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Preface

On behalf of the ICES 2001 Conference Committee, it is our pleasure to present
to you the proceedings of the fourth International Conference on Evolvable Sys-
tems: From Biology to Hardware, ICES 2001, held in Tokyo, Japan, on 3-5 Oc-
tober 2001, addressing the latest developments and discussing challenges facing
the field of evolvable systems.

The idea of evolving machines, whose origins can be traced back to the cy-
bernetics movement of the 1940s and the 1950s, has recently re-emerged in the
form of the nascent field of bio-inspired systems and evolvable hardware. Follow-
ing the workshop, Towards Evolvable Hardware, which took place in Lausanne,
Switzerland, in October 1995, the First International Conference on Evolvable
Systems: From Biology to Hardware (ICES96), was held at the Electrotechni-
cal Laboratory (MITI), Tsukuba, Japan, in October 1996. The second and the
third International Conferences on Evolvable Systems: From Biology to Hard-
ware (ICES98 and ICES 2000) were respectively held in Lausanne in September
1998, and in Edinburgh in April 2000.

Following the success of these past events, ICES 2001 was dedicated to the
promotion and advancement of all aspects of evolvable systems, including hard-
ware, software, algorithms, and applications. By bringing together researchers
who use biologically inspired concepts to implement real systems in artificial in-
telligence, artificial life, robotics, VLSI design, and related domains, ICES 2001
reunited this burgeoning community.

High quality papers were selected and presented at the conference. These
contributions cover a wide variety of aspects pertaining to evolvable systems
and applications: evolutionary design of electronic circuits, embryonic electron-
ics, biological-based systems, evolutionary robotics, evolutionary optimization,
evolutionary learning, and the various applications of evolvable hardware.

We wish to thank all the authors for submitting their work, as well as the
Program Committee members and reviewers for their enthusiasm, time, and
expertise. Finally, we would like to thank the sponsors, who helped in one way
or another to achieve our goals for the conference. These sponsors are Real World
Computing Partnership, the Japanese Society for Artificial Intelligence, SIG on
AI Challenges, Logic Systems Laboratory (EPFL), and the National Institute of
Advanced Industrial Science and Technology (AIST).

August 2001 Yong Liu
Kiyoshi Tanaka
Masaya Iwata

Tetsuya Higuchi
Moritoshi Yasunaga
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Two-Step Incremental Evolution of a Prosthetic
Hand Controller Based on Digital Logic Gates

Jim Torresen

Department of Informatics, University of Oslo,
P.O. Box 1080 Blindern, N-0316 Oslo, Norway,

jimtoer@ifi.uio.no, http://www.ifi.uio.no/˜jimtoer

Abstract. Evolvable Hardware (EHW) has been proposed as a new
method for designing systems for real-world applications. In this paper it
is applied for evolving a prosthetic hand controller. It is shown that better
generalization performance than neural networks can be obtained. The
proposed architecture is based on digital logic gates and its configuration
is determined by two separate steps of evolution.

1 Introduction

To enhance the lives of people who has lost a hand, prosthetic hands have existed
for a long time. These are operated by the signals generated by contracting
muscles – named electromyography (EMG) signals, in the remaining part of
the arm [1]. Presently available systems normally provide only two motions:
Open and close hand grip. The systems are based on the user adapting himself
to a fixed controller. That is, he must train himself to issue muscular motions
trigging the wanted action in the prosthetic hand. Long time is often required
for rehabilitation.

By using Evolvable Hardware (EHW) it is possible to make the controller
itself adapt to each disabled person. The controller is constructed as a pattern
classification hardware which maps input patterns to desired actions of the pros-
thetic hand. Adaptable controllers have been proposed based on neural networks
[2]. These require a floating point CPU or a neural network chip. However, by
using gate level EHW, a much more compact implementation can be provided
making it more feasible to be installed inside a prosthetic hand.

Experiments based the EHW approach have already been undertaken by
Kajitani et al [3]. The research on adaptable controllers is based on designing a
controller providing six different motions in three different degrees of freedom.
Such a complex controller could probably only be designed by adapting the
controller to each dedicated user. It consists of AND gates succeeded by OR gates
(Programmable Logic Array). The latter gates are the outputs of the controller,
and the controller is evolved as one complete circuit. The simulation indicates
a similar performance as artificial neural network but since the EHW controller
requires a much smaller hardware it is to be preferred.

One of the main problems in evolving hardware systems seems to be the lim-
itation in the chromosome string length [4,5]. A long string is normally required

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 1–13, 2001.
c© Springer-Verlag Berlin Heidelberg 2001



2 J. Torresen

for representing a complex system. However, a larger number of generations is
required by genetic algorithms (GA) as the string increases. This often makes
the search space too large. Thus, work has been undertaken to try to diminish
this limitation. Various experiments on speeding up the GA computation have
been undertaken [6]. The schemes involve fitness computation in parallel or a
partitioned population evolved in parallel – by parallel computation. Other ap-
proaches to the problem have been by using variable length chromosome [7] and
reduced genotype representation [8]. Another option, called function level evolu-
tion, is to evolve at a higher level than gate level [9]. Most work is based on fixed
functions. However, there has been work in Genetic Programming for evolving
the functions [10]. The method is called Automatically Defined Functions (ADF)
and is used in software evolution.

Another improvement to artificial evolution – called co-evolution, has been
proposed [11]. In co-evolution, a part of the data, which defines the problem,
co-evolves simultaneously with a population of individuals solving the problem.
This could lead to a solution with a better generalization than a solution evolved
based on the initial data. Further overview of related works can be found in [12].

Incremental evolution for EHW was first introduced in [13] for a character
recognition system. The approach is a divide-and-conquer on the evolution of
the EHW system, and thus, named increased complexity evolution. The goal is to
develop a scheme that could evolve systems for complex real-world applications.
In this paper, it is applied to the application of a prosthetic hand controller cir-
cuit. Several improvements in the EHW architecture as well as how incremental
evolution is applied are to be introduced. These should improve the generaliza-
tion performance of gate level EHW and make it a strong alternative to artificial
neural networks.

The next two sections introduce the concepts of the evolvable hardware based
prosthetic hand controller. Results are given in Section 4 with conclusions in
Section 5.

2 Prosthetic Hand Control

The research on adaptable controllers presented in this paper is based on de-
signing controllers providing six different motions in three different degrees of
freedom: Open and Close hand, Extension and Flection of wrist, Pronation and
Supination of wrist. The data set consists of the same motions as used in earlier
work [3], and it is collected by Dr. Kajitani at Electrotechnical Laboratory in
Japan.

The published results on adaptive controllers are usually based on data for
non-disabled persons. Since you may observe the hand motions, a good training
set can be generated. For the disabled person this is not possible since there is
no hand observe. The person would have to by himself distinguish the different
motions. Thus, it would be a harder task to get a high performance for such
a training set but it will indicate the expected response to be obtainable by
the prosthesis user. This kind of training set is applied in this paper. No other
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publication is yet available – to make a comparison of the results, where this
data set is used.

2.1 Data Set

The absolute value of the EMG signal is integrated for 1 s and the resulting
value is coded by four bits. To improve the performance of the controller it is
beneficial to be using several channels. In these experiments four channels were
used in total, giving an input vector of 4 x 4 = 16 bits.

The output vector consists of one binary output for each hand motion, and
therefore, the output vector is coded by six bits. For each vector only one bit is
“1”. Thus, the data set is collected from a disabled person by considering one
motion at a time. For each of the six possible motions, a total of 50 data vectors
are collected, resulting in a total of: 6 x 50 = 300 vectors. Further, two such sets
were made, one to be used for evolution (training) and the others to be used as
a separate test set for evaluating the best circuit after evolution is finished.

3 A Gate Architecture for Incremental Evolution

The evolution scheme – introduced as increased complexity evolution, has been
proposed to overcome the problem of a long chromosome string. The idea is
to evolve a system gradually. Evolution is first undertaken individually on a
set of basic units. Each of these could contain gates or higher level functions
as building blocks. The evolved functions are the basic blocks used in further
evolution (or assembly) of a larger and more complex system. This may continue
until a final system is at a sufficient level of complexity. In this paper, a novel
method applying two separate and succeeding evolution steps are proposed.

3.1 Approaches to Increased Complexity Evolution

The main advantage of the method is that evolution is not performed in one
operation on the complete evolvable hardware unit but rather in a bottom-up
way. It may be looked at as a division of the problem domain. The challenge
of the approach would be how to define the fitness functions for the lower level
subsystems. Two alternatives seem possible:
– Partitioned training vectors. A first approach to incremental evolution is

by partitioning the training vectors. For evolving a truth table - i.e. like those
used in digital design, each separate output could be evolved separately. In
this method, the fitness function is given explicitly as a subset of the complete
fitness function.

– Partitioned training set. A second approach is to divide the training set
into several subsets. This corresponds to the way humans learns: Learning to
walk and learning to talk are two different learning tasks. The fitness function
would have to be designed for each task individually and used together with
a global fitness function, when the tasks are to be assembled. This may not
be a trivial problem.
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The benefits of applying the increased complexity evolution are several:

– Making the search space simpler by having the complexity of the problem
to be evolved reduced for each subsystem.

– Making the search space smaller by having a shorter chromosome string.
This is because the circuit is smaller.

Both of these two items concern the evolutionary search space as illustrated
in Fig. 1. A simple search space is shown in Fig. 1a), while a more complex
one is given in Fig. 1b). In the former figure, several instances would give a near
maximum fitness while it becomes more important hitting the exact maximum in
the latter. Thus, when both are having the same deviation � to reach maxiumum
fitness, there is a large difference in their corresponding fitness deviation �f. In
the proposed method, the complexity of the problem is reduced by reducing the
amount of information to be represented in a digital circuit.

The indices along the x-axis indicate the step size in the evolutionary search
space. This is given by the chromosome length. A short string would imply a
small number of indices compared to a longer string. The former would be more
beneficial as this would reduce the search space. Thus, the goal of the increased
complexity evolution approach is to both reduce the number of indices (by having
a short chromosome string) as well as making the search space more smooth (by
reducing the complexity of the problem to be evolved).

3.2 The Architecture of the Prosthetic Hand Controller

In this section, the proposed architecture for the controller is described. This
includes the algorithm for undertaking the incremental evolution.

The architecture is illustrated in Fig. 2. It consists of one subsystem for each
of the six prosthetic motions. In each subsystem, the binary inputs x0 . . . x15 are
processed by a number of different units, starting by the AND-OR unit. This is
a layer of AND gates followed by a layer of OR gates. Each gate has the same
number of inputs, and the number can be selected to be two, three or four. The
outputs of the OR gates are routed to the Selector. This unit selects which of
these outputs that are to be counted by the succeeding counter. That is, for
each new input, the Counter is counting the number of selected outputs being

f

fitness

f

fitness

a) b)

Fig. 1. Illustration of evolutionary search spaces.
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Fig. 2. The digital gate based architecture of the prosthetic hand controller.

“1” from the corresponding AND-OR unit. Finally, the Max Detector outputs
which counter – corresponding to one specific motion, is having the largest value.
Each output from the Max Detector is connected to the corresponding motor in
the prosthesis. If the Counter having the largest value corresponds to the correct
hand motion, the input has been correctly classified.

A scheme, based on using multi-input AND gates together with counters, has
been proposed earlier [14]. However, the architecture proposed in this paper is
distinguished by including OR-gates, together with the selector units involving
incremental evolution.

The incremental evolution of this system can be described by the following
steps:

1. Step 1 evolution. Evolve the AND-OR unit for each subsystem separately
one at a time. Apply all vectors in the training set for the evolution of each
subsystem. There are no interaction among the subsystems at this step,
and the fitness is measured on the output of the AND-OR units. A largest
possible number of OR gates should be “1” for the 50 patterns corresponding
to the motion the subsystem is set to respond to. For all other patterns, the
number of gates outputting “1’ should be as small as possible. That is,
each subsystem should ideally respond only to the patterns for one specific
prosthesis motion.

2. Step 2 evolution. Assemble the six AND-OR units into one system as
seen in Fig. 2. The AND-OR units are now fixed and the Selectors are to be
evolved in the assembled system. Which outputs, from each of the AND-OR
units, to select for making the total performance highest possible are now
determined. Thus, the fitness is measured using the same training set as in
step 1 but the evaluation is now on the output of the Max Selector.

3. The system is now ready to be applied in the prosthesis.
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In the first step, subsystems are evolved separately, while in the second step
these are evolved together. The motivation for evolving separate subsystems –
instead of a single system in one operation, is that earlier work has shown that
the evolution time can be substantially reduced by this approach [12,13]. In this
paper, a less flexible AND-OR unit is used rather than the more general multi-
layer gate array used in the earlier works. This is due to the initial experiments
indicated that this restriction of flexibility was beneficial to make GA easier
find better performing circuits. This is reasonable since only the connections are
represented in the chromosome. In the architecture used earlier, the function of
each gate was included as well.

This first step of evolution corresponds to the partitioned training vector
approach presented in Section 3.1. In the following experiments, evolving sub-
systems, as described above, are compared to evolving a system directly. In the
latter case, the system is evolved in one operation to classify all the six motions
in the training set. The system consists of only one AND-OR unit with one gate
output for each motion.

The layers of AND and OR gates in one AND-OR unit consist of 32 gates
each. This number has been selected to give a chromosome string of about 1000
bits which has been shown earlier to be appropriate for GA. A larger num-
ber would have been beneficial for expressing more complex Boolean functions.
However, the search space for GA could easily become too large. For the step 1
evolution, each gate’s inputs are determined by evolution. The encoding of each
gate in the binary chromosome string is as follows:

Input 1 (5 bit) Input 2 (5 bit) (Input 3 (5 bit)) (Input 4 (5 bit))

As described in the previous section, the EMG signal input consists of 16 bits.
Inverted versions of these are made available on the inputs as well, making up
a total of 32 input lines to the gate array. The evolution will be based on gate
level. However, since several output bits are used to represent one motion, the
signal resolution becomes increased from the two binary levels.

For the step 2 evolution, each line in each selector is represented by one bit
in the chromosome. If a bit is “0”, the corresponding line should not be input to
the counter, whereas if the bit “1”, the line should be input.

3.3 Fitness Function

The fitness function is important for the performance of GA in evolving circuits.
For the step 1 evolution, the fitness function – applied for each AND-OR unit
separately, is as follows for the motion m (m ∈ [0, 5]) unit:

F1(m) =
1
s

50m−1∑
j=0

O∑
i=1

x +
50m+49∑
j=50m

O∑
i=1

x +
1
s

P−1∑
j=50m+50

O∑
i=1

x

where x =
{

0 if yi,j �= dm,j

1 if yi,j = dm,j
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where yi,j in the computed output of OR gate i and dm,j is the corresponding
target value of the training vector j. P is the total number of vectors in the
training set (P = 300). As mentioned earlier, each subsystem is trained for one
motion. This includes outputting “0” for input vectors for other motions.

The s is a scaling factor to implicit emphasize on the vectors for the motion
the given subsystem is assigned to detect. An appropriate value (s = 4) was
found after some initial experiments. The O is the number of outputs included
in the fitness function and is either 16 or 32 in the following experiments (referred
to as “fitness measure” in the result section).

The fitness function for the step 2 evolution is applied on the complete system
and is given as follows:

F2 =
P−1∑
j=0

x where x =
{

1 if dm,j = 1 and m = i for which max5i=0(Counteri)
0 else

This fitness function counts the number of training vectors for which the
target output1 being “1”equals the id of the counter having the maximum output.

3.4 The GA Simulation

Various experiments were undertaken to find appropriate GA parameters. The
ones that seemed to give the best results were selected and fixed for all the
experiments. This was necessary due to the large number of experiments that
would have been required if GA parameters should be able vary through all the
experiments. The preliminary experiments indicated that the parameter setting
was not a major critical issue.

The simple GA style – given by Goldberg [15], was applied for the evolution
with a population size of 50. For each new generation an entirely new population
of individuals is generated. Elitism is used, thus, the best individuals from each
generation are carried over to the next generation. The (single point) crossover
rate is 0.8, thus the cloning rate is 0.2. Roulette wheel selection scheme is applied.
The mutation rate – the probability of bit inversion for each bit in the binary
chromosome string, is 0.01.

The proposed architecture fits into most FPGAs. The evolution is undertaken
off-line using software simulation. However, since no feed-back connections are
used and the number of gates between the input and output is limited to n,
the real performance should equal the simulation. Any spikes could be removed
using registers in the circuit.

For each experiment presented in the next section, four different runs of GA
were performed. Thus, each of the four resulting circuits from step 1 evolution
is taken to step 2 evolution and evolved for four runs.

1 As mentioned earlier only one output bit is “1” for each training vector.
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4 Results

This section reports the experiments undertaken to search for an optimal con-
figuration of the prosthetic hand controller. They will be targeted at obtaining
the best possible performance for the test set.

Table 1. The results of evolving the prosthetic hand controller in several different
ways.

Type of system # inp/gate Step 1 evolution Step 1+2 evolution
Min Max Avr Min Max Avr

A: Fitness measure 16 (train) 3 63.7 69.7 65.5 71.33 76.33 73.1
A: Fitness measure 16 (test) 3 50.3 60.7 55.7 44 67 55.1
B: Fitness measure 32 (train) 3 51 57.7 53.4 70 76 72.9
B: Fitness measure 32 (test) 3 40 46.7 44.4 45 54.3 50.1
C: Fitness measure 16 (train) 2 51.3 60.7 54.8 64.3 71.3 67.5
C: Fitness measure 16 (test) 2 46 51.7 49 44.3 54.7 50
D: Fitness measure 16 (train) 4 59.3 71.3 65.5 70 76 73.4
D: Fitness measure 16 (test) 4 52.7 59.7 55.3 48.3 56.3 52.7
E: Direct evolution (train) 4 56.7 63.3 59.3 - - -
E: Direct evolution (test) 4 32.7 43.7 36.6 - - -

Table 1 shows the main results – in percentage correct classification. Sev-
eral different ways of evolving the controller are included. The training set and
test set performances are listed on separate lines in the table. The fitness mea-
sure – introduced in Section 3.3, will be discussed later in this section. The
“# inp/gate” column includes the number of inputs for each gate in the AND-
OR unit. The columns beneath “Step 1 evolution” report the performance after
only the first step of evolution. That is, each subsystem is evolved separately,
and afterwards they become assembled to compute their total performance. The
“Step 1+2 evolution” columns show the performance when the selector units
have been evolved too (step 2 of evolution). In average, there is an improve-
ment in the performance for the latter. Thus, the proposed increased complexity
evolution give rise to improved performances.

In total, the best way of evolving the controller is the one listed first in the
table. The circuit evolved with the best test set performance obtained 67% cor-
rect classification. Fig. 3 shows the step 2 evolution of this circuit. The training
set performance is monotone increasing which is demanded by the fitness func-
tion. The test set performance is increasing with a couple of valleys. The circuit
had a 60.7% test set performance after step 1 evolution2. Thus, the step 2 evo-
lution provides a substantial increase up to 67%. Other circuits didn’t perform
that well, but the important issue is that it has been shown that the proposed
architecture provides the potential for achieving high degree of generalization.
2 Evaluated with all 32 outputs of the subsystems.



Evolution of a Prosthetic Hand Controller Based on Digital Logic Gates 9

0

10

20

30

40

50

60

70

80

1 4 12 24 35 36 37 49 58 100

Number of generations

P
er

fo
rm

an
ce

 in
 %

Training

Test

Fig. 3. Plot of the step 2 evolution of the best performing circuit.

The results presented in this paper are from the first experiments undertaken. A
lot more should be conducted to optimize parameters as well determining how
to measure the fitness during evolution to secure a high test set performance in
general.

A feed-forward neural network was trained and tested with the same data
sets. The network consisted of (two weight layers with) 16 inputs, 40 hidden units
and 6 outputs. In the best case, a test set performance of 58.8% correct clas-
sification was obtained. The training set performance was 88%. Thus, a higher
training set performance but a lower test set performance than for the best
EHW circuit. This shows that the EHW architecture holds good generalisation
properties.

The experiment B is the same as A except that in B all 32 outputs of each
AND-OR unit are used to compute the fitness function in the step 1 evolution.
In A, each AND-OR unit also has 32 outputs but only 16 are included in the
computation of the fitness function, see Fig. 4. The 16 outputs not used are
included in the chromosome and have random values. That is, their value do
not affect the fitness of the circuit. What is amazing about this is that the
performance of A in the table for the step 1 evolution is computed by using
all the 32 outputs. Thus, over 10% better training set as well as the test set
performance (in average) are obtained by having 16 outputs “floating” rather
than measuring their fitness during the evolution!

What is also interesting is that if the performance of the circuits in A is
measured (after step 1 evolution) with only 16 outputs, the performance is not
very impressive. Thus, “floating” outputs in the evolution substantially improve
the performance – including the test set performance.

This may seem strange but has a reasonable explanation. Only the OR gates
in the AND-OR unit are “floating” during the evolution since all AND gates
may be inputs to the 16 OR gates used by the fitness function. The 16 “floating”
OR-gates then provide additional combination of these trained AND gates. To
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Fitness computation
    step 1 evolution

Performance computation
    after step 1 evolution

1

16

17

32

Fig. 4. A “fitness measure” equal to 16.

explain why not B shows better performance, the description in Section 3.1 is
appropriate. In this experiment, the chromosome is longer since in A the bits
assigned to the 16 “floating” OR-gates are not used. Other numbers of “floating”
OR gates (8 and 24) were tested but the results were best for 16.

A further improvement of A could be by introducing one more step of evolu-
tion. After finishing step 1 evolution, the AND-gates and the OR-gates covered
by the fitness function F1 could be fixed, and a new step of evolution could
evolve the 16 “floating” OR gates. This could increase the performance, but not
necessarily, since the step 2 evolution already removes the bad performing OR
gates.

The C and D rows in the table contain the results when the gates in the AND-
OR units each consists of two and four inputs, respectively. The lowest figures
are for two input gates indicating that the architecture is too small to represent
the given problem. Four inputs, on the other hand, could be too complex since
having three input gates give a slightly better results.

Each subsystem is evolved for 10,000 generations each, whereas the step 2
evolution was applied for 100 generation. These numbers were selected after
a number of experiments. One comparison of the step 1 evolution (each gate
having three inputs) is included in Figure 5 and shows that the best average
performance is achieved when evolving for 10,000 generations.

The circuits evolved with direct evolution (E) were undertaken for 100,000
generations3. The training set performance is impressive when thinking of the

3 This is more than six times 10,000 which were used in the other experiments.
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Fig. 5. Performance of three different numbers of generations in step 1 evolution (av-
erage of four runs).

simple circuit used. Each motion is controlled by a single four input OR gate.
However, the test set performance is very much lower than what is achieved
by the other approaches. This is explained by having an architecture that is
too small to provide good generalization. A larger one, on the other hand, would
make the chromosome string longer with the problems introduced in Section 3.1.
This once again emphasizes the importance of applying the increased complexity
evolution scheme.

An interesting observation in the experiments is that the number of inputs
to a gate is not always equal to the preselected value. Several inputs to one gate
can be connected to the same source and thus, reducing the number of active
inputs. Further, both inverted and non-inverted version of the same signal can
be input to an AND gate. This makes the output becoming fixed to “0” and
the OR gates connecting to it would then “reduce” its number of inputs. Such
behavior illustrates the good adaptivity features within the AND-OR units.

According to these results there are several interesting topics for future work.
The step 2 evolution could include a selection of subsystem for each motion in
addition to the selector parameters. That is, for each motion a set of separately
evolved subsystems could be available for the step 2 evolution to select among.
In this way you would be able to assemble the best combination of many of the
subsystems evolved in the step 1 evolution, rather than only six. Further, the
architecture is a general one and should be applied to other problems within
pattern recognition/classification.

5 Conclusions

In this paper, a new EHW architecture for pattern classification including in-
cremental evolution has been proposed. The best circuit evolved shows a better
generalization performance that what was obtained by artificial neural networks.
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The results illustrate that this is a promising approach to evolving systems for
complex real-world applications.
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Abstract. The exploitation of the physical characteristics has already
been demonstrated in the intrinsic evolution of electronic circuits. This
paper is an initial attempt at creating a world in which “physics” can
be exploited in simulation. As a starting point we investigate a model
of gate-like components with added noise. We refer to this as a kind of
messiness. The principal idea behind these messy gates is that artificial
evolution makes a virtue of the untidiness. We are ultimately trying to
study the question: What kind of components should we use in artificial
evolution? Several experiments are described that show that the messy
circuits have a natural robustness to noise, as well as an implicit fault-
tolerance. In addition, it was relatively easy for evolution to generate
novel circuits that were surprisingly efficient.

1 Introduction

Natural evolution has produced the most subtle and complex bio-chemical information
processing machines known (i.e. living creatures). In addition to this complexity living
systems possess a remarkable degree of fault tolerance and robustness. At this point it
is necessary to clarify the exact meanings of the terms: fault-tolerance and robustness.
Robustness deals primarily with problems that are expected to occur and must be
protected against. By contrast, fault tolerance primarily deals with problems that are
unexpected. Humans can design systems to be robust but true fault tolerance is a much
more difficult problem[1, 19]. This is particularly acute in digital electronics. Digital
gates are robust from the point of view of minor changes in input voltages but systems
built from them are fragile to stuck-at faults.

Another aspect of human designed systems is that they are usually built from pro-
duction line components (especially if they are electronic). Living systems are built
from components (i.e. cells) that vary considerably in their properties. It is now recog-

3 The work was carried out while in the School of Computer Science, University of Birming-
ham.

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 14–25, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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nised that many of the advantageous properties of living systems emerge from the way
in which the individual properties of the components are exploited.

Artificial neural networks (ANN) were one of the first bio-inspired circuits to be
developed. It has been suggested that ANNs exhibit graceful degradation in the pres-
ence of faults [2]. However more recent work has indicated that ANNs are not intrin-
sically fault tolerant [9,15].

In recent decades the use of design algorithms that employ the principles of Dar-
winian evolution have been applied to the design of electronic systems [3,7,16,17].
Such work has become known as Evolvable Hardware. Already researchers are using
bio-inspired ideas to design electronic hardware with more fault-tolerance [4,10]. One
of the most intriguing findings in this field is that of Adrian Thompson [11]. He
showed that it was possible for artificial evolution to create FGPA designs that ex-
ploited the physical characteristics of the silicon substrate to efficiently carry out a
particular task. Thompson found that unconstrained artificial evolution explored very
unusual ways of solving problems precisely because it was able to exploit the subtle
and incidental physical characteristics. It can be argued that evolution has produced
such complex systems because it can make use of the full, unmodellable richness of
the physical world.

Another question raised from Thompson's work is the following: What basic com-
ponents should we be using in artificial evolution? It does not seem very likely that
the electronic components that have been created for human design should happen to
be particularly useful in artificial evolution. Indeed it could be seen as a testament to
the power of evolution that using them, artificial evolution could produce anything
useful at all. If one is going to build practical systems using artificial evolution it ap-
pears that one has to go back to basics and try to design radically new forms of elec-
tronic components, or use existing components in novel configurations [e.g. 18] that
might assist the artificial evolutionary process. This could be done in two ways. First,
one could search for special materials and then subject them to intrinsic artificial
evolution, and second, one could try to define new kinds of components in simulation
and subject them to extrinsic evolution. The former is obviously a good approach,
however it is potentially very expensive and likely to be very difficult. The latter
though, perhaps, is not as exciting, however it is feasible and could actually assist the
former goal by helping us to identify what kinds of properties are important. These
thoughts were the starting point for the work reported in this paper.

The paper is divided as follows: Section 2 is concerned with the definition of the
new component model (which is described as messy). Section 3 describes the geno-
type representation and evolutionary algorithm that was used. Section 4 describes the
experiments performed. In section 5 the experimental results are presented. In section
6 the concluding remarks are made. The paper finishes with a description of possible
future work in section 7.
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2 Messy gates

Since the aim is not only to create new types of components for use in artificial evolu-
tion but also to understand exactly how they work, it was necessary to choose a new
model that was adjustable. It was desirable to be able to change a parameter continu-
ously so that the new component model could become the same as a familiar tradi-
tional component. A natural choice of traditional component was a digital logic gate.
Accordingly, a model that was that of a digital multiplexer with additional randomness
on the output was created. The new model took real valued input combined the inputs
to give a real valued output. Random noise was then superimposed on the output (fig-
ure 1). These gates are being referred to as messy and as having a degree of messiness.

y

m

r

a
b
c

Fig. 1. Model of messy MUX

The equation below describes the messy MUX:

bccamry ++= . (1)

where m represents the constant value of messiness chosen for the entire circuit and r
represents a real random number uniformly sampled from the interval [-1.0, 1.0]. The
inputs to the messy MUX are a and b, and c is the control input. The bar over c refers
to 1-c. All variables are real-valued. Clearly when m=0 and a, b, and c are only al-
lowed to be 0 or 1, the digital MUX is recovered and all the rules of Boolean logic
apply. In the experiments a messy MUX with one input inverted (input b would then
become 1-b) was used as well. Once real values for variables are allowed it is not
clear how to decide real-valued equivalence of the Boolean operators. Arithmetic add
and multiply are the closest analogues of the inclusive-OR and the AND operators.
The model we have used was not designed to be a feasible electronic model, since the
primary aim was to investigate the ability of artificial evolution to use any chosen
model. No claims are made about the "correctness" of the model we used other than it
possessed the property of being a superset of the digital case. Now that the system is
designed, more complex and physically realistic models can easily be added later
(even though it may be hard to design the model itself).

3 Evolutionary algorithm and genotype

The genotype representation is the same as that used for evolving digital designs [5,6].
It is best explained with a small example. In figure 2 are shown four messy MUX
(mMUX) gates. The numbers (0-3) refer to the four primary inputs of the target func-
tion. The numbers on the inputs to the mMUX refer to the connections to the primary
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inputs or the outputs of other mMUX. The outputs of the mMUX are labeled (sequen-
tially following on from the inputs). Thus the second mMUX on the left has the "a"
input connected to the output of the first mMUX, the other two mMUX inputs are
connected to the two primary inputs 3 and 0. In this example it is assumed that the
target function has four outputs. Thus the genotype has four output connections (4 5 7
3). The numbers in bold refer to which of the two mMUX were being used (0 refers to
mMUX with no inputs inverted, 1 refers to the "b" input being inverted). The numbers
printed in grey refer to inactive genes or mMUX (i.e the third mMUX does not have
its output connected). This paper only considers feed-forward circuits. The representa-
tion allows any mMUX to have its input connected to any other mMUX on its left.
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Fig. 2. Example genotype and resulting circuit with four inputs and four outputs

The evolutionary algorithm employed was a simple form of (1+4) evolutionary strat-
egy (ES). In this case a population of 5 random chromosomes is randomly generated
and the fittest chromosome selected. The new population is then filled with mutated
versions of this. Random mutation is defined as a percentage of genes in the popula-
tion that were mutated. The mutation operator respects the feed-forward nature of the
circuits and also the different alphabets associated with connections and functions.

Each circuit has a fixed value of messiness m. However each gate has its own ran-
dom value r (equation 1). This is illustrated in figure 3.

r1 r2 r3 r4

Fig. 3. Circuit schematic with individual random values

The fitness of an individual is measured by testing the chromosome with all possible
combinations of inputs and comparing the output values with the target Boolean truth
table. For all experiments described in this paper, the target is a 2-bit multiplier. Thus,
there are 4 inputs, 4 outputs and 24 possible input test vectors yielding a total of 64
output bits in the truth table.

Fitness is equal to the number of output bits of a circuit being equal to the corre-
sponding bit in the target truth table. This is referred to as bitwise correctness. A per-
fectly functional circuit would have all its output bits equal to the output bits of the
truth table, and thus the bitwise correctness would equal 64 in the case of the 2-bit
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multiplier. In the case of messy circuits, the real valued internal signals were rounded
at the output before being compared to the target truth table.

4 Experiments

Several experiments were performed to investigate the nature of the mMUX and its
influence on the evolved circuits and the evolutionary algorithm. These experiments
are described below.

Evolutionary
algorithm

Testbench

Circuit
(chromosome, Rc, mc)

me

mt
Rt

EA performance
data

Circuit performance
data

Fig. 4. Experimental setup

The setup for the experiments is shown in figure 4. The evolutionary algorithm pro-
duces a circuit consisting of a chromosome, a set of random values Rc and the messi-
ness used (mc=me). A test bench allows measuring the performance of a circuit by
using different values of messiness (mt), different sets of random values (Rt) and in-
troducing stuck-at faults.

The first two experiments investigated whether it was feasible to evolve circuits
that exhibited a natural robustness to internal random noise within some specified
range.

A set of about 500 chromosomes was evolved for six different values of m. The fit-
ness measure was based on taking an average of the bitwise correctness over 15 sets of
random values r (for each gate). Evolution was halted each time the fitness was equal
to 64 (all 15 chromsomes had bitwise correctness equal to 64). This set of chromo-
somes was used to generate the results of the first three experiments. Thus, these ex-
periments investigate different configurations of the testbench, with the fitness of each
circuit measured as an average over 50 trials. This was done both to introduce new
random values Rt for every test performed, as well as testing different randomly cho-
sen gates for stuck-at faults in the case of the third experiment.



Untidy Evolution: Evolving Messy Gates for Fault Tolerance 19

4.1 First experiment

The first experiment sought to investigate how computationally demanding it is to
evolve circuits with high values of m, as well as the general performance of the cir-
cuits in an environment equally noisy to the one in which it was evolved (mt=mc). In
all other respects the experiment was the same as that described previously.

4.2 Second experiment

Thompson has demonstrated that it is possible to evolve robust circuits intrinsically by
exposing them to various environments [12, 13]. In the second experiment, the same
set of chromosomes was tested with the messiness of the test bench mt, being set to
increasingly higher values. This simulates the circuits running in increasingly more
noisy environments, and disregards whatever value me used when the chromosomes
were evolved. This was done to investigate the robustness of the chromosomes with
regards to the amplification mt of the internal noise, and its relation to the value of me

used in the evolution of the different chromosomes.

4.3 Third experiment

An interesting property of a digital circuit is its fault tolerance. An experiment was
carried out to measure the tolerance in the evolved circuits to stuck-at faults.

The test bench was set up to subject the circuits to stuck-at-1 faults. Stuck-at-1
faults were selected since their impact on a multiplier is on average more severe then
stuck-at-zero faults. This is due to the fact that the output part of the 2-bit multiplier
truth table contains 14 zeros and 50 ones. Thus, increasing numbers of stuck-at-0
faults force the bitwise correctness towards 50. On the other hand, increasing the
numbers of stuck-at-1 faults force the bitwise correctness towards 14.

4.4 Fourth experiment

The last experiment sought to investigate how evolution would be capable of exploit-
ing individual characteristics of given gates. This was done by generating random
values for Re for each gate only once for each run of the evolutionary algorithm. The
algorithm would then try to utilize the properties of each individual mMUX in the
circuit to solve the problem.

The set of random values was saved with each chromosome as Rc, and the test
bench was configured to use the saved random values as the values to be used under
test (Rt=Rc).

The fitness function was modified by adding the number of redundant nodes to the
bitwise correctness (provided the bitwise correctness equalled 64). This was done to
investigate if it would be possible to evolve smaller circuits for higher values of m.
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5 Results

This section presents the results obtained through the experiments carried out in sec-
tion 4. The results are briefly discussed within the limits of the scope of this paper.

5.1 First experiment

Evolving chromosomes with bitwise correctness equal to 64 was more computation-
ally expensive for large values of m. Purely digital circuits (m=0) took an average of
2000 generations to evolve. On the other hand, it required an average of more than
30000 generations to evolve circuits with a messiness value of m=0.25.

Even though all chromosomes are evaluated 15 times to distribute the random val-
ues creating noise at the gate outputs, the same chromosome may not obtain perfect
fitness if a new set of random values are introduced. In such a way, the number of
evaluations during evolution can be considered a choice between computational effort
and robustness of the evolved circuit (with regards to random values introduced).

The resulting average fitness is shown in figure 5.
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Fig. 5. Average fitness measured through tests

Even though this figure shows a negative trend, it implies that messy circuits are pretty
robust to variations in the internal noise within the range me used when the particular
circuit was evolved, as the drop in fitness was quite small.

Finally, this experiment revealed another property of evolving messy circuits. Fig-
ure 6 illustrates how chromosomes evolved with high values of m tend to produce
smaller circuits then those produced when messiness is low. This is probably due to
the fact that evolution finds a way to reduce the amount of noise the circuit is exposed
to. Each new gate means a new noisy value to cope with.
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Fig. 6. The number of gates tend to be small for larger values of m

5.2 Second experiment

When the evolved circuits were tested in increasingly more noisy environments, a
clear trend showed increased robustness for circuits evolved with higher messiness
(me). This trend is shown in figure 7. The graph shows the deviation from the average
fitness over all evolved circuits, when exposed to increasing noise in the environment.

-1.0

-0.5

0.0

0.5

1.0

1.5

0.0
0

0.1
0

0.2
0

0.3
0

0.4
0

0.5
0

0.6
0

0.7
0

0.8
0

0.9
0

1.0
0

Noise of environment

D
ev

ia
ti

o
n

fr
o

m
av

er
ag

e

m=0.00
m=0.05
m=0.10
m=0.15
m=0.20

Fig. 7. Average fitness when exposed to more noisy environments

5.3 Third experiment

It was difficult to see any clear trend on whether messy circuits were more tolerant
then pure digital ones when they used a small number of gates. It was desirable to
investigate whether larger circuits with high messiness would be more fault tolerant.
To reliably obtain large circuits (using the maximum number of gates =30) a term had
to be added to the fitness that favoured larger circuits. This meant that circuits without
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a bitwise correctness of 64 had to be accepted. However it was observed that these
circuits proved to be largely more fault-tolerant to the stuck-at-1 faults and showed a
more graceful degradation when compared to the zero messiness case. This trend is
shown in the graph in figure 8. Note that the test bench in this case introduced the
faults in the same environment that each chromosome was originally evolved (same
value of m). So the circuits had to cope with intrinsic randomness associated with the
messiness mc, in addition to the introduced faults.
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Fig. 8. Difference in degradation of large circuits

An interesting aspect of this graceful degradation is the fact that this tolerance is im-
plicit, since these circuits were never evolved explicitly with fault tolerance to stuck-at
faults as a part of the EA. A comparison of the fault tolerance of the evolved digital
case (m=0) and conventional circuits was not carried out. However, certain evolution-
ary systems may inhibit natural mutation tolerance due to the workings of the evolu-
tionary process [14]. Such tolerance is unlikely to have any effect on the EA used in
this paper, as a result of the steep hill-climbing nature of the algorithm.

The results where compared to circuits evolved explicitly for fault tolerance (i.e.
tolerance to stuck-at fault was included in the fitness function). This comparison
showed that explicit fault tolerance could be evolved to display stronger tolerance, but
at a higher computational cost.

5.4 Fourth experiment

The fourth experiment revealed that evolving circuits with permanent sets of values Rc

for each chromosome, was slightly more computationally demanding for higher values
of m.

Figure 9 shows the percentage of evolved circuits having a particular number of
gates for various messiness values. The low values of m tended to yield circuits with 7
gates, higher values of m had a wider distribution of evolved circuits.
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For increasing values of m, a larger amount of the evolved circuits consisted of only
six gates, suggesting that only sets of random values with sufficient range allow such
small circuit. The small circuits are interesting, since it appears the minimum number
of gates (of the two types of multiplexers used) that can be used to solve the problem
in a pure digital manner is 7 [6]. An example of a circuit of this type is shown in figure
10. A and B are the two 2-bit numbers being multiplied, while P is the output product.
Subscripts on the inputs and outputs refers to the significance of the bits (0 being least
significant). A circle at an input illustrates an inverted value. The shown circuit was
evolved with m equal to 0.4. It demonstrates the ability of a blind evolutionary proc-
ess to exploit all the "physical characteristics" of the components. This is reminiscent
of Thompson's findings in [13] where he found that robust evolved clocked digital
circuits exploited glitches, even though these are shunned in conventional human
design.
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Fig. 10. Example of a small evolved circuit (m=0.4)

6 Conclusions

In this paper a new model of a gate-like component with added random noise was
used for initial investigations. The experiments carried out so far indicates that such
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components are beneficial in several ways. Firstly the new gate-like models naturally
offered a robustness to noise. Secondly circuits that were evolved using these messy
components exhibited implicit fault tolerance. Finally experiments indicated that in
creating a simulateable world, "physical" characteristics (intrinsic random values)
could be exploited to create surprisingly efficient designs (the six mMUX 2-bit multi-
plier). Artificial evolution appears to be quite adept at exploiting such things. It is not
easy to imagine a human design process that could exploit such random differences.
One advantage of such a simulation is that it is possible to inspect every detail of the
"physics". In addition all the designs are replicable and the functionality of the
evolved circuit can be verified mathematically. It may be that one cannot design a
model with sufficient richness to allow artificial evolution to find really innovative
ways of building circuits. In these cases intrinsic evolution may be the only way for-
ward. However this appears to require the use of conventional technology (i.e.
FPGAs, programmable-logic). One way forward might be to deliberately disrupt the
silicon (perhaps by radiation) in order to enrich the natural physics. Another approach
would be to look for novel materials for intrinsic evolution (i.e. evolvable matter ar-
rays [8]). It should also be noted that at present the algorithms that are used in artifi-
cial evolution are very far from the sophistication and complexity of real biological
evolution processes.

7 Future work

This paper is a preliminary study into an area that to the knowledge of the authors is
relatively unexplored. The model of messiness discussed here is really just a starting
point. It is likely that more complex models of components would be much more suit-
able in for use in an evolutionary design process, since the produced circuits would be
closer to a real hardware implementation.

Further on, a study into the general principles on how evolution exploits properties
of the underlying hardware would be interesting. This paper attempts to initiate
thoughts directed at issues that could be important in a search for more suitable media
for evolutionary systems.
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Abstract. Evolutionary methods are now beginning to be used rou-
tinely in design applications. However, even with computing speeds grow-
ing continuously, for many complex design problems evolutionary com-
puting times are so long that their use is not practical. Divide and
conquer based methods sometimes improve the situation, but in most
cases the biggest speed improvement can be gained by adding domain
knowledge. Combining evolutionary methods with conventional design
methods is one way of doing this. This paper shows how evolutionary
computation can be used to improve designs created by conventional de-
sign methods. A digital filter design problem is used to illustrate how a
conventionally derived design can be further improved by evolutionary
calibration. Our experimental results show that the evolutionary calibra-
tion algorithm is able to consistently improve the original designs by a
considerable margin.

1 Introduction

While evolutionary computation is able to create designs that are superior to
conventionally derived designs (Yao 1999a, Schnier, Yao & Liu 2001), it some-
times does so at the expense of very long computation times. Introduction
of domain knowledge is one of the major ways runtimes of evolutionary pro-
cesses can be sped up. This can happen for example in the representation
(Schnier & Yao 2000), selection, or genetic operators.

In digital filter design, there are existing conventional methods available for
some classes of filters. In such cases, it make sense to use a hybrid approach,
where the evolutionary algorithm (EA) is used to ’calibrate’ a design created
using a conventional design process.

1.1 Limits of the Conventional Design Process

Designing digital filters, especially recursive filters, is not straightforward. For
certain design problems with particular characteristics, it is possible to mathe-
matically derive the optimal filter configuration; but in general, no such method
exists. Instead, a number of approximation methods have to be developed, usu-
ally applicable only for a particular class of design problems.

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 26–37, 2001.
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There are two limitations with this design method. First, for new problem
classes, an approximation approach has to be developed first. For example, in Lu
(1999), a process for designing stable IIR filters with equiripple passbands and
peak-constrained least-squares stopbands is developed. As the title indicates, the
class of filters that the method is applicable to is fairly limited. The develop-
ment of the approximation requires special technical knowledge. This is different
from evolutionary approaches, which can generally be used by non-specialists for
larger classes of filter design problems.

The second limitation with the conventional design approach is that, de-
pending on the exact approach taken, the resulting design can be a subopti-
mal because it follows a deterministic heuristic (or approximate) procedure. For
example, the approach taken in Lu (1999) is based on iterative quadratic pro-
gramming method with linearised constraints using a least-square objective. The
resulting design may be suboptimal for three different reasons:

– Linearization of constraints: All constraints have to be formulated as linear
inequalities. Constraints that are not initially linear have to be linearised. To
ensure that the linearised constraint still excludes all designs that initially
violated the constraint, it has to exclude some feasible designs (otherwise
the linearised version would have to be identical to the original).

– Objective as a least-square problem: The objective has to be implemented
as a weighted least-square function. Often, this is not exactly the same as
the actual design goal. For example, in Lu (1999) the square error from the
desired behaviour is used as the objective for the quadratic programming,
but the maximum deviation from the desired behaviour is actually used
to compare the final designs with other filter designs. While the maximum
deviation is the ’real’ design goal, the accumulated weighted square error is
used for the design algorithm.

– The result of the iterated quadratic programming algorithm generally de-
pends on the starting conditions. There is no guarantee of convergence to
the global optimum (Lu 1999).

An evolutionary approach to digital filter design has been demonstrated in
Schnier et al. (2001). The approach shows some success, but at the cost of a large
computational effort. While the authors believe that the approach described in
Schnier et al. (2001) can be improved and made more efficient, more reductions
in computation time can be achieved by incorporating domain knowledge, when-
ever available, into the evolutionary design process.

For the design case studied in this paper, the starting point is the conventional
design that was obtained through the existing conventional approach (Lu 1999)
although the conventional approach can only find a suboptimal design. An EA
will then be employed to calibrate the design and produced an improved design.
The assumption is that by creating a hybrid approach where conventional design
knowledge is combined with an evolutionary process, it is possible to generate
results that are superior to the conventionally derived designs with an acceptable
computational effort.
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1.2 Related Work

Evolutionary digital filter design has been explored in other work. Generally,
the representations used are low-level, for example gate level or function block
level (Miller 1999, Wilson & Mcleod 1993, Uesaka & Kawamata 2000, Uesaka
& Kawamata 1999). This has the advantage that a complete filter is evolved,
and additional fitness criteria (e.g. sensitivity to parameter quantisation) can be
used. On the other hand, the complexity of the evolved filters is limited, typically
to second or third order filters. The work presented here is aimed at constructing
filters of ’real world’ complexity; the examples shown are order 12 and order 15
filters.

Seeding EAs with designs derived by different methods is not a new idea. For
example, it is mentioned in Ibaraki (1997), where a simple ’greedy heuristic’ is
used to create initial individuals in the knapsack problem. Other examples in-
clude Langdon & Nordin (2000) and Louis & Johnson (1997). However, seeding
is not actually used very often in hardware design.

The work presented in Baicher & Turton (2000) can be seen as the opposite
of the approach used in this paper: use an EA to locate regions of high fitness,
and then use conventional iterative optimisation methods like iterated quadratic
programming and the Quasi-Newton method to perform a local search for the
final result. While this is also a promising direction to pursue in hybrid methods,
it is often very difficult to evaluate when “regions of high fitness” has been located
since we do not know how high is “high” for a given problem.

1.3 Organisation of the Paper

The rest of this paper is organised as follows: Section 2 describes the filter design
problem that we use as an example in this paper. Section 3 explains how a filter
is encoded by a chromosome in our EA, how the EA is initialised and how
genetic operators are implemented. Section 4 presents our experimental results
and discusses our findings. Lastly, Section 5 concludes the paper with some brief
remarks on our work.

2 The Design Problem

The design problem is that of defining the transfer function of a linear, infinite
impulse response (IIR) digital filter.

In general, digital filter design is a two-step process. In the first step, a
mathematical description of the filter fulfilling the design criteria is derived. The
first step, generally the more difficult one, produces a polynomial description of
the filter, i.e., the transfer function. From this polynomial, it is then possible
to derive a hardware implementation using one of a number of well-established
methods. Following other filter design papers (Lu 1999), the work reported here
only deals with the more difficult first step.
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2.1 Mathematical Description of Linear Digital Filters

Any linear digital filter can mathematically be specified by a complex-numbered
polynomial function, i.e., the transfer function (Equation 1). This polynomial
function, i.e., Equation 2, can be rewritten as the quotient of two product terms
with the numerator specifying the zeroes of the polynomial and the denominator
specifying the poles. The function usually has a scaling constant (Equation 2).
The two descriptions are equivalent. It is easy to transform a pole-zero descrip-
tion to a polynomial description, but not vice versa. The frequency response
can be derived from the transfer function by calculating the values for z = ejωT

where T is the sampling frequency.

H(z) =
∑n

i=0 biz
n−i

z(n − r)
∑r

i=0 bizr−i
. (1)

H(z) = b0 ∗ (z − zz0)(z − zz1) . . . (z − zzn)
zr−i(z − zp0)(z − zp1) . . . (z − zpi)

. (2)

Not all transfer functions can be realized in a hardware filter. Two major
requirements have to be observed:

Real coefficients: The coefficients in the polynomial description have to be
real numbers. In terms of poles and zeroes, this can be achieved if all poles
and zeroes are either real, or exist in conjugate-complex pairs (i.e. a+jb and
a − jb).

Stability: In a stable filter, a bounded input will always produce a bounded
output. A filter is only stable if all poles are within the unit circle, i.e.
‖a + jb‖ < 1. While there are uses for unstable filters in specific applications,
most filters are designed to be stable.

More details about filter design can be found in some text books (Antoniou 1993,
Parks & Burrus 1987).

2.2 Performance Criteria

The required behaviour of the filter is specified in terms of the frequency response
(see Section 2.2). This includes the phase and the magnitude of the output signal
relative to the input signal for all the frequencies between 0 and half the sampling
frequency.

Filter performance is usually multi-objective. This paper considers two fil-
ters. Both of them are low-pass filters. An ideal low-pass filter lets signals pass
unchanged in the lower frequency region (passband) and blocks signals com-
pletely in the upper frequency region (stopband). In reality, a transition band is
located between the passband and stopband.

To minimise distortion of the signal in the passband, two criteria have to be
met. The first is that the amplitude of the frequency response in the passband
should be as constant as possible. The second criterion is that the phase in the
passband has to be as linear as possible. In practice, the so-called ‘group delay,’
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i.e., the first derivative of the phase δφ/δω, is often used. The second criterion
can therefore be stated as a constant group delay. This means that all frequencies
are delayed by the filter by the same amount of time.

In the stopband, the design goal is generally to attenuate the signal as much
as possible. Because the signal is attenuated, the phase and group delay of the
signal in the stopband usually become unimportant.

Figure 1 shows a typical lowpass filter. The top half shows the amplitude and
the lower half the group delay. The ideal behaviour is shown with thick lines.
The ‘real’ behaviour (thin line) is acceptable as long as it is within the shaded
regions.
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Fig. 1. Design objective and constraints for an example lowpass filter

To facilitate comparison between our and other existing work, this paper
follows the criteria used previously (Lu 1999) whenever possible, that is,

1. weighted square error over the amplitude in the passband and stopband,
2. peak amplitude in the stopband,
3. maximum deviation from constant amplitude in the passband,
4. maximum deviation from the goal group delay, and
5. the stability.

The conventional design process adopted by human experts uses criterion
(1) as the optimisation criterion and criteria (2) to (5) with predefined values as
constraints.

3 The Evolutionary Algorithm

The three major parts of our EA are chromosome representation, population
initialisation and genetic search operators.

3.1 Chromosome Representation

The choice of (chromosome) representation for each individual is crucial in the
success of any EA (Schnier & Yao 2000). Generally, the representation used in an
EA has to be ‘appropriate’ to the application domain (Fogel & Angeline 1997).
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In this section, we will discuss how to represent a transfer function that defines
a filter in a chromosome (i.e., a genotype).

As described in Section 2.1, the transfer function is generally given in one of
two forms: a polynomial or a pole-zero description of the filter. Because of the
direct relationship between the transfer function and frequency response, poles
and zeroes in the pole-zero form of the transfer function (Equation 2) can be
directly interpreted: a pole near the current frequency amplifies the signal, a
zero attenuates it. Since poles and zeroes are complex numbers, their locations
in the complex plane can be naturally expressed in polar coordinates. Under
such coordinates, the angle directly specifies the frequency at which the pole or
zero is active, and the distance from the origin indicates its ’strength’.

Because of this direct relationship to the fitness, a polar coordinate based
representation of poles and zeroes promises to be suitable. It has a number
of advantages. It can represent all feasible linear IIR filters. It is possible (as
shown below) to ensure the feasibility of all phenotypes. Additionally, locality is
preserved at least on a local scale. That is, similar genotypes will have similar
frequency responses. Because of this, the fitness landscape is expected to be
reasonably smooth.

In detail, the transfer function of a filter is represented by a sequence of paired
real-value numbers, where each pair indicates the polar coordinates of a pole or
zero. An additional pair of real-valued numbers encode the scaling parameter b0.
Each pair of real-valued numbers is called a gene in our EA.

In order to impose the constraints specified in Section 2.1, poles and ze-
roes need to be either positioned on the real axis (i.e. IM(z) = 0), or exist in
conjugate-complex pairs when a genotype is mapped into a phenotype (i.e., a
transfer function). All poles have to be located within a unit circle in order to
ensure filter stability.

For example, a genotype of Np2 + Np1 + Nz2 + Nz1 + 1 pairs of real-valued
numbers will consist of

Np2 pole pairs: Each pair of real valued numbers in the genotype represents
a complex pole. The conjugate-complex pole is automatically generated by
the genotype-phenotype mapping to ensure the filter is feasible. The radius
can lie between -1.0 and 1.0, which ensures stability.

Np1 single poles: For these poles, the angle is ignored. Only the radius is used
to determine the position on the real axis. Radius is restricted to between
−1.0 and 1.0.

Nz2 zero pairs: Such a pair determine one of conjugate-complex pair of zeroes.
The partner is automatically generated. The radius can lie between −1.0 and
1.0, but is scaled in the genotype-phenotype mapping with the factor RzMax.

Nz1 single zeroes: The angle is ignored. The radius is between −1.0 and 1.0
and scaled with RzMax.

Scaling factor b0: The angle is ignored. The radius is used to scale the poly-
nomial. It is between −1.0 and 1.0 and scaled with SMax.

The scaling employed for zeroes and b0 means that all pairs of real value
numbers have exactly the same range: between −1.0 and 1.0 for radius, and
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between −π and π for the angle. This facilitates evolutionary search without
special knowledge about the differences between zeroes, poles, and b0. The scales
RzMax and SMax are fixed in our experiments. Setting them optimally requires
domain knowledge (see also Section 5).

3.2 Population Initialisation

The hybridisation of conventional and evolutionary design processes occurs in
the creation of the initial population. A large portion of the initial population
(e.g. 80%) are created randomly, as in any normal EA. The rest, however, is
initialised by mutating the known design generated by the conventional method.
The mutation is the same as that used in the evolutionary process. Because of the
way the mutation operation is implemented (see Section 3.4), some individuals
may not be mutated.

3.3 Selection

Selection is done through tournament selection. Fitness sharing is implemented,
where the raw fitness is modified by a factor depending on the number of indi-
viduals in the same niche (based on the genotype similarity). The selection for
the next generation is elitist. All individuals in the Pareto front survive. The
rest of the population is made up of the best of the remaining individuals from
the union of current population and offspring.

3.4 Genetic Operators

The crossover operator is a modified uniform crossover. As radius-angle pairs are
closely coupled, it does not seem to make sense to allow crossover to separate
them. Crossover points are therefore limited to be between these pairs. In other
words, two parents can only be crossed over between genes, but not within a
gene.

Mutation is based on the Cauchy mutation (Yao, Liu & Lin 1999, Yao & Liu
1997) with a fixed scaling factor η (Yao et al. 1999, Yao & Liu 1997). For each
value in a genotype, the mutation probability is 0.1. Because of different ranges
allowed, angle mutation is performed differently from radius mutation. When a
radius is mutated, the mutation is ‘reflected’ from the edges of the search space
(e.g., if a pole currently has a radius of 0.9 and the mutation is +0.3, it will end
up being (1.0− 0.2) = 0.8). When angle is mutated its value is simply ‘wrapped
around’ at ±π.

4 Experimental Studies

4.1 Two Test Problems

Both test problems are lowpass filters (Lu 1999) with slightly different numbers
of poles and zeroes, cutoff frequencies, and goals for delays and amplitude.
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Problem Case 1: ωp = 0.2, ωa = 0.28, maximum amplitude deviation 0.1dB,
minimum stopband attenuation 43dB, group delay = 11 samples with max-
imum deviation 0.35, order 15 with 7 zero pairs, 1 single zero, 2 pole pairs,
1 pole single, 10 poles at the origin.

Problem Case 2: ωp = 0.25, ωa = 0.3, maximum amplitude deviation 0.3dB,
minimum stopband attenuation 32dB, group delay = 9 samples with maxi-
mum deviation 0.5, order 12 with 6 zero pairs, no single zeros, 5 pole pairs,
1 pole single, 1 poles at the origin.

Genotypes representing individuals require 12 pairs of real numbers for case
1 and 13 pairs of real numbers for case 2. When computing the fitness for the
human design in case 1, it was noted that the amplitude curve seemed to be
slightly too high. When the value for b0 was modified from −0.00046047 as
given in the paper (Lu 1999) to −0.000456475, the fitness value becomes very
similar to that given in the paper (Lu 1999). We think this is caused either by
a typo in the published paper (Lu 1999) or the result of rounding errors in the
fitness calculations in either the paper or our implementation. We will use the
corrected value in all our performance comparisons in this paper.

In all the results given below, 300 samples have been used in the passband
and 200 in the stopband. To conduct a fair comparison, fitness values have
been computed for the designs given by the human expert (Lu 1999) using
exactly the same sampling and fitness computation methods as those used in
our evolutionary system. Because the sampling and rounding error issues, the
computed fitness values for the filters are similar to but not exactly the same as
those reported by the human expert (Lu 1999).

4.2 Results

The filter design problem is formulated as a multi-objective optimisation problem
in this paper. As such, it is difficult to identify a single ’best’ individual in any
population. For statistical comparisons, however, single performance numbers
are very useful. For this reason, a weighted sum is computed for each individual,
and used in many of the comparisons in this paper. The weights are somewhat
arbitrary. They have been chosen to roughly give each criterion a similar weight,
corrected for the magnitude of the expected value. As long as the weights are
positive an individual that outperforms another in all fitnesses will have a better
weighted average independent of the weights. The weighted average therefore
proves to be a sufficient indicator of the performance of the algorithm. For a few
individual designs, the performance with respect to all three objectives is shown.

Two sets of 30 runs have been performed for each of the two test cases. One
set used an algorithm with a seeded initial population as described above. As
a comparison set, the other runs were performed using exactly the same algo-
rithm and parameter settings, but with a completely random initial population.
Each run was allowed to run for 1000 generations with a population size of 550
individuals.

Table 1 shows the results of the runs. The numbers in the table indicate the
weighted fitness for an individuals. The first column shows the performance of
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the conventional human design. The next two columns show the performance of
seeded and unseeded runs. Each column shows the performance of the best design
in the best run, the worst run, and average and median of the best individual
over the runs.

As another comparison, the last column shows the performance of the best
individual in a run using an algorithm similar to that described in Schnier et al.
(2001). This algorithm, which uses a combination of clustering and Pareto opti-
misation, is computationally more intensive but requires no seeding. Apart from
using slightly different parameters, the main difference between the algorithm
used here and that shown in Schnier et al. (2001) is the fact that tournament
selection based on shared fitness was used here. Not enough runs have been per-
formed to include meaningful values for mean, average and worst performance
in the last column.

Table 1. Performance of evolutionary calibration and comparison with other methods
for the two test cases.

