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Preface

Social insects — ants, termites, wasps, and bees — live in almost every land habitat
on Earth. Over the last one hundred million years of evolution they have conque-
red an enormous variety of ecological niches in the soil and vegetation. Undoub-
tedly, their social organization, in particular the genetically evolved commitment
of each individual to the survival of the colony, is a key factor underpinning their
success. Moreover, these insect societies exhibit the fascinating property that the
activities of the individuals, as well as of the society as a whole, are not regulated
by any explicit form of centralized control. Evolutionary forces have generated
individuals that combine a total commitment to the society together with spe-
cific communication and action skills that give rise to the generation of complex
patterns and behaviors at the global level.

Among the social insects, ants may be considered the most successful family.
There are about 9,000 different species, each with a different set of specialized
characteristics that enable them to live in vast numbers, and virtually ever-
ywhere. The observation and study of ants and ant societies have long since
attracted the attention of the professional entomologist and the layman alike,
but in recent years, the ant model of organization and interaction has also cap-
tured the interest of the computer scientist and engineer. Ant societies feature,
among other things, autonomy of the individual, fully distributed control, fault-
tolerance, direct and environment-mediated communication, emergence of com-
plex behaviors with respect to the repertoire of the single ant, collective and
cooperative strategies, and self-organization. The simultaneous presence of these
unique characteristics have made ant societies an attractive and inspiring model
for building new algorithms and new multi-agent systems.

In the last 10-15 years ant societies have provided the impetus for a growing
body of scientific work, mostly in the fields of robotics, operations research, and
telecommunications. The different simulations and implementations described in
this research go under the general name of ant algorithms. Researchers from all
over the world and possessing different scientific backgrounds have made signi-
ficant progress concerning both implementation and theoretical aspects, within
this novel research framework. Their contributions have given the field a solid
basis and have shown how the “ant way”, when carefully engineered, can result
in successful applications to many real-world problems. Much as in the fields of
genetic algorithms and neural networks, to take two examples, nature seems to
offer us a valuable source of ideas for the design of new systems and algorithms.

A particularly successful research direction in ant algorithms, known as ant
colony optimization (ACO), is dedicated to their application to discrete opti-
mization problems. Ant colony optimization has been applied successfully to a
large number of difficult combinatorial problems such as the traveling salesman
problem, the quadratic assignment problem and scheduling problems, as well as
to routing in telecommunication networks. Ant colony optimization algorithms
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have all been inspired by a specific foraging behavior of colonies of Argentine
ants (Iridomyrmex humilis) that, as also observed in the laboratory, are able
to find if not the shortest, at least a very good path connecting the colony’s
nest with a source of food. The elements playing an essential role in this ant
foraging behavior were thoroughly reverse-engineered and put to work to solve
problems of combinatorial optimization in Ant System, the algorithm descri-
bed in the doctoral thesis of Marco Dorigo, at the beginning of the 1990s. This
first application stimulated the interest of other researchers around the world
to design algorithms for several important optimization and network problems
getting inspiration from the same ant foraging behavior, and from Ant System
in particular. Recently, in 1998, the ant colony optimization metaheuristic was
defined, providing a common framework for describing this important class of
ant algorithms.

The growing interest in ant colony optimization algorithms and, more gene-
rally, in ant algorithms, led, in 1998, to the organization of ANTS’98 — From Ant
Colonies to Artificial Ants, the first international workshop on ant algorithms
and ant colony optimization, held in Brussels, Belgium, which saw the partici-
pation of more than 50 researchers from around the world. On that occasion,
a selection of the best papers presented at the workshop were published as a
special issue of the Future Generation Computer Systems (Vol. 16, No. 8, 2000).
The success of the workshop incited us to repeat the experience two years la-
ter: ANTS 2000 saw the participation of more than 70 participants and the 41
extended abstracts presented as talks or posters at the workshop were collected
in a booklet distributed to participants. Also on that occasion, a selection of
the best papers were published as a journal special issue (IEEE Transactions
on Evolutionary Computation, Vol. 6, No. 4, 2002). Today the “ant algorithms
community” continues to grow and we can see the field beginning to show encou-
raging signs of maturity, even if there is still a long way to go before reaching a
deep and solid understanding concerning theoretical foundations and the design
of effective implementations.

This volume contains the proceedings of ANTS 2002 — From Ant Colonies
to Artificial Ants: Third International Workshop on Ant Algorithms, held in
Brussels, Belgium, on September 12-14, 2002. These proceedings contain 36
contributions: 17 full papers and 11 short papers presented at the workshop as
talks, and 8 extended abstracts presented as posters. These papers were selected
out of a total of 52 submissions after a careful review process involving at least
two referees for each paper.

We are very grateful to the members of the international program committee
for their detailed reviews and for being available for additional comments and
opinions, when needed. We hope that readers will agree that the quality of
the papers collected in this volume reflects a new maturity in the field of ant
algorithms, as well as a strong commitment to high standards of review.

The papers contributing to these proceedings are from authors coming from
more than 20 different countries. We thank them, as well as all those contributing
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to the organization of the workshop, in particular, IRIDIA and the ULB for
providing rooms and logistic support.

Finally, we would like to thank our sponsors, the company AntOptima
(www.antoptima.com), and the EC funded Research and Training Network Me-
taheuristics Network (www.metaheuristics.org), who financially supported the
workshop.

We hope that these proceedings will provide an insightful and comprehensive
starting point for the scientist entering the field of ant algorithms, as well as a
valuable reference to the latest developments for the experienced practitioner in
the field.

July 2002 Marco Dorigo
Gianni Di Caro
Michael Sampels
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A MAX-MZIN Ant System for the University
Course Timetabling Problem

Krzysztof Socha, Joshua Knowles, and Michael Sampels

IRIDIA, Université Libre de Bruxelles
CP 194/6, Av. Franklin D. Roosevelt 50, 1050 Brussels, Belgium
{ksocha, jknowles,msampels}@ulb.ac.be
http://iridia.ulb.ac.be

Abstract. We consider a simplification of a typical university course
timetabling problem involving three types of hard and three types of soft
constraints. A MAX-MZN Ant System, which makes use of a separate
local search routine, is proposed for tackling this problem. We devise an
appropriate construction graph and pheromone matrix representation
after considering alternatives. The resulting algorithm is tested over a
set of eleven instances from three classes of the problem. The results
demonstrate that the ant system is able to construct significantly better
timetables than an algorithm that iterates the local search procedure
from random starting solutions.

1 Introduction

Course timetabling problems are periodically faced by virtually every school,
college and university in the world. In a basic problem, a set of times must be
assigned to a set of events (e.g., classes, lectures, tutorials, etc.) in such a way that
all of the students can attend all of their respective events. Some pairs of events
are edge-constrained (e.g., some students must attend both events), so that they
must be scheduled at different times, and this yields what is essentially a form of
vertex colouring problem. In addition, real timetables must usually satisfy a large
and diverse array of supplementary constraints which are difficult to describe in
a generic manner. However, the general university course timetabling problem
(UCTP) is known to be NP-hard, as are many of the subproblems associated
with additional constraints [5l9]122]. Of course, the difficulty of any particular
instance of the UCTP depends on many factors and, while little is known about
how to estimate difficulty, it seems that the assignment of rooms makes the
problem significantly harder than vertex colouring, in general.

Current methods for tackling timetabling problems include evolutionary al-
gorithms [6], simulated annealing [I3] and tabu search [4]. Many problem-
specific heuristics also exist for timetabling and its associated sub-problems.
These have been used within evolutionary methods and other generic search
methods, either as ‘hyper-heuristics’ [1J7], or to repair or decode indirect solu-
tion representations [I6]. Local search has also been used successfully within a
memetic algorithm to do real-world exam timetabling [3]. Although several ant

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 1-[I3 2002.
© Springer-Verlag Berlin Heidelberg 2002



2 K. Socha, J. Knowles, and M. Sampels

colony optimization (ACO) algorithms [2|11]21] have been previously proposed
for other constraint satisfaction problems [18], including vertex-coloring [§], a
full timetabling problem has not been tackled before using ACO.

The work presented here arises out of the Metaheuristics Network]] (MN) —
a European Commission project undertaken jointly by five European institutes
— which seeks to compare metaheuristics on different combinatorial optimiza-
tion problems. In the current phase of the four-year project, a university course
timetabling problem is being considered. In this phase, five metaheuristics, in-
cluding ACO, will be evaluated and compared on instances from three UCTP
classes. As a potential entry for evaluation by the MN, we developed a MAX-
MIN Ant System (MMAS) [21] algorithm for the UCTP. In this paper we
describe this algorithm, discussing the selection of an appropriate construction
graph and pheromone representation, the local search, the heuristic information,
and other factors. We then report on experiments in which the performance of
the MMAS algorithm is evaluated with respect to using the local search alone,
in a random-restart algorithm.

The remainder of this paper is organized as follows: Section 2] defines the
particular timetabling problem considered and specifies how instances of dif-
ferent classes were generated. A brief description of the local search is also in-
cluded. Section 3 describes the design of the MMAS algorithm, focusing on the
key aspects of representation and heuristics. Section 4 reports the experimental
method and computational results of the comparison with the random restart
local search. In Sect. 5, conclusions are drawn.

2 The University Course Timetabling Problem

The timetabling problem considered by the MN is similar to one initially pre-
sented by Paechter in [T5]. It is a reduction of a typical university course time-
tabling problem [6IT6]. It consists of a set of n events E to be scheduled in a set
of timeslots T' = {t1,...,tx} (k = 45, 5 days of 9 hours each), a set of rooms
R in which events can take place, a set of students S who attend the events,
and a set of features F satisfied by rooms and required by events. Each student
attends a number of events and each room has a maximum capacity. A feasible
timetable is one in which all events have been assigned a timeslot and a room
so that the following hard constraints are satisfied:

— no student attends more than one event at the same time;

— the room is big enough for all the attending students and satisfies all the
features required by the event;

— only one event is in each room at any timeslot.

In addition, a feasible candidate timetable is penalized equally for each occur-
rence of the following soft constraint violations:

— a student has a class in the last slot of the day;

! http://www.metaheuristics.org .
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— a student has more than two classes in a row;
— a student has exactly one class on a day.

Feasible solutions are always considered to be superior to infeasible solu-
tions, independently of the numbers of soft constraint violations. In fact, in any
comparison, all infeasible solutions are to be considered equally worthless. The
objective is to minimize the number of soft constraint violations (#scv) in a
feasible solution.

2.1 Problem Instances

Instances of the UCTP are constructed using a generator written by Paechte.
The generator makes instances for which a perfect solution exists, that is, a
timetable having no hard or soft constraint violations. The generator is called
with eight command line parameters that allow various aspects of the instance
to be specified, plus a random seed. For the comparison being carried out by the
MN;, three classes of instance have been chosen, reflecting realistic timetabling
problems of varying sizes. These classes are defined by the values of the input
parameters to the generator, and different instances of the class can be generated
by changing the random seed value. The parameter values defining the classes
are given in Tab. [

Table 1. Parameter values for the three UCTP classes.

Class small medium large
Num_events 100 400 400
Num_rooms 5 10 10
Num_features 5 5 10
Approx_features_per_room 3 3 5
Percent_feature_use 70 80 90
Num_students 80 200 400
Maz_events_per_student 20 20 20
Maz_students_per_event 20 50 100

For each class of problem, a time limit for producing a timetable has been de-
termined. The time limits for the problem classes small, medium, and large are
respectively 90, 900, and 9000 seconds. These limits were derived experimentally.

2.2 Solution Representation and Local Search

To make comparison and evaluation meaningful, all metaheuristics developed
for the MN project, including the algorithm described here, employ the same
solution representation, neighborhood structure, and local search routine (where
applicable), as described fully in [19].

2 http://www.dcs.napier.ac.uk/ benp .
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A solution vector is an element of 7F and represents an assignment of events
to timeslots. The assignment of each event-timeslot pair to a room is not under
the direct influence of the metaheuristics (or local search routine). Instead, the
room assignment is carried out using a deterministic network flow algorithm.
The local search routine (LS) is a first-improvement search based on two move
operators. The first operator moves a single event to a different timeslot. The
second swaps the timeslots of two events. The LS is deterministic and ends when
a true local optimum is reached. The LS makes extensive use of delta evaluation
of solutions so that many neighboring timetables can be considered in a short
time.

3 Design of an MMAS for Timetabling

Given the constraints on the representation discussed in the last section, we can
now consider the choices open to us, in designing an effective MMAS for the
UCTP. We must first decide how to transform the assignment problem (assigning
events to timeslots) into an optimal path problem which the ants can tackle.
To do this we must select an appropriate construction graph for the ants to
follow. We must then decide on an appropriate pheromone matrix and heuristic
information to influence the paths the ants will take through the graph.

3.1 Construction Graph

One of the cardinal elements of the ACO metaheuristic is the mapping of the
problem onto a construction graph [10/12], so that a path through the graph
represents a solution to the problem. In our formulation of the UCTP we are
required to assign each of |F| events to one of |T'| timeslots. In the most direct
representation the construction graph is given by E x T'; given this graph we
can then decide whether the ants move along a list of the timeslots, and choose
events to be placed in them, or move along a list of the events and place them in
the timeslots. Fig. [[] and Fig. [2 depict, respectively, these construction graphs.
As shown in Fig. [, the first construction graph must use a set of virtual
timeslots 7" = {#, . .. ;t{p|}, because exactly |E| assignments must be made in
the construction of a timetable, but in general |T'| < |E|. Each of the virtual
timeslots maps to one of the actual timeslots. To use this representation then,
requires us to define an injection ¢ : 7" — T, designating how the virtual times-
lots relate to the actual ones. One could use for example the injection ¢ : tfq — tp,

with h = {%—‘ In this way, the timetable would be constructed sequentially

through the week. However, for certain problems, giving equal numbers of events
to each timeslot may be a long way from optimal. Other injection functions are
also possible but may contain similar implicit biases.

The simpler representation (Fig. [2]), where ants walk along a list of events,
choosing a timeslot for each, does not require the additional complication of
using virtual timeslots and does not seem to have any obvious disadvantages. In
fact, it allows us the opportunity of using a heuristically ordered list of events.
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L

Stop

Fig. 1. Each ant follows a list of virtual timeslots, and for each such timeslot ¢’ € T,
it chooses an event e € E to be placed in this timeslot. At each step an ant can choose
any possible transition

e] eZ en
t
Start Stop
2

Fig. 2. Each ant follows a list of events, and for each event e € E, an ant chooses a
timeslot ¢ € T'. Each event has to be put exactly once into a timeslot, and there may
be more than one event in a timeslot, so at each step an ant can choose any possible
transition

By carrying out some pre-calculation we should be able to order the events so
that the most ‘difficult’ events are placed into the timetable first, when there are
still many timeslots with few or no occupied rooms. For these reasons we choose
to use this representation.

As the ants traverse our chosen construction graph, they construct partial
assignments A; : E; — T for i = 0,...,|E|, where E; = {e1,...,e;}. An ant
starts with the empty assignment Agq = (). After the construction of A;_1, the
assignment A; is built probabilistically as 4; = A;_1 U {(e;,t)}. The timeslot ¢
is chosen randomly out of T" according to probabilities p., ; that depend on the
pheromone matrix 7(A;_1) € [Tmin, Tmaz) L (Tmins Tmaz € R) and any heuristic
information n(A;_1) given by:

, ) _ (T(est) (Aim1)) (n(ei,t)(Ai—l))'B
pei,t(T(Al—l)an(Az—l)) = ZeeT(T(ei,G)(Aifl))a - ("7(6,;,0) (Aifl))ﬁ . (1)
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In this general form of the equation, both the pheromone information 7
and the heuristic information 7 take as argument the partial assignment A8
The impact of the pheromone and the heuristic information can be weighted
by parameters a and S. In the following sections, we consider different ways of
implementing the pheromone and heuristic information.

3.2 Pheromone Matrix

In a first representation, we let pheromones indicate the absolute position where
events should be placed. With this representation the pheromone matrix is given
by 7(4;) = 7,i=1,...,|E]|, i.e., the pheromone does not depend on the partial
assignments A;. Note that in this case the pheromone will be associated with
nodes in the construction graph rather than edges between the nodes.

A disadvantage of this direct pheromone representation is that the absolute
position of events in the timeslots does not matter very much in producing a
good timetable. It is the relative placement of events which is important. For
example, given a perfect timetable, it is usually possible to permute many groups
of timeslots without affecting the quality of the timetable. As a result, this
choice of representation can cause slower learning because during construction
of solutions, an early assignment of an event to an ‘undesirable’ timeslot may
cause conflicts with many supposedly desirable assignments downstream, leading
to a poor timetable. This leads to a very noisy positive feedback signal.

In a second representation the pheromone values are indirectly defined. To
do this we use an auxiliary matrix p € Rf *E to indicate which events should
(or should not) be put together with other events in the same timeslot. Now,
the values 7(. +)(4;) can be expressed in terms of u and A; by

if A71(t) =0,

TmllI
Tle.)(Ai) = {mine,eAAl(t) w(e, e’) otherwise.

Giving feedback to these values u, the algorithm is able to learn which events
should mot go together in the same timeslot. This information can be learned
without relation to the particular timeslot numbers. This representation looks
promising because it allows the ants to learn something more directly useful
to the construction of feasible timetables. However, it also has some disadvan-
tages. For solving the soft constraints defined in Sect. Bl certain inter-timeslot
relations between events matter, in addition to the intra-timeslot relations. This
pheromone representation does not encode this extra information at all.

Some experimentation with the two different pheromone matrices indicated
that the first one performed significantly better when the local search procedure
was also used. Even though it is not ideal for the reasons stated above, it is ca-
pable of guiding the ants to construct timetables which meet the soft constraints
as well as the hard ones. The problem of noisy feedback from this representation
is also somewhat reduced when using the local search.

3 For T this is done to allow an indirect pheromone representation to be specified.
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Clearly, other pheromone representations are possible, but with the variety
of constraints which must be satisfied in the UCTP, it is difficult to design one
that encodes all the relevant information in a simple manner. For the moment,
the direct coding is the best compromise we have found.

3.3 Heuristic Information

We now consider possible methods for computing the heuristic information
Ne,t) (Ai—1). A simple method is the following:

- 1.0
1.0+ ‘/(e,t) (Ai—l)

N(e,t) (A1)

where V(1) (A;—1) counts the additional number of violations caused by adding
(e, t) to the partial assignment A;_;. The function V' may be a weighted sum of
several or all of the soft and hard constraints. However, due to the nature of the
UCTP, the computational cost of calculating some types of constraint violations
can be rather high. We can choose to take advantage of significant heuristic
information to guide the construction but only at the cost of being able to make
fewer iterations of the algorithm in the given time limit. We conducted some
investigations to assess the balance of this tradeoff and found that the use of
heuristic information did not improve the quality of timetables constructed by
the MMAS with local search. Without the use of LS, heuristic information does
improve solution quality, but not to the same degree as LS.

3.4 Algorithm Description

Our MAX-MZIN Ant System for the UCTP is shown in Alg.[1. A colony of m
ants is used and at each iteration, each ant constructs a complete event-timeslot
assignment by placing events, one by one, into the timeslots. The events are
taken in a prescribed order which is used by all ants. The order is calculated
before the run based on edge constraints between the events. The choice of
which timeslot to assign to each event is a biased random choice influenced
by the pheromone level 7(. +)(A;) as described in (). The pheromone values are
initialized to a parameter 7,4, and then updated by a global pheromone update
rule. At the end of the iterative construction, an event-timeslot assignment is
converted into a candidate solution (timetable) using the matching algorithm.
After all m ants have generated their candidate solution, one solution is chosen
based on a fitness function. This candidate solution is further improved by the
local search routine. If the solution found is better than the previous global
best solution, it is replaced by the new solution. Then the global update on
the pheromone values is performed using the global best solution. The values of
the pheromone corresponding to the global best solution are increased and then
all the pheromone levels in the matrix are reduced according to the evaporation
coeflicient. Finally, some pheromone values are adjusted so that they all lie within
the bounds defined by 7,4, and Tpin. The whole process is repeated, until the
time limit is reached.
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Algorithm 1 MAX-MZIN Ant System for the UCTP

input: A problem instance I
Tmazx < 1
T(e,t) + Tmaz V (e,t) € EXT
calculate c(e,e’) V (e, e’) € E?
calculate d(e)
sort E according to <, resulting in e; <e2 <--- < e,
while time limit not reached do
for a =1 tom do
{construction process of ant a}
Ao+ 0
for i =1 to |E| do
choose timeslot ¢ randomly according to probabilities pe, : for event e;
A+ A1 U {(62‘775)}
end for
C < solution after applying matching algorithm to A,
Citeration best <— best of C and Citeration best
end for
Cliteration best < solution after applying local search to Cieration best
C(global best <— best of Citeration best and Cglobal best
global pheromone update for 7 using Cgopai pests Tmin, and Tmag
end while
output: An optimized candidate solution Cygjopal pest for 1

Some parts of Alg. [[l are now described in more detail. In a pre-calculation
for events e, e’ € F the following parameters are determined:

c(e,e’) := 1 if there are students following both e and €', 0 otherwise, and

d(e) == |{e' € E\{e} | c(e,e) # 0} .
We define a total order < on the events by

e<e =dle)>d)v
d(e) =d(e') Nl(e) < I(e) .

Here, [ : E — N is an injective function that is only used to handle ties. We define
E;:={ey,...,e;} for the totally ordered events denoted as e; < es < ... < e,.

Only the solution that causes the fewest number of hard constraint violations
is selected for improvement by the LS. Ties are broken randomly. The pheromone
matrix is updated only once per iteration, and the global best solution is used
for update. Let Agiopal vest be the assignment of the best candidate solution
Cgiobal best found since the beginning. The following update rule is used:

- _ — p) *T(e,t) +1 if Aglobal best(e> =t,
(et) (1—p)- T(e,t) otherwise,
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where p € [0,1] is the evaporation rate. Pheromone update is completed using
the following:
Tmin if T(e,t) < Tmin,
Te,t) £ § Tmaz if T(e,t) = Tmaz;
T(e,ty Otherwise.

3.5 Parameters

The development of an effective MMAS for an optimization problem also re-
quires that appropriate parameters be chosen for typical problem instances. In
our case, we consider as typical those problem instances made by the generator
described in Sect. [ZT] We tested several configurations of our MMAS on prob-
lem instances from the classes listed in Tab. [[ The best results were obtained
using the parameters listed in Tab. 2l

Table 2. Parameter configurations used in the comparison.

Parameter small medium large

p 0.30 0.30 0.30
Tmazx = % 3.3 3.3 3.3
Tmin 0.0078 0.0019 0.0019
o' 1.0 1.0 1.0
15 0.0 0.0 0.0
m 10 10 10

The values of 7,,;, were calculated so that at convergence (when one ‘best’
path exists with a pheromone value of 7,,,; on each of its constituent elements,
and all other elements in the pheromone matrix have the value 7,,;,) a path
constructed by an ant will be expected to differ from the best path in 20 % of
its elements. The value 20 % was chosen to reflect the fact that a fairly large
‘mutation’ is needed to push the solution into a different basin of attraction for
the local search.

4 Assessment of the Developed MMAS

To assess the developed MM AS, we consider whether the ants genuinely learn to
build better timetables, as compared to a random restart local search (RRLS).
This RRLS iterates the same LS as used by MMAS from random starting
solutions and stores the best solution found.

We tested both the developed MMAS and the RRLS on previously unseen
problem instances made by the generator mentioned in Sect. 2.1] For this test
study, we generated eleven test instances: five small, five medium, and one large.
For each of them, we ran our algorithms for 50, 40, and 10 independent trials,
giving each trial a time limit of 90, 900, and 9000 seconds, respectively. All
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Table 3. Median of the number of soft constraint violations observed in independent
trials of MMAS and RRLS on different problem instances, together with the p-value
for the null hypothesis that the distributions are equal. In the cases where greater than
50 % of runs resulted in no feasible solution the median cannot be calculated. Here,
the fraction of unsuccessful runs is given. (In all other cases 100 % of the runs resulted
in feasible solutions.) All infeasible solutions are given the symbolic value oco. This is
correctly handled by the Mann-Whitney test.

Instance Median of #scv p-value
MMAS RRLS
smalll 1 8 <2-1071°
small2 3 11 <2-107%
small3 1 8 <2.10716
small4d 1 7 <2-10716
smallb 0 5 <2-1071¢
mediumil 195 199 0.017
medium2 184 202.5 4.3-107°
medium3 248 (775 %)  8.1-107'2
mediumé 164.5 177.5 0.017
mediumb 219.5 (100 %)  2.2-10°1'6
large 851.5 (100 %) 6.4-10°

the tests were run on a PC with an AMD Athlon 1100 Mhz CPU under Linux
using the GNU C++ compiler gcc version 2.95.3[ As random number generator
we used ran0O from the Numerical Recipes [I7]. For the reproducibility of the
results on another architecture, we observed that on our architecture one step of
the local search has an average running time of 0.45, 1.4, and 1.1 milliseconds,
respectively.

Boxplots showing the distributions of the ranks of the obtained results are
shown in Fig. Bl The Mann-Whitney test (see [4]) was used to test the hypothesis
Hy that the distribution functions of the solutions found by MMAS and RRLS
were the same. The p-values for this test are given in Tab. Bl along with the
median number of soft constraint violations obtained.

For each of the tested problem instances we got with very high statistical
significance the result that MMAS performs better than RRLS. For some test
instances of medium and large size some runs of RRLS resulted in infeasible
solutions. In particular, the RRLS was unable to produce any feasible solution
for the large problem instance.

5 Conclusions
We devised a construction graph and a pheromone model appropriate for uni-
versity course timetabling. Using these we were able to specify the first ACO

4 Both algorithms, the test instances and a detailed evaluation of the generated results
can be found on http://iridia.ulb.ac.be/ "msampels/tt.data .
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smalll MMAS —

smalll RRLS —

small2 MMAS —

small2 RRLS —

small3 MMAS —

small3 RRLS —

small4 MMAS —

small4 RRLS —

smalls MMAS —

small5 RRLS —

20
40
60

80 —

100 —

mediuml MMAS —
mediuml RRLS —
medium2 MMAS —
medium2 RRLS —
medium3 MMAS —
medium3 RRLS —
medium4 MMAS —
medium4 RRLS —
medium5 MMAS —

medium5 RRLS —

20 1

40 —
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large RRLS —

10

15

11

Fig. 3. Boxplots showing the relative distribution of the number of soft constraint
violations for MMAS (shadowed) and RRLS (white) on all test instances. This is the
distribution of the ranks of the absolute values in an ordered list, where equal values
are assigned to the mean of the covered ranks. A box shows the range between the
25 % and the 75 % quantile of the data. The median of the data is indicated by a bar.
The whiskers extend to the most extreme data point which is no more than 1.5 times
the interquantile range from the box. Outliers are indicated as circles

algorithm for this problem. Compared to a random restart local search, it showed
significantly better performance on a set of typical problem instances, indicat-
ing that it can guide the local search effectively. Our algorithm underlines the
fact that ant systems are able to handle problems with multiple heterogeneous
constraints. Even without using problem-specific heuristic information it is pos-
sible to generate good solutions. With the use of a basic first-improvement local
search, we found that MMAS permits a quite simple handling of timetabling
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problems. With an improved local search, exploiting more problem specific op-
erators, we would expect a further improvement in performance.

Preliminary comparisons indicate that our MMAS is competitive with the
other metaheuristics developed in the Metaheuristics Network for the UCTP.
Further results on the comparison of the metaheuristics will appear in [20].
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Abstract. We present a MAX-MZIN Ant System for the Group Shop
Scheduling problem and propose several extensions aiming for a more
effective intensification and diversification of the search process. Group
Shop Scheduling is a general Shop Scheduling problem covering Job Shop
Scheduling and Open Shop Scheduling. In general, in Shop Scheduling
problems good solutions are scattered all over the search space. It is
widely recognized that for such kind of problems, effective intensifica-
tion and diversification mechanisms are needed to achieve good results.
Our main result shows that a basic MAX-MZIN Ant System — and
potentially any other Ant Colony Optimization algorithm — can be im-
proved by keeping a number of elite solutions found during the search,
and using them to guide the search process.

1 Introduction

Ant Colony Optimization (ACO) [6] is a model-based metaheuristic approach
for solving hard combinatorial optimization problems. The inspiring source of
ACO is the foraging behavior of real ants which enables them to find shortest
paths between a food source and their nest. Model-based search algorithms [249]
are becoming increasingly popular in the last decade. Among others, this class
of algorithms also includes methods such as Estimation of Distribution Algo-
rithms (EDAsY] [T41T6]. In model-based search algorithms candidate solutions
are generated using a parametrized probabilistic model that is updated using
the previously seen solutions.

The problem of any search algorithm in general is the guidance of the search
process such that intensification and diversification are achieved. Intensification
is an expression commonly used for the concentration of the search process on
areas in the search space with good quality solutions, whereas diversification de-
notes the action of leaving already explored areas and moving the search process
to unexplored areas. As several authors point out (see for example [TJT1/23]),
a fine—tuned balance between intensification and diversification is needed for a
metaheuristic to achieve good results. In this paper, we propose a MAX-MIN

! EDAs are covering several algorithms emerging from the field of Evolutionary Com-
putation.

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 14-27 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Ant System based on the Hyper-Cube Framework to tackle the Group Shop
Scheduling problem. Furthermore we propose several intensification and diver-
sification mechanisms to be applied by the basic algorithm.

The outline of the paper is as follows. In Section 2 we introduce the Group Shop
Scheduling problem. In Section 3 we outline a MAX-MZN Ant System for the
Group Shop Scheduling. In Section 4 we outline additional intensification and
diversification mechanisms to be applied by the ACO algorithm. In Section 5 we
present results before we conclude in Section 6 with giving a summary and an
outlook to the future.

2 Group Shop Scheduling

A general scheduling problem can be formalized as follows: We consider a finite
set of operations O which is partitioned into subsets M = {My,..., M,,} (ma-
chines) and into subsets J = {Ji,...,Jn} (jobs), together with a partial order
< C O x O such that < N J; x J; = 0 for i # j, and a function p : O - N
assigning processing times to operations. A feasible solution is a refined partial
order <* D < for which the restrictions <* N J; x J; and =<* N M}, x M, are
total Vi, k. The cost of a feasible solution is defined by

Crnax(ZF) = max{z p(0) | C is a chain in (O, <")}
oeC

where Cpax is called the makespan of a solution. We aim at a feasible solution
which minimizes Cpax.

My, is the set of operations which have to be processed on machine k. Further,
J; is the set of operations which belong to job i. Each machine can process at
most one operation at a time. Operations must be processed without preemption.
Operations belonging to the same job must be processed sequentially. This brief
problem formulation covers well known scheduling problems: The restriction
=< N J; x J; is total in the Job Shop Scheduling problem (JSP), trivial (=
{(0,0) | 0 € J;}) in the Open Shop Scheduling problem (OSP), and either total
or trivial for each ¢ in the Mixed Shop Scheduling problem (MSP) [17]5].

For the Group Shop Scheduling problem (GSP), we consider a weaker re-
striction on =< which includes the above scheduling problems by looking at a
refinement of the partition J to a partition into groups G = {G1,...,G4}. We
demand that < N G; x G; has to be trivial and that for 0,0’ € J (J € J) with
o€ G; and o' € G; (i # j) either 0 < 0’ or o = o holds. Note that the coarsest
refinement G = J (groups sizes are equal to job sizes) is equivalent to the OSP
and the finest refinement G = {{o} | 0 € O} (group sizes of 1) is equivalent to
the JSP. See Fig. [[] for an example of the GSP.

3 A MAX-MZIN Ant System for the GSP

MAX-MZIN Ant System (MMAS) was proposed by Stiitzle and Hoos in [20]
as an improvement of the original Ant System (AS) proposed by Dorigo et al.

2 The Hyper-Cube Framework is a certain way of implementing ACO algorithms.



Fig. 1. a) The disjunctive graph representation [10] of a simple instance of the GSP
consisting of 10 operations partitioned into 3 jobs, 6 groups and 4 machines (processing
times are omitted in this example). The nodes of the graph correspond to the opera-
tions, and we have directed arcs symbolized as inter-group connections and undirected
arcs between every pair of operations being in the same group or having to be processed
on the same machine. In order to obtain a solution, the undirected arcs have to be di-
rected without creating any cycles. b) A solution to the problem (the arcs undirected
in a) are directed such that the resulting graph does not contain any cycles).

[8]. MMAS differs from AS by applying a lower and an upper bound, T, and
Tmax, On the pheromone values. The lower bound (a small positive constant)
is preventing the algorithm from convergingﬁ to a solution. Another important
feature of MMAS is that — due to a quite aggressive pheromone update — the
algorithm concentrates quickly on an area in the search space. When the system
is stuck in an area of the search spaceﬂ the best solution found since the start
of the algorithm is used to update the pheromone values in every iteration until
the algorithm gets stuck again. After that, a restart is performed. The reason
behind that is the hope to find a better solution between the restart best solution
and the best solution found since the start of the algorithm. This mechanism
is clearly an intensification mechanism. Additional diversification is reached by
the original MMAS in a randomized way by restarting the algorithm.

The framework of our MMAS algorithm for the GSP is shown in Algorithm [T}
The most important features of this algorithm are explained in the following.

In Algorithm @ 7 = {71,...,7;} is a set of pheromone values, n, is the
number of ants, and s; is a solution to the problem constructed by ant j, where
7 =1,...,n4. $; denotes the iteration best solution, s,, denotes the restart best
solution, and sg4;, denotes the best solution found since the start of the algorithm.

InitializePheromoneValues(7): In the basic version of our algorithm we
initialize all the pheromone values to the same positive constant value 0.5.

3 In the course of this work we refer to convergence of an algorithm as a state where
only one solution has a probability greater than 0 to be generated.
4 This is usually determined by some convergence measure.
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Algorithm 1 MMAS for the GSP
Sgb — NULL
srb < NULL
cf+0
global _convergence < FALSE
InitializePheromoneValues(7)
while termination conditions not met do
for j =1 to n, do
sj < ConstructSolution(7)
LocalSearch(s;)
end for
$ib < argmin(Crmax (1), ..., Cmax (Sny )
Update(sib, Srb, Sgb)
if global_convergence == FALSE then
ApplyOnlineDelayedPheromoneUpdate(7,s,5)
else
ApplyOnlineDelayedPheromoneUpdate(T,s45)
end if
c¢f + ComputeConvergenceFactor(7)
if ¢f > 0.99 AND global_convergence == TRUE then
ResetPheromoneValues(7)
srp < NULL
global_convergence < FALSE
else
if ¢f > 0.99 AND global_convergence == FALSE then
global_convergence < TRUE
end if
end if
end while

ConstructSolution(7): An important part of an ACO algorithm is the con-
structive mechanism used to probabilistically construct solutions. We use the
well-known list scheduler algorithm proposed by Giffler and Thompson [I0]
adapted to the GSP. To construct a schedule, this list scheduler algorithm builds
a sequence s containing all operations — starting with an empty sequence — by
performing |O| steps as follows:

1. Create a set Sy (where t is the step number) of all operations that can be
scheduled next.

2. Use a heuristic to produce a set S} C S;.

3. Use a heuristic to pick an operation o € S} to be scheduled next. Set s[t] = o.

A sequence s of all operations is a total order on all operations that induces a
total order on the operations of each group and of each machine. This unam-
biguously defines a solution to an instance of the problem. E.g., for the problem
instance depicted in Fig. [[l the sequence 1 —0—-3—-5—-4—-7—-8—-9—-2—-6
defines group order 1 < 0 in group G1, 5 = 4 < 6 in group G4 and 8 < 9 in
group Gg. It also defines machine orders 0 <4 <7, 1 <3<8,2=<6and 5 =<0.
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The construction mechanism applied by the ants choses S; = S; in step 2 of
the list scheduler algorithm and in step 3 it choses among the operations in
S} probabilistically. The probabilities for the operations in Sj (called transition
probabilities) to be chosen, depend on the pheromone model. For our algorithm
we chose a pheromone model called PH,y which was proposed by Blum et al.
in [3]. PH appears to be superior to other pheromone models proposed for
Shop Scheduling type problems. In particular — as shown in [4] — unlike other
pheromone models, PH,e does not introduce an overly strong model bias po-
tentially leading the search process to low quality areas in the search space. In
PH,e pheromone values are assigned to pairs of related operations. We call two
operations 0;,0; € O related if they belong to the same group, or if they have
to be processed on the same machine. Formally, a pheromone 7,, ,, on a pair of
operations o; and o; exists, iff g(o;) = g(o;) or m(o;) = m(o;).

The meaning of a pheromone value 7,, ,, is that if 7,, ,, is high then operation
0; should be scheduled before operation o;. The choice of the next operation to
schedule is handled as follows. If there is an operation o; € S} with no related
and unscheduled operations left, it is chosen. Otherwise we choose among the
operations of set S} according to the following transition probabilities:

(minoTengz To,o,,.)-nuﬁ
p(s[t] = o s[0,...,t —1],7) = Z%ESQ (minoresgzl Tok,or).n%ﬁ

0 . otherwise,

if o€

where S = {0’ € O | m(o’) = m(0) V g(0') = g(0), o’ not scheduled yet}. As
heuristic information 7, we choose the inverse of the earliest starting time of
an operation o with respect to the current partial schedule s[0,...,t — 1E, and
[ is a parameter to adjust the influence of the heuristic information 7,. The
meaning of this rule to compute the transition probabilities is the following:
If at least one of the pheromone values between an operation o; € S; and a
related operations o, which is not scheduled yet is low, then the operation o;
probably should not be scheduled now. By using this pheromone model the
algorithm tries to learn relations between operations. The absolute position of
an operation in the sequence s is not important. Of importance is the relative
position of an operation with respect to related operations.

LocalSearch(s;): To every solution s; constructed by the ants, a local search
based on the neighborhood structure introduced by Nowicki et al. in [15] is
applied. The formalization of this local search procedure for the GSP can be
found in [T9].

Update(sip, Syb, Sgp): This function updates solutions s,, (the restart best
solution) and sg, (the best solution found since the start of the algorithm) with
the iteration best solution s;;. s is replaced by s, if Crhax(Sip) < Crax(Srb)-
The same holds for sgp.

5 We add 1.0 to all earliest starting times in order to avoid division by 0.
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ApplyOnlineDelayedPheromoneUpdate(7,s): We implemented our algorithm in
the Hyper-Cube Framework [2]. The Hyper-Cube Framework is characterized
by a normalization of the contribution of every solution used for updating the
pheromone values. This leads to a scaling of the objective function values and the
pheromone values are implicitly limited to the interval [0, 1] (see [2] for a more
detailed description). MMAS algorithms usually apply a pheromone update rule
which (depending on some convergence measure) uses the iteration best solution
S;b, the restart best solution s,, and sg, the best solution found since the start
of the algorithm. In our algorithm we chose to use only the restart best solution
and the global best solution. The reason for that is the different structure of the
scheduling problems covered by the GSP. Preliminary experiments showed that
for Open Shop Scheduling instances a much higher selection pressure is needed
to make the algorithm converge than for Job Shop Scheduling instances. The
implications in practice are that the use of the iteration best solution s;, for
updating the pheromone values would have to be fine-tuned depending on the
problem instance structure. To avoid this we decided against using the iteration
best solution.

For a number of solutions si, ..., s, the pheromone updating rule in the Hyper-
Cube Framework is the following.

k
TO“OJ' « (1 _p) .Toiﬂoj +p.ZASlTOi70j (1)
=1
where
")
Cmax (5] : :
— et if 0; before o; in s;
EN _ ke 1 @ J )
A Toi,05 = 27:1 Crmax (5r) ) (2)
0 otherwise.

As our algorithm — at any time — only uses one solution (s, or sg) for updat-
ing the pheromone values, we can specify the pheromone updating rule for our
algorithm as follows.

To,;,o_j — fmmas (To,;,o]' + P (5<0i; 0y, S) - 7—07‘,,0_7‘)) (3)
where
1 if 0; before o; in s,
0(01,05,5) = {0 otherwise. (4)
and
Tmin if x < Tmin,
fmmas (Z‘) = X if Tmin < T < Tmax (5)
Trmax if £ > Tmax.

We set the lower bound 7y,;, for the pheromone values to 0.001 and the upper
bound Tmax t0 0.999. Therefore, after applying the pheromone update rule

5 Note that in contrast to the usual way of implementing ACO algorithms, in the
Hyper—Cube Framework also the upper bound for pheromone values is necessary to
avoid convergence to a solution.
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above, we check which pheromone values exceed the upper bound, or are below
the lower bound. If this is the case, the respective pheromone values are set
back to the respective bound.

ComputeConvergenceFactor(7): To measure the “extend of being stuck” in an
area in the search space we compute after every iteration a so—called convergence
factor cf. We compute this factor in the following way.

Zo- o HlaX{Tmax*To,;,owTo,;,o *Tmin}
of & (( oy, xeated 1 Toues —05)-20 (6)

Zoiyéoj, related Tmax — Tmin

From the formula above it becomes clear that when the algorithm is initialized
(or restarted) with pheromone values all 0.5, ¢f is 0.0 and when all pheromone
values are either equal to Ty or equal to Tyax, cf is 1.0.

ResetPheromoneValues(7): In the basic version of our algorithm we reset all
the pheromone values to the same positive constant value 0.5.

This concludes the description of the basic MMAS for the GSP (henceforth
identified by U for uniform initialization and resetting of pheromone values). As
already mentioned in Section 1, scheduling problems are in general multimodal
problems in the sense that good solutions are scattered all over the search space.
Therefore we expect to be able to improve the basic algorithm presented in this
section with additional intensification and diversification mechanisms.

4 Intensification and Diversification Strategies

Intensification and diversification of the search process are quite unexplored
topics in ACO research. There are just a few papers explicitly dealing with
the topic. The mechanisms already existing can be divided into two different
categories. The first one consists of mechanisms changing in some way the
pheromone values, either on-line (e.g., [7UI8]) or by resetting the pheromone
values (e.g., [20122]). The second category consists of algorithms applying
multiple colonies and exchanging information between them in some way (e.g.,
[[3/12])). In contrast to that, most of the intensification and diversification
mechanisms to be outlined in the following are based on a set of elite solutions
found by the algorithm in the history of the search process.

As a first strategy to introduce more intensification and diversification into
the the search process performed by Algorithm [l we changed the functions to
initialize and reset the pheromone values. In an algorithm henceforth identified
by R (for random pheromone setting) we use a pheromone value initialization
and resetting function that generates for every pheromone a value uniformly
random between 0.25 and 0.750. This introduces more intensification, because

" Note that the Hyper—Cube framework facilitates a strategy like that, as we explicitly
know the space in which the pheromone values move.
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right from the start of a restarting phase the algorithm is more focused on an
area of the search space. On the other side more diversification is introduced,
because with every restart the algorithm focuses probably on a different area of
the search space.

Examining the behavior of the MMAS algorithm presented in Section 3 we got
the impression that the algorithm wastes a lot of time by always — at the end
of a restart phase — moving toward the best solution found since the start of
the algorithm. After some while there are no improvements to be found around
this solution. The strategy of always moving toward the best found solution
might work well for problems like the Traveling Salesman Problem with a
fitness—distance relation, for problems lacking a fitness—distance relation other
strategies seem to be required. To change this scheme we keep a list L¢jte of
elite solutions found during the search to be handled and used as described in
the following. L¢j;te works as a FIFO list and has a maximum length [. There
are several actions to be specified.

Adding solutions to L.j;+.: Every solution s,; at the end of a restart phase
(when cf > 0.99 and global_convergence == FALSE in Algorithm [[)) is added
to the list. At the beginning of the algorithm the list is empty. In a situation
where the length of L¢j;te is smaller than [, the new solution is just added. In
case the length of L. is equal to [ we also remove the first element of L.

Usage of solutions in Lej;ze: In Algorithmlll we replace the convergence to the
best solution found so far with the following scheme. At the end of a restart phase
(when ¢f > 0.99 and global_convergence == FALSE) among the solutions in
Le¢jite we choose the one, denoted by Scjosest, which is closest to s,;. The distance
between two solutions s; and ss is measured by a kind of Hamming distance dj,
which is defined as follows.

dh(81a32) = Z 5(0’i70j751a32)7 (7)

0i#0;, related

where 6(0;, 05, 81,52) = 1, if the order between o; and o; is the same in s; and
s2, and 6(0;, 04, 51,52) = 0 if otherwise. In case Scjosest is different to spp, Spp
is replaced by S¢osest and the algorithm continues until it gets stuck again. If
during this phase S¢josest is improved, it is removed from the list L¢jze and the
improved solution is added to Lyt (as last added element). This phase of the
algorithm is henceforth called phase of local convergence. When the algorithm
gets stuck in the phase of local convergence we choose the best solution Spes
among the solutions in L.j¢.. If it is different from s, (the best solution found
during the phase of local convergence), we replace s, with spest and proceed
with the algorithm. If during this phase spes: is improved, it will be removed
from the list Leye and the improved solution is added to Lejize (as last added
element). This phase of the algorithm is henceforth called phase of convergence
to the best.

The mechanism above implies that a solution once added to Lejite has |Leptel
(the length of L.jt.) restart phases of the algorithm to be improved. If it is
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improved it has again the same time to be improved again. If a solution in Lejze
is not improved within | Lej;t| restart phases of the algorithm, it is dropped from
Le¢jite and its neighborhood is regarded as an explored region of the search space.

The intuition behind the usage of a list of elite solutions as described above

is the following. Instead of only on one area — as done in the usual MMAS —
our algorithm works on several areas in the search space trying to improve the
best solutions found in these areas. If it can’t improve them in a certain amount
of time they are discarded even if they contain the best solution found since the
start of the algorithm. This prevents the algorithm from wasting time and has a
diversifying component. This mechanism also incorporates a strong intensifying
component by applying the phase of local convergence and the phase of conver-
gence to the best as described above.
An algorithm using the list of elite solutions and the random pheromone initial-
ization and resetting is henceforth identified by E'R. Based on the usage of a list
of elite solutions we also developed two more ways of resetting the pheromone
values. The first one is aiming for a diversification of the search depending on
the elite solutions in Lcjse. In this scheme the pheromone values are reset as
follows.

