the nature of emotions (1-2), understanding the causes or antecedents of
emotions (3-7), and understanding the possibility to control emotions (8-9). I
am going to illustrate these categories and their components.
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Understanding NATURE
of emotions

Metaemotion

Understanding cAUSES
of emotions

of emotions

Categonization Comprehension
of mixed emotions

Understanding cCONTROL
of emotions

Understanding
control of expression

Understanding
control of felt emotion

Understanding

Understanding
external causes memory effects role of wishes

Understanding

Understanding
role of value

Understanding
role of beliets

Fig. 3. Metaemotion components following Pons, Doudin, Harris, DeRosnay (2002)[7]

— UNDERSTANDING NATURE OF EMOTIONS

(1) Categorization is a component that emerges at the age of 18-24 months,
when children start to use the emotional lexicon referring to emotions in
self and in others. At the age of 3-4 years children are able to associate the
adequate labels of basic emotions (happiness, fear, sadness, anger) to cor-
respondent facial expressions. So doing, not only they recognize an actual
emotion, but they also compare it with a recalled one. On the basis of these
first types of categorization, children become able ‘to think emotions’ and
to predict them.

(2) The second component is the ability to understand mixed emotions, an
ability that children begin to show when they are about 7-year-old. They
recognize that a person can feel, at the same time, two different, even op-
posed, emotions, for instance feeling happy for a gift but also sad because it
cannot be used.

UNDERSTANDING THE CAUSES OF EMOTIONS

(3) Children 3-year-old start to understand that emotions are related to ex-
ternal causes. They are able to link emotion observed in others to their
antecedents (e.g., happiness because daddy has arrived; sadness because
mummy went away). Starting from the age of 4-5 years, they can solve
experimental tasks (e.g., listening to a short story, watching pictures) where
prototypical situations of emotion are represented.

(4) At about the age of 4, children start to understand the role and influence
of memory on emotions. Particularly, they understand that the intensity of
an emotional experience, both positive and negative, diminish day after day.
At the age of 5 years, children recognize that some actual elements can pro-
duce the recall of past events (e.g., watching the picture of a fearful event
can cause a feeling of fear). The comprehension of the role of recollections
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of external events on actual emotions could facilitate the comprehension of
the difference between external and internal antecedents of emotions.

(5) At the age of 3 years, children start to understand that desires can be
important internal causes of emotions. Between the age of 3 and 5, they
understand that a same situational antecedent could produce different emo-
tional reactions in two different persons.

(6) At about the age of 5-6, children understand the role of beliefs on emo-
tions, both of true and false beliefs. So, they understand that a child would
feel happy believing to find sweets in a box, even if they are not there.

(7) Eight-year-old children begin to catch the role of moral rules in relation
to feelings. Precisely, they can easily relate deprecable behaviors to negative
emotions, such as guilt or shame, and merit actions to positive feelings such
as pride and satisfaction.

— UNDERSTANDING THE CONTROL OF EMOTIONS

(8) Before the age of 6, children’s judgements of emotions are function of
facial expressions. The control of the expression of emotion shows up at the
age of 6-7 years, when children undertsand the difference between expression
and feeling. For instance, they can understand that a person can smile even
if he is not happy, since he doesn’t wish to show his internal feelings.

(9) Children come also to understand the possibility to control a felt emotion.
At about the age of 6-7, they start to develop this component of metaemo-
tion, at the beginning utilizing and recognizing the role of behavioral strate-
gies (e.g, playing ad so avoiding negative thoughts). At the age of 10/11
years, children’s use of strategies gets more sophisticated forms, involving
psychological strategies, such us thinking pleasant episodes to move away
unpleasant feelings; talking about emotions and sharing them with others to
control their intensity).

In Table 1 children’s metaemotion is presented pointing out the developmen-
tal trajectory. Thanks to the emerging of children’s theory of mind on one
hand, and to the reaching of the operational mental functioning on the other
hand, children improve their emotional competence and their knowledge of
different aspects of emotion.

4 Conclusion

We suggest that the development of children’s understanding of emotions is
linked to the maturation and development of neurological and psychological
systems (e.g. language, memory). We could speculate that in relation to the
acquisition of new emotional competences (e.g., the ability to distinguish between
expressed and felt emotion) neurological changes are produced as well, and new
brain connections show up. Particularly, a higher level of cortical control could
emerge, and a higher number of connections between different components of
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Table 1. Some stages or levels of metaemotion development

age understanding understanding understanding
(years) nature of emotion cause of emotion control of emotion
2 Emotional lexicon ? ?
3/5 Categorization of Understanding
joy, fear, external cause
sadness, ager of emotion
Understanding

memory effects

7 Categorization of Understanding Understanding
complex emotions role distinction
of desires apparent /felt emotions

Understanding role

of beliefs
9/11 Categorization of Understanding  Understanding control of
mixed emotions role of merits emotional experience
12/14 ? ?
Late adolescence ? ?

metaemotion (e.g, control of emotion and regulation of emotion) could grow
up. Eventually, on the basis of a preliminary research [11] we do believe that
during the first and late adolescence, in relation to important brain and ormonal
changes, a farther development allow people to potentially become emotionally
intelligent, engaging successfully in social relationships and using emotions as a
tool of creativity.
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