Conventional Seeded Unseeded Clustering Case
Best 6.293 4.103 5.092 4.842 1
Mean 4.675 7.907 1
Average 4.63 8.281 1
Worst 5.091 11.85 1
Best 10.099 8.433 7.75 8.741 2
Mean 8.687 11.05 2
Average 8.700 11.13 2
Worst 8.910 16.385 2

What the results show is that it is indeed possible to improve the performance
of the conventionally derived design using the evolutionary approach. The im-
provement is fairly consistent over different runs; between 20% and 35% in the
first design case, and between 12% and 16% in the second design case.

The designs created using the evolutionary process without any seeding are
more variable. Only a few of the runs produced results with a better combined
fitness than the conventional design. For the first design case, even the results
of the best run is worse than the worst run using a seeded population. For the
second design case, however, there is a surprise: while the designs are similarly
variable, the best design has a considerably better fitness than any of the other
designs. This indicates one potential limitation of evolutionary calibration, i.e.,
it is most likely to search around the initial design.

As mentioned previously, the overall combined fitness depends on the weights
used to calculate it. It is useful to examine individual fitnesses in order to un-
derstand the differences among different filters better. Table 2 gives the actual
fitness values according to three different criteria, which were used in generating
the combined fitness.
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Table 2. Fitness values, according to the three separate criteria, of the best individual
from four different approaches. The first test case was used.

Method Passband Amplitude Passband Delay Stopband Amplitude Case
Conventional 0.103 0.293 0.023 1
Seeded 0.100 0.115 0.019 1
Unseeded 0.119 0.163 0.023 1
Clustering 0.07 0.148 0.026 1
Conventional 0.27 0.437 0.030 2
Seeded 0.266 0.296 0.028 2
Unseeded 0.145 0.263 0.037 2
Clustering 0.31 0.178 0.038 2

Figure 2 illustrates the difference in performance for the first test case. In
Figure 2(a) , the amplitude in passband and stopband are shown. The stopband
amplitude is noticeably lower in the computer designed case, and the passband
amplitude deviates slightly less from a linear amplitude. Similarly, the deviation
from the goal delay in the passband is slightly less in the computer generated
design (Figure 2(b)).

It is clear from Table 2 that the designs created through evolutionary calibra-
tion can improve the conventional design according to all three fitness criteria.
In contrast, EAs without any seeding tend to be very good at exploring the
whole design space and create designs that have an extremely good fitness value
according to a single criterion. Such results confirm our expectation that evo-
lutionary calibration is good at exploitation and fine-tuning an existing design,
while other evolutionary approaches (Schnier et al. 2001) are better at explo-
ration and discovering novel designs.

Finally, a comparison of the phenotypes of the designs created in Table 3
shows the amount of calibration done by the EA for the first test case. Although
changes are small in values, they are noticeable. For example in the first case,
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Table 3. Phenotypes generated by the conventional and evolutionary approaches for
the test case 1.

Evolutionary Calibration Conventional
Zero Pair 1.4966± i0.482 1.4968± i0.4822
Zero Pair 0.9252± i1.250 0.8976± i1.2291
Zero Pair −0.9977± i0.206 −0.9990± i0.2001
Zero Pair −0.2062± i0.979 −0.2022± i0.9800
Zero Pair −0.8521± i0.566 −0.8544± i0.5624
Zero Pair −0.3347± i0.947 −0.3546± i0.9392
Zero Pair −0.5588± i0.841 −0.5986± i0.8131
Real Zero −14.3286 18.6313
Pole Pair 0.0792± i0.555 0.0557± i0.5576
Pole Pair 0.0295± i0.929 −0.0325± i0.9356
Real Pole 0.2366 0.2062
b0 0.0045598 −0.0004564

the second pole pair have moved from the negative to the positive half plane (the
sign changes in b0 and the real zero cancels each other, because the frequency
response is symmetrical in respect to the z-axis). In the second design case, the
fifth zero pair have moved the most, from −1.1449±i0.0360 to −1.0793±i0.2636.

5 Conclusions

This work has shown that an evolutionary system can be used successfully to
calibrate designs created using existing conventional design methods. The im-
provements are consistent over many runs and sufficiently large to be of relevance
and importance. Seeding the initial population with the conventional design is
a simple and efficient method to combine the conventional and evolutionary de-
sign processes. Although filter design was used as the domain of investigation in
this paper, the approach and techniques described here are applicable to other
design problems.

Evolutionary calibration is very good at exploitation and tuning an existing
design. However, it is unsuitable for exploring a large design space and dis-
covering novel designs that are drastically different from the original one. Both
evolutionary calibration and unseeded evolutionary design have their own niches
in evolutionary hardware design.
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Abstract. Evolvable hardware (EHW) is hardware that can change its
own circuit structure by genetic learning to achieve maximum adapta-
tion to the environment. In conventional EHW, the learning is executed
by software on a computer. However, there are problems associated with
this method, of slow learning speeds and large systems, which are serious
obstacles to utilizing EHW in various kinds of practical applications. To
overcome these problems, we have developed a gate-level evolvable hard-
ware chip, by integrating both GA hardware and reconfigurable hardware
within a single LSI chip. The chip consists of genetic algorithm (GA)
hardware, reconfigurable hardware logic, and the control logic. With this
chip, we have successfully executed GA learning and hardware reconfig-
uration. In this paper, we describe the architecture, functions, and a
performance evaluation of the chip. We show that its learning speed is
considerably faster than with software.

1 Introduction

Evolvable hardware (EHW) is hardware that can adapt to new environments,
which cannot be anticipated by hardware designers [1], [2]. EHW contrasts with
conventional hardware, which has no provision for adaptive change. Consisting
of reconfigurable devices, EHW is adaptive hardware where the architecture can
be reconfigured through use of genetic algorithms (GAs) [3].

In conventional EHW, the learning is executed by software on a computer.
However, this method is not always practical due to slow learning speeds and
large system sizes. These are serious problems to utilizing EHW in various kinds
of practical applications. To overcome these problems, we have previously pro-
posed a gate-level EHW chip consisting of GA hardware and reconfigurable
hardware (PLA: Programmable Logic Array) [4]. This was the first EHW chip
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Fig. 1. Conceptual diagram of evolvable hardware (EHW).

where the GA hardware and the reconfigurable hardware were integrated within
a single LSI chip. A discussion of the design considerations for the GA hardware
and an overview of the chip are provided in [4].

This paper describes the more precise chip architecture of the latest version
of the chip. In this version, we have improved most of the circuits and have added
some new optional functions to the chip for more adaptive learning. As a result,
we have successfully executed the GA operation and hardware reconfiguration
within the chip. In this paper, we describe the architecture, functions, and a
performance evaluation of the chip. We compare the processing speed to that of a
program running on a personal computer, and show that the learning speed of the
chip is considerably faster. This chip makes it easier to apply EHW to practical
applications that require on-line hardware reconfiguration, because application
systems using this chip can be much smaller.

This paper consists of the following sections. Section 2 outlines the EHW
concept and its problems. Section 3 explains the developed EHW chip. Section
4 describes the performance evaluation and Section 5 concludes the paper.

2 Evolvable Hardware Chip

2.1 Evolvable Hardware (EHW)

Evolvable Hardware (EHW) modifies its own hardware structure in accordance
with environmental changes [1], [2]. EHW is implemented on a reconfigurable
device, where the architecture can be altered by downloading a binary bit string,
or architecture bits. The PLA (Programmable Logic Array) and the FPGA (Field
Programmable Gate Array) are typical examples of reconfigurable devices. Ap-
propriate architecture bits for the devices are evolved by the genetic algorithm
(GA).

The basic idea of EHW is to regard the architecture bits of a reconfigurable
device as a chromosome for a GA, which searches for an optimal hardware struc-
ture (see Fig. 1). The GA chromosome, that is the architecture bits, are down-
loaded onto the reconfigurable device during genetic learning. Therefore, EHW
can be considered as on-line adaptive hardware.
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Fig. 2. PLA architecture for EHW.

The reconfigurable device we use is a PLA (Programmable Logic Array)
device, which is a popular commercial device (Fig. 2). This architecture consists
mainly of an AND array and an OR array.

2.2 Basic Concepts of EHW Chip

In conventional EHW, genetic learning is executed with software on computers.
However, this method always requires a personal computer or workstation, which
increases the size of the system. Furthermore, the learning speed is slow due to
the execution by software. These restrictions reduce the range of applications.
For example, myoelectric artificial hands should be the same size as a human
hand and weigh less than 700 gram. This means that conventional EHW cannot
be applied to myoelectric artificial hands as long as large computers are used
to execute the learning. Our solution to this problem is to implement the GA
operations with hardware, and to integrate the GA hardware together with the
reconfigurable device within a single LSI.

Based on survey and design considerations for the GA hardware, we have
designed the GA hardware for compact implementation. Accordingly, we have
combined elitist recombination [8] with uniform crossover. We have proposed an
EHW chip according to this scheme [4]. In the latest version of the chip we have
improved most of the circuits and have added some new optional functions. As
a result, we have been successfully in producing a complete chip.

2.3 Applications

In this section we introduce two applications for the EHW chip. First, this chip
has been applied to a myoelectric artificial hand (Fig. 3) [4], [5], [6]. The chip is
used as an artificial-hand controller to recognize appropriate hand actions using
myoelectric signals. Although users of conventional myoelectric hands have to
adapt to the hand through a long period of training (almost one month), by
using the EHW chip, the learning time for the artificial hand can be reduced to
a few minutes because the EHW chip can adapt itself quickly. We have tested the
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possibility of using this chip for the artificial hand in a simulation, confirming
that the myoelectric-signal learning is effective for fast adaptations of hands.
We are currently making an experiment system for the adaptive control of an
artificial hand using the chip.

Another application of this chip is to the adaptive navigation task for a real-
world mobile robot that must track a moving colored ball while avoiding obsta-
cles (Fig. 4) [11]. The adaptation speed of Evolver is two orders of magnitude
faster than speeds achieved with classical approaches. In this robot, the EHW
is used as control logic, which is continuously updated to adapt to the changing
environment. We have tested the possibility of using this chip for the robot in
a simulation, where the learning of the robot controller circuit was successfully
completed [9].

In this paper, we report a performance-evaluation experiment using training
patterns for the myoelectric artificial hand.

Fig. 3. A myoelectric artificial
hand.

Fig. 4. The autonomous mobile robot, Evolver.

3 Chip Architecture

3.1 Overview

A block diagram of the EHW chip is shown in Fig. 5. The EHW chip consists of
a genetic algorithm (GA) unit, a PLA (programmable logic array) unit as the
reconfigurable hardware logic, registers, and the control logic. The merit of this
architecture is that it can process two chromosomes in parallel. As shown in Fig.
5, this architecture has two ports for parallel access to the external 2-port RAM.
The GA unit and PLA unit also have a parallel-processing architecture for the
data stream from the two ports. This architecture was first proposed in [4]. In
this chip we have improved most of the circuits and have introduced some new
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Fig. 5. A block diagram of the EHW chip.
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optional functions. The main functional units and the workflow are explained in
the next two sections.

The chip has to be connected to a memory and a CPU. A block diagram of
the board for the EHW chip is shown in Fig. 6. A photograph of the board is
shown in Fig. 7. The EHW chip is located on the upper side. The board consists
of the EHW chip, a 2-port RAM, and an interface controller. The RAM consists
of a chromosome memory, a training-pattern memory, and a memory for the
fitness value. In our board, we have used an ISA bus controller for the interface
with a personal computer. The reported experiment was conducted using this
board.

3.2 Functions

GA Unit The GA unit executes the GA learning operations using the steady
state GA and elitist recombination [8]. A block diagram of the GA unit is shown
in Fig. 8. In this figure, only the data bus is shown. The procedure of the GA unit
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Fig. 7. A photograph of the EHW chip board.
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is shown in Fig. 9. The GA unit selects two chromosomes from the chromosome
memory in parallel in units of 32 bits, and then carries out uniform crossover
and mutation on these to make two chromosome segments of 32 bits (Fig. 9 (a)).
Uniform crossover is carried out using a random 32-bit string. If a location in
the random bit string has a value of ‘1’, then the information corresponding to
the same location in the two segments is exchanged. A mutation rate of either
0, 1/256, 2/256, or 3/256 can be selected. The two new chromosome segments
are then sent to the PLA. After all chromosome segments have been sent, their
fitness values are calculated using training patterns. The fitness values of the
two children and the two parents are compared and two chromosomes survive
according to the rule described below (Fig. 9 (b)). This GA unit was proposed
in [4] as a suitable GA unit for hardware implementation.

When this GA unit compares fitness values, it carries out elitist recombi-
nation with a new option for more adaptive learning. In conventional elitist
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recombination, the best chromosome from among the two parents and the two
children always survived. The new option can ensure that the worst parent is
always exchanged with the best child. This method is effective when the learning
process has a tendency to stick at a local minimum solution.

This GA unit has an option for GRGA (Gene Replacement Genetic Algo-
rithm) [5], which has been proposed to accelerate the genetic search by replacing
a part of a chromosome with a bit string, referred to as a chromosome candidate
segment. In this chip, the chromosome candidate segment is generated from a
training input-output pattern used for the evaluation of circuit candidates. For
more details, refer to [5].

This chip has an on-line editing mode for the training-pattern memory. In the
previous EHW chip, the training pattern memory could not be edited once the
GA unit had begun to operate. Therefore, the training sample patterns had to be
made off-line. This chip allows us to change the training-pattern memory during
learning to provide on-line learning. This helps to ensure a smooth adaptation
process [5].

PLA Unit. A block diagram of the PLA (Programmable Logic Array) unit
is shown in Fig. 10. In this figure, only the data bus is shown. There are two
PLAs for parallel evaluation of two circuits. These blocks read two chromosomes
from the GA unit in parallel in units of 32 bits to implement two circuits in
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parallel. The two circuits are then evaluated using the training data. We can
select one of two input-output modes: an 8-bit input/8-bit output mode, or a
12-bit input/4-bit output mode.

The PLAs have a new architecture as shown in Fig. 11. We have introduced
XOR logic in the final stage of the PLA. In a PLA, 32 product term lines are
divided into two groups of 16 lines. Each bit of the output (8-bits) from the two
groups can be connected to either an OR, or an XOR gate. If the OR gate is
selected, the operation is the same as a conventional PLA. If the XOR gate is
selected, then the XOR operation is executed on the each bit of the two outputs
from the two groups. If XOR is used with AND and OR gates, the PLA can
generate a circuit with less product term lines [10]. This option is useful for
circuits that need many product term lines.

Each PLA has an option for selecting a feedback loop from the output to the
input. If this option is selected, the upper 4 bits of the PLA output is connected
to the upper 4 bits of the PLA input via a register (Fig. 11). This feedback loop
is useful when the EHW has to learn a sequential circuit, because the feedback
loop can store the state of the circuit.

Random Number Generator. A parallel random number generator using
cellular automata [7] was selected for implementation on the EHW chip as this
is very popular for GA hardware, and can produce 560 bits of random bit-string
at every clock cycle.

RAM on the Board. The EHW chip works with a 2-port RAM on the board.
The RAM is divided into three memories: a chromosome memory, a training-
pattern memory, and a memory for the fitness value. The chromosome memory
stores all the individuals in 16 bits x 2048 words. The chromosome length is
1024 bits, and the population number is 32. This memory has two input/output
ports. Using these ports, two chromosomes can be read or written in parallel
in units of 16 bits from the GA unit. The training data memory can store a
maximum of 256 training data set of 16 bits. The memory for the fitness data
stores all the fitness values for all 32 chromosomes with an 8-bit integer value.
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Technical Information. The following is technical information for the EHW
chip.

– Package: 144pins QFP, 20x20mm. Cell base LSI.
– Circuit size: about 80,000 gates.

(GA unit: about 20,000 gates, PLA unit: about 46,000 gates.)
– Clock frequency: 33MHz.

3.3 The Workflow

The workflow of this chip is as follows, which is also expressed in Fig. 9.

1. Initialization
This process initializes the control signal, the register, the random-number
generator, and the memory.

2. Selection of two parents
This process selects two chromosomes as parents. One is selected using the
random number, and the other is the best chromosome.

3. Crossover, Mutation
This process operates uniform crossover and mutation on the two chromo-
somes. Two new chromosomes are then generated as two children, which are
applied to configure the two PLAs.

4. Fitness calculation
Training patterns are loaded on the PLA inputs. The PLA outputs are then
evaluated and fitness values are calculated.

5. Keeping two chromosomes for the next evaluation
The fitness values of the two parents and the two children are compared
and two chromosomes survive for the next evaluation process. The survived
chromosomes are written on the chromosome memory.

6. Return to 2.

The crossover and mutation are operated with 32 bits each to manage the
chromosome of 1024 bits.

4 Performance Evaluation

4.1 Experiment

We conducted a learning experiment on the EHW chip to evaluate its perfor-
mance. The EHW board (Fig. 6) was connected to an ISA bus slot on a DOS/V
personal computer. The clock frequency of the board is 33MHz. The training
patterns were made from the myoelectric artificial hand system described in
Sec. 2.3. The input was 8 bits that was encoded from human myoelectric signals
[6]. The output was 8 bits. The lower 6 bits correspond to the 6 movements of
the hand (open, grasp, supination, pronation, flection, and extension), and the
upper 2 bits are not used. The number of training patterns was 252.
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Table 1. Comparison of execution times for the EHW chip and the program.

Function EHW chip (µs) Program (µs) (Program)/(EHW chip)

One evaluation 94.8 3670 38.7
Crossover and mutation 12.6 78.9 6.3

Fitness calculation 68.2 3560 52.2
Comparison of fitness values 0.03 0.15 5.0

PLA execution 0.03 13.42 447.3

4.2 Execution Time

To measure the effect of the hardware implementation of the GA operations,
we compared the execution time with a GA program for the same algorithm
written in C language. The program was executed on a personal computer with
an AMD Athlon processor (1.2 GHz). The results are shown in Table 1. The
processing time of the EHW chip for one evaluation was 94.8 µs, and that of the
program was 3670 µs. These results show that the execution speed of the EHW
chip is 38.7 times faster than the program on a personal computer. That means
that the learning speed of the EHW chip is considerably faster. For example, the
learning time of the EHW chip (252 training data, 10000 evaluations) was 0.948
seconds, whereas that of the GA program was 36.7 seconds. Table 1 also shows
the execution time for each function. The fastest function compared with the
program is the fitness calculation. The execution speed is 52.2 times faster than
that of the program. The main reason for this is that the PLA execution time
was 447 times faster than that of the program. The PLA execution is included
in the fitness calculation and is called 252 times (the number of the training
patterns) in one execution.

There are some possible methods to increase the execution speed still further,
for this chip was made primarily for evaluation purposes and there is still some
slack in the timing. For example, the processing speed for crossover and mutation
could be made at least 3 times faster by improving the timing of the read or
write control signals for the RAM and the register. It would also be possible to
speed up the system clock.

4.3 Learning

We have measured the correct output rate for the training data with the chip.
The maximum correct output rate was 72% at about 10000 evaluations. The
mutation rate was 0.0117 (3/256). This rate is about the same as that achieved
with a program of the same algorithm at about 10000 evaluations. Although a
maximum correct output rate of 85% was achieved on the program at about
100000 evaluations, the number of evaluations with the chip is presently limited
to 16384. Increasing the maximum number of evaluations in order to improve
the correct output rate is an issue for further research. The correct output rate
might increase if the range of each GA operation value becomes wider.
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5 Conclusions

We have developed an evolvable hardware chip by integrating the learning hard-
ware for genetic algorithm (GA), and reconfigurable hardware logic (PLA). GA
learning and hardware reconfiguration were successfully carried out on the chip.
We have described its detailed architecture and functions. We have evaluated
its performance in an experiment, and confirmed that the execution speed was
about 40 times faster than with a GA program on a personal computer. This
chip represents a breakthrough for practical applications that require on-line
hardware reconfiguration, because smaller systems are possible using this chip
compared to conventional EHW systems.
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Abstract. The usefulness of an artificial analog neural network is closely
bound to its trainability. This paper introduces a new analog neural net-
work architecture using weights determined by a genetic algorithm. The
first VLSI implementation presented in this paper achieves 200 giga con-
nections per second with 4096 synapses on less than 1 mm2 silicon area.
Since the training can be done at the full speed of the network, several
hundred individuals per second can be tested by the genetic algorithm.
This makes it feasible to tackle problems that require large multi-layered
networks.

1 Introduction

Artificial neural networks are generally accepted as a good solution for problems
like pattern matching etc. Despite being well suited for a parallel implementation
they are mostly run as numerical simulations on ordinary workstations. One
reason for this are the difficulties determining the weights for the synapses in a
network based on analog circuits. The most successful training algorithm is the
back-propagation algorithm. It is based on an iteration that calculates correction
values from the output error of the network. A prerequisite for this algorithm is
the knowledge of the first derivative of the neuron transfer function. While this is
easy to accomplish for digital implementations, i.e. ordinary microprocessors and
special hardware, it makes analog implementations difficult. The reason for that
is that due to device variations, the neurons’ transfer functions, and with them
their first derivatives, vary from neuron to neuron and from chip to chip. What
makes things worse is that they also change with temperature. While it is possible
to build analog circuitry that compensates all these effects, this likely results
in circuits much larger and slower than their uncompensated counterparts. To
be successful while under a highly competitive pressure from the digital world,
analog neural networks should not try to transfer digital concepts to the analog
world. Instead they should rely on device physics as much as possible to allow
an exploitation of the massive parallelism possible in modern VLSI technologies.
Neural networks are well suited for this kind of analog implementation since the
compensation of the unavoidable device fluctuations can be incorporated in the
weights.

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 50–61, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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A major problem that still has to be solved is the training. A large number
of the analog neural network concepts that can be found in the literature use
floating gate technologies like EEPROM of flash memories to store the analog
weights (see [1] for example). At a first glance this seems to be an optimal
solution: it consumes only a small area making therefore very compact synapses
possible (down to only one transistor [2]), the analog resolution can be more
than 8 bit and the data retention time exceeds 10 years (at 5 bit resolution) [3].
The drawback is the programming time and the limited lifetime of the floating
gate structure if it is frequently reprogrammed. Therefore such a device needs
predetermined weights, but to calculate the weights an exact knowledge of the
network transfer function is necessary. To break this vicious circle the weight
storage must have a short write time. This would allow a genetic algorithm to
come into play. By evaluation of a high number of test configurations the weights
could be determined using the real chip. This could also compensate a major
part of the device fluctuations, since the fitness data includes the errors caused
by these aberrations.

This paper describes an analog neural network architecture optimized for
genetic algorithms. The synapses are small, 10×10 µm2, and fast. The measured
network frequency exceeds 50 MHz, resulting in more than 200 giga connections
per second for the complete array of 4096 synapses. For building larger networks
it should be possible to combine multiple smaller networks, either on the same
die or in different chips. This is achieved by confining the analog operation to
the synapses and the neuron inputs. The network inputs and neuron outputs are
digitally coded. The synapse operation is thereby reduced from a multiplication
to an addition. This makes the small synapse size possible and allows the full
device mismatch compensation, because each synapse adds either zero or its
individual weight that can include any necessary corrections. Analog signals
between the different analog network layers are represented by arbitrary multi-
bit connections.

The network presented in this paper is optimized for real-time data streams
in the range of 1 to 100 MHz and widths of up to 64 bits. We plan to use it for
data transmission applications like high speed DSL1, image processing based on
digital edge data produced from camera images by an analog preprocessing chip
[4] and for the fitness evaluation of a field programmable transistor array [5] also
developed in our group.

2 Realization of the Neural Network

2.1 Principle of Operation

Figure 1 shows a symbolic representation of a recurrent neural network. Each
input neuron (small circle) is linked to each output neuron (large circle) by
a synapse (arrow). The output neurons are fed back into the network by a
second set of input neurons. The input neurons serve only as amplifiers, while the
1 digital subscriber line
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Fig. 1. Left: A recurrent neural network. Right: The same network configured as a two
layer network.

processing is done at the output neurons. This architecture allows virtual multi-
layer networks by choosing the appropriate weights. On the right of Figure 1
an example is shown for two layers. Synapse weights set to zero are depicted as
dashed arrows. A recurrent network trained by a genetic algorithm has usually
no fixed number of layers. Of course, the algorithm can be restricted to a certain
number of layers, as in Figure 1, but usually it seems to be an advantage to let
the genetic algorithm choose the best number of layers. Also, there is no strict
boundary between the virtual layers. Each neuron receives input signals from all
layers. To avoid wasting synapses if not all the feedback pathways are used, the
presented network shares input neurons between external inputs and feedback
outputs.

Figure 2 shows the operation principle of a single neuron. The synaptic
weights are stored as charge on a capacitor (storage capacitor). The neuron oper-
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Fig. 2. Operation principle of the neuron.
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ation is separated in two phases, precharge and evaluate. In the precharge phase
all the switches in the synapses are set towards the buffer and the precharge
signal in the neuron is active. In each synapse the output capacitor is charged
via the weight buffer to the same voltage as the storage capacitor. The neuron
consists of a comparator and a storage latch. The precharge signal closes a switch
between both inputs of the comparator. This precharges the post-synaptic signal
to a reference voltage that constitutes the zero level of the network.

In the evaluate phase the sum of all the synapses is compared to this precharge
voltage. If the synapse signal exceeds it, the neuron fires. This neuron state is
stored in the flip-flop at the moment when the phase changes from evaluate to
precharge. In the evaluate phase the synapse switch connects the output ca-
pacitor with the post-synaptic signal if the pre-synaptic signal is active. The
pre-synaptic signals are generated by the input neurons depending on the net-
work input and feedback information.

This cycle can be repeated a fixed number of times to restrict the network
to a maximum layer number and limit the processing time for an input pattern.
The network can also run continuously while the input data changes from cycle
to cycle. This is useful for signal processing applications.

Figure 3 shows a block diagram of the developed neural network prototype.
The central element is an array of 64×64 synapses. The post-synaptic lines of
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the 64 output neurons run horizontally through the synapses, while the pre-
synaptic signals are fed into the array from the input neurons located below and
above. Each input neuron can be configured to accept either external data or
data from the network itself for input. This internal data comes alternately from
two sources. The odd input neurons receive a feedback signal from an output
neuron while the even ones get the inverted output from its odd neighbor. If the
even neuron is switched to its odd counterpart, they together form a differential
input since the binary signal is converted into a pair of alternately active inputs.
This is useful for two purposes: if binary coded data is used the number of
active input neurons stays always the same, independently of the input data.
The second reason is linked to the way the post-synaptic voltage is calculated:

Vpostsyn =
∑64

i=1 IiQi
∑64

i=1 IiCi

(1)

Qi is the charge stored on the synapse output capacitor Ci. Ii is the pre-synaptic
signal. As a binary value it is either zero or one. The neuron fires if Vpostsyn >
Vprecharge. Not only the numerator, but also the denominator depends on all
the input signals. This has the drawback that if one input signal changes, the
other weights’ influence on Vpostsyn changes also. Even though it can be shown
that in the simplified model of Eq. 1 the network response stays the same,
the performance of the real network may suffer. The differential input mode
avoids this effect by activating always one input neuron per data input. The
capacitance switched onto the post-synaptic signal line becomes independent of
the data. Therefore the denominator of Eq. 1 stays the same for any changes
of a differential input. The disadvantage is the reduced number of independent
inputs since each differential input combines an odd with an even input neuron.

2.2 Implementation of the Network Circuits

A micro photograph of the fabricated chip can be seen in Figure 4. The tech-
nology used is a 0.35 µm CMOS process with one poly and three metal layers.
The die size is determined by the IO pads necessary to communicate with the
test system. The synapse array itself occupies less than 0.5 mm2. It operates
from a single 3.3 volt supply and consumes about 50 mW of electrical power.
Figure 5 shows the circuit diagram of the synapse circuit. Both capacitors are
implemented with MOS-transistors. The weight buffer is realized as a source fol-
lower built from the devices M1 and M2. The offset and the gain of this source
follower vary with the bias voltage as well as the temperature. Therefore an op-
erational amplifier outside of the synapse array corrects the weight input voltage
until the output voltage of the source follower equals the desired weight voltage
which is fed back via M7. The charge injection error caused by M6 depends on
the factory induced mismatch that can be compensated by the weight value. M3
is closed in the precharge phase of the network to charge the output capacitor
to the weight voltage. M5 speeds up this process by fully charging the capacitor
first. Since the output current of the source follower is much larger for a current
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flowing out of M1 instead of into M2 it discharges the capacitor faster than it is
able to charge it. The total time to charge the output capacitor to the desired
voltage decreases therefore by this combination of discharging and charging. In
the evaluate phase M4 is enabled by the pre-synaptic signal of the input neuron
connected to the synapse. Charge sharing between all the enabled synapses of
every output neuron takes place on the post-synaptic lines. In Figure 6 a part
of the layout drawing of the synapse array is shown. Most of the area is used
up by the two capacitances. The values for the storage and output capacitances
are about 60 and 100 fF respectively. The charge on the storage capacitors must
be periodically refreshed due to the transistor leakage currents. In the training
phase this happens automatically when the weights are updated, otherwise the
refresh takes up about 2 % of the network capacity.

Figure 7 shows the circuit diagram of the neuron circuit. It is based on a
sense amplifier built from the devices M1 to M4. In the precharge phase it is
disabled (evaluate and evaluate are set to the precharge voltage). The activated
precharge and transfer signals restore the post-synaptic input signal and the

metal2diffusion poly metal 1contact via metal3
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output  capacitor
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µ
10
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Fig. 6. Layout drawing of the synapse array showing one synapse.
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internal nodes of the sense amplifier to the precharge voltage. At the begin-
ning of the evaluate phase the precharge signal is deactivated while transfer
stays on. The potential on the post-synaptic input changes now by the activated
synapses. Transistor M5 transfers it onto the gates of M3 and M4. The small
differential voltage between the gates of M1/M2 and M3/M4 is amplified by
disabling transfer and activating evaluate/evaluate. At the same moment the
synapses switch back to the precharge phase. The sense amplifier restores the
signal in about 1 ns to the full supply voltage. With the read signal the result is
stored in the output latch formed by the inverters I1 and I2. The output of I1 is
fed back to the input neurons. The output neuron forms a master/slave flip-flop
with the sense amplifier as the master and the output latch as the slave. This
results in a discrete-time operation of the network. Together with the feedback
the network acts as a kind of mixed-signal state machine. The neurons are the
state flip-flops while the synapse array represents the logic that determines the
next state. The simulated maximum clock frequency of the network is 100 MHz.

3 Implementation of the Genetic Training Algorithm

The time needed to load the 4096 weight values into the network is about 250 µs.
A single test pattern comprised of 64 input bits can be applied in about 100 ns.
This makes it feasible to use iterative algorithms needing high numbers of passes.
The dependency between a weight value and a neuron output could be highly
nonlinear, especially if more than one network cycle is used to implement a
multi-layered recurrent network. Therefore a genetic algorithm seems to be well
suited to train the network. The network has also built-in hardware support for
perturbation based learning [6], an iterative algorithm that needs no knowledge
about the transfer function of the network.

The implemented genetic algorithm represents one weight value by one gene.
To avoid close hardware dependencies the weight value is stored in a normalized
way using floating point numbers between -1 for the maximum inhibitory and
+1 for the maximum excitatory synapse. These numbers are converted into
the voltage values needed by the analog neural network while translating the
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genome into the weight matrix. The genes comprising one neuron are combined
to a chromosome. Up to 64 chromosomes form the genome of one individual.

The artificial evolution is always started by creating a random population.
After an individual has been loaded into the weight matrix the testpatterns are
applied. The fitness is calculated by comparing the output of the network with
the target values. For each correct bit the fitness is increased by one. This is
repeated for the whole population. After sorting the population by the fitness
two genetic operators are applied: crossover and mutation. The crossover strategy
is depicted in Figure 8. It shows an example for a population of 16 individuals.
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Fig. 8. Crossover pattern used in the genetic algorithm.

The worst 25% of the population are replaced in equal halves by the fittest
individual (solid arrows) and the 12.5 % best ones (dashed arrows). 75% of the
individuals are kept unchanged. As shown in Figure 8 the crossover partners
are randomly chosen. The crossover itself is done in a way that for each pair
of identical chromosomes (i.e. chromosomes coding the same output neuron) a
crossover point is randomly selected. All the genes up to this point are exchanged
between both chromosomes. After the crossover is done the mutation operator
is applied on the new population. It alters every gene with equal probability. If
a gene is subject to mutation, its old value is replaced by a randomly selected
new one (again out of the range [−1, 1]).

4 Experimental Results

The network and the genetic training algorithm have been tested with the setup
shown in Figure 9. The population is maintained on the host computer. The



Implementation of an Analog Neural Network Suited for Genetic Algorithms 59

neural network
testboard

chip
network
neural

P
C

I i
nt

er
fa

ce

ho
st

 c
om

pu
te

r

PCI interface board

RAM

Xilinx 40xx
FPGA

DAC

Fig. 9. Testbench used for the evaluation of the neural network.

data for each individual is sent via the FPGA to the neural network using a
16 bit digital to analog converter to generate the analog weight values from
the gene data. The testpatterns and the target data are stored in the RAM
on the testboard throughout the evolutionary process. They are applied to the
individual after the neural network has stored its weights. The FPGA reads the
results and calculates the fitness. After the last testpattern the final fitness value
is read back by the host computer and the test of the next individual starts. To
speed up this process the weight data for the next individual can be uploaded
into the RAM while the testpatterns are applied to the current individual. Since
the test board is not yet capable of the full speed of the network the number of
individuals tested per second is limited to about 150 to 300, depending on the
number of testpatterns used.

To test the capability of the genetic algorithm a training pattern was chosen
that is especially hard to learn with traditional algorithms like back-propagation
[7]: the calculation of parity. While easy to implement with exclusive-or gates, it
can not be learned by a single layered neural network. Therefore it also shows the
ability of the presented neural network to act as a two-layered network. Figure 10
shows the testpattern definition for an eight bit parity calculation. Since the
input data is binary coded, the input neurons are configured for differential
input (see Section 2.1). The number of network cycles is set to two and four

10 0000000000000000100000000000000000000000000000000000000000000000 0
10 0000000000000000001000000000000000000000000000000000000000000000 0

#8 bit parity test pattern

10 0000101010101010100000000000000000000000000000000000000000000000 0
10 0000101010101010001000000000000000000000000000000000000000000000 0

10 0000000000000000000000000000000000000000000000000000000000000000 1

...    (patterns 5 to 252)
10 0000000000000000101000000000000000000000000000000000000000000000 1

repeat count

10 0000101010101010101000000000000000000000000000000000000000000000 1

10 0000101010101010000000000000000000000000000000000000000000000000 1

desired output pattern64 input neurons

Fig. 10. Testpattern definition for the 8 bit parity.
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output neurons are fed back into the network. This allows the genetic algorithm
to use an internal layer with four neurons. For each testpattern one target bit
is defined: the parity of the testpattern. Figures 11 and 12 show plots of the
fitness versus the generation number for different parity experiments. At 6 bit
the network does not learn all the patterns any more. The random nature of the
artificial evolution is clearly visible: the black curve approaches the same fitness
as the gray one about 5000 generations earlier.

5 Conclusion and Outlook

This paper presents a new architecture for analog neural networks that is opti-
mized for iterative training algorithms, especially genetic algorithms. By combin-
ing digital information exchange with analog neuron operation it is well suited
for large neural network chips. Especially, the very small synapse area makes
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network chips with more than a million synapses possible. The mapping of in-
put data to the network and the effective number and size of the network layers
is programmable. Therefore not only the weights, but also a significant part of
the architecture can be evolved. The accuracy of the network is not limited by
the precision of a single analog synapse since arbitrary synapses can be com-
bined. By implementing this task in the genetic algorithm, the network could
automatically adapt its prediction performance to a specific data set.

The presented prototype successfully learned the parity calculation of multi-
bit patterns. This shows that genetic algorithms are capable of training two-
layered analog neural networks. At the time of this writing the test setup was
limited in its analog precision. This makes it difficult to train binary patterns of 6
or more bits without errors. Also, the genetic algorithm used is a first approach
to show the functionality of the system. These limitations will be hopefully
overcome in the near future.
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Abstract. A system for intrinsic hardware evolution of analog electronic
circuits is presented. It consists of a VLSI chip featuring 16 × 16 pro-
grammable transistor cells, an FPGA based PCI card and a software
package for setup and control of the experiment. The PCI card serves
as a link between the chip and the computer that runs the genetic algo-
rithm to produce the configurations for the Field Programmable Tran-
sistor Array (FPTA). First measurement results prove chip and system
to be working as well as they indicate the tradeoff between performance
and configurability. The system is now ready to host a wide variety of
evolution experiments.

1 Introduction

While digital hardware is becoming more and more powerful, there are a lot
of problems requiring analog electronic circuits. Examples are sensors (e.g. [1]),
that will always use some analog front end to measure a physical quantity in an
analog manner, analog filters or sometimes (massive parallel) signal processing
circuits. For the latter example the use of analog circuitry can result in a better
ratio of performance and area and/or power consumption (cf. e.g. [2], [3]). Unlike
its digital counterpart the domain of analog design is not blessed with powerful
tools simplifying the design process. This is, at least to some extent, due to
the tight relationship between the used technology, the chosen layout and the
performance of the resulting circuit, which makes the simple reuse of standard
building blocks without any adaption virtually impossible. Moreover great care
has to be taken in how the specific process parameters can be used to achieve
the desired behavior because of the device variations on the actual dice. As
evolutionary algorithms are assumed to yield good results on complex problems
without explicit knowledge of the detailed interdependencies involved, they seem
to be a tempting choice. Accordingly the project described in this paper tries to
make a step towards the design automation of analog electronics by means of
evolvable hardware.

From the variety of different approaches intrinsic evolution on a fine grained
FPAA, namely a Field Programmable Transistor Array (FPTA) designed in

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 62–73, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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CMOS technology, is chosen for the following reasons: First, the use of hardware
in the loop is expected to be advantageous because it faces the algorithm with
the full complexity of the problem including device mismatching as well as any
kind of electronic noise inherent to the chip. There is evidence that the presence
of different environmental conditions during the evolution process is helpful to
evolve circuits that work on different dice under different conditions (cf. [4], [5]).
Second, intrinsic evolution is expected to be faster than evolution using software
models for the hardware. Third, the use of large scale integration techniques
facilitates the design of complex systems. CMOS nowadays is the most widely
used and therefore cheapest technology for the design of integrated electronic
circuits.

The final goal can be twofold: On one hand, it would be desirable to have a
system that can be fed with an abstract problem description, such as a sort of
fitness function, and that after some time produces a solution to the problem.
Without caring about the details of the implementation the designer merely has
to ensure that the circuit is working correctly under all expected conditions. On
the other hand it may be useful to analyze the circuits obtained by the hardware
evolution process and understand them to such an extent that it is possible to
use the extracted circuits or design principles in a different chip, thus using the
system as a design tool.

The paper is organized as follows: Section 2 gives an overview over the evolu-
tion system. In section 3 the implementation of the Field Programmable Tran-
sistor Array is discussed. Finally in section 4 experimental results are given and
the expected performance of the chip is discussed, before the paper closes with
a summary.

2 The Hardware Evolution System

Figure 1 shows the setup of the evolution system. A commercial PC is used to
control the system and as a user interface. The software allows to create and edit
circuit configurations for the FPTA chip. A PCI-card serves as the link between
the FPTA board that can be plugged into the PCI-card and the computer. A
state machine run on the FPGA generates all the necessary digital signals: It
creates the signals used to write the configuration to the SRAM of the FPTA and
performs the read out of the SRAM. Furthermore the state machine provides
the DAC with the necessary data and timing signals to produce the analog input
patterns for the FPTA and controls the data conversion of the analog outputs
of the FPTA carried out by the ADC. The RAM module on the PCI-card can
be used for example to cache the data for the analog input patterns, the output
of the ADC and the next individuals to be loaded into the FPTA.

In figure 2 a screenshot of the user interface of the software is displayed.
The right window contains 6 × 4 cells of the lower right corner of the transistor
array, consisting of a total of 128 P- and 128 NMOS transistors arranged in a
checkerboard pattern as denoted by the letters P and N in each of the cells. From
this window any circuit can be downloaded to the chip in order to test it. The
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Fig. 1. Schematic diagram of the evolution system.

left window reflects the configuration of the cell 15/15 (cells are identified by
their x/y coordinates): Each of the three terminals gate, source and drain of the
MOS transistor can be connected to either the supply voltage, ground, or any
of the four edges of the cell. Furthermore to enable signals to be routed through
the chip any of the four cell edges can be connected to any of the remaining
three edges.

Fig. 2. Screenshot of the circuit editor window of the software: Left: Editor to set
the connections and W/L values for one cell (here 15/15). Right: Editor showing the
setup for the measurement of one PMOS transistor in the lower right corner of the
chip.
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3 Implementation of the FPTA

In order to provide some primordial soup, i.e. a configurable hardware device,
for the intrinsic evolution a Field Programmable Transistor Array (FPTA) has
been designed and manufactured in a 0.6µm CMOS process (More information
can be found in [6]). Figure 3 shows a micro photograph of the chip whose die
size is about 33mm2.

Fig. 3. Micro photograph of the FPTA chip.

The core of the chip consists of an array of 16× 16 programmable transistor
cells. These cells contain either a programmable P- or NMOS transistor, whose
channel geometry can be tuned. The terminals of these transistors can be con-
nected to the four neighboring cells. The signals from the adjacent cells can be
routed through the cells.

The choice for this implementation is motivated as follows: First, it was de-
sired to have distinct transistors, that contain the circuit functionality as tran-
sistors do in usual designs, in order to simplify the analysis of evolved circuits.
Second, the array was designed as homogeneous and symmetric as possible to
keep the implementation details of the evolutionary algorithms simple and to
enable it to reuse parts of the genome by copying and translating it. However,
a single cell was reserved for P- and NMOS transistors respectively to save die
area. Third, the transistor geometry can vary in 5 logarithmically graded lengths
and 15 linearly graded widths resulting in 75 different aspect ratios in order to
obtain a smooth fitness landscape at least for choosing the transistor dimensions.
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3.1 Architecture of the Complete Chip

The transistor cell array is surrounded by 64 IO-cells that are connected to the
64 terminals of the 60 transistor cells forming the edges of the array (see fig.
4). The functionality of the IO-cells can be selected by setting their registers.
Possible settings are to connect the terminal of the according border cell directly
to the analog input or output, directly to the according array border pad, leave
it unconnected, or to access it via a sample and hold stage. The direct access
granted by the array border pads serves two purposes: First, it simplifies debug-
ging and allows direct measurement of the transistor cells. Second, the transistor
array can be expanded by bonding together the array border pads of two or more
chips. The array border pads are smaller than the standard pads used for analog
signals to reduce their capacity and lack the ESD protection circuitry in order
to contribute as little distortion as possible to the signals crossing a die border.

pl
e 

si
gn

al
s

da
ta

, a
na

log
 in

− 
an

d 
ou

tp
t a

nd
 sa

m
− 

Bus for address,

da
ta

, a
na

log
 in

− 
an

d 
ou

tp
t a

nd
 sa

m
− ple signals

ple signals

64 B
it lines

B
us

 fo
r 

ad
dr

es
s,

B
us for address,

ple signals

data, analog in− and outpt and sam
− 

Bus for address,
data, analog in− and outpt and sam

− 

16 array border pads

16 array border pads

16 array border pads 16
 a

rr
ay

 b
or

de
r 

pa
ds

T−
BJT

T−

T−
BJT

BJT

T−
BJT

−
+

Out
Analog

Analog In

C
D Q

F
lip−

F
lops 

for R
A

M
 C

onf.
C

D Q

1/4 of 64:1 Analog Mux for 64 Cell−Borders

R
eg

is
te

rs
 fo

r 
th

e 
C

on
−

fig
ur

at
io

n 
of

 th
e 

IO
−

C
el

ls
Q D

C

1/4 of 64:1 Analog Mux for 64 Cell−Borders

CD

Q

CD

Q

Q D
C

figuration of the IO−Cells
Registers for the Con−

Registers for the Con−
figuration of the IO−CellsQ

DC

1/
4 

of
 6

4:
1 

A
na

lo
g 

M
ux

 fo
r 

64
 C

el
l−

B
or

de
rs

Q

DC

1 2

2

16

16

Analog In

......

C
D Q

Decoder for the 64 
Word lines 

1/4 of 64:1 A
nalog M

ux for 64 C
ell−

B
orders

S&
H

S&
H

to/from the transistor array
IO−Cells for writing and reading

IO
−

C
el

ls
 fo

r 
w

rit
in

g 
an

d 
re

ad
in

g
to

/fr
om

 th
e 

tr
an

si
st

or
 a

rr
ay

S&H

S&H

IO−Cells for writing and reading
to/from the transistor array S&

H

S&
H

IO
−

C
ells for w

riting and reading
to/from

 the transistor array

figuration of the IO
−

C
ells

S&H

R
egisters for the C

on−

S&H

QD
C

32:1 Analog Mux for Inner Cell nodes

for R
A

M
 cells

S
ense A

m
pl.

sa
m

ple
<0

:3
>

sam
ple<0:3>

sam
ple<0:3>

sa
m

ple
<0

:3
>

Ana
log

 In

Ana
log

 In

Analog In
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Each sample and hold stage can be configured to either buffer an input
voltage applied to the border terminal or to sample and hold the voltage present
at the border cell. The cells configured in the former manner can be used to
create complex input patterns from the single analog input. Therefore the sample
signals can be taken from four external sample lines. Used as output buffers the
sample and hold stages can be utilized to multiplex more than one border cell
voltage to the analog output. Moreover they allow the successive read out of
different outputs sampled at the same time.

The configuration of the transistor cell array is stored in static RAM cells that
are integrated in the transistor cells. Both, read and write access to the SRAM
and the configuration of the IO-cells use a 10 bit wide address and a 6 bit wide
data bus, that are looped around the chip as shown in figure 4. Each transistor
cell contains an operational amplifier that can buffer one out of four possible
nodes in the according cell (cf. figure 5). These signals are used to determine
voltages and currents inside the transistor cells and can also be multiplexed to
the analog output line, which is buffered again before the output signal leaves
the chip.

3.2 Architecture of the Transistor Cell

Figure 5 shows the setup of an NMOS cell. At each corner some of the configu-
ration information is stored in a block of static RAM containing 6 bits each. Of
the 22 bits used, 6 bits directly control the routing switches that route signals
through the cell. Each terminal of the programmable transistor, whose channel
geometry is set by 7 bits, can be connected to either power (vdd), ground (gnd)
or any of the four edges of the cell, named after the four cardinal points. The re-
maining two codes of the multiplexers for drain and source are used to leave the
terminals floating. For the gate the same code ties the gate terminal to power or
ground for P- and NMOS transistors respectively, thus disabling the transistor.

6 bits

SRAM

6 bits

1 10

1 1

1 10

1 10

0

6 bits

SRAM

0

3 bits

6 bits

SRAM

3 bits for L

4 bits for W

3 bits

1

−+

OutCellnode

1

0 11 11

6 routing bits

0

1 10

3 bits

SRAM

W/L

1:
4 

A
na

lo
g 

M
ux

S

Source

Drain

E
Drain

Source

Vdd N W S gndE

1:6 Analog Mux

ESWNVdd gnd

1:6 Analog Mux

S

W

N

E

Vdd

N

gnd

E

S

W

1:
6 

A
na

lo
g 

M
ux

Gate

Fig. 5. Block diagram of one NMOS transistor cell.
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In order to be able to analyze the behavior of successfully evolved circuits,
the voltage at nodes east, south, drain and source can be read out by means of a
unity gain buffer. Thereby all the nodes between adjacent cells can be read out
and all currents flowing through the active transistors can be estimated via the
voltage drop across the transmission gates connecting them to the cell borders.
The layout of a complete transistor cell is shown in figure 6. It occupies an area
of about 200µm × 200µm.

Fig. 6. Layout of one complete NMOS-Cell.

4 Experimental Results

First measurements of the FPTA chip show the full functionality of the transis-
tor cell array: The SRAM can be written to and read out and the programmable
transistors behave as expected, which is demonstrated by some transistor char-
acteristics.

4.1 Time Needed for the Configuration of the Transistor Array

For the configuration of the complete chip 256 × 24 = 6144 bits have to be
written. For a write access the 96 bits for one column have to be written to
a row of registers in the chip in 16 steps, each time writing 6 bits. Then one
complete column is loaded down into the SRAM. In the current implementation
of the state machine controlling the RAM access, which is not optimized for
speed, the time for a complete configuration amounts to about 2ms. From timing
measurements however a configuration time of about 70µs with a more optimized



Initial Studies of a New VLSI Field Programmable Transistor Array 69

FPGA configuration can be inferred. As far as the chip is concerned simulation
results suggest that even this time can at least be halved. Compared to the
expected evaluation times per individual of 1 to 10ms, this is almost negligible.

4.2 Transistor Characteristics

In order to measure the output characteristic of some of the PMOS transistor
cells the configuration shown in figure 2 has been loaded into the chip. The
connected border cell terminals are directly routed to the according array border
pads such that the transistor cell can be controlled and measured by an HP
4155A semiconductor parameter analyzer.
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Fig. 7. Output characteristics of programmable PMOS transistors: Left: Comparison
of PMOS transistors placed at different locations on the chip: Solid: 15/15, dashed:
14/14, long dashed: 9/9 dot-dashed 1/1. Right: Comparison of the measured cell
15/15 (solid line), a simulation including all transmission gates (dashed) and one of
plain PMOS transistors (dot-dashed).

To compare the output characteristics of different transistors, PMOS transis-
tor cells at different locations on the chip have been measured. For that purpose
the terminals of the programmable transistor are always connected to the same
pads using the routing capability of the transistor cell array. The results for five
different lengths are shown on the left side of figure 7. Apart from looking like
transistor output characteristics the curves belonging to the same L value do
look similar, but vary in their drain current values. In fact, the output current
is the smaller the longer the routing path to the connected border cells. While
the relative difference of the saturated drain currents for L = 0.6µm amounts to
approximately 32%, it decreases to about 4% for L = 8µm. This is due to the
finite resistance of the transmission gates providing the routing, which explains
why the effect is more severe for larger currents (i.e. smaller transistor lengths).
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In the right half of figure 7 the output characteristic of the PMOS transistor
cell in the lower right corner of the chip is compared to the simulation of a plain
PMOS transistor as well as to one including the transmission gates used in the
measurement. Results are shown for five different transistor widths. While the
more precise model of the transistor cell matches the measured curve quite well,
the output currents of the transistor cell are always smaller than the ones from
the simulation of the plain transistor. Again this is due to the finite resistance
of the transmission gates and the discrepancy worsens for higher currents.

4.3 Ring Oscillators

As was already discussed in [6] the bandwidth of any possible circuit in the FPTA
is reduced in comparison to the corresponding direct implementation in the same
process due to the parasitic resistance and capacitance of the transmission gates.
In order to get a measure for the maximum frequencies possible in the FPTA
the gate delay of an inverter chain has been measured using a ring oscillator
consisting of 9 inverters as shown in figure 8. The rightmost inverter buffers the
oscillating signal of the circuit, such that it can be measured without changing
the oscillator frequency.

Out

Fig. 8. Implementation of a ring oscillator with 9 inverters.

The circuit was implemented in the FPTA (cf. figure 9) in five different loca-
tions, namely all four array corners and the middle of the array. For comparison
it was also simulated for different process parameter sets denoting the slowest
and fastest as well as the typical behavior of the devices fabricated in the used
process.

The aspect ratios used were 14µm/0.6µm and 8µm/0.6µm for the P- and
NMOS transistors respectively. Furthermore the oscillator in the lower right
corner was measured for an aspect ratio of 2µm/8µm (PMOS) and 1µm/8µm

Table 1. Measured period and gate delay of the 9 inverter ring oscillator placed in 5
different locations on the chip and of the 119 inverter ring oscillator. The gate delays
are calculated by dividing the period by 18 (238 in case of the 119 inverter ring).

Used upper upper lower lower middle average 119 lower right
location left right right left inverters slowest W/L
Period 148.5 ns 147.5 ns 150 ns 150.5 ns 148.5 ns 149 ns 1.8 µs 6.78 µs

Gate delay 8.25 ns 8.14 ns 8.35 ns 8.36 ns 8.25 ns 8.28 ns 7.56 ns 376.7 ns
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Fig. 9. Implementation of the ring oscillator in the lower right corner of the FPTA.

(NMOS) resulting in a lower oscillation frequency. In addition an oscillator con-
taining 119 inverters occupying the complete transistor array was implemented.
The results are listed in table 1. A screenshot of the output signal recorded by
an oscilloscope is shown in figure 10.

The ring oscillator was simulated using the exact architecture of the FPTA
implementation and an implementation using standard cell inverters. Both sim-
ulations were carried out with and without the back-annotated parasitic capaci-
tances of the layout and for three sets of process parameters. While typical mean
(tm) denotes the average set of process parameters, worst case power (wp) and
worst case speed (ws) refer to the parameter sets marking an upper and a lower
bound to the speed of the manufactured devices guaranteed by the manufacturer.
The results are listed in tables 2 and 3.

Taking the measured and simulated gate arrays as a measure for the speed of
the technology it can be inferred that the loss of speed caused by the overhead
for the configurability is about a factor of 100, limiting possible application
for the FPTA to frequencies of the order of MHz. Furthermore the fact, that
the variation of the observed frequencies is quite small indicates a high level

Table 2. Simulation results for the ring oscillator with 9 inverters. The left part of the
table displays the periods and calculated gate delays for simulations with all parasitic
capacitances back-annotated from the layout. On the right hand side the simulation
results for the pure schematic (without any parasitic capacitances) are given. The
abbreviations tm, wp, ws, refer to different parameter sets for the simulations (further
explanations see text).

Transistor cell back-annotated simulation simulation without parasitics
simulation tm wp ws tm wp ws

Period 219.6 ns 148.2 ns 365.23 ns 84.5 ns 47.4 ns 161.6 ns
Gate delay 12.2 ns 8.23 ns 20.29 ns 4.69 ns 2.64 ns 8.98 ns
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Fig. 10. Screenshot of the output signal of the ring oscillator implemented in the
FPTA. One square corresponds to 25 ns and 1 V for the x- and y-axis respectively.

of homogeneity of the array cells. The smaller gate delay extracted from the
measurement of the 119 inverters is probably due to the better ratio of the
number of cells used as inverter parts to the number of routing cells. Finally the
comparison to the implementation with the small aspect ratios shows the range
of possible frequency adjustments that can be obtained by simply changing the
transistor geometries.

The comparison of measurement and simulation results for the transistor
cells yields the following: First, the measured gate delay is significantly smaller
than the gate delay extracted from the back-annotated typical mean simulation,
although the process parameters accessible from the vendor are closely matching
the typical mean parameters. This may be due to the fact that the extraction
of the parasitic capacitances yields worst case values. Second, the difference be-
tween the gate delay of the simulation without parasitic capacitances and the
measured gate delay indicates, that the capacitances introduced by the metal
lines are of the same order as the parasitic capacitances introduced by the trans-
mission gates used for connecting the programmed transistors (cf. [6]).

Table 3. Simulation results for a ring oscillator with 9 inverters designed out of digital
standard cells. As in Table 2 results are shown for the simulation with and without
parasitic capacitances.

Standard cell back-annotated simulation simulation without parasitics
simulation tm wp ws tm wp ws

Period 1.46 ns 942.2 ps 2.47 ns 1.352 ns 853.42 ps 2.34 ns
Gate delay 81.11 ps 52.34 ps 137.3 ps 75.11 ps 47.41 ps 130 ps
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5 Summary and Future Plans

A Field Programmable Transistor Array has been fabricated in a 0.6µm CMOS
process. The chip is embedded in a hardware evolution system designed for the
intrinsic evolution of analog electronic circuits. First measurements have proven
the chip to work. The time for a configuration of the whole chip is extrapolated to
be less than 70µs allowing for testing rates of up to 1000 individuals per second.
Time domain measurements suggest that the chip can be used for frequencies in
the order of MHz. The evolution system is almost ready to be programmed for
first evolution experiments. The next steps are to optimize the system for high
throughput rates and extend it to monitor the die temperature and the current
used by the transistor cell array itself.
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Abstract. This paper describes a multicellular universal Turing ma-
chine implementation endowed with self-replication and self-repair capa-
bilities. In this multicellular artificial organism every artificial cell con-
tains a complete copy of the genome. The mapping of the universal Tur-
ing machine onto a multicellular array was made possible thanks to the
introduction of a modified version of the W-machine1.

Keywords: self-replication, self-repair, universal Turing machine, cellu-
lar automata, Embryonics.

1 Introduction

Living organisms are complex systems exhibiting a range of desirable charac-
teristics, such as evolution, adaptation, and fault tolerance, that have proved
difficult to realize using traditional engineering methodologies. The last three
decades of investigations in the field of molecular biology (embryology, genetics,
and immunology) has brought a clearer understanding of how living systems
grow and develop. The principles used by Nature to build and maintain complex
living systems are now available for the engineer to draw inspiration from [7].

The Embryonics (embryonic electronics) project is inspired by the basic pro-
cesses of molecular biology and by the embryonic development of living beings.
By adopting three fundamental features of biology – multicellular organization,
cellular division, and cellular differentiation – and by transposing them onto the
two-dimensional world of integrated circuits in silicon, we show that properties
of the living world, such as self-replication and self-repair, can also be attained
in artificial objects (integrated circuits).

Our goal in this paper is to present self-replicating machines exhibiting uni-
versal computation, i.e., universal Turing machines. We demonstrate that the
dream of von Neumann, the self-replication of such a machine, can be realized
in actual hardware thanks to the Embryonics architecture.
1 A W-machine [13] is like a Turing machine, save that its operation at each time step
is guided not by a state-table but by an instruction from the following list: PRINT
0, PRINT 1, MOVE DOWN, MOVE UP, IF 1 THEN (n) ELSE (next),
STOP.

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 74–87, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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In Section 2 we present a brief reminder of specialized and universal Turing
machines. Section 3 introduces the PICOPASCAL language and a PICOPAS-
CAL interpreter. Sections 4, and 5, present a Embryonics architecture based on a
multicellular array of cells and describes the implementation of a self-replicating
specialized Turing machine. In Sections 6 and 7 we present the architecture
of an ideal and of an actual universal Turing machine able to self-replicate. A
discussion of our results follows in the final section (Section 8).

2 Turing Machines

In the 1930’s, before the advent of digital computers, several logicians (Kurt
Gödel, Alonzo Church, Stephen Kleene, Emil Post, and Alan Mathison Turing)
began to think about the theoretical limits of computation. Alonzo Church and
Alan Turing independently arrived, through different approaches, at equivalent
conclusions. Both solutions described computability, but while Church (1932-34)
described it with λ-calculus, Turing’s idea (1936) was based on a mathematical
model of a machine that could compute any computable functions: the Turing
machine [11, 3].

Turing machines were first described by Alan Turing in his historic pa-
per, “On Computable Numbers, with an Application to the Entscheidungsprob-
lem” [12], which was his answer to the Entscheidungsproblem posed by the Ger-
man mathematician David Hilbert. Hilbert asked if there existed, in principle,
any definite method which could be applied to determine the truth of any math-
ematical assertion [1].

2.1 Specialized Turing Machines

In his 1936 paper [12], A. M. Turing defined the class of abstract machines that
now bear his name: Turing machines. A specialized Turing machine (Figure 1),
or simply a Turing machine, is a finite-state machine (the program) controlling
a mobile head, which operates on a tape. The tape, composed of a sequence of
squares, contains a string of symbols (the data). The head is situated, at any
given moment, on some square of the tape and has to carry out three operations
to complete a step of the computation (one operation cycle of the finite-state
machine). These operations are:

1. reading the square of the tape being scanned;
2. writing on the scanned square;
3. moving the head to an adjacent square (which becomes the scanned square

in the next operation cycle).