05+ ifz < 0.25,

ZSELeLitc 8(0i,05,9) ;
Toi0; < f . where f(x)=¢ 1.0 —z if 0.25 <z < 0.75,, (8)
x—0.5 ifx>0.75

where the delta-function is the same as defined in (). The intuition of this setting
is that we want to reset the pheromone values in order to concentrate the search
in areas of the search space different from the current set of elite solutions.
However, the more agreement is to be found among the elite solutions about an
order between two related operations o; and o;, the more we permit ourselves to
trust these solutions and the resetting of the corresponding pheromone value is
approximating equal chance for both directions (cases z < 0.25 and = > 0.75 in
[B)). An algorithm using the list of elite solutions and this diversification scheme
(and random setting for the first three restart phases) is henceforth identified
by ED.

Another scheme for resetting pheromone values aims for an intensification of the
search process. First the best solution sp.s; among the elite solutions is chosen,
then another one Sgecong different to spest is chosen from Lz uniformly random.
Using these two solutions the resetting of pheromone values is done as follows.

(9)

5(01'7 05, Sbest) + 5(0'La 05, Ssecond) >

To;,05 < fmmas < 2.0

where the delta-function is as defined in (@) and the function f,mqs which keeps
the pheromone values in their bounds is as defined in (B). An algorithm using
the list of elite solutions, for the first three restart phases the random setting of
pheromone values and flipping a coin for all consecutive restart phases to choose
among the diversification setting and the intensification setting of pheromone
values, is henceforth identified by EDI.
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Table 1. Overview on the different MMAS versions.

l Identifier [ Characteristics

U MMAS using uniform setting of pheromone values
R MMAS using random setting of pheromone values
ER MMAS using elite solutions and random setting of pheromone values
ED MMAS using elite solutions, random setting for the first three restart

phases, and after that the diversification setting of pheromone values
EDI MMAS using elite solutions, random setting for the first three
restart phases, and after that flipping a coin in every restart phase to
choose among diversification setting and intensification setting
EDIrs |The same as EDI with an additional short Tabu Search run

for the best ant in every iteration

5 Comparison

To test the usefulness of the intensification and diversification approaches out-
lined in the previous section we run experiments on the five different versions of
the Algorithm [[Joutlined in the previous sections. These are: U, R, ER, ED and
EDI. Additionally we testet a further enhancement of EDI where we apply a
short Tabu Search run — based on the neighborhood the local search uses — to
the best solution per iteration. We fixed the length of this Tabu Search run to
|O|/2. This version of the algorithm is henceforth identified by EDIpg. For an
overview of the different algorithm version see Table[Il We tested these six ver-
sions on three problem instances. We chose the first problem tai_15_15_1_jsp with
15 jobs and on 15 machines introduced by Taillard in [21] for the JSP, and the
first problem tai_15_15_1_osp with 15 jobs and on 15 machines also introduced
in [21] for the OSP. The optimal solutions for these problems are known to be
1231, 937 respectively. As a third problem we chose whizzkids97, a difficult GSP
instance on 197 operations which was subject of a competition held at the TU
Eindhoven in 1997. The optimal solution for this problem is 469. We run each
of the six versions of our algorithm 10 times for 18000 seconds on each problem
instance. In these 18000 seconds all the algorithms except EDIrg do about 350
restarts. EDIpg does about 300 restarts. The parameter setting for all the algo-
rithms was as follow: p = 0.1, n, = 10 (number of ants) and 5 = 10.0. For EDI
and EDIrg we set |Lejite] = |O|/20. The results are shown in Figures 23 and Hl
There are several observations to be mentioned. The short Tabu Search run on
the iteration best ant improves the algorithm considerably. Version EDIrg finds
the optimal solutions for the JSP and the OSP instance by Taillard and pro-
duces a solution which is only 2.77% above the optimal solution for the instance
whizzkids97. Furthermore, the results on the whizzkids97 instance show that the
versions R, ER, ED and EDI clearly improve on the basic version U of our algo-
rithm. Among these four improved versions, version E DI has a clear advantage
over the other three versions. These observations are supported by the results of
the pairwise Wilcoxon rank sum test. This test produced probabilties between
89% and 98% for version EDI to be different from the other versions. Another
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indication of the advantage of EDI is the average number of improvements over
the run-time (see Table B)). The results on the Taillard instances are similar.
However, the statistical significance is lower. This might be caused by the fact
that these two instances are easier to solve than the whizzkids97 instance. The
diversification setting alone (version FD) and the random settings (versions R
and ER) don’t seem to improve the basic version U on the Taillard instances.

6 Summary and Outlook

We have presented a MMAS algorithm for the application to the Group Shop
Scheduling problem. Additionally we have presented a method to introduce
more diversification and more intensification into the search process performed
by our MMAS algorithm by means of a list of elite solutions found during

Table 2. Average number of improvements over the run-time.

| [ U [EDI
whizzkids97 34.6 44.3
tai_15_151 jsp || 27.6 30.2
tai_15_15_1 osp|| 27.3 28.3
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Fig. 2. Comparison of the different ACO versions on the whizzkids97 instance. The
absolute values of the solutions generated by each ACO version (left) and their relative
rank in the comparison among each other (right) are depicted in two box-plots. A box
shows the range between the 25% and the 75% quantile of the data. The median of
the data is indicated by a bar. The whiskers extend to the most extreme data point
which is no more than 1.5 times the interquantile range from the box. Extreme points
are indicated as circles.
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Fig. 3. Comparison of the different ACO versions on the tai_15_15_1_jsp instance. The
absolute values of the solutions generated by each ACO version (left) and their relative
rank in the comparison among each other (right) are depicted in two box-plots. A box
shows the distribution of the results, respectively the ranks of the experiments.
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Fig. 4. Comparison of the different ACO versions on the tai_15_15_1_osp instance. The
absolute values of the solutions generated by each ACO version (left) and their relative
rank in the comparison among each other (right) are depicted in two box-plots. A box
shows the distribution of the results, respectively the ranks of the experiments.

the search. The results presented show the usefulness of our diversification
and intensification approach. The results also show that our algorithm can be
considerably improved by applying a very short run of Tabu Search to the
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iteration best ant. Our algorithm finds for OSP as well as for JSP instances the
optimal solution. In the future we intend to further examine the possibilities
of guiding the search of an ACO algorithm by additional diversification and
intensification mechanisms.
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Abstract. We investigate a multi-agent algorithm inspired by the task
allocation behavior of social insects for the solution of dynamic task al-
location problems in stochastic environments. The problems consist of a
certain number of machines and different kinds of tasks. The machines
are identical and able to carry out each task. A setup, which is linked
to a fixed cost, is required to switch from one task to another. Agents,
which are inspired by the model of division of labour in social insects,
are in charge of the machines. Our work is based on previously intro-
duced models described by Cicirello et al. [7] and by Campos et al. [6].
Improvements and their effect on the results are highlighted.

1 Introduction

Social insect behaviour has come under increasing attention in the research com-
munity in the last years. The number of successful applications in this new area
of swarm intelligence has grown exponentially during this period [1]. In combi-
natorial optimization several implementations of ant based algorithms perform
as well as or even better than state of the art techniques, for instance in the
traveling salesman problem [IT], the quadratic assignment problem [T2], the job
shop scheduling problem [8], the graph colouring problem [9] or the vehicle rout-
ing problem [5]. In the field of telecommunications networks AntNet [10] is an
approach to dynamic routing. A set of ants collectively solves the problem by
indirectly exchanging information through the network nodes. They deposit in-
formation used to build probabilistic routing tables. At the time it was published
it outperformed state-of-the-art algorithms for an extensive set of simulated sit-
uations. In robotics the recruitment of nestmates in some ant species inspired
scientists to program robots in order to achieve an efficient teamwork behaviour
2].

Our particular interest in this paper is the dynamic task allocation in a
factory-like stochastic environment. The considered problem consists of machines
that perform jobs. These jobs appear dynamically with a certain probability
each time step. Jobs are assigned to machines through a bidding mechanism.
Machines have a different probability to bid for each kind of job depending on

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 28-[39] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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a dynamic threshold value (see section 2.I)). Each time a machine changes the
kind of job it performs, a setup is required, which is related to a fixed cost.
Machines automatically adapt to the appearances of jobs in the environment
in order to minimize the number of setups and to maximize the number of
finished jobs. To achieve this we take inspiration from social insects like ants
or wasps. In the complex system of their colony an important characteristic is
division of labour, i.e. different activities are often performed simultaneously by
specialized individuals. This methodology is believed to be more efficient than
sequential task performance by unspecialized workers as it avoids unnecessary
task switching, which costs time and energy. Of course a rigid specialization of
the individual workers would lead to a stiff behaviour at the colony level. So this
indivual’s specialization is flexible to several internal and external factors such
as food availability, climatic conditions or phase of colony development.
A model based on response thresholds was developed by Bonabeau et al. [3]
in order to explain this flexible division of labour. This model was applied by
Cicirello et al. [7] and by Campos et al. [6] to dynamic task allocation problems
and represents the starting point for this work.

In section 2 we give a general description of the threshold model used in [7]
6]. Section 3 introduces to the improvements we propose. We will explain the
hypotheses behind the improvements. A detailed description of the problem is
delivered in section 4. In section 5 the experimental results are discussed. We
conclude in section 6.

2 Model and Application

As mentioned before the characteristic of division of labour in social insects does
not lead to rigidity in the colony with respect to tasks performed by individuals.
On the contrary the individuals are able to adapt very well to changing demands
as shown by Wilson [14].

This flexibility is exhibited for example, by ant species from the Pheidole genus.
In most species of this genus workers are physically divided into two fractions:
The small minors, who fulfill most of the quotidian tasks, and the larger ma-
jors, who are responsible for seed milling, abdominal food storage, defense or
a combination of these. Wilson [14] experimentally changed the proportion of
majors to minors. By diminishing the fraction of minors he observed that within
one hour of the ratio change majors get engaged in tasks usually performed by
minors.

2.1 Threshold Model

Bonabeau et al. [3] have developed a model of response thresholds in order to
explain the behaviour observed by Wilson [14]. In this model a set of thresholds is
given to each individual performing a task. Each of these thresholds is related to a
certain kind of task and the threshold’s value represents the level of specialization
in that task. In [4] these thresholds remain fixed over time. In [13] the thresholds
are dynamically updated with respect to the task being currently performed. For
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instance, while an ant is foraging for food the corresponding threshold would
decrease whereas the thresholds for all other tasks would increase.
A task emits a stimulus to attract the individuals’ attention. Based on this
stimulus and on the corresponding threshold, an individual will or will not accept
the task. The lower a threshold, the higher the probability to accept a task. Thus
lower threshold represents a higher grade of specialization in the task.
Applying this model to the ant species of the Pheidole genus with their minor
and major workers, the minor workers can be considered to have a basically
lower threshold for quotidian tasks than major workers. Decreasing the fraction
of the minors will leave their work undone and cause the emitted stimulus of
the quotidian tasks to increase. The stimulus will grow until it is high enough to
overcome the thresholds of the major workers. By performing the minors’ tasks
the corresponding thresholds of the major workers will decrease.

2.2 Approach to Dynamic Task Allocation

The dynamic task allocation problem contains a set of machines capable of
processing multiple types of job. Each machine has an associated insect agent,
which is in charge of it. That is, the insect agent decides whether its machine
wants to get engaged in a certain job or not. The jobs are created dynamically:
each task has a certain probability to appear at each time step. The main values
to measure the performance are the number of setups and the number of finished
jobs. The number of setups is crucial as it is linked to a high cost in time.
Additionally, in a factory environment a setup can cause a monetary cost, that
is not considered in this paper. We assume a setup time to be twice the processing
time of a job.

Thresholds and Stimuli. Each agent a has a set of response thresholds:

Oy = {640,...Oan}t (1)
6ﬂu’n S @a,j S Qmaz v] S {07 s n}7 (2)

where 6, ; is the response threshold of agent a for task j. Oy and G4y are
the values for the lower and the upper limit of the thresholds. The threshold
value @, ; represents the level of specialization of machine a in task j.

The tasks in the system send to all the machines a stimulus .S; which is equal
to the length of time the job is already waiting to be assigned to a machine. Given
the stimulus S; and the corresponding threshold @, ; the agent a will bid for
job 7 with probability:

S2

POus5)) = grige
J 2%

(3)

! The model and the equations of this section are taken from, and described in more
detail by, Cicirello et al. [7].
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From (B)), we gather that in case the stimulus S; and the threshold 6, ; are equal,
the probability for agent a’s machine to bid for a job is 50%. Squaring of the
stimulus S; and the threshold O, ; lead to a nonlinear behaviour of P(0,_;, S;)
so that small changes of S; around @, ; cause high changes in P(0,_;,S;).

Threshold Update Rules. The threshold values are updated each time step
via three rules depending on the the job that is currently being processed. The
first rule is given by:

Ou,j = Oq,; — 01, (4)

meaning that ©, ; is decreased by the constant ¢; if the machine is currently
processing or setting up for a job of type j, in order to give a tendency to accept
a job of type j again.

The second update rule is utilized for all thresholds of the jobs that are
different from the one currently being processed:

@a,k = Oa,k + 527 (5)

which increases the threshold values by the constant d; in order to diminish the
probability to bid for jobs of a type that is different from the current one.

If the machine is currently not processing any job, a third update is used for
all thresholds:

@a,l = Qa,l - 53 (6)

For idle machines, the thresholds of all types of jobs are decreased by d%. This
update rule encourages the machine to take jobs of any kind with a probability
increasing with time. By exponentiating the constant parameter ds with the time
t the threshold value is decreased by higher steps the longer the machine stays
idle. The thresholds should not immediately be set to a minimum value as this
would cause additional setups. It is advantageous that a machine stays idle for
a short amount of time instead of taking any job, as a setup determines a very
high cost.

Dominance Contest. The dominance contest is used as a rule to decide be-
tween several machines in case more than one machines tries to take the same
job. In this case a dominance contest is held and the winner is assigned the job.
For this, each participant is given a force value F":

Fa =1+ Tp,a + Ts,aa (7)

where T}, , is the sum of the processing times of the jobs in the queue of machine
a and T , is the sum of the setup times. A lower force value F' corresponds to a
shorter queue and leads to a higher probability to win in a dominance contest.
The rule to determine the probability for agent 1 to win against agent 2 is:
F3

P(FlaFQ):F2+F2’ (8)
1 2
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and if the dominance contest consists of more than two competitors, agent 1 will
win with probability:

=2

P(Fy,.. . F)=—"=2 (9)

n

(n— 1)ZF¢2

i=1

This equation was not given in [7], but we deduced it from equation (g).

3 Improvements

In this section we describe the improvements we introduced in order to obtain
better results. In section [3.1] we show our modifications on rules already utilized
in the original model.

The new rules presented in section are designed for situations that still
cause problems for the original system. The new rules affect jobs that are not
assigned to machines and idle machines, that do not bid for jobs.

3.1 Modifications of Existing Rules

Update Rules (UR). The update rules use the type of the job that is being
processed in order to determine which thresholds have to be manipulated. The
machines can have a queue of several jobs behind themselves. These jobs in the
queue don’t necessarily need to be of a same type. For example, a machine might
be processing a job of type A and have only one job in its queue that is of type B.
That means that, as long as the job of type A is not finished, the corresponding
threshold values are decreased and the threshold values that are related to jobs
of type B are increased. If the machine is offered two jobs, one of type A and one
of type B, the probability to take the job of type A would be higher than the
probability to pick the other job. This behaviour is not desirable as it causes an
additional setup. If the machine would choose the job of type B this setup could
be avoided. We have chosen to modify the update rules by letting the last job
in the machines’s queue determine which threshold values are updated in order
to reduce the number of necessary setups.

Calculation of the Force Variable (CFV). The dominance contest tries to
find a good solution to choose between several machines competing for a same
job. The solution is found by comparing the force values that represent the queue
length of each competitor. Whether a competitor needs to perform a setup or
not, in case it is assigned the job, is not taken into consideration. If two machines
with the same queue length bid for the same job, the probability for each to win
the dominance contest is the same. We maintain that if one of the two machines
doesn’t need a setup while the other does. We try to take this into account by
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adding to the force variable the value Tsetyp, Which is the setup time of the
corresponding job, in case a setup will be required, and zero otherwise:

Fy=1+Tap+Tus+ Tiohs (10)
T | Tsetup if job requires a setup (11)
Jobs = if job does not require a setup.

Dominance Contest (DC). Another problem of the dominance contest is
that the more machines compete with each other in a dominance contest, the
smaller are the differences between the probabilities to win. For example, if two
machines compete and one has a force value of F; = 1 — what refers to an
empty queue — and the other has a force value of F, = 10 the corresponding
probabilities to win following equation (B)) are P; = 0.99 for the machine one and
P, = 0.01 for the other. In case ten machines are competing and the force values
are F; = 1 for machine one and F}; = 10 for the others, the probabilities to win
according to equation (d) are now P; = 0.111 and P; = 0.099. In general the
probability for one competitor to win in a dominance contest of n competitors
is never higher than ﬁ To overcome this problem we use the following rule
instead of equation (@):

P(Fy,...Fy); = —1—, (12)

where P(Fy, ... F,), is the probability for machine j to win. In the above example
with ten machines and the forces F; = 1 and F; = 10 for the others, the
respective probabilities become P; = 0.917 and P; = 0.009.

3.2 Additional Rules to Optimize the Threshold Values

One major difficulty arrives when the probabilities for the creation of the jobs
change during a problem instance. The machines need a long time to adapt to
the new situation. Some additional rules have been defined in order to better
handle this problem.

No Bid for a Created Job (BCJ). Jobs that were not assigned yet, or
that just appeared, are offered to the machines in an allocation process so that
every machine is given the possibility to bid for the jobs. It is possible that no
machine bids for a job and that it stays unallocated. For instance this situation
can appear if the type j of the job that is offered has a low probability to appear,
and therefore no machine specializes for this job-type. By increasing the stimulus
emitted by the job each time step, the probability that a machine will bid for it
also increases over time. As this process is very slow, we introduce an additional
method in order to reduce the time that jobs stay unallocated:

Oaj =06a; —mn Y agents a. (13)
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Table 1. Probability-mixes for the different sets of tasks. The value n represents the
number of jobs.

’Problem {P(Job(l)) . P(Job(%)){P(Job(% +1)) ... P(Job(n)){Simulation Time‘

16 Jobs-same 0.1333 0.1333 3000
16 Jobs-diff 0.2 0.0666 3000
8 Jobs-same 0.2666 0.2666 3000
8 Jobs-diff 0.4 0.1333 3000

For each agent a, the threshold value @, ; is decreased by the constant value 71,
if a job of type j was not assigned.

Idle Machine Does Not Bid (IMB). Equation (@) offers an update rule for
idle machines in order to encourage the machine to bid for jobs of any type.
Another update rule is employed in case an idle machine does not bid for a job
if it is offered one:

@(IJ = Qa,j - 2. (14)

In such a situation the corresponding threshold value 6, ; of the refused job of
type j is decreased by the fixed value 7.

4 Experimental Setup

In this section the problem and the experimental design are described in more
detail. The dynamic task allocation problem considered here consists of a certain
number of machines and different kinds of tasks. Each problem instance contains
32 identical machines that are able to perform all tasks, either eight or sixteen
different types of jobs. A machine needs 15 time units to perform a task and
30 time units to perform a setup. Tasks are performed in a first-in-first-out
order and are dynamically created in the sense that each task is having a certain
probability to appear at each time step. Two different mixes of probabilities have
been analyzed: Equal probabilities to all jobs and different probabilities for each
half of the jobs. The first mix assigns equal probabilities to all jobs, while the
secon mix favors one half of them with a higher probability value. The chosen
values are shown in table[Il At each time step there is a certain probability to
release one.

The probabilities given in table [l do not change over simulation time. In
order to analyze the adaptation capability of the system we also analyzed a
probability mix that changes over time (16 Jobs-chang and 8 Jobs-chang). In
this case a simulation time of 5000 is given time steps. For the first 2000 time
steps the probabilities are the same as in 16 Jobs-diff and 8 Jobs-diff respectively.
Afterwards the jobs swap their probabilities so that the jobs that appeared more
frequently, appear more seldom, and vice versa.
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The probabilities were chosen so that the average number of jobs appearing
during the simulation is equal to the theoretical maximum of jobs that can be
performed by the machines.

The same parameter setting was used for all problem instances and all im-
provements:

— Opin =1 Minimum Threshold

— Opaz = 2000 Maximum Threshold

— 6y =500 Initial Threshold Value for all Machines and all Jobs
— 61 =14.0 Update Rule (@)

— 89 =14.0 Update Rule (&)

— 403 =1.01 Update Rule (@) for idle machines

— v =50.0 New rule: No Bid for a Created Job

— 72 = 50.0 New rule: Idle Machine Does Not Bid

5 System Analysis

The results in this section show a comparison between single improvements,
combinations of improvements and the original version of the algorithm used
in [7]. Furthermore, we compare these to a static system, in which same types
of jobs are always assigned to the same machines according to the frequency of
occurence of that job. Comparing the static and the dynamic solution is not fair,
as the static algorithm has a knowledge about the global frequency of occurence
of the jobs. However, it gives an idea of the upper bound of performance that is
possible to reach. The static algorithm outperforms the dynamic algorithms in
all measures.

We highlight the improvements BCJ and IMB (see section [3:2)) as stand-
alone improvements as well as in combination with the improvements UR, CFV
and DC (see section [B]). Other combinations of improvements, besides those
presented here, were also analyzed. We have chosen these combinations due to
their overall performance and stability. All results presented here are averages
of 100 runs.

Three measures have been selected, idle time, number of setups and through-
put, in order to have a wide range of possible evaluations.

5.1 Idle Time

Depending on the set of thresholds and on the job currently offered, idle machines
often prefer to stay idle rather than accepting a job that they are not specialized
for. This behaviour is desired as it avoids too many setups.

Figure [ displays the average time each machine stays idle. Particularly in
the changing job mixes (16 Jobs-chang and 8 Jobs-chang), the original model
leads in average to longer idle periods. In fact, the probabilities of job appear-
ances change abruptly after 2000 time steps, but machines are able to adjust
their threshold values only very slowly. In this long adaptation phase the ma-
chines are offered jobs that they are not specialized for. The introduced rules
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Fig. 1. Average of the time each machine stayed idle during total simulation. Smaller
numbers are better. The graph compares the performance obtained by the original
algorithm (Std), the static algorithm (static) and the improvements. All indicates,
that all improvements were used together. For an explanation of the improvements see
section Bl The problems are described in table[I]

BCJ and especially IMB reduce the time machines stay idle by diminishing
the rigidity with that specialization is followed. In fact, IMB directly influences
idle machines by reducing their thresholds for the jobs they refuse, BCJ reduces
machines’ thresholds when a job is refused by all machines.

5.2 Setups

The number of setups performed by the machines is crucial as a setup always
requires a long time. Furthermore, in real world factory environments, a setup
can also be connected to a monetary cost. This last factor is not taken into
consideration here, as the related monetary costs are not known.

Figure [ shows the average number of setups for each machine. For the 8
job problems the difference is not appreciable, but for the more complicated
16 job problems, the original model requires far more setups than the modified
models. The new introduced rules BCJ and IMB already diminish the number
of required setups when they are applied. However, the system requires even
fewer setups if BCJ and IMB are combined with the modifications on the
existing rules. While applying the modifications on existing rules alone does not
lead to a better performance, the combination of all improvements makes the
whole system more stable and leads to the best results.
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Fig. 2. Average of the number of setups per machine. Smaller numbers are better. The
graph compares the performance obtained by the original algorithm (Std), the static
algorithm (static) and the improvements. All indicates, that all improvements were
used together. For an explanation of the improvements see section 8. The problems are
described in table[d]

5.3 Throughput

The average number of finished jobs — the throughput — is the most general
indicator of the performance. The idle time and the number of setups are more
specific measures to evaluate the performance and do not cover all important
issues. For instance, if the machines stay idle all the time, they will not need
to perform any setup. Obviously the overall performance would be poor in that
case, which is well indicated by the throughput. Figure[3 shows a bargraph of the
throughput. Again, the modified system performs better than the original one.
Amongst the modifications, the combination of the new rules with the modified
force variable (CFV) performs the best, having a slightly higher performance
than the combination of all improvements.

For all problem instances and all improvement combinations we carried out a
Student t-test. The null hypothesis was that the distribution of the throughput
of the original and of the modified model have the same mean. Except for one, we
obtained in all cases p-values smaller than 2.1-1075. The exception is the BCJ
improvement in combination with the 16 jobs-chang problem, where we obtain
a p-value of 3.35- 1073, which is still small enough to reject the null hypothesis.

6 Conclusion

In this paper we have presented improvements on an adaptive multi-agent system
for dynamic factory routing, based on the work presented in [7] and [6]. We have
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Fig. 3. Average of the total number of jobs performed by all machines. Bigger numbers
are better. The graph compares the performance obtained by the original algorithm
(Std), the static algorithm (static) and the improvements. All indicates, that all im-
provements were used together. For an explanation of the improvements see section [3
The problems are described in table []

introduced new rules and we have modified existing rules in order to speed
up the adaptation process and to improve the overall performance, particularly
for more complex problems that imply a larger number of different job types
and changing probabilities for job appearances. With respect to the analyzed
problem configurations, we showed that our modifications perform better than
the original system. It is worth noting that we also analyzed problems that imply
a lower number of machines (e.g., 2 or 4 machines). For these simple problems
the difference between the modified and the original system was much smaller.

Currently, the influence of various parameters on the system performance
is under investigation. The values of the parameters of the model were hand
fixed. For the parameter analysis we will use a genetic algorithm inspired by the
one presented in [6], in order achieve good parameter settings for the different
problem configurations. This information can be used to equip several machines
with different parameter settings, so that some machines tend to follow a rather
stable behaviour, having a higher degree of specialization, and other machines
are able to adapt more easily to changing demands.

Furthermore, we intend to investigate real-world problems in order to find
constraints that should be taken into account by the system, extending the size
of the problems that can be solved by the algorithm. For instance, the system
applied in [6] takes the possibility of machine failure and prioritized jobs into
account.
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Another interesting topic we may consider is online adaptation for the pa-

rameter setting of the systen in response to dynamically changing distributions
of job arrivals.
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Abstract. The prediction of a protein’s conformation from its amino-
acid sequence is one of the most prominent problems in computational
biology. Here, we focus on a widely studied abstraction of this problem,
the two dimensional hydrophobic-polar (2D HP) protein folding problem.
We introduce an ant colony optimisation algorithm for this NP-hard com-
binatorial problem and demonstrate its ability to solve standard bench-
mark instances. Furthermore, we empirically study the impact of various
algorithmic features and parameter settings on the performance of our
algorithm. To our best knowledge, this is the first application of ACO to
this highly relevant problem from bioinformatics; yet, the performance
of our ACO algorithm closely approaches that of specialised, state-of-the
methods for 2D HP protein folding.

1 Introduction

Ant Colony Optimisation (ACO) is a population-based approach to solving com-
binatorial optimisation problems that is inspired by the foraging behaviour of
ant colonies. The fundamental approach underlying ACO is an iterative process
in which a population of simple agents (“ants”) repeatedly construct candidate
solutions. This construction process is probabilistically guided by heuristic infor-
mation on the given problem instance as well as by a shared memory containing
experience gathered by the ants in previous iterations (“pheromone trails”).
Following the seminal work by Dorigo et al. [3], ACO algorithms have been suc-
cessfully applied to a broad range of hard combinatorial problems (see, e.g., [l
a).

In this paper, we present an ACO algorithm for solving an abstract variant
of one of the most challenging problems in computational biology: the prediction
of a protein’s structure from its amino-acid sequence. Genomic and proteomic
sequence information is now readily available for an increasing number of organ-
isms, and genetic engineering methods for producing proteins are well developed.
The biological function and properties of proteins, however, are crucially deter-
mined by their structure. Hence, the ability to reliably and efficiently predict
protein structure from sequence information would greatly simplify the tasks of
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interpreting the data collected by the Human Genome Project, of understanding
the mechanism of hereditary and infectious diseases, of designing drugs with spe-
cific therapeutic properties, and of growing biological polymers with the specific
material properties.

Currently, protein structures are primarily determined by techniques such as
MRI (magnetic resonance imaging) and X-ray crystallography, which are expen-
sive in terms of equipment, computation and time. Additionally, they require
isolation, purification and crystallisation of the target protein. Computational
approaches to protein structure prediction are therefore very attractive. Many
researchers view the protein structure prediction problem as the “Holy Grail” of
computational biology; while considerable progress has been made in developing
algorithms for this problem, the performance of state-of-the-art techniques is
still regarded as unsatisfactory.

The difficulty in solving protein structure prediction problems stems from two
major sources: (1) finding good measures for the quality of candidate structures
(e.g., energy models), and (2), given such measures, determining optimal or
close-to-optimal structures for a given amino-acid sequence. The first of these
issues needs to be addressed primarily by biochemists who study and model
protein folding processes; the second, however, is a rich source of interesting
and challenging computational problems in local and global optimisation. In
order to separate these two aspects of protein structure prediction problems, the
optimisation problem is often studied for simplified models of protein folding.
In this work, we focus on the 2-dimensional hydrophobic-polar (2D HP) model,
an extremely simple model of protein structure that has been used extensively
to study algorithmic approaches to the protein structure prediction problem.
Even in this simplified model, finding optimal folds is computationally hard
(NP-hard) and heuristic optimisation methods, such as ACO, appear to be the
most promising approach for solving this problem.

The remainder of this paper is structured as follows. In Section 2, we intro-
duce the 2D HP model of protein structure, and give a formal definition of the
2D HP protein folding problem as well as a brief overview of existing approaches
for solving this problem. Our new ACO algorithm for the 2D HP protein folding
problem is described in Section 3. An empirical study of our algorithm’s perfor-
mance and the role of various algorithmic features is presented in Section 4. In
the final Section 5 we draw some conclusions and point out several directions for
future research.

2 The 2D HP Protein Folding Problem

The hydrophobic-polar model (HP model) of protein structure was first proposed
by Dill [9]. It is motivated by a number of well-known facts about the pivotal
role of hydrophobic and polar amino-acids for protein structure [9IT3]:

— Hydrophobic interaction is the driving force for protein folding and the hy-
drophobicity of amino acids is the main force for development of a native
conformation of small globular proteins.
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Fig. 1. A sample protein conformation in the 2D HP model. The underlying protein
sequence (Sequence 1 from Table 0)) is HPHPPHHPHPPHPHHPPHPH; black squares
represent hydrophobic amino-acids while white squares symbolise polar amino-acids.
The dotted lines represents the H-H contacts underlying the energy calculation. The
energy of this conformation is -9, which is optimal for the given sequence.

— Native structures of many proteins are compact and have well-packed cores
that are highly enriched in hydrophobic residues as well as minimal solvent-
exposed non-polar surface areas.

Each of the twenty commonly found amino-acids that are the building blocks
of all natural proteins can be classified as hydrophobic (H) or polar (P). Based
on this classification, in the HP model, the primary amino-acid sequence of a
protein (which can be represented as a string over a twenty-letter alphabet) is
abstracted to a sequence of hydrophobic (H) and polar (P) residues, i.e., amino-
acid components. The conformations of this sequence, i.e., the structures into
which it can fold, are restricted to self-avoiding paths on a lattice; for the 2D HP
model considered in this and many other papers, a 2-dimensional square lattice
is used. An example for a protein conformation under the 2D HP model is shown
in Figure [T

One of the most common approaches to protein structure prediction is to
model the free energy of the given amino-acid chain depending on its confor-
mation and then to find energy-minimising conformations. In the HP model,
based on the biological motivation given above, the energy of a conformation is
defined as the number of topological contacts between hydrophobic amino-acids
that are not neighbours in the given sequence. More specifically, a conformation
¢ with exactly n such H-H contacts has free energy F(c) = n-(—1); e.g., the
conformation shown in Figure [[l has energy —9.

The 2D HP protein folding problem can be formally defined as follows: Given
an amino-acid sequence s = $153 ... S, find an energy-minimising conformation
of s, i.e., find ¢* € C(s) such that FE(c*) = min{FE(c) | ¢ € C}, where C(s) is
the set of all valid conformations for s. It was recently proven that this problem
and several variations of it are NP-hard [§].

Existing 2D HP Protein Folding Algorithms

A number of well-known heuristic optimisation methods have been applied to
the 2D HP protein folding problem, including Simulated Annealing (SA) [15]
and Evolutionary Algorithms (EAs) [S8II8/I0JI7]. The latter have been shown to



An Ant Colony Optimization Algorithm 43

Table 1. Benchmark instances for the 2D HP protein folding problem used in this
study with known or approximated optimal energy values E*. (E* values printed in
bold-face are provably optimal.) These instances can also be found at
http://www.cs.sandia.gov/tech_reports/compbio/tortilla-hp-benchmarks.html.

Seq. No.|Length| E* |[Protein Sequence

1 20 | -9 |hphpphhphpphphhpphph

2 24 | -9 |hhpphpphpphpphpphpphpphh

3 25 | -8 |pphpphhpppphhpppphhpppphh

4 36 |-14|ppphhpphhppppphhhhhhhpphhpppphhpphpp

5 48 |-23|pphpphhpphhppppphhhhhhhhhhpppppphhpphhpphpphhhhh

6 50 |-21|hhphphphphhhhphppphppphpppphppphppphphhhhphphphphh

7 60 |-36 |pphhhphhhhhhhhppphhhhhhhhhhphppphhhhhhhhhhhhpppphh
hhhhphhph

8 64 |-42 |hhhhhhhhhhhhphphpphhpphhpphpphhpphhpphpphhpphhpphp
hphhhhhhhhhhhh

9 20 |-10|hhhpphphphpphphphpph

be particular robust and effective for finding high-quality solutions to the 2D
HP protein folding problem [g].

An early application of EAs to protein structure prediction was presented
by Unger and Moult [I7I18]. They presented a nonstandard EA incorporating
characteristics of Simulated Annealing. Using an algorithm that searches in a
space of conformations represented by absolute directions and considers only
feasible configurations (self-avoiding paths on the lattice), Unger and Moult
were able to find high-quality conformations for a set of protein sequences of
length up to 64 amino-acids (see Table [Tt we use the same benchmark instances
for evaluating our ACO algorithm). Unfortunately, it is not clear how long their
algorithm ran to achieve these results.

Krasnogor et al. [7] implemented another EA in which the conformations are
represented using relative folding directions or local structure motifs — the same
representation used by our algorithm. Their algorithm found the best known
conformations for Sequences 1 through 6 and 9 from Table [[I The best value
they achieved for Sequences 7 and 8 were —33 and —39, respectively.

Among the best known algorithms for the 2D HP protein folding problem
are various Monte Carlo methods, including the Pruned Enriched Rosenbluth
Method of Bastolla et al. [I]. Using this method, the best known solution of
Sequence 7 (E* = —36) could be found; however, even it failed to obtain the
best known conformation for Sequence 8. Other state-of-the-art methods for this
problem include the dynamic Monte Carlo algorithm by Ramakrishnan et al.
[12] and the evolutionary Monte Carlo algorithm by Liang et al. [11]. The Core-
directed Chain Growth method by Beutler et al. was able to find ground states
for all benchmark sequences used here, except for Sequence 7 [2]. Currently, none
of these algorithm seems to dominate the others.
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Fig. 2. The local structure motifs which form the solution components underlying the
construction and local search phases of our ACO algorithm.

3 Applying ACO to the 2D HP Protein Folding Problem

The ants in our ACO algorithm construct candidate conformations for a given
HP protein sequence and apply local search to achieve further improvements. As
in [7], candidate conformations are represented using local structure motifs (or
relative folding directions) straight (S), left (L), and right (R) which for each
amino-acid indicate its position on the 2D lattice relative to its direct prede-
cessors in the given sequence (see Figure [2)). Since conformations are invariant
w.r.t. rotations, the position of the first two amino-acids can be fixed without
loss of generality. Hence, we represent candidate conformations for a protein se-
quence of length n by a sequence of local structure motifs of length n — 2. For
example, the conformation of Sequence 1 shown in Figure [I] corresponds to the
motif sequence LSLLRRLRLLSLRRLLSL.

Construction Phase, Pheromone, and Heuristic Values

In the construction phase of our ACO algorithm, each ant first randomly de-
termines a starting point within the given protein sequence. This is done by
choosing a sequence position between 1 and n — 1 according to a uniform ran-
dom distribution and by assigning the corresponding amino-acid (H or P) and
its direct successor in the sequence arbitrarily to neighbouring positions on a
2D lattice. From this starting point, the given protein sequence is folded in both
directions, adding one amino-acid symbol at a time. The relative directions in
which the conformation is extended in each construction step are determined
probabilistically using a heuristic function as well pheromone values (also called
trail intensities); these relative directions correspond to local structure motifs be-
tween triples of consecutive sequence positions s;_15;5;+1 that form the solution
components used by our ACO algorithm; conceptually, these play the same role
as the edges between cities in the classical application of ACO to the Travelling
Salesperson Problem.

When extending a conformation from sequence position 7 to the right by
placing amino-acid s;11 on the lattice, our algorithm uses pheromone values
7;,a and heuristic values n; 4 where d € {S,L, R} is a relative direction. Like-
wise, pheromone values 7'{7 4 and heuristic values n: 4 are used when extending a
conformation from position ¢ to the left. In our algorithm, we use 7/, = 7 g,
T,Lv/7 r = Ti,L,and 7/ ¢ = 7; g. This reflects a fundamental symmetry unde’rlying the
folding process: Egctending the fold from sequence position i to i + 1 by placing
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s;+1 right of s; (as seen from s;_1) or extending it from position ¢ to i — 1 by
placing s;_1 left of s; (as seen from s;41) leads to the same local conformation
of Si—15iSi+1-

The heuristic values 7; 4 should guide the construction process towards high-
quality candidate solutions, i.e., towards conformations with a maximal number
of H-H interactions. In our algorithm, this is achieved by defining n; 4 based on
hit+1,4, the number of new H-H contacts achieved by placing s;y; in direction
d relative to s; and s;_; when folding forwards (backwards folding is handled
analogously and will not be described in detail here). Note that if s;4; = P, this
amino-acid cannot contribute any new H-H contacts and hence h; ¢ = h; 1 =
hi,r = 0. Furthermore, for 1 <i <n—1, h; g <2 and hp,_1 4 < 3; the actual h; 4
values can be easily determined by checking the seven neighbours of the possible
positions of s;11 on the 2D lattice (obviously, the position of s; is occupied and
hence not included in these checks). The heuristic values are then defined as
Mi,d = hiq + 1; this ensures that 7; 4 > 0 for all 7 and d which is important in
order not to exclude a priori any placement of s;4; in the construction process.

When extending a partial conformation sy, ... s; to s;41 during the construc-
tion phase of our ACO algorithm, the relative direction d of s;11 w.r.t. $;_18;
is determined based on the heuristic and pheromone values according to the
following probabilities:

Pig = [7s,4)* [1,a]"
’ Zee{L,R,S}[Ti,e]a[ni,e]B

(1)

Analogously, when extending partial conformation s; .. . s,, to s;_1, the prob-
ability of placing s;_; in relative direction d w.r.t. s;4.15; is defined as:

(2)

o= [7] 41} 41°
b Zee{L,R,S}[T{,e]a[”f,J’B

From its randomly determined starting point I, each ant will first construct
the partial conformation s;...s; and then the partial conformation s;...s,.
We also implemented variants of our algorithm in which all ants start their con-
struction process at the same point (left end, middle, or right end of the protein
sequence). Performance results for these alternative mechanisms are reported in
Section Hl

Especially for longer protein sequences, infeasible conformations are fre-
quently encountered during the construction process. This happens if an incom-
plete conformation cannot be extended beyond a given lattice position because
all neighbouring lattice positions are already occupied by other amino-acids. Our
algorithm uses two mechanisms to address this problem: Firstly, using a simple
look-ahead mechanism we never allow an “internal” amino-acid s; (1 <i < n
to be placed such that all its neighbouring positions on the grid are occupied
Secondly, if during a construction step all placements of s; are ruled out by the

! This is extremely cheap computationally, since it can be checked easily during the
computation of the heuristic values.
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look-ahead mechanism, we backtrack half the distance already folded and restart
the construction process from the respective sequence position

Local Search

Similar to other ACO algorithms known from the literature, our new algorithm
for the 2D HP protein folding problem incorporates a local search phase. After
the construction phase, each ant applies a hybrid iterative improvement local
search to its respective candidate conformation. We use two types of neighbour-
hoods for this local search process:

— the so-called “macro-mutation neighbourhood” described in Krasnogor et al.
[8], in which neighbouring conformations differ in a variable number of up
to n — 2 consecutive local structure motifs;

— a l-exchange “point mutation” neighbourhood, in which two conformations
are neighbours if they differ by exactly one local structure motif.

Our local search algorithm alternates between these two phases. In each itera-
tion, first a macro-mutation step is applied to the current conformation. This
involves randomly changing all local structure motifs between two randomly de-
termined sequence positions. All changes are performed in such a way that the
resulting conformation is guaranteed to be feasible, i.e., remains a self-avoiding
walk on the 2D lattice. If the macro-mutation step results in an improvement in
energy, the local search continues from the respective conformation; otherwise,
the macro-mutation step has no effect. Next, a sequence of up to n — 2 restricted
1-exchange steps are performed. This is done by visiting all sequence positions in
random order; for each position, all 1-exchange neighbours that can be reached
by modifying the corresponding local structure motif are considered.

Whenever any of these yields an improvement in energy, the corresponding
mutation is applied to the current conformation. These local search iterations
are repeated until no improvements in solution quality have been achieved for
a given number nolmpr of search steps. (Of the various hybrid local search
methods we implemented and studied, the one described here seemed to work
best.)

Update of the Pheromone Values

After each construction and local search phase, selected ants update the
pheromone values in a standard way:

Tid < (1 — p)Ti,d + Az’,d,c (3)

where 0 < p < 1 is the pheromone persistence (a parameter that determines how
fast the information gathered in previous iterations is “forgotten”) and A, 4. is
the relative solution quality of the given ant’s candidate conformation c, if that

2 Various modifications of this backtracking mechanism were tested; the one presented
here proved to be reasonably fast and effective.
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conformation contains a local structure motif d at sequence position i and zero
otherwise. We use the relative solution quality, F(c)/E*, where E* is the known
minimal energy for the given protein sequence (or an approximation based on
the number of H residues in the sequence) in order to prevent premature search
stagnation for sequences with large energy values.

As a further mechanism for preventing search stagnation, we use an addi-
tional “renormalisation” of the pheromone values that is conceptually similar to
the method used in MAX-MIN Ant System [16]. For a given sequence position
i, whenever the ratio between the maximal and minimal 7; 4 values, 7,"** and
7 falls below a threshold 6, the minimal 7; 4 value is set to /%% - § while the
maximal 7; ¢ value is decreased by ;"% - §. This guarantees that the probability
of selecting an arbitrary local structure motif for the corresponding sequence
position does not become arbitrarily small.

We implemented various methods for selecting the ants that are allowed to
update the pheromone values, including elitist strategies known from the litera-
ture. Performance results obtained for these variants are reported in Section Hl

4 Empirical Results

To assess its performance, we applied our ACO algorithm to the nine standard
benchmark instances for the 2D HP protein folding problem shown in Table [T}
these are the same instances used by Unger and Moult [17/18]. Experiments
were conducted by performing a variable number of runs for each problem in-
stance; each run was terminated when no improvement in solution quality had
been observed over 10,000 cycles of our ACO algorithm. We used 10 ants for
small sequences (n < 25) and 10-15 ants for larger sequences. Unless explicitly
indicated otherwise, we used the following parameter settings for all experiments:
a=1,06=2,p=0.6,and § = 0.05. The local search procedure was terminated
if no solution improvement had been obtained within 100-300 search steps. We
used an elitist pheromone update in which only the best 20% of the conforma-
tions obtained after the local search phase were used for updating the pheromone
values. Additionally, the globally best conformation was used for updating the
pheromone values whenever no improvement in solution quality had been seen
within 20-50 cycles. Run-time was measured in terms of CPU time and all ex-
periments were performed on PCs with 1GHz Pentium IIT CPUs, 256KB cache
and 1GB RAM.

As can be seen from the results reported in Table[2], our ACO algorithm found
optimal solutions for all but the two longest benchmark protein sequences. For
Sequence 7, we achieved the same sub-optimal solution quality as Unger and
Moult’s evolutionary algorithm. For sequences of length 25 and below, our al-
gorithm found optimal solutions in each of multiple attempts, while for longer
protein sequences often many solution attempts were required. Following the
methodology of Hoos and Stiitzle [6], we measured run-time distributions (RTD)
of our ACO algorithm; for all sequences in which our algorithm found the best
known conformation more than once, the respective RTDs are shown in Fig-
ure [3 Evidence of search stagnation behavior can be clearly observed for large
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Fig. 3. Run-time distributions of our ACO algorithm applied to several benchmark
instances; note stagnation behaviour for large instances.

sequences; in these cases, using a better construction heuristic and/or more ag-
gressive local search may help to improve performance.

To better understand the role of ACO as compared to the local search method
in the optimisation process, we also performed experiments in which only the
local search method was applied to the same benchmark instances. As seen
in Table B] local search typically takes longer and in many cases fails to find
solutions of the same quality as our ACO algorithm. In experiments not reported

Table 2. Comparison of the local search and the ACO, where sq is the best solution
quality over all runs, nep¢ is the number of runs the algorithm finds sq, nruns is the
total number of runs, % suc. is the percentage of runs in which solution quality sq was
achieved, and tq.4 is the average CPU time [sec] required by the algorithm to find sgq.

Instances ACO + Local Search Local Search Only
Seq. No.|Length| E*| sq|nopt/nruns|% suc. tavg| $q|Mopt/Nruns|% suc. tavg
1 20 -9| -9| 711/711 | 100.0] 23.90| -9| 100/258 38.7| 111.43
2 20 -9| -9| 596/596 100.0| 26.44| -9| 8/113 7.0 162.15
3 25 -8| -8| 120/120 100.0| 35.32| -8| 44/129 34.1| 125.42
4 36 |-14|-14| 21/128 16.4|4746.12|-14 5/72 6.9 136.10
5 48 |-23|-23| 1/151 0.6(1920.93|-21 1/20 5.0|1780.74
6 50 |-21|-21| 18/43 41.9|3000.28]| -20 3/18 16.7|1855.96
7 60 |-36/-34| 1/119 0.8]4898.77|-33|  2/20 10.0{1623.21
8 64 |-42|-32 1/22 4.5|4736.98(-33 2/9 22.2(1441.88
9 24 |-10|-10| 247/247 100.0| 43.48/-10| 5/202 25.01 134.57
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Fig. 4. RTDs for ACO with elitist, all+elitist, and non-elitist pheromone update ap-
plied to benchmark instance 2.

here, we also found that ACO without a local search takes substantially more
time (cycles) to reach high-quality solutions than ACO with local search.