A Turing machine can be described by three functions f1, f2, f3:

Q+ = f1(Q, S) (1)
S+ = f2(Q, S) (2)
D+ = f3(Q, S) (3)
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Fig. 1. A specialized Turing machine.

where Q and S are, respectively, the current internal state (of the finite state
machine) and the current input symbol (the symbol on the square of the tape
being scanned), and where Q+, S+, and D+ are, respectively, the next internal
state, the next input symbol, and the direction of the head’s next move [8].

The tape can be considered as infinite in both directions. However, we will
make the restriction that, when the machine starts operating, the tape must be
blank, except for some finite number of squares. With this restriction, we can
think of the tape as finite at any particular time but capable of being infinitely
extended whenever the machine comes to an end of the finite portion.

When a symbol is printed on the tape, the symbol previously there is erased.
Of course, it can be preserved if we print the same symbol that was read. Because
the head can move either way along the tape, it is possible for it to return to
a previously printed location to recover the information inscribed there. This
ability provides the machine a sort of rudimentary memory in a sense that the
machine can look up the previous symbols and change them if necessary. Since
the tape is as long as desired, this memory is potentially infinite.

At any given time, the read/write mobile head of the Turing machine is
positioned on some square on the tape. Furthermore, at any given time, the
Turing machine is in one of a finite number of internal states.

A set of quintuples can be used to specify what the machine will do for each
possible combination of symbol and state. These quintuples have the following
form

(current state, current symbol, next state, next symbol, direction of motion)
or, equivalentely:

(Q, S, Q+, S+, D+)
where the third, fourth, and fifth symbols are determined by the first and second
according to the three functions f1 (1), f2 (2), f3 (3) mentioned above.

These quintuples indicate that if a Turing machine is now in the current
internal state Q, and the current input symbol is S, the machine will change its
current internal state to the next internal state Q+, replace the current input
symbol on the tape by the next input symbol S+, and move the read/write head
one square in the given direction D+. If a Turing machine is in a condition for
which it has no instruction, it halts.

The information contained in the set of quintuples is often represented in
the form of a state table, defining the behavior of the machine for each possible
combination of symbol and state.
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2.2 The Universal Turing Machine

Turing had the further idea of the universal Turing machine (UTM), capable of
simulating the operation of any specialized Turing machine, and gave an exact
description of such a UTM in his paper [12]. The importance of the universal
Turing machine is clear. We do not need to have an infinity of different machines
doing different jobs. A single one will suffice [2].
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Fig. 2. Universal Turing machine’s tape, describing the specialized machine T.

A UTM, U, is a Turing machine with the property of being able to read
the description (on its tape) of any other Turing machine, T, and to behave as
T would have. The machine U consists of a finite-state machine (the program
of U) controlling a mobile head, which operates on a tape. The data on the
tape completely describe the machine T to be simulated (the data of T and the
program of T, i.e., the three functions Q+, S+, and D+ describing T).

Figure 2 shows the organization of U’s tape. To the left is a semi-infinite
region containing the data of T’s tape. Somewhere in this region is a marker M
indicating where T’s head is currently located. The middle region contains the
current internal state Q and the current input symbol S of T. The right-hand
region is used to record the description of T, i.e., the three functions Q+, S+,
and D+ for each combination of Q and S.

3 PICOPASCAL

In this section we present the PICOPASCAL language and a possible hardware
architecture for a PICOPASCAL interpreter. The PICOPASCAL language and
its interpreter have been customized for our embryonics architecture and the
UTM implementation described in the next section.

3.1 The PICOPASCAL Language

The PICOPASCAL language consists of a minimal subset of the MODULA-2
language [14]. PICOPASCAL is thus a high-level language: it does not make use
of explicit addressing and provides a great simplicity of use. PICOPASCAL is,
moreover, a structured language and thus guarantees, because of its structure, a
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Fig. 3. PICOPASCAL language. (a) Sequence of two assignment instructions: do
P1P2. (b) Choice of either P1 or P2: if a then P1 else P2. (c) Non-conditional iteration
loop. (d) Syntactic diagram.

rigorous and efficient notation. In conformity with this last feature, PICOPAS-
CAL has three fundamental constructs, described below: (1) the sequence, (2)
the choice or alternative, and (3) the iteration.

The assignment do..., realizing the synchronous transfer of a constant into
a register, is a structured program. The sequence (or composition) of two such
instructions P1 and P2, written do P1P2, is a structured program, described
by the flowchart and by the mnemonic program of Figure 3a. This last notation
consists of a linear succession of instructions, displayed in the growing order of
addresses ADR.

The choice (or alternative) of P1 or P2, where P1 and P2 are two assign-
ments, is a structured program, written if a then P1 else P2. It is represented
symbolically by the flowchart of Figure 3b, and realized by the linear succession
of the instructions of the corresponding functional diagram and mnemonic pro-
gram. To facilitate comprehension, and unlike programs written in a low-level
language using explicit addresses, there is no jump (notably, to avoid the in-
struction P1 when a = 0 or the instruction P2 when a = 1): all instructions
are read sequentially, from ADR=0 to ADR=4, and the execution of the as-
signments P1 or P2 depends on the value of a signal EXEC (for EXECUTE)
which, in turn, depends on the value of the test variable a. This process will
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be revisited in detail in the description of the interpreter of the PICOPASCAL
language (Subsection 3.2).

The last construct of structured programming, the conditional iterationwhile
a do P1, is thus not necessary in the PICOPASCAL language. However, since
our program must be continually executed, notably to allow self-repair, we allow
the loop illustrated by the flowchart of Figure 3c, which in fact introduces a
non-conditional iteration on the entire program.

In conclusion, the PICOPASCAL language is described by the syntactic di-
agram of Figure 3d, where we can count ten different terminal symbols (ovals),
which make up the instructions of the language: begin, end, NOP, do 0, do 1,
do 0→, do 1←, if, else, endif. The NOP (No operation) instruction represents
the execution of a neutral operation. Figure 4 shows the operating code (OPC)
for the instructions of the PICOPASCAL language.
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Fig. 4. PICOPASCAL language opcodes.

3.2 PICOPASCALINE:
An Interpreter for the PICOPASCAL Language

Figure 5 suggests a possible hardware architecture to execute the ten instructions
of the PICOPASCAL language. From now on, we will refer to this machine
as PICOPASCALINE. The instruction end, as well as the pseudo-instruction
begin (not executed), have the same effect: jumping to the instruction at address
0. There exist therefore nine distinct types of instruction to interpret.

To decode the instructions (OPC3:0) on the program tape, the PICOPAS-
CALINE consists of the following elements (Figure 5):

– A state register REGISTER storing the current values of the internal and
input states Q, and S respectively, with an initial state Q,S = 01.

– A register REGISTER storing the values QL3:0,QC,QR0:3 of the data tape,
with an initial state QL3:0,QC,QR0:3 = 000010000.

– A stack STACK characterized by a 1-out-of-3 code (one-hot encoding), with
an initial state STACK = ST3:1 = 001.

– A decoder DMUX1 controlled by the 4 bits of the operating code OPC3:0,
which generates the signals controlling the STACK (signals IF, ELSE, and
ENDIF).
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Fig. 5. PICOPASCALINE: PICOPASCAL interpreter for the ten instructions of the
language.

– A decoder DMUX2 controlled by the 4 bits of the operating code OPC3:0
and by the EXEC signal. This decoder generates the signals controlling the
(Q,S) and (QL3:0,QC,QR0:3) REGISTERs (signals DO 0, DO 1, DO 0→,
DO 1←, IF, and ELSE).

– A multiplexer MUX controlled by the signal INIT, which selects one of the
two input busses, BUS1 coming from the data tape, or BUS2 which is a
constant used for initialization purposes. At the start of the execution the
signal INIT has the value 1 and the (Q,S) REGISTER is initialized, whereas
the rest of the execution this variable takes the value 0 and the value QC
coming from the (QL3:0,QC,QR0:3) REGISTER is assigned to the (Q,S)
REGISTER.

The signal EXEC controls the execution of the assignment instructions do
and thus depends on the succession of values of the internal and input states Q
and S.

4 Self-Replication of a UTM on a Multicellular Array

Conventional UTMs [8] consist of a finite but arbitrarily long tape, and a sin-
gle read/write mobile head controlled by a finite-state machine, which is itself
described on the tape (Figure 2). In order to implement a UTM in an array
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of MICTREE2artificial cells, we made three fundamental architectural choices
(Figure 6):

1. The read/write head is fixed; the tapes are therefore mobile.
2. The data of the given application (the specialized Turing machine to be

simulated) are placed on a mobile tape, the data tape; this tape can shift
right, shift left, or stay in place.

3. The finite-state machine for the given application is translated into a very
simple program written in a language called PICOPASCAL; each instruction
of this program is placed in a square of a second mobile tape, the program
tape; this tape just needs to shift left. The transformation of a state table
into such a program is directly inspired by the W-machine [13] with the
major contribution of avoiding the jumps required by the if 1 then (n) else
(next) instructions.
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Fig. 6. Universal Turing machine architecture for the parenthesis checker example.

The fixed head, which is in fact an interpreter of the PICOPASCAL language,
has to continuously execute cycles consisting of four operations:

1. reading and decoding an instruction on the program tape;
2. reading a symbol on the data tape;
3. interpreting the current instruction, and writing a new symbol on the current

square of the data tape;
4. shifting the data tape (left, or right, or not at all) and the program tape

(left).

5 An Application: A Binary Counter

In order to test our UTM implementation, we used, as a simple but non-trivial
example, a binary counter [8], a machine that writes out the binary numbers 1,
2 the MICTREE (for tree of micro-instructions) cell is a new kind of coarse-grained
field-programmable gate array (FPGA) developed in the framework of the Em-
bryonics project. This cell is used for the implementation of multicellular artifi-
cial organisms with biological-like properties, i.e., capable of self-repair and self-
replication [10,5].
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10, 11, 100, etc. The counter’s state table (Figure 7a) has two internal states
(Q ∈ {0 →, 1 ←}) and two input states (S ∈ {0, 1}), S being the value of the
current square read on the data tape. Depending on the present internal state
Q and the present input state S, the specialized Turing machine will [9]:

1. write a new binary value S+ (0, 1) on the current square of the data tape;
2. move its data tape to the right (Q+ = 0 →) or to the left (Q+ = 1 ←),

which is equivalent to moving a mobile head to the left or to the right,
respectively;

3. go to the next state Q+(0→, 1←).

Figure 7b shows the PICOPASCAL program equivalent to the state table of
Figure 7a.
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Fig. 7. (a) Binary counter state table. (b) PICOPASCAL program equivalent to the
state table.

6 An Ideal Architecture for the UTM

A UTM architecture is ideal in the sense that it is able to deal with applications
of any complexity, characterized by:

1. a finite, but arbitrarily long data tape;
2. a read/write head able to interpret a PICOPASCAL program of any com-

plexity;
3. a finite, but arbitrarily long program tape.

It must be pointed out that, for any application, the program tape and the
read/write head (the PICOPASCAL interpreter) are always characterized by
finite and defined dimensions; only the data tape can be as long as desired, as
is the case for the binary counter, whose growth is potentially infinite [9].
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An ideal architecture, embedding the current example, but compatible with
any other application, could be follows (Figure 8):

1. The data tape, able to shift right, to shift left, or hold, is folded on itself.
The initial state is defined in Figure 8 by QL3:0, QC, QR0:3 = 000010000,
where QL are the squares to the left of the central square QC, and QR are
the squares to the right of QC; the data tape is able to grow to the left of
QC, i.e., to the right of QL0 (QL4,QL5, ...) and to the right of QC (QR4,
QR5, ...), as can be appreciated in Figure 8.

2. The fixed read/write head, which is not detailed here, is basically composed
of a state register Q,S (storing the current values of internal and input states
Q,S, respectively, with an initial state Q,S = 01) and a stack ST1:3 charac-
terized by a 1-out-of-3 code (one-hot encoding). At the start of the execution
of the PICOPASCAL program (i.e., in Figure 7, at address ADR = 00), the
stack is in an initial state ST1:3 = 100. Roughly speaking, each if instruc-
tion will involve a PUSH operation, each endif a POP operation, and each
else a LOAD operation. When ST1 = 1, the do instructions are executed.
The main characteristic of the stack is its scalability: for any program ex-
hibiting n nested if instructions, the stack is organized as a n + 1 squares
shift register. Both the ST1:3 stack and the Q,S register are able to grow to
accommodate more complex applications.

3. The program tape is folded on itself; it is able to grow to accommodate more
complex applications.
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Fig. 8. UTM’s ideal architecture.

7 An Actual Implementation of the UTM
for the Binary Counter

In order to implement the binary counter application with a limited number of
MICTREE artificial cells, we have somewhat relaxed the requirements of the
ideal architecture described earlier. Our final architecture is made up of three
rows (Y = 1...3) and nine columns (X = 1...9) organized as follows (Figure 9):

– The 18 instructions of the PICOPASCAL program (Figure 7) are placed in
the program tape, using the two lower rows (Y = 1, 2) of the array.
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– The read/write head is composed of a ST1:3 stack and of the Q,S regis-
ter (X = 1...5, Y = 3), while the data tape is implemented by three cells
(X = 6...8, Y = 3) storing 9 bits QL3:0, QC, QR0:3.
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Fig. 9. UTM’s actual implementation for the binary counter example on a multicellular
array of 27 MICTREE cells.

In order to demonstrate self-repair, we added spare cells in each row, at the
right-hand side of the UTM, all identified by the same horizontal coordinate
(X = 9 in Figure 9). As previously mentioned, more cells may be used not only
for self-repair, but also for a UTM necessitating a growth of the tape of arbitrary,
but finite, length [9].

Self-replication rests on two hypotheses:

– there exist a sufficient number of spare cells (unused cells at the upper side
of the array, at least 3 × 9 = 27 for our example);

– the calculation of the coordinates produces a cycle at the cellular level (in
our example: Y = 1→ 2→ 0→ 1→ 2→ 0).

Given a sufficiently large space, the self-replication process can be repeated
for any number of specimens in the Y axis. With a sufficient number of cells, it
is obviously possible to combine self-repair (or growth) towards the X direction
and self-replication towards the Y direction (Figure 9).

8 Experiment and Discussion

The UTM was completely implemented and the binary counter fully tested. The
values obtained (contents of the REG register of cells Q, QL3:0, QC, and QR0:3
at the end of each program execution cycle) correspond exactly to the results
presented by Minsky in [8].

The complete genome microprogram describing our artificial organism is com-
posed of 377 16-bit-wide instructions, implying a configuration bit string of 6032
bits.
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We tested the self-repair capabilities of our implementation (Figure 9), made
possible by the spare column at the right edge of our artificial organism. Using
this spare column, our organism is able to tolerate at least one fault in any cell
of the array, and up to three faulty cells in the same column [9].

The self-replication of our UTM was tested by doing one copy of original
organism. For this test the cellular array contained 6x10 = 60 MICTREE cells
(Figure 10).

The largest possible artificial organism implementation with cellular differ-
entiation can reach a size of 16x16 MICTREE cells, a limit imposed by the
architecture of the cell. This limitation disappears if we realize a molecular de-
composition of the MICTREE cell, allowing us to tailor the cell to meet the
requirements of any application [4, 6].

9 Conclusion

In this paper we showed that it is possible to embed a universal Turing machine
into a multicellular array based on MICTREE artificial cells, thus obtaining a
self-repairing and self-replicating universal Turing machine.

The mapping of the UTM onto our multicellular array was made possible
thanks to the introduction of a modified version of the W-machine [13], i.e., an
interpreter of the PICOPASCAL language. We showed that an ideal architecture
(i.e., an architecture with a semi-infinite data tape) was able to deal with appli-
cations of any complexity, (i.e., with a semi-infinite data tape). We also presented
an actual implementation in which we relaxed somewhat the characteristics of
the ideal architecture in order to use a limited number of MICTREE artificial
cells. We slightly simplified our implementation by presenting the example of
the binary counter in which the data are binary and where the direction of the
head’s motion coincides with the internal state (in general functions Q+ and D+
are independent). A picture of the final implementation is shown in Figure 10.

The property of universal construction raises issues of a different nature, since
it requires (according to von Neumann) that a MICTREE cell be able to imple-
ment organisms of any dimension. This challenge can be met by decomposing a
cell into molecules and tailoring the structure of cells to the requirements of a
given application [4, 6].
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Fig. 10. Universal Turing machine implementation. This implementation presents six
rows and ten columns, which allowed us to test the self-replication of the binary counter.
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asynchronous circuits have been studied since the outset of digital electronics, the
simplicity of synchronous techniques has allowed them to dominate.

Embryonic (embryological electronic) arrays [1, 2, 3, 4] draw on the similarities
between VLSI array circuits and embryo development to give a fault-tolerant
computing architecture.  Each cell has an identical processing element with previous
architectures having used simple two-input multiplexers or more complex
microprogram processors.  An embryonic array is essentially a field-programmable
gate array (FPGA) bestowed with distributed hardware fault tolerance.

This paper further develops a macromodule-based asynchronous embryonic
computing structure [5].  In particular it shows how an asynchronous embryonic array
of this type can provide fault-tolerance through hardware reconfiguration.  Section 2
briefly covers relevant asynchronous electronic topics.  Section 3 considers
embryonic systems and describes the structure of an asynchronous embryonic array.
Section 4 illustrates how reconfiguration can be included in this array.  Following
this, section 5 illustrates the results of a simulation through an example circuit.
Conclusions are drawn in section 6 together with directions for further work.

2 Asynchronous Electronics

Both synchronous and asynchronous digital systems assume that signals are in one of
two possible states.  Synchronous systems split time into discrete, regular intervals
[6].  The state of the circuit is updated by the clock, with combinational logic
processing values and generating the next-state vector between active clock edges.
As asynchronous systems do not have a global clock they cannot operate in this way.

Asynchronous systems are typically classified by their timing model, signalling
protocol and by the method used for their design and implementation [6, 7, 8].  For
brevity, this paper assumes familiarity with the bounded-delay and delay-insensitive
timing models, Muller-C gates and macromodules [5, 6, 7, 8, 9, 10].

2.1 Signalling Protocols

Asynchronous circuits generally use an inter-element signalling scheme to act as a
protocol layer for all transitions; these are self-timed circuits.  Designs based on
macromodules, including micropipelines, are among these [5, 7, 9, 10].  Signalling
protocol control paths typically use event logic, an event being a logic level transition.

Fig 1. Dual-rail Return-to-Zero Protocol (a)  Dual-rail Channel (b)
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A dual-rail channel using a request/acknowledge protocol is shown in figure 1.
Transfer commences when the sender outputs a data symbol.  Two wires are used per
data bit, but only one line changes value for every symbol sent; a Gray code [9].  An
implicit request is therefore encoded with the data during transfer.  Furthermore, even
if the two wires have differing delays the correct symbol is received, the dual-rail
encoding providing the advantage of delay-insensitive data transmission (in
comparison to single-rail systems [6, 7, 8]).  The sender can only change output
symbol once the receiver acknowledges receipt.  Dual-rail channels may use a return-
to-zero protocol, also shown in figure 1.  Data items are separated by null code words.
One line in the pair is set to transmit a logic one, the other to send a logic zero.

2.2 Metastability

Almost all synchronous circuits have inputs, such as those from manually-controlled
switches, whose changes may not respect the clock; they are asynchronous.  A
synchroniser is used to align an asynchronous input with the system signals.  A simple
way to achieve this is by using a single D-type flip-flop, the asynchronous input being
captured by the system clock to give a synchronised output value.  For each clock
cycle, an unambiguous value for the asynchronous signal would be provided, were it
not for metastability [8, 11, 12].

As the input is asynchronous it may change at any time and possibly violate the
setup or hold time of the flip-flop.  If this occurs the flip-flop output can become
metastable, where the output voltage is at neither logic level.  The probability of an
output remaining metastable decays exponentially with time, the probability and
decay rate being dependent upon factors such as the device technology.  Synchroniser
failure will occur if the synchroniser output is used whilst still metastable, with
downstream circuitry possibly interpreting the metastable value differently or itself
becoming metastable.  It is often implicitly assumed that a single flip-flop can resolve
a metastable state within one clock cycle.  More sophisticated synchronisers can be
built but require a greater amount of logic and introduce latency [12].  Metastability
considerations are also needed for certain types of asynchronous logic design, not
covered here, where asynchronous arbitration takes place [7, 8].

3 Asynchronous Embryonics

3.1 Benefits

Asynchronous methods may benefit embryonic arrays in a number of ways.  The first
is that a further important property of biology will be brought to ontogenetically-
inspired electronic systems as it has been to other biologically-inspired paradigms.
Coarse-grained synchronous embryonic systems have communicated asynchronously
[13].  However, embryonic arrays have yet to exploit asynchronous techniques at a
fundamental level.  Scalability issues, such as clock skew, are inherently avoided by
removing the global clock.  By making embryonic designs asynchronous, their
distributed reconfiguration capability is retained whilst the clock is replaced with
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localised control.  There are other advantages normally associated with asynchronous
methods.  These include implicit power control and modularity, where systems can be
simply interconnected without the need to consider clock matching.  Asynchronous
designs have switching transitions that are more evenly spread over time, which may
lead to reduced electro-magnetic interference [14].  A recent asynchronous processor
core is competitive in terms of power, area and performance to its synchronous
counterpart [14].

3.2 Design

Figure 2 shows the asynchronous embryonic cell design.  The structure closely
follows that of previous synchronous architectures where the functional units are
multiplexer based [2, 3].  Asynchronous circuits can therefore be realised from binary
decision diagrams (BDDs) [1, 2, 3].  The inputs and outputs are referred to by
compass point, with each cell requiring eighteen configuration bits.  Local routing
conveys data from the south input to the functional unit and to both horizontally
neighbouring cells.  The functional unit output is always routed north, but also to the
switch block where it can feed one or more output bus.  Alternatively, each output bus
can relay the value of any input bus except its partner.

Switch
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NIBUS

C

C

SOBUS

WOBUS

WIBUS

NOBUS

C

NOUT

EIBUS

EOBUS

SIN
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Unit

C

SIN (INT)

C

WIN EIN

Fig 2. Cell Structure

The fundamental differences from similar synchronous architectures at this level
are the need for dual-rail two-bit buses and their acknowledgement lines.  Muller-C
gates are necessary to combine the acknowledgement of both receivers where a dual-
rail line forks.  Internally, the switch block uses multiplexers to provide self-
acknowledgement when an incoming bus is not in use.  This is identical to the
technique described below for non-operative lines entering the functional unit.
However, the switch block still requires only eight configuration bits.

Macromodules are asynchronous cell library components [5, 7, 9, 10] from which
self-timed circuits can be built as the component interfaces are compatible.  The
functional unit structure (Figure 3) is macromodule based.  It closely resembles that
of an asynchronous macromodule library that has already been successfully
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implemented for the Xilinx Virtex FPGA [5].  By using dual-rail encoding delay-
insensitivity is achieved between macromodules, an advantage where commercial
FPGAs are used for asynchronous implementation.

A return-to-zero protocol is used as this allows the flip-flop to be isolated from the
unit output.  Since the output encoding logic is simple, and the transistor count for a
Muller-C gate is around half that of a D-type flip-flop with preset and clear, the
assumption here is that only the flip-flop will incur a fault.  By returning to zero
between data symbols, symbol transmission can be prevented when an erroneous
value has been stored.

C

D Q Output
Encoder

0
1

01

01

Delay Delay

:    Configuration Multiplexer

Functional
Multiplexer

Cell Value Storage

EOBUS

EIBUS

SIN (INT)

EIN

WIN

NOUT

SIBUS

SOBUS

NOUT

Dual-rail

Ack.
Line

Source 
Multiplexers

C

R

R R

DS

NOUT

NOUT_ACK

CLR (0)

RECONF (0)

CAPTURE

Reconfiguration
Logic 

Interconnections

INT_ACK
D

el
ay

Fig 3. Functional Unit Structure

The configuration determines the inputs used by the functional unit, there being a
maximum of three.  The functional multiplexer selection is controlled by one of the
east buses, whilst data inputs are supplied from fixed values, local connections or
south buses.  The configuration multiplexers allow non-operating inputs to be ignored
by the Muller-C gate, whilst also making them self-acknowledging.  This is required,
for example, where the functional multiplexer uses EIBUS but EOBUS carries other
data.  The cell transmitting data along EOBUS must be acknowledged by all potential
receivers because of the acknowledge line�s Muller-C gates (Figure 2).  The
configuration multiplexers at the input to the Muller-C gate do not themselves require
configuration bits, their setting being derived from that of the source multiplexers.
The functional unit has interconnections to the cell�s reconfiguration logic, the
incoming lines being at logic zero normally.  The Muller-C gates initially have a low
logic output, but are also reset by the RECONF signal.  Two Muller-C gates are used
so that the DS signal is efficiently provided.

During normal operation each OR gate output is asserted when its associated dual-
rail line has data.  The Muller-C gate combines the OR gate outputs so that its rising
transition stores the functional multiplexer output only when all inputs have data.
This raised level then acknowledges the senders and activates the encoder to transmit
the data symbol.  The capture signal goes low once all senders have removed their
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data and all receivers have acknowledged.  This generates a null symbol on the data
output and brings the acknowledge output low to complete the communication cycle.

One of the cells within each next-state loop must act to initiate asynchronous
operation, otherwise computation will not propagate to the output.  The configuration
multiplexers can therefore make the cell initially output a data symbol.  In addition,
the NOUT acknowledge line must not be inverted and the connection order of the flip-
flop and output encoder must be reversed where a cell initiates computation from
within a next-state loop.  Configuration multiplexers are used for this purpose and
also to alter the level of the outgoing acknowledge where a cell drives it�s own inputs,
so that the correct protocol is observed.

4 Reconfiguration

4.1 Overview

Hardware fault tolerance can be applied to the array described in the last section
through row reconfiguration.  Currently only the storage flip-flop is protected from
faults.  The configuration registers are not protected and all cells contain a complete
set of configuration data from the outset [2, 4].  Synchronous designs test for the
occurrence of a fault using the clock.  Where cell operation is controlled through a
state machine [3], an asserted fault status signal moves cells into a non-active state at
the clock edge where they remain during reconfiguration.  Alternatively, the inactive
clock edge is used to store the fault status, this register driving combinational logic to
reconfigure the array before the next active clock edge [2].  Therefore, even though in
practice the fault status signal is like an asynchronous input (Section 2.2), it has been
assumed that its level does not change whilst being stored or equivalently, that a
single storage element is sufficiently quick at resolving any possible metastable state.

The asynchronous reconfiguration logic also makes this assumption in addition to
assuming that the flip-flop output will remain correct for the remainder of that
asynchronous transaction once tested.  However, the asynchronous reconfiguration
logic is complicated as it cannot use global signals or purely combinational logic for
reconfiguration.  Synchronous designs [2, 3] can use these approaches as all cells
advance simultaneously, whereas asynchronous cells may implicitly operate at
different times.  As asynchronous logic provides the advantage of global clock
removal, the removal of other global signals is pertinent.  Although a global reset
signal is needed this will not suffer from the same problems as a high-speed clock
network and can be routed in a cellular fashion.

4.2 Reconfiguration � Logical Network

The approach to reconfiguration can be split into two phases; logical and physical.
Asynchronous finite state machines (AFSMs) are used as part of the logic.  These are
similar to synchronous FSMs but do not have clock-driven storage elements.  Instead
state is retained by the delay of feedback loops.  Figure 4 shows the reconfiguration
logic used during the logical phase.  Each data input and output has a pair of
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reconfiguration lines associated with it; reconfigure in and reconfigure out.  The built-
in self-test (BIST) logic, currently simulated by an external fail signal, should
compare the outputs of duplicated storage flip-flops.  The CAPTURE signal on the
left of figure 4(a) is delayed sufficiently so that the BIST logic can settle following
flip-flop storage.  This ensures that ANDing the fail output and CAPTURE signals
will only result in a high logic level output if the stored value is in error.  Therefore,
following fault detection SET causes the logical reconfiguration AFSM output to
become high, which in turn puts the cell into reconfigure mode by raising the level of
RECONF.  Figure 3 shows that setting RECONF prevents the senders from being
acknowledged, the receivers from being sent data and causes the Muller-C gates to be
reset.  This again requires the signals to be correctly delayed with respect to each
other.  The RECONF signal also drives the reconfigure outputs of the functional unit,
which in turn drive those of the cell, shown in figure 4(b).  Whilst some of the
functional unit outputs can always be driven, those having OR gates at the cell level
should only be driven if the functional unit uses that input or output for data; they are
configuration dependent.  No extra configuration bits are needed here, their setting
again being derived from that of the configuration source multiplexers.

Fig 4. Reconfiguration Logic (Logical) � (a) inside the functional unit  (b) within the cell

The above logic results in the reconfiguration signal being passed only to those
cells whose functional units receive data from, or pass data to, the faulty cell.  That is,
the logical reconfiguration network follows the data communication topology of the
multiplexer circuit realised by the embryonic array.  This is important as only those
units immediately upstream and downstream of the faulty cell are in a partially known
state.  Those downstream are awaiting data whilst those upstream are awaiting
acknowledgement.  The faulty cell sends neither data nor acknowledgement but
indicates the need for reconfiguration.

For a cell downstream of one having a fault, the reconfiguration signal arrives via a
reconfiguration input (Figure 4).  The cell configuration once more determines those
that are active from the data inputs used by the functional unit.  The input
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reconfiguration signal cannot be used to select reconfiguration mode directly, but
must be gated as the cell may have receivers that have yet to acknowledge.  Where
this is the case, the cell will become idle once the send transaction completes.  This is
known as at least one upstream cell is in reconfiguration mode and so will send no
further data.  Alternatively a downstream cell may have been sent data, but will not
acknowledge as it is in reconfiguration mode (indicated via NOUT_R_I).  This second
possibility can arise where an output forms a feedback loop.  The downstream
reconfiguration logic, which is purely combinational, tests for both these situations
and gates the downstream input reconfiguration signal accordingly.

The reconfiguration signal for a cell upstream of one having a fault always arrives
through NOUT_R_I as the functional unit can only output through NOUT.  Here also,
the cell cannot be placed into reconfiguration mode directly.  From figure 3 it can be
seen that the upstream cell will have acknowledged its senders just after it sent the
data that caused the error.  The senders of the upstream cell can therefore revert to a
null data output because of the asserted acknowledgement line.  The upstream cell
must wait for all of its senders to have a null output as switching to reconfiguration
mode would otherwise prematurely remove the acknowledgement, violating the
communication protocol.  As the faulty cell will not have acknowledged the upstream
cell it cannot perform any further calculation.  Figure 3 shows that DS will become
low once all incoming data channels have a null code.  This signal is used by the
upstream reconfiguration logic, which is again combinational, to gate the
reconfiguration input appropriately.

In both upstream and downstream cases the cell will eventually enter
reconfiguration mode.  In turn, this cell will then propagate the reconfiguration signal
to its upstream and downstream cells.  Eventually all of the array�s active cells will be
in reconfiguration mode assuming the array forms a single circuit.

4.3 Reconfiguration � Physical Network

Unlike the logical reconfiguration network, whose topology is controlled by the data
flow, the physical network has the fixed compass-point configuration of figure 5.  The
physical network�s purpose is to ensure that the entire array has stopped processing
before reconfiguration takes place.  The distant interconnection possibilities of the bus
network allow the logical communication network topology to be radically different
from the physical.  However, physically neighbouring cells must be considered from a
reconfiguration point of view.  The faulty cell is evidently in the row that needs to be
removed during reconfiguration.  Therefore, when the faulty cell switches to
reconfiguration mode its physical reconfiguration logic is activated by the RECONF
signal.  The physical reconfiguration lines (x_ROW_R and x_COL_R) are configured
as a form of distributed AND gate.  These lines pass a signal from the west of the
array to the east as each column of cells switches to reconfiguration mode.  The cells
on the periphery of the array have external boundary connections to facilitate this
signal propagation.  Once all of the cells are in reconfiguration mode the lines pass a
signal back from the east of the array to the west.  This signal allows the array�s cells
to safely begin the process of row removal as all cells have stopped computation.
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Dual-rail reconfiguration fail signalling lines (x_REFAIL), without
acknowledgements, run along the length of each array row, one in each direction.
One of these acts as a form of distributed delay-insensitive OR gate that passes from
west to east.  The western edge of the array passes a false dual-rail code into the first
column of cells along the eastbound bus.  However, this code will not propagate any
further along until the cells have been signalled to indicate that the whole array is in
reconfiguration mode.  Once signalled, this distributed OR gate becomes active, each
cell reading the code from its western neighbour and providing a dual-rail encoded
output to the cell to its east.  For cells that have not failed the code word is simply
passed on.  However, for a failed cell a true code is always passed out to the east.

In this way a signal is propagated along the row from west to east, with the array
boundary returning the code along the westbound dual-rail line.  If any cell has failed
in that row a true dual-rail code word will be passed back.  This true code activates
the physical reconfiguration AFSM of each cell within a row requiring removal.
These cells each then act to control reconfiguration for their corresponding column.

The physical reconfiguration AFSM first drives BYPASS high (Figure 5).  This
causes the normal Y coordinate incrementer to be switched out and also sets the
BY_OUT signal, which overrides the configuration selection to make the cell logically
transparent from north to south (the bypass multiplexers are not shown in any of the
figures).  The coordinate change propagates northward to alter the coordinates of all
of the cells in the column above the failing row, leading to cells in the next spare row
being reconfigured for operation.  However, as the cells do not record their previous
coordinate, they have no simple way of observing that their location has changed.  For
this purpose a second Y coordinate datapath exists whose value initially remains
unaltered by the cells of the failing row.  The comparators can therefore detect this
difference and indicate via AC that an address change has occurred.

The AC_x signals run through the array from north to south and act as a distributed
AND gate for each column�s AC signals.  A cell in the row being removed will only
receive a high level on its AC_IN line once all of the cells above it in the column have
received the address change.  The physical reconfiguration AFSM can then set the
BYPASS_C signal to switch out the comparison coordinate incrementer.
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Once a lowered AC_IN signal is detected the DONE_x signal path is used to
determine if further rows have simultaneously failed.  If so, they reconfigure in the
same way.  Eventually the northernmost cell asserts its DONE_OUT signal.  This is
passed back along the CLR_x line to bring the cells out of reconfiguration mode.

Although the cells asynchronous nature would allow them to begin computation at
different times, all cells must leave reconfiguration mode before computation starts as
otherwise a further fault may occur before the reconfiguration scheme is ready to
respond.  The AFSMs therefore hold the DONE signals, and hence the
reconfiguration clear lines, high until all cells have come out of reconfiguration.  A
further distributed logic network, connected by x_ROW_RCLR and x_CLR_RCLR, is
used to indicate when this has occurred.  The array then restarts computation.

5 Simulation Results

The asynchronous embryonic array described has been simulated using VHDL. The
simulation is behavioural only at the lowest level, as is that of the previously
developed macromodule library.  This gives confidence that the array design can be
successfully implemented in the future.  A two-bit up/down counter has been used
before as an example circuit for embryonic arrays [2, 5].  The two-bit counter BDD
[2, 15] can be implemented using a two-column, three-row embryonic array.

Figure 6 shows the simulation output for an asynchronous two-bit up/down
counter.  A two-column, five-row array has been used to allow for reconfiguration.
The single asynchronous dual-rail input, Up/Down, determines the count direction
and also advances the count.  The most-significant bit of the counter output is
displayed by signal B, the least-significant by A.  All of the dual-rail signals are
shown as separate signals and as bus values, although their acknowledgement lines
are not displayed.  Formatted versions of the input signal and counter output are also
given.  These show the decoded dual-rail value and do not revert to a null state for
clarity.  The simulated fail signal, EXTFAIL, and configuration register of each cell is
also shown, as are the Y coordinates of cells in the first array column.

The counter can be seen to increment as the Up/Down input supplies data �1�
symbols.  A fault is injected to cell (2,1) at time X and reconfiguration can be seen to
occur shortly after.  Reconfiguration can been seen once again at time Y with the third
physical row being removed from operation, cell (1,3) having been made faulty.  Like
previous embryonic arrays the asynchronous design produces data output values that
do not follow the count sequence during reconfiguration [2], although the correct
asynchronous protocol is observed.  The array does resume normal operation
following reconfiguration, even though the reconfiguration process itself resets the
array�s state, and hence the count sequence.
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Fig. 6. Two-bit Up/Down Counter Simulation Waveforms

6 Conclusions and Further Work

Asynchronous signalling protocols and metastability have been briefly covered.  It
has been observed that practical embryonic systems have yet to use asynchronous
techniques at a fundamental level.  Scalability and reliability have been identified as
two areas where an asynchronous approach could be of benefit to embryonic systems,
in addition to the normal advantages of asynchronous design.

An asynchronous embryonic architecture based upon dual-rail macromodules has
been described.  The reconfiguration logic, which provides a fault-tolerance
capability, has been detailed.  The simulation�s design is similar to that of a
macromodule library that has been implemented using the Xilinx Virtex FPGA,
bringing the implementation of truly asynchronous embryonic circuits closer.

The simulation could be improved by making the address change logic more like
that used for physical reconfiguration set and clear.  Currently it is assumed that the
comparison coordinate logic will have been updated by the time all cells have left
reconfiguration mode.  Whilst this would be likely in any practical implementation
the extra logic and modifications are minor.  Future work will include implementation
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of the design presented using the Xilinx Virtex FPGA.  In addition, consideration will
be given to the possible problems that metastability may cause fault-tolerant systems.
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level, the bottom layer of our system, and concerns the implementation of fault
tolerant memory structures. We will therefore introduce the other levels and discuss
them only insofar as they are useful for a clearer understanding of our subject matter.

Fig. 2. Embryonics: the 4 levels of organization.

3 The Two Level Organization

3.1 The Cellular Level

As shown in Fig. 3, our artificial organisms are divided into a finite number of cells.
Each cell is a simple processor (a binary decision machine), which realizes a unique
function within the organism, defined by a set of instructions (program), which we will
call the gene of the cell. The functionality of the organism is therefore obtained by the
parallel operation of all the cells.

Cells are delimited by the existence of a cellular membrane, which is in fact an
automaton receiving its configuration at initialization time. The information specifying
the cellular membrane is known as polymerase genome, and it is part of the genome.
The dimensions of the cells are programmable, and the mechanism specifying the
cellular membrane is called space divider. The space divider extends its operations
also in the next, more basic level.
Each cell stores a copy of all the genes of the organism (which, together, represent the
operative part of our artificial genome, the operative genome), and determines which
gene to execute depending on its position (X and Y coordinates) within the organism,
implementing cellular differentiation. In Fig. 3 each cell of a 6-cell organism realizes
one of the six possible genes (A to F), but stores a copy of all the genes.
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Fig. 3. The multi-cellular organization of an organism.

3.2 The Molecular Level

As seen previously, our artificial organisms decompose into cells, which at their turn
decompose into molecules. The reasons for such implementation of our artificial cells
are detailed elsewhere [3, 9, 10]. As a programmable substrate of logic, the molecular
level is very suited to be implemented using FPGAs. In our case, Embryonics relies on
a new type of FPGA, called MuxTree (standing for tree of multiplexers). The
molecule is essentially a multiplexer and a D-type flip-flop, linked with the other
molecules via a set of programmable connections (Fig. 4). The bit stream configuring
the molecule (that is, the connections and the preset value of the flip-flop) is stored
into the configuration register CREG.

The unit containing the flip-flop is called the functional unit FU, and it provides
on-line self-testing and self-repairing. There exist 3 copies of the flip-flop and a
simple 2-out-of-3 majority mechanism ensures the fault tolerant operating of the unit.

The switch block SB drives the connections between molecules. Since
implementing fault tolerant techniques into the SB would greatly increase the size of
the actual implementation of the design, this unit does not provide any such
techniques.

4 Memory Structures

Our molecule was initially designed to be able to implement any combinational and/or
sequential machines, provided that a sufficient number of molecules were available.
But one of the issues raised by our cellular processors was the implementation of the
memory required to store the genome program. While capable of fulfilling this role,
conventional addressable memory systems present the handicap of requiring relatively
complex addressing and decoding logic. Embryonics also had as a disadvantage the
fact that one molecule could only store one bit with its functional unit. To store the
operative genome we therefore took into consideration other methods.
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In living cells, the genetic information is processed sequentially. Designing a
memory that is inspired by biology suggests a different type of memory, which we
called cyclic memory. Cyclic memory does not require any addressing mechanism.
Instead, it consists of a simple storage structure that circulates synchronously its data
in a closed circle, much as the ribosome processes the genome inside a living cell [1].

Fig. 4. Internal architecture of the artificial molecule.

The CREG�s extended role meant that molecules could operate in two modes, set
by special bits in CREG [14]. The first is the active mode, in which the molecule acts
in its initial way: it makes use of the FU and the SB. The second is the memory mode,
in which the molecule has two operating sub-modes: short memory (8 bits of CREG
are used for data storage) with only SB being active and long memory (16 bits of
CREG are used to store data) where neither SB nor FU are active. This was the chosen
way to enlarge the storage capabilities of one molecule in order to implement our
genome memory.

The molecules operating in either memory modes form rectangular memory
structures, the smallest possible such structure being a column composed of only two
molecules. There are data output ports at each molecule situated in the top row of the
structure. Similar to the way cells are separated from each other by the cellular
membrane, we implemented a programmable memory membrane that separates
different memory structures. This is to say in the same cell there can exist more than
one memory structure, with different shapes and sizes.

To describe the way our cyclic memory operates is not the purpose of this article, it
being described in detail in [14]. Until we opted for the cyclic memory architecture
the sole purpose of the configuration register CREG was to store the molecule�s
configuration. For this, an off-line self-testing technique at initialization time was
employed. However, adapting the cyclic memory extended its features and there is
need to also extend its fault tolerance to suit them, aspects discussed in the next
Section.
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5 Reliability and Fault Tolerance

The very essence of the Embryonics project is to deliver unprecedented reliability
through massive fault-tolerance achieved by bio-inspired design. As difficult as
reaching this goal might seem for us, engineers, nature found solutions to fault-
tolerance and perfected them throughout hundreds of millions of years. The choice of
trying to draw the best of its advantages into the world of silicon seems to be at least
worth trying.

Fig. 5. Self-repair at the cellular level.

Biological entities live continuously under environmental stress. Wounds and
illnesses resulting from such stress often cause incapacitating physical modifications.
Fortunately, living beings are capable of successfully fighting the great majority of
such wounds and illnesses, showing a remarkable robustness through a process that we
call healing. To reach similar features, a two-level mechanism for self-repair,
involving both the cellular and the molecular level is provided in Embryonics. What
follows is a description of healing at the cellular and molecular level and of the way
the two levels cooperate to produce a higher level of robustness than would be
allowed by a single level.

5.1 Self-Repair at the Cellular Level

The redundant storage of the entire genome in every cell is obviously expensive in
terms of additional memory. However, it has the important advantage of making the
cell universal, that is, potentially capable of executing any one of the functions
required by the organism. This property is a huge advantage for implementing self-
repair, the electronic equivalent of biological healing.

Since our cells are universal, the system can survive the "death" of any one cell
simply by re-computing the cells’ coordinates within the array, provided of course that
"spare" cells (i.e., cells which are not necessary for the organism, but are held in
reserve during normal operation) are available (Fig. 5).

Self-repair at the cellular level thus consists simply of deactivating the column
containing the faulty cell: all the cells in the column "disappear" from the array, that
is, become transparent with respect to all horizontal signals. More details about
cellular self-repair are provided elsewhere [6, 10, 14].



Embryonics: Artificial Cells Driven by Artificial DNA      107

5.2 Self-Repair at the Molecular Level

Killing a column of processors for every fault in the array represents a penalty we
wished to avoid and therefore a certain degree of fault tolerance at the molecular level
was introduced. Self-repair in an FPGA implies two separate processes: self-test and
reconfiguration. Of these two processes, self-test is undoubtedly the costliest, and we
adopted a relatively complex hybrid solution mixing duplication and fixed-pattern
testing [9] too complicated to be described here.

Fig. 6. Self-repair at the molecular level.

On the other hand, the homogeneous architecture of our FPGA simplifies
reconfiguration to a considerable extent [5, 7]. Since all molecules are identical, and
the connection network is homogeneously distributed throughout the array,
reconfiguration becomes a simple question of shifting the configuration of the faulty
molecule to its right (similarly to what happens during configuration, as shown in Fig.
6) and redirecting the array’s connections. This procedure can be accomplished quite
easily, assuming that a set of spare molecules is available. The determination of these
spare molecules is in fact one of the most powerful features of our system, since we
can exploit the space divider to dynamically allocate some columns as spares. The
position and frequency of spares can then be determined at configuration time, and the
fault tolerance of our FPGA becomes programmable (and can thus be adapted to the
circumstances and the operating conditions).

5.3 Self-Testing Memory Structures

The analysis of Ortega et al. [6] proves that the above strategies of self-repair provide
quite a robust architecture. However, when memory structures are employed, the off-
line self-testing features implemented in the configuration register (CREG), which is
the main memory unit, is insufficient for robust structures of this type. The technique
employed to test the CREG was sufficient only for molecules operating in active
mode, when the data stored by the CREG remains the same at any given moment. But
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when molecules are in one of the memory modes, the CREG continuously shifts its
data, thus being subject to failure. Therefore the implemented off-line self-testing
technique, which takes place at initialization time only does not cover memory data.

Fig. 7. The new memory implementation (A) and the DNA (B).

The biological DNA, with its two twisted helices (Fig. 7B), provides an intricate
means of storing information. As strange as it might seem, information encoded in the
DNA takes advantage of techniques used in the designing of fault-tolerant systems: the
information is redundant, it is coded in a digital way and it has error control
implemented. Each of the two DNA strands is composed of genes, that are strings
made of sequences of one of the four bases: A (adenine), T (thymine), C (cytosine)
and G (guanine). This is to say that DNA information is stored based on only four
characters � the four bases � thus proving the discrete manner of DNA encoding. The
error control is achieved by the existence of the second strand, which can be
considered as the complementary form of the first one. This is because the two strands
are in fact linked, and links can only be established between bases A and T, or C and
G. Actually, the robustness achieved is so remarkable, DNA can keep its information
unaltered in spite of UV radiations, EM fields and other natural stress.

It was discovered that cells have a variety of DNA polymerase enzymes that serve
for DNA repair [15]. Since any damage to the DNA would be lethal, biological cells
often spend much more energy repairing the DNA than synthesizing it. The correcting
process of DNA damage due to environmental effects or proofreading during
replication is, unsurprisingly, quite complicated; it assumes the detection of such
errors, cutting them out, and then using the remaining good strand as a template for
repair synthesis. So even if one strand becomes erroneous, it will be repaired based on
the complementary information provided by the second strand.

After all biological features described above, it would seem that Embryonics could
also draw some advantages for implementing an error control inside memory
structures. But designing a memory that would exhibit on-line self-testing and self-
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repairing is a difficult and very expensive task. From our standpoint, using even a
simple 2-out-of-3 majority function at the configuration register CREG level would
almost triple the amount of logic needed for a molecule.

Instead, we could use the two halves of the configuration register in a similar way
DNA uses two complementary strands. In memory mode, one molecule offers a
maximum of 16 bits of storage space (the long memory mode). It is possible to
provide fault detection by splitting the CREG in two halves and using them just like
the DNA strands: one half stores the complementary data of the other, at any given
moment a comparison between the contents of the two halves being made. Because
the storage data is continuously shifted [14] there is need only for a few logic gates to
be added onto the existing design. A XOR gate implements the comparison process
(Fig. 7A). This ensures the detection of any single fault at the expense of storage
space. Its correction still remains unsolved. This is somewhat similar to the situation
when the biological DNA suffers modifications. In the living cells, correct information
is retrieved using the neighborhood around the spotted fault and the complementary
strand. In our case, the neighborhood has usually no correlation with the fault, so the
data recovery seems not to be possible. In biological terms this is equivalent to non-
repairable DNA errors and these typically lead to the death of the cell. The policy
considered in the case of errors in the memory molecule is to activate the KILL signal
in order to deactivate the entire cell.

For example, instead of storing 16 bits of data, one memory molecule stores 8 bits
of data (M0) and 8 bits of complementary data (M0) as indicated in Fig. 7A. At each
clock cycle, the content of both M0 and M0 is shifted one position. Specifying the
memory mode a molecule may operate in is done through three CREG configuration
bits; there are 2 combinations still left unused, there is no problem implementing this
new memory mode, which we will call DNA memory mode. The presence of the
supplementary XOR gate in each molecule, supervising the correct shifting of data, is
similar to the existence of the A-T and C-G links between the DNA strands. If an error
occurs, the XOR gate will detect it and will forward its output to the KILL signal
generator that will trigger hierarchical mechanisms of reconfiguration and re-
initialization.

5.4 The KILL and UNKILL Mechanisms

As described in previous articles [9, 10, 14], the robustness of the self-repair
mechanism at the molecular level is programmable (through the frequency of columns
made of spare molecules). But even so, there are limits to the faults that can be
repaired at this level. With the continuous extending of the versatility of molecules,
such as introducing the memory modes, the existence of these limits is even more
obvious.

The KILL signal is simply generated whenever a non-repairable fault occurs (that
is, no more spare molecules are available). It propagates outwards from the non-
repairable molecule, rendering al molecules transparent to horizontal signals and thus
triggering the cellular-level self-repair briefly described in Subsection 5.1. In the case
of a fault being detected inside a memory structure, it being non-repairable, the KILL
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signal will also be generated and the whole cell will be �killed�, meaning that it will
cease to operate and will become transparent for the other cells.

In digital electronic systems, the majority of hardware faults that occur during
operation are in fact transient, that is, they disappear after some time. Based on this
observation we might be able to avoid the penalty induced by killing an entire cell due
to probably transient errors. This is to say that the parts of the circuit �killed� because
of the detection of a fault could potentially come back to �life� after a brief delay.
Detecting the disappearance of a fault and handling the �unkilling� at the cellular level
proved to be quite a simple task. A killed cell is transparent to the array; being reset,
nothing prevents us to resend once again the configuration stream that will restore the
functionality of the cell if a sufficient number of detected errors were transient. Since
the memory structures are configured in the very same way as the other molecules, the
unkilling mechanism does not require to be changed.

6 Conclusions

As a long-term research project, Embryonics is going well on track for many years
now. Throughout this time, we have been accumulating considerable experience and
were witnesses to the advent of technology that enabled us to actually experiment our
ideas. While we adapt continuously to the technological advances, it may be possible
that these advances will render some of our specific mechanisms obsolete. But with
self-replication [8] being one of the key issues in nanotechnology, we feel that our
efforts through the Embryonics project on creating and perfecting bio-inspired
computing systems are rewarded.

Though Embryonics is quite at an advanced stage, the technological limits prevent
us from experimenting with a great number of cells. A lot of work remains to be done
in this direction.
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Abstract. The Embryonics project is inspired by some of the basic pro-
cesses of molecular biology, such as the embryonic development of living
beings. Transposing these processes in to digital electronic integrated cir-
cuits, we design artificial organisms endowed with properties typical of to
the living world, such as self-repair and self-healing. In order to illustrate
the original features of the Embryonics project, we define the cellular and
molecular architecture of a giant artificial organism, the BioWatch. The
hardware implementation of a microprogrammed version of our watch
exploits a new reconfigurable tissue, the bio-inspired electronic wall or
BioWall.

1 Introduction

1.1 Embryonics = embryonic electronics

The Embryonics project (for embryonic electronics) is inspired by the basic pro-
cesses of molecular biology and by the embryonic development of living beings
[13], [3]. By adopting certain features of cellular organization, and by transpos-
ing them to the two-dimensional world of integrated circuits on silicon, we have
already shown that properties unique to the living world, such as self-replication
and self-repair, can also be applied to artificial objects (integrated circuits) [4].

Our final objective is the development of very large scale integrated (VLSI)
circuits capable of self-repair and self-replication. Self-repair allows partial re-
construction in case of a minor fault, while self-replication allows the complete
reconstruction of the original device in case of a major fault [4].

1.2 A bio-inspired watch: the BioWatch

In order to illustrate to the general public the original features of the Embryonics
project, we decided to realize a giant electronic watch capable of self-repair
and self-healing. In addition to its pedagogical virtues, this project introduces
a new concept, the reconfigurable computing tissue, that binds tightly together
reprogrammable logic circuits (FPGAs), input units (touch-sensitive buttons)
and output units (LED-matrix displays).

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 112–127, 2001.
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Conception, birth, growth, maturity, illness, old age, death: this is the life
cycle of living beings. The proposed demonstration will stage the life cycle of
the BioWatch from conception to death. Visitors will face a large wall made up
of a mosaic of many thousands of transparent electronic modules or molecules,
each containing a display. At rest, all the modules will be dark. A complex set of
signals will then start to propagate through the space (conception) and program
the modules to realize the construction of a beating electronic watch (growth).
Visitors will then be invited to attempt to disable the watch: on each molecule,
a push-button will allow the insertion of a fault within the module (wounding)
or its removal from the module (healing). The watch will automatically repair
after each aggression (cicatrization). When the number of faults exceeds a critical
value, the watch dies, the wall plunges once more into darkness, and the complete
life cycle begins anew.

The first part of this paper is devoted to a macroscopic description of the
Biowatch project. Section 2 describes the two architectural features of our arti-
ficial organism: multicellular organization (the organism consists of an array of
identical physical elements, the cells) and cellular differentiation (each cell con-
tains the complete blueprint of the organism, that is, its genome, and specializes
depending on its position within the array). While maintaining the correct time,
our multicellular organism is capable of self-repair (it can automatically replace
one or more faulty cells) and self-healing (it can automatically recover one or
more cells, should the fault disappear).

The microscopic structure of the cell relies on three fundamental features:
multimolecular organization (the cell is itself decomposed into an array of physi-
cally identical elements, the molecules), molecular configuration (the boundaries
between cells and the position of spare molecules are defined thanks to a cellular
automaton), and fault detection within each molecule leading to the self-repair
of the cell (through the replacement of the faulty molecules). This structure is
described in the second part of this paper (Section 3). The current implementa-
tion of our reconfigurable computing tissue, the BioWall (bio-inspired electronic
wall), forms the core of Section 4, which constitutes in fact a description of the
molecular level of our system.

This paper presents a firmware implementation of the bio-inspired electronic
watch based on an array of small processors. A fully hardware implementation
of this watch is reported elsewhere [10].

2 BioWatch’s macroscopic description: an artificial
organism

In the framework of electronics, the environment in which our quasi-biological
development occurs consists of a finite (but as large as desired) two-dimensional
space of silicon. This space is divided into squares or cells. Since such cells (small
processors and their memory) have an identical physical structure, i.e. an identi-
cal set of logic operators and of connections, the cellular array is homogeneous.
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As the program in each cell (our artificial genome) is identical, only the state of
the cell, i.e. the contents of its registers, can differentiate it from its neighbors.

Our artificial organism is designed to count and display hours, minutes, and
seconds, from 00h00’00” to 23h59’59”. The input signal used for synchronizing
the units of seconds is delivered by wireless broadcast.

2.1 Multicellular organization

Multicellular organization divides the artificial organism (ORG) into a finite
number of cells (Figure 1), where each cell (CELL) realizes a unique function,
defined by a sub-program called the gene of the cell. The same organism can
contain multiple cells of the same kind (in the same way as a living being can
contain a large number of cells with the same function: nervous cells, skin cells,
liver cells, etc.). Moreover, each cell is associated with some output state.

21 3 4

CELL
gene ORG

BioWatch

2
3

mod
10/4
mod

3
6

mod

5
10

mod

9
6

mod

5
10

mod

9

5 6X=

hours minutes seconds

Fig. 1. Multicellular organization of the BioWatch organism. In this example,
BioWatch displays 23h59’59”.

Our BioWatch is thus a one-dimensional artificial organism implemented
with six cells and featuring four distinct genes (“mod 10” for counting the units
of seconds or minutes, “mod 6” for counting the tens of seconds or minutes,
“mod 10/4” for counting the units of hours depending on the value of the tens
of hours, and “mod 3” for counting the tens of hours). The output state is the
current value of the elapsed time and varies from 0 to 9 (for units of seconds,
minutes, and hours), from 0 to 5 (for tens of seconds and minutes), and from 0
to 2 (for tens of hours).

2.2 Cellular differentiation

Let us call operative genome (OG) a program containing all the genes of an
artificial organism, where each gene is a sub-program characterized by a set of
instructions and by the position of the cell (its coordinates X, Y ). Figure 1 then
shows the operative genome of BioWatch, with the corresponding horizontal
(X) coordinate; the vertical (Y ) coordinate can be ignored in this particular
unidimensional case. Let then each cell contain the entire operative genome OG
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(Figure 2a): depending on its position in the array, i.e. its place in the organism,
each cell can interpret the operative genome and extract and execute the gene
which defines its function.

1 2

6 1010/43

3 4

OG

5
6 1010/43

2
6 103

3
6 1010/43

9
6 1010/43

5
6 1010/43

9

X= 5 6

10/4

(a)

CELL[X]CELL[WX]

(b)

Fig. 2. Cellular differentiation of the BioWatch organism. (a) Global organization;
OG: operative genome (genes and coordinates). (b) Central cell CELL[X] with its
west neighbor CELL[WX].

In summary, storing the whole operative genome in each cell makes the cell
universal: given the proper coordinates, it can execute any one of the genes of
the operative genome and thus implement cellular differentiation. In our artifi-
cial BioWatch, any cell CELL[X ] computes its coordinate X by incrementing
the coordinate WX of its neighbor immediately to the west (Figure 2b). Any
cell CELL[X ] can thus be formally defined by a set of modulo-counting sub-
programs (its operative genome OG) and by its coordinate X . In the case of
BioWatch, we have the operative genome of Figure 3.

X = WX+1
case of X:
  X = 1: count_mod_3     (tens of hours)
  X = 2: count_mod_10/4  (units of hours)
  X = 3: count_mod_6     (tens of minutes)
  X = 4: count_mod_10    (units of minutes)
  X = 5: count_mod_6     (tens of seconds)
  X = 6: count_mod_10    (units of seconds)
end case

OG: operative genome

Fig. 3. The operative genome OG of the BioWatch organism (first part).
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2.3 Self-repair and self-healing properties

In order to implement self-repair and self-healing, we need to add spare cells
(SC) to the right of the original unidimensional organism (Figure 4). These cells
are defined by the coordinate X = 7.

X=

3 10/4 6 10

ORIGINAL ORG

6 10 t 6

1 2 3 4 5 6

X= 1 2 3 4 5

SPARE CELLS

REPAIRED ORG REPAIRED ORG

KILL=1

SCAR SPARE CELL

2 3 5 9 5 9

7 7

SC SC

10/4
3

3
2

6
5

10
9

6
5

10
9 SC

6 7

Direction of self-repair

Fig. 4. Self-repair of the 6-cell BioWatch organism with two spare cells and one faulty
cell; SC = spare cell.

The existence of a fault is detected by a KILL signal which is produced
at the cellular level (see Section 3). The state KILL = 1 identifies the faulty
cell which is deactivated (column X = 4 in Figure 4). All the functions (X
coordinate and gene) of the cells at the right of the column X = 3 are shifted by
one column to the right. Obviously, this process requires as many spare cells, to
the right of the array, as there are faulty cells to repair (two spare cells tolerating
two successive faulty cells in the unidimensional example of Figure 4). It also
implies that the organism must have the capability of bypassing the faulty cell
and to divert to the right all the required signals (such as the operative genome
and the X coordinate, as well as the data busses).