In order to evaluate the benefit from using a population of ants instead of
just a single ant, we studied the impact of varying the number of ants on the
performance of our algorithm. While using a single ant only, we still obtained
good performance for small problems (n < 25), the best known solution to
Problem 4 (n = 36) could not been found within 2 CPU hours.

It has been shown for other applications of ACO that elitist pheromone up-
date strategies can lead to performance improvements. The same appears to be
the case here: We tested three different pheromone update strategies: non-elitist
— all ants update pheromone values; all+elitist — same, but the best 20% con-
formations are additionally reinforced; and elitist only — only the best 20% of
the conformations are used for updating the pheromone values in each cycle.
As can be seen in Figure [ elitist update results in considerably better perfor-
mance than non-elitist update. For larger sequences (n > 36), the best known
solution qualities could not been obtained within 2 CPU hours when using non-
elitist update. This suggests that the search intensification provided by elitist
pheromone update is required for achieving good performance of our ACO al-
gorithm. At the same time, additional experiments (not reported here) indicate
that our pheromone renormalisation mechanism is crucial for solving large prob-
lem instances, which underlines the importance of search diversification.

In the next experiment, we investigated the influence of pheromone values
compared to heuristic information on performance. As illustrated in Figure B}
the results show that both, pheromone values and heuristic information are
important for achieving good performance. Both extreme cases, a = 0, i.e.,
pheromone values are ignored, and § = 0, i.e., heuristic values are ignored,
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Fig. 5. RTDs for our ACO applied to Sequence 1, using various values of o and (.

lead to performance decreases even for small problem instances. Interestingly,
using pheromone information only is less detrimental than solely using heuristic
information. This phenomenon becomes more pronounced on larger problem in-
stances; e.g., when ignoring pheromone information (o = 0), our ACO algorithm
was not able to find the best known solution to Sequence 4 within 3 CPU hours.

Finally, we studied the effect of the starting point for the construction of con-
formations on the performance of our ACO. It has been shown that real proteins
fold by hierarchical condensation starting from folding nuclei; the use of complex
and diverse folding pathways helps to avoid the need to extensively search large
regions of the conformation space [I4]. This suggests that the starting point for
the folding process can be an important factor in searching for optimal con-
formations. We tested four strategies for determining the starting point for the
folding process performed in the construction phase of our algorithm: all ants
fold forwards, starting at sequence position 1; all ants fold backwards, starting
at sequence position n; all ants fold forwards and backwards, starting in the
middle of the given sequence; and all ants fold forwards and backwards, starting
at randomly determined sequence positions (in which case all ants can fold from
different starting points). As can be seen from Figure[d, the best performance is
obtained by letting all ants start the folding process from individually selected,
random sequence positions. This result is even more prominent for longer se-
quences and suggests that the added search diversification afforded by multiple
and diverse starting points is important for achieving good performance.
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Fig. 6. RTDs for our ACO for Sequence 1, using various strategies for choosing the
starting point for constructing candidate conformations.

5 Conclusions and Future Work

In this paper we introduced an ACO algorithm for the 2D HP protein folding
problem, an extremely simplified but widely studied and computationally hard
protein structure prediction problem, to which to our best knowledge, ACO has
not been previously applied. An empirical study of our algorithm demonstrated
the effectiveness of the ACO approach for solving this problem and highlighted
the impact of various features of our algorithm, including elitist pheromone up-
date and randomly chosen starting points for the folding process.

In this study we presented first evidence that ACO algorithms can be success-
fully applied to protein folding problems. There are many directions for future
research. Clearly, there is substantial room for improvement in the local search
procedure. In preliminary experiments with a conceptually simpler local search
procedure designed to minimise the occurrence of infeasible configurations we
have already observed significant improvements over the results presented here.
Furthermore, different heuristic functions should be considered; in this context,
techniques that allow the approximation of the size of a protein’s hydrophobic
core are promising. It might also be fruitful to consider ACO approaches based
on more complex solution components than the simple local structure motifs
used here. Finally, we intend to develop and study ACO algorithms for other
types of protein folding problems, such as the 3-dimensional HP model in the
near future [I7]. Overall, we strongly believe that ACO algorithms offer consid-
erable potential for solving protein structure prediction problems robustly and
efficiently and that further work in this area should be undertaken.
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An Experimental Study of a Simple Ant Colony System
for the Vehicle Routing Problem with Time Windows
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Abstract. The Vehicle Routing Problem with Time Windows (VRPTW)
involves scheduling and routing of a vehicle fleet to serve a given set of
geographicaly distributed requests, subject to capacity and time constraints.
This problem is encountered in avariety of industrial and service applications,
ranging from logistics and transportation systems, to materia handling
systems in manufacturing. Due to the intrinsic complexity of the problem,
heuristics are needed for analyzing and solving it under practical problem
sizes. In this paper, a model of an Ant Colony System (ACS) is proposed to
solve the VRPTW. The aim here is to investigate and analyze the performance
of the foraging model of a single colony ACS to solve the VRPTW from an
experimental point of view, with particular emphasis on different initial
solution techniques and different visibility (desirability) functions. Finaly,
experimenta analyses are performed to compare the proposed model to other
metaheuristic techniques. The results show that the single colony ACS
agorithm, despite its simple model, is quite competitive to other well know
metaheuristic techniques.

1 Introduction

Transportation systems are the response to the ever-growing needs for contacts
between individuals, companies, or societies. The internal structure and the
distribution management of the transportation systems, and their importance and
effects on economical, social, and environmental aspects are the subject of many
specialized studies and publications. However, the vehicle fleet planning is
responsible for an important fraction of the economical, social and environmental
aspects.

We view the problem as a combined vehicle routing and scheduling problem
which often arises in many real-world applications. This combination is often known
as the Vehicle Routing Problem with Time Windows (VRPTW). It is focused on the
efficient use of afleet of vehicles that must make a number of stops to serve a set of
customers, and to specify which customers should be served by each vehicle and in
what order so as to minimize cost, subject to vehicle capacity and service time
restrictions. In fact, The VRPTW is a generalization of the well-known problem of
vehicle routing (VRP) in which the time dimension incorporated in the form of
customer-imposed time-window constraint. The problem involves assignment of
vehicles to trips such that the assignment cost and the corresponding routing cost are
minimum. We maintain that a hierarchical objective function can be used, where the
minimization of vehicles is the primary criterion and the total length of their toursis
considered as secondary objectives.

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 53-64, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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The reader may consult the review surveys on the VRPTW reported in [6,7,8].
The complexity of different vehicle routing and scheduling problems are investigated
and reviewed by Lenstra and Rinnooy [14]. It was found that almost all problems of
the vehicle routing and scheduling are NP-hard. Moreover, it was recently proved that
to solve the VRPTW is NP-hard in the strong sense [11]. The first work proposing an
exact algorithm for solving the VRPTW was reported in 1987. This algorithm was
based on the dynamic programming technique. Subsequently, more successful
approaches were introduced based on column generation and Lagrange Relaxation
techniques. Only a small set of Solomon's 56 test problems were solved to optimality.
Recognizing the complexity of the problem, many researches have recently focused
on approximation algorithms and heuristics to solve the problem. Solomon in 1987
was among the first to generalize VRP heuristics for solving the VRPTW. Thangiah
et a in 1994 applied different approaches based on Tabu Search, Simulated
Annealing, and Genetic algorithms. They were able to achieve improved solution
quality by hybridizing these approaches [16]. Rochat and Taillard in 1995 presented a
probabilistic technique for the diversification and intensification of the Tabu Search
[8]. Chiang and Russell in 1996 applied Simulated Annealing [4]. Taillard et a. in
1997 used adaptive memory with different neighborhood structure [12]. Chiang and
Russell in 1997 applied reactive Tabu Search that dynamically adjusts its parameter
settings during the search [6]. Gambardella et a. in 1999 applied two ant colonies to
solve the problem based on the Ant Colony System (ASC) [13]. More recently, Tan et
al. applied the Tabu Search, Simulated Annealing and Genetic algorithms to solve the
VRPTW based on their basic models[17].

Recently, a few models of natural swarm-intelligence are presented and
transformed into useful artificial swarm-intelligent systems such as ant systems [1].
Those systems are inspired by the collective behaviour of social insect colonies and
other animal societies. They have many features that make them a particularly
appealing and promising approach to solve hard problems cooperatively.
Furthermore, swarm intelligence systems are more appealing for distributed
optimization, in which the problem can be explicitly formulated in terms of
computational agents. A number of algorithms inspired by the foraging behavior of
ant colonies have been recently applied successfully to solve many hard combinatorial
optimization problems, and it has been shown that the improvement attained by ACS
algorithms can make them a competitive to other meta-heuristic techniques [1], [10].

The aim of this work is to investigate and analyze the performance of the
foraging model of a single colony ACS to solve the VRPTW from an experimental
point of view, with particular emphasis on different initial solution techniques and
different visibility (desirability) functions. The methodology starts by generating an
initial solution for the ACS by using a constructive heuristic technique, and allow the
ants improve the solution without applying any local search improvement.

The remainder of this paper is organized as follows. a mathematical formulation
for the VRPTW s given in Section 2, the concept of the Ant Colony system is
described in Section 3, and the methodology of solving the VRPTW based on the Ant
Colony System model with different components of the algorithm is described in
Section 4. The computational results based on well-known data sets are presented in
Section 5 along with a comparative performance analysis involving other
metaheuristic Section 6 provides some concluding remarks.
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2 Mathematical Formulation for the VRPTW

The VRPTW can be formally stated as follows: given the graph G=(V, A), where V
denotes the set of al verticesin the graph; it consists of the subset C, plus the nodes 0
and n+1, which represent the depot. C={1,2,.....,n} is the set of customers to be
served. Given K the set of available vehicles to be routed and scheduled. The vehicles
are identical with the capacity Q. Every customer ieC has a positive demand d;,
service time s, and a time window {eg, I;} in which the service should start. g and |;
are the earliest and the latest service time respectively allowed to serve the customer i.
A cost Cj; and atravel time t;; are associated with each arc. At each customer location,
the start of the service must be within the time window. A vehicle must also leave and
return to the depot within the time window {ey, l¢}. xkij isone if vehicle k drives from
node i to node j, and O otherwise. b¥ denotes the time for which a vehicle k starts to
service customer i. The service of the customers must be feasible with respect to the
capacity of the vehicles, and the time windows of the customers serviced. The
objective is to first minimize the number of routes or vehicles, and then the total
distance of all routes. However, the problem can be stated mathematically as:

Minimize:
c. X< N

22 ; %
subjectto:

k=9 OiocC ()
% &5
;di;@gq Ok OK (©)
[ J
;ng =1 Ok OK (4)
J
;)(ilfn+1=1 OkOK )
;xikh-;xrfj =0 OhOC,0kOK (6)
J J
bX+s +t, +M(L-x") <b* 0i, ] ON,Ok DK (7)
e <b <l OiON,OkOK (8)
Xk {0 Oi,jON,OkOK 9)

Constraint (2) states that every customer is visited exactly once, and constraint
(3) states that no vehicle is loaded with more than the capacity allowed. Constraints
(4), (5), and (6) ensure that each vehicle leaves the depot O; after arriving at customer
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node the vehicle leaves again, and finally arrives at the depot n+1. The inequality
constraint (7) states that a vehicle k cannot arrive at node j before time {b*+ S+t;}
elapses, if it is traveling from node i to node j. M in this constraint is a large scalar.
Constraint (8) ensures that the service of each customer starts within a customer time
window. Finally, constraint (9) is the integrality constraint.

3 TheAnt Colony System

The basic idea of the Ant Colony Optimization (ACO) is that a large number of
simple artificial agents are able to build good solutions to hard combinatorial
optimization problems via low-level based communications;, Real ants cooperate in
their search for food by depositing chemical traces (pheromones) on their path. An
artificial ant colony simulates the behavior in which artificial ants cooperate by using
a common memory that corresponds to the pheromone deposited by real ants. The
artificial pheromone is accumulated at run-time through a learning mechanism.
Artificial ants are implemented as parallel processes whose role is to build problem
solutions using a constructive procedure driven by a combination of artificial
pheromone. ACO isthe result of research on computational intelligence approaches to
combinatorial optimization originaly conducted by Dr. Marco Dorigo, in
collaboration with Alberto Colorni and Vittorio Maniezzo [9]. We refer to Dorigo et
al. [10] and Bonabeau et al. [1] for more on the concept of Ant System algorithms and
their applications. In this paper, an Ant Colony System (ACS) algorithm is proposed
to solve the VRPTW. This algorithm was first proposed by Dorigo and Gambardella
(1996) to solve TSP. Where, an artificial ant is considered as an agent that moves
from city to city on a TSP graph. The agents traveling strategy is based on a
probabilistic function that considers two things. Firstly, it counts the edges it has
traveled accumulating their length and secondly it senses the trail (pheromone) left
behind by other ant agents. An agent selects the next city j among a candidate list
based on the following transition rule:

B ; .
J.:élarr.zlmaxumik{[m(t)].[rzm(t)] } fasa o

Sy if gq=q,,
Pty = Lo 117, O D

Z[Til O, o1

where, q is a random variable uniformly distributed over [0,1], qo is a tunable
parameter in the interval [0,1], and J belongs to the candidate list and is selected
based on the above probabilistic rule as in Equation (11). Each agent modifies the
environment in two different ways:

Local trail updating: As the agent moves between cities, it updates the amount of
pheromone on the edge by the following formula:

r;(t) =@-p)r;(t-D+pr1, (12)
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The value 1, is the initia value of pheromone trails and can be calculated as
%= (n.Ln) ", where n is the number of cities and L, is the length of the tour produced
by one of the construction heuristics.

Global trail updating: When all agents have completed a tour the agent that found
_ P
r;(t) =(1-p)r;(t-1) e (13)

the shortest route updates the edges in its path using the following formula:
where L™ isthe length of the best tour generated by one of the agents.

4 ACSMode of VRPTW

The first ant system is applied by Bullnheimer in 1997, and 1999 to one of the vehicle
routing problems called Capacitated Vehicle Routing Problem (CVRP) [2,3].
Recently, Gambardella et a. [13] applied two ant colony systems for VRPTW to
successively optimize the number of vehicles and the total length in a hierarchy
manner. They improved some of the best-known solutions by the cooperation
between the two colonies.

In order to investigate the performance of the most recent ant system (ACS), a
simple model of a single colony system is proposed in this work to solve the VRPTW
with hierarchical objective function. The basic idea is to let the ACS perform its
search in the space of local minima rather than in the search space of all feasible
tours. The model of ACS is applied to the VRPTW by transforming it closely to the
traditional Traveling Salesman problem (TSP) as proposed by Gambardella et al. [13].
The transformation can be done by staring from the initial solution and assigning a
number of depots equal to the initial number of vehicles, the distances between copies
of the depots are set to zero, and with same coordinates. Figure 1 depicts this
representation.

The advantage of this representation is that the trails in terms of pheromone
update are less attractive than in the case of single depot representation. The approach
starts by applying atour construction heuristic for creating a good initial solution, and
then let the ACS operates on the search space of local optima to guide the search
toward the global optimum. The ant constructive procedure is similar to the ACS
constructive procedure designed for the TSP in [10]. In this procedure, each agent
(ant) starts from a randomly chosen depot, and moves to the feasible unvisited node
(customer) based on the transition rule until finish all the remaining unvisited nodes.

In each agent step, exploration and exploitation mechanism is applied for the
diversification and intensification balance, visibility (desirability) is computed for the
transition rule, and the pheromone of the selected edge is updated locally. The global
update rule is update at the end of al ant tours in which the pheromone of the best
solution edges is update. However, the mount of pheromone updated in Equations 12
and 13 does not only depend on the length of the tour as considered in TSP but on the
number of depots (number of vehicles).
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4.1  Initial Solution Techniques

Several researchers have pointed out the importance of the quality of initial heuristics
on the performance of different metaheuristics such as the construction heuristics
proposed by Solomon in 1987. In this paper, two effective heuristics are applied to
generate the initial solution for the ACS, namely, the insertion heuristic (11), and the
Nearest Neighbor (NN) [15].

[10:00-11:00] @ [9:15-9:45]

[10:45-11:15]

[11:00-11:30]

[10:45-11:45]

[8: 30930] DepotS[s 00-12:30]

[8:15-930]
[9 00-10:00]

[8:00-8:45] \ O [9;45-1

[10:15-11:00]
Fig. 1. Transformation of VRPTW instance to the corresponding TSP

Insertion (11) heuristic. The insertion heuristic considers the insertion of an
unvisited customer u between two adjacent customersi,, and i, in a partially finished
route. We focus on the most effective Solomon the sequential insertion heuristic
called (11) [15]. This heuristic applies two criteria one for selecting best position of
the unvisited customer and the other for the customer who has the best cost. The
cheapest insertion cost and the associated insertion place for each unvisited customer
are calculated using the following formulas:

Co =l +dy (14)
C, =d +d; - ud; (15)
C, =b, -b, (16)
C =a.C,+a,C, a7)

, =Ad,, —C, (18)

where, a,+a, =1, y=0,andA=0

Notation C, refers to the cost of the first customer inserted in a new aroute, C;
refers to the cost of the best position, and C, refers to the cost of best customer. |;
refersto the latest service time of customer i, dy; is the distance from the depot to the
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customer i. di, d; and d; refer to the distance between the corresponding pair of
customers. by and by, refer to the begin of service before and after the insertion
respectively.

Nearest Neighbor heuristic. The most natural heuristic for the routing is the famous
Nearest Neighbor agorithm (NN). NN algorithm belongs to class of sequential, and
tour building heuristics. It first introduced by Flood in 1956 and first applied to
VRPTW by Solomon in 1987 [15]. However, the simplicity and the low computation
time are the most advantages of this algorithm. The algorithm starts every route by
finding the closest unvisited customer in terms of geographical and temporal aspects.

4.2  Visibility Functions

Visibility (7;) is based on strictly local information and it measures the attractiveness
of the next node to be selected. On the other hand, it represents the heuristic
desirability of choosing next customer j after customer i. In the ant system algorithms,
visibility is used with the amount of pheromone to direct the search based on the
transition rule. It is important to include the visibility term in the transition rule
because without the heuristic desirability the algorithm will lead to the rapid selection
of tours that may give bad performance [1]. Three types of cost functions are
presented and implemented, and the inverse of the cost is used as the visibility
measure (7;=1/ C;).

Typel: This function is introduced by Solomon in 1987 [15] to evaluate the cost of
visiting the next customer in the Nearest Neighbor (NN) heuristic. It measures the
direct distance, the time difference between the completion of service at customer i
and the beginning of service at customer j, and the urgency of delivery to customer j
asin Equation 21.

Ty =b—-(b +s) (19)
\ zlj_(q+3+tij) (20)
Cj =wdy + W, Ty + W,V (21)

where, w +w,+w;, =1

Notation d; refers to the Euclidean distance between customersi and j. Tj; refers
to the time difference between the completion of service at customer |, and the
beginning of service at customer j. V;; refers the urgency of delivery to customer j.
Type2: This function is introduced in the work of Gambardella et a, [13], and it was
used as the visibility measure to optimize the total tour time. It is computed by taking
the product of the time difference between the completion of service at i and the
beginning of service at j (T;), and the urgency of delivery to customer j (V).

Vij :|j_(b| +§) (22)
G =TV (23)
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where, Tj; is calculated according to Equation 19 and Vj; is calculated according to
Equation 22.

Type3: The above functions are defined in terms of the travel time and the time delay
due to the selection of the next customer j. The travel time can be incorporated in the
time difference between the completion of service at i and the beginning of service at
j, as in Equation 19, and the waiting time can be incorporated in the urgency of
delivery to customer j as in Equation 22. However, it has been shown from the
preliminary computational experiments, the above functions are not best suited for
some problems, especially in random problem sets. In fact, the positions of the
customers are scattered in the Euclidean space, and they are identified by x and y
coordinates. Therefore, it is useful if the position angle is considered in the attractive
measure of the next customer. In order for theType2 function to be modified the
difference between the position angle of the current customer and the candidate
customer isintroduced as a second term as seen in Equation 25.

R, :‘Bj _9|| (24)
C; =wi.(T; V) + W, B, (25)

where, ¢ and 6 are the polar coordinate angles of the customer i, and j respectively.
The first term of the cost function represents the travel time T;; and the time delay Vj;,
and they are calculated according to Equation 19 and Equation 22 respectively. The
second term represents the difference in the position angle between the current
customer i and the candidate customer j, and it is calculated according to Equation 24.

5 Computational Results and Comparisons

ACS model of VRPTW is implemented in C++. The Experiments have been
performed using 6 well-known data sets. The performance was studied on each of the
six data sets by running 10 computer simulations for each of the 56 problem
instances. It has been found from the these experiments that the best values of the
ACS parameters are: Number of ants=100, =1, p=0.15, g0=0.85 with the number of
cycles (Iterations)=300. The following are the values of weights that are used in al
problem instances:

Insertion heuristic (11): u=1, A=2, 01=0.9, 02=0.1

Visibility function (Typel): W,=0.2, W,=0.7, W5=0.1

Visibility function (Type3): W;=0.95, W,=0.05

51 Problem Data Sets

In order to demonstrate and confirm the improvement in the solution of VRPTW
based on the proposed algorithm, performance tests on problems with different
properties were carried out. Standard benchmark problem instances are available to
support empirical investigations and facilitate meaningful comparison in the
performance. Solomon in 1987 introduced 56 problem instances [15]. The instances
are subdivided into six problem classes (C1, C2, R1, R2, RC1, RC2) with specific
properties as shown in Table 1. The problems vary in fleet size, vehicle capacity,
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travel time, spatial, and temporal customer distribution (position, time window
density, time window width, and service time). Each problem instance involves a
central depot of vehicles, one hundred customers to be serviced, as well as constraints
imposed on vehicle capacity constraint, customer visit or delivery time (time
windows), and total route time. C1 and C2 data sets are characterized by a clustered
customer distribution whereas R1 and R2 refer to randomly distributed customers.
Data sets RC1, RC2 represent a combination of a random and a clustered customer
distribution. Problems in classl are characterized by narrow time window and small
vehicle capacity while problems in class2 are characterized by the wide time window
and large vehicle capacity. C1, R1, and RC1 include short scheduling horizon and
small vehicle capacity problems. The latter types C2, R2, and RC2 include long
scheduling horizon and larger vehicle capacity. The data sets use distances based on
the Euclidean metric and assume travel timeis equal to travel distance.

Table 1. Summary of the data sets.

Data set Customers | Instances Comments
R1 100 12 Random, Short routes.
R2 100 11 Random, Long routes.
C1l 100 9 Clustered, short routes.
C2 100 8 Clustered, Long routes.
RC1 100 8 Random, with clusters, Short routes.
RC2 100 8 Random, with clusters, Long routes

5.2  ACSPerformance Using Different Initial Feasible Heuristics and
Different Visibility Functions

A comparison on the performance of ACS with different methods is summarized in
Table (2). The performance here is measured in terms of the average best solution
seen so far for each data set. The table obtained the results of running ACS agorithm
with different methods. The insertion (11) and Nearest Neighbor (NN) are used to
obtain initial solutions and the different visibility functions are used in the ACS
(Typel, Type2, and Type3). The solution quality is based on minimizing the number
of routes followed by the total distance. That is, a solution with k number of routesis
better than k+ 1 routes, even if the total distance for the k route is greater than k+1
routes. The best average solutions in terms of routes number and total distances for all
methods with respect to each data set are highlight in bold.

For problems in which the customers are uniformly distributed and semi
clustered (data sets R1, R2, RC1, and RC2), the ACS+11 with the visibility function
(Type3) obtains better average solutions in comparison to the ACS with the other
methods. While the ACS+NN with the visibility, function (Type3) does well for
problems in which the customers are clustered (data sets C1, and C2). In general, it
was found that the best solutions, for al the data sets, are found by using visibility
function Type3 in ACS with both initial solution methods.
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Table 2. Average number of tours and length obtained for the six data sets using two heuristics
with different visibility functions.

ACS-+ ACS-+

Data Typel Type2 Typed Typel Type2 Typeld

set. | Tours Tength Tours Tength Tours Tengthl Tours Tength Tours Tength Tours Tengt:
R1 13.25 147441 13.25 1448.0] 13.08 1441.08 13.42 1452.2| 13.17 1434.8 | 13.42 1436.1
R2 318 1361.01 318 1309.0]1 318 129409 318 1413.11( 318 1333.5( 318 13294
C1l 10.33 1150.2] 10.44 1126.7 10.44 1118.6] 10.00 1004.0] 10.00 953.11| 10.00 949.67
2 338 k3000 313 710.00] 325 GIRKK| 325 79913| 300 72763 3.00 TI7.88
RC1 {1325 1611.7113.00 1560.8 | 12.88 156688 13.00 162521 13.00 1593.01 13.00 1620.6
RC2 [ 363 161731 338 157081 338 152128 350 164321 338 156081 350 1536.2

53  Synergistic Effects (Cooperative within the Low Level Agents)

In this simple experiment, we tried to illustrate how the set of agents cooperatively
improve the solution of the problem within their low level of cooperation. We
realized that in the most of the problem instances the pheromone update has a
significant contribution in the improvement of the current solution compared with
solution obtained without pheromone update as you see in one of the problem
instances (Figure 2).
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Fig. 2. Improvement in the solution quality by ACS for the problem R101.txt

54  Comparison with other Heuristics

Table 3 compares the average solution obtained by five different heuristics and the
ACS. As shown, the ACS+I1 with the visibility function (Type3) obtains the best
average solution for data sets R1, R2, RC1, and RC2 in comparison to the five
competing heuristics. The heuristic TSAS of Thangiah [16] obtains the best average
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solution for the data sets C1, and C2, and ACS+NN with the visibility function
(Type3) obtained the same number of tours with large total distance in these data sets.

Consistently, ACS produces higher performance solutions relative to competing
heuristics on problems that are uniformly distributed and semi clustered when the
insertion heuristic is applied to generate the initial solution. In terms of computation
time, it is very difficult to compare the various approaches, due to different languages
and hardware. However, ACS looks a little bit computationally expensive compared
with the other heuristics.

Table 3. Average number of tours and length obtained for the six data sets by the ACS
algorithm and five other competing heuristics

Data SA Td GA S TSSA ACS4T1 ACS+ NN

set. | Tours Lengthl Tours Lengthl Tours Lengthf Tours Lengthl Tours Lengthl Tours Lengthl Tours Lengtl
R1 1450 142019 1383 126624 1442 131484 1370 125200 1330 1242 00 13.08 1441.08 1342 1436 17
R2 364 127897 382 108023 564 109349 320 116900 320 111300 3.18 1294.04 318 1329 44
1 1011 958571 1000 70931 1011 K60 GAA1 1000 K3 001 10.00 831.001 1044 1118 67 1000 949 67
2 327 76646] 325 63482] 3925 62349 300 68700 3.00 663.00] 325 GIR K 300 71788
RC1 1475 1648 77 1363 1458 18 14 63 151293 1340 145400 13 00 141300 12.88 1566.88 13 00 1620 68
RC2 4925 164189 425 129334 700 1282471 3801 124900 390 125700 3.38 1521.25 350 1536 24
L e%end:
AS', TS', and GA™: best solution obtained using Simulated Annealing, Tabu Search,

and Genetic Algorithm metaheuristics of Tan et al. [17].
SA? and TSSA% Simulated Annealing, and hybridizing approach between the Tabu
Search and the Simulated Annealing metaheuristics of Thangiah et al.[16].

6 Conclusion and Further Work

A simple Ant Colony System (ACS) model is proposed to solve the VRPTW. The
model is applied to the well-known data sets, and the performance is evaluated for
each data set based on the average number of tours and the total length. In addition,
the performance of the ACS to solve the VRPTW is improved by modifying the
visibility functions that are introduced before.

In comparison with the other metaheuristics, ACS performs uniformly better than
the other metaheuristics with the exception of the clustered data sets. However, ACS
obtains solutions that are as close as the best solutions obtained by ASTS for clustered
data sets. ACS does not tend to compete the best solution published so far. Thisisto
be expected, as the ACS algorithm requires local search procedure to improve the
solutions that are generated from the ants as proposed in the formal algorithm.
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Abstract. The present work is focused on the assembly line balancing design
problems whaose objective is to minimize the number of stations needed to
manufacture a product in aline given afixed cycle time, equivalent to afixed
production rate. The problem is solved usng an ACO metaheuristic
implementation with different features, obtaining good results. Afterwards, an
adaptation of the previous implementation is used to solve areal case problem
found in a bike assembly line with a hierarchical multi-objective function and
additional constraints between tasks.

1 Introduction

The assembly line balancing problem ALBP consists on assigning the tasks in which
a final product can be divided to the work stations in its assembly line. Using the
classification given by Baybards [4], the assembly line balancing problems can be
divided in two general categories. SALBP (Simple Assembly Line Balancing
Problems) and GALBP (Generalized Assembly Line Balancing Problems).

The first set of problems (SALB) can be formulated as: find an assignment of tasks
to a set of work stations (each one consisting on a worker, a workgroup or robots)
with identical cycle time or production rate, from a set of elementary tasks with
previously defined duration. Each task can only be assigned to one work station and a
set of precedence relationships must be fulfilled. The problem is a generalization of
the Bin Packing problem where precedence constraints are added. Three formulations
of the objective are found in the literature:

Minimizing the number of stations given a fixed work rate, cycle time of the ling;
problem known as SALBP-1 which will be the problem studied in this work.

Minimize the cycle time given to each workstation to do their tasks given a fixed
number of workstations, problem known as SALBP-2.

To minimize the total idle time of the assembly line, equivalent to maximize the
line efficiency, with alower and upper bound to the number of stations. This problem
isknown as SALBP-E

The second category, GALBP is composed by the rest of problems, including those
problems showing extra constraints, different hypothesis and different or multiple
objective functions. Some models in this category have been studied in the literature
including problems with parallel workstations [6], task grouping, [7] and
incompatibilities between tasks [1]. As the objective function for these problems are

M. Dorigo et a. (Eds.): ANTS 2002, LNCS 2463, pp. 65-75, 2002.
© Springer-Verlag Berlin Heidel berg 2002
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partially or completely the same function from their SALBP counterparts, we will
keep the same notation for the objective.

It'simportant to remark that all SALBP and GALBP instances have the property of
reversibility, a solution to an instance where precedence relationships between tasks
have been reversed is also a solution to the original problem. Reversing an instance
consists on substituting all precedence constraints of the origina instance by their
reverse precedence constraints; for each pair of tasks i and j where task i is a
predecessor of task j, the reverse instance will have a precedence relationship where
task j is a predecessor of task i, while maintaining al other constraints untouched.
This property has been used in some exact approaches, [17].

Several exact approaches for assembly line balancing problems have been
proposed. The most effective approaches are those based on implicit enumeration,
[12], [13] and [17]. Even though branch and bound procedures perform well,
problems with big dimensions found in industrial settings are usually solved using
heuristics, allowing smaller running times to obtain good solutions and facilitating the
adaptation to real industrial concerns not found in the academic models. Heuristic
approaches have been formulated in the literature for the SALBP-2, [20], and
SALBP-1 family of problems, [3], [5] and [19].

A first class of heuristic procedures applied to the problem are greedy heuristics
based on priority rules [11]. Priority rules usually refer to or combine characteristics
of the instances, as the processing time of tasks, the number of successors of a task,
lower and upper bounds on workstations, etc. to decide which tasks should be
assigned first. Annex | show alist of different priority rules found in the literature.

The greedy procedure assign tasks to a station using the priority rule to determine
the most appropriate task between a set of tasks compatible with tasks already
assigned until the station is filled. The set of candidate tasks is composed by those
tasks whose predecessors has already been assigned, its processing time is not bigger
than the remaining available time in the station and fulfill any problem specific
congtraints. Once the set of candidate tasks becomes empty, no other task can be
assigned to the current station, the procedure creates a new station and begins to
assign tasksto it.

These greedy procedures usually use a single priority rule and provide good mean
results, usually improving as the number of characteristics from the instance taken
into account by the rule increases, but no single rule dominates all other rules for all
instances of the problem.

A second class of heuristic procedures is constituted by the GRASP (Greedy
Randomized Adaptive Search Procedure) [3], and ACO metaheurigtics, that allow the
generation of several solutions due to the incorporation of randomness in the
procedure. On each iteration of the greedy procedure, a task is chosen from a subset
of the candidates using a probabilistic rule which may take into account a priority rule
and information obtained by previous iterations.

Finally, athird class of heuristics are local search procedures. Between them: the hill-
climbing procedures (HC), the simulated annealing (SA), the tabu search (TS), [16],
and the genetic algorithms (GA) [3]. This class of heuristics provide alternative ways
to find new solutionsin a solution space limited by the neighborhood definition.

This work is divided in the following sections. In section 2 a constructive heuristic
and alocal search procedure for SALBP-1 problems are shown. Section 3 proposes an
ACO heuristic approach to the SALBP-1 problem based on the AS heuristic [9], for
the traveling salesman problem, analyzing different models of trail information
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maintenance and the hybridization with a local search heuristic shown in section 2.
Section 4 covers a computational experiment with a benchmark instance set to the
problem, [16], for the previous proposed heuristics. Finally section 5 details the
adaptation of the implemented heuristics to a specia real GALBP application found
in the bike assembly industry to finish in section 6 with the conclusions of thiswork.

2 Greedy Heuristicsfor SALB-1 Problems

Figure 1 shows a schematic model of a constructive, greedy, heuristic to generate
solutionsfor SALB and GALB problems.

The heuristic works as follows: tasks are selected one by one, using the associated
priority rule (or rules) which identify the algorithm, from a set of tasks satisfying
precedence relationships, time limitations and incompatibilities with the already
congtructed part of the solution. After a complete solution is found, a local search
procedure can be applied to the solution to improveit.

Obvioudly, to define the heuristic at least a priority rule must be selected: Annex |
shows a list of thirteen heuristics rules found in the literature and an example of its

usage.

All tasks
have been
selected?

yes
, Local
search

e

Build candidate
list

Ascertain station
constraints

are tasks in
the list?

Assign task:
Priority ru le

‘

Calculate remaining
time in the station

Fig. 1. Procedure scheme for obtaining solutionsto SALB-GALB problems.

The final results obtained are the number of stations needed, an assignment of tasks
to each station and, if needed by any other part of the algorithm, an ordered list
containing when the tasks were selected.
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2.1 Hill Climbing Procedure

The proposed local search procedure starts with a solution to the problem and tries to
reduce the objective function of the SALBP-1 minimizing the number of stations
needed. Unfortunately due to the structure of the solution space of SALBP-1, many
sol utions exists with the same objective function value, and usually the whole solution
neighborhood have the same objective function value, making direct approaches not
useful. Instead of this, the algorithm tries to achieve the goal using a different strategy
consisting on minimizing the idle time in the first stations of the solution, and thus
maximizing the idle time in the later stations. Eventually, and as a side effect, the last
station might end up with no assigned tasks and thus it can be eliminated, reducing
the objective function value.

The neighborhood is defined by two possible operators: (1) exchange the station of
two tasks if the task duration which is moving to the station nearer to the initial
station is greater than the task duration moving to the station nearer to the final
station, and (2) moving a task from a station to a previous station. Both operators are
forced to construct feasible solutions discarding any not feasible solution they might
reach to, and not to accept any exchange whose solution is worse than the previous
one. The algorithm is applied in such a way that once an improvement is found it is
automatically applied on the solution. At the end of the procedure if the final station is
completely idle the objective function is decreased.

A different approach is given by [16], consisting on a transformation of the
SALBP-1 instance in a SALBP-2 instance with a fixed number of stations equal to
one less than the number of stations of the original solution. Tasks assigned to the last
station in the original solution are assigned to the last station of the transformed
solution, and the objective is to minimize the cycle time under the cycle time
congtraint given to the original SALBP-1. If we obtain a solution for the transformed
problem with a cycle time equal to or inferior to the cycle time given in the SALBP-1
problem, this assignment of tasks is a valid solution for the original SALBP-1
problem with smaller objective function than the original solution. The process can be
repeated until no improvement is obtained.

3 Ant Colony Algorithmsfor SALBP-1

During the development of the ACO metaheuristic from its beginning [9], up to the
last implementations [18], different variations, some dight some other more
important, of the origina approach have been formulated, and several different
algorithms have appeared. Our approach takes the AS heuristic as presented by [10]
as its starting point. In each iteration m ants, we will call them subcolony, build
solutions to the problem. Each ant iteratively chooses tasks using the constructive
approach shown in section 2, where a probabilistic rule based on a priority rule and
the trail information deposited by previous ants are used to guide the search. The
heuristic information, indicated as n,, where i is a task, and the trail information,
indicated as T, are in advance indicators of how good seems to assign the task i in the
current decision. As more than a single priority rule are available in the literature for
this problem, we opt for assigning a different rule to each ant of the subcolony, and
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additionally to use the inversability property, some ants will solve the direct instance
while others the reverse instance. As there are thirteen rules available from the
literature and two ants of each subcolony use the same priority rule, one for the direct
problem and the other for the reverse problem, each iteration, or subcolony, is formed
by twenty-six ants.

The different policies to manage in which characteristics of the solution the trail
information will be left and two techniques to read the information have been tested.
The three trail information usage policies are: (1) The trail information is deposited
between correlative tasks (i,i+1) in an ordered assgnment list, (T, meaning the
existing trail information between task j and task i), called trail between pair of tasks,
(2) the trail information is deposited between the task and the iteration in which the
task was selected ( meaning the trail information existing between the task i and the
position in an ordered list of decisions j) called trail between task and position, and
(3) the trail information is left between the task and its assigned station (where T,
mean the existing trail information between task j and station i), and called trail
between task and station.

To keep information in such a way that it's possible to use it for ants solving the
direct and the reverse instance, the trail information for reverse instances is deposited
in the following ways: (1) The trail information is left between correlative pairs of
tasks (i,i-1), (2) The task is left between a task and the position (number_of tasks -
chosen_position), and (3) the trail information is left between a task and the station
(upper_station_bound — chosen_station).

The two ways used to read information are: (1) direct trail information reading,
called direct evaluation, and (2) summed trail information reading, as [15], called
accumul ative evaluation.

Under the previous hypothesis, the probability of assigning task j from a set D of
candidate tasksis as follows:

a £ 1
[5] [7] @

ZhDD [Tih]a[nh]ﬁ

Where T, and T, will depend on the trail information updating policies and n;, n,
the priority of each task for the given rule. Due to the differences between the range
of values each priority rule can have, the heuristic information n, is linearly
normalized between 1 and the number of candidate tasks for each task i. This
approach was firstly proposed in [14].

In case of accumulative evaluation, the probability to choose atask is asfollows:
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Where k represent, depending on the trail information updating policy, all
previously selected tasks, all previous assignment positions or al previous stations.

In both cases, o and 3 are two constants determining the relative influence of the
heuristic information and the trail information in the ants decision process.

P; =
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Additionally, the management policy to read the trail information takes into
account if the direct or reverse instance of the problem is being solved, eg. if the trail
information policy is to keep trail information between tasks and stations in an
accumulative fashion, the reading of trail information for the reverse instance to
assign the task i to the station j T, will be the summation of trails between the station
(upper_bound-j) and station (upper_bound).

The trail information is updated after each subcolony have generated and eval uated
al their ants, and only the best ants for the direct and reverse problem leave trail
information, following the elitist ant scheme from [8] for the ACS algorithm. For each
task j, the amount of trail information left equals (3) which take into account the
objective function of the solution (noted as solution) and the best solution previously
obtained by the procedure (noted as upper bound of the problem).

3
. Upper _bounql_problemEb ©)
solution

Where p is a parameter related to the evaporation factor used to harden premature
convergence problems.

Thetrail information is left betweentask j and i, wherei isthe previously assigned
task in case of trail between tasks policy is used, the position in which the task has
been assigned in case the trail information is left between tasks and positions, or the
station to which the task has been assigned in case the trail information between tasks
and stations is used. To harden convergence problems from appearing, before
depositing the trail information an evaporation occurs following the formula (4).

I :cl-_p)mij “)

The algorithm is run until the final condition is reached, which may be a fixed
number of iterations or a maximum running time.

3.1 Hill Climbing Optimization Strategy

The procedures have been tested with, and without, an additional local search
procedure inserted. The local search procedure is shown in the section 2.1, but as the
time required to apply the local search procedure is bigger than the time spent to build
solutions, the local search is only applied to the best solutions of each subcolony for
the direct and reverse instances and randomly to 1% of all solutions constructed. A
similar strategy was also used by [2], [8] and [15].

The number of tested heuristics is, thus, twelve depending on the three trail
information management policies, the two trail information reading procedures and
the use or not of the local search procedure.

4 Computational Experience

To compare the results given by the proposed procedures, we compare their results
with those present in the webpage www.bwl.tu-darmstadt.de/bwl3/forsch/projekte/
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alb/index.htm by Schall for his instance set [16], and composed of a total of 267
instances. The next table shows the differences between the best know solution and
the number of optimal solutions found by each procedure, with atime limit of one and
five minutes and parameters a=0.75, 3=0.25 and p=0.1. After the results are shown,
the differences between the presence of a local search procedure or not, the trail
information management policy and the reading policy and running times are
analyzed.

Table 1. Results obtained by each procedure. The number of optimal solutions, the mean
variation between the optimum solution and the obtained solution of the optima or best
solution known is reported. The trail information management policy used is referred as task-
station (TS), task-position (TP) and task-task (TT). The reading trail information procedure is
refered as direct (D) or accumulative (A) and the use of the local search procedure (LS) or not
(NLS).

Procedure Optimal Sol.  Deviation Rate  Optimal Sol.  Deviation Rate

(I min.) (2 min.) (5min.) (5min.)

TSD-NLS 169 0.461 % 173 0.404 %
TSD-LS 172 0.436 % 175 0.379 %
TSA-NLS 162 0.493 % 168 0.45 %
TSA-LS 161 0.493 % 164 0.475 %
TTD-NLS 172 0.454 % 175 0.426 %
TTD-LS 160 0.514 % 171 0.454 %
TTA-NLS 178 0.426 % 182 0.394 %
TTA-LS 177 0.436 % 178 0.415 %
TPD-NLS 164 0.46 % 172 0.433 %
TPD-LS 165 0.472 % 171 0.44 %
TPA-NLS 180 0.39% 182 0.379 %
TPA-LS 177 0.418 % 180 0.401 %

4.1 Presenceof aLocal Search Procedure

With alimited running time of one minute, four algorithms with local search perform
worse than their counterparts without local search. This number even increases when
the running time is limited to five minutes.

As shown, the incorporation of this element is not very attractive for the problem.
The time spent in the intensive exploration of the neighborhood of a solution doesn’t
help the ants very much to obtain the same results exploiting the trail information.
Only for the case where trail information is left between tasks and stations, the
algorithm obtains better results than their counterpart without local search, and only if
the reading trail information policy is the direct one, even though this difference is
reduced when the algorithm is given more computation time. This is probably a side
effect of the proposed local search algorithm who tend to put tasksin the first stations
helping to create a fast and good trail information, than the obtained without the local
search.

A different approach like the transformation proposed by [16], may lead to an
improvement in the number of optimal solutions found.
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4.2 Trail Information Management and Reading Policies

Even if al procedures give similar results, the trail information management policies
between tasks and positions and between tasks seem to be more fitted than not the
task station policy. The accumulative task to task trail information management
policy which takes into account trail information between already assigned tasks and
the new assigned task is the best procedure for a direct trail information reading,
while the accumulative algorithms seem to be better than their direct counterparts.

In case of task station management policy, direct reading seems to be better.

4.3 Running Time

Small improvements are obtained when the running time is increased to five minutes,
indicating the high quality of one minute processing. Most solutions are only one
station over the best known solution even with one minute runs, showing how robust
the heuristic is, even with small computation times.

5 A Real Case Study

The following problem comes from a previous collaboration between our department
and a bike assembly industry from Barcelona, who facilitated data of the production
line, tasks attributes, precedence relationships and cycle times for each model
produced by the factory. The problem consisted on assigning one hundred and three
tasks with a cycle time of 327 seconds, one bike produced each five minutes and a
half, trying to minimize the number of work stations needed with the given cycle
time.

The real problem had several additional differentiated characteristics from the
academic model shown before, which included constraints related to incompatibilities
between tasks, some tasks couldn’t be done in the same work station with other tasks
which needed specia working conditions. That included a division of tasks between
dirty hand jobs, like some jobs related to motor assembly, clean hand jobs, like
embellishment tasks, and don’t care jobs, those were no special consideration was
kept. Additionally, the tasks possessed an additional attribute marking them as right
side jobs or left side jobs, depending on which side of the chassis the task had to be
performed. This attribute didn’t imposed a constraint, as the chassis is moved along
the line by a platform alowing this movement, but some nuisances and wasted time
was caused to the worker when turning the bike. As the number of turns was hard to
caculate exactly, the worker does its assigned tasks in the order he is more
comfortable with, we decided to try to maximize the sum of differences between tasks
donein one side of the chassis and the other side in each station.

The final objective function was a weighted function between minimizing the
number of required workstations and minimizing the number of turns in the solution.
As the primary objective was minimizing the number of stations, a multiplying factor
was applied to minimize the significance of turns in the objective solution compared
to the primary objective.
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To solve the problem, the heuristics from section 3 were used, with some special
subroutines designed to keep incompatibility constraints between tasks during the
construction of solutions, the evaluation of the number of turn existing in the solution
and a hierarchical objective function.

The local search improvement method was also modified to take care of the
additional constraints and to focus the minimization of turns present in the solution,
once we saw the optima number of stations, nine, was easy to obtain by the
procedures without local search.

The following table shows a bound in the number of turns (calculated as a sum of
each task with a chassis side associated), the solution found by a previous MILP
solution to the problem, stopped after four days of computation, and the proposed
heuristics for one and five minutes runs.

Table 2. Obtained results for each procedure in the real case problem. Additionally a trivial
bound to the problem and the solution obtained using a mixed integer linear programming
formulation is shown.

Procedure Turns Turns Procedure Turns Turns
(1 min.) (5min.) (1 min.) (5min.)

Bound 52 MILP 41
ESPD-NML 38 40 ESPD-ML 42 42
ESPA-NML 40 40 ESPA-ML 42 44
PRPD-NML 38 38 PRPD-ML 42 44
PRPA-NML 38 38 PRPA-ML 40 44
POPD-NML 46 46 POPD-ML 42 42
POPA-NML 40 40 POPA-ML 42 44

The results show that the result obtained by almost every heuristic is better than the
obtained by the exact procedure after a longer computation time, even if no local
search procedure was used, and also very near to the known problem bound that
doesn’t take into account task incompatibilities or precedence relationships between
tasks.

6 Conclusions

The present work has proposed several procedures based on the ACO metaheuristic
for the assembly line balancing problem. After showing the available greedy
procedure to solve the problem and a local search procedure, severa trail information
management policies and trail information reading techniques are studied. Some new
ideas are also described as solving the direct and reverse instance of a problem
concurrently and using severa priority rules together. Finaly the heuristics are
modified to handle a real life case found in the bike assembly industry with positive
results.
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Appendix: Heuristic Rules

Nomenclature
i,j Tasksindex
N Number of tasks
C Cycletime

: Duration of task i.

S  Setof immediate successors of task i.
Set of successors of task i.

P, Set of predecessors of task i.
Level of task i in the precedence graph.

—_—

—dm

Assign thetask z* : v(z*)=max,,[v(i)] .

Name Priority Rule
1. Longest Processing Time v(i) =t
2. Number of Immediate Successors v(i) = | IS]
3. Greatest Number of Successors v(i) =S|
4. Greatest Ranked Positional Weight v(i)=t+Y t (OS)
5. Greatest Average Positional Weight vi)= (t+2 t (GOS) /(|S]+1)
6. Smallest Upper Bound V(i) = “UB=-N-1+[(t + 3 t (jOS))/C]"
7. Smallest Upper Bound / Successors v(i)=-UB/(|S|+1)
8. Processing Time/ Upper Bound v(i) = t/UB,
9. Smallest Lower Bound v(i)=-4B=-[(t+Xt (OTRP))/C]
10. Minimum Slack v(i) = - (UB —LB)
11.Maximum Number Successors/Slack v(i)=|S|/(UB,-LB,)
12.Bhattcharjee & Sahu vi)=t +|S]|
13. Kilbridge & Wester Labels v(i) = —L,

Example: Let’'s suppose an instance with five tasks (A,B,C,D and E) with a duration
of 3,5,4,1 and 11s. respectively and a cycle time of 12s. The precedence relationships
between tasks are: A precedes B, C and D, C precedes E and D precedes E. In the
reverse instance B precedes A, C precedes A, and E precedes C and D, while keeping
the same task duration and cycle time. The heuristic weights for each task, using rule
2, are 3,0,1,1 and O for the direct instance and 0,1,1,1 and 2 for the reverse instance.
Using the greedy algorithm and a direct lexicographic order, for the direct instance, or
reverse lexicographic order, for the reverse instance to break ties, the solution to the
direct instance will have 3 stations composed by (station 1) tasks A, C and D, (station
2) task B and (station 3) task E, while the reverse instance will have 2 workstations
composed by (station 1) tasks E and D, and (station 2) tasks C, B and A.
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Abstract. This paper proposes a new framework for the optimization of logistic
processes using ant colonies. The application of the method to real data does not
allow to test different parameter settings on a trial and error basis. Therefore, a
sensitive analysis of the algorithm parameters is done in a simulation environment,
in order to provide a correlation between the different coefficients. The proposed
algorithm was applied to a real logistic process at Fujitsu-Siemens Computers,
using the set of parameters defined by the analysis. The presented results show
that the ant colonies provide a good scheduling methodology to logistic processes.

1 Introduction

In supply chain management, logistics can be defined as the subprocess of the supply
chain process that deals with the planning, handling, and control of the storage of goods
between the manufacturing point and the consumption point. In the past, goods were
produced, stored and then delivered on demand. Nowadays, many companies do not work
with stocks, using instead cross-docking centers [1]]. The goods are transported from the
suppliers to these cross-docking centers, stored, and then shipped to the customers. The
lack of storage may increase the delivery time, but it considerably reduces the volume
of invested capital and increases the flexibility of the supply chain. The key issue is to
deliver the goods in time by minimizing the stocks. The goods should be delivered at
the correct date (not earlier or later) in order to ensure the customers satisfaction.

The scheduling algorithm has to decide which goods are delivered to which cus-
tomers. Nowadays, there is an increasing need to replace the centralized static scheduling
strategies by dynamic distributed methods [2]]. One way is to assign individual agents
to the orders and let the population of agents interactively find an optimal scheduling
solution [3]]. The interaction between the agents is realized by exchanging information
about quantity, desired date and arriving date, but in logistic problems, the quantity of
information that has to be exchanged is very large. Multi-agent algorithms based on so-
cial insects can avoid this complexity. In [4]], a new ant algorithm for logistic processes

* This work is supported by the German Ministry of Education and Research (BMBF) under Con-
tractno.13N7906 (project Nivelli) and by the Portuguese Fundation for Science and Technology
(FCT) under Grant no. SFRH/BD/6366/2001.

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 76-87] 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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was proposed. Here, we extend the application of this algorithm, tune the algorithm
parameters and apply it to a real logistic process at Fujitsu-Siemens Computers.

The paper is organized as follows. The next section presents a global description of
a logistic process and a standard scheduling algorithm is briefly described, giving the
motivation for a distributed dynamic scheduling algorithm. Then, we introduce the new
framework of the ant colonies algorithm applied to the scheduling of logistic processes.
Further a simulation example and a sensitivity analysis of the algorithm parameters is
presented. Finally, the algorithm performance is tested in a real world example. The
closing section concludes this paper and defines the future research work.

2 The Logistic Process

Figure[Mlpresents a schematic representation of a logistic process, which can be described
in probabilistic terms. In fact, the birth process of the system (arrival of new orders in a
certain period of time) and the death process (delivery of orders per unit of time, or the
time it took them to be processed), can be described by the classical theory of queuing
processes [S]]. For the process being studied, this theory asserts the Poisson distribution
for the model of the birth process,

AT)" _sr

p(z, AT) = e (1

x!

where z is the random variable number of orders and AT is the parameter indicating the
probability of this event occur on a certain time T'. The death process is modeled by the
exponential distribution
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Fig. 1. General representation of the logistic process
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p(T, p) = pe *" )

where the time 7" is the random variable and y is the death rate.

2.1 Process Description

The process can be divided into five sequential steps:

— Order arrival. The client buys a product, called order, which is a set of one or more
different items, the components c;. An order must contain a desired delivery date,
which is the date required by the client for the order to be delivered.

— Component request. The different components must be requested from the external
suppliers. Each component is characterized by a certain quantity.

— Component arrival. Each component takes some time to be delivered to the logis-
tic system. This time is called the supplier delay. After this time, the component
is delivered to the so-called cross-docking places, e.g. airports [1]]. A component
stock list is built at these places, which contains the available components and their
quantity.

— Component assignment. Usually the components are not all available at the same
time. For this reason, the orders have to wait for all the required components to be
available. This waiting list is called the order stock. Each order has its own desired
delivery date. The decision process has to decide which orders are going to be
delivered, taking into account the availability of their components. This is normally
performed once per day. The focus of this paper is to optimize this component
assignment process.

— Order delivery The order is delivered to the client, with a certain delay d, where
delay stands for the difference between the delivery date and the desired date. This
delay should always be close to zero.

2.2 Scheduling Policies

The component assignment is the key issue in logistic processes. The company can
not influence the arrival rates of the orders (birth process), or the suppliers delay. The
service rates (death process) of the orders are the only control variable by considering
the assignment of components to the orders. The control goal is to generate particular
death rates for each order by some decision process using external information like
desired times or internal information, such as the stock levels [6]. The scheduling assigns
components to orders at each day. This paper compares the pre-assignment method with
a dynamic decentralized approach using the ant colonies.

Pre-assignment (p.a.). When the components arrive at the cross-docking center from
the external suppliers, they are already assigned to specific orders. The components are
stored there until all the missing components arrive and then the order is completed and
can be delivered. This strategy can not deal efficiently with disturbances, e.g. a delay in
the component arrival. This assignment method is called a static scheduling method.
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Distributed approach. The distributed approach works with a global stock. The agents
associated with orders and components exchange information between each other. This
information can be the desired delivery dates, the quantity of components in the stock,
or the number of orders that will be delivered. After exchanging this information, the
agents jointly decide which orders will be delivered. This approach is more flexible
than pre-assignment, because it allows the evaluation of the scheduling result, and it can
modify this scheduling before delivery.

3 Scheduling Using Ant Colonies

The ant colonies algorithm were introduced in [7] to solve different classes of NP-hard
problems. The optimization of the scheduling process described in Section[2 is also a
NP-hard problem, for which the optimization heuristics need to process a large amount
of information, such as the arrival and desired delivery dates, which can be extremely
time-consuming. The ant colonies algorithm provides an optimization method where all
the problem’s information can be translated into an indirect form, the pheromones, and
used by all the interacting agents in order to achieve a good global solution. In this way,
anew framework of the ant colonies algorithm, which was introduced in [4], is extended
and analyzed in this paper. The notation will follow as close as possible the one used in
[7], in order to make clear the new proposed algorithm.

Two different sets of entities can be identified: the orders and the components. Each
type of component stands for a type of food source and each order stands for a nest. The
nests may require different types of food in different amounts, as orders require different
types of components in different quantities. Different nests may require the same type
of food, as different orders may require common types of components. Conceptually,
the job of the ants from this colony is very different from the foraging job described in
[7]. Here, there are m ants, one per food source. The job of these ants is to distribute the
quantity of food in the food sources to the n nests. Once again, in every iteration ¢ of
the algorithm, the ants have to choose with some probability p which is the nest to visit
first. Finally, they deposit a pheromone 7 in the path from the food source to the nest.
One tour is complete when all the m ants from each of the food source have visited all
the n nests.

Each antdelivers an amount q;» from the total amount ¢ of componenti € {1,...,m}
to an order j € {1,...,n}. Since there are several nests to visit, the ant k chooses the
path to a particular nest with a probability

g g
pf] (t) = Z Tir © i (3)

rgrk
0 otherwise

where 7;; is the amount of pheromone connecting component type ¢ to order j, 1;; is a
visibility function and the I'* is the tabu list of the k*" ant. The tabu list is the list of the
orders that the ant k has already visited plus the orders that do not need component type
i (thus the visit can be avoided). The visibility function 7);; is defined as:

1ij = ¢ “)
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where d; is the delay of order j, i.e. the difference between the actual day and the
desired date. This function reflects the objective of providing the ants with information
regarding the delay of a certain order, since the objective of the problem is not only
to fulfill the highest number of orders per day, but also to deliver them on the desired
day (not before and not after). Orders that should be delivered on the actual date have
visibility n;; = 1. Orders that can still wait will have a lower visibility, and orders that
are already delayed will have a higher one, so the ants will preferably feed delayed
orders. The pheromone trails indicate the prior attempts from other ants. The parameters
« and 3 express the relative importance of trail pheromone (experience) with visibility
(knowledge), respectively.

After choosing the order to visit, the ant will deposit a pheromone on the trail con-
necting the type of component  to the order j. At this point, the ant can find two different
situations:

1. When the total amount of components ¢* of component type i is not enough to fulfill
the amount of components q;'- of same type needed by order j, the ant should not
reinforce this path, so the pheromone value of this connection remains the same;

2. When sufficient components ¢' exist to deliver to order j, the ant should reinforce
this path, adding a pheromone value to the existing pheromone concentration on
this path.

The local update of the pheromone concentration is then given by

ko JTe ifg < ¢
0ij(t) = {0 otherwise )

where 7, is some small constant. In this way, the pheromones are locally updated with the
information considering the amount of components i to deliver to the order j. After the
ant visits order j, we decrement ¢* by q;; before the next ant from resource 7 visits order
j + 1. Note also that the ant always delivers all the q;- components that order j needs, to
avoid the deadlock situation where all orders have part of the needed components, but
none has the complete amount. In this way, the algorithm only finds feasible solutions.
At the end of a complete tour the change of pheromones in all paths is given by

ATij = Z(Sfj (6)
k=1

At this point, when all ants have delivered all possible components, the solution can be
evaluated using a performance measure

n

“Y a; = 1ifd; =0

T - a;, where { a; = 0 otherwise @)
=

where n is the number of orders and d; is the delay of order j. This index is used to
update globally the pheromones.

At each tour IV of the algorithm (where each tour has n x m iterations t), a z is
computed and stored in the set Z = {z(1),---,2z(N)}. If z(N) is higher than the
previous z € Z, then the actual solution has improved and the used pheromones should
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Fig.2. Example of an ant colony applied to the logistic process with pheromone concentration
level on the trails: High (—), Medium (- -) and Low (--)

be increased. If it is worse, they should be reduced. This is done once again by the
global pheromone update, where the evaporation coefficient (1 — p) avoids the solution
to stagnate. In this way, the global pheromone update done after each complete tour NV
is the following:

7 (N x n x m) = Tij(n x m) x p+ Ary; 1fz(N).7maxZ )
T;ij(n xm) x p otherwise

Figure 2 represents schematically this framework. This particular framework of the ant

colonies algorithm can be implemented using the general algorithm described in Fig.

Notice that the algorithm is initialized with a 7y value of pheromone concentration in

every path, and that the algorithm runs a maximum number of tours N, 4.

4 Simulation Results and Sensitivity Analysis of the Algorithm

In [4]], the new algorithm was successfully applied to a simulation example. There, a
logistic system was considered with the following parameters: the number of orders
arriving at each day is a Poisson distribution (1) with AT" = 10; each order can have
at the most 7 different types of components ¢;; the quantity for each component varies
randomly between 1 and 20; each type of component has a constant supplier delay, which
are 1, 3,2, 3,1, 2,6 days for components type c1, - - -, c7 respectively. For each order a
desired date is generated using an exponential distribution ) with 4 = 7. The simulation
refers to an interval of 6 months. At each day the system adds the components arriving
at that day to the stock. These components are then distributed to the orders following
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Initialization:
Set for every pair (4, ): 755 = To
Set N = 1 and define a N a4z
Place the m ants
While N <= Npaz
Build a complete tour
Fori=1tom
Fork=1ton
Choose the next node using pf; (¢) using @)
Update locally using 65 (t) using (3
Update the tabu list 1"
Analyze solutions
Compute performance index z(INV) using (@)
Update globally 7;; (N x n x m) using @)

Fig. 3. Ant colonies optimization algorithm for logistic processes

the methods described before. The results are presented in Fig. @l and Table[Il with the
parameters « = 1, 3 = 10, p = 0.9 and N,,4, = 20.

Figure [4 presents the histograms of the order delay for both scheduling methods.
They show the number of orders with a specific delay d: if the orders were delivered
earlier, d < 0; if they were delivered at the correct date, d = 0; and if they were
delivered with some delay, d > 0. Table [I] quantifies this analysis in number of orders
and also indicates the spread for each method in number of days. It is clear that the ant
colonies algorithm yields a higher number of deliveries on the correct date (#d = 0),
and a lower number of delayed orders (#d > 0). It also yields a lower spread between
maximum and minimum delays (max d — min d). This means that, even if the orders
are delivered before or after the correct date, it is more likely with this method that the
delays, negative or positive, are closer to the correct desired date. This shows clearly,
that the ant algorithm is a better scheduling method than the pre-assignment for this
application. In [4], these two methods were compared with two other simple dynamic
heuristics (First In First Served and First Desired First Served), and the ant algorithm
proved to be the best scheduling method.

4.1 Tuning the Parameters

The ant colonies algorithm has a large set of parameters that has to be tuned in order
to provide the best possible solutions. In this section, we present a study where the

Table 1. Comparison between the scheduling methods in number of orders

Scheduling[#d < 0 #d = 0 #d > 0 mind maxd
pa. 275 162 833 32 7
Ants 536 266 468 12 6
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Fig. 4. Histograms of the order delay d for the scheduling methods. On the left hand side, the
results for the pre-assignment method and on the right hand side, the results for the ants. The
orders delivered at the correct date, are represented with the black bar

parameter variation is done partially: the parameters who are coupled between each
other are changed at the same time, while the decoupled parameters remain constant,
e.g.,  and J are coupled, so the analysis is done with a fixed value of p. Thus, we intend
to provide some insight on how the different parameters influence the algorithm.

Relative weights « and 3. As explained in Section[3] the parameters o and 3 weight
the relative importance of the pheromone concentration on the trails and the visibility,
when the ants choose which path to take. In simpler words, they weight the importance
of the experience against the knowledge for each ant. The following analysis is done
using a fixed value of evaporation coefficient (1 — p) with p = 0.9.

If o > (3, the ants give more importance to their previous experiences than to actual
knowledge about the environment; on the other hand if o < [, the ants tend to decide
based on the knowledge. In this case, the ants are not using what they are learning. Figure
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Fig. 5. Number of orders delivered for a fixed p and varying o and 3. On the left hand side, the
orders delivered before the desired date (d < 0), at the center the orders delivered at the correct
date (d = 0) and on the right hand side, the orders delivered after the desired date (d > 0)
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Fig. 6. Number of orders in the right day, for different sets of fixed v and (3 and varying p

shows how these two factors interact by presenting the number of orders delivered and
the respective delay for different combinations of « and /3. The first conclusion that can
be taken is that the number of orders delivered on the correct date is high, as long as /3
is small. In this case, the number of orders delivered with delay (d > 0) is also smaller.
However, this index 3 should not be zero, in other words, the ants should have some
visibility. If 5 = 0, this means that the visibility function is not being used and the
results are worse; the number of orders delivered on the correct day decreases and the
number of orders delivered earlier (d < 0) increases. The variation of the pheromone
concentration, given by «, is important in terms of orders delivered on the correct date
(d = 0). It has an optimal value for o = 1.

We can conclude that the o parameter tunes the number of orders in the right day
and (3 controls the spread around that value. Table[2] presents the improvement in the
simulation results achieved with the tuning of parameters « and 3.

Evaporation coefficient (1 — p). Another parameter that may influences also the results
is the evaporation coefficient. This coefficient is strongly related with the parameter av. It
accounts for the learning from the previous colony to the next colony. If it is too strong
(p ~ 0) the increment received by the new ants it will influence greatly the paths of the
next ants. If it is to weak (p ~ 1) the solution can rapidly stagnate. Figure[d shows how
this index affects the results, in terms of total number of orders delivered before, at, and
after the correct date. The analysis is done for the fixed values of « = 1 and § = 0.5.
As it can be seen, the value of evaporation should be around 0.1 (p = 0.9), in order
to achieve a good solution, i.e. more orders in the correct date and less orders early or
delay. With p = 0.9, the solution is neither forgotten nor does it disable the ants to find
better solutions.

Table 2. Compare results for different values of o and 3

a fld<0d=0d>0
1 10| 536 266 468
105559 356 355
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Number of colonies per day N,,,,.. Each day is a new optimization problem and the
number of ant colonies released each day (i.e. the number of tours performed by the
algorithm) will influence the optimization result: if very few colonies are released, the
algorithm does not have enough iterations to learn and to find a good solution; if the
number is too large, the algorithm may take too much time to find a solution. On the
other hand, if the ants are learning and passing the knowledge to other ants by changing
the concentration on the pheromone trails, it is expectable that for each day the function
being maximized (the number of orders delivered on the correct day) converges. Figure
shows the evolution of the solution for different number of ant colonies. We can see
that using more and more colonies provides better results, but with great increase in
the computational effort. Using 20 colonies or more did not improve significantly the
solution, but increased severely the computational cost.

5 Real World Example

The analysis presented in Section Blshowed that in order to obtain an optimized solution,
the relation between « and 3 should be such that « > (3, e.g. « = 1 and § = 0.5.
The evaporation coefficient should be close to, but smaller than 1, e.g. p = 0.9, and the
number of colonies should be around 20. These were the parameters that achieved the
best results for the simulation environment.

The question that we faced was if the optimal parameters for the simulation example
also yield good results for the corresponding real-world problem: a scheduling process at
Fujitsu-Siemens Computers. The real problem has a higher number of types of different
components (in the simulation environment we have only 7 different types), and the
quantities of each component can reach 100 (in the simulation environment we have
at the most 20). The fact that there are much more different types of components, thus
a much higher number of ants, increases very much the complexity of the algorithm.
Therefore, we have tested only a small data set of the data from the year 1999. Figure[§
and Table Blshow the results achieved with pre-assignment and with the ant algorithm.

With the real data, the ants proved once again that they yield a better solution than
the pre-assignment: more orders are delivered at the correct day, less orders are early and
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Fig. 7. Evolution of the solution for different number of colonies
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Fig. 8. Histograms of the orders delay d for the scheduling methods

Table 3. Comparison between the strategies for the real data

Scheduling|#d < 0 #d = 0 #d > 0 mind maxd
p.a. 253 7 83 -60 24
Ants 190 23 79 -60 24

less orders are delayed. However, in the real case the difference between both results
is smaller than in the simulation. As in the real data the number of different types
of components is much larger, there are less possibilities of exchanging components
than in the simulation environment. Nevertheless, the ants showed that they are a good
alternative to the standard pre-assignment scheduling method.

6 Conclusions

This paper analyzes the performance of a new framework of the ant colonies optimization
algorithm to apply in the optimization of logistic processes. The ant colony optimization
algorithm uses a large set of parameters and the tuning of these parameters influences
greatly the performance of the algorithm. This paper explored the possible correlations
between the several parameters and their role in the algorithm. This sensitivity analysis
on the parameters aimed also the application of the algorithm to the real data. The large
set of real data, does not allow to run the optimization algorithm with different parame-
terizations, thus a careful set of parameters has to be chosen before the implementation
on the real data.

The parameter analysis was done using a simple but illustrative simulation example,
where the new algorithm is compared to the standard method used in practice in the
scheduling process. The results show how the analysis is able to improve the algorithm
performance, and explain the reasons for that improvement. Finally, the algorithm was
applied to a real data set, and the ant algorithm proved to be a better scheduling method
than the pre-assignment.

The ant algorithm has still some space for improvement. The use of a different cost
function z, or the incorporation in the ants with some sort of prediction mechanism can
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lead to better performances. Moreover, there is still some information in the process,
like priority of the orders, that was not used so far and can influence the scheduling of
the logistic process.
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Abstract. In this paper we present a new Ants System approach to
a dynamic Travelling Salesman Problem. Here the travel times between
the cities are subject to change. To handle this dynamism several ways of
adapting the pheromone matrix both locally and globally are considered.
We show that the strategy of smoothing pheromone values only in the
area containing a change leads to improved results.

1 Introduction

In nature, many systems consisting of very simple parts demonstrate a remark-
able complexity as a whole. An example of this is ant colonies: every single ant
just seems to walk around independently, however the colony itself is organ-
ised very well. This effect is also known as emergent behaviour. Ants’ foraging
behaviour shows that travel between nests and sources of food is highly opti-
mised. Based on this phenomenon, Ant Colony Optimisation (ACO) algorithms
have been developed [10J2]5], of which Ant System (AS) was the first [4]. These
ACO algorithms have been successfully applied to a variety of combinatorial
optimisation problems [I].

Like other metaheuristics ACO algorithms have proven their use for static
problems, but less is known about their behaviour on dynamic problems. In
dynamic problems the goal is not to find desirable solutions, but to track and/or
find new desirable solutions.

After the initial emphasis on static problems, some of the focus is now shift-
ing towards dynamic variants of combinatorial optimisation problems. Recently
some research is being done on ACO for dynamic problems [8|[719].

This paper gives an outline of research done as part of a graduation project
at the University of Twente [6]. The main goals of that research were to test the
hypothesis that ant systems can be applied successfully to dynamic problems and
to adapt the original ant system algorithm in order to increase its performance
on a particular dynamic problem.

In this paper we will show that both goals were reached: ant systems can
be applied successfully to dynamic problems and enhancements to the original

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 88-[39 2002.
© Springer-Verlag Berlin Heidelberg 2002
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algorithm are proposed for a chosen dynamic problem. The problem we study
in this research is based on the Travelling Salesman Problem (TSP). TSP is
a well-known combinatorial optimisation problem and the original ant system
algorithm was designed for TSP.

The paper is structured as follows. In §2 the TSP as well as the ant system
for this problem are explained. In §3 we introduce our adaptation to TSP in
order to create a dynamic problem and we will explain how ant systems can be
modified to perform better on this dynamic problem. Next the test setup for the
experiments is explained in §4. In §5 the experimental results are presented. We
will finish with our conclusions in §6 and ideas for future work in §7.

2 The Ant System Approach to TSP

The Travelling Salesman Problem is a well-known problem among computer
scientists and mathematicians. The task basically consists of finding the shortest
tour through a number of cities, visiting every city exactly once. Formally, the
symmetric TSP is defined as:

Given a set of n nodes and costs associated with each pair of nodes, find
a closed tour of minimal total costs that contains each node exactly once,
the cost associated with the node pairs {4, j} and {j,7} being equa.

It is also possible to discard that last condition and allow the distance from
city i to city j to be different from the distance between city j and city i. We
refer to that case as the asymmetric travelling salesman problem. Our focus will
be on the symmetric TSP.

The popularity of TSP probably comes from the fact that it is a very easy
problem to understand and visualise, while it is very hard to solve. Many other
problems in the NP-Hard class are not only hard to solve, but also hard to
understand. With TSP, having n cities, there are (n-1)! possible solutions for
asymmetric TSP and (n-1)!/2 possible solutions for symmetric TSP. For small
instances it is no problem to generate all solutions and pick the shortest, but
because the number of possible solutions ‘explodes’ when the number of cities
increases. Within this domain heuristics that find acceptable solutions using an
acceptable amount of resources are necessary.

In their book [2], Bonabeau et al. give a good explanation of Ant System
(AS), the algorithm we will use as a basis for our own algorithm. It has become
common practice to name the algorithms with their field of application, so this
version of AS is called AS-TSP.

In AS-TSP m ants individually construct candidate solutions in an incre-
mental fashion. The choice of the next city is based on two main components:
pheromone trails and a heuristic value, called visibility in TSP. At the start
all possible roads are initialised with a certain amount of pheromone: 75. Then
each ant constructs a solution by choosing the next city based on the observed

! Using nomenclature corresponding to the metaphor of a travelling salesman we will
use city for node, distance or travel time for cost, and road for node pair.
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pheromone levels (7) and visibility (1) until it has visited all cities exactly once.
The visibility is a proximity measure, defined as the inverse of the distance be-
tween two cities ¢ and j: 1;; = 1/d;;, where 7;; is the visibility associated with
choosing city j when in city 7 and d;; is the distance between these two cities.

The choice for the next city is probabilistic. The more pheromone there is
on a certain road the bigger the chance that this road will be taken. The same
goes for visibility: a higher visibility yields a higher chance of being visited next.
Cities that have already been visited have a zero chance of being visited again,
because of a tabulist mechanism. This assures the construction of valid tours.
The parameters o and 3 control the relative weight of pheromone trail intensity
and visibility. If & = 0 the algorithm behaves as a standard greedy algorithm,
with no influence of the pheromone trails. If 3 = 0 only pheromone amplification
will occur and the distance between cities has no direct influence on the choice.
Usually a trade-off between these two factors is best.

Formally, if during the ¢** iteration the k" ant is located in city 4, the next
city j is chosen according to the probability distribution over the set of unvisited

cities J* defined by: ,
kom0 - i)
piilt) = Zzle [Tu(®)]* - [nul?

When each ant has completed a tour, the amounts of pheromones are updated.
On every road some fraction of the pheromone evaporates, while on roads, that
have been visited by at least one ant, new pheromones are deposited. The amount
of pheromone that is deposited is based upon the number of ants that visited the
road, the length of the tours the road is part of and a parameter . The more a
road is visited and the shorter the tour, the more pheromone is deposited. The
fraction of pheromone that evaporates is based on the parameter p.

All roads on the best tour so far get an extra amount of pheromone. This
is called an elitist ant approach: the best ants reinforce their tour even more.
The balance between positive reinforcement through depositing pheromone by
an (elite) ant and pheromone evaporation, which is a negative reinforcement, is
crucial for finding good solutions.

This process goes on until a certain condition, such as a certain number of
iterations, amount of CPU time, or solution quality, has been achieved.

3 Ant System Approaches to Dynamic TSP

The Dynamic Travelling Salesman Problem (DTSP) that was used in this project
is a variation on the TSP in the sense that the original TSP metaphor is extended
to include traffic jams. If we look at the distance between cities as travel times,
they no longer need to be fixed. By introducing a traffic jam on a certain road
the associated travel time is increasedd. We mention that several other variants

2 Since the value of Q only weakly influences the result, it will not be discussed here.

3 Since we are not adapting distances as if we are moving a city, the resulting TSP
structure is not Euclidian. For instance the Cauchy-Schwarz inequality does not
always hold.
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of DTSP, such as the DTSP resulting from the insertion or deletion of cities, are
also possible [SI7]9].

In our DTSP, ants regularly come across traffic jams. This is guaranteed since
traffic jams will be introduced only on roads that are in the best tour of the AS
at that moment. Moreover, these traffic jams have a somewhat natural way of
increasing for a while and then decreasing until they are resolved. More details
will be given in the next paragraph. Let us now discuss ways to adapt the AS
to handle this kind of dynamics.

The combination of positive and negative reinforcement, as mentioned in
82, works well for static problems. In the beginning there is relatively much
exploration. After a while all roads that are not promising will be slowly cut
off from the search because they do not get any positive reinforcement and
the associated pheromones have evaporated over time. In dynamic situations
however, solutions that are bad before a change in the environment, might be
good afterwards. Now, if the ant system has converged to a state where those
solutions are ignored, very promising roads will not be sampled and the result
will be a suboptimal solution. During our research this was one of the first things
we ran into. We have devised several ways to counter this effect, which we will
now discuss.

We used a lower boundary on the amount of pheromone on every road in AS-
DTSP. This prevents the chances of a road to be chosen by an ant to approach
zero beyond a certain point [I0]. Initial testing showed that using 7y as a lower
boundary seemed to do what we wanted.

Another change to AS-TSP we introduced in AS-DTSP was what we called
shaking. It is a technique in which the environment is ‘shaken’ to smooth all
pheromone levels in a certain way. If the amount of pheromones on a road be-
comes much higher than on all other roads going out of a city, this road will
almost certainly always be chosen. That is a way for the static case to ensure
a good road will always be followed, but it prevents ants from taking another
road when a traffic jam occurs on it.

Shaking changes the ratio between the amount of pheromone on all roads,
while it ensures that the relative ordering is preserved: if 7;;(¢) > 7;/;/(¢) holds
before shaking, it also holds after shaking. The formula used for shaking is a
logarithmic one:

Tij = T0* (]. + lOg(Tij/To))

See figure 1. This formula will cause pheromone values close to 79 to move a
little towards 79 and higher values to move relatively more to 7y. See figure 1.
Note that 79 is the minimum value for 7, so the condition 7;; > 7¢ is preserved.

A possible problem with this shake might be that it has a global character,
i.e. it affects the pheromone values on all roads. When we have a big problem
instance where one traffic jam occurs somewhere near the edge of the map there is
a high probability that routes only have to change in the vicinity of the traffic jam
[10]. So, too much information might be lost in the global shaking process. For
this reason we define local shaking. Here, the same formula is used, but it is only
applied to roads that are closer than p- MaxDist to one of the two cities where
the traffic jam is formed between. MaxDist is the maximum distance between
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Fig. 1. Shaking function, pheromone level before and after shaking

any two cities in the original problem (without traffic jams) and 0 < p < 1. In
pseudo code:

if the distance between cities (a, b) changed then
for every road (i, j) do
if (dgi < p- MaxDist) V (dp; < p- MazDist)V
(doj < p-MaxDist)V (dy; < p- MaxDist) then
Tij =70 - (14 log(i; /t0))
endif
endfor
endif

Note we only introduce traffic jams on roads that are in the current best tour
of the salesman. Therefore these two cities are generally close to each other and
the effect of local shaking with the mentioned values for p and global shaking
differ therefore significantly. Another observation is that for p = 0 no pheromone
values are affected. Global shaking is equivalent with p = 1 since all pheromone
values are now subject to shaking.

In this paragraph, we discussed our DTSP and presented the proposed
changes to AS-TSP. Summarizing, these aref]

— After pheromone evaporation, we make sure that the amount of pheromone
does not become less than 7o: Vi, 7,1 # j : 7;; = max (7, 70)-

— We introduce a shaking operator, that through smoothing of a part of the
pheromone matrix increases the amount of exploration done after a change
has occurred. Depending on the setting of the ’shaking-percentage’ p, this
operator acts globally with p = 1 or locally with 0 < p < 1. Setting p to zero
yields no shaking.

4 Test Setup

A problem with evaluating our results is the complete lack of benchmarks. For
static TSP there are benchmarks available: usually just the best scores and

4 A complete high level description of AS-DTSP is given in [6].
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sometimes the time it took to reach those scores with a particular algorithm
(on particular hardware). For dynamic TSP there are no such benchmarks. As
a result we had to choose our own criteria to measure the performance of an
algorithm.

There are some obvious things to look at for dynamic problems. Because the
problem changes we want our algorithm to respond to the changes rapidly. In
our tests this would mean that when a traffic jam is created the ants quickly
find a better route that does not contain the congested road. Because all traffic
jams in our tests are introduced in a few incremental steps, this is visible in the
graphs as low up-peaks: before the traffic jam is at its highest point, the ants
have already changed their route.

After the ants changed their route to avoid the traffic jam, usually some
more parts of the route have to be adjusted: a single change has impact on a
bigger part of the route. This means that we would like to see a high (negative)
gradient after a peak or low down-peaks, meaning that some more optimisations
are being performed before the next change.

And finally the values for the length of the complete tour should be as low
as possible. For dynamic problems this would mean a low average value. When
discussing the results of various experiments, we will explain which values were
exactly compared to each other.

We tested AS-DTSP with two different case studies, one with 25 cities, the
other with 100 cities. For both case studies we compared five approaches:

— Original is the original AS-TSP with a lower bound on the pheromone values:
here, no special measures are taken when a traffic jam occurs.

— With Reset is a copy of original, but when a traffic jams occurs, we reset the
complete pheromone matrix to 7g.

— With Shake is equal to original extended with shaking as explained in the
previous paragraph: both global with p = 1 and local shaking with p = 0.1
and p = 0.25 are tested.

4.1 25 City Problem

The problem instance used for this case study has 25 cities placed on a 100x100
grid. See [6] for the problem data. All cities are located on an integer intersection
of the gridlines. At certain points in time, traffic jams occur between cities that
are very close to each other and are likely to be on the ideal route.

These locations have been chosen empirically by running the initial problem
through a classic AS-TSP implementation. This way we found certain pairs of
cities that are almost always next to each other in the best solution found.
Using this technique we are sure that all traffic jams have influence on the best
solution so far. We will introduce three traffic jams. In this case study there are
two interesting intervals: from iteration 100 to 150 one traffic jam is introduced
on a certain road. From iteration 200 to 250 this traffic jam disappears, while
simultaneously two others are introduced on other roads.

All traffic jams appear and disappear in increments and decrements of 10
units, one incremental step every 5 iterations. This way the algorithms get a
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chance to respond to small changes. If a traffic jam is introduced all at once, an
algorithm cannot show that it is able to switch its route even while the traffic
jam is still growing.

The AS-parameters were set to: o = 1,8 = 6,m = n = 25,Q = 100,79 =
1076.

4.2 100 City Problem

To check how DTSP performs on a similar, but extended problem, we con-
structed a bigger and more dynamic test case. This case study has one static
100 city TSP problem at its foundation. See [6] for the problem data. This in-
stance was constructed by placing 100 cities randomly in a 100x100 grid. After
a short start-up period, we create a new traffic jam every 50 iterations by in-
creasing the length of a road by a number of units in 5 equal steps. During the
same 25 iterations the last traffic jam created, disappears also in 5 equal steps.
The traffic jam occurs on a road in the currently best route. This orderly way
of introducing jams is not realistic, but it has the advantage that we can clearly
compare approaches.

Assume a solution to the problem without traffic jams, which is reached after
some time of optimisation, has length . Now we start introducing a traffic jam
every 50 iterations. For every newly created traffic jam we simultaneously re-
move the previous one. The result is that without any further optimisation, the
length of the original solution is = + length of one full traffic jam. Because all
jams are created in 5 equal steps of y units in our test setup, there is always a
5 % y traffic jam (except for the first 20 iterations). This process of appearing
and disappearing traffic jams is shown in figure 2. Using a pre-established arbi-
trary ordering of the cities, in each simulation the first traffic jam occurs on the
outgoing road of city number 1, the second on the outgoing road of city number
2, and so on. The traffic jams disappear in the same order. This way we have
problems that are somewhat similar each run. Every experiment runs for 5000
iterations after the start-up period, since exactly 100 traffic jams are created.
Each experiment is done 10 times.

x+8y

1 2 3 4 5 fi 100

Fig. 2. Traffic jam appearance and disappearance in 100 city problem. The tour length
of the fixed solution during the dynamic part of the simulation is x + 5y, except for a
small time period in the beginning.
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For this problem we will judge our strategies on the low and high peaks as
well as the average tour length during the dynamic part of the simulation. Good
scores will require good reactions to both kinds of change. For a road with an
increased road length an alternative route becomes worthwhile during its steady
growth. Contrarily, a road with a decreasing road length might become attractive
to re-enter into the tour.

The structure of the dynamics of this problem has as an advantage that it is
meaningful to compare our strategies with the strategy of ignoring all changes.
This strategy simply means using the solution to the static problem and putting
up with the traffic jams as they occur. Since the dynamics of the problem involves
no more than two traffic jams at all times, the problem can be said to ‘wobble
around’ the static instance. For this reason, the seemingly trivial strategy of
ignoring all changes gives us a means of comparison.

The stepsize y is set to 10. The AS-parameters were set to: a = 1,8 =6, m =
n = 100,Q = 100,79 = 1076.

5 Experimental Results

5.1 25 City Problem

The average tour length for shake, p = 1 as well as some points for which the
scores will be measured are shown in figure 3. Until point 1 this problem instance
is static. Two interesting points are located directly after 100 and 200 iterations:
those are the dynamic parts of the problem. At both times, we see a peak in
the graph. Low peaks suggest a quick recovery from a growing traffic jam. Two
other interesting values that say something about the capability to recover from
changes are the result right before the second peak and the result after the last
iteration.

When running the problem without any traffic jams, the average solution
after 500 iterations is 441.4. It would be nice if we get to that same score when
running our algorithms on the problem with traffic jams. After the last change
has occurred, there are 250 iterations left to reach that value. The scores of
three of the five strategies during the entire simulation are given in figure 4. The
results on the four checkpoints are shown in figure 5.

The results are very close to each other, and it is difficult to point out a clear
winner. Although reset has multiple best values, some others are very close, like
shake. As described in §4.1, the first change around point 2 is less dynamic than
the second change around point 4. This can explain the fact that reset scores
well at point 4, while it does not score well at point 2. For a major change it
is better to reset the pheromone matrix. For point 2 the three shake algorithms
perform best. For this change it is better to retain some of the pheromone matrix
(compared with reset), but not all of it (compared with original). For the highly
dynamic situation at point 4 the relative scores make sense when we consider
the amount of exploration involved. Reset has to rely fully on exploration and
achieves the best score. It is closely followed by global shake, that also uses a lot
of exploration. In the middle are the local shake strategies. Last is original that
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Fig. 3. Example of tour length during 500 iterations, averaged over 10 runs with loca-
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Fig. 4. The results for Orginal, Shake (p = 1), and Reset averaged over 10 runs.

Strategy ‘ 2 ‘ 3 ‘ 4 ‘ 5
Original 485.2|465.4|498.7 |1440.1
With Shake, p = 0.1 |477.7|463.0 | 489.0 | 443.4
With Shake, p = 0.25|479.5|465.0 | 485.0 | 440.6
With Shake, p =1 [472.0]461.8 |481.8|441.9
With Reset 483.6 1461.2|480.0|441.6

Fig. 5. Results at various checkpoints of the 25 city DTSP.

does not increase exploration because of changes. An interesting observation
is that all strategies score comparable at point 5. Their performance is also
comparable to an AS-TSP that did not encounter any dynamics. During the
traffic jams original performs worse than all other algorithms, but in the end it
reaches the best score.

Based on this case study we see support for the claim made by [2] and [§]
that ant systems are very robust and even able to solve dynamic problems. Next
to that, we have also shown that extending AS-TSP does improve performance
in certain dynamic situations.
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Fig. 6. Comparison of average tour length for Reset and Shake (p = 0.1) during an
average part of the simulation. The grey area indicates the latter outperforming the
first and the black vice versa.

5.2 100 City Problem

For the problem described in §4.2 the average results during 300 iterations are
given in figure 6 for two strategies. Note, that the first 600 iterations were used as
a start-up duration during which the five AS approaches could settle. No scores
were recorded during this period.

As can be seen the consecutive growth and decrease of traffic jams lead to al-
ternating up- and down-peaks. In comparison with the previously described test
case, the traffic jams are fewer iterations apart. Usually the AS has not con-
verged when the next traffic jam occurs. For each of the strategies the average
tour length, average down-peak, and average up-peak are given.

Strategy ‘Avg peakf‘Avg length‘E‘xtm length‘Relative %‘Avg peak™
Fixed without t.jam | N/A 781.6 0.0 0 % N/A
Fixed with t.jam N/A 831.5 49.9 100 % N/A
Original 805.5" 813.9" 32.3 65 % 830.8
With Shake, p =0.1| 803.0 811.8 30.2 60 % 830.2
With Shake, p = 0.25| 803.1 812.7 31.1 62 % 831.8"
With Shake, p =1 805.3" 815.6" 34.0 68 % 834.9"
With Reset 804.7* 815.5" 33.9 68 % 835.5"

Fig. 7. Results on the 100 city DTSP. In the down-peak, average length and up-peak
columns the scores that differ significantly from the best are marked with “*”.

The fixed strategy has an optimised tour length of 781.6. With a traffic jam
of length 50 the same solution obviously has a length of 831.6 (resulting in



98 C.J. Eyckelhof and M. Snoek

an average of 831.5). It is clear that all AS strategies are able to react to the
dynamics and are able to significantly improve upon the fixed strategy. As can
be seen, the local shake strategies achieve the best results, although they are
closely followed by the other AS strategies. Interpreting these results in the
context of our earlier findings, the level of dynamics of this problem seems to
be intermediate. While it is beneficial to retain some of your pheromone matrix,
exploration near the site of change needs to be encouraged.

Interestingly, original comes in third with respect to average performance. A
likely explanation of this fact is that in this bigger problem it is very expensive
to throw away information as reset and global shake do. Exploration done far
away from the directly affected area will seldom lead to an improvement.

6 Conclusion

In our version of the Dynamic TSP, traffic jams lead to increased travel times
on certain roads. By allowing the traffic jams to grow in a stepwise manner we
can compare the reaction times of different strategies.

We have looked at various versions of AS applied to two different instances
of the dynamic travelling salesman problem. The most striking effect that we
have observed is that every strategy we tried performed reasonably well on both
problems. This supports the claim we were investigating as stated in §1: Ant
Systems are able to perform well on dynamic problems.

But when looking closer at the results, we also were able to achieve the
second goal of our research. We created our AS-DTSP by extending AS-TSP
through the addition of the shake routine. Especially the strategies with ‘local
shake’ performed well. The higher the frequency of the dynamics gets, the more
important it is to preserve some of the information that was collected earlier in
the pheromone matrix. This is why resetting the pheromone matrix yields poor
results for the 100 city problem: all information is lost and new changes occur
before the algorithm is able to find a good solution. The local shake algorithm
has as a strength that it combines exploitation of the developed pheromone
matrix and biased exploration within the area around a change. With the shake
parameter p the size of this area can be tweaked.

7 Recommendations for Future Research

A common problem when looking at Ant Systems is the large number of param-
eters in the algorithm. As we used settings from literature, we did not look at
the influence of these regarding dynamic problems.

Several ideas on the introduced shaking routine present interesting leads for
further research. First, the shake parameter p was changed a few times (p =
0.1,0.25,1) in this research, but requires more research in our opinion. We expect
the optimal setting of this parameter to be related to problem attributes, such
as size and structure, and change attributes, such as change frequency, duration,
magnitude, and location.
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The ratio behind our shaking routine is to increase the exploration after
the occurrence of a change, while at the same time limiting this exploration to
the affected area. Alternative ways to implement this thought, such as a more
smoothed manner of shaking (e.g. the 7- and 7-strategy presented in [9]) or the
application of a local updating rule ([3]) near the site of change, might be worth
considering for our DTSP.

A third option to deal with changes does not involve smart adaptation of
the pheromone matrix but smart utilisation of it. An important characteristic of
an Ant Colony System is its ability to directly balance the ratio of exploration
versus exploitation [3]. Also for our DTSP it seems logical to increase this ratio
around the region most affected by a change.

References

1. Christian Blum and Andrea Roli. Metaheuristics in combinatorial optimization:
Overview and conceptual comparison. Technical Report TR/IRIDIA/2001-13,
IRIDIA, 2001.

2. Eric Bonabeau, Marco Dorigo, and Guy Theraulaz. Swarm Intelligence. From Nat-
ural to Artificial Systems. Studies in the Sciences of Complexity. Oxford University
Press, 1999.

3. M. Dorigo and L.M. Gambardella. Ant colony system: A cooperative learning
approach to the traveling salesman problem. IEEFE Transactions on Evolutionary
Computation, 1(1):53-66, 1997.

4. M. Dorigo, V. Maniezzo, and A. Colorni. Ant system: Optimization by a colony of
cooperating agents. IEEE Transactions on Systems, Man and Cybernetics - Part
B, 26(1):29-41, 1996.