The disappearance of the KILL signal (KILL = 0) means that the faulty
cell (column X = 4 in Figure 5) has recovered all its functionalities at the cellular
level and can be reactivated. All the coordinates and the genes of the cells at its
right are then shifted by one column to the left and our organism possesses two
spare cells again. While performing the self-repair and self-healing processes, the
BioWatch maintains the correct time (23h59’59” in Figures 4 and 5).

3 BioWatch’s microscopic description: the artificial cells

In each cell of every living being, the genome is translated sequentially by a
chemical processor, the ribosome, to create the proteins needed for the organ-
ism’s survival. The ribosome itself consists of molecules, whose description is an
important part of the genome.
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Fig. 5. Self-healing of the 6-cell BioWatch organism after a faulty cell is recovered.

As mentioned previously, in the Embryonics project each cell is a small pro-
cessor or binary decision machine, sequentially executing the instructions of our
artificial genome, the operative genome OG (Figure 3). The need to realize or-
ganisms of varying degrees of complexity has led us to design an artificial cell
characterized by a flexible architecture, that is, itself configurable. It will there-
fore be implemented using a new kind of fine-grained field-programmable gate
array (FPGA). We will illustrate the use of this FPGA through the design of
the current cell of our BioWatch, a shift binary decision machine.

3.1 Multimolecular organization

Each element of our FPGA is then equivalent to a molecule, and an appropri-
ate number of these artificial molecules allows us to realize application-specific
processors. We will call multimolecular organization the use of many molecules
to realize one cell.

A consequence of our choices is that we require a methodology to generate,
starting from a set of specifications, the configuration of our FPGA, consisting
of a homogeneous network of molecules, defined by an identical architecture and
a usually distinct state (the molecular code, or MOLCODE).

To fulfill this requirement, we have selected a particular representation: the
ordered binary decision diagram (OBDD) [1], [2], [7]. This representation, with
its well-known intrinsic properties such as canonicity, was chosen for two main
reasons.

1. It is a graphical representation which exploits well the two-dimensional space
and immediately suggests a physical realization on silicon.

2. Its structure leads to a natural decomposition into molecules realizing a logic
test, easily implemented by a multiplexer.

The reconfigurable molecule, henceforth referred to as MUXTREE (for multi-
plexer tree), consists essentially of a programmable multiplexer (with one control
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variable), a D-type flip-flop, and a switch block allowing all possible connections
between two horizontal and two vertical long-distance busses. The behavior of a
MUXTREE molecule, described in detail elsewhere [6](pp. 135-143), [4], is com-
pletely defined by a molecular code organized as a 20-bit data MOLCODE19 : 0,
itself stored in a configuration register CREG. Depending on the value of a 1-
bit operation code OPC, the MUXTREE molecule can be used in two basically
different modes.

1. The logical mode (OPC = 0), in which all the logic functions (multiplexer,
D-type flip-flop) and all the connections are activated.

2. The memory mode (OPC = 1), in which part of the configuration register
CREG (the eight bits MOLCODE7 : 0 or the sixteen bits MOLCODE15 :
0) becomes a shift register that will be used in the implementation of the
shift memory of the processor.

Our artificial cell embeds a special kind of binary decision machine, a shift
binary decision machine [6](pp. 259-265), with a shift memory capable of storing
128 12-bit micro-instructions for the operative genome OG. Assembling eight
such cells allows us to realize the current version of BioWatch (Figure 4). The
specifications of the organism are described in the program of Figure 3. The
operative genome OG consists of four distinct genes whose execution depends
solely on the X coordinate. A fifth gene is needed only to identify the cells which
are spare cells (SC).

The shift binary decision machine is specially designed to fit into an array
of MUXTREE molecules: due to the difficulty of embedding a classic random
access memory (RAM) in such an array (mainly due to the excessive number of
molecules needed for decoding the RAM address), the actual program memory,
or shift memory, consists of shift registers implemented using the MUXTREE
molecules in memory mode.

Figure 6 shows the final BioWatch cell, connecting the shift binary deci-
sion machine SBDM and the shift memory SMEM. This structure involves the
following hardware resources:

– a 7-bit current time register REG(Q1 : 7);
– a 7-bit duplicate time register REG(D1 : 7);
– a 3-bit coordinate register REG(X2 : 0);
– a 1-bit test register REG(T );
– a 1-bit healing register REG(H);
– a 1-bit ripple count circuit RCC(RC).

The 7-bit coding of the time data is chosen in order to insure full compatibility
with a 7-segment display. The operative genome OG also includes a control part
that regulates the operations executed by the registers (Figure 7). As shown in
the figure, these operations depend on the values of the test and healing bits of
the cell itself (T , H), of the first neighboring cell to the west (WT , WH), and
of the first neighboring cell to the east (EH). In the normal time counting mode
(WH = 0, H = 0, WT = T ′), the duplication of the current time is effected
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REG(Q1:7)

REG(D1:7)

REG(X2:0)

REG(T)

REG(H)

RCC(RC)

WT
WH

RC

WX2:0

WQ1:7
Q1:7

T
H

C

X2:0

Q1:7
EQ1:7

SBDM

SMEM

OG: operative genome

CELL

EHH

Fig. 6. Block diagram of the BioWatch artificial cell; SBDM: shift binary decision
machine; SMEM: shift memory.

at each program execution cycle (Figure 8). When a faulty cell is detected by
its right-hand neighbor (WH = 0, H = 0, WT = T ), a multicycle self-repair
process (Figure 9) sequentially copies the duplicate time and thus allows our
BioWatch to maintain the current time. When the faulty cell recovers (H = 1),
a multicycle self-healing process (Figure 10) shifts the current time sequentially
back to the left.

case of WH,H,EH:
  WH,H,EH = 00-:
  case of WT,T:
    WT,T = 00:   Q = D
                 T = 1
    WT,T = 01:   D = WQ
    WT,T = 10:   D = WQ
    WT,T = 11:   Q = D
                 T = 0
  end case
  WH,H,EH = 011: D = EQ
                 Q = D
                 H = 0
  WH,H,EH = 1--: H = 1
end case

OG: operative genome

Fig. 7. The operative genome OG of the BioWatch organism (second part).

Based on the OBDD decomposition of its resources, the MUXTREE imple-
mentation of the BioWatch artificial cells leads to the 24×25 array of molecules
shown in Figure 11. As can be seen in the center of the figure, the 7-segment
display of the current time data is part of the array. This is done in order to take
full advantage of the reconfigurable computing tissue introduced in Section 4.
The seven lower rows of the MUXTREE implementation constitute the 128×12-
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Fig. 8. Duplication of the BioWatch’s current time (when T �= WT then D becomes
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Fig. 9. Time-preserving self-repair process of the BioWatch organism (when T = WT
then Q becomes D).

bit shift memory SMEM needed to store the 126 12-bit word instructions of the
complete operative genome (Figures 3 and 7).

To sum up, multimolecular organization divides finally the BioWatch artificial
cell, our shift memory binary decision machine, into a finite number of molecules
(600), where each molecule is defined by a unique configuration, its molecular
code MOLCODE19 : 0. The ribosomic genome (RG) is then the sum of the 600
MOLCODEs of the 600 active MUXTREE molecules.

3.2 Molecular configuration

The information contained in the MOLCODE defines the logic function or the
memory contents of each molecule. To obtain a functional cell, i.e. an assembly of
MUXTREE molecules, we require two additional pieces of information, defining
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Fig. 10. Time-preserving self-healing process of the BioWatch organism (when
WH,H,EH = 011 then D and Q become EQ).

the physical position of each molecule within a cell and the presence and position
of the spare columns required by the self-repair mechanism (Subsection 3.3).

The mechanism which we have adopted consists of introducing in the FPGA
a regular network of automata (state machines) called space divider [6], [11], [12].
We call polymerase genome PG the sequence of states that needs to be applied
to the lower left hand automaton in order to divide the entire space into cells.
If the states C, V , and H represent respectively corner, vertical, and horizontal
boundaries, the sequence:

PG = C, V ∗ [h − 1], H ∗ [w − 1], C, ... (1)

defines a cell h molecules high and w molecules wide. In this relation, where
the notation X ∗ [n] represents the state X repeated n times, the presence of
spare columns is indicated by replacing one or more occurences of H by S. The
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Fig. 11. The 24× 25 = 600 MUXTREE molecule array implementing the BioWatch’s
artificial cell; the seven lower rows of molecules constitute the 128×12-bit shift memory.

BioWatch artificial cell shown under construction in Figure 12 with two columns
of spare molecules results therefore from a cycle of the following states:

PG = C, V ∗ 24, H ∗ 7, S, H ∗ 8, S, H ∗ 8, S, C, ... (2)

The details of the design of the space divider are described elsewhere [4].

3.3 Molecular fault detection

The specification of the molecular self-repair system must include the following
features:

– it must operate in real time, in response to the activation of the push-button
included in each molecule;

– it must preserve the memorized values, that is, the state of the D-type flip-
flop and the MOLCODE of each molecule;

– it must assure the automatic repair at the cellular level;
– in case of multiple faults, it must generate a global signal KILL = 1 that

activates the suppression of the cell and starts the self-repair process of the
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PG time = 102 PG time = 153PG time = 76

PG time = 25 PG time = 51PG time = 0

Fig. 12. The BioWatch’s space divider (height=25, width=27, 1 spare column out of
9).

complete organism, or KILL = 0 which activates the self-healing process
(Subsection 2.3).

To meet the specifications, and in particular the requirement that the hard-
ware overhead be minimized, our self-repair system exploits the programmable
frequency and distribution of the spare columns (Subsection 3.2) by limiting
the reconfiguration of the array to a single molecule per line between two spare
columns (Figure 13). This choice allows us to minimize the amount of logic re-
quired for the reconfiguration of the array, while keeping a more than acceptable
level of robustness.

column
spare

active molecule

faulty molecule

spare molecule

Fig. 13. The self-repair mechanism for an array of MUXTREE molecules.
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4 Conclusion: toward a bio-inspired electronic wall
(BioWall)

The BioWall (bio-inspired electronic wall) [5] is an ongoing project in our labo-
ratory. This wall is intended to be a reconfigurable computing tissue capable of
interacting with its environment by means of a large number of touch-sensitive
elements coupled with two-color LED displays. Figure 14 shows a prototype of
its hardware implementation. The 200× 25 = 5000 molecules of its final imple-
mentation will allow us to configure the six cells of our BioWatch organism and
two extra spare cells. Each molecule is made up of a transparent touch-sensitive
element, a two-color 8 × 8 dot-matrix LED display, and a reconfigurable Xilinx
Spartan XCS10XL FPGA circuit (Figure 15). Within the molecule, the trans-
parent touch-sensitive element and the LED display are physically joined by an
adhesive film. As each of the molecules provides the same connections to its four
direct neighbors, the BioWall is homogeneous and fully scalable.

In the BioWatch application (Figure 16), the touch-sensitive element of the
BioWall molecule acts as a push-button used to render the molecule faulty or
healthy again. The LED display shows the boundaries, the spare columns and
the current time of the cell, as well as the faulty or healthy state of the molecule.
The configuration of the Xilinx FPGA implements all the MUXTREE molecule
specifications in the BioWwall molecule.

The programmable robustness of our system depends on a redundancy (spare
molecules and cells) that is itself programmable. This feature is one of the main
original contributions of the Embryonics project. It makes possible to program
(or reprogram) a greater number of spare molecules and spare cells for opera-
tion in hostile environments (e.g., space exploration). A detailed mathematical
analysis of the reliability of our systems has been carried out at the University
of York [8], [9].

With respect to this design process, the programming of the molecular array
of MUXTREE elements, our reconfigurable tissue, takes place in the following
order.

1. The polymerase genome (PG) is injected in order to set the boundaries
between cells and define the spare columns.

2. The ribosomic genome (RG), i.e. the string of 24× 25 = 600 MOLCODEs,
is injected in order to configure the BioWatch cell and to fix the final archi-
tecture of the shift binary decision machine inside the cell.

3. The operative genome (OG) is stored within the shift memory of each cell
in order for it to execute the counting, repairing, and healing specifications.

Echoing biology, we have faced complexity by decomposing the organism
into cells and then the cells into molecules. This decomposition implies three
configuration steps: the polymerase genome organizes the space by defining the
cells’ boundaries, the ribosomic genome defines the architecture of each cell as
an array of molecules, and finally the operative genome makes up the program
that will be executed by the cellular processors to accomplish the required task.
The Latin motto “divide and conquer” maintains its relevance even today.
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Fig. 14. The present BioWall prototype consisting of about 80 × 25 = 2000 molecules
(Photograph by A. Herzog).
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Abstract. Inspired by biological development where from a single cell,
a complex organism can evolve, we are interested in finding ways in
which artificial development may be introduced to genetic algorithms so
as to solve our genotype challenge. This challenge may be expressed in
terms of shrinking the genotype. We need to move away from a one-
to-one genotype-phenotype mapping so as to enable evolution to evolve
large complex electronic circuits. We present a first case study where we
have considered the mathematical formalism L-systems and applied their
principles to the development of digital circuits. Initial results, based on
extrinsic evolution, indicate that our representation based on L-systems
provides an interesting methodology for further investigation. We also
present our implementation platform for intrinsic evolution with devel-
opment, enabling on-chip evaluation of grown solutions.

1 Introduction

The field of evolvable hardware promises many possibilities within optimisation
and exploration of new circuit designs apart from one missing factor – scalabil-
ity. Scalability is the property of a method or solution to keep on performing
acceptably when the problem size increases. In our case, acceptable performance
may be said to be a non-exponential resource increase and performance decrease.
Our problem domain is the evolution of electronic circuits. We have seen in re-
cent years that small electronic circuits may be evolved successfully [1,2,3,4].
However, complex circuits are still beyond our reach.

The scalability problem is due to the resource-greedy nature of evolutionary
techniques. Generally in EHW, a one-to-one mapping has been chosen for the
genotype-phenotype transition. This means that the genotype needs to include
all the information required for the phenotype i.e. configuration data to program
the device. The larger the circuit to be evolved, the more logic and routing
information required. As the complexity of the genotype increases, so increases
the computational and storage requirements.

A solution to this problem is to shrink the genotype in some way. This may
be stated as the genotype challenge, finding new forms of representation for
� The authors names are given in alphabetical order
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evolving complex circuits. In this work we are interested in investigating ways
in which development may be combined with genetic algorithms so as to enable
smaller genotypes to evolve complex circuit designs.

Turning to biology, the biological development stages of pattern formation,
morphogenesis, cell differentiation and growth (see section 3) provide us with
pointers as to the principles that should be included in a design methodology
for artificial development. Many alternative methodologies are possible. As a
first case study, we consider L-systems [5] which may be said to be based on
differentiation and growth through rules for changes and growth. Our goal is
to adapt L-systems to developing digital circuits within the constraints of our
technology, a virtual EHW FPGA [6] and then map our virtual EHW FPGA to
Xilinx Virtex. A genetic algorithm will be used in combination with L-systems
to evolve a final solution using intrinsic evolution. The work presented herein is
a first attempt at using L-systems in combination with a genetic algorithm to
achieve growth on a digital platform.

The paper is laid out as follows. In section 2 we introduce other work in the
field and our motivation for selecting the given representation. Since much of
this work is focused on biological development we give a brief introduction to
biological development in section 3. L-systems are described in section 4. Our
virtual EHW FPGA is briefly described in section 5. In section 6, we discuss and
present our adaptation of L-systems to digital circuits. Section 7 presents our
experimental platform and section 8 presents our initial results. Ongoing and
further work is described in section 9.

2 Background and Motivation

To solve the genome complexity issue and enable evolution of large complex cir-
cuits, the need to move away from a one-to-one genotype-phenotype mapping is
becoming generally accepted. We can expect newer features such as incremental
evolution [7],’divide and conquer’ [8] or growth [9] to become more common in
the work within the field of EHW so as to attack the representation problem.

In the past two to three years, researchers in the field of both software and
hardware evolution have begun to look again at biology to gain better insights
into improving existing techniques.

Inspired by biological development before differentiation, a new family of
fault tolerant FPGAs are being developed at York [10]. Each cell can take over
the functionality of a faulty cell as it possesses a complete copy of the “genome”.
To achieve the degree of flexibility required when any cell can have any function,
reconfigurable technology may be said to be a requirement. This is especially
the case since the cellular structure varies as a function of the application [11].

Cellular encoding [12] is a well-defined formal approach based on biological
development. This approach may be used to build complex systems by encoding
the cell types, timing of cell division and changes in links involving the cell [13]
This methodology is a variation of genetic programming [14].



130 P.C. Haddow, G. Tufte, and P. van Remortel

The work of Mjolsness et al [15] focuses on software modelling of morpho-
genesis in plants to better understand the morphogenesis stage of development.
The long term goal of this work is not just single electronic circuits but more
towards much more complex systems such as self-sustaining space industry.

One of the reasons for this interest in biology is due to a move from optimi-
sation to exploration [16]. That is from improving existing solutions to finding
novel solutions. If we want to explore for novel solutions one approach is to pro-
vide knowledge-poor representations and give evolution a greater area of freedom
to explore for solutions [16]. In a knowledge-poor representation we allow evolu-
tion to find solutions that we haven’t thought of ourselves. Using knowledge-rich
representations we lead evolution to solutions where we think they can be found
and in this way limit the search space of evolution to our own specified search
space. Using context insensitive L-systems for the representation may be said to
be a form of knowledge-poor representation.

To enable growth, one solution is to follow the working of DNA and combine
rules into our representation. That is, the genotype includes rules telling how,
where and which gene i.e. component in a component representation, should
grow to develop a solution [17]. In DNA, instructions fire and suppress other
instructions in an increasingly more complex network of activations. L-systems
are a mathematical formalism based on this concept.

In this work our goal is to shrink the genotype. Shrinking the genotype effec-
tively moves the complexity problem over to the genotype-phenotype mapping
thus increasing the complexity of the mapping. However, in [6], we proposed a
solution to this complex mapping problem which includes splitting the mapping
process into two stages using a virtual EHW FPGA as the bridge between the
genotype and the phenotype. The mapping from the virtual EHW FPGA to a
physical FPGA is a simpler mapping as both architectures are based on FPGA
principles. The development process itself is the first stage of the mapping. In-
stead of developing to our complex organism (phenotype) we are developing to
a simpler organism the intertype i.e. the configuration data for our virtual EHW
FPGA.

3 Biological Development

Biological development enables complex organisms to be built in a robust way.
What are the features of this reliable system design?

An initial unit, a cell, holds the complete building plan (DNA). It is important
to note that this plan is generative – it describes how to build the system,
not what the system will look like. Units have internal state, can communicate
locally, can move, spawn other units or die. Groups of units may also exhibit
group-wise behaviour i.e. a group state.

The global developmental stages from the zygote (fertilised egg) to the mul-
ticellular organism, although interdependent and not strictly sequential, may be
categorised as pattern formation; morphogenesis; cell differentiation and growth.
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During pattern formation cells are organised in different regions according
to their cell types (set of cells with the same gene activity pattern) in order to
become distinct parts (body segments) of the eventual organism. One could say
that this is a group-wise change of state due to activation of certain codes after
local communication or reaction to globally available signals.

Some cells may change shape (expand/contract) exerting a force on other
cells. This process is termed morphogenesis and is crucial in the formation of
general shape in the organism.

The differentiation process is where cells become structurally and function-
ally different from each other. This includes both intra-cellular factors (cell lin-
eage) and inter-cellular interactions (cell induction).

The final step is growth. This is the true enlarging of the almost completely
formed organism. This is achieved by multiple cell divisions and expansions.
During growth, programmed cell death or apoptosis can help generate special
structures like fingers and toes from continuous sheets of tissue.

4 L-systems

An L-system is a mathematical formalism used in the study of biological de-
velopment. One of the main application areas is the study of plant morphology.
Phenotypes are branching structures attained through the derivation and graph-
ical interpretation of the development process, described by a set of rules. The
rules describe how the development should grow and specialise and interpreta-
tion of the development itself enables morphogenism to be studied.

An L-system is made up of an alphabet, a number of ranked rules and a start
string or axiom. Applying a rule means finding targets within the search string
which match the rule condition. This condition is a pattern on the left hand side
(LHS) of the rule. This condition is also a string and the string is made up of
elements from the alphabet. Firing the rule means replacing the targets, where
possible, with the result of the rule i.e. the right hand side (RHS) of the rule. A
more complete description of rule replacement may be found in section 6.2.

Firing of the rules continues until there are no targets found for any rule
or until the process is interrupted. In the context of genetic algorithms, the
axiom and the associated rules are the genotype and the developed string is the
phenotype.

5 Virtual EHW FPGA – Sblock Architecture

The Virtual EHW FPGA contains blocks – sblocks, laid out as a symmetric
grid where neighbouring blocks touch one another. There is no external routing
between these blocks except for global clock lines. Input and output ports en-
able communication between touching neighbours. Each sblock neighbours onto
sblocks on its 4 sides. Each sblock consists of both a simple logic/memory com-
ponent and routing resources. The sblock may either be configured as a logic or
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memory element with direct connections to its 4 neighbours or it may be config-
ured as a routing element to connect one or more neighbours to non-local nodes.
By connecting together several nodes as routing elements, longer connections
may be realised. A detailed description of the sblock architecture may found
in [6] and a discussion around evolution requirements leading to this structure
are given in [18].
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Fig. 1. Sblock Configuration : An OR gate (OR) and Routing from the West (R)

The main element of an sblock is its 5 input LUT. Configuration of the
sblock consists of configuring the response to the inputs of the LUT. With a
5-input LUT, 32 configuration bits are required. The sblocks are programmed
as either logic or routing blocks. Figure 1 illustrates the response for a logic
– two input OR gate (OR), and a routing – west router (R) sblock. For logic,
the output response programmed reflects the active inputs and the functionality
of the LUT. Looking at the LUT contents it can be seen that the OR gate of
the north and south inputs is achieved by ignoring the west and east inputs. For
routing, only one input is active, the others are don’t care. In the example given,
a west routing sblock is indicated as the response matches the west input.

The configuration string of the sblock architecture consists of all the sblock
configurations (32 bits), starting at the top left hand corner and crossing the
grid a column at a time. That is, for a 16x16 grid, the configuration string will
consist of 32x16x16 bits.

6 Development

As stated in section 2, a knowledge-poor representation may free evolution to
explore for solutions in a large search space. Our interpretation of knowledge-
poor in an L-system context, is that the rules do not have any chosen meaning
with respect to improving connectivity or logic. Also the rules are not context-
sensitive, relying on neighbouring sblock information. During evolution, the rules
themselves evolve.
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The application of the rules to the developing intertype has been designed
with determinism in mind. As such, the individual representation provides a
reliable representation of the resulting phenotype.

We have added technology constraints where our intertype technology is the
virtual EHW FPGA. Following the principles of biological development and
treating an sblock as a cell, then growth steps are limited to 32 bit sblocks i.e.
a complete cell. As any other developing organism we wish to introduce shape
and our goal is the shape of an sblock architecture – a grid. Therefore growth
is limited to the grid size chosen for our virtual EHW FPGA. Change rules
both effect connectivity of the architecture – in biological terms communication
between cells, as well as functionality – specialisation.

6.1 Change and Growth Rules

There are two types of rules: change and growth rules. Figure 2 illustrates part
of the rule list used in the experiments of section 8. Change rules have a RHS
string of equivalent length to their LHS string. This is to avoid any growth due
to the application of a change rule. These rules are ranked from the most to the
least specific, as shown. The growth rules are given a random priority and ranked
accordingly. In this example change rules have been ranked before growth rules.
It may be noted that since these rules are random generated and then evolved,
more than one rule may have the same LHS. A don’t care feature, typical of
digital design, has been introduced to the change rule concept. Don’t cares are
represented by a 2, as shown. To retain determinism don’t cares are only allowed
on the LHS of a change rule.

1 - 21200110101212 -> 10110100001110
2 - 000012110111 -> 100001110011
3 - 010121121222 -> 100100010100
4 - 2220021022 -> 0111001110
5 - 01001 -> 00101110011101100110000000100111
6 - 10111 -> 10010111000111010101000110010110
7 - 01011 -> 10101100111111011101100100011100
8 - 10101 -> 01011110111001100100001011101010
9 - 00011 -> 11111011001000011001011001101010
10 - 01011 -> 10111101001010010011011110000101
11 - 01110 -> 11010001001000110101011001000001
12 - 01100 -> 11111100101100111000101010111001

Fig. 2. Change and Growth Rules

Through change rules, the contents of one or more sblocks are changed. A
change rule targets the locations in the intertype where the string on the LHS
matches. Firing the rule means replacing this string at the different targets with
the RHS of the rule. The LHS string may be found within a single sblock or
overlapping two or more sblocks as illustrated in figure 3.
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Change Rule
011011 011010

31 0 31 0

8 0

Target in one Sblock

Target in two Sblocks

31 9 8 0 31 9

One Sblock

Sblock 1 Sblock 2

Growth Rule
1110 hex 5D72CD12

Target

31 0
Seed Array

Si
Si

Seed Array

Si[3:0]

SJ

Si[7:4]

Sblock Array

Si

Sblock Array

Si

SJ

Fig. 3. Applying Change and Growth Rules

As illustrated in figures 3, each sblock has an associated seed. If a seed in
the array matches the LHS of a growth rule then this means that the associated
sblock is a target for the growth rule. If there is no available space to grow
into i.e. the sblock is surrounded by configured sblocks, then there will be no
growth at this point. Firing the growth rule means placing an sblock in the
first free location according to the priority rule : north, south, west and then
east. In introducing a new seed it is important that determinism is maintained.
Therefore, the new seed is given the first 4 bits of the sblock which was targeted
and its bits 5 to 8 are used to replace its own seed. As shown, the new sblock is
configured by the RHS of the growth rule.

6.2 Rule Firing Sequence

To ensure fairness, we propose firing the rules in batches. The rules are still
ordered from the most to the least specific but all rules will have a chance of
firing before a given rule can fire again.

Figure 4 illustrates this firing sequence. Once any rule in the batch has fired
on a target then no other rule can fire on the same target area. As such, these
target areas are reserved for the remainder of the current firing batch, as il-

Update String  (reserved:     )
Inputs Outputs

011011 011010

Intertype (target:      )

Rule 1

00001 01111
Rule 2

001 011
Rule n

Fig. 4. Rule Firing Sequence
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lustrated in what is termed the update string. The default value of the update
string is the configuration of the input and output sblocks.

We assume, as shown, that rule 1 (the top ranked rule) has found targets
in the intertype i.e. matching strings to its LHS. However, checking the update
string, one of its targets can’t fire as the target overlaps an input sblock. The
rule fires on the other targets in the normal way by writing its RHS string over
the target bits at each target point. In addition, it sets the equivalent bits in
the update string. Rule 2 finds 5 targets but only 2 are free. Again the rule fires
and sets the respective bits in the update string. The last rule of the ranked
list finds one target and therefore can fire on that target. The update string can
now be reset to its default value and the firing process continues beginning again
with the most specific rule. In the example illustrated in figure 2, growth rules
are ranked after change rules and therefore don’t effect the firing of the change
rules within a given batch. However, their effect will be seen at the next batch
where the update string will reflect the size of the grown intertype. The firing
process may be stopped either when there are no more rules to fire or when the
developed string meets some other chosen condition.

7 Experimental Platform

Figure 5 illustrates the workings of our experimental platform. The genetic al-
gorithm (GA) is implemented using GAlib. Our genotype may consist of one or
more 32 bit axioms and a ranked list of rules. The GA works on a population of
individuals where each individual consists of one or more axioms and the ranked
list of rules. Genetic operations applied to individuals affect both its axiom(s)
and its list of rules.

The individual is then placed in the fitness module in its genotype form, as
shown. To start the evaluation phase, the individual is sent to the development
process.

The development process is given the constraints of the required design.
These include the technology constraint – sblock grid size, and the design fea-
tures – the number and position of inputs and outputs. The sblocks specified in
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Fig. 5. Platform for Intrinsic Evolution with Development
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the design features are protected from further changes during the development
process. The axiom(s) is allocated to an sblock location(s). The development
process may then begin firing rules, according to the method described in sec-
tion 6.2 and, as such, develop the genotype to the intertype string.

A simulator is available to generate fitness values based on the intertype
representation. This simulator enables initial studies of the interplay between
the L-system rules and the GA to be conducted at the intertype level. Fitness
values generated are fed back to the fitness module.

The next stage involves mapping the virtual sblock FPGA design (intertype)
to a circuit description for Xilinx Virtex FPGA (phenotype). The phenotype
mapping is a translation process from the configuration data expressed in the
intertype, to Virtex configuration data format. The intertype and the phenotype
are configured in columns. In the intertype each sblock’s 32 bits is a continuous
string, enabling interpretation and growth of the sblock architecture in 32 bit
blocks. However, in the Virtex configuration, configuration data is split into
frames where configuration of a single CLB is split over several frames. Mapping
involves translation between these two formats. In addition, all outputs from the
mapped sblock grid are routed to their respective edges so as to be available on
the Virtex pads.

To down-load the configuration data to our Virtex chip we have tested out
two solutions using Xilinx interfaces. The first is a serial configuration using
the USB port of the PC, through Xilinx’s multilink port. The second, which is
slightly faster uses a JTAG parallel cable.

For fitness evaluation we need feedback of fitness values from the implemented
phenotype. The fixed location of the inputs and outputs during the development
process means that test vectors may be applied and responses monitored. A
number of internal probes on the Virtex chip are also available to provide ad-
ditional information for fitness evaluation. Responses are fed through the logic
analyser, to generate fitness values for fitness evaluation.

8 Experimentation and Evaluation

The experimental goal may be expressed as follows. The “circuit” has no specified
function. From a single axiom in the centre of the sblock grid, an sblock solution
consisting of north, south, west or east routing modules is grown. The maximum
grid size is 16 by 16.

The experiments were conducted using the development platform in extrinsic
evolution mode. That is, fitness values were generated from the simulator and
not from the Virtex chip itself. The GA parameters were as follows: population
300; roulette wheel selection with elitism; crossover 0.8 or 0 (2 cases); mutation
0.1 and maximum number of generations 150.

Although our goal is to evolve routing sblocks, fitness evaluation is also pro-
vided information about how close non-routing blocks are to routing blocks.
That is low-input sblocks are credited more than high input sblocks except for
the case of zero-input sblocks. These are given a low weighting as they do not
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offer any routing possibilities. Fitness is expressed in equation 1.

F = 15∗R+[6∗(C−R)−(6∗6in+5∗5in+4∗4in+3∗3in+2∗2in+1∗N1in)] (1)

where R is the number of routing sblocks; C the number of configured sblocks;
Xin the number of sblocks with X inputs and N1in the number of inverter
sblocks. A pure router sblock has only one input and no inverter function.

Little growth was achieved in the initial experiments before the rules stopped
firing. To aid growth and ensure that firing continued, we both increased the ratio
of growth to change rules and made the change rules less specific i.e. shorter LHS.
A significant improvement in growth was seen but the results presented no clear
trend and seemed almost random.

Studying the results more closely, it was obvious that the present setup had
inherent epistasis properties. To further test our assumptions, we removed the
crossover operator which we believed was forcing the results to jump around
in the fitness landscape. As a result the population gradually found better and
better solutions and the average fitness improved gradually. Figure 6 illustrates
one of our runs where a typical pattern of fitness improvement is seen. Decreasing
number of inputs is illustrated from dark gray to white. White boxes with a
cross are router modules. Black boxes indicate either zero-input sblocks or non-
configured sblocks i.e. not grown. In general our solutions achieved 30 to 50%
routers in less than 100 generations. Limitations in our current simulator have
not allowed us to run enough generations to study further improvements.

Fig. 6. Configured sblocks after 3, 23 and 57 generations

The achievement of a trend towards increasing routing modules indicates
that the combination of the GA and L-systems can at least approach a solution,
although the solution achieved may be said to be closer to hill climbing than
evolution.

We discussed in section 2 the idea of a knowledge-poor representation. How-
ever, our experimental results indicate that our current representation might not
be as knowledge-poor as we intended. Figure 6 shows that most router blocks
achieved are west router blocks, indicating that west router blocks were favoured
over other router blocks. In an earlier set of experiments where zero-inputs were
omitted from the fitness calculation, zero-inputs were favoured over the poorly
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weighted high-input blocks resulting in grids with a large number of zero-inputs.
In both cases, our fitness function did not give special credit to the favoured
configurations. As such, this tendency towards a specific type of sblock must lie
in our representation i.e. in our rules

9 Ongoing and Future Work

As stated, the goal of our work is to shrink the genotype by using some form of
growth to an intertype representation and map to a phenotype representation
for fitness evaluation. The platform status is that we can test out individuals and
obtain detailed feedback for fitness evaluation. However, running generations for
a reasonable population is limited due to the slow Virtex interface. For intrinsic
experimentation a better interface is essential and is the focus of our attention
at present. The new interface will have the advantage that it will allow us to
take more control over placement and routing.

We have presented our representation as an adaptation of L-systems. A num-
ber of assumptions have been made based on how the development might proceed
and how the many different factors might interact. Issues such as, to name but
a few: how many axioms? resolving overlapping growths, where to grow from on
the chip, how to apply crossover to rules, seed size required and many more are
unresolved. As such, we are not in a position to say whether this representation
will lead to the possibility to evolve complex circuits. As such, much experimen-
tation is needed to investigate this representation further. However, intuitively
we feel that an L-system based representation is worth further investigation.
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Abstract. Biology uses numerous methods to keep the body in good
working operation. If one line of defence is breached, the next uses a
different approach. Very rarely are all lines of defence evaded. This pa-
per analyses the body’s approach to fault tolerance using the immune
system and shows how such techniques can be applied to hardware fault
tolerance. A fault detection layer inspired by the process of self/nonself
discrimination used to detect bacterial infections in the body is created.
The hardware immune system is then demonstrated to show how such a
layer in hardware can provide fault detection.

1 Introduction

Defence mechanisms began when life did [2]. The fabulously complex vertebrate
defence system has evolved over hundreds of millions of years to give rise to
what we now call the immune system. It is a complex, distributed system with
no centralised control. When analysed and segmented a multilayered line of
defence is visible, with each layer providing a different method of fault detection
and removal. Existing approaches to hardware fault tolerance adhere to this
approach, in many situations without even realising the similarities with nature.
The immune system performs its job so remarkably well that it is often referred
to as a second brain [19]. This paper applies this technique to electronic hardware
in an approach called immunotronics, meaning immunological electronics.

This paper analyses biology’s way of layering defence mechanisms in section
2 and compares them to those currently used within hardware fault tolerance
in section 3. The paper continues with a discussion of artificial immune sys-
tems in section 4 to demonstrate some of the successful applications of immune
inspired techniques. Section 5 then shows the implementation of the artificial
immune system for hardware fault detection. Results are presented in section 6
to demonstrate the systems ability to detect faults in an ‘immunised’ system.
The paper is concluded in section 7.
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2 Biological Protection Mechanisms

Biological protection mechanisms are divided into specific and nonspecific com-
ponents [15]. Nonspecific refers to the basic resistance to infection that an in-
dividual is born with and is therefore instantly available to defend the body.
Specific, or acquired immunity is developed during the growth of an individual
through a series of operations that create a ‘bank’ of immune system cells to
counteract invading bacteria and viruses. Figure 1 shows the organisation of the
layers. The outermost and simplest nonspecific layer provides a physical barrier
to infection at the atomic layer. The next layer creates physiological character-
istics inhospitable for invaders using elements such as temperature and acidity.
The phagocytic layer uses roaming scavenger cells that sweep the body clean
of easily detectable foreign microorganisms by engulfing them. The specific re-
sponse is provided in the form of the acquired immune system. This is further
divided into two layers of humoral and cell-mediated immunity. Cell-mediated
immunity deals with intra-cellular viral infection and humoral with extra-cellular
viral infections. This paper concentrates on the processes involved with humoral
immunity.

Atomic 

Physiological 

Phagocytic  

Acquired 

Invasion Complexity
increases

Fig. 1. The layering of defence mechanisms in the body

The humoral layer creates its defence mechanisms through a centralised de-
velopment stage using the thymus. One form of immature immune cell, known
as the helper T cell (CD4) migrates to the thymus where it undergoes a process
of clonal deletion [12]. Cells of the body pass through the thymus and any T cells
that match a self cell with a certain degree of specificity are destroyed under a
process called programmed cell death. Recent theoretical predictions have esti-
mated this matching specificity to be 15 continuous amino acid receptors over
the surface of a cell [18]. Upon maturation only T cells that fail to match self
cells with this level of specificity and hence match invading microorganisms are
left.

Microorganisms with common surface receptors are easily detected. Many
bacteria have different surface receptors or have evolved capsules that enable
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them to conceal these receptors and therefore avoid detection [15]. B cells are
a type of antigen presenting cell and are used to detect nonself cells that avoid
detection by macrophages. The antigen presenting cells that bind to suspected
invaders migrate to lymph nodes - the regions of immune response initiation,
where protein fragments of the suspect cells are presented to the helper T cells.
If the corresponding T cells exist then a response is initiated and B cells begin
the manufacture of antibodies to neutralise the invader. The importance of ap-
proximate matching is very apparent here. The human genome simply does not
have the storage space to encode for all immune cells to counteract every poten-
tial invader. Instead the generation of B and T cells creates a library of cells that
initiate a potential response and then proliferate using a form of rapid evolution
[12]. In this process the structure of surface receptors on the B cells gradually
becomes more specific to the invader currently attempting to attack [14]. Hu-
moral immunity does not directly destroy the invading microorganism, rather it
inhibits its proliferation by blocking binding regions with antibodies before the
invader can use up valuable resources in the body. Further immunological com-
ponents guide the destruction and removal of the invading microorganisms [12].

3 Fault Prevention and Detection Layering in Hardware

Hardware systems already use layering to good effect for fault tolerance. Sys-
tems can be encased in screened enclosures to provide both physical protection
and electromagnetic interference reduction. Physiological characteristics use en-
vironmental controls to stabilise operating temperatures. The phagocytic layer
in nature causes the destruction and removal of invaders, or what we may treat as
faulty components within hardware. Similarities exist with the use of n-modular
redundancy [1], although at more of a system level. Stronger similarities exist
with the biologically inspired form of cellular electronics known as embryonics
[17] [16]. The development of a combined embryonic and immunotronic system
has been considered in [3].

4 Artificial Immune Systems

Two computational models of the immune system have been used as methods
for problem solving - the negative selection algorithm [7] and the immune net-
work model [13]. The immune network model was developed by the theoretical
immunologist Neils Jerne using the hypothesis that the immune system forms an
interconnected network of antibodies that decrease and increase in concentration
as both antigen and other antibody concentrations change. This technique has
been applied to process monitoring [11] and robot control [10].

The negative selection algorithm developed by Forrest and Perelson is a prob-
abilistic detection method that generates a set of data R, that fails to match any
of the self strings S, that are to be protected. A match is said to occur if two
strings are identical in at least c contiguous positions as illustrated by figure 2.
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Match

No match

Match length c = 4

String 1:

String 2:

String 3:

String 4:

0 0 1 0 1 0 1 1 1 0

1 0 1 0 1 1 0 1 0 0

1 0 1 1 1 0 0 0 1 0

1 0 1 0 1 1 0 0 0 0

Fig. 2. The negative selection process. Strings 1 and 2 match in at least c = 4 contigu-
ous positions. Strings 3 and 4 fail to match in at least c = 4 contiguous positions.

The negative selection algorithm works upon the basis of self/nonself dis-
crimination that is fundamental to the operation of the immune system. This
technique, or forms based upon it, have been successfully used in computer se-
curity [6], virus protection [7] and anomaly detection in time series data [4].
The technique for generation of data strings, or tolerance conditions that fail to
match self is based upon the centralised maturation of T cells in the thymus.
Applying the random generation of data to the creation of tolerance conditions is
computationally expensive as a significant number of random strings are thrown
away due to a match with self strings. However this need only be done once
prior to system operation. The detection process is technically much simpler
and requires searching to determine if a match occurs in c contiguous locations
between data extracted from the system in operation and the stored tolerance
conditions. Figure 3 illustrates this. For the hardware immune system self is
defined as a valid system state and nonself as an invalid state.

Random generation of tolerance conditions, a process similar to the gen-
eration of T cells in the immune system does have weaknesses. Many of the
generated tolerance conditions R can match similar subsets of nonself strings. If
the number of tolerance conditions needs to be limited then a poor coverage of
nonself conditions is likely. The generation time also increases exponentially with
respect to the number of tolerance conditions R required. As the number of gen-

Continue

Set of matured 
tolerance conditions 
R, each of length l
that fail to match 

any self strings in at 
least c contiguous 

positions

Current string 
OK 

Match in c 
contiguous 
positions?

Abnormal string 
detected

Data from system 

Alert 

Yes

No

Stop

Fig. 3. The matching cycle for self/nonself discrimination - Nonself is detected instead
of self, hence negative selection
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erated tolerance conditions increases, there is less chance of a tolerance condition
being generated that has not previously been generated and that matches one of
the nonself strings not yet covered by other tolerance conditions. D’haeseleer [5]
developed a method to solve these limitations called the greedy detector generat-
ing algorithm. The greedy algorithm works in linear time with respect to the size
of R by generating a two dimensional array of all possible c length strings in all
possible positions along each nonself string with each string scored against the
total number of nonself strings that it matches in the corresponding positions.
The highest scoring strings are extracted first, combined to create a complete
tolerance condition and the scores adjusted to create a diverse set of tolerance
conditions with as little overlap as possible in the nonself strings detected. It is
then possible to trade off matching probability against the storage requirements.
The greedy detector generator is better suited to the requirements of the hard-
ware immune system as it is desirable to detect as many nonself strings with the
smallest number of tolerance conditions. There are likely to be instances where
nonself strings are not detectable at all with a specified match length due to
certain match length binary sequences matching both self and nonself strings.
The algorithm is described in [5] with a detailed analysis of undetectable strings.

5 Implementation of a Humoral Fault Detection Layer

The hardware immune system layer has been developed using a finite state ma-
chine representation of the system to be protected (figure 4). This enables self
and nonself conditions to be easily extracted from valid and invalid state transi-
tions respectively. Under normal and correct operation only self transitions tqx

can occur. A fault may lead to the state machine moving to a nonself state ex, or
a self state qx, but not the correct self state. Monitoring the transitions between
states labelled tex on figure 4 allows both types of faults to be detected.

qo q1

q2

q3

q4

e5

e6

tq10

tq01

tq20
te21 tq12

tq23

tq32

tq34

tq30

tq40

te45

te06

Invalid state

Valid state

Valid transition

Invalid transition

Fig. 4. Generic state machine with valid (self) and invalid (nonself) states and transi-
tions
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The hardware immune system is created in four steps:

1. Data gathering using the immunising test bench. The hardware and
software testbench is used to collect self data from the finite state machine
undergoing the immunisation process. This is built using a combination of a
graphical based interface on the PC and a programmable hardware testbench
constructed on a Xilinx Virtex XCV300 FPGA [9]. The finite state machine
is inserted between control inputs and data collection outputs. Inputs are
randomly generated until either all self strings are collected, or a predefined
coverage is reached.

2. Tolerance condition generation and analysis. The self strings are loaded
into the greedy detector generator and a complete set of tolerance conditions
are generated for all potential match lengths from 1 ≤ c ≤ l, where l is the
length of both the strings to be protected and the tolerance conditions being
generated. A complete set enables detection of all detectable nonself strings
(see section 4). An analysis of the collected data then enables the lowest
failure probability to be determined for the available storage space. Section
6 discusses this for a sample counter state machine.

3. Configuration of the hardware immune system. The selected tolerance
conditions are then downloaded into the hardware immune system which acts
as a wrapper around the finite state machine being immunised.

4. In service operation of the system with immune wrapper. During
operation of the system the inputs and current state of the finite state ma-
chine are extracted and passed through to the hardware immune system.
The hardware immune system uses a partial matching content addressable
memory1 to search through all tolerance conditions at the same time to de-
termine the validity of the extracted string. If no match is found in at least
c contiguous positions then the system is allowed to continue operation. If a
match is found then a potential fault is flagged.

The addition of a hardware immune system layer creates protection organised
into the layers shown in figure 5.

6 Results

Fault detection using the hardware immune system is demonstrated using a 4-bit
decade counter. 10-bit self strings are created from the concatenation of two user
inputs: Count enable and reset, with a 4-bit current state and a 4-bit next state.
Taking all permutations of inputs with valid states gives 40 valid self strings to
be protected and 984 = (210 − 40) nonself strings to be detected.

Self data was collected directly from the hardware through random input
injection until all forty valid strings were collected. An average 200,000 input
1 A content addressable memory permits parallel searching by data rather than by
address. A match is obtained in one clock cycle irrespective of the depth of the
memory. Memory possessed by the natural immune system is also believed to be
content addressable [8]
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Fig. 5. The hardware immune system wrapper within the additional layers of defence

combinations were needed on each repetition demonstrating the inefficiency, al-
though effectiveness of this initial approach2. The integration of pre-defined test
sequences would reduce this significantly.

Generation of the tolerance conditions requires two user parameters: the
match length c and the number of tolerance conditions required R. String length
l is extracted from the self data. The greedy algorithm was used to generate a
complete set of tolerance conditions where possible, for all match lengths varying
from 1 ≤ c ≤ 10. Figure 6 shows the percentage of detectable faults for match
lengths 4 ≤ c ≤ 10 against the minimal number of tolerance conditions required
to achieve such coverage. An increase in the number of tolerance conditions
has no effect on the percentage of nonself strings detected. Attempting match
lengths c ≤ 3, it was not possible to generate any tolerance conditions that
matched nonself and failed to match self. For a match length c = 4 only 6
unique tolerance conditions are needed to detect all detectable nonself strings
(584 out of 984). With a match length c = 7, 103 unique tolerance conditions
can detect 913 out of 984 nonself strings. A match length of 10 quite correctly
provides 100% coverage as there is a one to one mapping between nonself strings
and tolerance conditions (the set of tolerance conditions is equivalent to the set
of nonself strings).

Figure 7 confirms the theoretical analysis provided in section 4 concerning
the choice of algorithm for generation of the tolerance condition. The plot shows
the improvement in fault detection capabilities over a range of 5 to 50 toler-
ance conditions. The shorter the match length, the greater the improvement in
number of nonself strings detected by the greedy detector generator. The greedy
detector extracts the tolerance conditions that match the most nonself strings

2 Collection of self strings is inefficient in terms of number of input iterations required.
The total time required is dependent upon the speed of the host computer and clock
speed on the FPGA testbench. Using a PIII 500Mhz PC and a FPGA test harness
running at 1Mhz requires typically 2-4 seconds to generate all self strings.
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Fig. 6. Optimal number of tolerance conditions required to cover all detectable nonself
strings for match length 4 ≤ c ≤ 10.

first, compared to the random generator that extracts tolerance conditions on a
purely random basis. Furthermore, the random generator creates different toler-
ance conditions that can match similar subsets of nonself strings.

The next step in the immunisation cycle from section 5 requires the choice
of match length to be made. Figure 8 shows the probability of failing to detect a
nonself string Pf , against the number of tolerance conditions NR from 5 to 220.
As storage space and therefore the number of tolerance conditions increases the
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Nr

Fig. 7. A comparison of random and greedy detector generator algorithms for variation
in probability of match failure (Pf) against number of tolerance conditions (Nr) for
match length 6 ≤ c ≤ 8.
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ideal match length c increases. As the lower match lengths tend towards their
limit of maximum detectable nonself strings the higher match lengths become
more suitable. With a match length c = 4, 60 bits (6 tolerance conditions, each
of length 10-bits) of data can detect 584 nonself conditions. For a match length
c = 4 this is the minimal number of tolerance conditions required to detect all
detectable nonself strings. Maintaining 6 tolerance conditions and increasing the
match length to c = 7, only 120 nonself strings can be detected. Increasing the
number of tolerance conditions to 100 with a match length c = 7 enables 913
nonself conditions can be detected.

0.0
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0.4

0.6

0.8

1.0

1 20 40 60 80 100 120 140 160 180 200 220 c

Pf

c=4 c=5 c=6 c=7 c=8

Nr

Fig. 8. Probability of match failure (Pf) against number of tolerance conditions (Nr)
for match length 4 ≤ c ≤ 8 using greedy detector algorithm.

The results have so far considered the total percentage of nonself strings de-
tectable at any time during the operation of the state machine and the combined
hardware immune system. The first instance of a fault occurring is likely to lead
to a faulty current state, with the existing inputs and previous state conditions
holding previously created valid data. In the case of the counter this would result
in the last 4-bits of the state string signalling a faulty condition. This invalid
state will propagate on successive clock cycles to the previous state, which may
consequently lead to a further faulty states. This is considered by figure 9 which
compares the single cycle fault detection abilities against total fault detection
for a match length c = 7. The graphs shows an almost constant 7% increase in
match failure for detecting faults within a single clock cycle of the finite state
machine. As the match length increases the difference decreases. Given c = 8
the difference is typically 2%. As the match length increases individual tolerance
conditions detect progressively fewer nonself strings.
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Fig. 9. Probability of match failure (Pf) against number of tolerance conditions (Nr)
for all faults and faults detectable in single clock cycle. Match length c = 7.

7 Conclusion

The development of a immune system layer for providing further protection
against faults has shown that taking inspiration from natural immunity can
achieve successful results. The hardware immune system in its current form
allows us to detect the presence of faults to a varying degree of probability de-
pending upon the match length used and the number of tolerance conditions
created. The process could be completely automated for use in remote appli-
cations where the functionality of the system may be changed, reconfigured or
even evolved. If the structure of the system changes the immunisation cycle can
just be run again to extract self data from the system. At present the hardware
immune system only provides fault detection, in essence what the humoral com-
ponent of the human immune system performs almost to perfection. The human
immune system incorporates additional elements to achieve repair through the
destruction of the offending cells or molecules. The nearest analogy with biolog-
ically inspired fault tolerance for the inclusion of this feature is embryonics. The
development of a combined approach will increase the effectiveness of a complete
biologically inspired multilayered defence mechanism even further.
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Abstract. We present a MATLABTM toolbox which applies an ant al-
gorithm to design simple analogue circuits. Other researchers have ap-
plied earlier algorithms inspired by real social insect colonies to travelling
salesman and vehicle routing problems with good success. This imple-
mentation suggests some features specific to producing analogue circuits.
In addition, the toolbox provides the facility to display and assess the
progress of the simulation. It will be extended to work with a broad range
of circuit component models, multiple ports, and task-specific ants.

Introduction

We present a MATLABTM toolbox which applies an ant algorithm for designing
simple analogue circuits. The algorithm contained in this toolbox is inspired by
those which have appeared previously [8,6,5], but contains features unique to
designing analogue circuits, in particular those based on Palmo cells [13,9].

Our toolbox is in early development, but so far contains models of a virtual
circuit test board and ant environment. This board can be populated with ar-
bitrary numbers of simulated Palmo cells that integrate a pulse-width encoded
signal as described in [13,9], input and output ports, and simple mobile agents
known as ants. Also included are facilities for visualising this virtual world and
the progress of its inhabitants, and for reporting basic statistics on the progress
of the algorithm. A description of this system follows with brief explanations of
its background, early runs, and expectations for the future.

Ant Colony Optimisation

Ant Colony Optimisation (ACO) was inspired by investigations into the col-
lective search capabilities of real ant colonies [1]. It represents one aspect of a
growing interest in optimisation techniques informed research into many kinds
of social insects and decentralised systems in general [4,14].

Individually, real ants are extremely limited in their sensing and decision-
making abilities, but collectively a colony of ants is proficient at finding the

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 151–158, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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shortest route to a goal in an irregular environment. Ants have been observed
at the beginning of a search (e.g. for food, building materials) to explore their
environment almost at random, but to eventually converge on a useful pattern
by communicating with each other through changes they make to their envi-
ronment (i.e. stigmergy). As they explore, the ants leave a chemical pheromone
trail behind them. This trail serves two purposes. First it guides ants back to
their home from their goal. As ants return to their home, they continue to lay
pheromone along their path. The first ants to return to the nest inevitably leave
behind a double dose of pheromone which increases the probability of future
exploring ants to choose the same path. A second mechanism, pheromone de-
cay, prevents ants from becoming stuck following sub-optimal or obsolete paths.
Concentrations of chemical pheromone not updated by exploring ants decrease
naturally over time, encouraging new routes to be taken up by the colony.

These natural mechanisms first found computational equivalents in exam-
ples such as Ant System [8]. In this programme, an early example of ACO, ants
build a solution to a travelling salesman problem (TSP) by searching arcs that
connect cities presented as nodes on a graph. Their goal is to find the short-
est route around all cities, visiting each city only once. As the ants search the
graph, they choose the next node probabilistically according to a local heuristic
that indicates the quality of that portion of the route combined with a number
that represents a pheromone concentration. The heuristic provides the ants with
an initial form of guidance before the colony leave enough pheromone behind
to guide its movements. As ants move about the graph, they read the exist-
ing pheromone values and write their own values when they act. As pheromone
concentrations increase around the graph, ants rely more on them and less on
the heuristic to guide their search. Ant System performed comparably to other
decentralised biologically-inspired optimisation methods for the TSP, like ge-
netic algorithms, and so adapted versions have been applied to the quadratic
assignment problem [12], network routing [5], and other problems. While Eric
Bonabeau et al [1] have written about applying ant algorithms to a wide range
of benchmark cases, others have applied the method to varied real world prob-
lems such as vehicle routing [2] and combinational logic circuits [3]. These have
typically inspired novel task-related alterations of the original ant algorithm.

Palmo Cell Circuits

The Palmo cell is our basic unit for producing examples of emergent circuits,
previously as evolvable hardware [10], and now using an ant algorithm. Working
Palmo cells were originally produced at Edinburgh University [13] for condi-
tioning neural network input signals, and have characteristics that make them
suitable to emergent circuit design [9,10]. They are collections of reconfigurable
integrators implemented in analogue VLSI that integrate pulse-width encoded
signals. One or more of these cells can be employed together to create filters of
increasing order [10]. They can encode signals of a broad range of frequencies
from analogue, digital, and mixed sources [9].
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We use a model of the Palmo cell to demonstrate emergent analogue circuits
[10]. The model replicates the Palmo cell on an intermediate level that represents
the cell as a computational unit, its inputs and outputs, gain value and integrat-
ing components. Signals in this model are defined as real number values that
are added to or subtracted from real number integrated values according to the
signal’s sign and the circuit’s interconnect. This choice foregoes the unnecessary
and computationally intensive details of an accurate SPICE circuit model, but
preserves a sense of circuit structure for analysis and eventual transfer to a real
chip.

Ant Circuit World

The Ant Circuit World is our ACO algorithm for the design of analogue circuits.
Ant Circuit World models three classes of object:

– a bounded, coarse-grained world environment that contains
– virtual circuit components (including input and output ports), and
– ants, a collection of simple exploring agents with limited sensing, computa-

tional, and movement abilities.

The world is a matrix of discrete squares. Each square can hold a physical
resident, such as an ant, a component or a port, and a “non-physical resident”, or
pheromone value written to and read from the world by ants. The dimensions of
the world are determined by the number of components it contains. The number
of components, the world’s dimensions, pheromone decay and update rates are
set at the beginning of a run and do not change. The world controls each run, or
epoch, divided into days. A day increments each time the entire swarm of ants
has attempted or completed a single move.

The component class models circuit components, currently limited to Palmo
cells and ports. Ports are typically placed at opposite ends of the world. They
are the starting point and goal for the ants’ paths. At circuit assessment they
serve as the input and output of the circuit test signal. The system currently
uses only one input and one output port.

Components are distributed regularly in a single row along the length of the
world. They occupy world space and instruct visiting ants’ construction of a
circuit interconnect according to the component’s specialised task. Currently,
the only component we have modelled, a Palmo cell, contains two inputs and
one output each. It also contains a gain value, K, that affects the integration
of signal values passed through the cells at circuit analysis. This K value is
initially chosen at random from its maximum range of 0.000 to 1.000. Palmo
cells change their K value at random each time an ant passes through them.
The legal range from which to choose K decreases equally around the current
value of K, proportionately to pheromone value increases of the squares on which
the Palmo cell resides. As an individual cell contributes to the construction of
increasingly better circuits, the pheromone value of its square rises, thereby
restricting the potential change of its gain value.
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Fig. 1. Graphical representation of Ant Circuit World’s starting state with two Palmo
cells, and ants at the entrance port. The world is a uniform dark colour indicating
it contains no pheromone. The exit is a lighter colour to indicate it has been set to
maximum pheromone concentration.

It is hoped that this restriction reduces the damage that might occur to a well
developed circuit by changing an already suitable K value too much, but provides
some room for variation to prevent the algorithm from stagnating. Any changes
to components’ legal K-value ranges and the world’s pheromone values occur
when ants complete their tour of the world and reach the exit port. Provided an
ant carries with it a circuit interconnect, it is assessed, scored and an apropriate
level of pheromone added to the trail the ant followed. This trail of pheromone
will guide future ants’ paths depending on its strength.

Ants record the entrance of each palmo cell they pass through, which later
becomes a circuit interconnect (if the ant finishes its tour by reaching the exit
port), along with the gain values of each palmo cell visited. They also record
a complete trail through the world for the purpose of pheromone update. Ant
objects determine their movement according to a random proportional transition
rule that uses the level of pheromone value one square beyond the ant’s current
location on the four main compass points (North, East, South, and West). This
choice is limited to four directions to simplify the transition rule and reduce the
calculations required to move the ant.
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The pheromone values surrounding an ant occupy regions of 0 to 180 de-
grees around their corresponding compass points, proportionate to the amount
of pheromone they possess. For instance, a square to the left or East of an ant
containing the maximum pheromone concentration would cover the range 90-
270 degrees on a corresponding compass representation. A square containing
half the maximum pheromone concentration would occupy only 135-225 degrees
on the same compass. The former square would consequently have a greater
chance of capturing the random number generated from the total compass range
of 0-360 degrees for the ant’s move than the smaller region representing a lower
concentration. When a random direction appears that points to two regions of
overlapping pheromone strengths on the compass or falls outside any region, then
the transition rule chooses the largest or closest region to the random number.

Physical residents on candidate squares, such as other ants, the entrance port,
cell outputs or walls, incur a severe penalty in the calculation of the square’s
transition desirability to discourage ants from attempting to move toward them,
resulting in a lost move. Ants that attempt an illegal move stay put, but their
age increments. Ants that reach their maximum age before completing a circuit
“die out” and are restarted at the entrance port with an empty interconnect,
further constraining the effect of illegal moves on the course of the algorithm.
Entrances to Palmo cells and the final exit port, however, attract ants toward
them.

Ants have room for exploring the world between components, giving them the
possibility of passing through the first, and possibly each consecutive component
they reach, due to probabilistic fluctuations in their transition rule, or skipping
one or all of the components on their way to the exit goal port. This extention
also encourages competitive interaction between ants. The grid representation
only allows one agent per square during its search, meaning agents that attempt
to move to an occupied square risk losing a move without gaining any immediate
benefit.

Increasing space for exploration and providing for interaction between agents
is an extension to ant algorithms that is expected to increase the cost of mov-
ing ants through the world, ultimately increasing the computational cost and
time to achieve a complete circuit solution. However, greater emphasis on ex-
ploration and interaction is hoped to increase the production of novel solutions
and encourage behaviours, such as backtracking and visiting cells multiple times,
necessary for designing analogue circuits that depend on feedback.

Whenever an ant carrying a circuit interconnect of at least one component
reaches the exit port, it is analysed and scored before being replaced by a new
ant at the entrance port. An error function produced from the difference between
ideal circuit behaviour and the behaviour of the test circuit determines the ant’s
score and the pheromone values applied to the ant’s trail. This error value can be
achieved by introducing a set of vectors for representative sinusoidal frequencies
as in [10], or by fast fourier transform (FFT) analysis of the frequency spectra
of the circuit’s output for a step input. The ant’s score determines the amount
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Fig. 2. Graphical representation of Ant Circuit World during an epoch. Lighter shades
indicate higher pheromone concentrations.

of pheromone value the world will add to the ant’s trail of visited squares, and
determines whether the ant and its circuit will be preserved.