5. Marco Dorigo and Gianni Di Caro. Ant algorithms for discrete optimization.
Artificial life, 5(2):137-172, 1999.

6. Casper Joost Eyckelhof. Ant systems for dynamic problems, the TSP case - ants
caught in a traffic jam. Master’s thesis, University of Twente, The Netherlands,
August 2001. Available throug http://www.eyckelhof.nl.

7. M. Guntsch and M. Middendorf. Pheromone modification strategies for ant al-
gorithms applied to dynamic TSP. In Applications of Evolutionary Computing:
Proceedings of EvoWorkshops 2001. Springer Verlag, 2001.

8. Michael Guntsch, Jurgen Branke, Martin Middendorf, and Hartmut Schmeck. ACO
strategies for dynamic TSP. In Marco Dorigo et al., editor, Abstract Proceedings
of ANTS’2000, pages 59-62, 2000.

9. Michael Guntsch, Martin Middendorf, and Hartmut Schmeck. An ant colony op-
timization approach to dynamic TSP. In Lee Spector et al., editor, Proceedings
of the Genetic and Fvolutionary Computation Conference (GECCO-2001), pages
860-867, San Francisco, California, USA, 7-11 July 2001. Morgan Kaufmann.

10. T. Stiitzle and H. Hoos. Improvements on the ant system: Introducing MAX(MIN)
ant system. In G.D. Smith, N.C. Steele, and R.F. Albrecht, editors, Proceedings
of the International Conference on Artificial Neural Networks and Genetic Algo-
rithms, pages 245-249. Springer-Verlag, 1997.



Anti-pheromone as a Tool for Better
Exploration of Search Space

James Montgomery* and Marcus Randall

School of Information Technology, Bond University
Gold Coast, Queensland, 4229, Australia
{jmontgom,mrandall }@bond.edu.au

Abstract. Many animals use chemical substances known as pheromones
to induce behavioural changes in other members of the same species. The
use of pheromones by ants in particular has lead to the development of
a number of computational analogues of ant colony behaviour includ-
ing Ant Colony Optimisation. Although many animals use a range of
pheromones in their communication, ant algorithms have typically fo-
cused on the use of just one, a substance that encourages succeeding
generations of (artificial) ants to follow the same path as previous gen-
erations. Ant algorithms for multi-objective optimisation and those em-
ploying multiple colonies have made use of more than one pheromone, but
the interactions between these different pheromones are largely simple
extensions of single criterion, single colony ant algorithms. This paper in-
vestigates an alternative form of interaction between normal pheromone
and anti-pheromone. Three variations of Ant Colony System that apply
the anti-pheromone concept in different ways are described and tested
against benchmark travelling salesman problems. The results indicate
that the use of anti-pheromone can lead to improved performance. How-
ever, if anti-pheromone is allowed too great an influence on ants’ deci-
sions, poorer performance may result.

1 Introduction

Many animal species, and insects in particular, use chemical substances called
pheromones to influence the behaviour of other animals of the same type.
Pheromones can carry many different types of information and influence be-
haviour in varied ways [1]. Many species of ants are known to use pheromones to
communicate to coordinate activities like the location and collection of food [2].
The success of this kind of indirect communication has lead researchers to de-
velop a number of simulations of ant behaviour, including optimisation heuristics
such as Ant Colony Optimisation (ACO). Based on the foraging behaviour of ant
colonies, ACO has generally used a single kind of pheromone to communicate
between its (artificial) ants, as this is what biological ants do when foraging.

* This author is a PhD scholar supported by an Australian Postgraduate Award.

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 100-[I10} 2002.
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However, natural pheromonal communication often consists of a more complex
interaction of a number of different pheromones [I]. Furthermore, ACO’s reliance
on positive feedback alone may make it difficult for it to successfully escape local
optima [3l4]. Schoonderwoerd et al. [5] were some of the first to suggest that the
use of an “anti-pheromone”, the effect of which would be opposite to that of nor-
mal pheromone, could be a useful technique in ant algorithms for optimisation.
This paper investigates ways in which the concept of an anti-pheromone can be
applied to the Travelling Salesman Problem (TSP). Three variations of an Ant
Colony System (ACS) that use anti-pheromone in some form are described and
compared with a typical implementation of ACS.

An anti-pheromone, or any other variant of the pheromone typically used in
ant algorithms, is simply a substance with a different effect to that of “normal”
pheromone. Hence, a brief summary of those ant algorithms that have used more
than one kind of pheromone is presented here, contrasting these ant algorithms
with an approach that uses anti-pheromone. Much of the work in ant algorithms
that has used more than one kind of pheromone relates to multiple colony ant
systems (e.g. [BI4I6/7U8]). In most of these applications, the interaction between
colonies has been relatively simple, the transfer of the best solution from one
colony to update the pheromone of another colony [6/7.8].

More complex interaction has been investigated by Kawamura, Yamamoto
and Ohuchi, and Kawamura et al. [3J4]. Their Multiple Ant Colony System
(MACS) is highly flexible and enables pheromone from one colony to have both
positive and negative effects on the behaviour of other colonies. A “negative
pheromone effect” is where higher amounts of pheromone on an element actually
discourage ants from choosing that element. While the MACS approach is highly
flexible, it requires considerable memory and computing resources to maintain
the multiple colonies, each with its own pheromone matrix, as well as to calculate
the influences between colonies. The anti-pheromone ant algorithms described in
this paper are simpler and require less memory and computational resources than
MACS, yet can still utilise negative pheromone effects to diversify the search.

The other area in which multiple types of pheromone have been used is
in multiple objective optimisation. Mariano and Morales [6] propose an Ant-
Q algorithm for solving a multi-objective irrigation problem. Their algorithm,
MOAQ, maintains a number of “families,” one for each optimisation criterion,
which communicate with each other by exchanging the best solution found by
each. This is the same kind of information exchange used in multiple colony ant
algorithms for single objective optimisation.

Iredi, Merkle and Middendorf [9] propose a different multi colony approach
for solving bi-criterion optimisation problems. Every colony maintains two
pheromone matrices, tailored to one of the optimisation criteria. Ants within
a colony differ in their preference for each pheromone, so that they search differ-
ent regions of the Pareto-optimal front. The idea of using different pheromones
to direct the search in different areas has some merit and is a strong influence
on the second anti-pheromone application we describe (see Section B.2)).

This paper is organised as follows. Section ] has a brief overview of ACS
and its governing equations. Section B] further explains the rationale for us-
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ing two kinds of pheromone and describes how we adapt ACS to make use of
anti-pheromone. Section [] shows the results of using anti-pheromone on some
benchmark TSPs while Section [l gives the conclusions of this work.

2 ACS

ACO is an umbrella term for a number of similar metaheuristics [10] including the
Ant Colony System (ACS) metaheuristic [L1]. A brief summary of the equations
governing ACS when applied to the Travelling Salesman Problem (TSP) is pro-
vided here as it forms the basis for our anti-pheromone modifications described
in the next section. The reader is referred to Dorigo and Gambardella [12] and
Dorigo, Di Caro and Gambardella [10] for a more in-depth treatment of ACO.

The aim of the TSP is to find the shortest path that traverses all cities in
the problem exactly once, returning to the starting city. In a TSP with N cities,
the distance between each pair of cities ¢ and j is represented by d(i, 7). In ACS,
m ants are scattered randomly on these cities (m < N). In discrete time steps,
all ants select their next city then simultaneously move to their next city. Ants
deposit pheromone on each edge they visit to indicate the utility (goodness) of
these edges. The accumulated strength of pheromone on edge (7,j) is denoted
by 7(i, 7).

Ant k located at city r chooses its next city s by applying Equations [
and 2. Equation [ is a greedy selection technique favouring links with the best
combination of short distance and large pheromone levels. Equation [2| balances
this by allowing a probabilistic selection of the next city.

s Jargmaxye () {r(r,w)d(r,u)]’} if ¢ < qo (1)
Equation otherwise

7(r,s)[d(r,s)]P .
pi(rys) = { e rrrap 18 € i)
0

(2)

otherwise

Where:

q € 10,1] is a uniform random number.
qo is the proportion of occasions when the greedy selection technique is used.
Ji(r) is the set of cities yet to be visited by ant k.

The pheromone level on the selected edge (r, s) is updated according to the
local updating rule in Equation [3l

T(r,s) = (L —=p)-7(r,s) +p- 70 (3)
Where:

p is the local pheromone decay parameter, 0 < p < 1.
To is the initial amount of pheromone deposited on each of the edges.
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Upon conclusion of an iteration (i.e. once all ants have constructed a tour),
global updating of the pheromone takes place. Edges that compose the best
solution (over all iterations) are rewarded with a relatively large increase in
their pheromone level. This is expressed in Equation [l

7(r,s) < (1 =) - 7(r,s) + v A7(r,s) (4)
Qif (r,s) € globally best tour
= L ’
Ar(r,s) {O otherwise. (5)

Where:

A7(r,s) is used to reinforce the pheromone on the edges of the global best
solution (see Equation [3).

L is the length of the best (shortest) tour to date while @ is a problem
dependent parameter [11].

v is the global pheromone decay parameter, 0 < v < 1.

3 Anti-pheromone Applications

As ants construct solutions they gain knowledge of which elements have high
utility and which elements may, although desirable in the short-term, lead to
poorer solutions in the long term. Randall and Montgomery [I3] make use of
this in their Accumulated Experience Ant Colony (AEAC) by weighting elements
based on their long term effects on solution quality. Anti-pheromone, a substance
generally laid down on the elements of poorer solutions, can have a similar effect,
making known the accumulated bad experiences of ants that are otherwise lost.
This is the approach taken by the first two anti-pheromone algorithms. The third
algorithm takes a different approach by making normal pheromone repellent to a
small number of ants, rather than depositing anti-pheromone on poorer solutions.
It is included here as for those ants that see pheromone as a repellent substance,
it represents an anti-pheromone.

3.1 Subtractive Anti-pheromone (SAP)

As ants construct solutions, they often identify relatively poor solutions as well
as good solutions. In this version of the ACS algorithm, particular attention
is paid to those poorer solutions, with pheromone being removed from those
elements that make up the worst solution in each iteration. Thus, subsequent
generations of ants are discouraged from using elements that have formed part
of poorer solutions in the past. This constitutes the simplest way to implement
anti-pheromone where the deposition of a repellent pheromone is simulated by
a reduction in existing pheromone levels, as suggested by Schoonderwoerd et
al. [3] in their conclusions. We refer to this application of anti-pheromone as
Subtractive Anti-Pheromone.
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The SAP algorithm is identical to ACS except for the addition of a second
part to the global pheromone update, in which pheromone is removed from links
that compose the worst solution in that iteration. This is described in Equation

7(r,8) < 7(r,s) -7 Y(r, s) € vy (6)

Where:

~" is the pheromone removal rate due to anti-pheromone.
Uy 1s the iteration worst solution.

The rate at which pheromone is removed from the elements of the iteration
worst solution is controlled by the parameter 4'. The value of 7/ used in the
experiments is 0.5, which was found to yield the best results.

3.2 Preferential Anti-pheromone (PAP)

Iredi et al. [0] propose an ant system for solving bi-criterion optimisation prob-
lems that uses two types of pheromone, one for each criterion. Their use of a
different pheromone for each optimisation criterion allows for knowledge concern-
ing both criteria to be improved as the algorithm progresses. The second anti-
pheromone application we propose, called Preferential Anti-Pheromone, takes a
similar approach by explicitly using two types of pheromone, one for good solu-
tions and one for poorer solutions. Ants in this version of the algorithm differ in
their preference for normal pheromone versus anti-pheromone (denoted by 77)
with respect to a parameter A. The value of X for ant k, k = [1,m], is given
by %, as in Tredi et al. [9]. Hence, instead of optimising across two objective
functions, PAP allows some ants to explore apparently poorer areas of the search
space while other ants focus on the solution space near the current global best
solution.

Equations[[and[2 are modified for this variant to incorporate anti-pheromone
information, yielding Equations [7] and Bl respectively.

5 — arg ma‘xueJk(T') {P‘T(Tv u) + (1 - )‘)T/(Ta u)] : [d(’l”, u)}ﬂ} if q < qo (7)
Equation otherwise

D ue T (r) AT (rw) F(1=X) 7/ ()] [d(r,u)

(8)

AT (r,8)+(1=X)7' (r,5)]-[d(r,s)]” if

otherwise

Pheromone and anti-pheromone are updated equally by ants traversing links
during an iteration as local updating ignores the cost of solutions produced.
Thus, in addition to Equation Blbeing applied, the anti-pheromone on a selected
edge is updated by Equation [J.

T(r,8) < (L=p)-7'(r;5) + p- 70 (9)
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Upon conclusion of an iteration the global update rule in () is applied with-
out modification. In addition, the global update rule for anti-pheromone given

in Equation [0 is applied.

T/(T’S) «— (1 _7) 'T,(T’ 8) +’7'AT/<T78) (10)

Lo

A7 =
7(r5) 0 otherwise.

(11)

{ < if (r,s) € iteration worst tour

Where:

A7'(r,s) is used to reinforce the pheromone on the edges of the iteration
worst solution (see Equation [T1]).
L,, is the length of the worst tour from the iteration just ended.

3.3 Explorer Ants

The third anti-pheromone variant takes a different approach to the first two
in that it does not associate anti-pheromone with poorer solutions. Instead, a
small number of ants are chosen to behave differently from other ants by being
attracted to areas with little pheromone. These explorer ants influence their
environment by depositing pheromone in the same way as normal ants, only
their preference for existing pheromone is reversed. Hence, an explorer ant finds
its own pheromone undesirable. Equations and [I3] express how an explorer
ant located at city r chooses the next city to go to s.

_ Jargmaxye s, () {[Tmae — 7(r,w)] - [d(r,w)]?} if ¢ < o
5= . . (12)
Equation [[3 otherwise

[Fmas =7(rs)-[drs)l”
pr(r,s) = { S oy e —rCra P 1 8 € Jk(r)
0

otherwise

Where:
Tmaz 1S the highest current level of pheromone in the system.

The explorer ants algorithm divides the population of ants into two groups,
with a higher proportion of normal ants than explorers. We found that two
explorer ants produced good results when m = 10. While this approach appears
similar to the MACS of Kawamura et al. [4], there are some important differences.
Although ants are divided into two groups they do not represent separate colonies
as they share the same pheromone. Furthermore, this algorithm allows for a small
number of explorer ants to be used and saves on memory requirements by using
only a single pheromone matrix.
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Table 1. TSP instances used in this study

Instance Description Optimal Cost

gr24 24 cities 1272
eil51 51 cities 426
eil76 76 cities 538
kroA100 100 cities 21282
d198 198 cities 15780

lin318 318 cities 42029
pcb442 442 cities 50778

4 Computational Experience

A control strategy (normal ACS) and the three alternative implementations were
run in order to evaluate their relative performance. Table [I] describes the TSP
instances [14] with which the alternative pheromone representations are tested.
The computing platform used to perform the experiments is a 550 MHz Linux
machine. The computer programs are written in the C language. Each problem
instance is run across 10 random seeds consisting of 3000 iterations. The ACS
parameter settings used are: 3 = —2,v=0.1, p=0.1, m = 10, go = 0.9.

4.1 Results

The results are given in Table[2l The minimum (“Min”), median (“Med”), max-
imum (“Max”) and inter-quartile range (“IQR”) are used to summarise the
results as they are non-normally distributed. As the results for CPU time are
highly consistent for each combination of algorithm and problem, only the me-
dian CPU time (in seconds) is presented in the table.

The results for CPU time are highly consistent with the three anti-pheromone
algorithms’ times within 3% of those for the control. Explorer ants runs slightly
slower than the others due to the increased computational overhead associated
with evaluating the combined value of two pheromones.

To allow for statistical analysis of cost results across problems, the costs of

solutions were normalised according to <=2t where c is the cost of the solution

Copt ]
and ¢,y is the optimal cost for its correspénding problem. As the data are non-
normally distributed, the Mann-Whitney test was used to compare results.
SAP performs well on problems with less than 100 cities, producing results
that are better than the control. This result is statistically significant, p < 0.05.
On problem gr24, it found the optimal solution on every run. SAP also produces
better results on eil51, and equivalent results on eil76, kroA100 and d198.
However, the control performs better on problems with more than 200 cities.
Across all problems there is no statistically significant difference between the
two algorithms. Although in general 4/ = 0.5 yields the best results for SAP on
the problem instances tested, other values were investigated. It was found that
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Table 2. Results for ACS control and anti-pheromone variants

Problem Algorithm Cost CPU
Instance Min Med Max IQR Time
gr24 Control 1272 1278 1278 6 18
SAP 1272 1272 1272 0 18
PAP 1272 1272 1278 0 20
Explorer 1272 1272 1278 5 17
eil51 Control 426 430 441 7 80
SAP 426 428 430 1 79
PAP 426 430 436 3 83
Explorer 426 430 439 4 T8
€il76 Control 540 545 554 8 177
SAP 539 550 558 9 176
PAP 539 552 562 7 182

Explorer 539 552 561 11 172
kroA100 Control 21296 21479 22178 371 307
SAP 21319 21552 22060 382 304
PAP 21292 21753 22754 411 315
Explorer 21305 21515 22318 426 298
d198 Control 15948 16116 16451 151 1181
SAP 15988 16156 16454 337 1183
PAP 16449 16769 17182 311 1216
Explorer 16058 16205 16425 169 1161
lin318  Control 45514 46793 47422 1031 3018
SAP 48375 49099 50608 1026 3050
PAP 46793 49434 50223 954 3136
Explorer 45031 46314 48114 908 3027
pcb442  Control 60525 62420 65014 1610 5988
SAP 62753 64596 66332 1941 5932
PAP 61623 64156 64753 1133 6097
Explorer 61709 63657 66663 2219 5883

increasing v’ to 0.75 improves SAP’s performance on problems with more than
200 cities, bringing them closer to those achieved by the control. However, there
is still a statistically significant difference between SAP with v = 0.75 and the
control on problems with more than 200 cities, p < 0.05.

On a per problem basis, PAP produces worse results than the control on all
problems except gr24 and eil51. Analysis across all problems combined reveals
a statistically significant difference between the results of the control and those
of PAP, p < 0.10. It is possible that this poor performance is due to the local
update rule in which all ants, regardless of their preference for normal pheromone
versus anti-pheromone, update both pheromones by the same amount. Hence,
ants with a strong preference for anti-pheromone may distract the search too
much and prevent ants with a stronger preference for normal pheromone from
searching near the current global best solution. A modified version of PAP was
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implemented in which ants locally update pheromone in proportion to their value
of A (and anti-pheromone in proportion to (1 — A)) producing equivocal results.

Compared across all problems, no statistically significant difference exists
between explorer ants and the control. Only on d198 is there sufficient evidence
that the control performs better. Explorer ants performed slightly better than
the control gr24 and eilb1.

In general, SAP produces better solutions than PAP. Although PAP performs
better than SAP on problems 1in318 and pcb442, there is no statistically sig-
nificant difference. On problems with less than 100 cities, SAP produces better
results than explorer ants. However, on problems with more than 200 cities, ex-
plorer ants performs better. Explorer ants also performs better than PAP across
all problems.

5 Conclusions

Although animals in nature generally use a number of pheromones in their com-
munication, typical ant algorithms have used only one. The majority of ant
algorithms that have used more than one pheromone are simple extensions of
single-pheromone ant algorithms, maintaining multiple colonies and using the
best solution from one colony to update the pheromone of others. More complex
pheromone interactions have been used by Kawamura et al. [314], but these re-
quire fairly considerable computational resources to store and process multiple
types of pheromone.

We have proposed three variations of the Ant Colony System that employ
anti-pheromone in some form. The first, subtractive anti-pheromone, simulates
anti-pheromone by reducing the amount of pheromone on elements of the it-
eration worst solution. It works well on problems with less than 200 cities. It
also has a distinct advantage over multiple colony ant systems in that it stores
only one kind of pheromone and is no slower than normal ACS. The second al-
gorithm, preferential anti-pheromone, is less successful, producing better results
than the control on only the two smallest problems. It is possible this is because
ants with a strong preference for anti-pheromone distract ants with a preference
for normal pheromone, or that the linear equation for deciding ants’ preferences
results in too few ants with a strong preference for normal pheromone. Explorer
ants, the third anti-pheromone algorithm, changes the response to pheromone of
a small number of ants, making these ants seek elements with lower pheromone
levels. It can produce better solutions than the control on small problems, but
produces largely equivalent results on all other problems.

Middendorf, Reischle and Schmeck [§] suggest that in multiple colony ant
algorithms the amount and frequency of pheromone information exchange should
be kept small. Hence, we plan to extend these algorithms so that the effects of
anti-pheromone on normal pheromone are kept to a minimum. For instance,
PAP could be improved by having a larger proportion of ants with a strong
preference for normal pheromone as well as changing the local update rule so
that ants update each kind of pheromone in proportion to their preference for
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that pheromone. SAP may also yield improved results if pheromone is removed
from elements of poor solutions less frequently.

We have given plausible explanations for how each of the three algorithms
helps to explore different areas of the search space and why this may prove
beneficial. An important extension to this work is to analyse this exploration
behaviour more objectively. This will involve measuring the differences in explo-
ration between algorithms as well as the utility of this exploration.

This work is part of a wider strategy that is looking at ways of producing
generic strategies to enhance ant based metaheuristics [I3/THIT6]. In addition
to the improvements suggested above, future work will involve the extension of
these anti-pheromone applications to other problems.
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Abstract. Population based ACO algorithms for dynamic optimization
problems are studied in this paper. In the population based approach
a set of solutions is transferred from one iteration of the algorithm to
the next instead of transferring pheromone information as in most ACO
algorithms. The set of solutions is then used to compute the pheromone
information for the ants of the next iteration. The population based
approach can be used to solve dynamic optimization problems when a
good solution of the old instance can be modified after a change of the
problem instance so that it represents a reasonable solution for the new
problem instance. This is tested experimentally for a dynamic TSP and
dynamic QAP problem. Moreover the behavior of different strategies for
updating the population of solutions are compared.

1 Introduction

In the Ant Colony Optimization (ACO) approach a discrete combinatorial opti-
mization problem is represented by a so called construction graph where feasible
solutions to the problem correspond to paths through this graph [4]. Artificial
ants move on the graph to generate feasible solutions. Each move from one
node to the next node is based on a probabilistic decision where the probability
to choose an edge is correlated to the relative amount of so called pheromone
that is placed on the edge (and, when available, to additional heuristic informa-
tion). In an iterative process several generations of artificial ants are changing
the pheromone information since the ants that found the best solutions in a
generation are allowed to add some amount of pheromone on the edges of the
corresponding paths. Hence, it is the changing pheromone information that al-
lows the algorithm to make progress so that ants in later generations usually
find better solutions.

In a genetic algorithm (GA) a population of solutions (or encodings thereof)
is directly transferred from one iteration to the next. Mutation and crossover
operations are then used to create new solutions. The new population is obtained
after selection of a subset of mostly good solutions from the old population and
the newly created solutions.

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 111-{122] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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A population-based ACO (P-ACO) algorithm was proposed in [7] where (as
in a GA) a population of solutions (or more exactly, a population of sequences
of decisions corresponding to solutions) is directly transferred to the next itera-
tion. These solutions are then used to compute pheromone information for the
ants of the new iteration. For every solution in the population some amount of
pheromone is added to the corresponding edges of the construction graph (every
edge has been initialized with the same nonzero initial value before).

ACO algorithms have already been used to solve dynamic optimization prob-
lems (see [2J6I819]). In [6l)8] strategies were proposed for modifying the pheromone
information in reaction to a change for a dynamic Traveling Salesperson Problem
(TSP) problem. It was conjectured in [7] that P-ACO is suitable for solving dy-
namic optimization problems where the problem instance changes over time. In
particular, this approach seems promising when dynamic changes of a problem
instance are not too severe and there exists a good heuristic for modifying the
solutions in the population after a change so that they become valid solutions
of the new instance. Since the whole pheromone information of the P-ACO de-
pends only on the solutions in the population it is not necessary to apply other
mechanism for modifying the pheromone information (see [6)8]). This is an ad-
vantage because it will usually be faster to modify a few solutions directly than
to modify the whole pheromone information of a usual ACO algorithm.

In this paper we study the behavior of P-ACO on a dynamic TSP problem
and a dynamic Quadratic Assignment Problem (QAP) problem. Moreover, dif-
ferent strategies are investigated for updating the population of solutions. In [7]
it was always the best solution of the last iteration that was added to the popula-
tion and the oldest solution in the population was removed. Here we also consider
removing the worst solution from the population or to make a random decision
depending on the solution qualities. This is similar to the different strategies
that exist for GAs to decide which individuals form the new population.

The paper is organized as follows. In Section Plwe describe ACO algorithms
in general and the P-ACO with the different population update strategies. The
test setup is given in Section[3l The experimental results are discussed in Section
M and conclusions are drawn in Section Bl

2 ACO Approaches

In this section we describe the generic decision process which forms the basis for
all ACO algorithms, including P-ACO. Furthermore, we discuss several methods
for P-ACO to update its population and as a consequence modify the pheromone
information. It is discussed how ACO is applied to the test problem classes
Dynamic TSP and Dynamic QAP which will be used to compare the performance
of the different strategies in Section Hl.

2.1 Generic Decision Process

When constructing solutions to a problem-instance, ants proceed in an iterative
fashion, making a number of local decisions which result in a global solution. For
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the case of TSP, an ant starts at some city and proceeds by continually choosing
which city to visit next from it’s current location until the tour is complete.
In QAP, the ant goes to a random unassigned location and places one of the
remaining facilities there, proceeding until no free locations/facilities are left.

The decisions an ant makes are probabilistic in nature and influenced by two
factors: pheromone information 7;; and heuristic information 7;;, each indicating
how good it is to choose j at location i. The set of valid choices for an ant is
denoted by S. With probability qg, where 0 < ¢go < 1 is a parameter of the
algorithm, the ant chooses the j € S which maximizes 75 - 7);;, where o and 3
are constants that determine the relative influence of the heuristic values and
the pheromone values on the decision of the ant. With the probability of 1 — qq,
an ant chooses according to the probability distribution over S defined by

T
D kes ik niﬁk

In TSP there are n cities with pairwise distances d;;. The goal is to find
a Hamiltonian circle which minimizes the sum of distances covered, i.e. to
find a mono-cyclic permutation 7 of [1 : n] which minimizes >°;" | d;r(;). The
pheromone matrix [7;;] is encoded in a city xcity fashion, which means that 7;;
is an indication of how good it was to go from city 4 to city j. When initializing
the pheromone matrix, all diagonal elements are therefore set to 0. The heuris-
tic information for Formula [ is derived from the distance between cities, i.e.
n;; = 1/d;;. Typically, 3 > 1 is chosen since the 1 values tend to be very close
to one another, resulting in a too uniform distribution of probabilities.

For QAP there are n facilities, n locations, and n x n matrices D = [d;;]
and F = [fni] where d;; is the distance between locations ¢ and j and fpj is the
flow between facilities h and k. The goal is to find an assignment of facilities to
locations, i.e., a permutation 7 of [1 : n] such that the sum of distance-weighted
flows between facilities 37" | 37| dr(iyn(j) fij is minimized. For this problem
T;; gives information about placing facility j on location 7, with all pheromone
values being equal at the start of the algorithm. No heuristic information is used
for QAP, which is also done in other ACO algorithms for this problem[I0].

After m ants have constructed a solution, the pheromone information is
updated. The standard ACO approach is to evaporate all elements of the
pheromone matrix by multiplication with a value smaller than 1, see ([3/5]).
Afterwards, a positive update is performed by the best solution(s) by adding
pheromone to the decisions which were made, i.e. 7; is increased if (i) = j.
P-ACO also performs positive updates, storing all permutations that have per-
formed an update in the population P, but uses a different mechanism for re-
ducing pheromone values. Instead of reducing all pheromone values, a negative
update is performed when a solution leaves the population. This negative up-
date is of the same absolute value as the previous positive update performed
by it, and it is applied only to the elements which this solution had previously
positively updated. Formally:

VjGSZ Dij =

(1)

— whenever a solution 7 enters the population, do a positive update:
Vie [l,n] : Ti'n'(i) — Tifr(i) + A
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— whenever a solution o leaves the population, do a negative update:
Vie [1771} : Tio’(i) = Tio‘(i) — A

These updates are added to the initial pheromone value 7;,;;. Therefore, the
pheromone matrix which is induced by a population P has the following values:

TZJZT””t—‘rA|{7T€P|7T(Z):]}| (2)

We denote the maximum possible value an element of the pheromone matrix
can achieve by FormulaRlas Tyaz := Tinit + k- A. Reciprocally, if 7,44 is used as
a parameter of the algorithm instead of A, we can derive A = (Tyae — Tinit) /K
so that with Formula [, 7,,., is indeed the maximum attainable value for any
7;j. Note that the actual value for 7;,;; is arbitrary, as 7,4, could simply be
scaled in accordance. For reasons of clarity, we wish the row/column-sum of
initial pheromone values to be 1, which means that 7;,;+ = 1/(n — 1) for TSP
and T = 1/n for QAP.

2.2 Population Update Strategies

Now that we have explained how a population P induces a pheromone matrix
[7i;], let us consider some possibilities for managing the population, i.e. for de-
ciding which solutions should enter the population and which should leave. A
lot of work has been done on the maintenance of populations for steady state
GAs, see [1], and some methods presented here are inspired by those works.

We always consider only the best solution the m ants built during the past
iteration as a candidate for the population P. At the start of the P-ACO algo-
rithm, P is empty. For the first k iterations, with & being the (ultimate) size
of P, the candidate solution is automatically transferred into the population P.
Starting at iteration k4 1, we have a “full” population (k solutions) and another
solution as a candidate. If the candidate should be included into the population,
then another solution which is already part of the population will have to be
removed from it.

Age. The easiest form of population update, which was also used in [7], is an
age based strategy (called Age) in which the oldest solution is removed from
P and the new candidate solution always enters it. This gives each solution an
influence over exactly k iterations, after which it is removed from P.

Quality. Instead of having the respective best solutions of the last k iterations
in the population, another obvious choice is to store the best k solutions found
over all past iterations. We call this strategy Quality. If the candidate solution of
the current iteration is better than the worst solution in P, the former replaces
the latter in P. Otherwise, P does not change.
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Prob. A disadvantage of the Quality Strategy is the possibility that after some
iterations, P might consist of k copies of the best solution found so far, which
will happen if the best solution is found in k separate iterations. In this case, the
ants would be focused on a very small portion of the search space. To ameliorate
this deficiency of the Quality Strategy, we introduce a further strategy, called
Prob, which probabilistically chooses which element from P unified with the
candidate solution will be removed and thus not part of P for the next iteration.
Let g(m) denote the solution value associated with a solution 7. Specifically,
g(m) = 3711 dix(iy for the TSP and g(m) = 321" 77| dr(iyn(s) fij for the QAP.
For both problems a lower value of g is better. With P = {my,..., 7} and the
candidate solution denoted by w1, we define a probability distribution over
the solutions 7;, i =1,..., k+ 1:

Ly .
Di = e — with
Zj:l Zj
vi=g(m)— _min  g(rj) +avg(r) and
1 k+1
avg(m) = =7 ; 9(m;) = _min ()

This provides us with the possibility of any solution from the population being
removed, and the preference to remove bad solutions. Note that if the candidate
solution 741 is chosen for removal, P remains unaltered.

Age&Prob. Finally, we consider a combination of two of the above strategies
to form a new strategy. Specifically, we combine the Age and the Prob Strategy,
using Prob for removal from and Age for insertion into the population. This is
accomplished by restricting the Prob Strategy explained above to the elements
of P, thereby always removing one element from the population. The candidate
solution of the iteration is always added, according to the Age Strategy. This
combination should exhibit the ability of the Age Strategy to quickly move to
new parts of the search space, and the tendency of the Prob Strategy to hold
good solutions in the population.

Elitism. In addition to these strategies, and analogously to ([5]), it is possible to
introduce the concept of elitism into P-ACO. We define 7, as the elitist solution,
i.e. the best solution found by the algorithm so far. If elitism is being used by
P-ACO, then the population is P = {my,...,mx_1} U {me}, with the update
strategy used by the algorithm only being applied to to {m,...,mx—1}. The
elitist solution 7. is updated only when a better solution is found. The concept
of elitism can be especially useful for the Age Strategy, as the ants would need
to find the current best solution every k iterations otherwise in order to have it
in the population.
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2.3 Reacting to a Change

So far, we have only discussed how the P-ACO algorithm works on a static
problem. In this subsection, we present how the algorithm reacts when a change
occurs to the instance it is working on.

As has been mentioned in Section[dl, the dynamical changes we consider that
can occur to problem instances are the deletion and insertion of cities for TSP
and deletion and insertion of locations for QAP. We will only consider changes
that leave the problem size unaltered, i.e. the same number of cities/location
are inserted as were deleted. For the standard ACO, these changes require a
significant amount of repair to the pheromone matrix, as has been shown for
TSP in ([6J8]). Also, problem-specific knowledge is required for these strategies,
and it is not clear that they will work for other problem classes. However, one
principal from [§] called KeepFElite can be used for P-ACO to repair each solution
of the population after a change occurred to the problem instance. For TSP, the
old cities are removed, with successor and predecessor becoming neighbors in
the tour, and afterwards the new cities are inserted into the tour individually in
a greedy fashion at the place of least length increase. For QAP, the facilities are
replaced onto the new locations individually again in a greedy fashion to cause
the least increase to solution quality. The induced pheromone matrix changes
accordingly.

3 Test Setup

As we have mentioned in the previous sections, the two problems used in this
paper to gauge the performance of the proposed strategies are a dynamic TSP
and a dynamic QAP. The algorithm used for finding good solutions is expected
to cope with the insertion, deletion, or replacement of cities/locations which
occur for these instances at runtime.

Our approach was to take a problem instance for TSP/QAP, randomly re-
move exactly half of the cities/locations, thus creating a “spare pool”, and then
start the algorithm, replacing ¢ random cities/locations every ¢ iterations be-
tween the instance the algorithm is working on and the spare pool. This pro-
cedure ensures that the optimal solution for each single instance the algorithm
is trying to find is (usually) not radically different after each change. For TSP,
we used rd400 from the TSPLIB [11], which is a 400 city instance, and for QAP,
we chose tail50b from the QAPLIB [12], which has 150 locations. Note that for
QAP, we always kept the first 75 items defined in the flow-matrix for place-
ment on the varying locations. For severity of change and frequency of change,
we chose ¢ € {1,5,25} for TSP and ¢ € {1,5,15} for QAP, and in both cases
t € {50,200,750}, creating 9 different scenarios, that is pairs (c,t), for each
problem. For each scenario, 25 random instances were created, and the results
averaged.

The parameters for P-ACO were chosen in accordance with the results ob-
tained on the static variants of TSP and QAP in [7] as well as further testing.
Specifically, we chose go = 0.9 for TSP and QAP, 7,4, = 1.0 for TSP and
Tmaz = 9.0 for QAP, which needs a higher 7,4, value to direct the ants in light
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of a missing heuristic (6 = 0). We choose a = 1 for both TSP and QAP and
§ = 5 for TSP. The variable parameters of the P-ACO algorithm we explored
were the population size k € {1,3,6,10} and the replacement strategy for the
population, taken from {Age, Quality, Prob, Prob& Age}. We define the combi-
nation of a population size and a replacement strategy as a configuration. Note
that for k = 1, Age and Prob&Age are identical. We also explored the effect
of elitism by having one of the individuals in the population represent the best
found solution, leaving k — 1 solutions to be managed by the chosen strategy.
Note that for k = 1, using elitism for any strategy is the same as using Quality
without elitism.

For comparison, we also evaluated the performance of a strategy which does
not repair the solutions in the population but rather restarts the algorithm
each time a change occurs. For this, we used P-ACO with the best performing
configuration on static TSP and QAP, which is Age with k& = 1.

4 Results

A comparison between the population update strategies proposed in Section 2]
that is Age, Quality, Prob, and Prob& Age, for different population sizes k and
the different scenarios described in Section [3] was conducted. This comparison
is based on the best found solution quality, averaged over all 9000 iterations,
of the individual configurations. The results are displayed in Figure [1l for TSP,
and Figure 2] for QAP respectively. Basically, the lighter a square is in these two
figures, the better the relative performance of the indicated configuration on the
corresponding scenario. The best configuration always has a white square, and
any configuration that performed more than 5% worse than the respective best
is colored completely black. In addition to the shading, some of the squares in
Figure [I] exhibit a “+” sign. This was used when employing elitism in combina-
tion with the indicated configuration led to a better solution than the omission
of elitism, which for TSP performed better in the majority of cases, i.e. all those
not marked with “+”. A similar approach was taken in Figure 2l However, for
QAP, in most cases the use of elitism led to better solutions, and hence a “-” is
shown when the omission of elitism performed better.

As mentioned above, for TSP, most configurations perform better when not
combined with elitism. Specifically, the best solution for each scenario was found
by a configuration that did not employ elitism. It should be noted that even when
the use of elitism created a better solution, the improvement was typically less
than 0.5%. The cases in which configurations benefit most from using elitism
are when only small changes occur to the problem, thus making it likely that
the modified best solution would still represent a very good solution, and when
population size is not too small and there is enough time to do exploration beside
exploitation of the elite solution in the population. The two best configurations
however, Age and Prob&Age with k = 3, exhibit best performance when not
using elitism. The Quality strategy performs poorly for most of the scenarios
and population sizes, especially when frequent and severe changes occur. Indeed,
in these cases, the Quality strategy performs increasingly bad over time, with
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Fig. 1. Relative deviation from the respective best solution by the individual config-
urations for TSP is shown. A “+” indicates that the use of elitism leads to better
performance; otherwise, not using elitism performed better.

the often and extensively repaired previous best solutions causing a focus on an
area of the search space with bad solution quality, see Figure Bl The reason for
this behavior is probably due to the combination of strong and usually good
heuristic values with Quality’s deterministic fashion of holding only the best
solutions, which effectively obstructs further exploration.

For QAP, the behavior of the individual configurations is different from TSP
in some ways. Here, all configurations with £ > 1 benefit from elitism, and even
some with & = 1 (effectively turning them into the Quality strategy). Judging
from the good performance of the configurations with £k = 1 and Quality for
larger sizes of k as well, it seems that the ants require a strong and not too
variable guidance when looking for good solutions, with the quick convergence
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Fig. 2. Relative deviation from the respective best solution by the individual con-
figurations for QAP is shown. A “-” indicates that not using elitism leads to better
performance better; otherwise, using elitism performed better.

behavior of a small population size outweighing the better handling of changes to
the problem instance by a larger population. For small populations, the difference
between the individual configurations is not very large, which can be seen for
2 representative scenarios in Figure dl Recall that these curves show integral
performance, which explains why the values are still falling noticeably at the
end of 9000 iterations. The only strategy which performs significantly worse
than the others is Prob, which has neither the flexibility exhibited by the Age
Strategy in exploring new areas of the search space nor the persistence of the
Quality Strategy in exhaustively exploiting the surroundings of a good solution.

So far we have only examined how the dynamic strategies compare to one
another. The easiest method for dealing with any dynamic problem is of course
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Fig. 3. Comparison of strategies in (25,50) and (25,750) scenarios for TSP (integral
performance, i.e. average over all iterations from the first to the actual)

to simply restart the algorithm. If this method proves more successful than
integrating the changes into an ongoing optimization process, the integration is
superfluous. Figure [b] shows the integral performance for the P-ACO algorithm
using the Age Strategy and k = 1 (which is one of the best configurations for
using restart).

One can see that restarting performs vastly inferior to integrating the
changes, for TSP as well as QAP. However, restarting starts becoming com-
petitive in TSP when the changes to the problem become too great and/or
when the change interval is long enough. For QAP, the shades are darker than
for TSP, indicating that the necessary change severity and duration between
changes must be even larger for restarting to be competitive.

As we have mentioned in sections [[Jand [2, previous work exists for applying
ACO to the dynamic TSP. A comparison for the (¢,t) = (1,50) scenario is
given in Figure [0 The best evaporation based ACO strategy that was studied
in [8] here is the n-Strategy with A\g = 2; for P-ACO, we use Prob& Age with
k = 3. The figure shows the characteristic difference between the strategies for
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Fig. 4. Comparison of strategies in (15,50) and (1,750) scenarios for QAP (integral
performance, i.e. average over all iterations from the first to the actual)
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Fig. 5. Solution quality when restarting P-ACO on TSP and on QAP, compared to
the best performing configuration which incorporates the changes.
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Fig. 6. n-Strategy with A\g = 2 compared to Prob& Age with k = 3.

the evaporation based ACO and P-ACO in general. There is a comparatively
large loss of solution quality by the 7-strategy after a change, followed by fast
improvement, while the Prob& Age-strategy shows small solution deterioration
and slow improvement. The integral performance by the Prob& Age-strategy is
only slightly worse than that of the n-strategy, which considering the 7-strategy
is TSP-specific is quite good.

5 Conclusion

We have studied the behavior of P-ACO for a dynamic TSP and a dynamic
QAP problem. New strategies for updating the population of P-ACO have been
described and applied with a method for repairing the solutions of the population
when a change to the problem instance occurs. We compared the performance of
these strategies amongst each other and with a restart of the algorithm for the
problem classes TSP and QAP. With some amount of lasting guidance for the
ants, either from the problem instance by providing heuristic values or by using
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elitism, a population size of 3 solutions seems to be the best compromise between
versatility for rapid solution improvement and resilience toward changes. Aside
from the fitness function for TSP and QAP, no problem specific information was
used by P-ACO, which indicates that this algorithm could be employed with
some success for other dynamic problem classes as well.
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Abstract. Finding paths in networks is a well exercised activity both in theory
and practice but still remains a challenge when the search domain is a dynamic
communication network environment with changing traffic patterns and network
topology. To enforce dependability in such network environments new routing
techniques are called upon. In this paper we describe a distributed algorithm ca-
pable of finding cyclic paths in scarcely meshed networks using ant-like agents.
Cyclic paths are especialy interesting in the context of protection switching, and
scarce meshing is typical in real world telecommunication networks. Two new
next-node-sel ection strategies for the ant-like agents are introduced to better han-
dlelow degrees of meshing. Performance resultsfrom Monte Carlo Simul ations of
systemsimplementing the strategies are presented indicating apromising behavior
of the second strategy.

1 Introduction

Finding paths in networks is awell exercised activity both in theory and practice. Still
it remains a challenge especially when the search domain is a dynamic communication
network environment with changing traffic patterns and network topology. The internet
is such an environment, and as an increasing number of applications demanding QoS
guarantees is beginning to use internet as their major communication service, efficient
and dependable routing in the network becomes more important than ever.

Protection switching [1] is a well known technique for improving dependability
in communication networks and commonly used in larger SDH- and ATM-networks.
To enable fast recovery from link or network element failures two (or more) digjunct
independent paths from source to destination are defined, one primary and one (or
more) backup path. Loss of connectivity in the primary path triggers switching of traffic
to the backup path. Good dependahility is achieved by allocating required resources
for the backup path prior to the occurrence of failures in the primary path. However
maintaining the necessary mesh of backup paths in a dynamic network with a large
number of active sources and destinations is a complex task [Z]. Grover & al. [3/4]
propose to use simple cyclic paths (“p-cycles’) as a means for dependable routing in
meshed networks. Protection rings are common in SDH based transport networks and
guarantee protection against singlelink failuresin the ring (assuming the ring has duplex
links)[5]. All network elements on the ring can continue to communicate with each other

M. Dorigo et . (Eds.): ANTS 2002, LNCS 2463, pp. 123134] 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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after asinglelink failure by routing all traffic over the“ healthy” curve-section of thering
(Figure[d). Thusacyclic path can provide a dependable communication service for aset

Fig. 1. Protection switching in aring network.

of sources and destinations. Assuming p-cycles can be found, the number of necessary
cyclesto be maintained in a network providing a dependable communication service to
aset of network elements, islikely to be far less than the number of traditional backup
paths required to provide the same service.

In this paper we describe an agorithm, founded in rare event theory and cross en-
tropy, able to find cyclic paths in networks. The fundamentals of the algorithm has
previously be published in [6]. This paper enhances the origina algorithm by enabling
it to find cyclic paths in networks with low degrees of meshing, a common property
of real world telecommunication networks. The algorithm is fully distributed with no
centralized control which are two desirable properties when dependability is concerned.
The agorithm can conveniently be implemented using simple (ant-like) mobile agents
[[7]. Section 2 introduces the foundations of the original a gorithm and motivatesthe use
of it. Section 3 describes the original next-node-selection strategy for the mobile agents
aswell astwo new strategies. Emphasisis put upon search performance when searching
for cycles in scarcely meshed networks. Section 4 presents results from Monte Carlo
simulation of systems based on the strategies described in section 3. Finally section 5
summarizes, concludes and indicates future work.

2 Agent Behavior Foundations

The concept of using multiple mobile agents with abehavior inspired by foraging antsto
solve routing problems in telecommunication networks was introduced by Schoonder-
woerd & al. in[8] and further devel opedin [9]10/11]. Schoonderwoerd & al.’swork again
buildson Dorigo & a.’swork on Ant Colony Optimization (ACO) [[12]. Theoverall idea
isto have a number of simple ant-like mobile agents search for paths between a given
source and destination node. While moving from node to node in a network an agent
leaves markings imitating the pheromone left by real ants during ant trail devel opment.
This results in nodes holding a distribution of pheromone markings pointing to their
different neighbor nodes. An agent visiting a node uses the distribution of pheromone
markingsto select which nodeto visit next. A high number of markings pointing towards
a node (high pheromone level) implies a high probability for an agent to continue its
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itinerary toward that node. Using trail marking agents together with a constant evapora-
tion of all pheromone markings, Schoonderwoerd and Dorigo show that after arelatively
short period of time the overall process converges towards having the majority of the
agentsfollowing asingletrail. Thetrail tends to be anear optimal path from the source
to the destination.

2.1 TheCrossEntropy Method

In [13] Rubinstein develops a search algorithm with similarities to Ant Colony Opti-
mization [[12]14]. The collection of pheromone markingsis represented by a probability
matrix and the agents' search for paths is a Markov Chain selection process generating
sample paths in the network. (“Path” and “trail” are equivalent in this paper and will be
used interchangeably.)

In alarge network with a high number of feasible paths with different qualities, the
event of finding an optimal path by doing arandom walk (using a uniformly distributed
probability matrix) israre, i.e. the probability of finding the shortest Hamiltonian cyclic
path (the Traveling Salesman Problem) in a 26 node network is 5; ~ 10726, Thus
Rubinstein devel ops his algorithm by founding it in rare event theory.

By importance sampling in multipleiterations Rubinstein altersthe transition matrix
and amplifiesprobabilitiesin Markov chainsproducing near optimal paths. Crossentropy
(CE) is applied to ensure efficient ateration of the matrix. To speed up the process, a
performance function weightsthe path qualities (two stage CE algorithm [15]) such that
high quality paths have greater influence on the alteration of the matrix. Rubinstein’s
CE agorithm has 4 steps:

1. At the first iteration ¢ = 0, select a start transition matrix P.—g (e.g. uniformly
distributed).

2. Generate N pathsfrom P, using some selection strategy (i.e. avoid revisiting nodes,
see section 3). Calculate the minimum Boltzmann temperature ~; to fulfill average
path performance constraints, i.e.

N
miny; St. h(Py,y:) = Z (ks Ye) 1
k=1

where H (7, vt) = e_#f’) is the performance function returning the quality of
path 7. L(my) istheraw cost of path 7, (e.g. delay in atelecommunication network).
1075 < p < 1072 is a search focus parameter. The minimum solution for -y, will
resultinacertainamplification (controlled by p) of high quality pathsand aminimum
average h(P;,~:) > p of al path qualitiesin the current batch of N paths.

3. Using ~, from step 2 and H (7, v¢) for k = 1,2..., N, generate a new transition
matrix P, 1 which maximizesthe “closeness’ to the optimal matrix, by solving

N
max — Z (Tk,7t) Z In P, ;; ¥

P
o ijEmR
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where P, ;; isthe transition probability from node to j at iteration ¢. The solution
of @ isshownin [13] to be

oy - Dy I s} € m) Hm, )
t+1,rs —

S I({r} € m)H (m, )
which will minimize the cross entropy between P; and P,; and ensure an optimal

shift in probabilities with respect to -, and the performance function.
4. Repesat steps 2-3 until H (7, ) ~ H (7, v:+1) Where 7 is the best path found.

©)

2.2 Distributed Implementation of the Cross Entropy Method

Rubinstein’s CE algorithm is centralized, synchronous and batch oriented. All results
output from each step of the algorithm must be collected before the next step can be
executed. In [6] a distributed and asynchronous version of Rubinstein’s CE agorithm
is developed. A few approximations let (3) and (1) be replaced by the autoregressive
counterparts

ey I, s} € m) B H ()

P, rs — 4
tLre = S () € m)B H () @

and
min-y, St h () > p (5

respectively where

hy(7e) = hy_y (7)B + (1 — B)H (4, %)

18 & e
i ﬁt;ﬁt “H ()

and 5 < 1, step 2 and 3 can immediately be performed when a single new path ; is
found and a new probability matrix P, 1 can be generated.

The distributed CE agorithm may be viewed as an algorithm where search agents
evaluateapath found (and calculatey; by (5)) right after they reach their destination node
and then immediately return to their source node backtracking along the path. During
backtracking relevant probabilities in the transition matrix are updated by applying
H (¢, ) through (4).

The distributed CE algorithm resembles Schoonderwoerd & al.’s original sys-
tem. However Schoonderwoerd's ants update probabilities during their forward search.
Dorigo & d. realized early in their work on ACO that compared to other updating
schemes, updating while backtracking results in significantly quicker convergence to-
wards high quality paths. Dorigo & al.’sAntNet system [9] implements updating while
backtracking, thusis more similar to the distributed CE algorithm than Schoonderwoerd
& a.'s system. However none of the earlier systems implements a search focus stage
(the adjustment of +,) asin the CE agorithms.
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2.3 P-Cycles, Hamiltonian Cyclic Paths, and CE Algorithms

Grover's“p-cycles’ [3] provide protection against asingle link failure on any link con-
necting the nodes which are on the path defined by the p-cycle. This includes both
on-cycle links (links traversed by the path) as well as straddling links (links not tra-
versed but having their end nodes on the path). Intuitively a Hamiltonian cyclic path,
which by definition visits all nodes oncein anetwork, would provide acycle potentially
able to protect against any single link failure. Thisisaso argued in [16].

The CE algorithms from both [[13] and [6] show good performance when tested on
optimal Hamiltonian cyclic path search problems aslong as the network environment is
fully meshed (all nodes have direct duplex connections). Real world telecommunication
networks are seldom fully meshed. An average node degree much lager than 5 is un-
common. Finding a single Hamiltonian cyclic path in alarge network with such scarce
meshing can itself be considered arare event.

In the section[31]we describe the selection strategy (used in CE algorithm step 2)
implemented in the original CE algorithms (both [[13] and [6]). They strategy struggles
to find Hamiltonian cyclic paths in our 26 node test network shown in Figure 2l In
section[32land B:3 we suggest two new selection strategiesintended to better cope with
anetwork topology with scarce meshing.

3 Selection Strategies

3.1 Markov Chain without Replacement

The CE agorithmsin [13] and [[6] implement a strict next-hop selection strategy termed
Markov Chain Without Replaceme(MCWR) in [13]. No nodes are alowed to be
revisited, except for the home node when completing a Hamiltonian cyclic path.
Let
XZJ)(S) =I(s¢ Viv (G C Vi) A s=hn'))

where I(...) istheindicator function, V isagent i’slist of aready visited nodes, G -
isthe set of neighbor nodesto node r and hn' isagent i’'shome node. Thus X} ,.(s) is 1
if node s has not already been visited by agent i, or if all neighbor nodes of r have been
visited by agent 7 and s is agent i’s home node.

When MCWR is applied P, ., from (@) is weighted by X/, (s) and renormalized
giving a new next-hop probability distribution

[I(t > D)Pyys(1 — €) + ] X{,.(5)
2ouk [1(t> D)Prrs(1—€) + ¢ Xi (k)

Q;,rs =

where D isthe number of path samplesrequired to befound to completetheinitialization
phase of the system (step 1). The random noisefactor ¢ isset to asmall value, e.g. 10769,
During theinitialization phase agentsareforced to explore sincethe next-hop probability
vector Q; ,. will have a uniform distribution over the qualified (X7 ,.(s) = 1) neighbor
nodes. See [6] for more details about the initialization phase.

If > .cq, Xi.(s)=0,agentihasreach adead end and in the MCWR strategy it
isterminated. When the event of finding a Hamiltonian cyclic path israre due to scarce
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meshing in a network, most agents will reach such dead ends. Thus only afew “lucky”
agent will be able to contribute with a path in step 2 of the CE algorithm. Thiswill slow
down the search process significantly since CE agorithms require a “smooth” search
space, i.e. many suboptimal solutions should exist in addition to the optimal solutions.

3.2 Markov Chain Depth First

Instead of immediately terminating agents when dead ends are reached a “retry mecha-
nism” can beimplemented. We have tested what we call the Markov Chain Depth First
(MCDF) strategy which allows agentsto backtrack and retry searching. An MCDF-agent
performs a depth first search [17] from its home node, i.e. it triesto visit nodes in such
an order that when adead end is met (aleaf node is found) all nodes have been visited
only once and the home node is aneighbor of the leaf node. If adead end isreached and
either al nodes has not been visited or the home node is not a neighbor node, the agent
backtracks along its path one step before continuing the search.
Let
Xp5(s)=1I(s ¢ (ViUD},) V (G, C Vi) A s = hnl))

where D;’m is the set of neighbor nodes of r leading to dead ends for agent i. Thus
ngr(s) is 1if node s has not already been visited by agent 7 and s does not lead to a
dead end, or (asfor X;T(s)) if all neighbor nodes of r have been visited by agent i and
s isagent i's home node.

All Df;’,,‘ (for V,.) are stored in a stack managed by agent i. When a fresh next node
741 1S chosen Di}m = () is pushed onto the stack. If a dead end is reached at node
r11 agent ¢ backtracks to the previously visited node r, removes (pops) D;T ., fromthe
stack and adds ;1 to Di),. (which is now on the top of the stack).

When MCDF is applied P ., is weighted by X/* (s) in the same way X/ (s) is
for MCWR. Resultsin sectionBlshow simulation scenarios for MCDF-agents both with
unlimited and limited backtracking. Unlimited backtracking implies never terminating
agents but letting them search (in depth first fashion) until they find Hamiltonian cyclic
paths. Limited backtracking implements a quota of backtracking stepsin each agent, i.e.
acertain no of “second chances’ or “retries’ are alow for an agent before termination.

A method with similaritiesto MCDF is presented in [18].

3.3 Markov Chain with Restricted Replacement

By relaxing the agent termination condition even more, we arrive at what we call the
Markov Chain with Restricted ReplaceméMCRR) strategy. The fundamental dif-
ference between this strategy and both MCWR and MCDF is a less strict condition
concerning revisits to nodes. Revisits are simply allowed, but only when dead ends are
reached. To ensure completion of cycles the home node is given priority when a dead
end is reached and the home node is a neighbor node.
Let
X0 (s) = I(((Ger £ V) As€EVYV _
(Ger CVY) A Bt € Gy A s# hnY))
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where(...) istheinverseindicator function. Thus X;* (s) iszeroiif an unvisited neigh-
bor node to r exists and s has already been visited, or if all neighbor nodes have been
visited and the home node is a neighbor node but s is not the home node. Asfor MCWR
and MCDF X/**(s) weights P ..

Inour simulationswe consider only pathsfound by M CRR-agentswhich havevisited
all nodes when they return to their home node. Several of these agents will find closed
acyclic paths (with loops), i.e. none Hamiltonian cyclic paths. The search space is now
“smoother” and a range of suboptimal solutions exists (most none Hamiltonian). This
enables step 2 in the CE agorithm to be executed with close to the same efficiently as
for afully meshed network.

However when using MCRR-agents there is no longer guaranteed that the best path
found when the system convergesis aHamiltonian cyclic path. Since the agentsvisit al
nodes, the length of acyclic closed paths where nodes have been revisited, are likely to
be longer than Hamiltonian cyclic paths. Thus finding the shortest Hamiltonian cyclic
path (minimization) may still be achievable.

Werealize that the above statement does not holdin general since anetwork topol ogy
may be constructed having its shortest Hamiltonian cyclic path longer than one or more
closed acyclic paths visiting al nodes. However in the context of p-cycle design closed
acyclic paths may till provide protection against single link failures.

Results in section 4] are promising. MCRR outperforms both MCWR and MCDF
when it comes to speed of convergence, and do in al simulation scenarios converge to
aHamiltonian cyclic path.

4 Strategy Performance

As for the simulation scenarios in [[6] we have used an active network enabled version
of the Network Simulatowersion 2 [19] to test the three selection strategies. Our test
network topology is show in Figure[2, a 26 node network with an average number of
outgoing links (degree) per node equal to 5. The low average degree implies existence
of far less Hamiltonian cyclic paths compared to a fully meshed 26 node network with
number of Hamiltonian cyclic paths equal to 25! ~ 1025, The network topology was
generated by the Tier 1.1topology generator [20] with the parameter vector “1 0026 0
0911119".

All scenarios had equal parameter settings (except for different selection strategies):
D =19, u=26,0=0.998, p=0.01, p* = 0.95, where  is the number of agents
operating concurrently and p* the p reduction factor. See [6] for further descriptions of
the parameters.

Table[d and 2 compare results form simulation scenarios for the different selection
strategies. Results shown are values recorded after 100, 1500 and 10 000 seconds of
simulation time. Time has been chosen as the scale of progress rather than number of
iterations since the time spent per iteration (per search) vary significantly between the
different strategies. Simulation timeis expected to be approximately proportional to real
time in a network.

Columns 2, 3 and 4 in Table[d show the total number of Hamiltonian cyclic paths
found including re-discoveries. Values are averaged over 10 simulations and reported
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Fig. 2. Network topology used in simulation scenarios. The topology is generated by the Tiers 1.1
topology generator [[20].

Table 1. Number of paths found in simulation scenarios using the three different selection strate-
gies. Values are averaged over 10 simulations and reported with standard deviations (prefixed by
+). Numbersin bracket are the number of agents which have finished their initialization phase.

Test No of Hamiltonian cyclic paths found No of none Hamiltonian cyclic paths
scenarios 100¢ 15003 10 000g 100¢ 15009 10 000s
MCWR 1.0+0(0) 16.0 £2.3(0)| 109 £8.7 (0)|16.0e3 £52.1| 246e3+213| 1.6e6+533
MCDF unlimited 0.0+0 (0) 1.0 +£0.0 (0)| 2.57 £1.3(0) 201+30.6| 1.5e3+79.1| 9.3e3+190

MCDF quota=10| 1.0+0(0)|  14.0 +4.5(0)[85.0 +12.4 (0)| 8.8e3+24.3| 134e3-+156|901e3+345
MCDF quota=5 | 2.00.9(0)|  16.0 +:4.4(0)[95.0 £10.8 (0)| 10.1e3+34.1| 155e3--151| 1.0e6:402
MCDFquota=2 | 1.0+0(0)]  14.0 £3.7(0)[99.0 £12.1 (0)| 11.563£40.9| 176€3-126( 1.266:£316
MCDF quota=1 | 20+£1.0(0)] 16,0 £55(0)| 105+12.9(0)] 12.3+355| 188e3-101| 1.366:£367
MCRR 7.0£2.8(26)|528004:4620 (26)|  (converged)| 4.9e3--56.0|15.7e3--1580| (converged)

Table2. Quality of pathsfoundin simulation scenariosusing thethreedifferent sel ection strategies.
Values are based on 10 simulation. Standard deviations are prefixed by + and the worst of the best
values are given in brackets.

Test Best path found (Worst of best paths found) Average path cost
scenarios 1005 1500s 10 000s 1005 1500s 10 0063
MCWR 0.199 (0.251)|0.197 (0.214)|0.193 (0.207)|  0.231+0.015|0.232+-0.004|0.231+0.004

MCDF unlimited|(no paths found)|0.250 (3.273)[0.215 (0.750)| (no paths found) |0.923+1.023|254.5+670.5
MCDF quota=10|  0.202 (0.371)(0.202 (0.222)|0.194 (0.207)| ~ 0.260+0.058|0.254-0.008|0.254+0.008
MCDF quota=5 | 0.201 (0.240)0.201 (0.221)|0.196 (0.209)|  0.228-:0.014|0.24040.011|0.243+0.008
MCDF quota=2 |  0.198 (0.293)|0.194 (0.224)[0.194 (0.206)|  0.244--0.028|0.241+0.006|0.241+0.005
MCDF quota=1 | 0.204 (0.258)|0.201 (0.210)|0.193 (0.204)| ~ 0.231+0.016{0.2354-0.003(0.2384-0.003
MCRR 0.203 (0.230)[0.194 (0.202)| (converged)| 0.514--0.0370.206:£0.015| (converged)
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with standard deviations (prefixed by +). Numbersin bracket are the number of agents
which have finished their initialization phase, i.e. changed search behavior from doing
random walk guided only by a selection strategy to being guided both by a selection
strategy and cross entropy adjusted probabilities (pheromones). Column 5, 6 and 7 show
thetotal number of none Hamiltonian cyclic paths found, including dead ends and paths
not visiting all nodes.

Column 2, 3 and 4 in TableR]show the best of the best paths found (lowest cost) in 10
simulations with the worst of the best in brackets. And finally columns 5, 6 and 7 show
path cost averaged over 10 simulations and reported with standard deviations (prefixed
by +).

4.1 Markov Chain without Replacement

As expected in the MCWR scenario few Hamiltonian cyclic paths are found even after
1500 simulation seconds. The scarce meshing in the test network resultsin many agent
reaching dead ends. Thefraction of feasibletoinfeasiblepathsfoundisaslow as6.5-10~°
after 1500 seconds. The paths found are of relatively good quality, but still after 10 000
seconds none of the agents have managed to collect enough paths samplesto finish their
initialization phases.

These results indicate the need for a different selection strategy when searching for
Hamiltonian cyclic paths in networks with scarcely meshed topologies.

4.2 Markov Chain Depth First

The results for the MCDF scenarios are not promising. When unlimited backtracking
is enabled even fewer path are found than for the MCWR scenario. The path quality
is low because the total search time (including backtracking) is registered as path cost.
This is not surprising since unlimited backtracking implies that every agent is doing
an exhaustive search for Hamiltonian cyclic paths. The very reason for introducing
stochastic search techniques in the first place is to avoid the need for such exhaustive
searches.

When the MCDF strategy islimited by quotas of 10, 5, 2 or 1 retry the performance
improves compared to unlimited backtracking but is not better than the original MCWR
strategy. Also with this strategy not enough valid paths have been found after 10 000
seconds to enable any agents to complete their initialization phase. Best and average
path costs are similar to the values for MCWR and no convergence is observed due to
the overall low number of valid paths found.

4.3 Markov Chain with Restricted Replacement

The last row in Table[I and [2 which presents results from MCRR scenarios, stand out
fromthe other results. Already after 100 simul ation seconds all 26 agentshave completed
their initialization phases, and after 1500 seconds the average path cost has converged
to a value close to the best path found (see bold values). Since full convergence is
experienced already around 1500 seconds, no values are given for 10 000 seconds. For



132 O. Wittner and B.E. Helvik

all 10 simulations the best path found is a true Hamiltonian cyclic path. Figure[3 show
how the ratio of Hamiltonian to none Hamiltonian cyclic paths found increases during
the search process. Not long after 800 seconds most agents start finding Hamiltonian
cyclic paths.

Hamiltonian
None Hamiltonian
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90.0000
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70.0000

60.0000

50.0000

40.0000

30.0000
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10.0000

......m"‘"f‘
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! Time
0.0000 200.0000 400.0000 600.0000 800.0000

Initialization

phase finished

Fig. 3. Ratio of Hamiltonian to none Hamiltonian cyclic paths found when using the MCRR
selection strategy.

We believe these results indicates the value of using infeasible paths (none Hamil-
tonian cyclic paths) as intermediate solutions during the iterative search process of the
CE agorithm. The question of accepting or rejecting infeasible solutions is well known
to designers of evolutionary systems [21122]. When feasible solutions are located far
from each other in the search domain a significant speedup in the search process can
be achieved by letting infeasible solutions act as “ stepping stones’ between suboptimal
and optimal feasible solutions.

5 Concluding Remarks

As an increasing number of applications demanding QoS guarantees are accessing in-
ternet, dependable routing is becoming more important than ever. This paper examines
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and enhances a distributed cross entropy founded algorithm designed to find cyclic paths
(Hamiltonian cyclic paths) in networks. Such paths are argued to be good candidate paths
when protection switching isto beimplemented in meshed networksusing p-cycles[16].
Theagorithm presented iswell suited for distributed implementation, for instance using
mobile agents or active networks technology.

Previous versions of the algorithm [[13]6] struggle to find Hamiltonian cyclic paths
in scarcely meshed network, very much because of the strict selection strategy (Markov
Chain without Replacement ) in operations during the search process. In this paper we
compare the original selection strategy with two new strategies. The first new strategy,
Markov Chain Depth Firstproves to be as inefficient as the original, while the second,
Markov Chain with Restricted Replacemeamnittperforms both the other strategies. How-
ever, using the second strategy convergence towards feasible solutions (i.e. Hamiltonian
cyclic paths) isnot guaranteed. Even so results from simulation scenariosindicate ahigh
probability of converging towards near optimal Hamiltonian cyclic paths.

More excessive parameter tuning of the algorithm is required. Also the possibil-
ity of including heuristics to speed up the convergence process even more should be
investigated.

Currently anew version of the algorithm is under development which allows several
species of agents compete in finding quality paths in a network. By this a set of cyclic
paths providing a overall high quality p-cycle design may potentially be found.

References

1. S. Aidarous and T. Plevyak, ed., Telecommunications Network Management into the 21st
Century |EEE Press, 1994.

2. Otto Wittner and Bjarne E. Helvik, “ Cross Entropy Guided Ant-like Agents Finding Depend-
able Primary/Backup Path Patternsin Networks,” in Proceedings of Congress on Evolutionary
Computation (CEC2002fHonolulu, Hawaii), IEEE, May 12-17th 2002.

3. W.D. Grover and D. Stamatelakis, “Cycle-oriented distributed preconfiguration: ring-like
speed with mesh-like capacity for self-planning network restoration,” in Proceedings of IEEE
International Conference on Communicational. 1, pp. 537 —543, 7-11 June 1998.

4, D. Stamatelakisand W.D. Grover, “ Rapid Span or Node Restorationin IP Networksusing Vir-
tual Protection Cycles,” in Proceedings of 3rd Canadian Conferance on Broadband Research
(CCBR’99) (Ottawa), 7 November 1999.

5. M. Decina and T. Plevyak (editors), “Special Issue: Self-Healing Networks for SDH and
ATM,” IEEE Communications Magazineol. 33, September 1995.

6. BjarneE. Helvik and Otto Wittner, “Using the Cross Entropy M ethod to Guide/Govern Mobile
Agent’s Path Finding in Networks,” in Proceedings of 3rd International Workshop on Mobile
Agents for Telecommunication Applicatio8gringer Verlag, August 14-16 2001.

7. VuAnh Pham and A. Karmouch, “Mobile Software Agents: An Overview,” IEEE Communi-
cations Magazingvol. 36, pp. 2637, July 1998.

8. R. Schoonderwoerd, O. Holland, J. Bruten, and L. Rothkrantz, “Ant-based Load Balancing
in Telecommunications Networks,” Adaptive Behaviqrval. 5, no. 2, pp. 169-207, 1997.

9. G. D. Caro and M. Dorigo, “AntNet: Distributed Stigmergetic Control for Communications
Networks,” Journal of Artificial Intelligence Researchol. 9, pp. 317-365, Dec 1998.

10. T. W. B. P. F. Oppacher, “Connection Management using Adaptive Mobile Agents,” in Pro-

ceedings of 1998 International Conference on Parallel and Distributed Processing Techniques

and Applications (PDAPTA'98)1998.



134

11.

12.

13.

14.

15.

16.

17.

18.

10.

20.

21.

22.

O. Wittner and B.E. Helvik

J. Schuringa, “Packet Routing with Genetically Programmed MobileAgents,” in Proceedings
of SmartNet 200QWienna), September 2000.

Marco Dorigo and Gianni Di Caro, “Ant Algorithms for Discrete Optimization,” Atrtificial
Life, vol. 5, no. 3, pp. 137-172, 1999.

ReuvenY. Rubinstein, “The Cross-Entropy Method for Combinatorial and Continuous Opti-
mization,” Methodology and Computing in Applied Probabilipp. 127—190, 1999.

M. Zlochin, M. Birattari, N. Meuleau, and M. Dorigo, “ M odel -based Search for Combinatorial
Optimization,” IRIDIA IRIDIA/2001-15, Universite Libre de Bruxelles, Belgium, 2000.
ReuvenY. Rubinstein, “ The Cross-Entropy and Rare Eventsfor Maximum Cut and Bipartition
Problems - Section 4.4,” Transactions on Modeling and Computer Simulatitmappesr.

D. StamatelakisandW.D. Grover, “ Theoretical Underpinningsfor the Efficiency of Restorable
Networks Using Preconfigured Cycles("p-cycles"),” IEEE Transactions on Communicatigns
vol. 48, pp. 1262-1265, August 2000.

Kenneth A. Ross and Charles R.B. Wright, Discrete MathematicsPrentice Hall, 2nd ed.,
1988.

V. Maniezzo, “Exact and Approximate Nondeterministic Tree-Search Procedures for the
Quadratic Assignment Problem,” INFORMS Journal on Computingol. 11, no. 4, pp. 358—
369, 1999.

DARPA: VINT project, “UCB/LBNL/VINT Network Simulator - ns (version 2).”
http://www.isi.edu/nsnam/ng/.

Calvert, K.1. and Doar, M.B. and Zegura, E.W. , “Modeling Internet Topology ,” IEEE Com-
munications Magazinevol. 35, pp. 160 —163, June 1997.

Goldberg, D., Genetic Algorithms in Search, Optimization and MachineLearn fudgdison
Wesley, 1998.

Z.Michalewicz, Genetic algorithms + Data Stuctures = Evolution Prograr8gringer Verlag,
second ed., 1996.



Insertion Based Ants for Vehicle Routing
Problems with Backhauls and Time Windows

Marc Reimann, Karl Doerner, and Richard F. Hartl

Institute of Management Science, University of Vienna
Briinnerstrasse 72, A-1210 Vienna, Austria
{marc.reimann, karl.doerner, richard.hartl}@univie.ac.at
http://www.bwl.univie.ac.at/bwl/prod/index.html

Abstract. In this paper we present and analyze the application of an
Ant System to the Vehicle Routing Problem with Backhauls and Time
Windows (VRPBTW). At the core of the algorithm we use an Insertion
procedure to construct solutions. We provide results on the learning and
runtime behavior of the algorithm as well as a comparison with a custom
made heuristic for the problem.

1 Introduction

Since their invention in the early 1990s by Colorni et al. (see e.g. [1]), Ant
Systems have received increasing attention by researchers, leading to a wide
range of applications such as the Graph Coloring Problem ([2]), the Quadratic
Assignment Problem (e.g. [3]), the Travelling Salesman Problem (e.g. [4], [5]), the
Vehicle Routing Problem ([6], [7]) and the Vehicle Routing Problem with Time
Windows ([8]). Recently, a convergence proof for a generalized Ant System has
been developed by Gutjahr ([9]).

The Ant System approach is based on the behavior of real ants searching
for food. Real ants communicate with each other using an aromatic essence
called pheromone, which they leave on the paths they traverse. In the absence
of pheromone trails ants more or less perform a random walk. However, as soon
as they sense a pheromone trail on a path in their vicinity, they are likely to
follow that path, thus reinforcing this trail. More specifically, if ants at some
point sense more than one pheromone trail, they will choose one of these trails
with a probability related to the strenghts of the existing trails. This idea has
first been applied to the TSP, where an ant located in a city chooses the next
city according to the strength of the artificial trails

This leads to a construction process that resembles the Nearest Neighbor
heuristic, which makes sense for the TSP. However, most of the applications
of Ant Systems to other problems, also used this constructive mechanism. In
order to be able to do so, the problem at hand had to be transformed into a
TSP first. By doing so, structural characteristics of the problem, may disappear,
thus leading to poor solutions. Moreover, for many of the problems solved with
Ant Systems so far, problem specific constructive algorithms exist that exploit
these structural characteristics. For example, for the classic VRP without side

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 135-[148] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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constraints, we have shown in ([7]) that the incorporation of a powerful problem
specific heuristic algorithm significantly improves the performance and makes
the Ant System competitive to other state-of-the-art methods, such as Tabu
Search.

Building on these results, in this paper we propose an Ant System, where
the constructive heuristic is a sophisticated Insertion algorithm. We apply our
approach to the Vehicle Routing Problem with Backhauls and Time Windows
(VRPBTW), a problem with high practical relevance. We present some prelimi-
nary results, that suggest the potential of our approach. To our best knowledge,
we are not aware of existing works that deal with the application of an Ant
System to the VRPBTW. The same applies to the incorporation of an Insertion
algorithm within Ant Systems. These two points constitute the main contribu-
tion of our paper. While revising this paper we became aware of work done by
Le Louarn et al. ([I0]). In their paper, the authors use their GENT heuristic (pro-
posed earlier in [I1]) at the core of an ACO algorithm and show the potential of
this approach for the TSP.

In the next section we describe the VRPBTW and review the existing lit-
erature. Section [J deals with the Ant System algorithm, and the details of the
incorporation of the Insertion algorithm. The numerical analysis in Section H
focuses on the learning behavior of the Ant System, the effects of backhauls and
the general performance of our Ant System when compared with a custom-made
heuristic for the problem. Finally, we conclude in Section Bl with a summary of
the paper and an outlook on future research.

2 Vehicle Routing Problems with Backhauls and Time
Windows

Efficient distribution of goods is a main issue in most supply chains. The trans-
portation process between members of the chain can be modeled as a Vehicle
Routing Problem with Backhauls and Time Windows (VRPBTW). For example,
the distribution of mineral water from a producer to a retailer (linehauls) may
be coupled with the distribution of empty recyclable bottles from the retailer to
the producer (backhauls). Both linehauls and backhauls may be constrained by
possible service times at the producer and the retailers.

More formally, the VRPBTW involves the design of a set of pickup and
delivery routes, originating and terminating at a depot, which services a set of
customers. Each customer must be supplied exactly once by one vehicle route
during her service time interval. The total demand of any route must not exceed
the vehicle capacity. The total length of any route must not exceed a pre-specified
bound. Additionally, it is required that, on each route, all linehauls have to be
performed before all backhauls. The intuition for that is, that rearranging goods
en route is costly and inefficient. The objective is to minimize the fleet size, and
given a fleet size, to minimize operating costs. This problem is a generalization
of the VRP, which is known to be NP-hard (cf. [12]), such that exact methods
like Branch&Bound work only for relatively small problems in reasonable time.
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While the VRP has received much attention from researchers in the last four
decades (for surveys see [13]), the more constrained variants have only recently
attracted scientific attention. The Vehicle Routing Problem with Time Windows
(VRPTW) has been studied extensively in the last decade; for a recent overview
of metaheuristic approaches see (e.g. [14]). The same applies for the Vehicle
Routing Problem with Backhauls (VRPB, see e.g. [15]).

The VRPBTW, which combines the issues addressed separately in the works
cited above, has received only very little attention. Gelinas et al.([I6]) have ex-
tended a Branch&Bound algorithm developed for the VRPTW to cope with
backhauling. They proposed a set of benchmark sets based on instances pro-
posed earlier for the VRPTW, and solved problems with up to 100 customers to
optimality. Their objective was to minimize travel times only. Simple construc-
tion and improvement algorithms have been proposed by Thangiah et al. ([17]),
while Duhamel et al.([1§]) have proposed a Tabu Search algorithm to tackle the
problem. While the approach of Thangiah et al.’s considered the same objective
as we do in this study, namely to minimize fleet sizes first, and then to min-
imize travel times as a second goal, Duhamel et al. consider the minimization
of schedule times (which in addition to travel times include service times and
waiting times) as the second goal.

3 Ant System Algorithms for the VRPBTW

In this section we describe our Ant System algorithm and particularly focus
on the constructive heuristic used, as the basic structure of our Ant System
algorithm is identical to the one proposed in Bullnheimer et al.([6]) and used in
Reimann et al.([7]). The Ant System algorithm mainly consists of the iteration
of three steps:

— Generation of solutions by ants according to private and pheromone infor-
mation

— Application of a local search to the ants’ solutions

— Update of the pheromone information

The implementation of these three steps is described below.

3.1 Generation of Solutions

As stated above, the incorporation of the Insertion algorithm as the solution
generation technique within the Ant System is the main contribution of this
paper. So far, in most Ant Systems solutions have been built using a Nearest
Neighbor heuristic (see e.g. [6]). In Reimann et al. ([7]) we have shown for the
VRP the merit of incorporating a powerful problem specific algorithm. How-
ever, the Savings algorithm used there does not perform very well for problems
with time windows and/or backhauls such that we rather use a different con-
structive heuristic. The Insertion algorithm used in our current approach for the
VRPBTW is derived from the I1 insertion algorithm proposed by Solomon ([19])
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for the VRPTW. Solomon tested many different route construction algorithms
and found that the I1 heuristic provided the best results.

This algorithm works as follows: Routes are constructed one by one. First,
a seed customer is selected for the current route, that is, only this customer is
served by the route. Sequentially other customers are inserted into this route
until no more insertions are feasible with respect to time window, capacity or
tour length constraints. At this point, another route is initialized with a seed
customer and the insertion procedure is repeated with the remaining unrouted
customers. The whole algorithm stops when all customers are assigned to routes.

In the above mentioned procedure two types of decisions have to be
taken. First, a seed customer has to be determined for each route, second
the attractiveness of inserting a customer into the route has to be calculated.
These decisions are based on the following criteria, where we will refer to the
attractiveness of a customer i as 7;:

Route initialization:
n; = dog Vi € Ny,

where dp; denotes the distance between the depot and customer ¢ and N,
denotes the set of unrouted customers. This route initialization prefers seed
customers that are far from the depot.

Customer insertion:

= maX{O? maxXjer, [O‘ do; — 3+ (dj' + disj - djsj) - (1 - 5) ’ (bij - bsj )]}
Vi € Ny,

where s; is the customer visited immediately after customer j in the current
solution, bij is the actual arrival time at customer s;, if 4 is inserted between
customers j and s;, while bs, is the arrival time at customer s; before the
insertion of customer ¢ and R;, denotes the set of customers assigned to the
current tour after which customer 4 could feasibly be inserted. Thus, this rule
not only considers the detour that occurs if customer 4 is inserted but also the
delay in service at the customer s; to be served immediately after i. These
two effects are weighted with the parameter $ and compared with customer #'s
distance to the depot, which is weighted with the parameter a.. A customer being
located far from the depot, that causes little detour and little delay is more likely
to be chosen than a customer close to the depot and causing detour or delay.

Given these values, the procedure for each unrouted customer determines the
best feasible insertion position. Afterwards, given these values 7;, customer i* is
chosen such that n;« > n;Vi € N,,.

Note that, for each customer we have to check the feasibility of inserting it
at any position in the current tour. While this is in principle quite tedious, in
particular if tours contain a large number of customers, it can be done quite
efficiently. Following Solomon we calculate for each position in the current tour
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the maximum possible delay at that position, that will ensure feasibility of the
subour starting at that position. This calculation of the maximum possible delay
has to be performed after each change to the current tour. However, by doing
so, we then only have to check if the insertion of a customer at a certain position
causes less delay than the maximum possible delay, in which case the insertion
is feasible. E

To account for the fact that we have to deal with backhauls, we augment
these attractiveness values in the following way:

n; =max {0,
ks, [0+ doi — B+ (djs + dis, — dys;) — (1= B) - (B, — by,) + - typed]}
Vi € Ny,

where type; is a binary indicator variable denoting whether customer ¢ is a
linehaul (type; = 0) or a backhaul customer (type; = 1). The intuition is that
we want to discriminate between linehaul and backhaul customers in some way.

In order to use the algorithm described above within the framework of our
Ant System we need to adapt it to allow for a probabilistic choice in each
decision step. This is done in the following way. First, the attractiveness for
inserting each unrouted customer at its best insertion on the current tour is
calculated according to the following function:

n; = max {0,
i TjitTis,
maxjer,, [(@-doi—F-(djitdis; —djs;) = (1=5)- (b5, =bs, ) +y-typei)- =57 1}
Vi € Ny,

where 7;; denotes the pheromone concentration on the arc connecting locations
(customers or depot) j and 4. The pheromone concentration 7;; contains informa-
tion about how good visiting two customers ¢ and j immediately after each other
was in previous iterations. The way we use the pheromone emphasizes the effect
of giving up an arc (the arc between customers j and s; in the example above)
and adding two other arcs (the arcs between customers j and i and customers i
TjitTis;
if the average pheromone value of the arcs to be added exceeds the pheromone
value of the arc to be deleted. Note, that the same pheromone utilization is done
for route initialization, thus augmenting the attractiveness of initializing a route
with an unrouted customer i by the search-historic information.

and s; in the example above). In particular, the term is larger than 1,

Then, we apply a roulette wheel selection to all unrouted customers with
positive attractiveness values ;. The decision rule used can be written as

! This procedure and the two rules for route initialization and customer insertion have
been proposed by Solomon ([19]) for the VRPTW.
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Fig. 1. An example of the application of the Swap operator

T ifp; >0
Zh\nh>0 "

Pi = (1)

0 otherwise.

The chosen customer ¢ is then inserted into the current route at its best feasible
insertion position.

3.2 Local Search

After an ant has constructed its solution, we apply a local search algorithm to
improve the solution quality. In particular, we apply Swap and Move operators to
the solution. The Swap operator, aims at improving the solution by exchanging
a customer ¢ with a customer j. This operator is a special case of the 4-opt
operator, where the four arcs deleted are in pairs adjacent. An example of the
application of this operator is given in Figure [Il where customers 3 and 4 are
exchanged.

The Mowve operator tries to eject a customer ¢ from its current position and
insert it at another position. It is a special case of the 3-opt operator, where two
of the three arcs deleted are adjacent. This operator is exemplified in Figure
where customer 5 is moved from one route to another.

Both operators have been proposed by Osman (]20]). We apply these oper-
ators until no more improvements are possible. More specifically, we first apply

Fig. 2. An example of the application of the Move operator
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Move and then Swap operators. Note, that we do not accept infeasible solutions.
While Osman ([20]) proposed a more general version of these operators, where
A adjacent customers can be moved or swapped, we restrict our local search to
the case where A = 1. The reason for this is, that the operators were proposed
for the classic VRP without time window and backhauling constraints. Given
these additional constraints, most possible operations with A > 1 lead to infea-
sible solutions. Thus, the additional computation effort to perform these more
complex operations, will in general not be justified.

3.3 Pheromone Update

After all ants have constructed their solutions, the pheromone trails are updated
on the basis of the solutions found by the ants. According to the rank based
scheme proposed in ([5]) and ([6]), the pheromone update is as follows

P
Tij 1= PTij + Z ATZ + (TAT;;- (2)
p=1
where 0 < p < 1 is the trail persistance and ¢ = p + 1 is the number of elitists.
Using this scheme two kinds of trails are laid. First, the best solution found
during the process is updated as if o ants had traversed it. The amount of
pheromone laid by these elitists is A7, =1 /L*, where L* is the objective value
of the best solution found so far. Second, the p best ants of the iteration are
allowed to lay pheromone on the arcs they traversed. The quantity laid by these
ants depends on their rank ;1 as well as their solution quality L*, such that the
p-th best ant lays Arj; = (p — p+ 1)/L*. Arcs belonging to neither of those
solutions just lose pheromone at the rate (1 — p), which constitutes the trail
evaporation.

4 Numerical Analysis

In this section we turn to the numerical analysis of our proposed approach. First
we will describe the benchmark problem instances. After providing details about
the parameter settings, we evaluate the influence of the pheromone information.
Finally, we compare the results of our Ant System with those of Thangiah et al.’s
heuristic algorithms. All our comparisons will be on the basis of the objective to
first minimize fleet sizes and then minimize travel times as a second goal.

This objective was established by minimization of the following objective
function:

L =10000- FS + TT, (3)

where L denotes the total costs of a solution, F'S denotes the fleet size found,
and TT corresponds to the total travel time (or distance). The parameter 10000
was chosen to ensure that a solution that saves a vehicle always outperforms a
solution with a higher fleet size.
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4.1 The Benchmark Problem Instances

The benchmark problem instances we used for our numerical tests were devel-
oped by Gelinas et al. (|[16]). They used the first five problems of the rl instances,
namely r101 to r105, originally proposed by Solomon ([19)]) for the vehicle rout-
ing problem with time windows (VRPTW). Each of these problems consists of
100 customers to be serviced from a central depot. The customers are located
randomly around the depot. Service has to take place within a short time hori-
zon (230 time units), and vehicle capacities are fairly loose when compared with
the time window requirements at the customers. These time window require-
ments are varying in the data sets. The average time window length in the five
instances are given in Table[d]

Table 1. Average length of the time windows

Instance [r101|r102| r103 | r104 [r105
Avg. Length of TW[10.0{57.4]103.0]148.3]30.0

Given these data sets Gelinas et al. randomly chose 10%, 30% and 50% of the
customers to be backhaul customers with unchanged quantities, thus creating
15 different 100 customer instances.

4.2 Parameter Settings

Our aim is to use standard approaches and standard parameter settings as much
as possible in order to demonstrate the benefit of intelligent combination of these
approaches. However, we also performed parameter tests in order to find good
combinations of these parameters for our problem. It turned out, that most of
the parameters should be in the range documented in the literature.

More specifically, we analyzed the three parameters of the insertion algorithm
in the ranges o € {0,0.1,...,2}, 8 € {0,0.1,...,1} and v € {0,1,...,20} on the
instances described above. From this analysis we obtained the following values:
a=1,8=1and v=13.

Note, that the parameter v = 13 leads to a discrimination between linehaul
and backhaul customers in favor of the backhaul customers. While this seems
counterintuitive, it can be explained in the following way. Given the parameters
« and [, the attractiveness values can become negative. However, negative at-
tractiveness values prevent insertion. Thus, feasible solutions may be prohibited
and this will generally lead to larger fleet sizes. This effect is reduced by the pa-
rameter 7, leading to tighter packed vehicles and smaller fleet sizes at the cost of



Insertion Based Ants for Vehicle Routing Problems 143

increased travel times. To balance this trade-off, we chose to make the backhaul
customers more attractive as they represent the minority of customers

Let n be the problem size, i.e. the number of customers to be served, then
the Ant System parameters were: m = [n/2] ants, p = 0.95 and p = 4 elitists.
These parameters were not extensively tested, as our experience suggests that
the rank based Ant System is quite robust. However, the number of ants was
reduced to m = [n/2] to be able to run more iterations.

For each instance we performed 10 runs of 2.5 minutes each. All runs were
performed on a Pentium 3 with 900MHz. The code was implemented in C.

4.3 Evaluation of Pheromone Influence

In this section we will analyze whether our approach features pheromone learning
or not. As we diverge from the standard constructive approach used in Ant
Systems for Vehicle Routing, we have to check whether the utilization of the
pheromone trails helps or hinders the constructive process of the ants. To do
this, we compare the proposed Ant System with a stochastic implementation of
the underlying algorithm, where no pheromone is used.

Table 2. Influence of the pheromone on the solution quality

Time 10% BH 30% BH 50% BH

in ASinsert | StochInsert || ASinsert |Stochlnsert || ASinsert |Stochlnsert
sec. | FS| TT |FS | TT || FS| TT | FS| TT || FS | TT | FS | TT
15 |17,64(1552,0(17,62|1554,3||18,34|1617,2| 18,4 |1629,2({18,92|1662,2|18,92|1665,6
30 17,44|1534,4|17,54|1552,0({18,24|1605,3| 18,3 [1628,9(18,74|1649,7|18,88(1660,1
75 |17,38[1509,1]17,38(1550,9|18,08(1583,0(18,14|1624,3||18,54(1630,9|18,84|1651,7
150 | 17,3 (1499,2| 17,3 |1546,7||18,02|1565,8|18,08/1623,9({18,44|1617,6|18,74|1649,0

FS.. fleet size
TT...travel times

The results are shown in Table 2] We provide averaged results for the differ-
ent backhaul densities after runtimes of 15, 30, 75 and 150 seconds. The table
confirms that the use of the pheromone trails in decision making significantly
improves solution quality. The Ant System (referred to as ASinsert) does find
better solutions than the stochastic implementation of the Insertion algorithm
(referred to as StochInsert). This can be seen from the last row of the table.
Furthermore, the table shows that the Ant System finds good solutions faster
than the stochastic Insertion algorithm. After 15 seconds the solutions of the

2 However, we plan and already started to investigate other methods to solve this
problem. One idea is to adjust the attractiveness values corresponding to feasible
insertions, to ensure that a certain percentage of these values is positive.
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Ant System are already superior to those of the stochastic Insertion algorithm,
albeit the difference is small.

As more and more pheromone information is built and this matrix better
reflects the differences between good and bad solutions the Ant System clearly
outperforms the stochastic algorithm without pheromone information. This fact
is also shown in Figure Bl We chose the case with 10% backhauls, as in this
case the evolution of the fleet sizes, which are the primary goal, is similar in
both approaches. So we can compare just travel times, and the figure shows that
the Ant System at any point in time finds better solutions than the stochastic
Insertion algorithm and moreover the difference gets larger as the number of
iterations increases.

15 sec. 30 sec. 75 sec. 150 sec.

runtime in seconds

Fig. 3. Ant System(light columns) and stochastic Insertion algorithm performance on
problems with 10% backhauls

4.4 Comparison of Our Ant System with Existing Results

Let us now turn to the analysis of the solutions found with respect to absolute
solution quality. As stated above, there exists one paper that studies the same
objective as we do. In this paper, Thangiah et al. ([I7]), propose a constructive
algorithm and a number of local search descent algorithms to tackle the problem.

In Table B we show in detail, that is for each instance, the results of this
approach together with the results of our Ant System and the stochastic Insertion
algorithm. Note, that Thangiah et al. propose five different algorithms and the
results in the first column of Table[Blare the best ones for each instance regardless
of the version that found the solution. For our approaches we present average
results over ten runs. In the rightmost two columns we report fleet sizes and
travel times of the best solutions we found regardless of the algorithm that found
this solution. The last row of the table reports the aggregate numbers for the
approaches. Our Ant System outperforms the Thangiah’s simple heuristics by
approximately 2% with respect to fleet sizes, and by 2.7% with respect to travel
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times. However, we also see that the simple heuristics outperform our approach
in three instances, namely r102 with 30% and 50% backhauls and r103 with 10%
backhauls. In these instances, we did not find the same fleetsize as Thangiah’s
algorithms. As these instances are spread over all possible backhaul densities
and our approach on average outperforms Thangiah’s algorithm for each density
of backhaul customers, the effect has to stem from the characteristics of the
backhaul customers.

Note that we do not compare computation times for the approaches. We
believe that a comparison of runtimes is meaningless in this case. First, the ma-
chines are very different, in particular ours are much faster. Second, a metaheuris-
tic can never be expected to be as fast as a custom-made approach. Thangiah’s
heuristics find their solutions within less than a minute, while our approach runs
for 2.5 minutes, we nevertheless believe that the results obtained by our Ant Sys-
tem justify the application and show the potential savings that can be achieved
through the use of a metaheuristic approach. Moreover, the computation time
reported for our approach refers to the total execution time of the algorithm.
Of course we find good, and even better solutions than Thangiah, earlier in the
search.