We used the same “free netlist” encoding for the interconnect in our ant
algorithm as in our previous GA [10], adapted from [15] (and which, coinciden-
tally, resembles the encoding from [3] presented at the same conference). The
interconnect for a complete circuit is a row of integers that determine the input
connections and internal characteristics of each component. For each Palmo cell,
the interconnect represents the source of the cell’s inputs, followed by its gain
value. For instance, a low pass filter circuit containing a single two-input Palmo
cell with one input connected to the signal input and the other connected to its
own output would appear as (0 1 0.046) [10]. The circuit input port is arbitrarily
set to zero, but the connection between zero and any component is a product
of the algorithm. The final real number is the cell’s gain value. Unlike genetic
algorithm implementations, which employ a fixed length encoding, this encoding
used with our ant algorithm will vary in length according to the number of com-
ponents an ant visits before it exits. Given constraints on the ant’s maximum
age, allowing the encoding to vary in length presents a useful opportunity for
ants to produce the most compact solutions they are capable of.
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At the completion of a run, or epoch, the world returns a collection of unique
circuit solutions with the best scores, along with summary statistics of the ants’
progress through the world.

Continuing Work

We wish to further test this toolbox by comparing its results to those achieved
producing low pass filters with a genetic algorithm in [10]. Next steps would
then be to add additional components (e.g. transistors, capacitors, resistors,
etc.) to the Ant Circuit World’s environment to tackle an increased range and
complexity of possible circuit problems. Extensions could also include the use
of multiple signals, and employ colonies containing ants specialised to follow
mulitple, independent pheromone trails linked to multiple signal inputs. The
same extension could also extend this toolbox to explore the design of mixed
signal circuits.

Our MATLABTM toolbox represents a first step toward the application of ant
algorithms to the design of reconfigurable analogue circuits. Unlike previous im-
plementations of ant algorithms [7,8,1], which placed explicit restrictions on ants
backtracking or visiting nodes multiple times, this toolbox provides specialised
features to encourage the emergence of feedback loops necessary to the design of
analogue circuits and the adjustment of cell parameters during system runtime.
To the best of our knowledge it is the first example of an attempt to apply an
ant algorithm to analogue circuit design and, apart from a system designed for
the creation of combinational logic circuits [3], the only other current example
of ACO for circuit design. More generally, representing circuit design problems
as ant algorithms overcomes necessary limitations on the number of component
nodes and circuit types reported in previous examples [11] of evolvable hardware.
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points for avoiding obstacles.  The velocities and the accelerations at these via-points
are considered as control parameters for determining the shape and characteristic of a
trajectory. Generally, a trajectory is generated on the interval between two via-points
and the whole trajectory could be acquired by repeated time shifting after the iteration
on each interval and their combination. Via-points data such as velocities and
accelerations at the via-points can affect the relation and connection between the
neighboring intervals. Therefore, the incorrect information might cause the
indifferentiability on the trajectory and discontinuous walking motion in consequence.

In this paper, dynamic walking stability of biped robot IWR-III, developed by
Control & Robotics Lab. in Inha Univ., is investigated, and trajectory optimization
method using genetic algorithm is proposed to minimize the sum of deviation of
velocities and accelerations and to reduce the jerk. Using this optimized trajectory, we
obtained the continuity on the entire trajectory interval, the energy distribution
through the optimum velocities and accelerations, and the smooth human-like walking
for biped robot. Smooth and stable dynamic walking is shown through the experiment
on the real biped robot.

2 Mathematical Model of Biped Robot

2.1 Mathematical Model

IWR-III has three degrees of freedom in each leg and two degrees of freedom in
balancing joints that consist of a roll and a prismatic joint. Fig. 1 represents the real
biped system IWR-III and its corresponding mass model with nine rigid bodies.
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Fig. 1. Photo and mass model of IWR-III
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Using a trajectory by genetic algorithm, therefore, smaller maximum torque of a
motor can be selected and operated.

Fig. 7 represents a stick diagram of the robot in the sagittal direction. The walking
motion by conventional method, left part of the Fig. 7, forms a trapezoidal shape by
constraints at mid two via-points.  At mid-two positions, the line-representing ankle is
concentrated which result from the inadequate or insufficient via-points data.  This
case has a similar effect of stopping motion at mid-two via-points. The modified
walking, however, by genetic algorithm shows a smooth arc shape with the same via-
points and optimized velocities, accelerations at the given via-points in Fig. 7.  This
means the optimal distributions of velocities and accelerations is made during the
walking time by reducing the variation of velocities and accelerations.

Fig. 5. Joint velocity and acceleration by conventional method

F
Fig. 6. Joint velocity and acceleration by genetic algorithm

In Fig. 8, the case 1, represented as solid bold line, is the trajectory generation with
optimal values by genetic algorithm, and the case 2 by conventional method is the
trajectory generation with the average velocities, zero accelerations at mid two via-
points. In jerk graph, the right below of Fig. 8, the jerk of the case 1 minimized by
genetic algorithm is much smaller than that of the case 2.  These peaks of jerk affect
the robot system as impacts during the walking.  Therefore, it is desirable to reduce
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the jerk as small as we can such as the case 1 in which the fluctuation of the
acceleration curve is very small.

Fig. 7. Walking stick diagram

Fig. 8. Examples of trajectory generation

4 Walking Simulation

During the walking, IWR-III has repeated two phases.  In single supporting phase,
swing leg and the trunk move ahead for the next walk with the compensating motion
of balancing joints.  In double supporting phase, legs and trunk form a closed chain



β β
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5 Walking Experiments

The system IWR-III has eight AC servomotors and reducers, and is controlled by
TMS320C31 DSP controller embedded in the host computer, which analyzes and
monitors the overall robot system. Fig. 11 represents the control system structure.

Control System

Host Computer

Simulator:
Leg & Balancing Joints
Trajectory Planning

Trajectory Data

Output Data Analyzer:
ZMP & Tracking Error
Analysis

Experimental
Output Data

Multi-Motion ControllerReference:
Joints
Trajectory

Monitor Program:
Control & On-Line
Monitorng Biped Robot

Output:
Encoder
Position

Dual-Port RAM:
Joints Trajectory Buffer

TMS320C31 DSP:
PID & Feedforward Control

Servo System

Servo Driver Servo Motor
& Encoder

Mechanical System

Servo &
 Mechanical System

Biped Robot
Link Reducer

Fig. 11.  Control system structure

The controller, which uses TMS320C31 DSP as a main CPU and dual port
memory for high-speed communication, is embedded in the PC environment. PID
control using memory buffer for 8 servos is done for every 10 ms in the DSP
controller, and encoder feedback data is acquired for very 50 ms. Host computer
generates reference joints values through the simulation and plots the responses and
errors on the multi-view monitoring program coded by Visual C++. Fig. 12 shows the
joint position responses of the right, left leg and balancing joints. As unit gaits are
repeated except for the start and end of combined gaits, each joint has a periodic form
on the whole.  Periodic motions of balancing joints, such as the swinging motion of
human�s arm for balancing during the walking or running, enable the robot to have a
steady and stable walking.  The horizontal parts of joint data on (a) and (b) in Fig. 12
imply no joints motion of legs during the double supporting phase.  The joint data of
legs have mirrored shapes for each other by the phase changing effects.

Fig. 12. Joint position responses of right, left leg and balancing joints
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Fig. 13 shows the joint position errors of the right, left leg and balancing joints
during the walking.  It is shown that these errors have little effects on the positions of
the robot links, and robot walks well tracking the given command with no tipping in
consequence.

Fig. 13. Joint position errors of left, right leg and balancing joints

6 Conclusion

Genetic algorithm is utilized for the walking trajectory optimization and applied to the
real biped robot.  Via-points data are used as control parameters determining the
trajectory shape. Interpolation is performed with the optimal via-points data that
decrease the variation of jerks on the whole trajectory interval.  Modified trajectory
makes the peak velocities and accelerations smooth and guarantees the accurate ZMP
tracking.  The experiments on biped robot are made for the verification of improved
performance by the proposed method.  It is shown that the smooth and stable dynamic
walking is achieved through the walking experiment.
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Abstract. The choice of a fittness function in artificial evolution has
strong consequences on the evolvability of robots, dynamics of the evo-
lutionary process, and ultimately on the outcome of the evolutionary
process. In this paper, the effect of fitness functions for the evolution
of autonomous robots to navigate in an open-environment by avoiding
obstacles is studied. It is found that both the number and description of
components of a fitness function affect the convergence of the evolution-
ary process. However, the performance of evolved robots in an unknown
environment is greatly dependent on the description of components of a
fitness function.

1 Introduction

Arti�cial ev olution has been widely studied in order to dev elop the control
systems of autonomous robots that can perform some useful tasks in partial-
ly unknown and unpredictable environments with minimal or without human
in tervention. A population of robots, whose components (e.g., con trolsystem,
morphology, etc.), is encoded on chromosomes in arti�cial evolution. According
to a pre-de�ned �tness function, the �ttest chromosomes (i.e., individuals) of a
generation are selected to create a new population for the next generation [15].

The choice of a �tness function in arti�cial evolution has strong consequences
on the evolvabilit y of the robot, dynamics of the evolutionary process, and ulti-
mately on the outcome of the evolutionary process [7, 8]. It is indeed a delicate
issue for the evolution of autonomous robots in an op en-environment wherein
each robot in a population may experience di�erent environmental structures
and/or conditions during the course of ev olution. Because of the environmen-
tal variabilit ythe best or worst performing robot at present generation in an
op en-environment evolution may or may not be the best or worst for future gen-
erations. Selection pressures therefore may discard or retain some individuals
that are good or bad for future generations.

A purely behavioral �tness function is generally used for the ev olution of
autonomous robots. It is based only on components that evaluate the e�ects of
behavior. However, an identical behavior of the same individual may get evaluat-
ed di�erently in di�erent environments. This situation may arise for the practical

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 171–181, 2001.
c© Springer-Verlag Berlin Heidelberg 2001



172 Md.M. Islam, S. Terao, and K. Murase

application of autonomous robots to real-world problems where environmental
conditions are rarely �xed. It has been argued that the design of more �ne-
grained �tness functions that capture the robot-environment interactions can
be a complex task [13]. While few studies consider evolutionary processes un-
der changing-environments (open-environments) [3, 17, 18], the e�ect of �tness
functions for the evolution of autonomous robots in such environments is not
studied.

In this paper, we study the e�ect of �tness function for the evolution of
autonomous robots to navigate in an open-environment by avoiding obstacles.
Four behavioral �tness functions are studied for this purpose. One �tness func-
tion consists of three components, while others consist of two components. Each
�tness function di�ers from others with respect to number of components and/or
description of components. The experimental results show that both the number
and description of components a�ect the convergence of the evolutionary pro-
cess. However, the performance of evolved robots in an unknown environment is
greatly dependent on the description of components.

2 Evolution of the control system for autonomous robots

A large variety of control systems exists in the literature that have been put under
evolution [1, 2, 6, 9, 10, 12]. These include feed-forward neural networks, dynamic
time recurrent networks, classi�er systems, Lisp codes etc. A typical cycle of the
evolutionary process to develop the control system for an autonomous robot can
be described by the following �ve steps.

Step i Create an initial population of n individuals where each individual rep-
resents a control system.
Step ii Decode each individual to a corresponding control system.
Step iii Allow a robot to perform the evolutionary task as result of the activity
generated by the control system for a speci�ed amount of time � (commonly
known as life-time), while its performance is recorded and accumulated according
to a pre-designed �tness function. This step is repeated for n individuals.
Step iv Reproduce a number of children for each individual in the current
generation based on its �tness value.
Step v Apply evolutionary parameters such as crossover and/or mutation to
the children generated above to produce o�spring for the next generation.

This cycle is repeated until the desired performance criteria or maximum
number of generations has been reached. If any individual of a population during
its life-time experiences di�erent environmental conditions than other individ-
uals and/or one generation has di�erent environmental conditions than other
generations for the same evolutionary task such evolutionary condition can be
considered as open-environment condition. The evolutionary procedure such as
genetic algorithms (GAs) uses both crossover and mutation operators to pro-
duce o�spring for the next generation, while a mutation operator is only used by
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evolutionary programming (EP). However, it has been known that the crossover
operator has a greater e�ciency for adjusting to a changing environment [4, 5].

3 Fitness function

The evolutionary procedure requires a measure of the utility of its proposed
solutions (the chromosomes). This measure is provided by a �tness function -
equivalent to the objective function of the traditional optimization techniques.
It has been asserted that although �tness cannot be directly measured its dis-
tribution in a population can be roughly estimated in any given environmental
context on the basis of ecology and functional morphology of the organisms [11].

In arti�cial evolution, the �tness is de�ned as the ability to survive and re-
produce in a speci�c environment. That means, it is used as a selection pressure,
which is never wholly abated in nature. Indeed, the more normal circumstances
are that selection pressures remain generally intense and drive phenotype as close
to an optimum as possible. While some phenotypic characteristics are deeply in-
grained in the developmental sequence of the organism, a constant pressure of
selection, without which they would degenerate due to random genetic drift,
maintains other adaptations [5].

A set of �tness functions described in this section forms the basis of exper-
imental studies performed to demonstrate the e�ect of �tness functions for the
evolution of autonomous robots. These functions consist of two or three compo-
nents that only evaluate the e�ects of behavior. In other words, they are purely
behavioral �tness functions. To formally describe �tness functions, consider an
evolutionary task to develop the control system of an autonomous robot for nav-
igating in an open-environment by avoiding obstacles. Assume that the robot is
equipped with n number of sensors and two motors. The followings are the set
of �tness functions.

f1 =
X
t

V (t) (1��v(t))

 
1�

nX
i=1

si(t)

!
(1)

f2 =
X
t

(1��v(t))

 
1�

nX
i=1

si(t)

!
(2)

f3 =
X
t

V (t)

 
1�

nX
i=1

si(t)

!
(3)

f4 =
X
t

V (t) (1��v(t)) (4)

Here V is the average rotation speed of two motors and is used for rewarding
fast controllers. �v is the absolute value of the algebraic di�erence between
the signed speed values of the motors (one direction is positive and the other
is negative) and is used for rewarding straight-locomotion. si is the proximity
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measure of the ith sensor and is used for punishing the robot each time it sensed
obstacles. All these values are normalized between 0 to 1.

The �tness function f1 has been most widely used for avoiding obstacles in
close-environment wherein each robot in a population can experience same envi-
ronmental structures and conditions during the course of evolution [6, 7, 12, 16].
In order to understand the e�ect of �tness functions in the evolutionary process,
three �tness functions (i.e., f2; f3 and f4) are made by taking two components
from f1. We think that the performance comparison of these �tness functions
will give a clear idea about the e�ect of �tness functions in the evolutionary
process.

4 Experimental setup

A real mobile robot Khepera is used in this study. The structure and function of
the robot has been well described elsewhere [14]. In short, the robot is equipped
with eight infrared (IR) sensors (six in the front side and two in the rare side) and
two dc motors. These sensors work as proximity sensors by detecting objects,
emitting infrared light and measuring its re
ection. They can also measure the
ambient infrared light, which in normal conditions is a rough measure of the
local ambient light intensity.

The environment used to accomplish the evolutionary processes is consists
of a square area with few obstacles (Fig. 1). The size of the square area is
approximately 60 � 60 cm. The walls and obstacles are made of wood and are
covered by o�-white paper. The 
oor is made of gray paperboard. Four lights
with di�erent intensities illuminate di�erent places in the square environment
(Fig. 1). The robot can sense the walls and obstacles within 1 to 5 cm by IR
proximity sensors depending on the intensity of lights.

12 cm

12 cm

rotating contact

RS232C

SUN SPARCstation 2

60
 c

m

60 cm

L1

L3

L
2L

4

Fig. 1. Experimental step up used for evolution. L1, L2, L3, and L4 are four lights

with di�erent intensities illuminate di�erent places in the square environment
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The task given to the robot is to navigate by avoiding obstacles in the envi-
ronment. The task is non trivial because the robot should behave di�erently at
four di�erent light conditions. For example, the robot should move very carefully
in the less lighted area because it perceives the obstacles only in their close prox-
imity. In contrast, if the robot lives in the lighted area it can perceive obstacles
far way.

A simple two-layered feed-forward neural network is used as a control system
to produce control signals for the robot (Fig. 2). In order to keep the system
complexity at a manageable level, we use a �xed network architecture in which
only connection weights are put for evolution. A direct coding scheme is used
to encode the connection weights on to the chromosome [19]. Each chromosome
in the population has the same constant length corresponding to the number of
connections and biases of the neural network.

Each weight is encoded on a gene of �ve bits where the �rst bit determines
the sign of the weight and the remaining four bits its strength. Since the neural
network has a total of 18 connections and two biases, the length of chromosome
became 100 bits. The network produced two output signals to motors by sum-
ming up all the values from eight sensors with evolved connection strength. That
is, each output was generated by

Sp = Sb +G

X
wixi (5)

where, Sp, Sb, G, wi and xi represent the output value to the motor, the base
navigation speed of the motor, global gain, connection strength and sensor signals
value, respectively. The values for Sb and G are set to 5 and 1/1600, respectively.
The global gain determines the sensitivity to the modulation signal from sensors.
The values from proximity sensors are 0-1023.
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Fig. 2. A two-layered neural network to produce control signals for a real mobile robot

Khepera. Note that bias connections are not shown
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5 Experiments

Four sets of control experiments, using four di�erent �tness functions described
in section 3, are carried out. Each set of experiments consists of three runs using
di�erent initial seed, crossover and mutation probabilities. All results present-
ed in this section are the average over three runs. In all control experiments,
the initial population is created randomly. The life-time of each individual in
a population is chosen short (10 sec) by which a robot can travel only a por-
tion of the evolved-environment (Fig. 1). Thus, di�erent robots in a population
may experience di�erent environmental conditions. In this sense, the evolution
with such a short life-time can be considered as open-environment evolution. We
think that the test environment with such a short life-time of each individual
in a population can be a model of an open-environment. The other parameters
used for evolution are given in table 1.

Table 1. GA parameters used for evolution

Population size 30

Number of generations 75

Chromosome length 100

Crossover probability 0.5-0.7

Mutation probability 0.002-0.004

Elite preservation 0.3-0.5

Initial weight range �0.5

Final weight range Not bound

The �tness results reported in Fig. 3 show the evolutionary processes of con-
trol experiments. It is observed that there are no signi�cant improvements of
�tness values during the course of evolution rather deteriorate (in some cases).
This may be due to the short life-time of individuals in which any signi�cant
improvement may not be visualized. The deterioration of �tness values may be
due to the variability of the environment for which the same robot may get eval-
uated di�erently in di�erent environmental conditions. Because the performance
of an autonomous robot not only depends on its control network but also the
environment where it is performing.

In order to observe the progress of evolutionary processes and the perfor-
mance of evolved robots, all evolved-populations of control experiments are test-
ed in the evolved-environment for a period of 50 sec (life-time), by which a robot
can travel the whole environment. The progress of evolutionary process is mea-
sured by the �tness value (Fig. 4(a)). However, the performance is measured
by sensor values that indicate the distance between a robot and obstacles (Fig.
4(b)). During navigation the values of eight proximity sensors of the robot were
sampled every 0.1 sec and were accumulated for a period of 50 sec.
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Fig. 3. Population average �tness and best individual �tness at each generation of four
evolutionary processes. Figures (a), (b), (c) and (d) use f1; f2; f3 and f4 �tness func-
tions, respectively, for evolution. Solid and dashed lines represent the best individual
and population average �tness values
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Fig. 4. Testing of four populations, evolved by using f1; f2; f3 and f4 �tness functions,
for a period of 50 sec in the evolved-environment. (a) Population average �tness; (b)
Population average sensors value



Three observations can be made from Fig. 4: (i) among four evolved-populations 
two of them, one uses a fitness function fi and the other uses a fitness function f3 

for evolution, are converged for an allotted number of generations; (ii) the conver- 
gence of a evolutionary process is not only dependent on number of components 
but also the description of components in a fitness function. For example, the 
fitness functions fi, f3 and f4  have same number of components (i.e., two). They 
only differ from each other by the description of one component. However, the 
convergence of an evolutionary process that uses the f2  for evolution require less 
generations to reach the best value than other processes that use f3 and f4 for 
evolution. This indicates that the description of components in fitness functions 
affects the convergence of evolutionary process; (iii) the performance of all evo- 
lutionary processes is almost identical. That means, all evolved robots maintain 
almost similar distance from obstacles. Most importantly, a population, evolved 
by using a fitness function fq that does not have a proximity measure of sensors, 
can also maintain almost same distance from obstacles like others (i.e., f i ,  f2  

and f3),  which have a proximity measure of sensors in fitness functions. 

We have performed another set of testing experiments in order to assess 
the performance of evolved-population in an unknown environment, known as 
dynamic environment (Fig. 5). In dynamic environment, an obstacle is placed 
manually for 5 sec at 6-8 cm in front of the robot navigating. During this 5 sec 
the robot can move freely after avoiding the obstacle. Then again an obstacle 
is placed in front of the robot. This process is continued for the whole life-time 
of the robot. All evolved-individuals in the final generation of four evolved- 
populations are allowed to navigate in the dynamic environment. Like other 
experiments, the values of eight proximity sensors were sampled every 0.1 sec 
and were accumulated for a period of 250 sec (life-time). 

Table 2 shows the population average sensor value of each evolved-population 
in the dynamic environment. It is seen that the performance of an evolved- 
population that uses a fitness function f 2  is worst (i.e., highest sensors value) 
than that of other populations. This is because the use of a fitness function f2 in 
the evolutionary process encourages only a straight-locomotion in the evolved- 
environment, which may or may not be suitable for other environments. Due 
to  the short-life time of each individual in a population, robots with a straight- 
locomotion thus may dominate in the evolutionary process. That means, robots 
with other kind behaviors may disappear from a population. By using a straight- 
locomotion, a robot can only move in the forward or backward direction. When 
a robot, evolved by using a fitness function f 2 ,  faces obstacles in front of him, he 
avoids them by moving in backward direction. However, when he does not find 
any obstacles in his back, he again starts moving in the forward direction. Thus 
most of the time his front sensors were active. 

In contrast, other fitness functions allow a robot to develop various kinds 
of locomotion, such as turning left and moving forward, during the course of 
evolution. The development of various kinds of locomotion may be suitable for 
a robot to avoid obstacles in the unknown environment. The results of these 
experiments indicate that the description of components in a fitness function is 
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more important than number of components. The use of explicit descriptions
for components (e.g., move straight only) in a �tness function indicates that one
knows in advance what makes the evolved solution suitable for future. In this
paper, we argue that the components of a �tness function should be described
implicitly (e.g., move) rather than explicitly (e.g., move straight only). Because
if an important aspect of behaviors is absent during the evolution of autonomous
robots, they will most likely fail to produce appropriate behaviors in changing
environments.

6 
0c

m

60 cm

Fig. 5. A Dynamic environment

Table 2. Performance comparison of four populations, evolved by using f1; f2; f3 and

f4 �tness functions, in a dynamic environment. The performance is measured by the

sensors value of the robot. The highest value represents the worst performance

Performance of a population evolved

Environment by using a �tness function

f1 f2 f3 f4

Dynamic 1234.5 3054.7 1112.3 1498.3

6 Conclusions

We study the e�ect of �tness functions for the evolution of autonomous robots
in an open-environment. Four behavioral �tness functions are used for the evolu-
tion of autonomous robots in an open-environment. Each �tness function di�ers
from others with respect to number and/or description of components in �tness
functions. The experimental results show that both the number and descrip-
tion of components of a �tness function a�ect the evolutionary process. Testing
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of evolved-robots in an unknown environment reveals that the performance of

evolved-robots is mostly dependent on the description of components of a �t-

ness function. It is, therefore, better to de�ne components of a �tness function

implicitly rather than explicitly. The implicit description of components in a �t-

ness function may help to develop various kinds of behaviors during the course

of evolution. The development of various kinds of behaviors may be useful for a

robot to adapt in changing environments.
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Abstract. An incremental approach is used to develop the control sys-
tem of an autonomous robot to approach toward the target object by
avoiding obstacles in an environment. The approach consists of two-stage
evolution. In the first-stage, controllers are evolved to avoid obstacles in
an environment. The final population of the first-stage evolution is then
used as the initial population for the second-stage evolution. Controllers
are evolved in the second-stage to approach toward the target object by
avoiding obstacles in the environment. We compare the performance of
the incremental approach with that of conventional approach, an one-
stage evolutionary approach. It is found that the performance of incre-
mental approach is better than that of conventional approach.

1 Introduction

Arti�cial ev olution has been widely studied in order to dev elop the control
systems of autonomous robots that can perform some useful tasks in partial-
ly unknown and unpredictable environments with minimal or without human
in tervention. A population of robots, whose components (e.g., con trolsystem,
morphology, etc.), is encoded on chromosomes in arti�cial evolution. According
to a pre-de�ned �tness function, the �ttest chromosomes (i.e., individuals) of a
generation are selected to create a new population for the next generation [16].

A number of works have successfully employed arti�cial evolution to develop
the control systems for simulated and real robots [1, 2, 5, 13, 17]. However, most of
the control systems are developed for simple tasks, such as avoiding obstacles and
reac hing a target area. It has been known that di�culties encounter when control
systems are sought for complex tasks [8, 19]. Recently, the so-called incremental
approach has been used to develop the control systems of autonomous robots for
complex tasks. In incremental approach, control systems are developed through
successive stages in which good solutions to a simpler version of a given problem
are used iteratively to seed the initial population of solutions likely to solve a
harder version of the same problem.

Despite some initial theoretical w ork about incremental approach [9, 11],
there are few attempts to apply the approach for the evolution of autonomous
robots for complex tasks. Harvey et al. reported that evolving a neural network
controller to visually guide a robot toward a small target in an environment

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 182–191, 2001.
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took less total computational e�ort if the controllers were �rst evolved using a
larger target [10, 12]. Recently, Floreano and Mondada evolved a controller for
a large robot from a controller of a small robot to avoid obstacles in an envi-
ronment [6]. The use of incremental approach for such simple tasks, which can
easily be accomplished by conventional evolutionary approach, does not help
much to understand the necessity and utility of incremental approach. Further
understanding of incremental approach for its application to complex tasks is
necessary.

This paper uses an incremental approach to evolve the control system of an
autonomous robot for a complex task, approach toward the observed target by
avoiding obstacles in the environment. Animal psychology literature has inten-
sively investigated the task in several species of mammals [14, 18]. The di�culty
of the task is that it is contradictory, especially in the early stage of evolution, to
generate both behaviors, approaching toward the observed target and losing the
target from sight to avoid obstacles. In this study, the control system is incre-
mentally evolved in two-stage. In the �rst-stage, controllers are evolved to avoid
obstacles in the environment by using sensory information of the robot. Con-
trollers are evolved in the second-stage to approach toward the observed target
by utilizing acquired behaviors of the �rst-stage evolution and visual information
of the robot.

Fig. 1. The basic structure of a real mobile robot Khepera (left). A vision module K213
is plugged in directly on the top of the Khepera robot (right)

2 Experimental setup

A real mobile robot Khepera is used in this study. The structure and function of
the robot has been well described elsewhere [15]. In short, the robot is equipped
with eight infrared (IR) sensors (six in the front side and two in the rare side)
and two dc motors (Fig. 1, left). These sensors work as proximity sensors by
detecting object, emitting infrared light and measuring its re
ection. They can
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also measure the ambient infrared light which in normal conditions is a rough
measure of the local ambient light intensity. Several complete modules such as
a vision module and a gripper module can be added to the basic structure.

A vision module K213, which can be supported and managed by the control
protocol available on the basic structure of the robot, is plugged in directly on
top of the basic structure for visual observation (Fig. 1, right). It consists of
a 1D-array of 64 photo-receptors that provide a linear image composed of 64
pixels of 256 gray-levels each. The view angle of the vision module is of about
36� (Fig. 2). However, the vision module also allows detection of the position
in the image corresponding to the pixel with maximal intensity. We used this
facility by dividing the visual �eld into four sectors of 9� each (Fig. 2).

36

pixel 1

pixel 64

Fig. 2. The vision module K213 of the Khepera robot. The visual angle of the module

is divided into four sectors

The environment used to accomplish the evolutionary processes is consists
of a square area with three obstacles (square boxes) and a target object (circle)
(Fig. 3). The size of the area is approximately 60�60 cm. The walls and obstacles
are made of wood and are covered by o�-white paper. The target object is also
made of wood but covered by black-white paper. The height of obstacles is made
of short so that only sensors of the robot can detect them. In contrast, the target
object is made of tall so that the vision module of the robot can see it (within
visual angle). The environment is always illuminated from above by a 60-watt
light bulb.

A simple two-layered feed-forward neural network is used as a control system
to produce control signals for the robot. The connection weights of the neural
networks are put for evolution. A direct coding scheme is used to encode the
connection weights on to the chromosome [20]. Each chromosome in the pop-
ulation has a di�erent length corresponding to the number of connections and
biases of the neural network.

Each weight is encoded on a gene of �ve bits where the �rst bit determines the
sign of the weight and the remaining four bits its strength. The network produced
two control signals to motors by summing up the values from IR sensors and



Incremental Evolution of Autonomous Robots for a Complex Task 185

rotating contact

RS232C

SUN SPARCstation 2

60
 c

m

60 cm

Fig. 3. The environment used for evolution. Square and circular objects in the envi-

ronment represent obstacle and target object, respectively

vision �elds. Here it is worth mentioning that only sensors values are used in
the �rst-stage evolution, while both sensors and visions values are utilized in the
second-stage evolution. Each motor output is generated by

Sp = Sb +G

X
wixi (1)

where Sp, Sb, G, wi and xi represent the output value to the motor, the base
navigation speed of the motor, global gain, connection strength and sensor or
vision signals value, respectively. The value of Sb and G are set to 5 and 1/1600
(for �rst-stage evolution) or 1/2200 (for second-stage evolution), respectively.
The global gain G determines the sensitivity to the modulation signal from
sensors and vision �elds. The values from sensors and vision �elds are 0-1023
and 0-254, respectively.

3 Evolutionary method

The species adaptation genetic algorithm (SAGA) [9, 11] is used to develop the
control system of an autonomous robot to solve successively two problems of
increasing di�culty. While most genetic algorithms are essentially performing
optimization in a �xed parameter space, SAGA allows for the dimensionality of
the parameter space to be under evolutionary control, by employing variable-
length genotypes. In terms of neural networks, this means we are able to start
with a population of robots each of which has a minimum number of units: extra
units may be introduced by mutation and will be retained if they increase the
evolutionary success of the mutated robot. This procedure for generating control
networks is really incremental [3].

The evolutionary process is incrementally carried out in two-stage by using
SAGA. In the �rst-stage, controllers are evolved to acquire obstacle-avoidance
behaviors by using sensory information of the robot. A vision module, by which



186 Md.M. Islam, S. Terao, and K. Murase

the robot can see the target object, is then plugged in directly on the top of the
robot's body. In the second-stage, controllers are evolved to �nd the target object
by using vision information and acquired obstacle-avoidance behaviors of the
�rst-stage. F1 and F2 are used as �tness measures in the �rst-stage and second-
stage evolution, respectively. They are represented by the following equations.

F1 =

�
0:5 +

vl + vr

4:vmax

��
1�

jvl � vrj

2:vmax

� 
1�

8X
i=1

si
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!
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F2 =
1

4

4X
i=1

16X
j=1

jpi(j)� pi(j + 1)j

pmax

(3)

Here vl and vr are the velocity of the left and right motor. vmax is the
maximum velocity. si is the proximity measure of the ith IR sensor and smax

is its maximum value. The �rst factor of equ. (2) rewards the fast controllers,
the second factor encourages straight locomotion, and the third factor punishes
the robot each time it sensed obstacles. pi(j) represents the visual response of
the jth pixel of the ith vision sector and pmax is its maximum value. When the
robot is closer to the target-object, the magnitude of visual responses is larger.
Because the image is taken at a time when the vision turret itself emits infrared
light. Therefore, we took the sum of absolute changes between neighboring pixels
as the measure of distance to the object. The factor of equ. (3) rewards the robot
for its closeness to the target object.

4 Experiments

A set of control experiments, consisting of three runs, is performed by using
incremental approach. Two populations, each consists of 30 individuals, are e-
volved for 75 generations in each experiment. One population is initially gener-
ated randomly and is used for the �rst-stage evolution of incremental approach.
The other population uses the �nal population of the �rst-stage evolution as an
initial population and is used for the second-stage evolution. The life times of
each individual of the �rst-stage and second-stage evolutions are set to 5 sec
and 3 sec, respectively. The mutation rate, and the elite preservation rate in
the roulette selection used in the SAGA operation are 0.002-0.004, and 0.3-0.5,
respectively. All results presented in this section represent the average over three
runs.

The �tness results reported in Fig. 4 show the evolutionary processes of the
�rst-stage evolution (graph on the left) and the second-stage evolution (graph
on the right) of the incremental approach. Both the obstacle-avoidance and ap-
proaching toward the target object abilities that robots acquired in the �rst-stage
evolution and the second-stage evolution, respectively, are improved along the
course of evolution. However, it is not clear from Fig. 4 whether the acquired
obstacle-avoidance ability is utilized or lost by the second-stage evolution. Thus,
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two �nal populations, one evolved by the �rst-stage evolution and the other by
the second-stage evolution, are tested in the evolved-environment (Fig. 3) with-
out a target object and in an unknown environment. The unknown environment
is created by rearranging the obstacles of the evolved-environment. The task
given to the robot in testing experiments is to avoid obstacles.
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Fig. 4. Evolutionary processes of the incremental approach: (a) the evolutionary pro-
cess of the �rst-stage evolution of the incremental approach; (b) the evolutionary pro-
cess of the second-stage evolution of the incremental approach

The performance of testing experiments is measured according to F1 (i.e.,
the �tness function of �rst-stage evolution). Table 1 shows average population
�tness of testing experiments. It is seen that the �rst-stage evolution reports
slightly higher �tness value than that of the second-stage evolution. The reason
of a lower �tness value by the second-stage evolution is that the task given in
the second-stage evolution and testing experiments is not same. In addition,
the second-stage evolution may slightly change the acquired obstacle-avoidance
behaviors of the �rst-stage evolution for �nding the target object (Fig. 5). The
navigation of the robot evolved by �rst-stage evolution was smooth (Fig. 5(a)),
while it was some sorts of zig-zag for the second-stage evolution (Fig. 5(b)). The
zig-zag movement of a robot evolved by the second-stage evolution might be for
searching the target object that was the goal of the second-stage evolution.

In order to assess the bene�t of incremental approach, an additional set
of control experiments by using a conventional approach, one-stage evolution, is
carried out. In conventional approach, controllers are evolved to acquire obstacle-
avoidance behaviors and to �nd the target object simultaneously. The �tness
function used for evolution by the conventional approach is F3, where F3 =
F1+F2

2
. That means, the �tness function of the conventional approach is equal to

the average of two �tness functions used in the incremental approach. The life-
time of each individual of the conventional approach is set to 8 sec for making
fair comparison. Note that the life times of each individual of the �rst-stage
and second-stage evolution of the incremental approach are 5 sec and 3 sec,
respectively.
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Table 2 compares the performance of the conventional approach and the
second-stage evolution of the incremental approach with respect to F3. The en-
try of second column in the table represents the average population �tness of the
�nal generation. It is seen that the performance of the conventional approach is
much worse than that of incremental approach. There might be two reasons for
the worse performance of the conventional approach. First, the �tness function
of conventional approach uses many components to describe the evolutionary
task properly. Second, one component (i.e., maximizing vision information) of
the �tness function is con
icting with the other (i.e., minimizing sensory infor-
mation). It has been found that starting from small is bene�cial for learning and
development of neural networks [4].

Table 1. Performance comparison between the �rst-stage evolution and the second-

stage evolution of the incremental approach for avoiding-obstacles in a known and an

unknown environments. The performance is measured by the average population �tness

of the �nal generation

Evolution Performance to avoid obstacles in the

known environment unknown environment

First-stage 0.27130 0.2251

Second-stage 0.23743 0.2037

Table 2. Performance comparison between the second-stage evolution of incremental

approach and conventional approach evolution to reach the target object by avoiding-

obstacles in an environment. The performance is measured by the average population

�tness of the �nal generation

Evolutionary Performance to approach toward

approach the target object by avoiding

obstacles in the environment

Conventional 0.1645

Incremental 0.2531

5 Genetic diversity

The genetic diversity refers to the variation of genes within species. In all or-
ganisms that reproduce sexually, each individual plant or animal contains a
di�erent mix of genes. The variation within species allows a population to adapt
to changes in climate and other local environmental conditions. When a popu-
lation loses diversity, it becomes genetically uniform and far less adaptable in
changing conditions.
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(a) (b)

Fig. 5. Trajectories of two evolved-robots for avoiding obstacles in an environment: (a)
trajectory of a robot evolved by the �rst-stage evolution of incremental approach; (b)
trajectory of a robot evolved by second-stage evolution of incremental approach

The aim of the this section is to determine the e�ect of genetic diversity on
the performance of incremental approach. The genetic diversity is dependent on
various factors, such as the diversity of initial population and selection pressure.
In the �rst-stage, the diversity of an initial population is dependent on random
initialization of the initial population. In the second-stage, the diversity of an
initial population is dependent on the diversity in the evolved-population of the
�rst-stage evolution. Generally, the �nal evolved-population of the �rst-stage
evolution is used as the initial population for the second-stage evolution. In this
study, we are interested to examine the e�ect of diversity in the initial population
of the second-stage evolution for the performance of incremental approach.

To examine the e�ect of the initial population of the second-stage evolution,
the evolved populations at generations 40, 50, and 60 of the �rst-stage evolution
are used as initial populations for the second-stage evolution. Table 3 shows the
diversity of the evolved populations of the �rst-stage evolution at generations
40, 50, and 60. According to [7], the genetic diversity is measured as the average
dispersion of individual vectors from the center of mass of the population and
further normalized by the string length. Three sets of control experiments using
these initial populations are carried out. Each set of experiment consists of three
runs. Table 4 shows the �tness performance of the second-stage evolution that
uses three di�erent initial populations for evolution. It is seen that the diversity
of the initial population does not a�ect much on the performance of the second-
stage evolution. Rather, the performance of the second-stage evolution is greatly
dependent on which of the evolved-population of the �rst-stage evolution is used
as an initial population.

6 Conclusion

We have applied incremental approach, a two-stage evolutionary system, to de-
velop the control system of an autonomous robot for a complex task. The exper-
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Table 3. Diversity of evolved-populations of the �rst-stage evolution at di�erent gen-
erations

Diversity of the evolved
-population of the �rst-stage

evolution at generation
40 50 60

Minimum 0.49130 0.48715 0.48215
Average 0.51078 0.50321 0.50239
Maximum 0.53235 0.52223 0.52230

Table 4. Performance of the second-stage evolution of incremental approach using
di�erent initial populations. Evolved-populations of the �rst-stage evolution at gener-
ations 40, 50 and 60 are used as initial populations

Performance of second-stage evolution
using the evolved population of the
�rst-stage evolution at generation

40 as an initial 50 as an initial 60 as an initial
population population population

Minimum 0.57317 0.48701 0.51130
Average 0.63249 0.56891 0.60245
Maximum 0.87215 0.71230 0.7419

imental results show that the acquired behaviors of the �rst-stage evolution are
slightly modi�ed and utilized by the second-stage evolution. The performance
comparison with conventional (one-stage) evolutionary approach shows that the
incremental approach outperforms conventional approach. Our experiments have
yielded some interesting results, e.g., that the genetic diversity in the initial pop-
ulation of the second-stage evolution does not a�ect much on the performance of
incremental approach. Rather, the performance is greatly dependent on which of
the evolved-population of the �rst-stage evolution is used as an initial population
for the second stage evolution. We think that the genetic diversity of a popula-
tion can be maintained by using learning with evolution together. Thus, more
work is necessary in order to determine more precisely the relationship between
intermediate evolution and the performance of the incremental approach.
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Abstract. This paper presents the emergence of the cooperative behav-
ior for multiple robot agents by means of Genetic Programming (GP).
For this purpose, we utilize several extended mechanisms of GP, i.e., (1)
a co-evolutionary breeding strategy, (2) a controlling strategy of introns,
which are non-executed code segments dependent upon the situation,
and (3) a subroutine discovery technique. Our experimental domain is
an escape problem. We have chosen the actual experimental settings so
as to be close to a real world as much as possible. The validness of our
approach is discussed with comparative experiments using other meth-
ods, i.e., Q-learning and Neural networks, which shows the superiority
of GP-based multi-agent learning.

1 Introduction

Recently intelligent agents and multi-agent systems have attracted much inter-
est in Distributed Artificial Intelligence (DAI). GP (Genetic Programming) and
its variants have been applied to the multi-agent learning (see [Haynes et al.95],
[Luke et al.96], [Iba96] and [Hara et al.99] for example). However, in the multi-
agent application, the computational burden is often problematic. This is be-
cause the number of GP trees required for the multi-agent task becomes larger
with the number of agents. As a result, there are very few researches on the real
evolutionary robots by GP.
We have proposed several extended mechanisms of GP for the sake of the

multi-agent learning in the following points:

1. The co-evolutionary breeding strategy [Iba96].
Breeding is performed in the same way like in a distributed GP (see Fig. 1).
As generations proceed, some individuals are expected to perform special-
ized tasks for different agents. We evaluate the fitness of individuals in an
agent-type subpopulation as follows: Initially, i.e., at the first generation,
the other agents’ programs are chosen randomly. At successive generations,
we choose, as the other agents’ program, the best programs evolved so far

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 192–203, 2001.
c© Springer-Verlag Berlin Heidelberg 2001
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Fig. 1. Co-evolutionary Breeding for Multi-Agent Learning.

in the other agent-type subpopulations. In our previous papers ([Iba96] and
[Iba98]), we have empirically shown the superiority of the co-evolutionary
breeding over the traditional strategies, such as the homogeneous breeding1

and the heterogeneous breeding2.
2. The controlling method of effective introns [Iba and Terao00].
“Effective introns” are non-functional code segments of a GP tree dependent
upon the execution. For sake of identification, we attach an execution counter
to each terminal or function symbol in a GP tree. This counter is put equal
to zero at the outset of the execution. During the evaluation of the tree,
the counter is incremented when its symbol is evaluated. The symbol whose
counter remains zero is regarded as an effective intron, which can be removed
by an edit operator. We confirmed that (1) the fitness transition is improved
during the training phase, (2) the code growth is effectively controlled, and
(3) the robustness of acquired programs is increased.

3. The subroutine discovery for re-use [Hondo et al.96a],[Hondo et al.96b].
The aim is to enhance the robustness of GP by storing a certain number
of subroutines of GP subtrees for re-use. The algorithms work in two main
parts. The former part is based on ADF version of GP, which generates
the main solutions and subroutines. The latter part stores the effective sub-
routines acquired by this ADF mechanism. These acquired subroutines are

1 In the homogeneous breeding strategy, all agents use the same program evolved
by GP.

2 Each agent uses a distinct program in the heterogeneous strategy.
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(a) Robot Simulator (b) Actual Robot Environment

Fig. 2. Escape Problem.

drawn into a library according to a certain criterion. Any subroutine in the
library may be referred to by any individual in the main GP. A subrou-
tine is given its fitness value according to the individuals which call it. The
subroutine which has the lowest fitness is discarded and a new subroutine,
generated by the ADF, is added to the library.

In this paper, we apply the proposed GP system to a multi-agent task with
real robots, i.e., Khepara robots. The target task we have chosen is an “escape
problem”, in which robot agents are supposed to leave a room through a door
(or hole) in case of emergency, such as a fire (Fig. 2). However, in order to open
the exit door, they have to push all the buttons. This task consists of (1) push-
ing buttons and (2) escaping from the room through the door. In this paper, we
assume robot agents have different speeds and sensors. Thus, the effective coop-
eration among robots is essential for the efficient solution. The action program
can be taken as a program for robots required to “collect valuables in the event
of fire and go to the door.”
The rest of this paper is structured as follows. Section 2 describes the experi-

mental set-ups for the escape problem with actual robots. Section 3 explains the
experimental results and the performance is compared with traditional meth-
ods, such as Q-learning and neural networks, which shows the superiority of
our approach. Section 5 discusses our approach, followed by some conclusion in
Section 6.

2 Application to Actual Robots

2.1 Steps from Simulation to Actual Robots

If simulators are used for learning, the robots can obtain any information and
learn smoothly, but this merit becomes a problem in the transition from simu-
lators to actual machine robots.
Although many studies assume that robots recognize their own locations,

we try to avoid using information on the coordinates of robot locations. This



Multi-agent Robot Learning by Genetic Programming: An Escape Problem 195

is because a considerably large-scale device is needed for actual robots to know
their own absolute coordinates. In recognizing the external world, only the slight
modifications of image outputs of cameras and the values of infrared sensor
output are handled. In other words, the above processing is at the level of physical
devices such as cameras and infrared sensors. This lowers barriers arising in
application to actual robots.
However well designed, a robot system inevitably has to cope with distortions

of camera image output, i.e., camera noise. There seem to be two solutions to
this.

1. Redesign the function nodes in GP by using the camera output in accordance
with actual camera output.

2. Adjust the camera image output of the actual robot close to that of the
simulator by putting it through a suitable filter. Use a filter designed to
switch in accordance with picture elements.

The first method above can be used only for special GP terminals. The second
method is applicable in almost any case, including nodes having direct access to
picture elements, but it is difficult to design such filters.

2.2 Design of Entire System

We used Webots of Cyberbotics for the robot experiments. These are simulators
for Khepera with several options.
The size of the field is 200cm×200cm in this simulator (the area for actual

robots is 100cm×75cm). The initial locations of the robots were fixed and the
initial directions of movement were random. The buttons were black and located
at three points chosen at random from six. The exit was blue and fixed. If a robot
comes within a certain distance from the exit, with all buttons pressed, it is rated
as an escaped robot. The limit time is 2000×64ms. A GP individual, i.e., a robot
program, was repeatedly executed until the time expired.
In this paper, we assume that there are three robot agents in the environment

and that the number of buttons is three. The robot speed was 6×8mm/s for robot
A, 8×8mm/s for robot B and 13×8mm/s for robot C.

2.3 Test Environments and Parameters

The function and terminal symbols used in GP are given in Table 1. The sim-
ple image processing is done when evaluating the Black, Green, Blue and Wall
functions (see Fig. 3). The other parameters are as follows: population size =
512, elite size = 20, maximum generations = 30, mutation probability = 0.3,
and maximum tree size = 200.
To calculate the fitness, the following formula is used:

fitness = a+ b

+ (the remaining time when all buttons have been pressed)
+ (the remaining time when all robots have escaped),
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where a is the +5 bonus upon pressing of one button and +10 bonus upon escape
of one robot. b is the value depending on the distance between the exit door and
each robot at the end of the limit time (maximum if the robot has escaped; the
nearer the robot is to the door, the larger the value is). The larger the fitness,
the better.
Remember that we have three robot agents in the environment. In this case,

the fitness value is expected to be about 120 when the task has been achieved,
i.e., when all robots have escaped.
Twenty different training maps with random initial directions are used for

the GP learning. This learning is conducted within the Webot simulator. After
the GP learning, the acquired robot program is tested against different testing
maps both with the simulator and with actual robots.

Fig. 3. Image Processing Functions.

3 Experimental Results

3.1 Simulation Results

The experimental result of a typical GP run is shown in Fig. 4, which plots the
fitness values with generations. Remember that the fitness value of about 120 is
considered as the task complete level. Fig. 5(a) shows the layout of the buttons
and the robots in the learning environment. First, a robot presses the nearest
button. Robot A, the slowest of the three, goes straight toward the exit, while
the other two move to press the other buttons. The pressed buttons disappear
from the field and appear outside (bottom of the window). Finally, the three
robots escape.
Fig. 5(b) shows the actions for a different testing layout from the learning

environment. Robot A is the slowest, and is unable to see the exit obstructed
by a button. It stands still, then as the exit comes into sight from behind the
disappearing button, it starts for the exit. The other two press buttons chosen
by each. Finally the three robots escape.
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Table 1. GP Terminals and Functions.

Name #Args. Description
Prog2 2 Evaluate two arguments in sequence. Return the result

of the last argument.
Black 4 Evaluate one of the four arguments dependent upon

the recognition of a black object in the view area.
Green 4 Evaluate one of the four arguments dependent upon

the recognition of a green object in the view area.
Blue 4 Evaluate one of the four arguments dependent upon

the recognition of a blue object in the view area.
Wall 4 Evaluate one of the four arguments dependent upon

the recognition of a white wall near the agent.
Avoid 1 Avoid some collision based upon the output of the

ultra-red sensor, and evaluate the argument.
Time check 4 Evaluate the argument dependent upon the remaining

time steps.
Turn left 0 Turn left at 15 degrees.
Turn right 0 Turn right at 15 degrees.
Go forward 0 Move forward for 320 msec.
Go backward 0 Move backward for 320 msec.

3.2 Use of Actual Robots

In order to apply the acquired GP program to actual robots, the gap of the
camera image output was adjusted. Because of the nature of the function nodes
in GP, the first method described in section 2.1 was employed. The Black, Green,
Blue, and Wall functions were rewritten so that each would work with actual
robots. In practice, only the parameters in the parts for discriminating each node
color were modified. The allowable ranges of color discrimination were widened
a little, which improved robot actions.

Fig. 4. Fitness Transition.



198 K. Yanai and H. Iba

✲✘✘✘✘✘✘✘✘✿

✟✟✟✟✯
Buttons

Exit

❄

Robot A
B

C

✄
✄
✄
✄✄✎

✄
✄
✄
✄✄✎ ✁
✁☛

(a) Training Environment

B ✲

A✘✘✘✘✘✿

C
❅

❅
❅❘

Exit

❄
Buttons✛ ✏✏✏✮

❄

(b) Testing Environment

Fig. 5. Acquired Robot Behaviors in Simulator.
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Actual robots also worked well with the acquired GP programs. The actions
of the actual robots are shown in Fig. 63. Even when the environment was
changed from the training simulation, the robots acted properly. Thus, we can
confirm the robustness of the acquired GP program.

4 Comparison with Other Methods

This section compares four methods of approaching the escape problem: heuris-
tic method (human programming), reinforcement learning (Q-learning), neural
networks using an error back-propagating method, and GP. The field is an 8×8
square two-dimensional lattice integer coordinate space4. Agents A and B move
at travel speed of one (1 square at a step) and agent C at travel speed of three.
Each agent can recognize only the three squares around it. The direction of
travel at one step was obtained under each of the following methods and the
task-achieving ratios were compared.

1. Human programming by heuristics
The algorithm: “each button is pressed by the agent nearest to it” was
implemented. This is expected to solve the task heuristically. To any agent
not allotted any button as a target, the exit was allotted as the goal. If any
agent sees nothing in the three squares around, it can move at random.

2. Reinforcement learning
We made a Q-table using the states (such as the speed of the agent, the
distance to the goal, the vector to the goal, the number of pushed buttons
and so on) and nine patterns of actions (moving to one of nine squares around
it). Actions are determined by probability in accordance with Boltzmann’s
distribution. Another step taken was to change the search strategy from
exploration to exploitation by reducing the temperature in the course of
learning.

3. Neural networks
Learning with teaching signals was carried out by means of an error back-
propagating method. The input signals used were the number of the buttons
pressed by the specific agent, the number of the buttons pressed by all agents,
the number of the other agents in sight, the direction of the nearest one of
the other agents, the number of the buttons in sight, the number of the
buttons not pressed in sight, the location of the nearest button not pressed,
whether the exit is open or not, whether the previous move was a failure or
not, and the direction of the exit.

4. GP
GP was run by a tournament strategy (size 7) with 200 individuals and 100
generations. The used function and terminal symbols were almost the same

3 The MPEG demonstration of the acquired robot behaviors can be downloaded from
http://www.miv.t.u-tokyo.ac.jp/ibalab/. Follow the download instruction.

4 For the sake of comparison, we chose a lattice field in this experiment. This is because
the number of states should be reduced for the sake of Q-learning.
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(a) Testing Environment #1

(b) Testing Environment #2

Fig. 6. Actual Robot Behaviors.
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Table 2. Task achievement rates by different methods.

Method Human Programming Q-learning Neural Network GP

First stage 0.88 0.64 0.18 0.85
Second stage 0.35 0.04 0.00 0.40

as the previous ones (Table 1), except that they were modified to use the
discrete vector information.

Table 2 shows the results given by various methods in terms of task-achieving
ratio, i.e., the success records attained by the agents in case. In the first stage,
the subgoal is to push all the buttons so as to open the door, whereas in the
second stage, it is for all robots to escape from the door. The data are averaged
over 100 runs. Although the settings differ slightly with techniques, the senses
of all agents were limited (in practice the visible distance was limited to three).
For the fair comparison, the maximum steps of the simulation were uniformly
set to be 100 for all methods. Also, those agents that fail to see the goal are
allowed to move at random. In Q-learning, it was decided not to take over the
matrix of the state and action.
Because Q-learning and neural networks we used are so simple that they

may achieve better results if improved. Thus, the comparison in the table does
not definitely represent the qualitative ranking of the methods. However, it is
observed that the results above show that if the senses of the agents were limited,
GP was effective for the category of escape problems.
The performance comparison can be summarized as follows:

1. Human programming by heuristics
This proved to be an optimal solving method if the senses of the agents are
not limited, i.e., the mean time steps taken to carry out the task are relatively
few. However, if the senses of the agents are limited, the results rapidly
deteriorate, i.e., the performances become worse than the other methods.

2. Reinforcement learning
If a long time is taken for trials, better results can be attained than with
heuristic solving methods, irrespective of limitations on senses. On the other
hand, one trial takes longer than under the heuristic method. In an attempt
to deal with a more complicated environment, the size of the field needed
for the matrix of states and actions will explode.

3. Neural networks
A network suitable for the first step of the task is successfully attained with
some probability. However, it cannot meet the second step of the task. The
way how to give the teaching signals in the error back-propagating method
needs further discussion.

4. GP
In examples of training, better results can be obtained compared to the
results with other methods. Good results are also obtained in testing envi-
ronments and the programs acquired are adequately robust.



202 K. Yanai and H. Iba

In this section, when discussing the comparison of techniques, the number
of objects in the field of an escape problem, such as buttons and exits, and the
size of the field were fixed. If these parameters are changed, different results
can be obtained under several methods. For example, if the number of objects
is increased, the size of the matrix of states and actions in Q-learning might
explode, preventing us from attaining a solution in Q-learning.
It should also be noted that in the present experiments, the time needed for

the actual simulation was not taken into account. In other words, no mention
was made of the computational costs of algorithms in terms of time under any
method. However, we set the actual computation time to be almost of the same
order for all four methods.

5 Discussion

The program obtained from the simulation learning of the escape problem can
be evaluated as being fairly robust, because the task was accomplished in a
different situation from the basic learning environment. However, although in
the same situation as the learning environment the task is accomplished 100%,
in a different situation the achieving ratio is less than 100%. For example, if
robot A (the slowest, ready to start for the exit) is located so that it sees the
exit to the right, it tends to take more time to come to the exit. This is because
the relative positions of the goal and the robots were fixed in such a way that
robot A often sees the goal to the left; so, a lazy program probably evolved. This
difficulty can possibly be eliminated by changing the environment; yet there
remains a big problem: what changes should be made.
In summary, the actual robots acted much better than expected. This sug-

gests that a program resistant to camera noise and errors was acquired by our
method. Thus, we can conclude that GP is one of effective learning methods for
application to actual robots.

6 Conclusion

This paper presented the emergence of the cooperative behavior for multiple
robot agents by means of Genetic Programming (GP). We showed the following
points empirically:

1. GP was successfully extended for the sake of multi-agent robot learning.
2. The escape task was effectively solved with not only simulated but also real
evolutionary robots.

3. The performance was compared with traditional methods, such as Q-learning
and neural networks, which shows the superiority of our approach.

Our future topics concern the study of this problem in other robot tasks, such
as a robot navigation problem [Iba and Terao00] We also plan to conduct an
experiment in the difficult situations when the workspace is gradually changing
with generations.
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2.1 Evolutionary Methods for Circuits Design

In this section we briefly describe research work which has applied evolutionary
algorithms to circuit design and implementation.

A given circuit can be considered as a graph.  Actually, several papers have dealt
with the problem of encoding graphs, i.e. circuits, when working with GA and GP
[Miller et al 2000], [Thompson et al 1999], [Lohn and Colombano 1998].

For instance, Cartesian Genetic Programming (CGP) [Miller 1999] was developed
for representing graphs, and is based on Genetic Programming (GP).  The aim of CGP
is to find complete circuits capable of implementing a Boolean function.

In [Lohn and Colombano 1998] analogue circuits are evolved using linear
representation within GA.

In [Koza et al 1999] analogue circuits are developed by means of GP.  In
[Thompson et al 1999] analogue circuits are designed and implemented in FPGAs.
The methodology presented is based on GA.

Nevertheless we want a methodology for managing digital circuits. Our global goal
is not to find the design of a circuit, which is capable of performing a given function,
but we want to find a mapping of the circuit inside FPGAs, so that the circuit is
physically build.  Our methodology is based on GP.

3 Placement and Routing Based on Genetic Programming

In this section we describe the methodology we have developed for making the
placement and routing of circuits on FPGAs.  First of all we describe some Genetic
Programming (GP) features that are deemed important for our application and then
we describe how GP can successfully address the problem we are describing.

3.1 Parallel and Distributed Evolutionary Algorithms

The basis for evolutionary methodologies were founded 3 decades ago. From Genetic
Algorithms [Holland 1975], to  the relatively new Genetic Programming [Koza 1992]
all of them were thought of as sequential algorithms.  Usually, a set of individuals �
coded in a different way depending upon the methodology- is breed along generations
with the aim of solving an optimisation problem.  Although usually results have been
encouraging, the time required to find solutions is sometimes prohibitive.  This has
led researchers toward new studies concerning the way of accelerating the
convergence process that populations exhibit when evolution acts. One such ways is
the use of parallel or distributed machines working on the same problem.

There are several levels at which an evolutionary algorithm can be parallelised:
population, individuals or the fitness evaluation level.  The differences in the
implementation of the parallel algorithm when using GA with respect to GP stem
from how individuals are represented. Basically, authors distribute the set of
individuals into several populations.  Each of the populations run the same
evolutionary algorithm and exchange individuals at a certain rate.  This model has
been studied within the Genetic Algorithms framework [Cantœ-Paz and Goldberg
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1997] and has also been applied to Genetic Programming [Andre and Koza
1996],[Punch 1998 ].  [FernÆndez et al 2001] gives a description of the different
aproaches when using GP.  We also focussed on the study of Parallel and Distributed
Genetic Programming (PADGP) [FernÆndez et al 2000a].  We selected some of the
important parameters � number of individuals and subpopulations, topology,
migration rate- and obtained interesting results on benchmark problems.

As long as the time required for solving the problem of placement and routing on
FPGAs is large, we decided to use PADGP instead of classic GP.

Figure 2 graphically depicts the model we use with PADGP.  A master process is
in charge of managing communication buffers.  Populations can send and receive
individuals to and from the rest of the populations.

Fig. 2. PADGP model

3.2 Methodology

The aim for the methodology we are proposing is to apply PADGP for solving the
problem of placement and routing on FPGAs.  We are thus dealing with circuits.