Table 3. Comparison of solution quality between our Ant System and other approaches

Thangiah | Stochlnsert ASinsert Best solutions

best avg. avg. identified by
5 versions 10 runs 10 runs our algorithms
Instance FS| TT FS TT FS TT |FS TT

r101 10% BH| 24 | 1842,3 | 22 | 1886,85 | 22 |1841,78| 22| 1831,68
r101 30% BH| 24 | 1928,6 | 23,3 |2000,42| 24 |1931,73| 23| 1999,16
r101 50% BH| 25 | 1937,6 | 24,1 | 1981,00 | 24 [1949,49| 24 | 1945,29
r102 10% BH| 20 | 1654,1 | 19,5 |[1695,13| 19,8 | 1636,20 | 19| 1677,62
r102 30% BH| 21 [1764,3| 22 | 177744 | 22 |1759,18 | 22 | 1754,43
r102 50% BH| 21 [1745,7| 22 |1799,58 | 22 | 1784,15 22| 1782,21
r103 10% BH| 15 |1371,6| 16 |1393,69| 16 | 1352,23 | 16 | 1348,41
r103 30% BH| 16 | 1477,6 | 16 |1438,83| 16 |1395,88| 16| 1395,88
r103 50% BH| 17 | 1543,2 | 17 | 1510,63 | 17 [1477,63| 17| 1467,66
r104 10% BH| 13 | 1220,3 | 12 |1167,73 |11,9(1142,17| 11| 1205,78
r104 30% BH| 12 | 1303,5 | 12 |1238,09| 12 |1145,77| 12| 1128,30
r104 50% BH| 13 | 1346,6 | 12,6 | 1282,08 | 12 [1232,66| 12 | 1208,46
r105 10% BH| 17 | 1553,4 | 17 |1590,16 |16,8|1523,54| 16 | 1544,81
r105 30% BH| 18 | 1706,7 | 17,1 | 1664,66 | 16,1 |1596,23| 16 | 1592,23
r105 50% BH| 18 | 1657,4 | 18 |1671,84 |17,2|1644,15| 17 | 1633,01
Sum 274(24052,9(270,6(24098,13[268,8(23412,79(265| 23514,92

FS.. fleet size
TT...travel times
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Finally, we show in Figure [d] the effects of the density of backhaul customers
on both fleet sizes and travel times for our Ant System. Clearly, both fleet sizes
and travel times increase with the density of backhaul customers. Note however,
that increasing the percentage of backhaul customers further beyond 50% will
not further increase the travel times and fleet sizes. On the contrary, fleet sizes
and travel times will fall again. In the extreme case of 100% backhauls we will
have the same solution as in the other extreme case of 100% linehauls. Generally,
with a mix of 50% linehauls and 50% backhauls, there is the smallest degree of
freedom for the optimization, such that in these cases the solution quality should
be worst.

93 - _ — 520000 T-
g 92 210000
K] 000,00
i g1 "
G 00 § 790000
g 0 £ 730000
z g8 ¥ o
E o7 £ 7000
E = 7500,00
E A § 740000
ﬁ 85 730000
a4 AN
83 4 ’ . | 700,00 + . -
10% BH 30% BH S0% BH 10% BH 30% BH S0% BH
%% uf Lackd sl custonmes % uf backiraul custunes

(a) (b)

Fig. 4. Effect of backhaul customer density on fleet sizes (a) and travel times (b)

5 Conclusions and Future Research

In this paper we have proposed a promising approach for the Vehicle Routing
Problem with Backhauls and Time Windows (VRPBTW). This Ant System ap-
proach is based on the well known Insertion algorithm proposed for the VRPTW
by Solomon ([19]). We have proposed an approach to use pheromone information
in the context of such an Insertion algorithm and shown that our algorithm ben-
efits from this pheromone information and outperforms a custom-made heuristic
proposed for the VRPBTW by Thangiah et al. ([17].)

Future research will deal with a more detailed analysis of the approach, and
its application to other combinatorial problems. For the VRPBTW we will an-
alyze the approach on larger instances. We also plan to incorporate swarm-like
features by equipping each ant with its own set of parameters (of the heuristic)
and adjusting these parameters in an evolutionary way during the optimization
process. Furthermore, we will embed this approach in our multi-colony Ant Sys-
tem proposed already in Doerner et al. ([21]). This approach should help us deal
better with the multiple objectives that have to be tackled in the problem.

Acknowledgments. We are grateful to two anonymous referees who provided
valuable comments that improved the presentation of the paper. This work was
supported by the Oesterreichische Nationalbank (OeNB) under grant #8630.
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Abstract. The behaviour of Ant Colony Optimization (ACO) algo-
rithms is studied on optimization problems that are composed of dif-
ferent types of subproblems. Numerically exact results are derived using
a deterministic model for ACO that is based on the average expected be-
haviour of the artificial ants. These computations are supplemented by
test runs with an ACO algorithm on the same problem instances. It is
shown that different scaling of the objective function on isomorphic sub-
problems has a strong influence on the optimization behaviour of ACO.
Moreover, it is shown that ACOs behaviour on a subproblem depends
heavily on the type of the other subproblems. This is true even when the
subproblems are independent in the sense that the value of the objective
function is the sum of the qualities of the solutions of the subproblems.
We propose two methods for handling scaling problems (pheromone up-
date masking and rescaling of the objective function) that can improve
ACOs behaviour. Consequences of our findings for using ACO on real-
world problems are pointed out.

1 Introduction

ACO is a powerful metaheuristic that is inspired by the foraging behaviour of real
ants and has been applied successfully to different combinatorial optimization
problems (e.g., see [2]). Unfortunately, it is difficult to analyze ACO algorithms
theoretically. One reason is that they are based on sequences of random deci-
sions of artificial ants which are usually not independent. Therefore except from
convergence proofs for types of ACO algorithms with a strong elite principle [4]
HIII) not much theoretical results have been obtained so far.

A deterministic model for ACO algorithms that is based on the average ex-
pected behaviour of ants was proposed in [YI0] and used to derive numerically
exact results on the dynamic optimization behaviour of ACO analytically. For
small problems and for larger problems that have a simple structure (they con-
sist of independent instances of the same small subproblem) exact results were
obtained even for long runs. These results have been compared to test runs of
the algorithm and it was shown that several aspects of the algorithms behaviour

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 149-[162 2002.
© Springer-Verlag Berlin Heidelberg 2002
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(e.g. the average solution quality over the iterations) are very well mapped by
the model (see [IT0] for details). Clearly, not every aspect of ACO algorithms
behaviour is reflected in the model. It should be noted that the usefulness of
studying the behaviour of ACO on simple problems was also shown in [812].

In this paper we extend the work of [9I0] to problems that are composed
of different subproblems. Numerical results are derived for the ACO model and
are complemented with results of empirical tests. As a result of these investiga-
tions two methods (pheromone update masking and rescaling of the objective
function) are proposed that can improve ACO behaviour. Several implications
of the obtained results for the application of ACO on real-world problems are
discussed.

In Section Plwe describe the simple ACO algorithm that is used in this paper.
The ACO model is described in Section Bl In Section [, we discuss how to apply
the model to permutation problems that are composed of different subproblems.
In Section 5] we analyze the dynamic behaviour of the ACO model and algorithm.
The new methods for pheromone update masking and rescaling of the objective
function are introduced in Section [6l Conclusions are given in Section

2 ACO Algorithm

The test problems used in this paper are permutation problems. Given are n
items 1,2,...,n and an nxn cost matrix C = [¢(ij)] with integer costs ¢(4, j) > 0.
Let Py, be the set of permutations of (1,2,...,n). For a permutation = € P,, let
o(m) =37, c(i,m(i)) be the cost of the permutation. Let C := {¢(r) | m € P}
be the set of possible values of the cost function. The problem is to find a
permutation m € P,, of the n items that has minimal costs, i.e., a permutation
with ¢(m) = min{c(7) | 7’ € P, }.

We give a brief description of the simple ACO algorithm that is used in this
paper. Clearly, for applying ACO to real-world problems several extension and
improvements have been proposed in the literature (e.g. usually ants use problem
specific heuristic information or local search). The algorithm consists of several
iterations where in every iteration each of m ants constructs a solution for the
optimization problem. For the construction of a solution (here a permutation)
every ant selects the items one after the other. For its decisions the ant uses
pheromone information which stems from former ants that have found good
solutions. The pheromone information, denoted by 7;;, is an indicator of how
good it seems to have item j at place ¢ of the permutation. The matrix M =
(7ij)i,je[1:n) Of pheromone values is called the pheromone matrix.

The next item is chosen by an ant from the set S of items, that have not been
placed so far, according to the following probability distribution that depends on
the pheromone values in row 4 of the pheromone matrix: p;; = 755/ >, cs Tin, J €
S (see e.g. [3]). Note that alternative methods where the ants do not consider only
the local pheromone values have also been proposed [6/8]. Before the pheromone
update is done a certain percentage of the old pheromone evaporates according
to the formula 7,; = (1 — p) - 7;. Parameter p allows to determine how strongly
old pheromone influences future decisions. Then, for every item j of the best
permutation found so far some amount A of pheromone is added to element 7
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of the pheromone matrix. The algorithm stops when some stopping criterion is
met, e.g. a certain number of iterations has been done. For ease of description
we assume that the sum of the pheromone values in every row and every column
of the matrix is always one, i.e., Y30 75 = 1 for j € [1: n] and 37, 75 = 1
fori € [1:n] and A = p.

3 Deterministic ACO Model

The deterministic ACO model that was proposed in [9J10] is described shortly
in this section. In the model the pheromone update of a generation of ants is
done by adding to each pheromone value the expected update value for that
iteration. The effect is that individual decisions of individual ants are averaged
out and a deterministic model is obtained. Clearly, since the update values in
the simple ACO algorithm are always only zero or A = p the ACO model only
approximates the average behaviour of the algorithm.

Given a pheromone matrix M = (7;;) the probability o to select a solution
m € P,, and the probability o;; that item 7 is put on place j by an ant are

Hzﬁwz i = Z or-g(m,i,7) (1)

Jj=t Ti,m () TEP,

where g(m,4,j) = 1 if w(i) = j and otherwise g(m,4,j) = 0. Let P be a permu-
tation problem with corresponding cost matrix and Ppin (P, 71, ..., Tm) be the
multiset of permutations with minimal costs from the sequence of permutations
M1, ...,Tm. In order to model a generation of m ants the average behaviour of
the best of m ants has to be determined. Let o&™ and O'E;-n) be the the proba-
bility that the best of m ants in a generation finds permutation m, respectively
selects item j for place i. Then

(m) |{l | m e Pmln(P Tlyeon 7Tm) 7Tl 7]}|
" Z | Prnin (P, 15+ Tom)| Hgﬂk

(T15eeesTm ), i €Pny

where the fraction equals the portion of permutations with 7(7) = j in the best
solutions in 7y, ..., m,, and HZL:1 0, is the probability that the ants have chosen
(71, ..., ™m). The pheromone update that is done in the ACO model at the end
of a generation is defined by

=(1=p) 75+ poy)” (3)

An alternative way to compute O’E;n) is described in the following. Let C be the
set of possible cost values for a permutation (i.e., the set of possible solution
qualities). Let fém) be the probability that the best of m ants in a generation

finds a solution with quality « € C. Let wgf) be the probability that an ant which
found a solution with quality = € C has selected item ¢ for place j. Then

o) =3 & v (4)
zeC

where
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&= > a"

TEPy, c(m)=x

wz(jx): Z g(ﬂ7iaj)'z

TEPy, c(m)=x

and
Or

T EPp (! )=x On’

Formula (@) shows that the pheromone update in the model (see formula (3]))
can be described as a weighted sum over the possible solution qualities. For each
(possible) solution quality the update value is determined by the probabilities for
the decisions of a single ant when it chooses between all possible solutions with
that same quality. The effect of the number m of ants is only that the weight
of the different qualities in this sum changes. The more ants per iteration, the
higher becomes the weight of the optimal quality.

4 ACO Model for Composed Permutation Problems

Many real-world problems are composed of subproblems that are more or less
independent from each other. In order to study the behaviour of ACO algorithms
on such problems this is modelled in an idealized way.

Define for permutation problems P; and P» of size n a composed permutation
problem P; P, that consists of independent instances of P; and P». As an example
consider two problems P, and P; of size n = 3 with cost matrices C, respectively
Co

012 024
Ci=|101 Cy=1202 (5)
210 420

The corresponding instance of the permutation problem P; P, has the cost matrix

01 2 o000
1 0 1 cooo oo
2 _ 21 0 cooo oo
A cooooco 0 2 4 (6)

Formally, define for a permutation problem P of size n a composed per-
mutation problem PY of size gn such that for an instance of P with cost ma-
trix C = (¢};)ije[1:n) the corresponding instance of P? consists of ¢ indepen-
dent of these instances of P. Let C(9 = (€ij)ijef1:qn) be the corresponding
cost matrix of the instance of problem P? where c_1).nti,(1=1)-ntj = cgj for
i, € [1 :n],l € [1:q] and ¢;; = oo otherwise. Note, that our definition of
composed permutation problems does not allow an ant to make a decision with
cost 0co. We call P the elementary subproblem of P?. Since all subproblems of
P4 are the same it is called homogeneous composed permutation problem. Let
Py, Py be two permutation problems. Then similar as above P{!Pj denotes the
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heterogeneous composed permutation problem that consists of ¢ instances of Py
and r instances of Ps.

4.1 Analyzing the ACO Model

In the following we show how the behaviour of the ACO algorithm for m = 2
ants on the composed permutation problem P? can be approximated using the
behaviour of the ACO model for the elementary subproblem P. Consider an
instance of P with cost matrix C. For the corresponding instance of P?¢ consider
an arbitrary elementary subinstance — say the [th subinstance — and the quality
of the solutions that 2 ants in an iteration have found on the other elementary
subinstances (which form an instance of problem P971).

Clearly, the ant that has found the better solution on subproblem P?~! has
better chances to end up with the best found solution on problem P9. Since the
decisions of an ant on different subinstances are independent the ant algorithm
for problem P? is modelled only on the elementary subproblem. But to model
the pheromone update the difference in solution quality that the ants found on
all other subinstances has to be considered. This can be modelled by giving one
of the ants in an iteration a malus (i.e. a penalty value) that is added to the cost
of the permutation it finds on the elementary subinstance. An ant with a malus
is allowed to update only when the cost of its solution on P plus the malus is
better than the solution of the other ant. For this approach it is necessary to
compute the probability for the possible differences in solution quality between
two ants on problem P?~!. Without loss of generality assume that ant 1 does
not have a malus. Let d > 0 be the malus of ant 2 and fg(f;d) be the probability
that the best of 2 ants where ant 2 has a malus d has found a solution of quality
x € C on P. Then for subproblem P

2:d . T
oG =D W (7)
zeC

Let d,,4 be the maximum difference between two solutions on the the [th sub-
problem. Formally, let d;,q, := max{z | x € C} — min{z | x € C}. Let d be the
minimum of d,,., + 1 and the difference of the cost of the permutation found
by ant 2 on P?~! minus the cost of the permutation found by ant 1 on P71
Define gb((f) as the probability that for 2 ants on problem P9~! the difference of
the costs of the solutions found by the 2nd best ant and the best ant is d when
d < dpa, and when > d it is the probability that this difference is > dp00 + 1.
Then for problem PY the probability that the best of the two ants selects item
j of the lth elementary subproblem at place (I — 1)n + i equals

dmac

(2) _ 4(2) (2) | _/(2:d) (2) 12
Tt (1= 1)ntj = Podpas " Tij T Z bg 0+ dy 0y (8)
d=1

where ¢’ refers to probabilities for the elementary subinstance P. This equation
shows that when the quality of the solutions of both ants differ by more than
dpmaz then part of the probability to select the item is just the probability o ; of
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a single ant to select item j at place ¢ for the elementary subproblem P. When

the solutions qualities of both ants are the same the probability '@ to select

.
item j at place ¢ equals the probability that the better of two ants ]on problem
P selects item j at place i. All other cases correspond to the situation that one
of two ants on problem P has a malus.
The larger the number ¢ of subproblems is the larger becomes the probability
((f)“ An important consequence is that the (positive) effect of competition
between the two ants for finding good solutions becomes weaker and a possible

bias in the decisions of a single ant has more influence.

The main difficulty to determine 0&211) according to formula (8]

n+i,(l1—1)n+j
is to compute the values gf)((f). In the following we describe how to compute

d)((f). Let 4 (¥}) be the probability that the difference of the solution quality
found by the first ant minus the solution quality found by the second ant on
subproblem P?7! (respectively P) is d (here we do not assume that the first ant
finds the better solution). The value of this difference on subproblem P4~! can
be described as the result of a generalized one-dimensional random walk of length
q — 1. Define I as the set of tuples (k_q, .., Kk—d,,,ot1s---sKdpow_1,Kd with

q—1= Z‘,i"”‘z ki, d = Zd"““” i+ k; where k; is the number of elementary

i=—dmax i=—dmax

max )

subinstances of P?~1 where the difference between the first and the second ant
is d € [—dmaz : dmaz]. Then 14 can be computed as follows

- 1!
Z (:]~ .. ) kg o (g, Yimdmas o (gl YFdmas

—d, e
(CEPI IS 1< MRl

dmaa*

where the sum is over (k_g4 .ykq,..) € I. Clearly, qbéz) = 14 and due to
symmetry, for d # 0 ¢((f) = 2-1)4. The remarks on analysing the ACO model for

the homogeneous problem can be generalized for the heterogeneous problem.

max ) °

4.2 A Numerical Example

As an example consider the following elementary subproblem P; of the composed
permutation problems P? and Py P» (see B). The possible solution qualities for
problem P, are 0, 2, and 4 and the optimal solution is to put item ¢ on place
i for i € [1 : 3]. For problem P, the possible solution qualities are 0, 4, and 8.
Consider the following pheromone matrix for Py

T11 T12 713 0.10.30.6
My = | m1 ™13 | =106010.3 (9)
T31 T32 T33 0.30.6 0.1

The matrix of selection probabilities on problem P; for a single ant and for two
ants can be computed according to formula (@):

011 012 O13 0.1 03 06 {2 2 52 0.175 0.405 0.420
o1 022 023 | & [ 07140111 0.175 | | o8P {2 0P | ~ | 0.6950.109 0.196
0.186 0.589 0.225 @) & @) 0.130 0.486 0.384

031 032 033 o371 0'32) gsi
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The matrix of selection probabilities on problem P; for two ants where one has
a malus of 2 respectively 4 can be computed according to formula (7):

(2;2) _(2;2) _(2;2)

oy 015 073 0.146 0.351 0.503

o{3 {22 522 | ~ | 0.698 0.118 0.184
2;2 2;2 2;2

o232 ;22 (0:2) 0.156 0.531 0.313

o3 g2 524 0.109 0.299 0.593

o3 {2 5D | ~ | 0.708 0.118 0.174
24) [(24) (2:4) 0.183 0.583 0.234

031 032 " O33

The influence of one subproblem on the other subproblem P; in P12 and P P; is
shown in the following. The probability that the best of two ants has selected
item 1 on place 1 is for subproblem P; of P2

0@ = gD D | 4@ @D | 4@ )
= 0.566 - 0.175 + 0.398 - 0.146 + 0.036 - 0.109 = 0.161082

and for subproblem P; of P P it is

2 2 2 2 2,4 2
U§1): ((J)'U/1(1)+¢4(1)'01(1')+¢(>i'0111
=0.566-0.175 4+ 0.398 - 0.109 4+ 0.036 - 0.1 = 0.146032

5 Results

The dynamic behaviour of the ACO model and the ACO algorithm is investi-
gated for m = 2 ants using composed permutation problems that are based on
problem P; with cost matrix C; (see (5) in Section Hl). The composed problems
are of the form PP, were P, has the cost matrix y - Cy (i.e. each element of
(4 is multiplied by y) for integer y > 1. Since the structure of problems P; and
P, is the same it is clear that the algorithm and the model show the same opti-
mization behaviour for problems Py and PJ. But since they differ by the scaling
factor y it is interesting to see how this influences the behaviour of ACO on the
composed problem quPJ . In the following the pheromone evaporation was set
p = 0.1 for the model and p = 0.0001 for the algorithm (this makes the results
of the algorithm more stable and allows to consider single runs, but introduces
an additional difference between model and algorithm).

We are interested in composed problems because they show characteristics
that can be found also in real-world applications when an optimization problem
has more or less independent subproblems that differ by scaling. E.g., consider
a vehicle routing problem where a vehicle that starts and ends at a depot has to
visit a set of customers on a fastest tour. Assume that the customers locations
are clustered because the customers are in different cities and distances between
the cities are much larger than distances within a city. When the number of cities
is not too large it will probably be the case that in an optimal tour all customers
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Fig.1. Average solution quality of ACO model on subproblems PZ° (upper curves)
and P;O (lower curves) of PfOPfo for y € {1,2,5,20}; note, for y = 1 there is only
one curve (the middle curve); average solution quality for P;° is divided by y; initial
pheromone values for all subproblems were 7;; = 1/3, 4,7 € [1: 3].

in a city are visited on a subtour and the main difficulty is to find good subtours
between the customers within the cities. When each city has about the same
number of customers but the cities differ by size or the average driving speed
possible within the cities is different (e.g. there is heavy traffic in some cities
wheres other cities have only light traffic) then the problem consists of more or
less independent and similar subproblems that differ mainly by a scaling factor.
Clearly, it is easier to solve independent subproblems independently but this
requires to detect this situation and to identify the subproblems. In practice it
might often be difficult for a general optimization algorithm to do this.

5.1 The Scaling Effect

The scaling effect is shown on the test problem PfOPyQO. Figure [ shows the
average solution quality in each iteration of the ACO model for this problem for
different values of y. Note that the behaviour of the model (or the algorithm)
is the same for every value of y > 40 for this problem because the maximal
difference in solutions qualities for subproblem P?Y is 40. Hence, for y > 40
the solution quality on subproblem Py20 dominated that on subproblem PZ0.
The figure shows that the average solution quality on subproblem Py20 converges
faster to the optimal solution for larger values of 3 because the influence of P2°
is weaker during the first iterations. For y = 20 the average solution quality
on subproblem P2’ remains nearly unimproved during the first 150 iterations
because whether an ant is allowed to update depends with high probability only
on the solution quality it has found on Py20.

The changes of the pheromone values over the iterations for the ACO model
and algorithm are shown in figures [2 and Bl for y = 2 and y = 20, respec-
tively. When not stated otherwise, matrix M (see (6) in section[) is the initial
pheromone matrix in the rest of this paper (some effects are more visible as with
the standard initial pheromone matrix). In all cases the model and the algorithm
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010 0,10
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Nlteration 250 [] \teration 250 [
e
(1,0,0) 0,0,1) (1,0,0) 0,0,1)
(¢) y = 20: subproblem Py (d) y = 20: subproblem P;

Fig. 2. Changes of pheromone values for the ACO model for P120Py20 with y = 2 (upper
part), y = 20 (bottom part); initial pheromone matrix Mi; left: pheromone values for
subproblem P,; right: pheromone values for subproblem P;; all sides of the triangle
have length 1 and therefore for every point within the triangle the sum of the distances
from the three sides is 1; sine 731 + Ti2 + 73 = 1,7 € [1 : 3] for every row i € [1 : 3]
the pheromone values in a row determine a point within in the triangle; distance from
right (bottom, left) side: 751 (742, T43); recall that 71 + 72 + 733 = 1,4 € [1 : 3]; the state
at iterations 100 and 250 is marked by small triangles (respectively boxes).

converge to the optimal solution. It was shown in [9/T0] that the actual position
of the selection fixed point matrix (i.e. the matrix the system would converge
to when there is only one ant per generation) has a strong influence. For the
first row of the pheromone matrix the pheromone values always equal the values
of the selection fixed point matrix and all dynamic in this row is only due to
competition. Therefore, the pheromone values for row 1 in Figure Blapproach the
optimal values on an almost straight path. This is different for rows 2 and 3 (see,
e.g., the loop in the curves for row 3). Comparing the behaviour of the model
on subproblems P; and P, it can be seen that the curves for P, approach the
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(1,0,0) 0,0,1) (1,0,0) (0,0,1)

Fig. 3. Changes of pheromone values during one run of the ACO algorithm for PfOPgo
with y = 20 and initial pheromone matrix M;; left: pheromone values for 6 of the ele-
mentary subproblems Py; right: pheromone values for 6 of the elementary subproblems
Pi; the reason that the results on only 6 of the 10 elementary subproblems are shown
in each case is that the curves are hard to distinguish otherwise; see caption of Figure
for an explanation how to read the figure.

optimal values faster (see positions after 100 and 250 iterations) and have nearly
reached the optimal values after 250 iterations. The curves for P, approach the
optimal values much slower during the first 250 iterations. The curves for P, dif-
fer not much for y = 2 and y = 20 (for y = 20 where the influence of P, is larger
the system approaches the optimal values slightly more straight and faster). In
contrast to this there are big differences between the curves of P; for y = 2 and
y = 20. For y = 20 the pheromone values remain more or less unchanged during
iterations 100 to 250 because the system approaches the pheromone values of
the selection fixed point matrix and stays there as long as competition is weak.

5.2 The Interaction of the Ants

The relative influence of pure selection (i.e., no competition), pure competition,
and weak competition (where one ant has a malus) is shown in Figure [ for
an elementary subproblem of P2°P° with y = 20. We computed the probabil-
ities for the possible differences d in solution qualities between the two ants on
subproblems PlgP20 and P20P19 Observe that the possible solution qualities
for the elementary subproblems Py and P, are {0,2,4} and {0, 40,80} respec-

tlvely FlgureIZIShows the probablhtles d)éz), 22) ¢(2) (ﬂ for Pj 9P20 and ¢(2)

¢0<d<407 40 , ¢40<d<80, gbgo , ¢>80 for PP°P,?. The case d = 0 corresponds to
pure competition between two ants on the remaining elementary subproblem.
Whereas d > 4 (d > 80) corresponds to the case where the ant without malus
has always the better solution no matter how its quality on the remaining sub-
problem is, i.e., there is no competition on the remaining subproblem. The figure
shows that there is nearly no competition during the first 200 iterations on the

instances P; (¢(>4 95%). For the instances P, during the first 200 iterations
the probability that no competition occurs (¢>80) is only about 60%. After 200
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Fig.4. ACO model (upper part) and ACO algorithm (bottom part) for y = 20 and
initial pheromone matrix M;; left: change of probabilities qb((f), qﬁéi) d<40 (;5%), %L d<80

g)), qﬁfﬁgo for Pfopﬁg; right: change of probabilities ¢82)7 gg), i2), (j)fi for P119P50; for
the ACO algorithm every point corresponds to the number of the observed differences

over 1000 iterations (instead of probabilities as for the model).

iterations the pheromone matrices for instances P, converge more and more to
the optimal solution and the probability that weak or pure competition occurs
for Py increases. At iteration 250 the pheromone matrices for instances P, have

nearly converged as can be seen from the fact that ¢é2) +¢82<) d<a0 ~ 100%. At the
same time the probability for pure competition (d = 0) is about 10% for P;. For
weak competition (d = 2 or 4) the probability is ~ 30% altogether. At around
iteration 550 the pheromone matrices for subproblem P; have converged so that

an ant nearly always finds the optimal solution and QSE)Q) becomes = 100%.

6 Discussion

In this section we discuss implications of our results for the application of ACO
to real-world problems and propose two techniques that might improve ACO.
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Fig. 5. Change of solution quality of ACO model with/without pheromone update
masking on subproblems Pr° and P;° of problem PP°P;° with y = 20; masking was
done on subproblem PZ° over the first 230 iterations; initial pheromone matrix M for

P, and for P, it is determined by 711 = 0.9, 712 = 0.09, 721 = 0.05, 722 = 0.9.

masking, row 2 ——
masking, row 3 =-----
no masking, row 2 - .
no masking, row 3 e

0,1,0)

A

" 0.0

Fig. 6. Changes of pheromone values in rows 2 and 3 of elementary subproblems P;
and P, of problem Pf°P;°, y = 20 for ACO model with/without pheromone update
masking; masking was done on subproblem P?° over the first 230 iterations; initial
pheromone matrix M; for P, and for P it is determined by 711 = 0.9, 712 = 0.09,
To1 = 0.05, T2 = 0.9; left: average solution quality on P7° and PyQO; Note, that only
the right half of the triangle of possible values is given.

6.1 Rescaling

It was shown that scaling effects play an important rule in the optimization
behaviour of ACO. E.g., the ACO model converges faster to the optimal solution
for PPOP20 with y = 1 than with y = 20 because in the last case the system
is slow on subproblem PZ°. This raises the question whether it is possible to
design general rescaling techniques that can improve ACO. The basic principle
is to change a problem instance by rescaling before an ACO algorithm is applied.
Clearly, for real-world problems it has to be taken into account that subproblems
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will usually not be completely independent and it might be difficult to identify
nearly independent subproblems.

6.2 Pheromone Update Masking

As shown above the dynamics of ACO is driven by competition between the
ants only for parts of a problem instance. On other parts the dynamics might
be driven mostly by pure selection that forces the system to approach the fixed
point state. But the dynamics in the last case is not always wanted because
it can bring the system in a less favorable state. The question is whether it is
better to hinder the system to change the pheromone values for such parts of the
problem instance as long as competition is too weak. One possibility is to mask
the pheromone update in corresponding parts of the pheromone matrix, i.e. for
some time the pheromone values remain the same or are only slightly changed by
decreasing the evaporation rate and the amount of update. We give an example
that shows that masking can improve ACOs behaviour significantly. Consider
problem PfOPy20 with y = 20 where the initial pheromone matrix for P, is M;
and the initial pheromone matrix for P; is determined by 77 = 0.9, 72 = 0.09,
791 = 0.05, and 190 = 0.9. The average solution quality for the ACO model on
subproblems P2° and Py20 is shown in Figure [ when using masking and without
masking. Masking means here that the pheromone values in the matrices for P2°
were not changed during the first 230 iterations. Without masking the average
solution quality on subproblem P?Y becomes increasingly worse during the first
230 iterations. This is circumvented by masking. Moreover, with masking the
model converges much earlier to the optimal solution than without masking.
Figure [6] shows the corresponding change of the pheromone values in rows 2
and 3 for a matrix of the elementary subproblem P; with masking and without
masking. The second and third row of the fixed point matrix for the initial
pheromone matrix are (0,0.1,0.9), respectively (0.1,0.81,0.09). It can be clearly
seen that pheromone values move much more towards the fixed point values
when no masking is used. In this example the fixed point values are fare from
the optimal values which means that the system basically has to move back until
it reaches the optimum.

7 Conclusion

The behaviour of ACO on a class of composed permutation problems was inves-
tigated using a deterministic model of ACO. The analytical results obtained for
the model were complemented by the results of test runs of an ACO algorithm. It
was shown that the behaviour of ACO is influenced by the scaling of the objective
function on different subproblems and on the composition of the subproblems.
Two methods were proposed for handling scaling problems (pheromone update
masking and rescaling of the objective function) that can improve ACOs be-
haviour and possible implications for using ACO on real-worlds problems have
been pointed out. Future work is to see how practical the proposed methods are
for real-worlds problems.
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Abstract. In this paper we describe an individual-based model to account for
the growth and morphogenesis of networks of galleries in the ant Messor
sancta. The activity of the individuals depends only on their local perception of
the immediate surroundings. Coordination between ants arises from the
modifications of the environment resulting from their activity: the removal of
sand pellets and a pheromone trail-laying behaviour. We show that the growth
of the networks results from a self-organized process that aso alows the
collective adaptation of the size and shape of the network to the size of the
colony.

1 Introduction

Numerous animals that live in group or societies use or create networks. Among
networks, those resulting from construction behaviour such as nest structures built by
social insects are probably the most fascinating but also the least understood. Several
species of ants build complex networks of underground tunnels that connect chambers
[1-7]. Such structures are built without any blueprint or centralization processes [8].
Ants achieve such complex features using stigmergic processes [9], in which the
modification of the environment that results from individuals activity acts as a
feedback on their behaviour. When the intensity of a building stimulus changes the
probability for an individual to exhibit a specific behaviour, the resulting construction
is a self-organized process [10]. Self-organization leads to the emergence of large-
scale patterns from a homogenous environment through many local interactions
among units at the lower level [11]. It thus allows the growth of complex structures
without any centralization of information at the individual level. Self-organization has
been shown to be involved in numerous collective behaviours in insect colonies
[10,12,13] and also in vertebrates [14-16].

Several studies report that a constant relationship exists between nest size and
population within a particular species in ants [17-20]; but little is known about
mechanisms involved in achieving such adaptation. A first mechanism could be a
direct triggering of the digging activity according to the perception of specific cues by
individuals [21], such as a chemical signal whose concentration would be correlated

M. Dorigo et a. (Eds.): ANTS 2002, LNCS 2463, pp. 163-175, 2002.
© Springer-Verlag Berlin Heidel berg 2002
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with the density of workers within the nest; however arecent study of the dynamics of
nest excavation in Lasius niger [6,7] suggested that regulation of subterranean nest
size could arise without such cues, from a combination of amplification processes and
atendency of individualsto aggregate themselves.

In this context, we studied the processes involved in the morphogenesis of
galeries networks in the ant Messor sancta (Myrmicinae). It is a Mediterranean
granivorous ant that digs large nests in sandy grounds and its colony size reaches
several thousands of individuals. Nest structure is made of two parts: a central zone
connecting superficial chambers to deep ones by vertical tunnels, the deepest
chambers reaching several meters depth, and a peripheral zone that includes a large
horizontal network of tunnels interconnecting several chambers used as seeds stocks.

The phenomenon was studied at two distinct levels: (1) at the collective level, we
guantified the growth dynamics of the networks produced by 100 ants; (2) at the
individual level, we quantified al the behaviours involved in the ants' activity.
Finally, to understand the link between these two levels, we built a model including
all the behavioural parameters drawn from experiments and we used it to study the
adaptation of the resulting network for various colony sizes.

2 Experimental Result

2.1 Growth Dynamics

The general experimental set-up consisted in a sand disk of 20cm diameter and 5 mm
height. It was prepared with a mould in which sand was deposited and humidified by
25 ml of sprayed water. The mould was removed, the disk covered by a glass (25 cm
x 25cm) and the surface which ants had access to was restricted by a circular wall
coated with fluon. 100 ants were collected from a colony and the experiment began
with their random dispersal around the disk. A digital camera was placed over the
arena. The duration of each experiment was 3 days, and 2 seconds of activity were
recorded every 10 minutes. An image analysis software allowed us to quantify the
volume of excavated sand (fig. 1).
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Fig. 1. Example of tunneling pattern produced by 100 ants over 3 days The pictures shown are

the results of image analysis processes that allowed us to obtain binary images where the sand
is represented by black pixels and the ground by white pixels.

Figure 2 shows the evolution of the volume of excavated sand as a function of time
over 3 daysin 5 experiments. In all experiments, the growth dynamics has a sigmoid
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shape and can be divided in 3 phases: first, an exponentia growth in which the
excavation speed, nil at the beginning of experiment, progressively increases; this
amplification phase is followed by a short linear phase during which the excavation
speed reaches its maximum value; finally, a saturation phase in which the excavation
speed decreases progressively to reach zero. This suggests two kinds of feedbacks: (1)
a positive feedback when the volume V of excavated sand is far from a saturation
volume, V__ (V/IV __ isvery small): the speed dV/dt grows proportionaly with V. (2)
a negative feedback when V becomescloserto VvV, (V/V . = 1): dV/dt decreases and
reaches anull value. This kinetics can be formalized as follows:

dvidt=av[1-(V/V, )] 1)
where aisa constant. The solution of this differential equation is:
VO =V 11+ ((Vyo V) - 1). 7] @

where V_ is ainitial non-zero volume. This relationship can be easily written in a
linear form as follows:

Ln[(V, ./ V®))-1] =Ln[(V, . /V,)-1] —at (3

Table 1 shows the results of the linear regression test for equation (3) in each
experiment and the final size of the networks. Measures were made every 20 minutes,
which represents a set of 217 data points per curve. V,__ value was estimated as the
volume excavated at the end of the experiment. In al cases r’ values were always
greater than 0.9 and the parameters for linear regression test were validated (p<0.001).

These results show that growth dynamics is controlled by two kinds of feedbacks.
Positive feedback could be the consequence of some recruitment processes, which
will be confirmed later with the model. As regards negative feedback, when the
saturation phase was reached, we always observed the formation of ants aggregates.
As a consequence, aggregation may be a first negative feedback involved in the
saturation phase.
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Fig. 2. Growth dynamics of networks with 100 ants over 3 days.
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Table 1. Linear regression results for the logistic model (see text and equation 3 for details) and
final volume and weight excavated after 3 days.

2 a Final , . Final

volume (cm?) weight (g)

1 0.937 0.106 + 0.002 33 49.04
2 0.929 0.11 + 0.002 35.25 53.38
3 0.947 0.0986 + 0.002 45 66.87
4 0.943 0.092 + 0.002 25.75 38.27
5 0.923 0.0922 + 0.002 48.25 717

2.2 Individual Behaviours

In this section, we describe al the individual behaviours involved in the digging
activity of ants. We present the estimated mean values and probabilities to perform an
action that were used in the model.

For the individual behaviour study, an artificial tunnel was created in the sand disk
by adding a plastic shape 10 cm long and 3 mm wide. The number of ants was fixed
to 100, and the recording time to 1 hour. The video recording was set to continuous
mode.

Mean values. The distribution of walking speed was Gaussian with a mean value of
15.05 mm/s (N=100, SD=4.381, Z=1.139, p=0.149, Kolmogorov-Smirnov test). The
distribution of digging time was Gaussian with a mean value of 42.04 s (N=65,
SD=24.79, Z=0.7490, p=0.628, Kolmogorov-Smirnov test). The estimate weight of a
pellet was 1.688 mg.

Probabilities to perform actions. Probabilities to perform actions were established
from survival curves whenever it was possible. Given N,, the total number of
individuals, N the number of individuals having not yet performed an action at timet,
and A the probability to perform the action, if A is constant, then the evolution of the
population N follows equation 4;« _ can be estimated with a linear regression test on
the logarithmic transformation of eguation (4).

N=N e At (4)

0

Ln(N) =Ln(N,)—At )

Table 2 shows the experimental values for the probabilities to spontaneoudly dig the
edge of the sand disc (f"), to drop a pellet (P,) and to leave the edge of the sand disk
while following it (thigmotactic effect) (P,). In each case equation (5) was tested and a
linear regression validated with high r’ values, which means that in each case the
probability to perform the action is indeed constant over time and equal to the value
of dopein the regression model.
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Table 2. Results of the survival curves for three behaviours. r’ values are indicated for linear

regression test on equation (5) . The parameter A represents the slope of the linear equation and
corresponds to the probability to perform the action per second (see text for details).

Coefficient
Variable r2
A Std Err T p
Todig %E’E;ma”eo“gy 0985 | -283.10° 0.000 5476 | 0.00
Todrop apellet (P, 0.971 -0.188 0.001 17.45 | 0.00
To leave the edge of 2
wand disk (P) 0944 | -1.76.10 0.000 2495 | 0.00

The probability to dig spontaneously an anfractuosity (f7) was estimated by the
proportion of ants that dug after having penetrated in the artificial gallery (never dug
before); its value was f=0.054 (6 ants over 111 observed). The dead-end of the tunnel
represents a strong heterogeneity in the curvature of the sand in comparison with the
rather straight sand walls in a tunnel or the edge of the sand disk. In this paper, we
will use the term anfractuosity to refer to this kind of heterogeneity. Several species of
ants are reported to be more strongly stimulated by anfractuosities [22] than by
straight sand walls, and our results show that it is also the case in Messor sancta.

3 Model Description

The experimental analysis allowed us to quantify several parameters of the individual
tunneling behaviour of ants. We developed a model entirely based on the
experimental measures of individual behaviour, using a spatially-explicit individual-
based simulation written in C++. In the model, ants move on a discrete 2D square-
lattice preserving time and spatial scales of the experiments, with a distance of 0.8
mm between lattice cells and a time scale of 1/20 s per cycle. The environment
includes 4 classes of objects. ants, ground, sand in the disk and excavated sand

pellets.

3.1 Structure of the Model

Each ant can be in one of the following three internal states: free state, digging state,
or transporting state. Ants can change from their present state to another as a function
of the environment they meet according to the experimentally estimated probabilities.

At the beginning of the simulation, as in the experiments, ants are randomly
distributed around the sand disk and are in the free state. During a cycle, each ant is
randomly chosen and performs a single action one time and only one.

When an ant meets the sand disk, she can spontaneously start to dig, with two
different probabilities, f* and f", measured in the experiments, whether she is in
presence of an anfractuosity in itsimmediate neighbourhood (7, high concavity in the
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sand wall), or not (f", straight sand wall). When an ant enters into the digging state,
she stays in this state for T, time steps and no other action can be done. When this
period of time ends, the ant enters into the transporting phase. There exists another
way for an ant to enter into this phase: each time a free ant occupies a place where a
pellet is present, she can pick it up with a constant probability P,. When an ant is
transporting a pellet she has a constant probability P, to spontaneously drop the pellet
and return to the free state.

At the end of a cycle, each ant that has not performed an action (digging, picking

or dropping a sand pellet) moves randomly to an adjacent cell, in one of the six
possible directions (forward, back, 45° left or right and 90° left or right) according to
a probability matrix (M) that favours front directions. The thigmotactic behaviour of
ants is implemented by multiplying the weight of the cells adjacent to the direction
blocked by sand in the matrix, so that the probability to leave the sand wall is equal to
the experimental probability (P). Finaly, an ant can move neither on a cell aready
occupied by two other individuas nor on a cell that contains sand and her
displacement is restricted by an outside arenawall.
This basic algorithm that takes into account all the behavioural parameters that were
measured in the experiments was not able to reproduce the emergence of tunnels and
networks. The resulting digging dynamics was aways linear until the ants have dug
the whole sand disk. At this point, the main question was: how can the probabilities to
dig sand evolve in order to produce networks of galleries? Several hypotheses that we
won't present here, such as individual experience, have been tested, but only one
additional mechanism, namely the use of trail-laying pheromones, was able to give
rise to networks. The use of trail-laying pheromones is a widespread feature in ants
and termites [10] and it has been shown to be involved in recruitment and digging
behaviour in other ant species such as Lasius niger [6]. Trail-laying parameters are
very hard to measure and they have been fixed by numerical exploration in the range
of biological values already known from previous experiments performed on other
species[6,23,24].

Two kinds of pheromone are used in the model: a trail-laying pheromone that
influences ant displacement, and a digging pheromone laid at the digging site that
controls the probability for an ant to dig asand cell.

When the place in front of which an ant is located is marked with digging
pheromone, the ant starts to dig with a probability given by the following sigmoid
response function:

f= X2 1 (X+K?) 6)

where X is the amount of pheromone and K a threshold constant. This class of
response function provides a good approximation of the influence of pheromone on
ant behaviour and it has been used in numerous works including collective
recruitment and digging in ants [10,24,25]. In accordance with the experimentally
measured probabilities to dig spontaneously, we determined one value of K, in
presence of an anfractuosity (K,) and a smaller value in absence of anfractuosity (K,).
In any case, each time an ant performs a digging behaviour, she will deposit a fixed
amount of digging pheromone on the cell where she is located and on one cell
forward according to the axis of her body.

When an ant enters the transporting phase, she will now lay down a trail
pheromone at each cycle:
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Q1:Qto_(FXT) (7)

where Q, is the number of units of pheromone laid down, Q, the initial amount of
pheromone, T the number of cycles elapsed since the ant entered into the transporting
phase and F the strength of the pheromone gradient. The attraction of ants by trail
pheromone during their displacement isimplemented by adding pheromone quantities
in the matrix M ..

At the end of a cycle, evaporation and diffusion processes occur and are applied
separately on the two types of pheromones. Evaporation is expressed by the following
function:

Qt+1: Qt - (Qt / ,U) (8)

Q., is the new amount of pheromone in a cell after it has lost a fraction of it
previous amount Q.. 1/ is a constant representing the half-life of the pheromone.

Diffusion is implemented in the following way: a fraction of the amount of
pheromone on a cell (Q,) is diffused to each neighbouring cell that has a smaller
amount of pheromone (Q,) according to the function:

If Qc > Qn,i then Qc = Qc b QC/D and Qn,i = Qn,i + Qc/D (9)

for each neighbouring cell |

where D is a constant that represents the diffusion coefficient of the pheromone.
Figure 3 shows a graphical representation of the model and the values of al the
parameters are given in table 3.

Transport Digging
| laying 4 laying {2d
3=0—-(FxT) then busy during T; seconds

F' E

Pd p ) fg‘a a

s

fh
Jy

anfractuosity
-
©
no anfractuosity

1 4 Free state

Fig. 3. Graphical representation of the model. The figure shows the three states possible for an
ant and the probabilities to change from one to another (see the text for description)
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Table 3. Parameters of the model.

Model parameters Vaue Origin
T, Time required to dig one pellet 40s
P, Probability to drop a pellet 0.188s* o
P, Probability to pick up apellet 0.102 / contact 8
f, Probability to dig spontaneously =1
-f7 . in presence of anfractuosity 0.054 / contact S,
-+ in absence of anfractuosity 2.83.10°s’ ?
f) Probability to dig in presence of pheromones ~ fp=X?/ ( X+ K?)
-f,7 in presence of anfractuosity K, =200
-£": in absence of anfractuosity K, = 3500
Q, Quantity of digging pheromone per deposit 100 units
Qu Initial quantity of trail pheromone laid down 2000 units @
F Gradient strength of pheromone trail 5 g
U, Half-life parameter of the trail pheromone 45 min =
D, Diffusion coefficient of trail pheromone 500 000
U, Half-life parameter of digging pheromone 20 min

p Diffusion coefficient of digging pheromone 500 000

3.2 Results

40 simulations reproducing the experimental conditions described in section 2.1 were
run with 100 ants, over asimulated time of 3 days. The volume of excavated sand was
recorded every hour. Figure 4 shows an example of tunneling pattern obtained with
the model with 100 ants over 3 days, and figure 5 shows 5 runs of the growth
dynamics obtained in the same condition.

Fig. 4. Example of simulated tunneling pattern obtained with 100 ants.

The model succeeds in reproducing the logistic shape of the growth dynamics
observed in the experiments, but the time needed to reach the saturation phase was
three times shorter. This could be explained by two facts: first, the sand disk can be
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dug completely in 54323 digging acts, with a sand pellet's weight of 4.298 mg, which
is 2.546 times more than the experimentally measured mean weight (1.688 mg). Thus,
in the model, ants excavate a volume of sand similar to the one obtained in
experiments by performing around 3 times less digging acts; second, no aggregation
processes were implemented in the model, so that all ants remained active during the
simulation.