The first step when applying an evolutionary algorithm to a given problem is to
decide the way of codifying the problem.  Since we use GP it is customary to codify
the problem by means of trees.  Each circuit to be placed and routed should thus be
coded as a tree.

For the sake of simplicity we can say that a circuit is a graph where nodes are
occupied by components (see figure 3-a).

If we substitute each of the circuit’s components by a box, we can obtain a
simplified circuit as depicted in figure 3-b.  If each of the components contained in a
given boxes is simple enough, we can implement it in any of the CLBs available in
the FPGA we are using.

The simplified circuit is therefore useful because it hides components but expresses
connections among them.  These connections are the only elements we need for
performing the placement and routing on FPGAs, given that components on circuits
we are dealing with are very simple and can be implemented with any of the available
CLBs.

Master
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a) b)

Fig. 3.  a) A simple circuit. b) A simplified circuit

a) b)

Fig. 4.  a) A simplified circuit. b) Circuit wires.

3.2.1 Encoding Individuals
After simplifying circuits, the next step is coding them into individual trees.  We
know that circuits are graphs, so we must establish a correspondence between graphs
and trees.

Let’s suppose that the circuit we are dealing with is that depicted in figure 3.  We
can suppress boxes from the graph and then we just have wires (see figure 4-a).

This procedure can be applied regardless of the circuit complexity.  We can now
assign labels to each of the wire’s extremes see (figure 4-b).  Labels will indicate the
box to which each of the extremes is connected.  In this way, we can build again the
whole circuit by placing as many boxes as there are different labels and connecting
wire’s extremes according to labels.
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At this stage we don’t need to know extra information relative to CLBs.  Just by
looking at wire labels, we know the number of CLBs required and how to connect
them.  We can now represent wires by means of trees by connecting each of the wires
as a branch of the tree and keeping them all together in the same tree.  By labeling
both extremes of branches, we will have all the information required to reconstruct
the circuit (see figure 5).

a) b)

Fig. 5. A) Wires as branches  b)  Connecting two CLBs

3.2.2 Encoding Physical Connections
The next step is to codify the physical routing of wires into FPGA inside each branch.
As described in section 2,  island-based FPGAs contains CLBs, switch blocks and
wires.  Each wire can connect adjacent blocks, both CLBs and switch blocks.  Several
wires must be connected through switch blocks when joining two CLBs’ pins
according to a given circuit description.

The main question now is: how can any wire be codified by means of branch of
trees so that genetic operations can be applied without problems?  And which is the
best way of codifying circuits by means of Genetic Programming?  The second
question is difficult to answer.  Let’s first see how connections on FPGAs can be
expressed by means of branches within trees, and how these branches correspond to
circuit’s wires.

Every  wire in an FPGA is made up of two ends - these can connect to CLB or
IOB.  On the other hand, as said above, a given number of switch connections may
conform the path of the wire.  In the representation we have used for codifying wires
into tree branches, CLB and IOB connections are described as each of the two end
nodes which make up a branch.  In order to represent switch connections, we will add
as many new internal nodes to the branch as switch blocks are traversed by wires.
Each internal node describes a given switch connection.

For the examples in figure 5-b switch blocks are passed through;  6 new nodes
must thus be added to the branch.  Figure 6 shows the branch representing the wire.

Every node requires additional information:  if the node corresponds to a CLB we
need to know information about the position of the CLB in the FPGA, the number of
pin to which one of the ends of the wire is connected, and which of the wires of the
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wire block we are using;  if the node represents a switch connection, we need
information about that connection.  Supposing that each wire arriving at a switch
block can continue to any of the 4 sides of that block, it is enough to store in that node
the direction: north, south, west or east  (See figure 6-b).

Once the way of expressing connections by means of nodes has been established
we must decide how all different branches make up the whole tree, i.e. the circuit.

After several experiments, we saw that a good way of describing the complete
circuit is by means of binary trees.  Each of the circuit’s wire is placed on a left branch
of a different level of the tree (see figure 6-a).  If a wire connects to an I/O, no switch
blocks will be required for connecting it in the FPGA, so the length of the branch
representing that wire will be always short.  Wires connecting two boxes will require
switch blocks in the FPGA, so the length is not know a-priori.

The length of trees is an important parameter in GP.  If we are using the previous
way of building trees, branches in the last levels of the trees will always be shorter
than branches at the beginning.  Therefore, we decided to leave the last branches for
I/O wires and the remaining for wires connecting boxes, which actually will require a
larger number of nodes.

4 Experiments

In this section we present some experiments we have performed for studying the
feasibility of the methodology.  Firstly we describe the GP parameters and then we
describe two examples of different complexity.

a) b)

 Fig. 6.  A) A branch expressing connections. B) Describing circuits by means of binary trees.
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Fig. 7. Describing circuits by means of trees

4.3 Providing Circuits to the GP Algorithm

Describing a circuit is the first step in the process of making the placement and
routing by means of GP.

First of all, each box in the circuit is assigned a number.  Circuits are then
described by a two-dimensional vector.  Each coordinate indicates the boxes to which
each wire is connected.  If a wire connects an input or output to just one box, the pair
of numbers making up the coordinate is identical and corresponds to the number of
the box.  The interpreter used by the fitness function will recognize that both numbers
in the coordinate are the same and will be aware that the wire is actually connected to
an IOB (see figure 8).

Each time a branch is examined, the fitness function checks which of the CLBs are
being connected.  A data structure will store the information about the position of the
selected CLB that the branch contains.  If the CLB has been previously established,
the data structure contains its coordinates in the FPGA, and can be used to begin the
connection or to compare if the position expressed by the branch corresponds to a
position previously calculated by other branch.

    1
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    3

Input 1

Input 2

Output

(1,1) (2,2) (3,3) (1,3) (2,3)

CLB Actual
Position

1 X,X
2 X,X
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At the beginning, positions are
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Fig. 8. Describing circuits by means of trees
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6 Conclusions and Future Work

The experiments we performed show the feasibility of GP for solving this problem.
The methodology finds different ways of performing the placement and routing of
circuits on FPGAs, a hard optimisation problem.  Each of the solutions can  be
applied to specific situations in which some restrictions must be taken into account.

As in other benchmark problems PADGP speeds up the finding of solutions to
real-life problems.  In the future, we will add partitioning techniques to the
methodology thus allowing to address larger circuits.

Fig. 10. Some of the solutions that were found.

a) b)

Fig. 11. a)  The third solution.  b) Applying PADGP.  Classic means Panmitic GP.
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least possible to interpret in a syntactical context. The target system can for instance
be a CPU, a compiler or a simulator, which all expect instructions or commands
according to a well-defined syntax. These �programs� produce solutions to the
problem.

Fig. 1. The three basic steps of GA

GP often, but not always, represent individuals in the form of a tree structure as
shown in figure 2. Any function set can be represented in the nodes of the tree, for
instance the reserved words of a programming language. It is also the syntax of the
function set, which determine the shape of the tree. During evaluation this
representation is interpreted, compiled or calculated in order to get a fitness value of
the individual.

Fig. 2. A tree representation of GP

It has become easier to address harder, human-competitive problems with the
genetic algorithm by using the powerful representation of GP. This however, has also
increased the demand for efficient computation, since the search space grows rapidly
with an increased function set [12].

1.2 Linear Machine Code GP

One of the most effective ways of implementing GP is to use binary machine code as
the function set [3]. This eliminates the need for compilation and interpretation of an
abstract representation. Instead, the representation is directly executed on a standard
CPU in order to get a fitness value.

Since machine code by its nature is linear, a linear representation has been
suggested, as shown in figure 3. Genetic operations can be performed directly on this

Iterate until end condition

Generation i Generation i+1
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linear structure, sometimes with syntax preserving protection of blocks or with
(predefined) blocks of instructions.

Fig. 3. Linear machine code representation of one individual

2 Parallel GA

It is a well-known fact that the genetic algorithm is inherently parallel, a fact that
could be used to speed up the calculations of GP. The basic algorithm by Holland [9]
is very parallel, but also has a frequent need for communication and is based on
centralized control, which is not desirable in a parallel implementation. This problem
has to be addressed in order to make a parallel implementation efficient.

An efficient architecture for GP should be optimized for the calculations and
communication involved in the algorithm (the three steps in figure 1). However, it has
also to be flexible enough to work efficiently with a variety of applications, which
have different function sets. Also, the architecture should be scalable so that larger
and harder problems can be addressed with more computer hardware.

2.1 Parallel Models

By distributing independent parts of the genetic algorithm to several processing
elements which work in parallel, it is possible to speed-up the calculations.
Traditionally, the parallel models have been categorized by the method by which the
population is handled. The choice between a global and a distributed population is
basically a decision on selection pressure, since smaller populations result in lower
selection pressure and faster (sometimes premature) convergence. However, the
choice also has a major effect on the communication need of the algorithm.

Bethke [5] made one of the first investigations of parallel implementations of GA
in 1976. He described a global population with a partial exchange of individuals in
successive generations. In 1981 Grefenstette described four different parallel
implementations of GA, with both distributed and global populations [8].

One of the first real implementations of parallel GA was made by Tanese in 1987.
She conducted studies of different topologies and migration rates on a distributed
population model on a 64-NCUBE system. In some experiments she reported super-
linear speed-up compared to sequential GA [14].
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The Farming Model. In the model with a global population the algorithm has direct
access to all the individuals in the population, either by a global memory or by some
type of communication topology, which connects several distributed memories. This
model have been reported to scale badly when the number of processing elements
grow, due to the communication overhead of the algorithm [1], [2]. This is however
heavily dependent on the ratio between communication time and computation time
and on the size of the population [6].

The parallel model with a global population is often referred to as the farmer-
model or the master-slave-model [6]. Its structure is shown in figure 4. A central unit,
a farmer or master, controls the selection of individuals from the global population
and is assisted by workers or slaves to perform the evaluation of the individuals.

Fig. 4. The farming model

By dividing the population into more independent sub-populations, two alternative
parallel models can be identified. Based on the size and number of sub-populations,
they are referred to as coarse-grained or fine-grained distributed population models.
When dealing with very large populations, which are common in hard, human-
competitive problems, these models are better suited since their performance scale
better with growing size.

The Island Model. The coarse-grained model, also known as the island model
consists of a number of sub-populations (demes) that evolve rather independently of
each other. With some migration frequency, however, they exchange individuals
between each other over a communication topology. An example of this topology is
shown in figure 5.

Fig. 5. The island model with seven sub-populations in a ring topology

The island model is a very popular parallel model, mainly because it is very easy to
implement on a local network with standard workstations (cluster). A major drawback
of the island model is that it modifies the basic genetic algorithm and introduces new

Slaves

Master
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parameters, for instance the migration policy and the network topology. Today, there
exist little or no theory on how to adjust those parameters [7].

The Diffusion Model. The fine-grained model, often referred to as the diffusion
model, cellular GA or massively parallel GA, distributes its individuals evenly over a
topology of processing elements. It can be interpreted as a global population laid out
on a structure of processing elements, where the spatial distribution of individuals
defines the sub-populations. As shown in figure 6 the sub-populations overlap, which
makes the communication implicit and continuous and enables fit individuals to
�diffuse� throughout the population in contrast to the explicit migration in the Island
model. Selection and genetic operations are only performed within these local
neighborhoods [4].

The diffusion model is well suited for VLSI implementation since the nodes are
simple, regular and mainly use local communication. Further, the nodes operate
synchronously in a SIMD-like manner and have small, distributed memories.

Fig. 6. The diffusion model with a linear topology

3 Architecture

It is my belief that a high performance GP architecture, especially when targeted for
portable applications, should be implemented in hardware and be based on the fine-
grained diffusion model. Implemented in an ASIC or FPGA it would not only be
highly efficient, but also scalable and compact enough to be portable and possible to
integrate, for instance, in mobile applications. In [13] several other advantages of the
diffusion model are concluded, most notably the absence of a migration parameter
and a potentially higher parallelism than in other parallel models.

Machine code representation of the individuals, being one of the fastest ways to
evaluate fitness, will further increase the performance. The CPU:s, which execute the
machine code, can be integrated on the same chip as the diffusion nodes, making it
possible to easily balance the performance of the CPU with the size of the CPU.
Integrating a reconfigurable CPU within a FPGA also makes it possible to target the
function set to specific applications.  In the rest of this chapter I will describe such a
system, i.e. a diffusion architecture that evolve individuals represented by linear
machine code using reconfigurable, embedded CPU:s.

Sub-populations

Regions with individuals belonging to two sub-populations

�..�

Individuals
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3.1 Topology

The inter-node communication in the system is based on the X-net topology, a two-
dimensional toroidal with extra diagonal links. In [10] this topology has shown to be
efficient during simulation of a number of test applications for GA. The size and
shape of the local neighborhood is configurable within the topology. In its first
implementation the architecture has a nine-node neighborhood as shown to the left of
figure 7.

Fig. 7. Two different neighborhoods laid out on the same X-net topology

3.2 Node Architecture

The diffusion node consists of four major parts, a CPU, a memory, a control block
and a simple router. Together they perform the three steps shown in figure 1.

The Memory. The memory holds two individuals, A and B, represented by linear
machine code. The size of the memory is application dependent but usually holds
128-256 words of instructions.

The Router. The router connects the node to the local neighborhood enabling the
node to read both fitness and machine code from selected neighbors. Please note that
every node not only is at the center of it�s own neighborhood, but also a part of eight
other neighborhoods as their north, north-west, west, etc, neighbor.

CPU Architecture. The CPU executes the machine code of the individuals A and B
and returns a raw fitness value to the control block. The CPU is based on the 8-bit
PIC16Cxx architecture fitted with an extra integer multiplier and executes all
instructions in one cycle. The CPU is easily reconfigured with a different word size, a
different register set-up or a new instruction set. It is therefore easy to modify the
function set of the genetic algorithm and target the system to a specific application.

The Control Block. The control block controls the three parts described above and
performs the genetic algorithm. After initializing the two individuals by random
generation of machine code the iteration from figure 1 is started. In the first step the
CPU evaluates the code of the two individuals in sequence. The raw fitness is then
returned to the control block where it is processed according to the application and the
fitness function.
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Fig. 8. The four blocks of the diffusion node

During selection, one of the two individuals A and B is chosen on random and its
fitness is sent to the neighborhood. The selection is done as a tournament between two
randomly chosen individuals amongst the ten individuals received by the router (two
local and eight neighborhood individuals). The one-point crossover is done
synchronously in a SIMD-like manner by reading two individuals from the router and
writing them in the memory at the receiving node. Please note that every node is
sending its randomly chosen A/B-individual to every node in the neighborhood,
including itself. It is, however, the receiving node that determines which of the ten
received individuals that will participate in the crossover operation, based on the
result of the tournament.

The mutation is done at instruction level and randomly replaces one instruction
with a randomly generated one.

3.3 Design Trade-offs

A crucial trade-off in the system is the size and performance of the CPU. A more
powerful CPU will evaluate the individuals faster or support a more powerful
function set. Being a major task in the genetic algorithm, this would speed up the
whole system. However, it is even more important to fit as many nodes as possible
within a single FPGA, since only a limited number of FPGA:s can be used in a
portable system. It is therefore important to balance the size and performance of the
CPU.

Generally, the size of a node is not dominated by the CPU but of the memory. It
would therefore be interesting to evaluate the system performance with two CPU:s
per node. Evaluating the two individuals in parallel would almost double the
performance of the system but only increase the size of the node by 20-30 %.

CPU

Memory

Control
Block

Route
r
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Fig. 9. The diffusion node set up for a regression problem

4 Simulation Results

So far, the design has only been simulated at low level in VHDL to verify its data
path and the work of the state machine. However, the simulations have indicated at
which frequency the system can operate and the number of gates needed per node.

Given a 8-bit CPU architecture with four general purpose registers, a maximum
size of 128 instructions per individual and a 16-point integer regression problem [x,
f(x)] as application, the architecture is able to evolve 10.000 generations per second.
The gate-count per node is around 20.000 gates making it possible to fit 500 nodes
(1.000 individuals) per FPGA (Virtex XC2V10000).

5 Future Work

Being the first architecture of the suggested model, a lot of work remains. To begin
with the architecture has to be implemented and verified in the target FPGA. The
implemented genetic algorithm must also be evaluated and different applications
benchmarked against the execution on standard models. The impact of different
neighborhoods and topologies need to be tested and, as mentioned above, different
CPU architectures and the impact of two CPU:s per node should be evaluated.
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2 The Satisfiability Problem

The Boolean Satisfiability problem, or SAT, belongs to a class of constraint
satisfaction problems.  Historically, it was the first member of a notorious group of
mathematical problems known as Nondeterministic Polynomial complete, or NP-
complete [3].  The NP problems are constraint satisfaction tasks, which require longer
than polynomial time (in the number of variables) to solve.  The SAT problem is
called NP-complete because if a polynomial-time algorithm could be found to solve
it, then it could be adapted to all NP problems.  In the NP-complete class are the
frequently studied Traveling Salesman Problem, and the Graph Coloring problem.

The SAT problem is to find a set of values for Boolean variables v1, v2, v3 � vv,
which satisfies a Boolean expression in the conjunctive normal form of the type:

(v1 OR v2 OR ~v3) AND (v4 OR ~v5 OR v2) AND (~v1 OR v5 OR v3) (1)

Any Boolean expression can be readily converted into a semantically equivalent
conjunctive normal form, so there is no loss of generality.  The OR expressions in the
brackets are called clauses.   The number of variables in each clause is referred to as
parameter K, the total number of clauses as parameter C, and the total number of
variables as parameter V.  In the example above K=3; C=3; V=5.  In most
theoretically studied cases [6], the clause size K is kept the same for all clauses in the
formula, and the SAT problem is referred to as K-SAT.

The ratio of clauses to variables C/V is a crucial parameter affecting satisfiability.
For example, formulas similar to (1) with very few clauses and many variables are
easily satisfied (low C/V), since most variables appear rarely, and the conflict
between them is unlikely.  On the other end of the spectrum there are problems with a
large number of clauses and very few variables (high C/V), so that each variable
appears in most clauses, and the conflicts are frequent.

2.1 Phase Transition in K-SAT

In theoretical studies of K-SAT [6], it is a common technique to randomly generate
multiple formulas similar to (1) with different numbers of clauses and variables, and
then run solution-finding algorithms on a computer to accumulate the satisfiability
statistics.  As the ratio of clauses to variables increases, it gets progressively harder to
satisfy the K-SAT expressions.

Surprisingly, the transition from satisfiable to non-satisfiable is not gradual, but
sudden and abrupt, after a certain critical C/V ratio is exceeded.  The transition
statistics, averaged over thousands of runs, is shown in Fig. 1.  As the C/V ratio
increases, a sudden phase transition takes place.

Satisfiability behavior near the phase transition has very important dynamic
properties.  As the number of variables increases, while the C/V ratio is kept
unchanged, the transition curve gets steeper, approaching a step function at very large
number of variables.  The midpoint of the phase transition depends on the clause size
K (the number of variables in clauses).  The critical C/V ratio corresponding to the
midpoint of the transition curve is:
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C/V ≈ Ln(2) x 2K (2)

The computational cost of solving the K-SAT problems is shown in Fig. 2.  For the
low C/V ratios the computational cost is low because solutions are abundant.  The
cost is also low for high C/V ratios, because the solution-finding algorithms quickly
discover multiple conflicts between the variables in clauses, and seize searching.

The hard problems are those clustering around the phase transition: they are either
almost satisfiable, or almost non-satisfiable, so it takes more computing to find the
solution.  The larger the number of variables, the harder it is to find the solution near
the steep phase transition.

Fig.1.  Shape of the phase transition curves from satisfiable to non-satisfiable in K-SAT.  Three
different curves shown for problems with different numbers of variables.

Fig. 2.  Computational cost of solving K-SAT for different numbers of variables.

2.2 K-SAT Behavior under Perturbation

Computational cost correlates with the sensitivity to perturbation.  We define
perturbation as an imposition of partial constrains on a specific subset of variables in
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a K-SAT expression.  These are the constants, not subject to change during the search
for solutions.

The K-SAT problems near the phase transition are extremely sensitive to the
perturbation.  In large problems it may be sufficient to impose just a few constraints
to sharply change the satisfiability of the set.  On the opposite side of the spectrum
there are problems with relatively small number of variables, which are much harder
to push through the phase transition by applying a perturbation, because many
alternative satisfying solutions may exist.

If a K-SAT expression is such that it resides exactly at the midpoint of the phase
transition curve, where the critical C/V ratio equals Ln(2) x 2K, and the satisfiability is
at 50%, the risk of not finding any solutions is equal to the chance of finding many
alternative solutions.   Thus, solutions do exist, but not too many of them.  A
perturbation may change the satisfiability in either direction.

A surprising dynamics is revealed, when noise is introduced into the perturbation
pattern of a K-SAT expression residing at the critical point.

We define noise as a continuous random fluctuation of a small number of the
partial constraints, contained within the perturbation pattern, taking place over a
period of time.  In the presence of noise, the satisfiability of the K-SAT expression
will randomly fluctuate around the point on the phase transition curve, which
corresponds to the satisfiability of the expression under this pattern of perturbation.

 As the satisfiability fluctuates, a multitude of similar, but not identical solutions
may be found, which satisfy the K-SAT expression.  Taken together as a group over a
period of time, these can be viewed as a population of responses to the perturbation
pattern.

When observed over a period of time, certain partial solutions in subsets of
variables will appear more frequently in the population, than certain other partial
solutions.  These are the relatively fitter partial solutions in the sense of their high
reliability of response to the perturbation pattern in the presence of noise.

In other words, the perturbation pattern applies selective pressure on the K-SAT
system to select for the more reliable partial solutions.

If these relatively fitter partial solutions were randomly recombined, while the less
fit partial solutions were discarded, the new population of solutions would achieve an
overall higher reliability of responses to the same perturbation pattern under noise.

In terms of K-SAT, the recombination of partial solutions requires that certain
clauses, which prevent these partial solutions from being jointly satisfied, are deleted
from the K-SAT expression, while certain new clauses, which facilitate the joint
satisfiability, are introduced.  In other words, the interdependencies in the given set of
variables, described by the K-SAT expression, must be rearranged to raise the
reliability of responses to the perturbation pattern.

2.3 Self-Organized Evolutionary Process in K-SAT

Suppose, new clauses with random content are blindly introduced into the K-SAT
expression, while the fractionally satisfied old clauses, are deleted.  The fractionally
satisfied clauses are the ones in which the conjunction of the variables in the clause is
not satisfied, when the disjunction is.
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It must be stressed, that this clause modification mechanism is purely local,
operating at the individual clause level, and does not analyze the overall satisfiability
of the K-SAT expression in any way, explicitly or implicitly.

Over a period of time, the partial solutions, which are more frequent in the
population, will weaken the interdependency with the inconsistent partial solutions,
and strengthen the interdependency with the persistent partial solutions.   This will
result in recombination of the persistent partial solutions to form a new population of
solutions, inheriting the fitter characteristics.  Occasionally, a random change in the
persistent partial solution may also be introduced, which will make it more or less
persistent.

A continuous succession of recombination and mutation in the populations of
similar, but not identical, K-SAT solutions reveals a self-organized evolutionary
process.  Over time, this process improves the reliability of response to the
perturbation patterns in the presence of noise.  Multiple patterns can be responded to
by the same system of interdependent variables.

This evolutionary process in large sets of interdependent variables is driven purely
by the self-organized critical phenomena at the midpoint of the phase transition curve.
We next apply this model to biological nervous systems.

3 Nervous Systems and K-SAT

Recent discoveries in neuroscience are changing the traditional views of the nervous
tissue in three different ways [7]:

First, the traditional view of the postsynaptic membrane potential as a linear sum of
synaptic activation is being revised.  It is replaced with a view that postsynaptic
activation is highly nonlinear: multiple synapses clustered close together on the
dendritic branch must be co-activated simultaneously (within a short time window) to
evoke any postsynaptic potential [8].  Dendritic membrane potentials (dendritic
spikes) originating in different branches of the dendritic tree can independently trigger
neuronal spikes, which then propagate along the axon to multiple target neurons.

Second, the spiking activity of neurons is no longer viewed in terms of firing rates
(average number of spikes in a time window), but in terms of the finely tuned
temporal structure of individual spikes and the inter-spike intervals within the spike
trains [9].

Third, the traditional view of the synaptic weight as a continuously graded, high-
resolution parameter is being replaced with a more recent view of a synapse with very
small number of stable states, ultimately a binary synapse [8].  Synaptic modification
can rapidly occur on a much shorter time scale than it was previously thought.

3.1 Modeling Biological Neurons in K-SAT

We first model the nonlinear function of the dendritic branch as a Boolean AND of
multiple clustered binary synapses.  In order to activate the postsynaptic membrane
potential, all of the excitatory synapses in the cluster must receive the afferent spikes,
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and all of the inhibitory synapses in the cluster must receive no afferent spikes within
the same (short) time window.

In turn, each of the afferent spikes is a product of the corresponding neuron with its
own dendritic branches.  Each individual synaptic cluster on a dendritic branch can
fire the neuron.  Thus, we model neuronal spike generation as an OR function of
multiple dendritic branch potentials.  The afferent spikes received by a neuron are
designated as Boolean variables v1, v2, v3 � vv; a Boolean expression for spike
generation in the biological neuron model is of the type:

(v1 AND ~v2 AND v3) OR (v1 AND ~v6) OR (v3 AND ~v5 AND ~v7)             (3)

Each AND clause in the brackets corresponds to one dendritic branch with clustered
synapses (variables in clauses); the OR expression encompasses all branches of the
neuron.  Some variables in the expression are inverted (~), which corresponds to
inhibitory synapses.  Note, that the same variable can participate in multiple AND
clauses, because the afferent axons can branch to make multiple synaptic contacts in
different clusters.

Fig. 3.  A model of a biological neuron: three dendritic branches shown with a five-
synapse cluster on each branch.  Each cluster has four excitatory synapses and one
inhibitory.

3.2 Modeling the Biological Brain in K-SAT

We model the biological brain as a system of multiple brain subsystems.  Each brain
subsystem is a large population of neurons of the type shown in Fig. 3, whose spiking
activity is described by the expression of type (3).  Each neuron within each brain
subsystem is randomly connected to multiple target neurons, and receives connections
from multiple afferent neurons.

AND

AND
AND

OR
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In our model, each brain subsystem also receives and sends random connections
from/to other brain subsystems, however the number of these external connections is
small relative to the number of connections within each subsystem.   Some of the
subsystems are the peripheral sensory neurons, which respond to changes in the
environment.  Other subsystems send activation to muscles and body organs, and
receive a reciprocal activation from these muscles and body organs.  Most subsystems
interconnect exclusively with the other sub-systems within the brain.

Because any cluster in any neuron may receive both excitatory and inhibitory
connections, for any neuron to ever fire there must exist at least one other firing
neuron (including itself).  In other words, the probability of firing a neuron is 100%.
This condition is expressed as a �long� disjunction (OR) of all the neurons of type (3)
in the brain subsystem.

The satisfiability of such an expression is an inverse of the satisfiability of the K-
SAT expression in its canonical conjunctive normal form (1).  Although the
satisfiability curve in Fig. 1 is flipped vertically, the critical C/V ratio versus K in
equation (2) holds.

It is important to stress, that the K-SAT expression for each brain sub-system
includes the pattern of spikes arriving externally and independently of the interactions
between the neurons within the subsystem.  This is a perturbation pattern, as defined
earlier.

Depending on the satisfiability of this �long� K-SAT expression, there may be
multiple combinations, few combinations, or zero combinations of firing and non-
firing neurons capable of satisfying this expression in the presence of a particular
perturbation pattern.  If multiple solutions do exist, only one combination at a time
can be instantiated on the same set of neural �hardware�.  In other words, the brain
sub-system is time-shared between the alternative solutions.

A fundamental question is where in relation to the phase transition midpoint, in
terms of C/V ratio and K, did evolution place the biological brain in terms to its
neuroanatomy and neuromorphology?

Clause size K corresponds to the size of the synaptic cluster.  In the biological
neurons this parameter has been estimated both analytically and empirically for
pyramidal neurons and other neuronal morphologies in various parts of the brain [8].
It typically varies in the range 8-12 synapses.  For K=10, the midpoint of the phase
transition in K-SAT corresponding to the critical C/V ratio is: Ln(2) x 210 = 709.78 .

In other words, phase transition between non-satisfiability and satisfiability in the
interconnected populations of biological neurons occurs when an average neuron has
approximately 710 dendritic branches with synaptic clusters.  This mathematically
derived number is highly consistent with the neuromorphological findings, estimating
the number of branches on the order of 103 in biological neurons [8].  In other words,
in a population of V interconnected neurons with C=103 synaptic clusters each, the
resultant C/V ratio is 103.

These numbers suggest that the biological nervous systems may in fact reside near
the phase transition boundary in K-SAT.  An important question is how would the K-
SAT model behave if these parameters were far from critical?

If the synaptic cluster size K were larger (with the same C and V), or the number of
branches C was lower (with the same K and V), the satisfiability in K-SAT would be
falling to zero.  It would be hard to find any combination of neurons to fire together
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with any other neurons.  If, on the other hand, size K of the synaptic cluster was much
smaller, or if the number of branches C per neuron was much higher, then the
satisfiability would be approaching 100%.  In that case, most neurons would fire
frequently in multiple combinations in response to almost any activity in the other
neurons, without discrimination.

Thus, the brain model in K-SAT requires that parameters C/V and K reside close to
the midpoint of the phase transition curve (Fig. 1).

3.3 Neural Dynamics under Perturbation

As follows from the above, biological nervous systems must be near-critical by
design, and, as a consequence, highly sensitive to perturbation in terms of K-SAT.

In the brain model, a perturbation is an externally generated pattern of spiking
activity arriving to some of the synapses in the brain sub-system.  The sub-system
reacts to the perturbation by firing a combination of neurons, and not firing some
other combination of neurons.  This solution must satisfy both the internal constraints
within the brain sub-system, and the pattern of perturbation.  At the same time, any
alternative solution will be necessarily extinguished.

This critical behavior in neural populations is particularly well manifested in the
ambiguous images, such as Necker Cube, as well as in the generally narrow attention
span [5].

Ideally, the overall satisfiability of the brain sub-system must be placed exactly at
the midpoint in the phase transition curve at 50%.  At this point of instability, the risk
of indiscriminate firing in response to a specific perturbation pattern equals the risk of
not finding any response.

In our brain model, the pattern of perturbation imposed on any of the brain sub-
systems is the afferent activity from the other sub-systems.  The peripheral sensory
sub-systems are also perturbed by the patterns in the environment, so they receive
both external and internal perturbation patterns.  In addition, our brain model includes
the extracellular neurochemistry and the glia, as the complimentary mechanisms of
super-imposing internal global perturbation on top of the external perturbation by
varying the excitability of neurons within the brain sub-system.

The neural dynamics of the K-SAT brain model closely matches the
experimentally observed biological brain activity, revealed by fMRI imaging
techniques [1], and the SQUID array techniques [5].  The model may explain the
�binding� phenomenon [1], which takes place within a 100-200 ms time window after
a task presentation and encompasses large populations of neurons firing
synchronously in various parts throughout the brain.  This combination of firing and
non-firing neurons is highly specific to each task presented.  Different individuals
have completely different patterns of activity when presented with the same task.  No
two brains are exactly alike, including the identical twins [1].
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3.4 Evolutionary Processes as Learning in the Brain

As it was shown earlier, in presence of noise in the pattern, the satisfiability of the K-
SAT expression will randomly fluctuate around the point on the phase transition
curve, which corresponds to the satisfiability of the expression under this pattern of
perturbation.

 As the satisfiability fluctuates, a multitude of similar, but not identical
combinations of firing and non-firing neurons will respond, which satisfy the K-SAT
expression.  Taken together as a group, over a period of time, these can be viewed as
a population of neural responses to the perturbation pattern.

When observed over a period of time, certain partial responses in subsets of
neurons will appear more frequently in the population, than other partial responses.
These are the relatively fitter partial responses in a sense of their higher reliability of
recognizing the perturbation pattern, when noise is present.

If these relatively fitter partial responses were randomly recombined, while the less
fit ones discarded, the new population of solutions would have an overall higher
reliability of recognition of the same perturbation pattern under noise, or higher
fitness.

In order to improve the fitness of neural responses, a brain sub-system must
rearrange the interdependency between its neurons, or rewire.

Our brain model uses a simple rewiring mechanism identical to the earlier
described clause modification mechanism to introduce new synaptic clusters with
random content, while at the same time deleting the fractionally satisfied clusters.
This mechanism requires that all neurons continuously grow new dendritic branches
at a certain rate.  A new branch contains a cluster of synapses, and the proximal
afferent axons randomly connect to them.  At the same time, the fractionally activated
clusters (with conflicting combinations of excitatory and inhibitory spikes) are
depressed and removed, so that the branch completely disappears.   Only the
branches, which are consistently fully activated, or consistently fully inactivated (no
conflicting afferent activity in either case) are retained.  This mechanism is highly
consistent with the neuroscientific findings [7], [8].

Over a period of time, the persistent partial neural responses will weaken the
interdependency with the inconsistent partial responses, and strengthen the
interdependency with the other persistent partial responses (in different subsets of
neurons).  Occasionally, a random change in the persistent partial response may be
introduced, which will make it more or less persistent.

A continuous succession of recombination and mutation in the populations of
similar, but not identical, neural responses constitutes a self-organized evolutionary
process responsible for adaptation and learning in the brain. Multiple patterns can be
learned by the same brain sub-system of interconnected neurons.  Both spatial and
temporal patterns will be learned.

This evolutionary dynamics is purely self-organized as a result of model sensitivity
to the perturbation in the presence of noise.  The time scale of this evolution can be as
short as hundreds of milliseconds to seconds, or as long as the lifetime of the brain.

Most importantly, this kind of brain model learns in the presence of noise, i.e. from
incomplete or partially corrupted samples, unlike most other models of nervous
systems, which require complete and uncorrupted pattern presentation during
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learning.  Neither an external agent, nor an internal �homunculus�, is needed to
account for any aspects of learning.

3.5 Brain Size and Phase Transition Dynamics

Why evolution favors larger brains as more sophisticated, from mice to men, by
simply increasing the total number of neurons V, with no significant modification in
C/V, and K?

Since the larger brain has larger parameter V, in order to maintain the critical C/V
ratio constant, the length of the K-SAT expression must be longer.  For any given
neuron to fire, a longer chain of other interdependent neurons must be firing and not
firing, than in the smaller brain.

A steeper phase transition curve in the larger brain points to a higher sensitivity to
subtle novelties.  In a K-SAT model of a smaller brain, a subtle novelty in the
perturbation pattern may not result in any change in the current population of
responses.

By contrast, an identical subtle novelty presented to a larger brain is more likely to
change the current population of responses.  The changing population will rapidly
evolve in the direction of higher reliability of response to this novelty.

Thus, on the one hand, a larger brain is capable of learning larger, more
complicated patterns (finding solutions to longer K-SAT expressions), and on the
other hand, learning more intricate interdependencies within the same patterns (higher
sensitivity to subtlety).  The smaller brain remains literally and mathematically
�satisfied� in K-SAT with the �simpler� solutions.

4 Towards the K-SAT Artificial Brain

Can an artificial brain based on the presented K-SAT model be constructed?  Will it
exhibit any of the self-organized properties predicted by the model? How intelligent
can it be?  Can a very large K-SAT artificial brain exceed the human brain in
intelligence?

The answer to these questions, according to the K-SAT brain model, depends
purely on the economic feasibility of interconnecting large numbers of neurons while
preserving the near-critical C/V and K.  An artificial brain, endowed with more than
1011 neurons, and more than 1015 synapses, all operating in parallel on a time scale of
hundreds of milliseconds, will achieve a steeper phase transition curve than the
human brain has achieved.  According to the presented model, it may be capable of
discovering more intricate interdependencies in the perturbation patterns presented to
it, as well as learn more complicated patterns.

From the engineering point of view, the real-time computational requirements for
the artificial brain (an ability to perform its self-organized processes in response to the
real world events) are very severe.  On the other hand, the predicted self-organized
evolutionary process could be demonstrated in an economically feasible hardware or
software model, which the author is currently working on.



Evolutionary Process near the Midpoint of Phase Transition in K-Satisfiability      235

5 Self-Organized Evolution in Natural and Artificial Systems

The presented view of the self-organized evolution at the midpoint of the phase
transition in K-SAT may be applicable to a large number of natural and artificial
systems [4], which reside at the critical C/V ratio versus K, as it was demonstrated for
the biological nervous systems.

In some systems the C/V ratio may itself fluctuate over time.  For example, in the
biological nervous systems the C/V ratio is initially elevated above the critical in the
early neonatal period.  This is accomplished through a more extensive dendritic
branching in the younger neurons to raise the initial satisfiability in order to produce
multiple alternative responses to a perturbation at the expense of specificity.

Although not treated here, the Darwinian species evolution can be readily
presented in terms of C/V ratio and K.  Similarly, certain artificial systems with large
sets of interdependent variables, such as manufacturing processes and transportation
systems, can be analyzed and even regulated in terms of C/V ratio and K using the
presented analysis.  Of a particular interest is a conjecture that a self-organized
evolution in simple molecules, interdependent through their chemical reactions, may
be responsible for the pre-genetic origins of life.

Conclusions

The self-organized evolutionary processes in sets of interdependent variables, driven
purely by criticality in the presence of noise, may explain a large number of diverse
phenomena in many natural and artificial systems.  As long as the system resides near
the midpoint of the phase transition curve from satisfiable to non-satisfiable, and it
includes a local clause modification mechanism, it will exhibit the self-organized
evolutionary process.
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Abstract. Yagi-Uda antennas are known to be difficult to design and
optimize due to their sensitivity at high gain, and the inclusion of nu-
merous parasitic elements. We present a genetic algorithm-based auto-
mated antenna optimization system that uses a fixed Yagi-Uda topology
and a byte-encoded antenna representation. The fitness calculation al-
lows the implicit relationship between power gain and sidelobe/backlobe
loss to emerge naturally, a technique that is less complex than previ-
ous approaches. The genetic operators used are also simpler. Our re-
sults include Yagi-Uda antennas that have excellent bandwidth and gain
properties with very good impedance characteristics. Results exceeded
previous Yagi-Uda antennas produced via evolutionary algorithms by at
least 7.8% in mainlobe gain. We also present encouraging preliminary
results where a coevolutionary genetic algorithm is used.

1 Introduction

Automated antenna synthesis via evolutionary design has recently garnered
much attention in the research literature [12]. Underlying this enthusiasm is an
issue that many designers readily acknowledge - good antenna design requires not
only knowledge and intelligence, but experience and artistry. Thus automated
design techniques and tools have been lacking. Evolutionary algorithms show
promise because, among search algorithms, they are able to effectively search
large, unknown design spaces.

The particular antenna we study in this paper is the Yagi-Uda, first proposed
in 1926 [14]. We chose this type of antenna because it presents difficult design
and optimization challenges, and because it was previously studied with respect
to evolutionary design [7]. The Yagi-Uda antenna is comprised of a set of parallel
elements with one reflector element, one driven element (driven from its center),
and one or more director elements (see Fig. 1). The highest gain can be achieved
along the axis and on the side with the directors. The reflector element reflects
power forwards and thus acts like a small ground plane. The design parameters
consist of element lengths, inter-element spacings, and element diameters.

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 236–243, 2001.
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Fig. 1. Typical Yagi-Uda antenna.

The application that we use is taken from [7]. It involves designing a spe-
cial feed for the Arecibo 305-meter spherical reflector in Puerto Rico [3]. The
antenna was to be used to search for primeval hydrogen having a redshift of
approximately 5. Neutral hydrogen line emission is at a frequency of 1420 MHz;
thus the frequency region of interest was about 235 MHz. Preliminary studies
indicated that the band from 219 to 251 MHz was of the greatest interest, par-
ticularly from 223 to 243 MHz. The most important design goal was for the
feed to have sidelobes/backlobes at least 25 dB down from the mainbeam gain
in the region from 70◦ < φ < 290◦, due to the interference which came from
surrounding radio and TV towers. Of lesser importance was that the E-plane
(the plane parallel to the plane of the antenna) and H-plane (perpendicular to
the E-plane) beamwidths be about 50◦.

Voltage Standing Wave Ratio, or VSWR, is a way to quantify reflected-
wave interference, and thus the amount of impedance mismatch at the junction.
VSWR is the ratio between the highest voltage and the lowest voltage in the
signal envelope along a transmission line [13]. The VSWR was desired to be less
than 3 and the gain was to be maximized, limited by the wide beamwidth. The
feed would be mounted over a 1.17 meter square ground plane-that is, a ground
plane only 0.92λ in size.

2 Antenna Representation and Operators

The representational scheme used is similar to that taken from [7]. As shown in
Fig. 2, this scheme is comprised of 14 elements, each one encoding a length and
spacing value. Each floating point value was encoded as three bytes, yielding
a resolution of 1/224 per value. The first pair of values encoded the reflector
element, the second pair encoded the driven element, and the remaining 12 pairs
encoded the directors. One point crossover was used with cut points allowed
between bytes. Mutation was applied on individual bytes.
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spacingsegment length

1 2 143

Fig. 2. Genetic representation of a 14-element Yagi-Uda antenna.

Radius values were constrained to 2, 3, 4, 5, or 6 mm. All elements within
a given individual were assigned the same radius value. Element lengths were
constrained to be symmetric around the x-axis and between 0 and 1.5λ. Ele-
ments having zero length were removed from the antenna; as a consequence, a
constructed antenna could have less than 14 elements. Spacing between adjacent
elements (along the z axis) was constrained to be between 0.05λ and 0.75λ. The
wavelength λ was 1.195 meters, the wavelength of 235 MHz.

3 Experimental Setup

Experiments were set up as follows. The NEC2 simulation program [4] was used
to evaluate all antenna designs. We used a parallel master/slave generational
genetic algorithm with a population size of 6000. One point crossover across
byte boundaries was used at a rate of 80%. Mutation was uniform across bytes
at a rate of 1%. Runs were executed on a 32-node Beowulf computing cluster [11].

The wire geometry encoded by each individual chromosome was first trans-
lated into a NEC input deck, which was subsequently sent to the NEC2 sim-
ulator. The segment size for all elements was fixed at 0.1λ, where λ was the
wavelength corresponding to 235 MHz. The source element for excitation was
specified to be the middle segment of the driven element. The z location of the
reflector element was always set to 0. The antenna was analyzed in free space.

The simulator was instructed to sample the radiation pattern of each indi-
vidual at three different frequency values: 219, 235, and 251 MHz, representing
a 13.6% bandwidth. Each radiation pattern was calculated at φ set to 0◦ and θ
varying between 0◦ and 355◦, the latter sampled at 5◦ increments. VSWR values
were also calculated for each of the three frequencies.

Fitness was expressed as a cost function to be minimized. The calculation
was as follows:

F = −GL +
∑

(C ∗ Vi) (1)

where: GL = lowest gain of all frequencies measured at θ = 0◦ and φ = 0◦, Vi =
VSWR at the ith frequency, and

C =
{

0.1 if Vi ≤ 3
1 if Vi > 3
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Lacking from this calculation was a term involving sidelobe/backlobe attenua-
tion. We chose not include such a term because we reasoned that as the mainlobe
gain increased, the sidelobes/backlobes would decrease in size.

4 Experimental Results

Thirteen runs were executed under differing random number streams for com-
parison purposes. Table 1 summarizes the run data for the best antenna found
in each run of 100 generations. Fig. 3 shows the radiation pattern from the best
antenna found (run 13). It exhibits 10.58 dB and has a VSWR of 2.02 at its
center frequency. Its sidelobe/backlobe gain at this frequency is 3.07 dB. Fig. 4
shows a diagram of the antenna’s physical structure.

To increase simulation speed, the evolved antennas were produced without
the presence of a ground plane – an idealized setting. Adding a ground plane
thus simulates more realistic conditions. We removed the reflector element and
simulated the best antennas found over a ground plane of 1.17 meters [7]. We
found the performance increased – at the center frequency the mainlobe gain
was 12.52 dB and the VSWR was 2.39. At 291 MHz, the gain was 11.33 dB, and
at 251 MHz, the gain was 11.15 dB. In contrast, the antenna produced in [7]
exhibits gains of 10.36, 10.91, 10.34 dB at 219, 235, and 251 dB, respectively.
Thus the antenna from run 13 has a minimum performance increase of 7.8% as
compared to the previously reported antenna.

Table 1. Results from the best individual after 100 generations for each of the 13 runs
(dB is measured at φ = 0◦, θ = 0◦).

219 MHz 235 MHz 251 MHz
Run dB VSWR dB VSWR dB VSWR
1 9.63 2.33 9.64 1.67 10.20 2.99
2 9.49 2.23 9.08 1.85 9.20 1.58
3 9.23 2.89 10.04 1.11 9.62 2.60
4 9.24 2.47 9.23 1.35 9.37 2.83
5 8.73 2.83 8.79 1.51 9.22 2.60
6 9.35 2.87 9.51 1.73 9.28 2.00
7 9.87 2.64 9.82 1.99 9.46 1.98
8 9.04 2.35 9.02 1.64 9.08 2.92
9 9.44 2.96 9.46 1.87 9.51 2.39
10 9.02 1.25 9.12 2.42 9.02 1.41
11 10.01 1.95 9.81 1.97 10.11 1.66
12 9.37 2.55 9.17 1.70 9.41 2.47
13 10.34 2.57 10.58 2.02 10.51 1.70
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219 MHz 235 MHz 251 MHz

Fig. 3. Radiation pattern of the best evolved antenna without a ground plane, mea-
sured at 0◦ ≤ θ < 360◦, φ = 0◦, for 219, 235, and 251 MHz, respectively. (The scale is
2 dB per division. Inner ring is -12 db, outer ring is 12 dB.)
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Fig. 4. The best Yagi-Uda antenna from run 13. The radius of all elements was 3 mm.

5 Coevolutionary Algorithm –
Method and Preliminary Results

A coevolutionary genetic algorithm was also applied to the antenna optimization
problem described above. The experiments are ongoing as of this writing, and we
briefly mention some encouraging initial results. The algorithm used is similar to
that presented in [9]. Two populations are used: one consisting of antenna designs
as described above, and one consisting of target vectors. The fundamental idea
is that the target vectors encapsulate level-of-difficulty. Then, under the control
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of the genetic algorithm, the target vectors evolve from easy to difficult based
on the level of proficiency of the antenna population.

Each target vector consists of a set of objectives that must be met in order
for a target vector to be “solved.” A target vector consisting of two values: the
mainlobe gain (in dB) and a VSWR value. A target vector was considered to be
solved by a given antenna if:

Gtarget < GL and Vtarget > VL

where GL is lowest gain of all frequencies measured at θ = 0◦ and φ = 0◦,
and VL is lowest VSWR of all frequencies. For example, an antenna with a GL

value equal to 5 dB and a VL value equal to 8 would solve the target vector
〈2, 12〉 but not 〈7, 12〉.

Values for target gain ranged between 0 dB (easy) and 12 dB (difficult).
Target VSWR values ranged between 12 (easy) and 3 (difficult). Target vectors
are represented as a list of floating point values that are mutated individually by
randomly adding or subtracting a small amount (5% of the largest legal value).
Single point crossover was used, and crossover points were chosen between the
values.

The general form of the fitness calculations are from [9]. In summary, anten-
nas are rewarded for solving difficult target vectors. The most difficult target
vector is defined to be the target vector that only one antenna can solve. Such
a target vector garners the highest fitness score. Target vectors that are unsolv-
able, or are very easy to solve by the current antenna population, are given low
fitness scores.

We ran our coevolutionary algorithm for 200 generations using 1600 indi-
viduals in both populations. In the antenna population, crossover and mutation
rates were 0.8 and 0.1, respectively. In the target vector population, crossover
and mutation rates were 0.8, 0.5, respectively.

The highest-fitness individual came from generation 199. It had mainlobe
gains of 8.30, 8.51, and 8.30 dB at 219, 235, and 251 MHz, respectively. While
performance is less than the runs from above, it was achieved with a much
smaller population, and it is currently our single data point.

Fig. 5 shows a plot of how the highest fitness target vectors varied during the
run. Such plots can give insight regarding the difficulty of achieving one objective
at the expense of another. In the plot, we see that difficult VSWR levels (near
3.0) are attainable early on and remain so throughout the run. The algorithm
focuses on gain, presumably the more difficult objective to meet. We see sudden
jumps in gain near generations 13 and 190, accompanied by relaxations in the
VSWR.

6 Discussion

Small improvements in antenna performance can be significant in many ap-
plications. Because of their numerous design variables, complex behavior, and
sensitivity to parameters, Yagi-Uda antennas are notoriously difficult to opti-
mize. Our experiments produced several excellent antennas in a relatively small
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Fig. 5. Coevolution run: plot of gain and VSWR for the best target vector over 200
generations.

number of generations. When simulated over a finite ground plane, the highest
performance antenna found exhibiting a mainlobe gain that was 7.8% higher
than a previously-reported antenna.

Previous work has explicitly included a sidelobe/backlobe term in the fitness
function in order to minimize radiation outside of the desired direction [7]. We
did not include an explicit sidelobe/backlobe term but rather relied on the fact
that the radiation pattern of an antenna is a zero sum quantity - increasing the
intensity in one direction will implicitly reduce the amount of radiation in other
directions.

Finally, we are encouraged by our preliminary results produced using coevo-
lutionary optimization. There we saw an antenna generated that had very good
properties while requiring less evaluations than the standard GA approach.
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México, D.F. 07300, Mexico,
ccoello@cs.cinvestav.mx

3 Tulane University, Department of Electrical Engineering and Computer Science,
211 Stanley Thomas Hall, New Orleans, Louisiana 70118, USA

hernanda@eecs.tulane.edu

Abstract. In this paper we show a scheme based on case-based reason-
ing to extract design patterns from a genetic algorithm used to optimize
combinational circuits at the gate-level. The approach is able to redis-
cover several of the traditional Boolean rules used for circuit simplifica-
tion and it also finds new simplification rules. Also, we illustrate how the
approach can be used to reduce convergence times of a genetic algorithm
using previously found solutions as cases to solve similar problems.

1 Introduction

Although it is difficult for an evolutionary algorithm to suggest directly new
design principles, it is feasible to infer such principles through a careful study
and analysis of its behavior on a set of examples. That is precisely the focus of this
paper. We propose that by employing case-based reasoning (CBR) techniques,
we can extract and reuse design patterns that emerge from the evolutionary
process of a genetic algorithm (GA). In fact, we will see how some of these rules
are really the same traditionally used by human designers. However, others are
entirely new simplification rules which, in some cases, may not even be intuitive
to a human designer.

Another interesting aspect of this work is that we show how CBR can be
used to solve more efficiently similar circuits to those previously solved. This
idea, although intuitive, is not completely straightforward in practice, since the
selection pressure of an evolutionary algorithm may destroy partial solutions to
a problem. Our approach is therefore, to use a database of solutions previously
found that have some (potentially) useful information. Then, using techniques
from case-based reasoning, we retrieve this information when designing similar
circuits (similarity has to be defined according to certain criteria in this context)
and incorporate it in the population of another evolutionary algorithm, as to
reduce convergence times. The system will be illustrated with the design of a
full adder.

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 244–255, 2001.
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2 Related Work

Apparently, the first attempt to combine case-based reasoning (CBR) and GAs
was done by Louis et al. [6]. In this paper, the authors use CBR-principles to
explain solutions found by a GA. This same idea was also discussed in Louis’
dissertation [4], where he proposed a system that combined CBR with GAs to
improve performance of the GA. These ideas were further developed by Louis &
Johnson [5] and by Liu [3]. Although Louis [4] and Louis & Johnson [5] used a
few examples from circuit design (mainly parity checkers) to illustrate their prin-
ciples, they did not focus their work specifically on the design of combinational
circuits as in our case. Nevertheless, our current proposal has been influenced by
this prior work. Several other researchers have proposed approaches that combine
CBR and GAs. See for example [9,10]. However, the emphasis of these papers
has been to illustrate the benefits of this sort of hybrid scheme rather than em-
phasizing a certain application domain like in our case. Also, some researchers
in evolvable hardware have pointed out the potential benefits of using GAs as
a discovery engine capable of producing novel and even inspirational designs.
Miller et al. [7], for example, showed that through the evolution of a hierarchi-
cal series of examples, it was possible to rediscover the well-known ripple-carry
principle for building adder circuits of any size. However, no CBR is used in this
work. Recently, Thomson [11] explored the potential of evolving larger systems
more quickly via a method of visualizing the subcomponents of the final solution
when they appear. Taking these partially evolved solutions from short runs and
feeding them to another GA, the convergence time of the GA can be improved.
This work is closer to our own, but unlike our proposal, Thomson does not use
CBR in his system.

3 Case-Based Reasoning

CBR is a problem-solving paradigm that in many respects is fundamentally dif-
ferent from other major AI approaches [2]. Instead of relying solely on general
knowledge of a problem domain, or making associations along generalized rela-
tionships between problem descriptors and conclusions, CBR is able to utilize
the specific knowledge of previously experienced, concrete problem situations
(cases). Finding a similar past case, and reusing it in the new problem situation
helps to solve a new problem. A second important difference is that CBR is
also an approach to incremental, sustained learning, since a new experience is
retained each time a problem has been solved, making it immediately available
for future problems. A CBR system can be divided in the following main stages
(see Fig. 1):

1. Identifying the new problem: The system receives the input case (new
problem) and analyzes its most important attributes and characteristics in
order to search amongst the cases that are most similar to the cases in the
case base. The attributes used to measure the similarities between the cases
are called indexes.



246 E. Islas Pérez, C.A. Coello Coello, and A. Hernández Aguirre

Evaluating

the solution

Storing the

new case

Finding cases

with similarities

Identifying the

new problem

Arriving at

the solution

Given

solution

Case Based Reasoning (CBR)

Base

Case

Fig. 1. General structure of a CBR system.

2. Finding cases with similarities to the new case: The following step is
to find the cases that have more attributes in common with the attributes
of the new case using the indexes found in the previous step. Sometimes it
is necessary to reduce the subset in order to find the most relevant cases.
The algorithm should be fast and efficient and the design is a critical and
important aspect when the case base is sufficiently large. The selection of
cases from the case base could be considered as analogous to natural selection
due to the fact that it is based only on the distance measure (similarity rather
than fitness) between the new case and each case in the case base.

3. Arriving at the Solution: Once we have the most similar cases, the sys-
tem starts the adaptation process, which consists of the combination and
modification of the most similar cases to form a new solution, and addition-
ally an interpretation or an explanation depending on the application of the
system. In most applications it is better if the system explains how it finds
the new case.

4. Evaluating the solution: The solution obtained in the previous stage is
a tentative or potential solution. It is necessary to do an evaluation of the
proposed solution before giving it to the final user. This evaluation should
show the qualities and weaknesses of the solution for the evaluation of its
usefulness.

5. Assignment and storing of the new case: Once the solution has been
created and evaluated, it is given to the user and then it is possible to create
a new case. This new case is formed from the solution found and the original
case (problem). Indexes are assigned to the new case and it is stored in the
case base.

6. Explaining, repairing and testing: If the solution fails, it is important
that the system obtains and analyzes the information in order to avoid mak-
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ing the same mistakes. If something unusual happens, the system should
try to explain it. Subsequently, the system repairs the solution based on the
explanation and returns to the evaluation stage.

4 Statement of the Problem

We extract knowledge at two stages of the evolutionary process: at the end of
a run and during a run. In the first case, the knowledge to be extracted are
the Boolean laws used by the evolutionary algorithm to design a circuit. These
laws are obtained after comparing the results produced from two or more runs
of the GA (with different parameters) with the solution produced by a human
expert. In the second case, the knowledge extracted are the building blocks that
the circuit structurally maintains during its evolutionary process. When some
individuals arrive at a certain (predefined) threshold in their fitness value during
the evolutionary process, it means that these circuits have evolved long enough
to contain good building blocks and we can then extract the knowledge that
they contain and store it in a case base for further use. Our approach consists of
storing solutions that were previously generated by the same GA and use them
as a memory of “past experiences”. Then, we can use a mechanism to detect
cases similar to the one being solved and retrieve from this “memory” some
solutions (or past experiences) that can be useful to solve the problem at hand.
For the experiments described next, we use a GA with integer representation
and matrix encoding (encoded as fixed-length linear chromosomes) that we have
adopted in previous work [1].

5 Proposed System

The proposed system that combines a GA with CBR is depicted in Fig. 2.
To understand better the way in which our system works, we will describe in

more detail the process of extracting knowledge in the two situations previously
mentioned:

1. At the end of the evolutionary process: In this case, we perform com-
plete runs of a GA solving a certain circuit. Once a solution is found, a new
case is formed with such a solution and the original problem. The original
problem will be considered as the attributes in the case base and the solution
will be the output of the case. The system will assign other attributes, in
order to have indexes that help retrieving the most similar cases in a more
efficient way.

2. During the evolutionary process: In this case, our work is inspired on
the research of Louis [4]. The GA records data for each individual in the pop-
ulation as it is created and evaluated. Such data include a fitness measure,
the genotype and chronological data, as well as some information on the
individual’s parents. This collection of data is the initial case data. Though
normally discarded by the time an individual is replaced, all of the case data
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Fig. 2. Proposed system to optimize combinational logic circuits using GAs and CBR.

collected is usually contained in the GA’s population at some point and it is
easy to extract. When a sufficient number of individuals have been created
over a number of generations, the initial case data is sent to a clustering pro-
gram. A hierarchical clustering program clusters the individuals according to
both, the fitness and the alleles of the genotype. This clustering constructs
a binary tree in which each leaf includes the data of a specific individual.
The binary tree structure provides an index for the initial case base. The
numbers at the leaves of the tree correspond to the case number (an iden-
tification number) of an individual created by the GA. An abstract case is
computed for each internal node based on the information contained in the
leaves and nodes beneath.

5.1 Representing Circuits in the Case Base

Depending on the stage at which knowledge is extracted, the representation
adopted to store it in the case base can vary:

1. At the end of the evolutionary process: The cases will be stored from
problems that have been solved previously and they will be used for seeding
the initial population of a GA. The attributes contained in this part of the
case base are the following1: case ID, number of inputs, number of outputs,

1 This scheme presents certain resemblance with the one proposed by Louis [4].
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output values, fitness, and genotype. Some examples of these cases are shown
in Table 1.

Table 1. Cases for knowledge extraction at the end of the evolutionary process.

Case ID No. Inputs No. Outputs Output Vals Fitness Genotype
1 3 2 01101001000010111 39 3230132431232134103231
2 3 2 01101001000010111 38 3230132431232144133204
3 3 2 01101001000010111 39 0200234133241431231130

2. During the evolutionary process: The best individuals are recognized
during early generations of the evolutionary process. Afterwards they are
stored as cases in the case base and retrieved in later generations. Some
of the attributes that are contained in this part of the case base are the
following: case ID, distance from the root of the tree to the level of the
case, schema for the case, scheme order, average fitness, weight (number of
leaves or individuals below), and generation info (the earliest and latest leaf
occurrence as well as the average in the subtree). Some examples of this sort
of cases stored in the case base are shown in Table 2.

Table 2. Cases for knowledge extraction during the evolutionary process.

Case ID Distance Schema Order Fitness Weight Generation
1 5 710*13*2* 6 30 6 50
2 2 **4*50*2* 4 60 8 30
3 8 163*14*41 7 15 4 67

Additionally, we also performed some analysis by hand to try to understand
the way in which the GA performs the simplification of a circuit. As we will show
in some of the examples presented next, the GA was able to rediscover several
of the simplification rules commonly used in Boolean algebra and, furthermore,
was able to discover “new” simplification laws that are stored in the case base
and can also be used by human designers.

6 An Example

Next, we will provide an example of how is the knowledge extracted both at the
end and during the evolutionary process of a GA with integer representation
used to design combinational logic circuits at the gate-level.

We want to find the Boolean expression that corresponds to the circuit whose
truth table is provided in Table 3. We will start by providing the steps followed
to extract knowledge at the end of the evolutionary process. First, we performed
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Table 3. Truth table for the circuit of the example (a subtractor).

A B C X Y
0 0 0 0 0
0 0 1 1 1
0 1 0 1 1
0 1 1 1 0
1 0 0 0 1
1 0 1 0 0
1 1 0 0 0
1 1 1 1 1

10 runs using integer representation and the following parameters: population
size=100, maximum number of generations = 2000, crossover rate = 0.5, muta-
tion rate = 0.006. The best solution found from these runs has 7 gates and its
corresponding Boolean expression is shown (under “AG Setup 1”) in Table 4.
This Boolean expression can be contrasted with the best solution found by a
Human Designer using Karnaugh maps (this solution has 16 gates). Addition-
ally, we performed 10 more runs using a population size of 700 and a maximum
number of generations of 400. The best solution found from these runs has 6
gates and its corresponding Boolean expression is shown (under “AG Setup 2”)
in Table 4.

Analysis The next step was to analyze (by hand) the solutions produced by
our GA with respect to those generated by the human designer: If we take the
solution found by the human designer and we factorize C and C ′ in Y , we have
that:

Y = A′B′C +A′BC ′ +AB′C ′ +ABC = C(A′B′ +AB) +C ′(A′B +AB′) (1)

To transform this equation in terms of an XOR gate:
If S = C then it is necessary that S′ = C ′

and if T = A′B′ +AB then it is necessary that T ′ = A′B +AB′

If we apply the DeMorgan’s theorem to T , we have that:

T ′ = (A′B′ + AB)′ = (A′B′)′(AB)′ = (A +B)(A′ +B′) (2)

Applying the distributive law and some basic theorems:

T ′ = (A+ B)(A′ + B′) = AA′ +AB′ +A′B +BB′ = A′B +AB′ (3)

Verifying that T ′ = A′B +AB′ is the negation of T = A′B′ +AB. Then we can
rewrite the eq. (1) as follows:

Y = C(A′B′ + AB) + C ′(A′B +AB′) = C ⊕ (A′B + AB′) (4)

If we apply the operation of a XOR gate to the operand between parentheses,
we have:

Y = C ⊕ (A′B +AB′) = C ⊕ (A ⊕ B) (5)
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Table 4. Comparison of results between a human designer and two setups of our GA.

Human Designer
X = A′B + A′C + BC

Y = A′B′C + A′BC′ + AB′C′ + ABC
16 gates

8 ANDs, 5 ORs, 3 NOTs
AG Setup 1

X = (B ⊕ (A ⊕ C)) ⊕ (A ⊕ AC)
Y = (B ⊕ (A ⊕ C)) ⊕ (B(A ⊕ C)

7 gates
2 ANDs, 1 OR, 4 XORs

AG Setup 2
X = (A′(B ⊕ (A ⊕ C)) + BC

Y = B ⊕ (A ⊕ C)
6 gates

2 XORs, 2 ANDs, 1 OR, 1 NOT

Applying the commutative and associative laws, we have:

Y = C ⊕ (A ⊕ B) = B ⊕ (A ⊕ C) (6)

We have the same result obtained from the solution found by the second set
of runs of the GA for Y , so we can store this equality in the case base and we
will have a reduction in the number of gates. The following can be easily seen
from the previous equations:

– In eq. (1) we rediscovered the distributive law
– In eq. (2) we rediscovered the DeMorgan’s theorem
– In eq. (3) we rediscovered the distributive law and some basic theorems
– In eq. (4) we rediscovered the operation of an XOR gate
– In eq. (5) we rediscovered the operation of an XOR gate
– In eq. (6) we rediscovered the commutative and associative laws

The cases stored in the case base as a product of the analysis at the end of the
evolutionary process are summarized in Table 5.

Using other circuits, we were able to produce several other cases and we
were able to rediscover several simplification laws from Boolean algebra and
even discover some new ones. For example, we discovered a “new” DeMorgan
theorem applied to XOR gates: (X ⊕ Y ′)′ = X ⊕ Y = X ′ ⊕ Y ′. This “new”
law says that if we apply the DeMorgan’s theorem to an XOR gate, then we
only need to negate one of the components of the original expression. We also
discovered some more complex simplifications, such as (A+ (A ⊕ B))⊕ (A ⊕ B)
= AB. All these cases were stored in the case base with the aim of reusing this
knowledge with other circuits.

Then, we performed an analysis during the evolutionary process, trying to
detect the basic building blocks used by the evolutionary algorithm to gener-
ate the best solutions produced. Fig. 3 show several snapshots of the solutions
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Table 5. Cases stored in the case base at the end of the evolutionary process for the
circuit whose truth table is shown in Table 3.

Original case Solution Description Number of gates
eliminated

Case 1 A′B′C + A′BC′ (A ⊕ B) ⊕ C Comparison between a human 13 - 2 = 11
+AB′C′ + ABC designer and the best

solution found by the GA
Case 2 (A′B′ + AB)′ A′B + AB′ Case obtained with the 6 - 5 = 1

comparison between a human
designer and the best
solution found by the GA

A

B

C

X

Y

A

B

C

X

Y

A

B

C

X

Y

Fig. 3. Solutions obtained by our GA at generations 325 (left), 366 (middle), and 398
(right) for the circuit whose truth table is shown in Table 3.

produced by our GA with the second set of parameters previously described
(population size = 700, maximum number of generations = 400). From these
pictures, we can see that the circuit has a fitness value of 23 at generation 325
and we were able to recognize the building blocks used by the GA (such build-
ing blocks are indicated with a thicker box). At generation 366, the maximum
fitness has increased, reaching 29, and we can observe that the building blocks
previously mentioned remain in their same position. Finally, when reaching gen-
eration 398, we have a fitness of 35 (i.e., a feasible circuit with only 6 gates).
Since the building blocks previously mentioned remain in the same position, we
proceed to store them in our case base. The building block found will be stored
using integers (since our GA used an integer representation), using asterisks (i.e.,
‘don’t care’ symbol) for those positions in the circuit different from the building
block. This same process was applied to several other circuits, including a parity
bit checker, a 2-bit magnitude comparator, a half-adder and a full adder. The
details of these experiments are available at [8].

6.1 A Case Study: Use of CBR to Design a 2×2 Bit Adder

To provide an insight into some of the possible applications of our work, we
chose a second example in which we want to illustrate how can we use previously
acquired knowledge (derived from the design of a half 2×2 adder) to produce a
full 2×2 adder. We were interested in analyzing different possibilities regarding
the use of CBR to improve the performance of the GA. Therefore, we decided
to perform three experiments:
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– First Experiment: Only previous solutions to the full adder circuit with
different fitness values were stored in a case base and some of these indi-
viduals were retrieved to seed a percentage of the initial population of a
GA before running it. The individuals were taken from different generations
with different fitness values in a previous set of runs for the full adder cir-
cuit. The initial population was a mixture of previous solutions (10%) and
random solutions (90%). This mixture is necessary to avoid an excessive se-
lection pressure that would cause premature convergence. However, the issue
of finding the proper number of cases to be injected in the population of a
GA is still an open research area [5]. The best known solution to this circuit
has a fitness of 36 (i.e., a feasible circuit with 5 gates), and we stored solu-
tions with a fitness value of up to 22. This also intends to reduce selection
pressure in the GA.

– Second Experiment: Some solutions to different logic circuits including the
full adder, the half-adder, the comparator and other circuits were stored in
the case base. The most similar cases would then be used to seed a portion
of the initial population of a GA before running it. The same mixture of
individuals as before was adopted in this case.

– Third Experiment: Some solutions to different logic circuits including all
the circuits as in the previous experiment, but without including the full
adder circuit were stored in the case base. The most similar cases would
then seed a part of the initial population of a GA were retrieved before
running it. The same mixture of individuals as before was adopted in this
case.
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Fig. 4. Comparison of results for the first (left), second (middle) and third (right) ex-
periments. The label “experiment” indicates the runs in which we used cases previously
generated by other runs of our GA (i.e., use of the case base).

The results produced from the three experiments are shown in Fig. 4. As we
expected, when previous knowledge is used, the GA arrives more rapidly to the
best known solution to this circuit. In the first experiment, our GA converges, on
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average, at generation 87, whereas the GA without knowledge required almost
100 generations to converge (on average). In the second experiment, the GA per-
formed the same as in the first experiment. The interesting issue to analyze here
is that our system decided to extract from the case base the previous solution
to the full adder (with fitness of 22), instead of the solution to the half adder.
This is explained by the fact that the full adder presents a greater resemblance
with the circuit being designed. The experiment showed us the capability of
our system to discriminate correctly among several circuits. In our third exper-
iment, we can observe that the GA begins to evolve from a fitness value of 14
in generation one, analogously to the GA with its initial population randomly
generated. However, the circuit evolves in a completely different way after that,
due to the fact that the system retrieves as the most similar case the previous
solution found for the half adder circuit. In this case, the GA that uses the case
base finds a valid circuit at generation 34, whereas the conventional GA finds a
valid circuit at generation 45. This illustrates how the use of case base reasoning
can actually help the GA to explore the search space in a more efficient way.

7 Conclusions and Future Work

We have illustrated the potential of combining CBR with a GA to improve
performance. The introduction of domain-specific knowledge within a GA is not
straightforward, and care must be taken of not biasing the search too strongly
as to produce premature convergence. The mixture of individuals proposed in
this work (10% of the population were taken from the case base and 90% were
randomly generated) seems to be a good choice, at least for the small and medium
size circuits used in our experiments [8] (many details were excluded due to space
limitations). However, more experimentation in this direction is still necessary.
Our approach extends some of the previous efforts to extract design patterns
from a GA used to design circuits [7,11], since we show not only how these
patterns can be extracted, but also how can they be reused by a GA to design
other circuits. More important yet, is the fact that this sort of system can be
applied to other domains, and that is precisely one of the future research paths
that we would like to explore.
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realized on a RAM-based hardware.  GA operations can be applied to lookup table
contents directly.

3 Genetic Algorithms

Genetic Algorithms (GAs) is a search and optimization method inspired by natural
evolution.  A GA performs a search on the solution space.  Individuals of a population
are evaluated based on a function.  At each generation, genetic operations, e.g.
crossover, mutation and selection, are applied to the old population to generate a new
population.  In the case of FSMs synthesis, a chromosome can encode a state
transition table directly.  Experiments found that non-equally distributed samples
cause premature situation and reduce the convergent speed of the GA.  When
capturing samples from real-world system, we cannot avoid biased samples.  Fig. 1(a)
shows a biased sample set and Fig. 1(b) shows an equally distributed sample set on
the same sample space.  Three chromosomes are used to test both sample sets.  In Fig.
1(a), three chromosomes match different number of sample points and their fitness
values are different.  On the other hand, in Fig. 1(b), three chromosomes match
almost same number of sample points and their fitness values are almost the same.

Fig. 1.  Sample points distribution on a sample space.

Fig. 2 shows the samples� relative usages in a GA-based Mealy Machines
synthesizer.  100 input/output samples were used to train a system.  Times of matches
for each sample were counted.  While finding a complete solution, we calculated the
relative percentage usages for all samples and plotted curves in Fig. 2.  Most samples
were only matched by chromosomes in the last generation.  For example, as the curve
for a 4-bit reversible counter shown in Fig. 2, there are only 6 out of 100 samples
contributed on the evolution process in most generations. This sample set is extremely
biased in two areas of the sample space.  In order to improve the successful rate and
convergent speed of GAs, we are going to propose a new fitness calculation method,
namely Dynamic Samples Weighting.
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initialize chromosomes;
for i = 1 to Nsample

Wi = 1 / Nsample;
Ci = 1;

loop for generations

for h = 1 to Nchromosome
fitnessh ← 0;
for i = 1 to Nsample

if evaluate(chromosomeh,inputi) = outputi
fitnessh ← fitnessh + Wi;
Ci ← Ci + 1;

exit on fitnessh = 1;

perform GA operations;

if generation no. is divisible by 10
for i = 1 to Nsample

Ei ← Ci / Σ(Ci);
for i = 1 to Nsample

Wi ← (1/Ei) / Σ (1/Ei);
Ci ← 1;

Fig. 4.  Pseudo-code of a GA with DSW.

Table 2.  Recalculate the weights of samples on Fig. 3.

Samples Wi
0 Ci

0 Ei
0 1/Ei

0 Wi
1 Wi

* |Wi
*-Wi

0| |Wi
*-Wi

1|
S1 1/5 2 2/9 4.5 1/6 1/9 0.0889 0.0556
S2 1/5 2 2/9 4.5 1/6 1/9 0.0889 0.0556
S3 1/5 2 2/9 4.5 1/6 1/9 0.0889 0.0556
S4 1/5 2 2/9 4.5 1/6 1/3 0.1333 0.1667
S5 1/5 1 1/9 9.0 1/3 1/3 0.1333 0.0000

Total 1 9 27.0 1 1 0.5333 0.3335

Table 3.  Effects of duplicated samples and DSW on Fig. 3.

fitness (by Wi
0) actual fitness(by Wi

*) fitness (by Wi
1)

chromosome absolute relative absolute relative absolute relative
A 0.6 0.333 0.33 0.198 0.50 0.299
B 0.8 0.444 0.67 0.401 0.67 0.401
C 0.4 0.222 0.67 0.401 0.50 0.299

Total 1.8 1.67 1.67
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5 Experimental Results

We implemented the described algorithms in C.  For each set of samples of the seven
FSMs shown in Table 4, we ran 100 trials to collect statistics.  Two statistics are
shown and discussed in this section.
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Fig. 5.  Average number of generations before obtaining the complete solution for GA without
DSW and GA with DSW.
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Fig. 6. Successful rate for GA without DSW and GA with DSW in 100 trials.

Fig. 5 shows the average number of generations before producing a complete
correct solution.  Obviously, GA without DSW needs more generations to evolve a
complete correct FSM.  With DSW, populations converge faster than without DSW.

For example, the average number of generations to produce a complete solution for
the 0101-detector Mealy machine is 832 generations for GA without DSW.  Actually,
the value should be higher than 832 because 30% of trails, as shown in Fig. 6, did not
produce a complete solution within 2000 generations.  A great improvement was
recorded after introducing DSW to the original GA.  It takes only 86 generations to
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Abstract. Finite state machines (FSM) have been successfully used to
implement the control of an agent to solve particular sequential tasks.
Nevertheless, finite state machines must be hand-coded by the engineer,
which might be very difficult for complex tasks. Researchers have used
evolutionary techniques to evolve finite state machines and find auto-
matic solutions to sequential tasks. Their approach consists on encoding
the state-transition table defining a finite state machine in the genome.
However, the search space of such approach tends to be innecesarily huge.
In this article, we propose an alternative approach for the automatic de-
sign of finite state machines using artificial evolution and learning tech-
niques: the SOS-algorithm. We have obtained very impresive results on
experimental work solving partially observable problems.

1 Introduction

In digital systems we talk about combinational and sequential systems. In the
first case, the output of such a system depends uniquely on the input data at the
moment, while the behavior of sequential systems depends on the sequence of
inputs over a period of time [14]. Thus, in the latter case, a memory is required
to save a trace of the sequence of inputs: that is, the state of the system. Given
the finite character of the memory, the number of states is necessarily finite;
therefore, one often speaks of sequential systems as finite state machines (FSM).

One may use a finite state machine to implement the controller of an agent
to solve a particular sequential task. However, such a finite state machine must
be hand-coded by the user, which may be a tedious work when the tasks are
highly complex. Evolutionary techniques may reduce the user’s effort to solve
such a task. For example, one may use genetic algorithms to evolve finite state
machines instead of designing them by hand.

Nevertheless, in some problems, like maze solving, evolutionary techniques
may require quite much more computational effort than, for instance, reinforce-
ment learning techniques. Indeed, contrary to reinforcement learning techniques

Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 267–278, 2001.
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that learn by interacting with their environment, evolutionary methods do ig-
nore much of the useful structure of the problem: the states an agent passes
through during its lifetime, which actions it selects, etc. [18]

In the reinforcement learning framework, the agent makes its decisions as
a function of a signal from the environement, called the environment’s state.
However, it should be noticed that in such framework, the state is any informa-
tion available to the agent, e.g., a local observation of the environment. Thus,
in certain reinforcement learning problems, the state does not summarize the
past sensations of the agent (i.e., the history of the agent). In the reinforcement
learning framework, we speak of Markov states if they succed in retaining all
relevant information of the history of the agent, as it is the case of a state in a
finite state machine.

Many of the learning techniques developed within the reinforcement learning
framework can learn optimal policies if the problem is Markovian; on the other
hand, they can only approximate the optimal policy. Partially observable mazes
are an example of non-Markovian tasks.

In this paper, we introduce an algorithm for evolving and learning finite state
machines, and test its capabilities solving partially observable mazes. In Section
2, we describe the maze learning task and the concept of partial observability.
In Sections 3, 4, and 5, we briefly describe finite state machines (FSM), rein-
forcement learning, and evolutionary techniques. Section 6 describes our SOS-
algorithm for evolving and learning finite state machines, Section 7 delineates the
experimental results, and finally, Section 8 presents some concluding remarks.

2 Maze Learning and Partial Observability

Mazes have long been used as a benchmark for machine learning techniques.
Maze learning is presented here as an abstraction of the real navigation problem
in mobile autonomous robots: One has an a-priori partition of the sensor space
of the robot, a perfect vision, and a discrete world. An autonomous robot is

GoW

GoS

GoN

GoE

Actions

G

S

Sensors of
the agent

Fig. 1. Example of a maze problem and of an agent. The S location indicates the
starting postion, the G location is the goal. The agent is able to detect an obstacle in
any of the four directions, and may choose one among four possible actions, or a NOP
(no operation) action.
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faced to the problem of finding a goal (G) starting from a valid position (S) in
a labyrinth-like environment (see figure 1). In some experiments, the robot can
only detect an obstacle lying in front of it, and may move one position forward,
or turn right or left. In other experiments, the robot can detect an obstacle to
the north, south, left and to the right, and may move one position in the same
directions. The problem here is to find the correct actions to take, such that the
robot avoids obstacles and finds the shortest path to the goal.

In mobile robotics, the agent has only partial information about the current
state of the environment, that is, it does not know the state of the whole world
from the sensory input alone (i.e., the observations). The agent is said to suffer
from hidden-state [8] or perceptual aliasing [19], and the environment is said to
be partially observable.

For an agent to behave in a partially observable environment, a sort of struc-
tural abstraction is needed. One technique performs spatial abstraction: it con-
sists on aggregating similar observations and treating them to some degree as the
same. Spatial abstraction, or function approximation seeks to develop mappings
which are more compact than lookup tables. Nearest neighbor, neural networks,
fuzzy logic, and other approaches have been widely used [11,15]. Another tech-
nique performs temporal abstraction, in which certain sequences of actions are
treated as higher level actions [12].

In general, the partially observable Markov decision processes (POMDP)
provides a formal framework for studying these problems [2,5]. The difficulty of
acting and planning in partially observable environments is illustrated by the
fact that the optimal policy may need the use of the complete previous history
of the system, that is, the whole sequence of observations, actions, and rewards
to determine the next action to perform [9].

Researchers attempt to aleviate such difficulty by developing hierarchical
reinforcement learning techniques [3], incremental learning methods [13], multi-
agent reinforcement learning techniques [16], etc. In this paper, we present an
alternative method for solving partially observable mazes by using artificial evo-
lution and learning of finite state machines.

3 Finite State Machines

The behavior of sequential systems depends on the sequence of inputs over a
period of time. A memory is required to save a trace of the sequence of inputs:
that is, the state of the system. Given the finite character of the memory, the
number of states is necessarily finite; therefore, one often speaks of sequential
systems as finite state machines (FSM) [14].

The state of a sequential system is therefore stored by the state variables
of the system; these variables contain all the information concerning the past
necessary for calculation of the future behavior.

next state = f(present state, inputs)
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The output variables of a sequential system (i.e., the actions of the system)
can depend on the present state and present value of inputs, or solely on the
present state: one speaks in the first case of Mealy machines and of Moore ma-
chines in the second case.

outputs = δ(present state, inputs) (Mealy machine)
outputs = δ(present state) (Moore machine)

In order to better visualize the state sequences of the system, the truth tables
of the functions f and δ are put together in a single table called state table (or
state-transition table). The lines in this table correspond to the states, and the
columns correspond to combinations of input variables, where for each entry one
places the values corresponding to the functions f and δ (value of the next state
and outputs).

It is similarly common to give the information of the state tables under
another form, more visual: the state diagram or state-transition diagram. This is
an oriented graph where each state transition is represented by an arrow, linking
the present state and the next state. On each arrow, the input values producing
the change of state and the ouput values are written.

4 Reinforcement Learning

Reinforcement learning is a computational approach to learning from interaction.
This approach offers an attractive paradigm to automating goal-directed learning
and decision making [18].

Reinforcement learning tasks are generally treated in discrete time steps: at
each time step t, the learning system receives some representation of the envi-
ronment’s state st, it tries an action a, and one step later it is reinforced by
receiving a scalar evaluation rt. Finally, it finds itself in a new state st+1. This
is what is called learning by trial-and-error in artificial systems. To solve a rein-
forcement learning task, the system attempts to maximize the total amount of
reward it receives in the long run [18]. To achieve this, the system tries to mini-
mize the so called temporal-difference error, computed as the difference between
predictions at successive time steps. This is called temporal difference learning
or TD-learning [17].

Reinforcement learning techniques involve the use of a value function which
can be simply implemented by a look-up table, and is composed of state values or
action values. A state value (denoted as V (s)) indicates the expected cumulative
reinforcement an agent can receive starting from a given state s; and, an action
value (denoted by Q(s, a)) indicates the expected cumulative reinforcement an
agent can receive taking action a from state s. In the general case, the policy of
the system (i.e., the way of behaving of an agent) is a simple function of the value
function. Therefore, adaptation here is achieved by updating the value function
using the scalar evaluation received while interacting with the environment.



Solving Problems by Evolution and Learning of Finite State Machines 271

5 Artificial Evolution

The idea of applying the biological principle of natural evolution to artificial
systems has been used in a wide range of applications. In this work, we use genetic
algorithms, an iterative procedure that consists of a population of individuals,
each one represented by a finite string of symbols (the genome), encoding a
possible solution to a given problem [10]. The algorithm starts with an initial
population of individuals that is generated at random. At every evolutionary
step (a generation), the individuals in the current population are decoded and
evaluated according to some predefined quality criterion (the fitness). To form a
new population (the next generation), individuals are selected according to their
fitness and then modified by using two standard (genetic) operators: mutation
(it is applied by flipping one or more random bits in a string with a probability
equal to the mutation rate) and crossover (it takes two individuals called parents
and produces two new individuals called the offspring by swapping parts of the
parents). The genetic algorithm may eventually find an acceptable solution.

Koza [7] and other researchers have used evolutionary techniques to evolve
finite state machines. Their approach consists on encoding the state-transition
table defining a finite state machine in the genome. Such approach is straighfor-
ward, but the size of the genome tends to be innecesarily huge: in a finite state
machine of S states (normally selected a-priori), and O combination of inputs
(possible observtions), the genome will have a length of S × O genes, each gene
encoding the next state and the action to be executed.

6 Evolution and Learning of Finite State Machines

The resemblance between a FSM state-table and a state-action value function
led us to adopt a different strategy to solve partially observable mazes. Instead of
considering a table of state-action values Q(s, a), we used a lookup table similar
to the FSM state-table. As shown above, a FSM state-table is accesed by a pair
(present-state, current-input), and outputs the following state for the FSM. Now,
if we consider a Moore machine, the output action of the finite state machine is
only a function of the state (i.e., it does not depend on the inputs).

In our approach, to determine the next-state transition for a given pair
(state,input), we use a value-state-like function (V (s)-like) that will estimate the
current best next state for the agent. Thus, to enable the evolution and learning
of finite state machines, our lookup table is accessed by the triplet (present-state,
current-observation, estimate-value-of-next-state) and outputs the current best
next state for the agent. Each state has a unique associated action, which is
taken by the agent after its selection of a state transition. Of course, this implies
an a-priori association of actions and states. Therefore, we used evolutionary
techniques to solve such design problem.

We have denoted the value function by T (s, o, s′), where s is the current
state of the environment, o is the current observation of the environment made
by the agent, and s′ is the current best next state. This triplet gives rise to the
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Fig. 2. Lookup table of estimations of the state values T (s, o, s′), where s is the current
state of the environment, o is the current observation of the environment made by the
agent, and s′ is the current best next state.

name of our algorithm. Such a function is implemented by a lookup table as
shown in Figure 2. The estimates of the value of the states, used by the agent to
choose its next state, are updated using a temporal difference formula as shown
in Figure 3.

The algorithm starts by using a population of POP individuals whose genomes
associate actions to the states of the finite state machine. The length of the
genome is equal to the maximal number of states SMAX multiplied by the num-
ber of bits (BITACT) needed to code the set of possible actions (notice that
the same action can be associated to several different states). Each individual is
tested in the maze for a TRIAL number of trials. During each trial, the agent
interacts with the maze and uses the learning algorithm of Figure 3 to update
its T (s, o, s′) value function, until it reaches the goal or completes a number of
STEPS agent performed actions (or number of state transitions). The fitness of
an individual is computed by a measure of performance depending on the task
(e.g., -1 × mean number of steps needed to achieve the goal). The evolutionary
process is run for up to G generations. In our experiments, both, mutation and
crossover operate at the level of the genes, so, for instance, a mutation is defined
as a random change of a gene (i.e., the action associated to a particular state)
instead of a random binary change.

7 Experimental Results

7.1 Case 1: The Santa Fe Trail

The Santa Fe trail was proposed by Christopher Langton [7]: an artificial ant is
placed on a 32×32 grid of cells, its objective being to collect as many food pellets
strewn about as possible in a given number of times steps. The ant starts out
facing east, and positioned in the upper left-hand cell of the grid (See figure 4).
At each time step it can turn in any direction, walk one cell in that direction,
or select the no-operation (NOP) action. The actions are encoded as follows:
action 0: NOP, 1: turn left, 2: turn right, and 3: move forward one step. When
the agent collects a food pellet, it is reward with positive signal (r=+1). The
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1. Initialize the T (s, o, s′) value function to a constant value, equal
to the maximal reward value (optimistic initialization to force
exploration), where s and o are the current state and observation,
and s′ is the next state,

2. Set the agent to the start position, initialize its state (st = s0),
observe the environment, and take a NOP (no-operation) action,

3. Make st−1 = st, ot−1 = ot

4. Observe the environment and choose as present state, the state with the
higher estimate T (st−1, ot−1, st). If several states are possible, choose
the one with the smaller index in table T (st−1, ot−1, st).

5. Take the action a, associated (by the genome) to the current
state st,

6. Update the estimate value T (st−1, ot−1, st) as follows:
T (st−1, ot−1, st) = T (st−1, ot−1, st) + α(r + γT (st, ot, st+1) − T (st−1, ot−1, st)),
where α is the step size, r is the reward, and γ is a discount reward factor,
ot is the observation at the new state, and st+1 is the next state,

7. Go to step 3 until the state st is a terminal state, or a number of
permitted steps is reached,

8. Repeat steps 2 to 7 for a pre-defined number of trials.

Fig. 3. Learning loop of the SOS-algorithm.
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Fig. 4. The Santafe trail and the corresponding finite state machine solution found
by the evolutionary and learning method. The numbers on the arrows indicate the
input value (0: no food, 1: food), the numbers on the circles indicate the state and the
associated action (state/action).

main difficulty faced by the artificial ant lies in the positions of the pellets, which
are not arranged in a simple, consecutive manner. The whole trail contains 89
food pellets.

We have used our SOS-algorithm using the parameters shown in the following
table:
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G POP SMAX TRIAL STEPS α γ
10 100 10 100 500 0.6 0.9

After runing the algorithm for less than 10 generations (in average), each
agent, needing less than 30 trials, learns a finite state machine solution of less
than 7 states. Typically, the system is able to learn a 5-state finite state machine
without using the evolutionary search after 1 to 25 trials. One such example is
presented in Figure 4. As a comparison, Koza [7] describes the use of evolutionary
techniques to evolve a finite state machine of up to 32 states, whose complete
state-transition table is encoded on the genome, to solve the Santa Fe trail
problem. We do not have information of the performance of Koza’s method, but
instead of our 20-bit genome and the effective use of learning, he used a genome
of 65 genes (453 bits). Another solution is given by Angeline et al. [1]; they
found a 5-state FSM solution after evolving a population of 100 recurrent neural
networks for 2090 generations.
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Fig. 5. Complex partially-observable maze and the best state diagram found by the
evolutionary and learning method. The numbers on the arrows indicate the input value
(0: no obstacle, 1: obstacle), the numbers on the circles indicate the state and the
associated action (state/action).

7.2 Case 2: A Partially-Observable Maze

Once our SOS-algorithm successfully solved the Santa Fe trail problem, we de-
signed a more complex maze shown in Figure 5. It was motivated by the fact of
having multiple paths to reach the goal and a delayed reward signal (i.e., there
is a unique reward signal while reaching the goal). In particular, we used our
SOS-algorithm and the parameters shown below:

G POP SMAX TRIAL STEPS α γ
10 200 10 500 500 0.6 0.9

After running the algorithm for less than 4 generations (in average), each
agent needing less than 250 trials, learns a finite state machine solution of less
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than 6 states. Typically, the system is able to learn a 9-state finite state machine
which guides the robot to the goal in 116 steps, without using the evolutionary
search, a 7-state finite state machine which guides the robot to the goal in 96
steps, after the second generation, and a 4-state finite state machine which guides
the robot to the goal in 92 steps, after the third generation. This problem was
very interesting because of the diverse solutions we obtained: for instance, some
solutions needed few states, but needed more steps to reach the goal than other
solutions were the FSM was larger but guided the agent through the shortest
path. Finally, we succeded in optimizing both aspects. Our next testbed is a
maze with several possible paths to reach the goal we found on the literature.
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Fig. 6. Wiering-Schmidhuber labyrinth and the best state diagram found by the SOS-
algorithm. The numbers on the arrows indicate the input value computed as a funtion
of its four sensors (e.g., 0: no obstacle, 1: obstacle to the right, 2: obstacle to the north,
6: obstacle to the north and to the west, etc.), the numbers on the circles indicate the
state and the associated action (state/action).

7.3 Case 3: Wiering and Schmidhuber Maze

Wiering and Schmidhuber learns finite sequences of (memoryless) reactive poli-
cies using an implicit memory of some of the previous observations [20]. They
defined a multi-agent system, where each agent has a Q-table, and an HQ-table
that serves as a control transfer unit (except for the last agent which only has a
Q-table). The Q-table stores estimates of actual observation/action values and
is used to select the next action. The HQ-table stores estimated subgoal values
and is used to generate a subgoal once the agent is made active. To test their
algorithm, they defined the 12× 12 maze shown in Figure 6. The system has to
discover a path leading from start position S to goal G. There are four actions: go
west, go north, go east, go south, and 16 possible observations. Although there
are 62 possible agent positions, there are only 9 highly ambiguous inputs. To
solve such a maze, they used groups of 3,4,6, 8 and 12 agents using HQ-learning
[20]. A reward was only delivered when the goal was reached. Within 20,000 trials
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all systems almost always found near-optimal solutions. In most cases a 30-step
solutions were found, though in 1 out of 8 cases, the optimal 28-step solution
was found. The better systems performed using between 3 and 6 agents.

Our evolving and learning approach use the paramters shown below:

G POP SMAX TRIAL STEPS α γ
50 50/200 15 250 1000 0.6 0.9

After runing the algorithm using a population of 50 individuals, in less than
10 generations (in average), each agent, needing less than 250 trials, learns a
finite state machine solution of 9 states, which reaches the goal in 28 steps
(i.e., the optimal solution). Typically, if the system is run using 200 individuals
per generation, it is able to learn a 9-state finite state machine without using
the evolutionary search after only 127 learning trials. Figure 6 shows the best
solution found by the SOS-algorithm. With that 7-state finite state machine, the
agent learns to reach the goal in 28 steps after running the evolutionary search
on a population of 100 individuals for 2 generations.

8 Concluding Remarks

In this work we show how to effectively use the evolution and learning of finite
state machines to solve complex partially observable problems. Instead of using
evolutionary techniques by encoding in the genome the whole state-transition
table defining a finite state machine, we provide an approach with a very compact
genome, where learning by interaction completes the design of the finite state
machine. We compared our results with other approaches in two different tasks,
the well-known Santa Fe trail and a 12× 12 maze proposed in [20], and provide
an intermediate test on a complex maze proposed by one of the authors. The
results were very impressive given the compact representation of the genome
we used, and the very few learning steps needed by the learning by interaction
algorithm, to find optimal solutions.

Our approach (the SOS-algorithm) does not solve the curse of dimentionality
problem, but provides an efficient algorithm for the design of finite state ma-
chines. It is the result of taking into account the normal procedure for designing
finite state machines by hand, and the use of artificial evolution and learning
techniques. Given that any procedural program can be implemented by a finite
state machine, our approach is closely related to genetic programming (GP) [7].
Indeed, a predecesor of GP, evolutionary programming (EP), was proposed in
the 1960’s by L. Fogel [4], and one of the premises of his work was the automatic
development of programs by means of finite state machine evolution [6].

Although evolution was not essential in solving the problems discussed in
this paper, in a more general way, evolution enables the solution of the problems
using smaller populations. Indeed, without evolution, the learning part of the
SOS-algorithm can solve these problems only if the initial population contains
all the needed actions, in the sufficient number (i.e., when a maze-solution uses
the x action in n different states, the learning part would need an individual
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with n times the x action in its genome). This condition can only be respected,
for any problem, by using big populations.
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D.F. 07300, Mexico,
ccoello@xalapa.lania.mx

Abstract. The number of samples needed to learn an instance of the
representation class kDNF s

n of Boolean formulas is predicted using some
tolerance parameters by the PAC framework. When the learning ma-
chine is a simple genetic algorithm, the initial population is an issue.
Using PAC-learning we derive the population size that has at least one
individual at some given Hamming distance from the optimum. Then we
show that the population does not need to be close to the optimum in
order to learn the concept.

1 Introduction

The size of the population is a critical factor for a Genetic Algorithm (GA).
Although some theoreticians have favored the use of small populations [17],
practitioners and early research indicate the opposite [4] It is normally accepted
that a large population will converge at a slower pace but with a higher prob-
ability of success. “Small” and “large” are particular estimations derived from
the many experimental populations tested on the problem.

In this paper, we seek to provide a characterization of the initial population
through the estimation of the distance to the optimum. We apply the PAC-
learning (Probably Approximately Correct learning) framework [19] to the esti-
mation of an initial population that guarantees a fitness error between a hypo-
thetical solution and one or more elements of the chromosome set. The metric is
based on the Hamming distance formulation. Thus, the fitness function reports
the number of bits by which two binary strings differ. A genotype is mapped onto
itself to produce a phenotype. Therefore, the Hamming distance in the genotype
domain equals that of the phenotype domain. In this way we can provide an en-
vironment in which the quality of a population size is estimated by the distance
to the solution of the nearest chromosome. We call this size the PAC population.

The PAC framework sets a confidence δ over some predicted error ε, hence
the terms approximately and correct. The PAC framework is commonly used to
predict the generalization error of learning machines, such as neural networks
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[13,22]. A careful reinterpretation of the PAC framework in the GA domain is
developed throughout this paper. The class kDNF s

n (and several other classes)
of Boolean formulas has been studied in the PAC framework as well. Thus,
expressions for estimating sample complexity are well known and simple to use.
We design a code suitable for representing Boolean formulas of the class. We
show that the population used to learn a kDNF s

n concept is quite far from the
optimum.

In this paper we develop an application of PAC-learning theory to genetic
algorithms. The organization of this paper is as follows: First, we introduce
(the simple) PAC-learning model. Then, we state the population size problem
using the PAC-learning terminology, and we derive a GA sample complexity
expression (population size). At the end, we derive the GA sample complexity
for the binomial distribution case, and, we give our conclusions.

2 Definitions and Previous Work

Much of the initial work in PAC learning was devoted to find the sample complex-
ity for learning a Boolean class. The class kDNF is defined as follows (Kearns
p.20 [11]):

kDNF : For any constant k, the representation class kDNFn consists of all
Boolean formulae of the form T1 + T2 + . . .+ Tl, where each Ti is a conjunction
of at most k literals over the Boolean variables x1, . . . , xn.

The sample complexity for the class kDNF s
n (Kearns p.97 [11])

For fixed k, let kDNF s
n be the class of kDNF formulae over x1, . . . , xn with at

most s terms, and let A be a learning algorithm for kDNF s
n. Then

SA(ε, δ) = Ω(
1
ε
ln

1
δ
+

s ln n
s

ε
) (1)

is the smallest sample complexity that upper bounds the error ε on future exam-
ples with confidence at least 1 − δ.

Pagallo [16] uses SA(ε, δ) =
K log(N)

ε for learning the smallest DNF expres-
sion of the Boolean (target) concept. Iba et. al. [8,9] use Pagallo formula to
approach concept learning with four different techniques: neural networks, clas-
sifier systems, adaptive logic networks, and evolvable hardware. Based on the
failure to learn the target concept in two out of three functions, they indicate
([8] p.14): “we can not conclude that evolvable hardware is superior to the other
learning methods”. They estimated sample complexity using a rather general
formula, and they seem to oversee fundamental aspects of the PAC formalism.
Their sample complexity expression assumes that the concept space and the
hypothesis space are identical. That is, the classifier machine is assumed to pro-
duce only hypotheses in the (target) concept space. But, since their evolvable
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hardware system produces hypotheses in all the Boolean space (not only DNF
expressions), one has to estimate (and work with) the VC-dimension of the hy-
potheses space spawned by the learning machine (instead of the VC-dimension
of the target space). The VC-dimension of such evolvable hardware device would
not be easy to estimate, but we can easily predict its size is enormous. The sam-
ple complexity would be larger than that reported by Pagallo’s formula, thus
easier to learn (in probability) [5].

The size of the initial population is the topic of papers by Goldberg [4],
Mühlenbein & Schlierkamp-Voosen [14,15], Reeves [17], and others. Cantú-Paz
[3] worked out another estimation based on the gambler’s ruin model. The model
predicts the number of correct partitions in a chromosome at the time the con-
vergence is attained.

In this paper we propose the distance to the optimum as a population quality
measure (which is rather different than predict the final state of the population
from some initial conditions). Thus, between two random populations we prefer
the one with the closest element to the solution [6].

3 PAC-Learning and GAs

The problem we address now is that of the population size of a genetic algo-
rithm that contains, with probability greater than 1-δ one or more individuals
at a distance no greater than ε (of a target hypothesis). By distance we mean
the Hamming distance between two binary chromosomes. We use this metric as
a measure of the error between two strings. A target hypothesis is anyone of
the strings of length l that could encode a solution. PAC-learning uses the error
and confidence parameters for deriving the size of the training set that guaran-
tees a particular behavior of a learning machine. The size of this set is called
sample complexity. Sample complexity is closely related to the population size
of a genetic algorithm. In both cases (learning machines and GAs), the concept
denotes a set of elements, sampled or generated from the solution space, with
some fixed but possibly unknown probability distribution. PAC-learning usually
assumes distribution-free data, which, in fact, is a general approach that covers
the unknown distribution case.

3.1 PAC-Learning Concepts

PAC-learning is a theory of concept learning through examples [1,20,21]; we
proceed as follows: assume a space X ∈ R. A concept class C ⊆ X is the set of
the possible partitions of X; a hypothesis space H is defined in the same way and
may or may not be equal to C; a target concept c ∈ C is a specific partition of X.
Given a finite number of samples of a target concept c, the goal (of a learning
machine) is to find the hypothesis h ∈ H which is a good approximation to
c, with high probability (that is, with high probability, h follows very closely
the behavior of c). The “good approximation” of h to c must be measured by
some metric (or pseudo-metric at least) that estimates the error ε or symmetric
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difference between the hypothesis and the target concept. The “high probability”
is indicated by the confidence parameter δ. More formally, for some small ε and
δ, the hypothesis h satisfies

Pµ[ Error(h, c) > ε] ≤ δ

for any target concept c and any probability of distribution Pµ. The minimum
number of samples needed to attain that goal is called sample complexity.

The following example (taken from [7]) illustrates these ideas. We wish to
learn the concept “medium build” from a set of examples taken from the space
X ∈ R2. Every sample x = [x1x2] ∈ X is a vector whose first component is
“weight”, and the second is “height”. Let us assume the concept medium build
is the area limited by the heights hmax and hmin, and the weights wmax and
wmin, as shown in Figure 1.

Weight

Height

Wmin Wmax

Hmax

Hmin

+
~
~

~

~

~~

~

~

~

~

+
+

+
+

+ + +

+
+

Target concept c
Best hypothesis h

Error

+

Fig. 1. The concept “medium build”

A set of examples is drawn from the space X and are classified by an oracle
into either positive (represented by “+”) or negative (represented by “∼”). The
best hypothesis is the smallest rectangle enclosing all positive examples. We can
easily see that larger example sets might derive a better hypothesis, i.e., the
closest hypothesis to the target concept.

3.2 Sample Complexity

Now we derive the sample complexity of a finite hypothesis space (the case of
a GA). At this point we can estimate the error between the target and best
hypothesis. Draw one more example x = [x1x2] ∈ X, and verify whether or
not the sample falls inside the hypothesis rectangle (Figure 1). There is a small
chance for an example to fall in the “error area”. What is the probability of not
error? It is at most (1 − ε) because ε is the chance of error. Now, if we tested
m examples the chance of error becomes (1 − ε)m. We should assume a finite
hypothesis space, thus, if all hypotheses have large error the probability that
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one of them correctly classifies the set X is at most |H| · (1 − ε)m (|H| is the
cardinality of H). Now, say we want to bound this probability by δ, we have:

|H| · (1 − ε)m < δ

Using the inequality (1−x) < e−x, and later logarithms, the number of examples
that bound the probability of misclassification by δ is:

m >
1
ε

(
ln |H| + ln

1
δ

)
(2)

With that sample complexity, we can guarantee

Pµ[ Error(h, c) ≤ ε] > 1 − δ (3)

will hold for any new example drawn with the same probability of distribution
[2]; this is the main PAC-learning equation.

3.3 Interpretation

We have suggested that sample complexity and population size of a GA are
concepts of the same kind. A GA population of chromosomes is a population
of coded candidate solutions. If the chromosomes are binary coded, and their
length is n, the solution is one of the 2n possible chromosomes; we name the
solution chromosome the target chromosome.

Similarly, we name the finite number of chromosomes representable by 2n,
the hypothesis space of chromosomes H. Therefore, each chromosome is a
hypothesis in H. The target chromosome is one such hypothesis which has the
additional property of being a solution.

Let us concentrate in the initial population: how different are the initial
individuals from the target chromosome? We measure the difference between
two chromosomes by their Hamming distance. The Hamming distance is just
another way to express the error ε, and we will find the exact relationship in
the next section. Now, what size must the initial population have to
guarantee at least one hypothesis at a distance d from the target
chromosome? Figure 2 exemplifies the question. In an initial population, some
individuals lie closer to the target hypothesis than others.

3.4 PAC-Size Population

In the following we modify Equation 2 for estimating the size of the GA initial
population that with probability 1 − δ contains at least one individual at a
Hamming distance d. For the sake of the discussion, assume the length of the
binary strings is 20, l = 20. In the sample complexity formula, m > 1

ε

(
ln |H| +

ln 1
δ

)
, we need to determine H, ε and δ. The confidence δ is provided by the user

and it does not depend on the problem domain.
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Fig. 2. Distance to the target hypothesis

The size of the hypothesis space of chromosomes is derived as explained in
Section 3. The number of hypotheses representable by strings of length l is:

|H| = 2l

Substituting into Equation 2 and using logarithms, the sample complexity
formula becomes:

m >
1
ε

(
l ln 2 + ln

1
δ

)
(4)

The error ε needs a re-interpretation in the GA context. To any Hamming dis-
tance d corresponds an error ε. In Figure 1, the “Error” is the area of the target
concept minus the area of the best hypothesis. Since the examples are uniformly
distributed all over the plane, the area is proportional to the probability of error.
The error associated to a Hamming distance d = 0, is the probability that

(20
0

)
out of the 220 hypotheses, match the target hypothesis. This is, for example:

– ε(d = 0) = (200 )
220

– ε(d = 1) = (200 )
220 + (201 )

220

– ε(d = 2) = (200 )
220 + (201 )

220 + (202 )
220

For instance, the error associated with a Hamming distance of 2, ε(2), is
the probability that one of

(20
0

)
+

(20
1

)
+

(20
2

)
hypotheses matches the target

chromosome.
More formally, for binary strings of length l and Hamming distance d,

ε(d) =
∑d

i=0

(
l
i

)
2l

(5)

is the amount of error inherent to the Hamming distance. Equation 5 is part of
Equation 4. In the following section we report some population size examples.
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3.5 PAC-Population Examples

The computation of a PAC population is simple: we enter the desired Hamming
distance into Equation 5 in order to determine the error, then the reported error
and our desired level of confidence (1 − δ) (so, calculate δ) are entered into
Equation 4 to determine the sample complexity or population size. The Table 1
shows PAC-population sizes for binary strings of length l = 20, for 10 Hamming
distances, and 2 levels of confidence.

Table 1. The PAC-population with at least one element ε-close to a target chromosome

Error d Confidence 90% Confidence 95%
1 807181 841791
2 80336 83781
3 12547 13085
4 2736 2854
5 782 815
6 281 293
7 123 129
8 65 67
9 40 41
10 28 29

We have verified the accuracy of the confidence reported in Table 1 (we gen-
erated hundreds of random populations and measured the distance to a target
chromosome). The predicted PAC-sized population was always correct. The ex-
planation for this 100% accuracy is the following: we assumed a distribution-free
sample complexity, but for the experiments each binary digit is generated with
uniform probability. Therefore, the PAC-size is a loose upper bound to the pop-
ulation. In the following section we explain the exact solution to our problem.
Since in our experiments we generate binary digits with uniform probability, the
probability of having one chromosome in the population is exactly the same as
for any other.

3.6 The Binomial Solution

We can find in our hypothesis space H, a binary string of length l, and Hamming
distance d from a target chromosome, with probability

p =

(
l
d

)
2l

where |H| = 2l. For a given confidence, and using the binomial distribution
formula, we can say:

confidence = 1 − P [X = 0] = 1 − [
(

m

0

)
p0(1 − p)m]
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confidence = (1 − p)m

Using logarithms, the “exact” population size is:

m =
ln(1 − confidence)

ln(1 − p)
p =

(
l
d

)
2l

(6)

This expression is useful when we are aware of the density function. The
Table 2 shows exact population sizes for binary strings of length l = 20, for 10
Hamming distances, and 2 levels of confidence.

Table 2. The “exact” population that provides at least one element ε-close to a target
chromosome

Error d Confidence 90% Confidence 95%
1 120721 157062
2 12707 16532
3 2117 2754
4 498 647
5 156 202
6 62 80
7 30 39
8 18 24
9 14 18
10 10 16

When we contrast Tables 1 and 2 the increase in population due to the
distribution-free assumption is apparent. In any case, we shall apply either for-
mula according to the current conditions of our problem or experiments.

3.7 Non Binary Alphabets

In the previous sections we assumed binary alphabets, thus from there we gener-
alize the results to alphabets of any cardinality. The sample complexity formula
2is not affected but error expression 5 involves the cardinality of the alphabet.
Thus,

ε(d) =
∑d

i=0

(
l
i

) ∗ (R − 1)l

Rl
(7)

is the estimation of the error at a distance d for chromosomes of length l in alpha-
bets of cardinality R. The Table 3 shows the PAC-population size for different
distances and cardinality R = 3. Confidence 1 − δ = 90% in all cases.

The binomial solution for non-binary alphabets is the following:

m =
ln(1 − confidence)

ln(1 − p)
p =

∑d
i=0

(
l
i

) ∗ (R − 1)l

Rl
(8)

The Table 4 shows the “exact”size for different distances and cardinality
R = 3. Confidence is 90% in all cases.
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Table 3. The PAC-population for cardinality R = 3 and confidence δ = 90%

Error d l=18 Error d l=40
5 25895 23 321
6 5634 24 201
7 1530 25 136
8 510 26 99
9 206 27 77
10 99 28 64
11 57 29 56
12 38 30 52
13 29 31 49
14 25 32 48

Table 4. The “exact” population for cardinality R = 3 and confidence 1 − δ = 90%

Error d l=18 Error d l=40 Error d l=180
5 3253 18 941 107 294
6 750 19 406 108 218
7 218 20 193 109 165
8 79 21 101 110 127
9 35 22 58 111 101
10 19 23 37 112 82
11 13 24 26 113 68

4 GA Learning kDNF s
n Formulas

We use the GA as the machine to learn concepts of the kDNF s
n space. In the

following three experiments, generalization error ε = 0.1 and confidence 1− δ =
90%. The sample complexity is estimated using Equation 1. Phenotypes are
encoded into genotypes through an alphabet of cardinality R = 3. A Boolean
formula instance of the kDNF s

n space is: f(x1, x2, x3, x4, x5, x6) = x1x2+x3x4+
x5x6. The parameters are: fixed number of literals k = 2, number of variables
n = 6, and number of terms s = 3. The codification is as follows: each loci
in the chromosome represents a variable, and the allele values are 0,1, and 2.
A negated variable has allele 0, a positive variable allele 1, and allele 2 for a
variable not present in the term. Therefore, the formula f(x1, x2, x3, x4, x5, x6) =
x1x2 + x3x4 + x5x6 is encoded as: 112222221122222211 The string length is
determined as numberofterms × numberofvariables

The GA parameters are: binary tournament selection, Pcrossover = 0.7, uni-
form crossover, Pmutation = 0.2 per individual.
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4.1 Experiment 1

Learn the Boolean formula of 6 variables and 3 terms:

f = x1x̄2x3x6 + x̄1x3x̄5x̄6 + x̄3x̄4x5x6

The sample complexity is SA(ε, δ) = 44. A population of 50 chromosomes
finds a solution identical to the formula in generation 10 (of 20). Generalization
of the Boolean expression was tested with a random population of 50 elements
and has confidence greater than 98% (minimum estimated is 90%). The length
of these chromosomes is 18, thus, in Table 4 we can find that the (estimated)
closest element to the optimum lies at a Hamming distance between 8 and 9.

4.2 Experiment 2

Learn the Boolean formula of 10 variables and 4 terms:

f = x1x̄2x3x̄4x7x8x̄9 + x̄1x̄2x5x6x9x10 + x1x̄2x4x̄5x6x8x9x̄10 +
x1x̄2x4x̄5x6x8x9 + x2x̄3x̄4x6x7x10

The sample complexity is SA(ε, δ) = 60. A population of 70 chromosomes
finds a solution identical to the formula in generation 12 (of 20). Generalization
of the Boolean expression was tested with a random population of 512 elements
( 210

2 ) and has confidence greater than 95% (minimum estimated is 90%). The
length of these chromosomes is 40. Thus, in Table 4 we can find that the (esti-
mated) closest element to the optimum lies at a Hamming distance between 21
and 22.

4.3 Experiment 3

Learn the Boolean formula of 30 variables and 6 terms:

f = x1x̄2x3x̄4x7x8x̄9x̄11x̄12x15x16x19x20x21x̄22x24x̄25x26x28x29x̄30 +
x2x̄3x̄4x5x6x̄8x10x11x12x̄13x̄16x̄18x19x̄20x21x23x24x25x̄26x27x̄29x30 +
x̄1x4x̄5x̄6x̄7x9x̄10x13x14x̄15x17x18x22x23x̄27x28x̄29x30 +
x1x2x̄3x7x8x11x15x19x̄20x̄21x22x̄23x24x26x28x30 +
x̄1x4x̄5x̄6x̄7x9x̄10x13x14x̄15x17x18x22x23x̄27x28x̄29x30 +
x2x5x7x9x10x11x̄12x̄13x̄16x̄17x̄19x20x̄22x̄24x25x26x27 (9)

The sample complexity is SA(ε, δ) = 120. A population of 120 chromosomes
finds a solution with optimum fitness in generation 5 (of 20). This chromosome
is different to the original formula in 112 locus (not alleles), and still the gen-
eralization is amazingly high. We tested with a random population of 100,000
elements (out of 230) to find a confidence greater than 98% (minimum estimated
is 90%). The length of these chromosomes is 180. Thus, in Table 4 we can find
that the (estimated) closest element to the optimum lies at a Hamming distance
between 110 and 111.
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5 Final Remarks

We have shown the application of the PAC-learning formalism for estimating the
population size of a GA that guarantees a distance requirement. Furthermore,
we have made a new interpretation of the concepts to fit the GA paradigm.

It has been reported by several researchers that Evolvable Hardware (at
gate-level) needs enormous computational resources [18,12,10]. Perhaps we have
been approaching the problem in the incorrect way. In these experiments we can
see how easy it is to find complex Boolean formulas. The key is to work in a
hypotheses space whose instances are also members of the concept space. We
show that in these conditions the GA does not need large populations and, in
fact, the predicted best element of the initial population is quite far from the
optimum. This is due to the proper representation of phenotypes, and of course,
to the correct interpretation of the PAC theory that assumes a learning machine
generating only hypotheses in the concept space.
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Polymorphic Electronics
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Abstract. This paper introduces the concept of polymorphic electronics
(polytronics) �referring to electronics with superimposed built-in functionality.
A function change does not require switches/reconfiguration as in traditional
approaches. Instead, the change comes from modifications in the characteristics
of devices involved in the circuit, in response to controls such as temperature,
power supply voltage (VDD), control signals, light, etc. For example, a
temperature-controlled polytronic AND/OR gate behaves as AND at 27oC and
as OR at 125oC. The paper illustrates polytronic circuits in which the control is
done by temperature, morphing signals, and VDD respectively. Polytronic
circuits are obtained by evolutionary design/evolvable hardware techniques.
These techniques are ideal for the polytronics design, a new area that lacks
design guidelines/know-how,- yet the requirements/objectives are easy to
specify and test. The circuits are evolved/synthesized in two different modes.
The first mode explores an unstructured space, in which transistors can be
interconnected freely in any arrangement (in simulations only). The second
mode uses a Field Programmable Transistor Array (FPTA) model, and the
circuit topology is sought as a mapping onto a programmable architecture
(these experiments are performed both in simulations and on FPTA chips). The
experiments demonstrate the polytronics concept and the synthesis of
polytronic circuits by evolution.

1 Introduction

The classic approach to multifunctional system design is based on switch-
ing/multiplexing the output of single-function modules/subsystems, each with its
stand-alone independently implemented circuit. When a condition is triggered, either
by a command, or by the signal from a sensor/detector, a switching action takes place
routing the output of one module instead of another. If N functions are needed, area
for implementation of N modules needs to be physically present.

Reconfigurable devices allow the ensemble to collapse possibly within the size of
one module, resources being shared, different functions being achieved following a
reconfiguration based on switches. One of the consequences is efficient adaptive
computation. Circuits can react to environment or context and change functionality as
appropriate. A simple example is that of a power aware DAC in a portable device,
capable of 16 bits resolution if the battery is loaded, and only 8 bits if battery is low (a
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fine-grained resolution with no resource overhead can be envisioned for graceful
degradation). Similarly, a speed/resolution compromise can be imagined; e.g. 16 bits
at 100kHz and 8 bits at 1MHZ.

In this paper we introduce another approach to multi-functionality, based on the
polymorphic electronics concept first described in  [1].  The term polytronics is
derived from polymorphic electronics, but covers a wider range of polymorphic
information processing structures, referring to primitive computational elements with
built-in, superimposed multi-functional designs. This contrasts not only with today�s
digital logic circuits, but, in fact, with all currently used information processing
structures (electronic and non-electronic, such as optical), which are based on
primitive components designed for single function. The concepts of polytronics can
be applied to multi-functional devices (for an example of a multi-functional device
see [2] , for evolving devices one can follow a methodology as in [3]), or to multi-
functional circuits, which is the focus of this paper.  Polytronic circuits have several
intrinsically built-in functions, and can have the same output provide different
functional response under the control of certain global parameters, such as the supply
voltage. In a different embodiment the circuit can provide different desired functional
response simultaneously at different probing points. Polytronics could constitute the
fabric of a new type of versatile, multi-functional systems. The capacity of
storing/hiding �extra� functions provides for watermark/invisible functionality, thus
polytronics may find uses in intelligence/security applications. Built-in environment-
reactive behavior (e.g. changing function with temperature) may also find uses in a
variety of space and military applications.

A simple example of multiple functionality can be considered in the context of a
configurable logic block (CLB) that needs to provide, selected as needed, either an
OR function or an AND function. A common implementation technique uses a circuit
implementing the AND, a circuit implementing the OR, and a selection logic that,
based on a control signal, activates the desired circuit and routes its output to the
output of the block. In a polytronic implementation a single circuit would be
designed. The function of the circuit would change as a result of changes that a
control parameter produces in the parametric characteristics of its constituent devices.
The control parameter could be voltage, temperature, light, radiation, or any other
parameter that changes the characteristic (and operational point) of a device. In a
different embodiment, passing data in one direction gives an AND, and passing the
data in another direction through the circuit, gives an OR. At extreme, fully reversible
circuits passing the same data in opposite directions, or passing different (desired)
functions in opposite directions can be conceived.

This paper demonstrates the concept of polytronics, and in particular the use of
evolutionary/evolvable hardware techniques to obtain polytronics. The paper is
organized as follows: Section 2 discusses the evolutionary approach to polytronic
design and detail the two techniques employed in the experiments � free evolution
and evolution on the FPTA. Section 3 presents five experiments in which polytronic
circuits are evolved. Section 4 presents a discussion on the evolved polytronics as
well as plans for follow-on experiments. Section 5 discusses possible applications of
polytronics in defense/security/intelligence and space applications. Section 6 presents
the conclusions.  The SPICE code for circuits discussed in this paper can be obtained
from the URL provided as reference [13].
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2 Evolutionary Approach to Polymorphic Design

How to design polytronic circuits? Unlike the case of traditional circuits there are no
design guidelines or handbooks. The approach relies largely on changes in the device
characteristics, usually subtle effects, commonly ignored in a first order
approximation by traditional design (e.g. changes with temperature). Evolution
however, can do without design rules, as long as the circuit specifications are
straightforward, which is the case, and candidate circuits can be evaluated and ranked
- thus, this is a problem well suited for evolutionary approach. An automated
synthesis system based on evolutionary algorithms is presented with the multiple
requirements that the circuit needs to satisfy. A generative process determines
candidate solutions that are evaluated against a fitness function incorporating desired
criteria and compete against each other, the best candidates being selected for
reproduction and the process repeats; in most cases after a number of generations an
acceptable (perhaps sub-optimal) solution can be found. For details on different ways
of applying evolutionary techniques to design of electronic circuits see for example
[4-6].

The resources used in the experiments are of two different kinds. In one case,
unconstrained evolution allows the free exploration of the search space, with no
topological restrictions � this can lead to new (patentable) designs. The disadvantage
is that it must all happen in simulations, since there is no hardware implementation
that would support it. Different loads were used in experiments to explore their
influence on the convergence of the evolutionary algorithm. The second approach
uses the FPTA model introduced in [7] and further detailed along with various
evolutionary experiments in [8-10]. This approach has the advantage that its solution
can be implemented after evolution, or evolved directly in hardware on a
programmable FPTA chip. Moreover, the chip can be reconfigured to map different
polymorphic gates as needed. The disadvantage is that the topology has certain
restrictions imposed by architectural constraints. Also, the evolved circuits may in
certain cases rely/make use of the non-ideal characteristic of the switches (i.e. the
non-zero ON resistance and finite OFF resistance), which means that the transistors
acting as switches can not be ignored and may lead to a topology that involves more
actual components than may be possible if connections were ideal and the topology
unconstrained.

2.1 Unconstrained Evolution

The unconstrained/free evolution was described in [11]. The experiments described in
this paper use only NMOS and PMOS transistors, which can be interconnected in
arbitrary topologies. The width and length of the transistor channel were also
parameters for search. The advantage of this representation is the flexibility to map
circuits with arbitrary types of interconnections, by establishing a straightforward
mapping between the electronic circuit topology and the chromosome. Each
functional block of the chromosome, also called gene, states the nature, value,
connecting points, width and length of the MOS  (Metal-Oxide-Semiconductor)
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transistors. However, there is no integrated circuit model that supports the hardware
implementation of the evolved solutions.

2.2 Evolution on FPTA

The FPTA is a cellular architecture, with transistor-level reconfigurability. Its
flexibility in comparison with other devices was discussed in [10]. The elementary
cell has a number of �fixed� transistors interconnected by transistors acting as
switches. The number of �fixed� transistors per cell varied in different generations of
the FPTA. The experiments presented here used the early version of the cell, with 8
transistors interconnected by  24  switches. [7]. Each switch is associated with a bit in
the chromosome describing the cell. A bit being �1� translates to a closed switch, a
�0� to an open switch. One can configure candidate circuits by programming the
switches with binary string chromosomes produced by the Genetic Algorithm.

3 Evolutionary Experiments

The experiments presented in this paper demonstrate the evolution of polymorphic
gates that change logic function under control of a) temperature, b) control signal or
c) VDD. The temperature controlled polytronic AND/OR gates are AND for 27oC and
become OR at 125oC (in other experiments at 5oC/90oC � one can choose the desired
temperature). In a second set of experiments we evolved a AND/OR/XOR
polymorphic gate with 10 transistors, which reacts at the change of a control signal
Vmorph as follows: the gate is OR if Vmorph = 0V, XOR if Vmorph =1.5V, AND if
Vmorph = 3.3V. In a third set of experiments we evolved polytronics gates changing
from AND when power supply was 1.2V to OR when power supply was 3.3V.

The following indicates the evolutionary parameters used in the experiments.  The
population size was 50; the number of generations ranged between 100 to 200; the
mutation rate was 8% and crossover rate was 30%.

3.1 Control by Temperature

The experiments were performed in SPICE simulations as well as on the FPTA chip,
with the chip immersed in a temperature chamber. (For more extreme temperature
experiments and a study on using evolution to expand the operation domain of
electronics at high temperatures see [12]) The simulation experiments performed
SPICE analysis at two temperatures of interest, circuit response was evaluated against
two different criteria (for the lower and for the higher temperature).  The fitness
function was based on a combination of the quality of solutions at the two
temperatures.
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3.1.1 Free/Unconstraint Topology Search
In a first experiment, a AND/OR polymorphic gate was evolved. The gate behaves as
an AND gate at 27oC and as an OR gate at 125 oC. Figure 1 depicts the circuit and  its
response. The circuit receives two inputs, In1 and In2, and it uses a 3.3V voltage
supply. The output was a 10MOhms resistive load.  This figure depicts the circuit
inputs, In1 and In2, as well as the circuit output for 27oC (AND gate) and 125oC (OR
gate).

Fig. 1.  Schematic of the Polymorphic  circuit evolved for different temperatures (left). Circuit
inputs and outputs (at 27 and 125oC) in the left.  Axis X shows time in miliseconds.

3.1.2 Evolution on FPTA
A similar AND/OR gate was evolved using two FPTA cells. The evolved circuit
behaves as an AND gate at 5oC, and as an OR gate at 90oC. Figure 2(A) shows the
evolved circuit and Figure 2(B) shows the circuit response. It can be seen that the
inputs In1 and In2 are applied to the first FPTA cell, while the output is collected
from the second FPTA. Each re-configurable cell consists of 8 transistors
interconnected through 24 switches.
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3.2 Control by Dedicated Input Signal Vmorph

Two experiments with unconstrained representation were performed, in which
polymorphic gates with respectively two and three different logic functions have been
evolved.

3.2.1 AND/OR
In the first experiment, a circuit with an AND/OR functionality has been evolved. The
circuit performs an AND function for Vmorph = 0V and an OR function for Vmorph =
3.3V. Figure 3 depicts both the circuit schematic and its response. The fact that the
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effect of an external signal compared to the change with that particular temperature
range was more powerful was not surprising.

3.2.2 OR/AND/XOR
More than two functions can be superimposed. Figure 4 depicts a circuit that behaves
as an OR for Vmorph = 0, as an XOR for Vmorph = 1.5V and as an AND for Vmorph =
3.3V. The schematic in Figure 4 provides the information on transistors width and
length, parameters that have been evolved together with the circuit topology. Also
shown in this figure the response of the evolved polymorphic gate.

3.3 Control by Supply Voltage (VDD)

In this experiment we evolved a circuit that performs different functions depending on
the level of the power supply voltage, VDD.  When VDD = 3.3V, the gate behaves as
an OR gate; when VDD=1.2V it behaves as an AND gate. A possible application
would be to endow circuits with built-in different behavior for active or sleeping
(power saving) mode. Figure 5(A) displays the evolved circuit and Figure 5(B) shows
the response. Note that the input voltage levels are adjusted with VDD.
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4 Discussion

The experiments presented in this paper show solutions that satisfied the imposed
stopping conditions for evolution. Additional constraints are required to produce
circuits closer to practical use. The gate in Figure 1 evolved to a satisfactory solution
as far as the logic level, which was the objective of the experiment, yet it is a slow
gate, and its response can be definitely improved (perhaps even by a solution with
fewer transistors). If we don�t ask for it, evolution will not volunteer a solution for
what we think (but not specify clearly) should be good. In the second experiment
Figure 2 illustrates a compliant response: the level in the last interval, corresponding
to the (1, 1) input combination is interpreted as a (1), being above the threshold
defined as half-way between VDD and GND. Again, this is to illustrate the concept �
more robust circuits further away from the threshold can be obtained, which will
become the focus once we find the most useful context (from an application point of
view) as far as temperature range and voltage level. Another observation is that the
first experiment (without constraints in the possible connections) led to a better
solution. The freedom of choosing unconstrained connections appears to have helped.
The polymorphic gates with voltage control are not the first ever multi-functional
gates that change function at the modification of an input control signal. For example
U.S. patent 042335245 describes a 4 transistor circuit that performs XOR/OR/NAND
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and a 6 transistor that performs ADD/NOR/OR/NAND/AND.  It is Ok for
polymorphic circuits to exploit switch-like functionality of transistors � the main
difference compared with the classic switch-based approach to multi-functional
circuits would be that these switches are not (only) for multiplexing the outputs from
constituent stand-alone functions. VDD control can be used in having reactive power-
down change of functionality. It is also to observe that with VDD one can quasi-
instantly change the function of the entire circuit, no matter its size! In fact all global
controls including supply voltage, temperature, or control signal, etc. can be used for
quasi-instant control of an entire circuitry. To change the function of a classical
reconfigurable circuit all configuration bits need to be loaded and the associated time
increases with the size. Fractions of second are needed for million gates components.
Using a flash context-switching scheme is rapid but requires extensive extra

(A)

(B)

Fig. 5.  Schematic of the polymorphic circuit controlled by supply voltages(A). Circuit
inputs and response for two cases, VDD=1.2V (left) and VDD=3.3V (right). Axis X of the
graphs gives the time in milliseconds.
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resources. Polymorphic circuits are fast � circuits could completely change function
on a clock edge.

5  Applications

The polytronics concept opens a new domain of commercial and defense applications.
For example:

-  Polytronics provides a new way to obtain circuits with one or more conceived
�extra� functions in addition to the �main� function of the circuit. The �extras� can be
activated under certain conditions or can coexist. Possible uses of the �extras�: an
authentication signature / watermark, extra protection from reverse engineering (the
real operational function of the circuit shows up only in special conditions), protection
from unauthorized usage by incorporating biometric info part of circuit design,
providing an additional communication channel. This technology could be used as a
non-traditional technique for insertion of sensors into denied areas and facilities data
infiltration from denied areas and facilities, innovative tagging technology, etc.

  - Polytronics allows for a built-in reactive behavior surfacing/taking control in
specified conditions: for example, smart fuses in which the increased temperature
triggers a new functionality of the guidance electronics. It would also enable systems
that rapidly morph between functions, without switching overhead. It would also
provide more compact multi-functional designs.

Certain applications may require a hidden/secret function, hard to detect and/or
understand if reverse engineered. Polytronics could provide this feature. For example,
a circuit may for all purposes look and act as a clock generator. In reality, when a
control key � such as temperature level or pattern, EM pattern, VDD control etc is
applied, it would exhibit a burst that unlocks/resurrects a special encoding scheme.
This �extra� function may be a watermark visible only when certain conditions are
created. This can be used for tagging, or other ID/verification need. The control may
also be a biometric pattern. For example, a circuit can be designed to produce its
essential function only if its components receive individual specific biometric signal.
More specific, the array of voltages generated after a preprocessed fingerprint scan
influences different areas of the circuit �biasing� it variably to create the condition in
which the system is ok to operate. This offers a unique �personalized� custom chip
with biometric info part of its hardwired design.

6 Conclusion

This paper introduced a new paradigm of circuits with super-imposed multiple
functionality. Polytronics (short for polymorphic electronics) circuits are multi-
functional circuits in which the functional changes come not from a switch-based
routing of outputs of modules designed for individual functions, but more from
superimposed functional design and changes from modifications of device
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characteristics and operating points. The paper demonstrates the approach for several
cases of morphing control � using temperature, VDD and control voltage signals.
Evolvable hardware appears an ideally suited technology for the design/determination
of polytronics, since this is an area without any design know-how, but it is easy to
specify requirements in an objective function. Circuits were evolved both with a
free/unconstrained topology search, and using a FPTA model. The experiments show
the successful evolution of polytronic AND/OR and AND/OR/XOR gates behaving
differently at different temperatures (27oC/125oC, 5oC/90oC), VDD (1.2/3.3) or
morphing voltage signal  (0V/3.3V), (0V/1.5V/3.3V).

Acknowledgements

The research described in this paper was performed at the Center for Integrated Space
Microsystems, Jet Propulsion Laboratory, California Institute of Technology and was
sponsored by the Defense Advanced Research Projects Agency (DARPA) under the
Adaptive Computing Systems Program managed by Dr. Allan O. Steinhardt. A.
Stoica wishes to express special thanks to Dr. Jose Munoz, former Program Manager
at DARPA, now at DOE, for funding the Evolvable Hardware research at JPL, and for
his continuous encouragement and suggestions. The authors are also grateful for the
support received from JPL program and line management, in particular from Drs.
Leon Alkalai, Benny Toomarian, Anil Thakoor, and Taher Daud.

References

1. A. Stoica, Polymorphic electronics � A novel type of circuits with multiple functionality,
NASA New Technology Report NPO-21213, 10/06/2000, Patent pending.

2. Multifunctional device http://www.ele.kth.se/FMI/research/hiep/oeic.htm
3. Stoica, A.  Klimeck, G., Salazar-Lazaro, C.  Keymeulen, D. and  Thakoor, A. (1999)

�Evolutionary design of electronic devices and circuits�. Proceedings of the 1999
Congress on Evolutionary Computation, Washington, D.C.  July 6-9,  pp. 1271-1278

4. Koza, J.,  F.H. Bennett, D. Andre, and M.A Keane, �Genetic Programming: Darwinian
invention and problem solving�, Morgan Kaufmann Publishers, San Francisco, CA, 1999

5. Thompson, A.,  Layzell, P. and Zebulum, R., Explorations in design space:
unconventional electronics design  through artificial evolution, IEEE Transactions on
Evolutionary Computation, September 1999, V.3, N.3 pp. 167-196

6. Higuchi, T. et al., Real-world applications of analog and digital evolvable hardware, IEEE
Transactions on Evolutionary Computation, September 1999, V.3, N.3 pp. 220-235

7. Stoica, A. Towards Evolvable Hardware Chips: Experiments with a Programmable
Transistor Array. Proc.7th International Conference on Microelectronics for Neural, Fuzzy
and Bio-inspired Systems, Microneuro�99,. Granada, Spain, April 7-9, 1999, pp. 156-162

8. Stoica, A., Keymeulen, D., Tawel, R., Salazar-Lazaro, C. and Li, W.  �Evolutionary
experiments with a fine-grained reconfigurable architecture for analog and digital CMOS
circuits. Proceedings of the First NASA/DOD Workshop on Evolvable Hardware,
Pasadena, CA, July 19-21, IEEE Computer Society Press, pp. 76-84, 1999

9. Zebulum, R. Stoica, A. and Keymeulen, D., A flexible model of CMOS Field
Programmable Transistor Array targeted to Evolvable Hardware, ICES2000, pp.274-283.



302      A. Stoica, R. Zebulum, and D. Keymeulen

10. A. Stoica, Ricardo Zebulum, Didier Keymeulen, Raoul Tawel, Taher Daud, and Anil
Thakoor.Reconfigurable VLSI Architectures for  Evolvable Hardware: from Experimental
Field Programmable Transistor Arrays to Evolution-Oriented Chips. IEEE Transactions on
VLSI. February  2001

11. R. Zebulum, M.A. Pacheco, M. Vellasco, and H. T. Sinohara, �Evolvable Hardware:
Automatic Synthesis of Analog Control Systems�. In IEEE Aerospace Conference, Big
Sky, Montana, March 14-25, 2000. IEEE Press.

12. Stoica, A.  Keymeulen, D. and  Zebulum, R. �Evolvable Hardware Solutions for Extreme
Temperature Electronics�, 3rd NASA/DOD Workshop on Evolvable Hardware, July 2001,
Long Beach, CA, pp.93-97, IEEE Press.

13. http://cism.jpl.nasa.gov/ehw/public/ices01.



Y. Liu et al. (Eds.): ICES 2001, LNCS 2210, pp. 303-313, 2001.
© Springer-Verlag Berlin Heidelberg 2001

Initial Experiments of Reconfigurable Sensor
Adapted by Evolution

D. Keymeulen, R. Zebulum, A. Stoica, and M. Buehler

Center for Integrated Space Microsystems
Jet Propulsion Laboratory

California Institute of Technology
Pasadena CA 91109, USA

Abstract. Missions to planets with unknown environmental condition, have
recently been approached with new ideas, such as use of biology-inspired
mechanisms for hardware sensor adaptation. In this paper we describe the initial
development of efficient mechanisms for smart sensing which will lead to
higher quality data. The self-reconfigurable pre-processing analog electronics is
based on evolvable hardware.

1 Introduction

Modern sensors provide high data rates with only a small fraction of the data carrying
quality information. The current pre-processing electronics is not smart enough to
eliminate useless/redundant data and the on-board real-time processing capabilities
are limited. These restrictions impose large on-board storage memory and high
communications bandwidth. If the electronics could adapt to incoming signals and the
context of the measurement, more information could be obtained from the sensor and
sent back to earth.

The concept of reconfigurable and adaptive electronics for signal conditioning has
led to the design of a series of recent chips that allow programmable adjustment of
amplifier gains, memory-based compensation of sensor non-linearity, etc [11].
However, the flexibility of these programmable devices is limited by the high level of
reconfiguration granularity, and requires that all compensation data be predetermined
through lab experiments and then stored in ROM; also no later changes in sensor
characteristics or electronics itself could be considered once the sensor is in operation.
A complementary technique, called evolvable hardware (EHW), allows the automatic
determination of optimal electronic circuit configurations by evolutionary algorithms
[1][2][3]. In particular, a chip designed for EHW experiments at the Jet Propulsion
Laboratory (JPL) called a Field Programmable Transistor Array (FPTA) has high
flexibility by reconfiguration at transistor level [4][5][14][16]. EHW has also been
considered for various application hardware, from antennas to complete evolvable
space systems that could adapt to changing experimental environments and,
moreover, increase their performance during the mission [15].
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In this paper we describe the initial development of efficient mechanisms for smart
on-board sensing, adaptively controlling the reconfigurable pre-processing analog
electronics using EHW, which will lead to higher quality data. The target is to
demonstrate the mechanisms for the MARS�01 MECA (Mars Environmental
Compatibility Assessment) Electrometer. We identify one application of the
electrometer for which the reduction of the data can be considerable: discrimination
task of materials with different triboelectric properties. The discrimination task
requires a sophisticated signal conditioning able to analyze multiple responses in
order to extract differences in signal and to adapt to ambient environmental
conditions. The discrimination task is translated to fitness evaluation metric that is
used by an evolutionary algorithm to determine the optimal configuration of the
electronics. At this stage of the research, the search for an electronic circuit realization
of a desired transfer characteristic is made in software as in extrinsic evolution using
signals obtained from the electrometer [14]. In the near future we will use intrinsic
evolution where the hardware actively participates in the circuit evolutionary process
and is the support on which candidate solutions are evaluated.

This paper is organized as follows: Section 2 presents a description of the
electrometer sensor array. Section 3 presents the adaptive sensor architecture. Section
4 presents the FPTA, the experiments and results obtained for the adaptive
electrometer for a discrimination application in a changing environment. Section 5
provides conclusion.

2 Electrometer Sensor Array

The electrometer is a part of the MECA project that has its objective as a better
understanding of the hazards related to the human exploration of Mars [10]. The
MECA project also has a material patch experiment to determine the effects of dust
adhesion, a wet chemistry laboratory to characterize the ionic content of the soil, and
microscopy station to determine particle size and hardness. The electrometer was built
into the heel of the Mars �01 robot arm scoop and has four sensor types (Fig. 1): (a)
triboelectric field, (b) electric-field, (c) ion current, (d) temperature. The triboelectric
field sensor array contains five insulating materials to determine material charging
effects as the scoop is dragged through the Martian regolith and the insulating
materials are rubbed against the Martian soil.

In the rubbing sequence, depicted in Fig. 2, the scoop is first lowered against the
Martian soil. During the start of the traverse, the electrometer is calibrated to zero by
closing a switch. After reaching the end of its traverse, the scoop is abruptly removed
from the soil at which time the triboelectric sensor response is measured. As seen on
the left in Fig. 2, charge is generated triboelectrically across capacitor C3 as the
insulator is rubbed on the Martian surface. Since the charges are in close proximity
across C3, no charge appears across capacitors C1 or C2.  As the insulator is removed
from the surface, the charges redistribute themselves across C1 and C2 and provide
the signal for the amplifier.
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Fig. 1. Electrometer sensor suite mounted in the heel of the Mars’01 scoop

Fig. 2. Operational scenario for the scoop and charge distribution in the electrometer during
rubbing (left) and after removal from the surface (right).

This electrometer is an induction field meter [6] operated in a direct current mode,
where the operational amplifier input current charges C1. The electrical schematic of
the non-adaptive component of the triboelectric sensors is shown in Fig. 3. The design
of the electric field sensor follows from the traditional electrometer [7]. The
instrument is composed of a capacitive divider where C2 is the field sensing capacitor
and C1 is the reference capacitor. The point between the capacitors is connected to the
positive terminal of the first stage amplifier (terminal +5 of U3) operated in the
follower mode.  The sensing electrode is protected by a driven guard that is connected
to the negative terminal of the first stage amplifier (terminal -6 of U3). A second
operational amplifier (U4) is added to provide additional amplification. At the
beginning of the measurements, C1 is discharged using the solid-state switch, S1
which has very low leakage. In the TRI sensor, C2 has an insulator dielectric which
acquires charge during rubbing.

Four different insulating materials were loaded into the titanium triboelectric
sensor head (Fig. 1). A typical laboratory experiment consists of manually rubbing a
wool felt on the triboeletric head at room temperature. The results are shown in Fig. 4.
The falling period between 10 and 20 seconds represents the rubbing period. The
large negative response is for the Rulon-J which is to be expected for Rulon-J rubbed
on wool.
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Fig. 4. Response of triboelectric sensor array to white wool felt (For all figures: response C1 is
ABS (TRI1), response C2 is Polycarbonate (TRI2), response C3 is Teflon (TRI3) and
response C4 is Rulon-J (TRI4)).

3  Adaptive Sensor Architecture

The triboelectric sensor array is an example of a hybrid integrated array devices
where the sensors are grouped on the same devices but where the signal processing is
done on a separate device [8]. This sensor array employs similar sensors (in terms of
the measurand) but sensors have subtle differences (i.e. partially correlated outputs)
related to the triboelectric properties of materials, known as the triboelectric series
and respond to a very wide range of materials. (The triboelectric series orders the
materials in a single list and indicates the direction and the amplitude of the charge
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sensor (TRI) fully characterized before field use.



Initial Experiments of Reconfigurable Sensor Adapted by Evolution.      307

transfer that occurs when two materials are rubbed). The signal processing must
therefore carry out a sophisticated analysis of the responses to extract the subtle
differences in signals. The approach we have chosen, as shown in Fig. 5, is to use an
EHW discrimnator signal conditioner connected to the triboelectric sensor array and
that will be able, after evolution, to discriminate the response of different materials
with high precision.

Another important reason to use an adaptation mechanism is to be able to do in-situ
self-calibration of the sensors and its electronics [9]. Indeed the sensors are very
sensitive to ambient conditions, such as temperature, humidity, atmospheric and
contact pressure, ambient gas, materials. They are also sensitive to the material and
surface condition of the sensors. For example, the dust clinging on the insulator
surface considerably affect the response of the triboelectric sensor arrays. Finally the
sensor array has poor aging characteristic, that is the triboelectric sensing element is
slowly corroded and thus changes its response characteristics with time. To remedy
this high sensitivity to the ambient conditions and sensor conditions, we performed an
in-situ self-calibration: calibrate the sensors right at the site with a set of reference
materials with known triboelectric properties in the current environmental conditions.

Fig. 5 shows the basic arrangement of an adaptative electrometer sensor array
system for discriminating different materials. The triboelectric property of the
material is sensed by an array of sensors, each with its response, which is converted to
an electrical signal via suitable transduction circuitry. The voltage signal VAi is then
injected to the evolvable hardware optimized for the current environment and a set of
reference materials. The prediction of the triboelectric property of the material
compared to the one of the reference materials is given in terms of output voltage. In
the next section, we describe the EHW developed by JPL, called FPTA, and the
experiments.

Fig. 5. Schematic arrangement of an adaptive ecltrometer sensor array device
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electrometer (Teflon and Rulon-J). The materials are ordered in the triboelectric series
as follow with the first one becoming positively charged when rubbed on the other
materials: Polystyrene, wool felt, Teflon and Rulon-J. The experiments start by an
initialization procedure which puts the electrometer in a known state: the five
electrometer insulators were cleaned by brushing followed by Am-241 alpha particle
deionization. The deionization process was observed by running a trace and noting
when the response no longer changed. After cleaning and deionization, the samples
were placed in the apparatus as seen in Fig. 6. The data acquisition was started and
five points were acquired every second. The first fifty points were baseline points.
During the next 200 points, the samples were rubbed by the apparatus from left to
right as shown in Fig. 4, Fig. 7 and Fig.8. During the final data points, the rubbing
was stopped and the rubbing material was no longer in contact with the electrometer
insulating materials. At this stage of the research the circuit was obtained by extrinsic
evolution using the SPICE simulator and the response of the electrometer.

Fig. 7. Response of triboelectric sensor array to Polystyrene (C1 is ABS, C2 is Polycarbonate,
C3 is Teflon, C4 is Rulon-J).

Base lines of
C1, C2, C3 and C4

Start rubbing

Fig. 8. Response of triboelectric sensor array to Teflon (C1 is ABS, C2 is Polycarbonate, C3 is
Teflon, C4 is Rulon-J).
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the input range given by the responses of the sensor is around 0.7V (Table 1). The
circuit allows for an unknown material rubbed on the electrometer to classify in-situ
with high precision its triboelectric property compared to the reference materials and
to send only to earth its classification.

Fig. 10. Response of the evolved circuit for 3 reference materials and the baseline. The time
starts when the material sample is rubbed on the isolating materials of the electrometer

Table 1: Inputs/Outputs of the Evolved Circuit

Teflon Wool Polystyrene

- VA3 (TRI3) 0.124 V 0.332 V 0.412 V
- VA4 (TRI4) 0.252 V 0.420 V 0.684 V

Vout (output FPTA) 0.5 V 1.7 V 2.3 V

To assess the generalisation of the circuit solution we have tested the evolved
circuit with sensor responses under slightly different environmental conditions which
resulted in a decrease in the response of the sensors. As expected, the difference in
response of the evolved circuit was smaller but it still captured the correct order of the
patterns corresponding to the triboelectric series [12,13] (Fig. 11).

Although the task in this experiment was easy due to the nearly uniform
distribution of the input Voltages (Table 1), the next generation of FPTA, which
integrates programmable resistors [20], will be able to tackle discrimination tasks
with more sensor inputs and non-uniform distribution of the input Voltages. Moreover
the programmable capacitors of the next generation of FPTA will also allow to work
with time dependent input signals.
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Fig. 11. Response of the evolved circuit for 3 materials for slightly different environmental
conditions than for experiment of Fig. 10. The output measures the output current Iout at the
drain of transistor P4.

5 Conclusion

These initial experiments, although illustrating the power of evolutionary algorithms
to design analog circuit for sophisticated analysis of responses of sensor array and to
maintain functionality by adapting to changing environments, only prepare the ground
for further questions. The long term results of the proposed research would allow
sensor electronics to adapt to incoming data and extract higher quality data, making
available information otherwise not accessible. It will make sensor systems adaptive
and intelligent. It will increase the amount of information available from sensors,
while actually decreasing the amount of data needed for downlink in case of space
missions.
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Although the well-known compression methods for the facsimile, G3 [2] and G4 [3],
are lossless compression techniques, they do not handle digital printing images well,
which consist of many small dots which, in turn, are made up from many pixels, as
shown in Fig. 1. The current international standard for bi-level image coding, called
JBIG2 [4], also executes lossless compression and gives better compression ratios
than G3 and G4. However, this method is also not sufficient to support ODP, because
it cannot compress halftone images with large resolutions well, due to limitations that
are discussed in more detail below.

Fig. 1. Data composition of digital printing images

To overcome these kinds of problems, it is advantageous to change the
compression scheme using Genetic Algorithm (GA) [5][6][7]. The Dispersed
Reference Compression (DRC) method proposed in this paper adopts Evolvable
Hardware (EHW) to search for better compression schemes according to the
characteristics of the target images to be coded. EHW has reconfigurable circuits and
can change its circuit structure by GA [8]. Thus, DRC with EHW can simultaneously
provide both fast compression/decompression and high compression ratios.

The rest of this paper is organized as follows: Section 2 describes the features of
the traditional lossless compression method for bi-level images. In Section 3, the
concepts and mechanisms of DRC are explained in detail. The results of performance
tests are presented in Section 4. Section 5 provides an overview of the hardware
implementation of DRC. Section 6 addresses the standardization of DRC, and Section
7 concludes this paper.
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2 Lossless Compression of Bi-level Images

There are many methods for lossless image compression, including the G3 [2], G4
[3], and JBIG2 (Joint Bi-level Image experts Group, 2) which is the international
standard for bi-level image coding. JBIG2 has compression modes for lossless and
lossy (irreversible) compression of pictures and texts. In this paper, we focus on the
lossless compression mode, called generic region encoding, because G3 and G4 were
developed for facsimile and because JBIG2 has better compression performance.

Generic region encoding is based on prediction coding [9], combining the Marcov
model and arithmetic coding. The basic principle is that as the neighboring pixels in
normal images strongly correlate with each other, the value of a pixel can be
predicted fairly well by observing the pattern of values for its neighboring pixels.
And, since the values of pixels that can be predicted correctly do not need to be
recorded in the compressed data, precise pixel-prediction makes the compressed data
smaller.

Fig. 2. Configuration of reference pixels used in generic region encoding

Fig. 2 illustrates the configuration of the reference pixels used in generic region
encoding. The circle indicates the location of the pixel to be coded, and A1 to A4 and
X indicate the locations of reference pixels that are referred to in prediction. This
pattern of reference-pixels locations is called a template. The pixels marked A1 to A4
are called AT pixels and the locations of these can be changed almost anywhere within
a field consisting of 256 x 256 locations, as shown in Fig 3. The current pixel, again
marked by a circle, is always at the location to the right of the center on the bottom
row of this field. This location and those to its right on the bottom row are not
possible candidate locations for the AT pixels to move to, because pixel prediction
must be executed using the values of previously coded pixels.

The template is used to extract a bit sequence called context. Pixel prediction is
executed on the basis of the context. Accordingly, the size and the shape of a template
will strongly influence the prediction-hit rate and consequently the compression ratio.
As the procedure for pixel prediction is explained in the JBIG2 documentation [4],
this is not described further here.

JBIG2 is claimed to have compression ratios that are 30% better than the previous
version, JBIG [10], because it has 6 more reference pixels [4]. However, it cannot
compress halftone images with large resolutions well, because of the following
problems;

(1) Difficulties in optimizing the locations of AT pixels, and
(2) Limited number of AT pixels.
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Fig. 3. Field of cancidate AT pixels locations

As there are about 256 x 256 candidate locations for each AT pixel, as shown in
Fig. 3, there are about (256 x 256)C4 = 7.68 x 1017 possible patterns of AT pixel locations,
which makes very difficult to search for the optimal pattern for every target image to
be compressed. Moreover, when the number of AT pixels is increased, the search
space expands exponentially, making template optimization even more difficult.

3 Dispersed Reference Compression Method

The Dispersed Reference Compression (DRC) method, which is proposed in the
following section, overcomes these problems. In this section, the mechanism of DRC
is explained in detail.

3.1 Overview

As shown in Fig. 4, DRC consists of 4 parts; (1) the template, (2) the encoder, (3) the
evaluator, and (4) the template optimizer. These are explained in turn.

First, as explained in the previous section, the template is used to extract the
relevant context for each pixel to be coded. Similar to the JBIG2 method, DRC also
adopts 16 reference pixels, however, unlike JBIG2 where only 4 of the 16 reference
pixels can move, in DRC it is possible to set the number of fixed and AT pixels that
are free to disperse within the template field. Fig. 5 shows the initial configuration of
reference pixels in the DRC template. The numbering of the reference pixels in this
figure represents the likely effectiveness of a given reference pixel in pixel prediction,
where A1 usually yields better predictions than A16. Thus, when setting which
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reference pixels are free to move, it is generally better to allow those pixels to lowest
likely effectiveness levels (e.g., A15 and A16) to move.

Second, like JBIG2, DRC utilizes an MQ-Coder as the encoder, which works as
follows;

(a) pixel prediction is executed using the context extracted by the template, and

(b) each current pixel is encoded, according to the result of prediction.

Repeating these steps for all pixels, the compressed data is generated.
Third, the evaluator calculates a fitness value using the compressed data generated

by the MQ-Coder. In this paper, the compression ratio is adopted as the fitness value.
The compression ratio (CR) is calculated as

CR = [original data size] / [compressed data size].

The objective of DRC is to find good templates, and make the original data as
small as possible using the templates. This function yields high CR values when a
template gives smaller compressed data.

Finally, the template optimizer searches for the optimal template using a Genetic
Algorithm. As shown in Fig. 3, because the field for the AT pixel locations is
restricted to 256 x 256 = 216, the location of each AT pixel can be specified by 16 bits.
Thus, a template can be represented as a chromosome for the GA in the form of 16 x
n bits, where n is the number of AT pixels, as shown in Fig. 6. The other parameters
for the Genetic Algorithm are set as follows; elitist strategy, population size = 30,
tournament selection (tournament size = 2), uniform crossover (crossover ratio = 0.8),
point mutation (mutation rate = 1/(n x 16)), and maximum generation = 50.

Fig. 4. Block diagram of the Dispersed Reference Compression Method

Fig. 5. Initial configuration of AT pixels used in DRC
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3.2 Behavior

DRC works as follows: First, the target data to be coded is divided into several sets of
lines. These sets are called stripes. In this paper, an image is divided into stripes
according to the average run length, which is the length of a sequence of repeated
pixel values in each line. That is, the average run length is observed for every line,
and a new stripe begins when a line has an average run length that is 30% smaller or
larger than that of the previous line.

Second, to optimize the template in each stripe, the GA repeats the following steps
until the generation exceeds the maximum number of generations:

(1) evaluation (repeating the following steps to all chromosomes),
     (1-1) decode ith chromosome to obtain a template,
     (1-2) the stripe is compressed using this template,
     (1-3) the compression ratio is calculated as the fitness value,
(2) tournament selection,
(3) uniform crossover,
(4) one point mutation.
In this paper, to reduce the costs involved in evaluations at step (1-2), the stripe

image is sub-sampled by 10 in both the horizontal and vertical directions.
Third, every stripe image is compressed, using the template discovered by the GA.

The compressed stripes are recorded one after another with their corresponding
templates in a file. The file format of the compressed data is shown in the Fig. 7. The
compressed data is composed of two parts; the header part and the body part. The
header part records the size of the original image, the number of reference pixels, the
number of AT pixels, and other additional information, such as the resolution of the
image.

Fig. 6. Structure of chromosome
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The body parts consist of fractions corresponding to the stripes. Each fraction has
three parts; the stripe header, the template part, and the compressed data of the stripe.
The stripe header stores information about the stripe, such as the location of the stripe
and the number of lines. The template part records the encoded template, which is
used to compress the corresponding stripe. The compressed data part is the data
stream output from the MQ-Coder.

Finally, when all stripes are processed in this way, compression is completed.
Using a Pentium III (800 MHz), a simulation of the DRC requires about 15 minutes
to compress an image of 7 MB.

4 Performance

This section reports the results of experiments to evaluate the performance of DRC.
We prepared 5 types of images, as detailed in Table 1 and shown in Fig. 8. The image
sets #1 to #3 contain 4 images that correspond to the 4 colors of CMYK.

The results of the simulations are given in Table 2 that show the compression ratio
for each image. To compare performance, this table also gives the results achieved by
other methods, including gzip, G4 (MMR), JBIG, and JBIG2. A performance result
for G4 on the image set #5 is not included in the table because the G4 simulator was
unable to handle such large images.

This table shows that DRC provided better compression ratios than the others
methods. For the yellow and black images in the image sets #1 to #3 and #5, as these
were very well compressed by the other methods, the margin of performance
improvement with DRC is smaller than for the other images.

Fig. 7. File format of compressed data

Table 1. Specifications of test images
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Table 2. Compression rates

�1)  JBIG-KIT ver.1.1 <http://www.cl.cam.ac.uk/~mgk25/>
�2)  UBC-powerJB2 ver.1.0 <http://spmg.ece.ubc.ca/>
�3)  4 AT pixel version of DR simulator

Fig. 8. Images used in simulations
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It is also clear that as the resolution increases, the DRC provides greater
improvements compared to JBIG2. As the distance from one halftone dot to the others
is larger in images with higher resolutions, templates with converged reference pixels
cannot perform pixel prediction well, and the compression ratio becomes smaller.
DRC gives better performance than JBIG2, because it has many AT pixels and they
can be dispersed by GA optimization.

Fig. 9 shows the results of experiments where the number of AT pixels was
changed. In this graph, the horizontal axis represents the learning costs (number of
evaluations), and the vertical axis represents the compression ratio. From this graph,
the compression ratio seems to improve as the number of AT pixels is increased.
However, and the compression ratio drops drastically when there are 15 or 16 AT
pixels.

Fig. 9. Transitions in compression ratios

The reason of these phenomena is as follows: First, the search space expands
exponentially as the number of AT pixels is increased, and the search ability of GA
could not cope with this combinatorial expansion.

Second, in the case of 15 or 16 AT pixels, the reference pixels A1 and A2 begin to
move. As these strongly influence the compression ratio (the compression ratio
achieved with a template with these reference pixels gives better compression ratios
than a template without them), the population prematurely converges onto
chromosomes representing templates including these pixels in early generations.

In the future, these problems will be solved by,
      adaptive sub-sampling and striping of the image in evaluation,
      autonomous determination mechanism for the number of AT pixels, and
      new genetic operator for template optimization.
Using these enhancements, DRC with 16 AT pixels is expected to provide better

compression ratios than with 12 AT pixels.



A Lossless Compression Method for Halftone Images Using Evolvable Hardware      323

5 Hardware Implementation

This section explains a prototype version of the EHW implementing DRC, which
consists of a data compression/decompression FPGA (DC-FPGA) and a PCI board.
This is a prototype for an LSI version and was developed to test the performance of
the DRC. Due of capacity shortages, this FPGA version has some limitations in its
functionality;

(1) GA for optimizing templates is executed on a host PC
(2) the number of reference pixels is 10, and
(3) the field of AT pixel locations is restricted to 8 lines and 32 columns.
The rest of this section explains the PCI board and the DC-FPGA

5.1 PCI Board

Fig. 10 is a block diagram of the PCI board.
The PCI connector is connected to the PCI slot of the host PC, and the PCI

controller controls access from the host PC.
The FPGA control signal generator generates signals to control the memories and

registers in the DC-FPGA. It has control the registers and status registers, and resets
the other components according to commands from the PC, and conveys the status of
the DC-FPGA to the PC.

5.2 Data Compression/Decompressions FPGA

Fig. 11 is a block diagram of the DC-FPGA. This consists of several components, of
which the major ones are described in this section:

The control register stores commands from the host PC, and status information of
the DC-FPGA.

The image data memory is composed of a 2-port RAM (320 x 32 bit x 10 lines).
This receives image data from the PCI board at compression, and temporally stores
the expanded images at decompression. The reference buffer has two buffers of 8
lines x 64 bits, and they mutually work to compensate the data loading time. They
receive part of image data from the line memory, and send it to the context circuit.
The context circuit generates the 10 bits data from the 256 bits data sent by the
reference buffer according to the template data. It has 10 multiplexers (256 to 1) .
This corresponds to the reconfigurable hardware in the EHW.

The template data, consisting of 8 bits x 10, is sent from the host PC and stored in
the template memory. It is used to choose 10 bits from the 256 bits in the context
circuit.

The DC-FPGA has two MQ-Coders for compression and decompression. The MQ-
Coder (C) receives the 11 bits data from the context circuit and executes the
compression procedure. The MQ-Coder (D) receives the compressed data from the
PCI board and 10 bits data from the context circuit, and executes the decompression
procedure.
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Fig. 10.  Block diagram of PCI Board

6 Promotion Activity toward International Standardization

Currently, we are working as part of ISO/TC130/WG2 and ISO/IEC
JTC1/SC29/WG1 toward the standardization of DRC.

The scope of ISO/TC130/WG2 is prepress data exchange, and our final goal is that
DRC will be included within the international standards (e.g. TIFF/IT [12]) as a data
compression method for halftone images. We have already submitted technical
reports at three meetings [13].

Within ISO/IEC JTC1/SC29/WG1, whose scope is still image coding, we are
promoting the JBIG2 Amendment 2 project for the extension of adaptive template for
halftone coding. We have submitted for the first time a technical report at the Arles
meeting in July 2000, and the project has been approved at the New Orleans meeting,
Dec. 2000 [7]. At the Stockholm meeting, July 2001, a draft proposal based on DRC
was approved as the working draft of JBIG2 Amendment 2 [14][15]. The promotion
schedule is as follows:

Oct. 2001: Proposed Draft Amendment 2 (PDAM2)
Feb. 2002: Final Proposed Draft Amendment 2 (FPDAM2)
July 2002: Final Draft Amendment 2 (FDAM2)
Nov. 2002: Amendment 2 (AMD2)
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Fig.11. Block diagram of data compression/decompression FPGA

If there are no problems or objections, DRC will be included in the international
standard during 2002.

7 Conclusions

This paper has described the Dispersed Reference Compression (DRC) method,
which has been developed to compress binary halftone images. Using a Genetic
Algorithm, this can change its compression method according to the characteristics of
the target image to be compressed. The results of experiments showed that DRC
provides compression ratio about 30% better than JBIG2, which is the current
international standard for binary image coding. A prototype version of EHW
implementing DRC, consisting of a data compression/decompression FPGA and a
PCI board was also presented in this paper.

Currently, standardization projects are in progress within ISO/TC130/WG2 and
ISO/IEC JTC1/SC29/WG1. In particular, a working draft for the JBIG2 Amendment
2 for the extension of an adaptive template for halftone coding was approved at the
24th ISO/IEC JTC1/SC29/WG1 meeting held in New Orleans, Dec. 2000. DRC may
be included in JBIG during 2002.
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Abstract. This paper describes evolvable optical systems and their ap-
plications developed at the National Institute of Advanced Industrial Sci-
ence and Technology (AIST) in Japan. Three evolvable optical systems
are described: (1) an evolvable fiber alignment system, (2) an evolvable
interferometer system, and (3) an evolvable femtosecond laser system.
As the micron-meter resolution alignment of optical components usually
takes a long time, to overcome this time problem, we propose 3 systems
that can automatically align the positioning of optical components by ge-
netic algorithms in very short times compared to conventional systems.
In the evolvable fiber alignment system, the positioning of a fiber can be
aligned automatically according to 5 degrees of freedom (DOF) in three
minutes. In the evolvable interferometer system, the optimal positioning
of the plane mirrors is determined automatically. And, in the evolvable
femto-second laser system, the positioning of laser components can be
aligned automatically within thirty minutes; something which in con-
ventional system would take technicians more than five days to achieve.
Moreover, the automatic alignment system makes possible the compact
implementation of optical systems.

1 Introduction

In recent years, the market for optical technology has been growing rapidly,
particularly due to the advances in optical communication systems. In general,
optical systems consist of many components, such as light sources, mirrors, lens,
prisms, semiconductor elements, and optical fibers. In order to obtain the opti-
mal performance from an optical system, it is necessary to align these optical
components to the optimal position with micron-meter precision. Moreover, as
shifts in the positioning of each component impacts on the alignment of the
whole system, each component must be repeatedly adjusted until the optimal
alignment is achieved. As the number of experienced technicians is extremely
limited, these difficulties increase the manufacturing times and the costs of op-
tical systems.

Although algorithms for automatic alignment have been devised, they are
often not suitable for systems where the parameters to be set optimally are
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numerous, where there are local optimum, and where the parameters are in-
terdependent. In this paper, we propose methods of automatic alignment using
genetic algorithms. These methods have the following four advantages.

1. Automatic adjustment for maintenance-free systems
The performance of an optical system is affected by the temperature and
the stability of the environment in which it is used. However, variations in
performance can be adjusted for automatically by our algorithms on-line.
This means that the optical systems are maintenance-free, making them
easy for non-experts to use.

2. Cost-reduction
Using less expensive mechanical parts in optical systems, unfortunately, often
leads to longer adjustment times, because the precision of these components
is usually inferior. However, as our algorithms provide a quick and flexible
way of adjusting performance, it is possible to use less expensive mechanical
parts in order to reduce the costs of the system.

3. Compact implementation
With automatic adjustment methods, it is possible to reduce the spaces
between the components in an optical system, which are necessary when
adjustments are made by technicians. Thus, it is possible to downsize optical
systems.

4. Realization of on-site optical systems
Advantages 1. and 3. mentioned above also make the realization of on-site
optical systems possible. Compact and maintenance-free systems open up
new application areas, such as portable on-site environment measurement
systems, which is something that has been impossible to date due to the
difficulties of using high-performance lasers and spectrums outdoors.

This paper describes three optical systems using GA-based automatic align-
ment algorithms.

1. Evolvable Fiber Alignment System
The alignment of optical fibers according to five degrees of freedom can be
completed within a few minutes, whereas it would take a human technician
about half an hour.

2. Evolvable Interferometer
The adjustment of plane mirrors in an interferometer is difficult for non-
experts. However, the automatic adjustment method eliminates this problem
making it possible to use interferometers outdoors.

3. Evolvable Femto-Second Laser
It often takes five days for experienced technicians to adjust the physical
positioning of femto-second laser components in order to achieve optimal
performance. The GA-based adjustment can align the laser components au-
tomatically within 30 minutes.



Evolvable Optical Systems and Their Applications 329

2 Evolvable Fiber Alignment System

2.1 Background

With the growth in optical fiber communications, fiber alignment has become
the focus of much industrial attention. This is a key production process because
its efficiency greatly influences the overall production rates for the opto-electric
products used in optical fiber communications. Fiber alignment is necessary
when two optical fibers are connected, when an optical fiber is connected to a
photo diode or a LED, and when an optical fiber is connected to an optical wave
guide.

Metallic wire connection is relatively easy because an electric current will flow
as long as the two wires are in contact. The connection between two optical fibers,
however, requires much greater precision, in the order of sub-micron-meters.
Therefore, experienced technicians are needed for fiber alignment, but as such
technicians are in limited supply, this causes a bottleneck in the mass production
of opto-electric components for optical fiber communication. To overcome this,
various algorithms for automatic alignment have been devised. However, existing
automatic-alignment algorithms are only capable of aligning fibers according to
three degree of freedom (DOF). Thus, the present authors have devised a new
algorithm based on GAs that is capable of aligning fibers according to five or
more DOF.

The advantages of the algorithm are summarized below:

1. Improvement in transmission efficiency
Unless two optical fibers are connected in an optimal way, there will be a
reduction in transmission efficiency. However, as alignment is possible quickly
and according to a greater DOF, there are no reductions in transmission
efficiency.

2. Improvement in reliability
Automatic alignment reduces the numbers of tasks to be conducted by tech-
nicians, which leads to the improved reliability of products.

3. Improvement in production efficiency
The fiber alignment process is often a critical part in the entire production
process, and so by reducing fiber-alignment times, production efficiency can
be improved considerably.

4. Cost reductions
Less expensive opto-electric components are often inferior in terms of preci-
sion. However, variations from the desired specifications for each component
can be compensated by using our alignment algorithm for greater DOF con-
nections. This makes it possible to reduce the overall costs of a system.

The present authors have devised a fiber alignment algorithm for 5 DOF
connections. Conventional alignment systems cannot achieve connections with
5 DOF because such precise fiber alignment is impossible given practical time
constraints. However, our algorithm successfully carried out alignments for 4
different initial conditions in a few minutes. In the following subsections, the
details of the alignment system and the algorithm are described.
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2.2 Optical Fiber Alignment

Transmission loss due to non-optimal connections. Although metallic
wire connections are very easy, optical fiber connections require extreme pre-
cision. This is because optical signals can only pass along the core of a fiber,
which is only a few micron meters in diameter. Therefore, when connecting op-
tical fibers, the cores of the two fibers must be aligned to face each other exactly
with sub-micron-meter precision. In making such alignments, there are a number
of factors that must be considered which can reduce transmission efficiency, such
as shifts in the light axis, bending, and when core surfaces are not flush. To deal
with these factors, alignment algorithms capable of greater DOF connections are
required.

Automatic alignment system. Automatic alignment systems can shift slightly
the light axes of the two optical fibers to minimize transmission loss. Once align-
ment is complete, the light axis is fixed by laser processing and a setting resin.
Figure 1 shows the organization of the automatic alignment system. The system
consists of a light source, alignment stages, a stage controller, a power meter
to measure the light intensity, and a controlling PC. An alignment stage moves
the tip of one optical fiber with micron-meter precision using step motors. The
PC collects information from the power meter and feeds this back to the stage
controller through a GP-IB interface in order to control the alignment stage.
The control signals are generated by the PC where the automatic-alignment
algorithm is executed.

Conventional automatic alignment algorithms. Alignment time depends
completely on the performance of the automatic alignment system. Various al-
gorithms are available on the market. For example, the alignment software sold
by Suruga Seiki provides two search programs; a field search and a peak search
program. The field search program is used when the two light axes are shifted
greatly. Once this program has been executed, the peak search program is initi-
ated. However, these programs have the following weakness; (1) local optimum,

Fig. 1. An Automatic Fiber Alignment System
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(2) problems with angle adjustments, and (3) noise-sensitivity. Due to these
weaknesses, these software programs are not capable of alignments according to
5 DOF, have long alignment times, and result in large transmission losses.

Automatic alignment with GA. Our alignment algorithm uses a GA called
the Minimal Generation Gap (MGG) model [1]. The MGG model has two ad-
vantages; (1) it can maintain the diversity within a population, and (2) the
convergence speed is fast. We also employ a local learning method in order to
improve search efficiency.

Alignment is conducted in the following way. First, the positions of the light
axes are coded as chromosomes, and then an initial population is generated.
GA operations, such as selection, crossover, and mutations, are then carried out
on the population and local learning is conducted. The fitness function is light
intensity. With the GA-based alignment algorithm, the optimal positions for the
light axes are obtained to minimize transmission loss.

2.3 GA-Based Automatic Alignment Experiments

Figure 2 shows an experimental system for automatic alignment. It consists
of a light source, a power meter, a control PC, and the stage controller. Four
experiments were conducted in which we prepared 4 different initial conditions
by altering the light axes from the positions set by an experienced engineer. In
each experiment, alignment was successfully completed in three minutes. The
details of the experiments are described below.

Experimental conditions. The objective of the experiments was to align the
tips of two optical fibers according to 5 DOF. The 5 DOF in fiber alignment
correspond to the following 5 parameters; the coordinates in the X, Y, and Z
planes, as well as the two angles of inclination in the X-Z and Y-Z planes for
optical fiber which is moved, as shown in Figure 3. In the first three experiments,

Fig. 2. The Fiber Alignment System Used for Development
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Fig. 3. Optical Axis

Table 1. Alignment Results for the Experiment 1

Power(dBm) Avg. Max. Min. Std.
Conventional 2.58 3.94 1.23 0.73

GA without LL 3.26 4.31 2.44 0.66
GA 4.41 4.73 3.85 0.27
HC 3.83 5.00 1.52 1.08

three of these parameters were altered, while two were changed in the fourth
experiment.

In these experiments, the performance of our proposed method was compared
to three other alignment algorithms. The first was a conventional alignment
algorithm that is only capable of alignments according to 3 DOF. The second was
a genetic algorithm that does not employ local learning, which is incorporated
within our proposed method. The third was our GA method with local learning.
The forth method was a hill-climbing alignment algorithm. There were 10 trials
in each experiment.

Experimental Results. We show only the result of the first experiment in
Table 1. Figure 4 shows how the optical fiber tips converged in the experi-
ment. Although only the result of the first experiment is shown, the best average
performances in all four experiments were attained by the proposed automatic
alignment method.

3 Evolvable Interferometer

3.1 Background

Advances in spectrum technology are making important contributions to the
analysis of substances that cause environmental pollution. There is an increasing
demand to be able to carry out spectrum analysis rapidly on-site. However, be-
cause the instruments used for spectrum analysis are very large, and performance
is greatly influenced by environmental conditions, the on-site use of spectrum-
analysis instruments has been virtually impossible. If portable spectrum-analysis
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instruments were developed, they would greatly accelerate the development of
surveillance and analysis technology for environmental pollutants.

The challenge in developing portable instruments is to realize the automatic
adjustment of the optical components of spectrum analysis instruments. Most
analysis instruments consist of optical components that must be physically posi-
tioned with micron-meter precision for optimal performance. If such instruments
are used on-site outdoors, then the optical components have to be re-adjusted
every time an instrument is moved, but this kind of adjustment usually re-
quires experienced technicians. Therefore, automatic adjustment methods for
optical components are essential in order to realize portable spectrum-analysis
instruments. We have developed an evolvable interferometer, which is used in
Fourier-transform Infrared Spectroscopy (FTIR). FTIR performance is heavily
dependent on the performance of the internal interferometer. The evolvable in-
terferometer is a version of a Michelson interferometer, involving mirrors, that
requires automatic adjustment in order to realize portable FTIRs.

The advantages of the evolvable interferometer are as follows:

1. Portable FTIR
When the FTIR is used outdoors, variations from the optimal positions for
the optical components can be adjusted on the spot.

2. Compact FTIR
The automatic adjustment of the interferometer does not require the large
spaces needed by engineers when manually adjusting interferometers. This
makes it possible to downsizing the FTIR considerably.

3. Greater versatility for environmental measurements
With an automatic adjustment method, it is possible to employ optical com-
ponents that are more suitable to the environment. For example, users can
exchange prisms according to the target.

After outlining the Michelson interferometer, the evolvable interferometer is de-
scribed in detail.
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The Michelson Interferometer. The Michelson interferometer consists of a
light source(S), a beam splitter (BS), a fixed mirror (M1), and a movable mir-
ror(M2), and a testing chamber (P), as shown in Figure 5. The BS splits the
light from S into two beams sending them towards M1 and M2. These beams
are reflected back by these mirrors towards BS that then synthsizes them to
send out a single beam in the direction of P. The synthesized beam, called an
inter-ferogram, is used to analyze substances by the FTIR. In order to obtain
an optimal inter-ferogram, the movable mirror, M2, has to be adjusted to the
right position with micron-meter precision. As interferometer performance is in-
fluenced by the temperature and transportation, it is very difficult to implement
portable FTIR without automatic adjustment.

Evolvable Interferometer. We have realized an automatic adjustment system
for interferometers. Figure 6 shows the overall organization of the system. The
system automatically adjusts the position and the inclination of the movable
mirror in the interferometer. This adjustment can be conducted according to 3
DOF. The 3 DOF here are the position of the mirror, its angle of inclination,
and its angle of rotation. In Figure 6, the PC reads the light intensity from
a detection board and the genetic algorithm on the PC determines the three
mirror parameters. The genetic algorithm employs the MGG model.

4 Evolvable Femtosecond Laser system

4.1 Background

Laser systems, invented in the 1960s [2] [3], have been applied to various fields,
such as semiconductor lithography [4], optical communications [5], and sampling

Fig. 5. The Michelson Interferometer
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Fig. 6. An Automatic Adjustment System for the InterFerometer

measurement methods [6]. During the last decade, the development of femtosec-
ond lasers, based on Kerr-lens mode-locking techniques, has progressed rapidly
and many commercial products are now available.

However, as the Kerr-lens mode-locking technique used in femtosecond pulse
lasers requires precise positioning of the focusing mirrors within the laser cav-
ity, femtosecond lasers are difficult to align, which makes them less attractive
for industrial use. For example, even a 10µm discrepancy in a focusing mirror
will prevent an optical resonation with 1.0W pumping power from forming. It,
therefore, typically takes about a week to manually align a femtosecond laser.

In order to overcome these difficulties, we propose an Evolable Laser System
(ELS) for femtosecond lasers, which can adjust the positioning of the laser cavity
components (e.g. the mirrors and prisms) by genetic algorithms (GAs). This laser
system has three advantages:

1. Higher Power
When the ELS starts up or the pumping power is changed, the GA can be
executed to optimize the laser power.

2. Automatic and Reliable Adjustment
As the GA is capable of adjusting the system automatically and reliably,
manual adjustment is not required with the ELS. Moreover, because the
need for manual adjustment is eliminated, the risk of human eyes being
damaged while making such alignments is also effectively removed.

3. Compactness
Conventional laser systems requiring manual adjustment tend to be rather
large, as there must be sufficient space to allow human hands to make the
physical adjustments. However, by virtue of the incorporated automatic ad-
justment mechanisms, the ELS can be made much smaller, even making the
development of portable femtosecond laser systems feasible in the future.

As this approach can be applied to a wide variety of laser systems, femtosecond
laser technology can become a more widely-used industrial technology.

The ELS developed in this study has 10 picomotors that determine the po-
sitioning of the mirrors genetically. Each picomotor can adjust the x-position,
yaw and pitch of a mirror with a resolution of µm. Manual adjustment with
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picomotors is very difficult because the light has to travel many times within a
laser cavity before returning to the focus point with µm resolution. In an initial
experiment, an output power was obtained that is 2.3 times higher than the
power achieved with a manual alignment made in our laboratory.

4.2 Overview of the Evolvable Laser System

This section provides an overview of the proposed system. Figure 7 is a schematic
representation of the evolvable laser system, and Figure 8 is a photograph of the
developed system. YVO4 green laser is used in the system as the pumping beam
(input to the laser system), which enters at the point marked IN in Figure 7.
Four focusing mirrors, M3–M6, which form an optical resonator, output the laser
light from the point marked OUT. The positioning of these four mirrors can be
adjusted subtly to correct for positioning errors, which can greatly reduce output
performance. This adjustment involves ten picomotors in total (the picomotor
is a piezo that turns a screw [7]).

The screw positions of the picomotors are determined by the motor controller
in Figure 7. Their absolute positions can be set by downloading a binary string
to the controller. We call this string the control bits. In the genetic learning, the
control bits are regarded as GA chromosomes. GAs are robust search algorithms
which use multiple chromosomes and apply natural selection-like operations in
seeking improved solutions [8]. The GA identifies the optimal control bits for
the evolvable laser system. The goal of this evolution is to obtain the maximum
power level for the laser pulse from the laser cavity.

Every chromosome is downloaded into the controller. A fitness value is cal-
culated by observing the laser outputs. The positioning of the mirrors is varied
to improve the performance of the laser system.

Fig. 7. Schematic Representation of the Evolvable Laser System
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Fig. 8. Photograph of the Developed Evolvable Laser System

4.3 Configurations of the Evolvable Laser System

This section describes the evolvable laser system in detail.
The layout of the cavity is shown in Figure 9. The cavity is a standard

Ti:sapphire laser [9]. The main cavity consists of four mirrors, M3 to M6, and
the 20-mm-long Brewster-angled Ti:sapphire gain medium placed at the center of
the cavity. This z-cavity configuration is essential for femtosecond laser systems.

The pumping laser is a diode-pumped frequency-doubled YVO4 laser. The
wavelength is 530 nm and noise is less than 0.5% of the output power. The
pumping beam is focused into the Ti:sapphire gain medium by the plane mirrors
M1, M2, M5, M6, and the concave mirrors M3 and M4. The output power of

Fig. 9. Cavity Configuration for the Ti:sapphire Laser
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the laser from mirror M6 is measured by a power meter. A plane coupler before
the power meter has a transmission of approximately 2.0%.

The output power is greatly affected by discrepancies between the actual and
ideal positioning of the mirrors M3–M6. For example, even a 10µm discrepancy
in the focusing mirror M4 can prevent an optical resonation with 1.0W pump-
ing power from forming. In order to correct for such discrepancies, the mirrors
in conventional femtosecond laser systems can be aligned manually by subtly
moving adjustment screws.

In order to overcome the problems of positioning and non-linear lens effects,
we propose the evolvable laser system, which has ten picomotors for automatic
adjustment, which is determined by genetic learning. The yaws and pitches of
mirrors M5 and M6 can be adjusted with two picomotors, and the x-positions,
yaws and pitches of mirrors M3 and M4 can be adjusted with three picomotors.
With the aid of potentiometers, the absolute screw positions of the picomotors
can be specified by downloading a bit string to the controller. By treating the
bit strings as GA chromosomes, the proposed system can adjust the positioning
of the mirrors. In tests, automatic adjustment was successfully completed within
30 minutes. Currently, we are also developing a very compact ELS for industrial
usage.

5 Conclusion

This paper has described three evolvable optical systems;(1) an evolavable fiber
alignment system, (2) an evolvable interferometer system, and (3) an evolvable
femtosecond laser system. The adavantage common to all these systems is the
inclusion of GA in order to automatically execute the micron-meter precision
alignment of optical components, such as mirrors and prisms, very quickly and
very efficiently. This opens up the possibility of developing new optical instru-
ments that can be used on-site outside for the analysis of environmental pollu-
tants. Although the fitness function for the GA used in the present three systems
was light intensity, other fitness functions are possible which would make auto-
matic alignment even more stable and faster. The present systems are simply
early examples of how mechanical evolution can be utilized in a wide variety of
industrial applications in the future.
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