The linear regression described in section 2 was applied on the simulations results
and the logistic model was always validated with high r* values (minimal r* value:
0.812). Comparisons were made for the mean final volume of excavated sand reached
in the saturation phase in the model and the experiments for the same conditions.
There was no significant difference between groups (model: 37.14 +4.23 cm’,
experiments: 37.15 +9.35 cm’; t=-0.002; p=0.998, Student t test).

As in the experiments, the simulated dynamics appeared to be controlled by two
kinds of feedbacks. A positive feedback resulting from the recruitment processes
through trail and digging pheromones. Since there is no aggregation behaviour
implemented in the model, the negative feedback may come from the fact that there
exists some critical value of ant density in the network under which the amplification
processes would fail to be efficient. At the beginning of the simulation, there is a high
density of antsin the periphery of the sand disk, so that a recruitment process can take
place. As the network grows, ants are more and more diluted in space, and the
probability for an ant to meet a site recently dug and with sufficiently high pheromone

50 4
40 s

20 4

Excavated volume (cm’/h)

a 5 10 15 20 25
Time (h)

Fig. 5. Five examples of simulated growth dynamics obtained with 100 ants over the first 25
hours.

concentration becomes lower and lower. Finally, when the density of ants falls under
a critical density, no recruitment can take place, since the mean time separating the
visits of two different ants at the same digging site becomes too important with
respect to the half-life of pheromones.

Such a mechanism of regulation of the digging activity could be a very efficient way
to allow the colony to adapt the nest size to its population. If the digging activity stops
when a certain density is reached, then we would observe a linear relationship
between the number of ants and the total volume of excavated sand at the saturation
phase.
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3.3 Thelnfluence of Colony Size

The model was used to assess the influence of the number of ants on the growth
dynamics. 40 simulations were performed with 50 ants and 200 ants respectively over
a smulated time of 3 days. Then, to test the predictive value of the model, we
performed 5 corresponding experiments with 50 and 200 ants over 3 days.

Dynamics were logistic for all groups. The same linear regression procedure
described in section 2.1 was applied to the dynamics and was in all cases validated by
high r* values (minimal r* value: 0.79).

Figure 6a shows the mean volume of excavated sand as a function of the number of
ants. A linear regression through origin was tested for the simulation results and
validated with a high r* value (r*=0.993; b= 0.379; t=133; p<0.001). Thus, the model
predicts that the total volume of the network at saturation phase follows a linear
relationship with the population size. Indeed, this relationship was confirmed by the
experiments (Figure 6b). The linear regression was validated with high a r’ values
(r’=0.915; b=0.487; t=12.313; p<0.001). These results show that there exists a
regulation of the volume of the network according to the number of individuals. The
model shows that this regulation arises in absence of any direct communication
between ants; this results from a simple balance between recruitment processes and
ants density. Moreover our model predicts that ants stop their activity when their
mean density reaches 2.83 +0.64 ants/cm’. This was indeed confirmed by experiments
in which the digging stopped at the same mean density value of 2.80 +1.15 ants/crm’.

4 Discussion

How can thousands of individuals in an ant colony coordinate their activity while
digging a complex network of galleries and chambers? Ants limited cognitive abilities
and their local perception of the environment as well as the dispersion of workers
over many distant places prevent the colony using direct communication or
centralized control to coordinate its collective activity. We have presented here a
model of the growth of networks of galleries that exhibits adaptive properties. The
size of the network is adapted to the size of the colony, even though each ant is not
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Fig. 6. Linear relationship between the final volume of excavated sand and the number of ants
in the model (a) and in the experiments (b)
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aware of the total number of antsin the nest. Each individual is an autonomous agent
that has only a very local perception. Individuals use previous modifications in the
environment by each ant as a feedback to coordinate their activity. The regulation of
the network volume relies entirely on indirect communication mediated by the
environment, mainly through the use of trail and digging pheromone combined with
the density of ants that acts as an indirect cue. The collective regulation of the size of
the galeries network is not explicitly programmed at the individual level and
appeared to be an emergent property of the digging dynamics.

The study has been divided into three main steps. First, we performed an analysis
at the global level through experiments with a constant population of 100 ants. We
characterized the growth dynamics of the amount of excavated sand and showed that
they are logistic. We then focused on the individual level and showed that several
behaviours had a remarkably constant probability to occur. We finally used these
experimentally measured parameters in the behavioural rules of the agents in an
individual-based model. Introducing recruitment processes through pheromones, a
common feature involved in several activities of ants, we showed that a group of ants
is able to regulate their digging activity and stop it when a certain volume is reached,
even if the individuals are still active and that nothing changed in their behavioural
rules. Thisis consistent with the results on digging behaviour and tunnel construction
in the ant Lasius niger [6], in which it has been shown that a volatile molecule was
involved in the recruitment of ants towards adigging site.

When loaded with the experimental parameter values, the model not only leads to
growth dynamics that reproduce the properties of galleries network formation, but
also predicts how the growth is affected by the density of ants. We found that the final
volume of excavated sand followed a linear relationship with the number of
individuals. Experiments designed to test the model’s predictions show that the
predictions are indeed confirmed and the networks dynamics exhibit the same
adaptive properties.

This coordination of digging activity in the ant Messor sancta emerges from a
double feedback system:

(1) Positive feedbacks rapidly amplify spontaneous acts of excavation that first
occur randomly and in a disorganized way all around the sand disk. Among these
isolated initiation sites, some will involve several individuals so that recruitment will
start. The system thus behaves in an autocatalytic way, leading the growth dynamics
to its early phase of exponential growth. Asit is shown in the model, this recruitment
phase could result from the use of marking at the digging site with a highly volatile
component and from the use of pheromone trails leading the individuals to the
digging sites.

(2) Negative feedbacks progressively decrease the speed of digging and lead to its
end when the volume of excavated sand reaches a critical value proportional to the
number of ants. This mechanism of size adaptation of the network could result from a
combination of aggregation processes and the decrease of ant density with time. This
is consistent with the results of a previous study of nest size regulation in the ant
Lasius Niger [6,7]. But the model shows that the decrease of ant’s density alone could
be sufficient for a colony to adapt the size of the network to the size of its population.

There exists a whole number of experimental evidence that shows that several
other social phenomena such as aggregation behaviour or brood sorting in ants
[25,26] result from the same kind of processes involving local amplification
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phenomena (aggregating where we aready aggregated, dropping where we aready
dropped, digging where we aready dug) and spatial competition between the
resulting structures.

The next step will be to study the structure of the networks. An increasing number
of studies suggest that the networks observed at different scales in nature could share
common functional properties such as the minimization of distance between two
nodes or the robustness to disconnection [27-29]. But networks in nature are not
static. The origin of the functional properties of these networks has to be searched for
in the processes that govern their growth. Thus a fundamental question remains to be
investigated: are there common principles of growth that gives to these various
networks structures the same adaptive properties?
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Abstract. The Probabilistic Traveling Salesman Problem (PTSP) is a
TSP problem in which each customer has a given probability of requiring
a visit. The goal is to find an a priori tour of minimal expected length over
all customers, with the strategy of visiting a random subset of customers
in the same order as they appear in the a priori tour.

We propose an ant based a priori tour construction heuristic, the proba-
bilistic Ant Colony System (pACS), which is derived from ACS, a similar
heuristic previously designed for the TSP problem. We show that pACS
finds better solutions than other tour construction heuristics for a wide
range of homogeneous customer probabilities. We also show that for high
customers probabilities ACS solutions are better than pACS solutions.

1 Introduction

Consider a routing problem through a set V of n customers. On any given
instance of the problem each customer 7 has a known position and a probability
p; of actually requiring a visit, independently of the other customers. Finding
a solution for this problem implies having a strategy to determine a tour for
each random subset S C V, in such a way as to minimize the expected tour
length. The most studied strategy is the a priori one. An a priori strategy has
two components: the a priori tour and the updating method. The a priori tour is
a tour visiting the complete set V' of n customers; the updating method modifies
the a priori tour in order to have a particular tour for each subset of customers
S C V. A very simple example of updating method is the following: for every
subset of customers, visit them in the same order as they appear in the a priori
tour, skipping the customers that do not belong to the subset. The strategy
related to this method is called the ‘skipping strategy’. The problem of finding
an a priori tour of minimum expected length under the skipping strategy is
defined as the Probabilistic Traveling Salesman Problem (PTSP). This is an
NP-hard problem [3[I], and was introduced in Jaillet’s PhD thesis [g].

The PTSP approach models applications in a delivery context where a set of
customers has to be visited on a regular (e.g., daily) basis, but all customers do

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 176-[I87 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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not always require a visit, and where re-optimizing vehicle routes from scratch
every day is infeasible. In this context the delivery man would follow a standard
route (i.e., an a priori tour), leaving out customers that on that day do not
require a visit. The standard route of least expected length corresponds to the
optimal PTSP solution.

In the literature there are a number of algorithmic and heuristic approaches
used to find suboptimal solutions for the PTSP. Heuristics using a nearest neigh-
bor criterion or savings criterion were implemented and tested by Jézéquel [9] and
by Rossi-Gavioli [I1]. Later, Bertsimas-Jaillet-Odoni [3] and Bertsimas-Howell
[2] have further investigated some of the properties of the PTSP and have pro-
posed some heuristics for the PTSP. These include tour construction heuristics
(space filling curves and radial sort), and tour improvement heuristics (proba-
bilistic 2-opt edge interchange local search and probabilistic 1-shift local search).
More recently, Laporte-Louveaux-Mercure [I0] have applied an integer L-shaped
method to the PTSP and have solved to optimality instances involving up to 50
vertices.

Most of the heuristics proposed are an adaptation of a TSP heuristic to the
PTSP, or even the original TSP heuristic, which in some cases gives good PTSP
solutions. No application to the PTSP of nature-inspired algorithms such as
ant colony optimization (ACO) [4] or genetic algorithms can be found in the
literature. This paper investigates the potentialities of ACO algorithms as tour
construction heuristics for the homogeneous PTSP, that is, for the PTSP where
customers have the same probability of requiring a visit.

In the remainder of the paper we first introduce the PTSP objective function
(section [J), then we describe the ACO algorithms which we tested (section [3)),
and in section Bl we report the experimental results obtained. The concluding
section [3 summarizes the results obtained and indicates future directions for
research on the PTSP.

2 The PTSP Objective Function

Let us consider an instance of the PTSP. We have a completely connected graph
whose nodes form a set V = {i = 1,2,...,n} of customers. Each customer has a
probability p; of requiring a visit, independent of the others. A solution for this
instance is a tour A over all nodes in V' (an ‘a priori tour’), to which is associated
the expected length objective function

E[Ly] = ) p(S)LA(S) - (1)

SCvV

In the above expression, S is a subset of the set of nodes V', L(.5) is the distance
required to visit the customers in S (in the same order as they appear in the
a priori tour), and p(S) is the probability that all the customers in S require a
visit:

p(S)=1Ir J[ -0 (2)

i€S ieV-S
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Jaillet [§] showed that the evaluation of the PTSP objective function (eq.(d))
can be done in O(n?). In fact, let us consider (without loss of generality) an a
priori tour A = (1,2,...,n); then its expected length is

n n Jj—1
BIL =Y > dipip; [[ Q—p)+
i=1 j=i+1 k=i+1
n i—1 n Jj—1
Yo dipy I A=p) [T =p) . (3)
i=1 j=1 k=i+1 =1

This expression is derived by looking at the probability for each arc of the com-
plete graph to be used, that is, when the a priori tour is adapted by skip-
ping a set of customers which do not require a visit. For instance, an arc (3, j)
is actually used only when customers i and j do require a visit , while cus-
tomers ¢ 41,7+ 2, ..., j do not require a visit. This event occurs with probability
DiDj ch;1+1(1 —pi) (when j < n). In the special class of PTSP instances where
p; = p for all customers i € V (the homogeneous PTSP), equation (@) becomes

Bl =S (1 - pyLy) (4)
r=0

where L{") = " . d(4,(j +147) mod n). The L{’s have the combinatorial
A j=1 A

interpretation of being the lengths of a collection of ged(n,r + 1) sub-tourd]]
/\§,’), obtained from tour A by visiting one customer and skipping the next r
customers. As an example, Fig. [l shows A,(P) (i.e., the a priori tour), /\5,1) and

)\éz) for a PTSP with 8 customers.

(T 3+

(1) ()
0)
A p A p A p

Fig. 1. The lengths of the (sub)tours )\;0), )\1(,1) and )\;2), constitute the first three terms
of the expected length for the homogeneous PTSP. From left to right, the total length
of each set of (sub)tours gives the terms Lg\o), L(Al) and L(f) of equation (@).

1 The term ‘ged’ stays for ‘greatest common divisor’.
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3 Ant Colony Optimization

In ACO algorithms a colony of artificial ants iteratively and stochastically con-
structs solutions for the problem under consideration using artificial pheromone
trails and heuristic information. The pheromone trails are modified by ants
during the algorithm execution in order to store information about ‘good’
solutions. Most ACO algorithms follow the algorithmic scheme given in Fig.

ACO are stochastic solution construction algorithms, which, in contrast to
local search algorithms, may not find a locally optimal solution. Many of the best
performing ACO algorithms improve their solutions by applying a local search
algorithm after the solution construction phase. Our primary goal in this work
is to analyze the PTSP tour construction capabilities of ACO, hence in this first
investigation we do not use local search.

We consider a particular ACO algorithm, the probabilistic Ant Colony Sys-
tem, or pACS. This is an adaptation to the PTSP of the ACS algorithm [75],
which was successfully applied to the TSP. In the following, we describe how
pACS (and ACS) builds a solution and how it updates pheromone trails.

procedure ACO metaheuristic for combinatorial optimization problems
Set parameters, initialize pheromone trails
while (termination condition not met)
ConstructSolutions
ApplyLocalSearch % optional
Update Trails
end while

Fig. 2. High level pseudocode for the ACO metaheuristic.

3.1 Solution Construction

A feasible solution for an n-city PTSP is an a priori tour which visits all cus-
tomers. Initially m ants are positioned on their starting cities chosen according to
some initialization rule (e.g., randomly). Then, the solution construction phase
starts (procedure ConstructSolutions in Fig.[2). Each ant probabilistically builds
a tour by choosing the next customer to move to on the basis of two types of
information, the pheromone 7 and the heuristic information 7. To each arc join-
ing two customers i, j it is associated a varying quantity of pheromone 7;;, and
a heuristic value 7;; = 1/d;;, which is the inverse of the distance between i and
j. When an ant k is on city 4, the next city is chosen as follows.

— With probability qo, a city j that maximizes ;; - nfj is chosen in the set
Ji (i) of the cities not yet visited by ant k. Here, 8 is a parameter which
determines the relative influence of the heuristic information.
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— With probability 1 — ¢, a city j is chosen randomly with a probability given
by

% if j € Jy(d)
Pr (i7 ]) = Xrenm Tirng, (5)
0, otherwise.

Hence, with probability gg the ant chooses the best city according to the
pheromone trail and to the distance between cities, while with probability 1 —qq
it explores the search space in a biased way.

3.2 Pheromone Trails Update

Pheromone trails are updated in two stages. In the first stage, each ant, after it
has chosen the next city to move to, applies the following local update rule:

Tij < (L=p) - 755+ p - 7o, (6)

where p, 0 < p < 1, and 79, are two parameters. The effect of the local updating
rule is to make less desirable an arc which has already been chosen by an ant,
so that the exploration of different tours is favored during one iteration of the
algorithm.

The second stage of pheromone update occurs when all ants have terminated
their tour. Pheromone is modified on those arcs belonging to the best tour since
the beginning of the trial (best-so-far tour) by the following global updating rule

Ty — (1 —a) - 15 + - Aryj, )
where
Arij = ObjectiveFuncy,, ®)

with 0 < o < 1 being the pheromone decay parameter, and Objective Funcyes; is
the value of the objective function of the best-so-far tour. In pACS the objective
function is the PTSP expected length of the a priori tour, while in ACS the
objective function is the a priori tour length.

4 Experimental Tests

4.1 Homogeneous PTSP Instances

Homogeneous PTSP instances were generated starting from TSP instances and
assigning to each customer a probability p of requiring a visit, with p ranging
from 0.1 to 0.9 with a 0.1 interval. We considered 21 TSP instances taken from
two benchmarks. The first benchmark is the TSPLIB at http://www.iwr.uni-
heidelberg.de/groups/comopt/software/ TSPLIB95. From this benchmark we
considered 7 symmetric instancedq with a number of city between 30 and 200.

2 The TSPLIB symmetric instances considered are oliver30, eil51, €il76, kroA100,
lin105, ch150, d198.
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The second benchmark is a group of instances where customers are randomly
distributed on the square [0,10°]. For generating random instances we used
the Instance Generator Code of the 8" DIMACS Implementation Challenge at
http://www.research.att.com/~dsj/chtsp/download.html. We considered 7 uni-
form distributed instances and 7 clustered distributed instances from this bench-
mark, with a number of cities respectively equal to 50, 100, 150,..., 350.

4.2 Comparison between pACS and Other Tour Construction
Heuristics

We compared pACS with two simple tour construction heuristics, the radial sort
and the random best heuristic. The random best heuristic generates random
tours and selects the one with the shortest expected length. Random best and
pACS were run on the same machine (a Pentium Xeon, 1GB of RAM, 1.7 GHz
processor) for the same CPU time (stoptime = k - n?> CPU seconds, with k =
0.01). For pACS we chose the same settings which yielded good performance in
earlier studies with ACS on the TSP [5]: m =10, 3 =2, g0 =0.98, a = p=0.1
and 79 = 1/(n - Obj), where n is the number of customers and Obj is the value
of the objective function evaluated with the nearest neighbor heuristic [5]. For
each experiment, we run 5 independent trials of pACS.

Radial sort builds a tour by sorting customers by angle with respect to the
‘center of mass’ of the customer spatial distribution. The ‘center of mass’ coor-
dinates have been computed here by averaging over the customers coordinates.
The a priori tour which radial sort builds does not depend on the customer prob-
abilities, and a unique tour is thus used as a priori tour for all probabilities of the
PTSP. Even if very simple, this heuristic is interesting for the PTSP, because
of the conjecture [2] that the tour generated by radial sort is near optimal for
small customer probabilities. Moreover, the combination of radial sort and the
1-shift local search have shown to be the best combination of tour construction
and tour improvement heuristics in [2]. A disadvantage of radial sort is that it is
only applicable to those PTSP instances where the coordinates of customers are
known. In general, this is not the case for asymmetric PTSP instances, where
the arc weights may have, for instance, the meaning of travel times.

The average relative performance of pACS with respect to radial sort and
random best heuristics is shown in Fig. [3 The first observation is that pACS
always performs better than radial sort and random best, for each probability
and for each type of instance, while random best is always very poor both with
respect to pACS and to radial sort. Secondly, radial sort and pACS are equivalent
for small probabilities (prob = 0.1). This results supports the conjecture of near-
optimality of radial sorted tours for small probability, and it is interesting that
this also applies to non uniform instances, such as TSPLIB and random clustered
instances.

4.3 Absolute Performance

For the PTSP instances we tested, the optimal solution is not known. Therefore,
an absolute performance evaluation of a PTSP heuristic can only be done against
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Fig. 3. Relative performance of pACS with respect to radial sort and random best
heuristics. On the horizontal axis there is the customers probability. Each point is an
average over 21 symmetric PTSP instances. Error bars represent average deviation,
defined as >0, |x; — <z> |/n, with n = 21.

some lower bound of the optimal PTSP solution, when this is available and tight
enough. A lower bound to the optimal solution would give us an upper bound to
the error performed by the pACS heuristic with respect to the PTSP optimum.
In fact, if LB is the lower bound and E[L)-]| is the optimal solution value, then
by definition we have

E[Lx]> LB . (9)

If the solution value of pACS is E[L,], then the following inequality holds for
the relative error

ElL)\] = E[Ly-] _ E[L)] — LB
E[Lx] - LB ’
In the following we apply two different techniques for evaluating a lower bound
to the optimal PTSP solution (and thus for evaluating the absolute performance

of pACS). In the first case a theoretical lower bound is used while in the second
case the lower bound is estimated by using Monte Carlo sampling.

(10)

Theoretical lower bound to the PTSP optimum. For the homogeneous
PTSP and for instances where the optimal length Lpgp of the corresponding
TSP is known, it is possible to use the following lower bound to the optimal
expected length, as was proved in [2]

LB =pLrsp(1—(1-p)"1). (11)
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Fig. 4. Upper bound of relative percent error of pACS for 5 TSPLIB instances. Note
that, for decreasing customers probability, the upper bound to the relative error be-
comes bigger at least partially because the lower bound to the optimum becomes less
tight.

If we put this lower bound into the right side of equation ([IT]), we obtain an upper
bound of the relative error of pACS. Fig. [4] shows the absolute performance of
pACS, evaluated with this method, for a few TSPLIB instances. From the figure
we see that, for example, pACS finds a solution within 15% of the optimum
for a homogeneous PTSP with customers probability 0.9. This technique for
evaluating the absolute performance of a PTSP heuristic is rigorous, but has the
limitation that the lower bound for small probabilities is not tight, so that it
produces big overestimates of the error. The following technique is more flexible
and gives better estimates of the error, even if, as we will see, it also has some
limitations.

Estimated a posteriori optimum. The expected tour length under re opti-
mization is defined as the average of the lengths of the optimal TSP solution to
each subset of customers, and it is also called a posteriori optimum, since it is
the value obtained by solving a TSP problem once the set of customers requiring
a visit on a certain day is known. The a posteriori optimum is a lower bound on
the optimal PTSP solution, because the length induced by the PTSP a priori
tour on a subset of customers cannot be smaller than the optimal TSP solutions
for that subset of customers.

The exact evaluation of the a posteriori optimum is impractical, because it
requires the solution of 2" instances of the TSP to optimality. The technique
proposed in [2], consists in making two approximations. First, only a random
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sample of the 2™ subsets of customers is selected, by means of a stratified Monte
Carlo sampling (see [2] for a detailed description). Second, each random sample
of customers S is solved to near optimality as a TSP by choosing the best of
|S]/y random tours (7 is a parameter) and applying to it the 3-opt local search.

This technique can be applied easily only to small instances (say, up to 100
customers). Otherwise, care must be taken in order to avoid overflow when gen-
erating the stratified samples from a set of 2" subsets of customers. We report
average results for 10 random uniform and clustered instances in Fig.[H. In our
tests we used v = 0.5 and about 400 samples. From the figure we see that pACS
is within 8% of the optimum when applied to uniform random instances, while
it is within 14% of the optimum if the instances are clustered.

16 T

12 | " 1

10 | 4

100* (E_pacs - E_posteriori)/E_pacs

2 Il Il Il Il Il Il Il
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
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Fig. 5. Relative percent error with respect to the estimated a posteriori optimum
for random uniform instances (U50) and for random clustered instances (C50) of 50
customers. Each point is an average over 10 random instances.

4.4 Comparison between pACS and ACS

In some cases an a priori tour found by a TSP heuristic can also be a good so-
lution for the PTSP. An example of this is the a priori tour found by radial sort
for small probabilities, as discussed in section[£2] In this section we address the
question of whether an a priori tour found by the ACS heuristic is also good for
the PTSP, or at least as good a the solution found by pACS. In order to assess
the relative performance of ACS versus pACS independently of the details of the
settings, the two algorithms were run with the same parameters. The choice of
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Fig. 6. Relative performance of pACS versus ACS for the homogeneous PTSP. The
vertical axis represents (E[Lx(pACS)] — E[Lx(ACS)])/E[LA(pACS)]. On the horizon-
tal axis there is the customer probability p. Each point of the graph is an average over
21 symmetric homogeneous PTSP instances. Note that for p = 1 ACS outperforms
PACS, since for a fixed CPU stopping time ACS makes more iterations.

this parameter setting is the simplest among many other possibilities for com-
paring ACS and pACS. In fact, it would also be useful to tune pACS parameters,
not only to achieve a better performance, but also to see how much they differ
from ACS parameters (which are tuned on the TSP). Fig. [fl summarizes the re-
sults obtained. The figure shows the relative performance of pACS versus ACS,
averaged over the 21 tested symmetric PTSP instances. From the figure we see
that for small enough probabilities pACS outperforms ACS. Nevertheless, for all
the problems we tested there is a range of probabilities [pg, 1] for which ACS
outperforms pACS. The critical probability py at which this happens depends
on the problem.

The reason why pACS does not always perform better than ACS is clear
if we consider two aspects. The first is the time complexity (speed) of ACS
versus pACS. In both algorithms one iteration (i.e., one cycle through the while
condition of Fig. 2)) is O(n?) [6], but the constant of proportionality is bigger in
pACS than in ACS. To see this one should consider the procedure UpdateTrail
of Fig. @1 where the best-so-far tour must be evaluated in order to choose the
arcs on which pheromone is to be updated. The evaluation of the best-so-far
tour requires O(n) time in ACS and O(n?) time in pACS. ACS is thus faster
and always performs more iterations than pACS for a fixed CPU time.

The second reason why ACS performs better than pACS for high proba-
bilities is that the length of an a priori tour (ACS objective function) may be
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considered as an O(n) approximation to the O(n?) expected length (pACS ob-
jective function). In general, the worse the approximation, the worse will be the
solution quality of ACS versus pACS. The quality of the approximation depends
on the set of customer probabilities p;. In the homogeneous PTSP, where cus-
tomer probability is p for all customers, it is easy to see the relation between the
two objective functions. For a given a priori tour A of length Ly we have

n—2
A=Ly—E[L]=(1-p)Ly— > (1-p) L, (12)
r=1
which implies
A~ 0O(q) (13)

for ¢ — 0, with ¢ = 1 — p. Therefore, the higher the probability, the better is the
a priori tour length Ly as an approximation for the expected tour length E[L,].

5 Conclusions and Future Work

In this paper we investigated the potentialities of pACS, a particular ACO al-
gorithm, for the homogeneous PTSP. We showed that the pACS algorithm is a
promising tour construction heuristic for the PTSP. We compared pACS with
other tour construction heuristics and we provided an estimation of the absolute
error with respect to the optimal PTSP solution for some instances. We also
compared pACS to ACS, and we showed that for customers probability close to
1, the ACS heuristic is a better alternative than pACS.

In this paper the ACO metaheuristic was applied without a local search
for improving the a priori tour. The study of an efficient local search for the
PTSP, which should greatly improve the solution quality of pACS and of any
tour construction heuristic in general, is an important direction of research. At
present we are investigating the heterogeneous PTSP, for different probability
configurations of customers. This is an interesting issue, since it is closer to a
real-world problem than the homogeneous PTSP.
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Abstract. This paper develops the formal framework of ant programming with
the goal of gaining a deeper understanding on ant colony optimization and, more
in general, on the principles underlying the use of an iterated Monte Carlo ap-
proach for the multi-stage solution of combinatorial optimization problems. Ant
programming searches for the optimal policy of a multi-stage decision problem
to which the original combinatorial problem is reduced. In order to describe ant
programming we adopt on the one hand concepts of optimal control, and on the
other hand the ant metaphor suggested by ant colony optimization. In this context,
a critical analysis is given of notions such as state, representation, and sequential
decision process under incomplete information.

1 Introduction

In the last decade, a number of algorithms inspired by the foraging behavior of ant
colonies have been introduced for the approximate solution of combinatorial optimiza-
tion problems (see [8I10L9] for extensive reviews). The framework of ant colony opti-
mization [8I10] gave recently a first unifying description of (most of) these algorithms.
Loosely speaking, ant colony optimization presents the following features. A graph is
defined in a way that each solution of the combinatorial problem corresponds to at least
one path on the graph itself. The weights associated to the edges are such that the cost
of a path equals the cost of the associated solution. In this sense, the goal of ant colony
optimization is to find a path of minimum cost. To this end, a number of paths are incre-
mentally generated in a Monte Carlo fashion, and the observed costs are used to bias the
generation of further paths. This process is iterated with the aim of gathering information
on the graph and of eventually producing a path of minimum cost. In ant colony opti-
mization, the above described algorithm is visualized in terms of a metaphor in which the
generation of a path is represented as the walk of an ant that, at each node, stochastically
selects the following one on the basis of local information called pheromone trail [1].
In turn, the pheromone trail is modified by the ants in order to bias the generation of
future paths toward better solutions.

The very possibility of obtaining better solutions by exploiting memory about so-
lutions generated so far is the basic assumption of ant colony optimization. A further
implicit assumption concerns what this memory should consist in. In spite of the key
role played in all implementations of ant colony optimization, this assumption was never
critically discussed before: The formal definition of ant colony optimization [§] envis-
ages, for each optimization problem, a unique way of defining the memory. To clarify

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 188 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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this issue, let us consider an optimization problem whose solutions are expressed by ant
colony optimization as a sequence of components. Ant colony optimization generates
solutions in the form of paths in the space of such components. Memory is kept of all the
observed transitions between components. A degree of desirability is associated to each
transition depending on the quality of the solutions in which it occurred so far. While a
new solution is being incrementally generated, a component ¥ is included with a proba-
bility that is proportional to the desirability of the transition between the last component
included and y itself. Even if it seems natural that memory should be associated with
pairs of solution components, as assumed by ant colony optimization, in this paper we
maintain that such an assumption is just a matter of choice. Indeed, this is only one
of the possible representations of the solution generation process that can be adopted
for framing information about solutions previously observed. As it will be clear in the
following, this representation is neither optimal nor the most natural, provided that a
correct analysis of the problem at hand is given. Our analysis will be based on a clear
understanding of the concept of state of the process of incremental solution construction.

In this paper, we propose a novel formal description of the combinatorial optimiza-
tion problems to which ant colony optimization applies, and we analyze the implication
of adopting a generic solution strategy based on the incremental Monte Carlo construc-
tion of solutions biased by a memory. This paper is an abridged version of a previously
unpublished work by the same authors [4] and complements other recent theoretical
analysis [1521/12]. The paper introduces ant programming as an abstract class of algo-
rithms which presents the characterizing features of ant colony optimization but which is
more amenable to theoretical analysis for what concerns the concepts of representation
and state. In particular, ant programming bridges the terminological gap between ant
colony optimization and the fields of optimal control [3]] and reinforcement learning [[17].
Accordingly, the name ant programming was chosen for its assonance with dynamic pro-
gramming, with which ant programming has in common the stress on the concept of
state and the related idea of reformulating an optimization problem as a multi-stage
decision problem and then searching for a good (hopefully optimal) decision policy for
the latter. Both in dynamic programming and in ant programming, such a reformulation
is not trivial and requires an ad hoc analysis of the optimization problem under consid-
eration. These concepts, being among the main issues in this research, will be discussed
in detail in the rest of the paper: Section[2]shows how to reformulate a discrete optimiza-
tion problem into a discrete-time optimal control problem and then into a shortest path
problem. Section [3] introduces the concepts of graph of the representation, phantasma
and sequential decision process under incomplete information. Section@lintroduces and
discusses the ant programming abstract class of algorithms. SectionBldiscusses the main
issues and describes the future developments of our research.

2 Discrete Optimization, Optimal Control, and Shortest Paths

Let us consider a discrete optimization problem defined by a finite set S of feasible
solutions and by a cost function J. The set .S is:

S ={s1,%2,...,88}, N€eN, N <oo, (1)

where each solution s; is a n;-tuple
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1 i—1
si=(s),st,...,sm ), m €N, n;<n<oo, (2)
with n = max n;, and sf € Y, where Y is a finite set of components. The cost function
J 1§ — R assigns a cost to each feasible solution s;. The optimization problem is
therefore the problem of finding the element 5 € .S which minimizes the function .J:

5= argrsnelg J(s). 3)

Being the set .S finite, the minimum of J on S indeed exists. If such minimum is attained
for more than one element of S, it is a matter of indifference which one is considered.

A feasible solution in .S can be built incrementally starting from the O-tuple zo = (),
and adding one-at-a-time a component. The generic iteration can be described as:

T = (Uo,... ,Uj_1) — XTj41 = (UO,... ,’U,j_l,Uj), with u; €'Y “4)

where x; is a partial solution of length j. A partial solution z; is called feasible if it
can be completed into a feasible solution s; € S, that is, if at least one feasible solution
s; € S exists, of which z; is the initial sub-tuple of length j. It is understood that a
process generating a sequence of feasible partial solutions necessarily ends up into a
feasible solution. For each feasible partial solution z;, we define the set U(x;) € Y of
all the possible new components u; that can be appended to x; giving in turn a feasible
(partial) solution x4 1.

Now, the set X of all feasible tuples x; is finite since both the set .S and the length
of each feasible solution s; are finite. Moreover, it can be shown that S C X, since all
the solutions s; are composed by a finite number of components, all belonging to Y.

Since a feasible solution can be obtained incrementally, the original optimization
problem can be reformulated as a multi-stage decision process in which the optimal so-
lution 5 is obtained by a sequence of decisions concerning the set Y of the components.
Such a way of proceeding results particularly natural when the cost J(s;) of a solution s;
is expressed as a sum of contributions c; 1, each related to the fact that a particular com-
ponent u; is included in the solution s; itself after a sequence of components described
by the tuple x;. Formally, a function C : X \ {zq} — R must be conveniently defined,
which associates a cost ;1 to each tuple :Cj_;,_l[ﬂ

The finite-horizon multi-stage decision process described above can be thoroughly
seen as a deterministic discrete-time optimal control problem [5]]. The tuple x; can be
seen as the state at time ¢t = j of a discrete-time dynamic system whose state-transition
application is such that the state at time ¢+ 1 is obtained by appending the current control
action u; € U(x;) to the state xy:

{It+1 = [l"ty Ut]7

Yt4+1 = Ug,

&)

The set of the feasible actions, given the current state, is a subset of the range of the
output: U(z;) C Y.

! Given rule (@), the tuple ;1 determines uniquely the tuple x; and the component u, and is
in turn determined uniquely by them. Therefore, the function C could be equivalently defined
as a function mapping on the real line an ordered pair (z;, u;), a transition (z;, Z;+1), or even
the triplet (.Tj, Uy, lej+1>.
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Now, let U be the set of all the admissible control sequences that bring the system
from the initial state z( to a terminal state belonging to S: The generic element of U,
u = {ug, u1,... ,Ur—1),1is such that the corresponding state trajectory, which is unique,
is {xg,x1,... ,2,), with z, € S, and u; € U(xy), for 0 < ¢ < 7. In this sense, the
dynamic system defines a mapping S : &/ — .S which assigns to each admissible control
sequence u € U a final state s = S(u) € S.

The problem of optimal control consists in finding the sequence # € U for which
the sum J of the costs ¢;, incurred along the state trajectory, is minimized:

U = arg Znelzfll J(S(u)), 6)
where with “arg min” we denote the element of I/ for which the minimum of the com-
posed function J o S'is attained. If such a minimum is attained for more than one element
of U, it is a matter of indifference which one is considered.

It is apparent that the solution of the problem of optimal control stated in (@) is
equivalent to the solution of the original optimization problem (@), and that the optimal
sequence of control actions @ for the optimal control problem determines uniquely the
optimal solution § of the original optimization problem. Since the set X is discrete and
finite, together with all the sets U(x;), for all z; € X, and since trajectories have a
fixed maximum length n, all the possible state trajectories of the system (3) can be
conveniently represented through a weighted and oriented graph with a finite number
of nodes. Let G(X, U) be such a graph, where X is the set of nodes and U is the set of
edges, and let C' : U — R be a function that associates a weight to each edge. In terms
of system (3)), each node of the graph G(X, U) represents a state z; of the system. The
set U C X x X is the set of the edges (z, x++1). Each of the edges departing from
a given node x; represents one of the actions u; € U(x;), feasible when the system
is in state x;. Finally, the function C' is defined in terms of the function C. Namely,
ctr1 = C({z¢, x441)) = C(x¢41) is the cost of the edge (¢, T441). Furthermore, on the
graph G(X, U) we can single out the initial state x(, as the only state with no incoming
edges, and the set S of the terminal nodes from which no edges depart. In terms of the
graph G(X, U) and of the function C, the optimal control problem (@) can be stated as
the problem of finding the path of minimal cost from the initial node x( to any of the
terminal nodes in S.

As already mentioned in Section[I], the solution strategy of ant colony optimization is
based on the iterated generation of multiple paths on a graph that encodes the optimization
problem under consideration. As it will be defined in the following, this graph is obtained
as a transformation of the graph G consisting in an aggregation of nodes. In previous
works on ant colony optimization, the graph resulting from such a transformation was
the only graph taken into consideration explicitly. In this paper, we move the focus on
the original graph G and on the properties of the transformation.

3 Markov and Non-Markov Representations

Consistently with the optimal control literature, we have called state each node of the
graph G(X, U) and, by extension, we call state graph the graph G itself. In the following,
the properties of the state graph will be discussed in the perspective of the solution of
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problem (@), and in relation to the solution strategy of ant colony optimization. The ant
metaphor will be used to visualize abstract concepts. In particular, we will picture the
state evolution of system @), and therefore the incremental construction of a solution,
as the walk of an ant on the state graph G. In the following, the state x; at time ¢ will be
called interchangeably the “partial solution,” the “state of the system,” or, by extension,
the “state of the ant.”

The state of a stochastic or deterministic dynamic system can be informally thought
of as the piece of information that gives the most predictive description possible of the
system at a given time instant] Since what is known in the literature as Markov property
is related precisely to the concept of state, it is clear that the state, when correctly
conceived, is always a state in the Markov sense: When described in terms of its state,
any discrete-time system is intrinsically Markov[] It is therefore of dubious utility to
state the Markov property with respect to a dynamic system tout court. Of much greater
significance, it is to assert the Markov property of a representation. Informally, we call
a representation the structure in which an agenﬂ frames experience: an agent refers to
a representation for describing the state of the system, for possibly keeping memory
of observed trajectories, and for performing predictions or control actions. In the limit,
a representation might bear the same information as the state. In this case the Markov
property holds for such representation. In the more general case, a representation is of
non-Markov type, that is, it gives less information than the state. Being non-Markov is
therefore a characteristic of the interaction system-agent and is related to the fact that the

2 A detailed analysis of the concept of state in the context of ant colony optimization can be
found in [4]. A general analysis of the concept of state is given in the classical literature on
linear system theory [20], dynamic programming [2], and optimal control [3].

3 For a discrete Markov decision process, the following holds by definition: P(x;11|z*, u?) =
P(x¢41|wt,us), where b = (z¢,Te—1,x¢—2,...) and ut = (ut, ut—1,Ut—2,...) indicate
the past history of « and u, respectively. Now, let us consider a time-varying system whose state
dynamic is given by z¢+1 = fi(, ut, &) where z; and u, are respectively state and input at
time ¢, and the state disturbance & ~ P(€) is a white noise independent of the state and the
input in the following sense: P(&;|z*, u*) = P(&;). Clearly, x4+ 1 is a random variable whose
distribution is P(z¢41|@t,ut) = P(Zs, ;) Wwhere Zu, , = {& : fi(xs,us,§) = Teq1} is the
set of the values ¢ that, for the given z; and u¢, map to z¢41, and P(=5, +1) indicates the
probability of observing a & belonging to such a set. The Markov property holds when the
above introduced time-varying system is seen as a decision process. In particular:

Pz’ u') =) P(Efa’,u) =) P(€) = P(Sa,,,) = Pee e, u).

i1 Te1

The treatment given above assumes that £ is a discrete variable. Thought the property holds
also for continuous &, the proof for the general case involves a more complex notation and goes
beyond the scope of this footnote.

Conversely, any discrete Markov decision process is a state description of a system in the
Kalman sense. It is straightforward to verify that any x¢+4+1 ~ P(z¢+1|2¢, ut) can be written
in the form x¢11 = fi(we, ue, &) where the dependence on time ¢ accounts for the fact that in
the definition of the Markov property the distributions at different temporal instants need not
be the same. Since x++1 = fr (¢, ut, &) is the classical form in which the state dynamic of a
generic time-varying system can be given, the assertion is proved.

* By agent we mean any entity acting on or observing purposely the system at hand.
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agent describes the system in terms of a representation that brings less information than
a state description. In general, such a shortcoming of the representation can be ascribed
to the inability of the agent to obtain information on the system, or to the deliberate
choice of reducing the amount of information to be handled. In this second case, we are
facing a quality-complexity dilemma.

In the context of ant colony optimization, as pointed out in Section [Tl the basic
assumption is that better solutions can be obtained by exploiting memory about previ-
ously generated ones. In this context, the discussion proposed above entails two major
issues. First, for most combinatorial optimization problems of interest for which the
state space grows exponentially with the size of the problem itself, it is clear that it is
infeasible to gather and use memory about solutions in terms of a state description: it is
very unlikely that a trajectory has exploitable superpositions with previously generated
ones. Therefore, in ant colony optimization it is necessary to refer to a representation
that reduces the information retained about the current state. This determines some sort
of aliasing of distinct states which induces a criterion for generalizing previous expe-
rience. Second, as it will be made clear in the following, since a generic representation
is non-Markov, it is not possible to generate feasible solutions on the basis of the sole
representation. Therefore, it is necessary to refer to a state description in order to insure
that a feasible solution be generated. These two issues, taken together, force to devise
a strategy for the incremental generation of solution that on the one hand refers to a
state description for guaranteeing feasibility, and on the other hand refers to a repre-
sentation for optimizing the quality of the generated solution. The characteristics of the
representation to be adopted reflect the design choice regarding the trade-off associated
with the quality-complexity dilemma. Ant programming makes explicit the necessity to
refer both to a representation and to a state description. Every step in the incremental
construction of a solution consists of two sub-steps: first, a set of feasible candidate
actions is defined on the basis of information pertaining to the state description; second,
one of such candidates is selected on the basis of its desirability expressed in terms
of the representation. In this sense, Ant programming introduces the categories needed
for understanding some mechanisms already adopted in ant colony optimization such
as, for instance, keeping and updating at each step the list of the components whose
inclusion into the solution under construction would make the latter unfeasible. Such a
list implicitly brings information about the state of the solution construction process.

For the class of problems discussed in this paper, a formal definition of a representa-
tion can be given with reference to the state graph G(X, U). We define the representation
graph as the graph G,.(Z,.,U,.), where Z, is the set of the nodes and U, is the set of
the edges. Furthermore, we call generating function of the representation the function
r : X — Z,. that maps the set X of the states onto the set Z,. The function r as-
sociates therefore to every elements of X an element in Z,: every element z; € Z,
has at least one preimage in X, but generally the preimage is not unique. The notation
r~Y({z}) = {z,|r(x,) = 2} indicates the set of states 2, whose image under 7 is z;.
The function r induces an equivalence relation on X: Two states x; and x; are equivalent
according to the representation defined by r, if and only if r(z;) = r(z;). In this sense, a
representation can be seen as a partition of the set X . In the following, we will call each
z¢ € Zy a phantasma, adopting the term used by Aristotle with the meaning of mental
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imageﬁ With such a term we want to stress that, from the point of view of an agent that
observes the system through the representation r, z; plays the role of the phenomenal
perception, that is, what is retained about the system at time ¢ for optimization purposesE]

Thanks to the notion of phantasma, we can give a precise interpretation to the concept
of representation in the context of the control problem (@). As we pointed out before,
the state evolution of the system (B) can be described as the walk of an ant on G(X, U).
Let us assume now that the ant visits in sequence the nodes =g, 1, .. ., Z,. The same
sequence, under the representation induced by r, appears as a sequence 2o, 21, - - - , 2n
where for each i, with 0 < ¢ < n, z; is the phantasma of the state x;, that is, z; = r(z;).
In the ant metaphor, we say that the ant, though moving on the state graph G(X,U),
represents its movement on the representation graph G,.(Z,., U,.). In control theory, the
process that carries the state into what we call a phantasma, is related to the concept of
state-space reduction]]

In the same spirit of the definition of the set Z,, also the set of the edges U, can
be defined in terms of the generating function r. The set U, C Z,. X Z,. is the set of
the edges (z;, z;) for which an edge (x;, ;) € U exists on the state graph such that x;
and z; are the preimages under 7 of z; and z;, respectively. Formally:

U, = {(zi,zj> | i, xj) €Uz =r(xy), 2 = r(a:j)}.

When the system is described through a generic representation r, the subset U,.(¢) C U,
of the admissible control actions at time ¢ cannot usually be described in terms of the
phantasma z; alone, but needs for its definition the knowledge of the underlying state ;.
In other words, for the generic generating function r, the phantasma z; does not bring
the same information as the state x; and therefore the corresponding representation is
non-Markov. The adoption of a non-Markov representation is by no means free from
complications. While on the graph G every (partial) path is a (partial) feasible solution
and vice versa, on G, this property does not hold anymore. As far as the construction
of feasible solutions is concerned, G is not therefore superseded by G,.: As anticipated
before, the graph G, and the information stored on it are used for optimizing the con-
struction of a solution while the graph G is used for guaranteeing feasibility. In any case,
because of the loss of topological information induced by the transformation from G to
G- and since the optimization process is based on G,., in the general case only sub-optimal
solutions will be obtained.

The parallel of the weight function C' of G for the graph G, cannot be defined in a
straightforward manner for a generic r. Moreover, it results more useful to define the

> Aristotle (384-322 BC) De Anima: “The soul never thinks without a mental image.”

% As an example, let us consider the case in which the set Z,. coincides with the set of solution
components Y and r : [z¢, ut] — ue. This is the typical transformation adopted in the applica-
tions of ant colony optimization to the traveling salesman problem and to other combinatorial
optimization problems. For this reason, such a transformation will be denoted in the following
as Taco-

7 Yet, the result of a state-space reduction does not have a standard name in control theory and
the various terms used always bring a direct reference to the concept of state: e.g. reduced
state. It is just in order to underline the important qualitative difference between the properties
of the state and those of the result of a state-space reduction, that we introduce here the term
phantasma to denote the latter.
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weights of the edges of the graph G,-(Z,., U,) so that they describe the quantity that in ant
colony optimization is called pheromone trail. The function T' : U, — R will be used
in the process of selecting an action by an ant when perceiving a given phantasma, and
will be iteratively modified in order to improve the quality of the solutions generated.
The definition of the function 7" will be given in Section ]

4 Ant Programming

In this section we introduce ant programming as a new class of algorithms that deal
with the optimization problems (@) under the form described by @). Ant programming
is inspired by ant colony optimization, and from the latter it inherits the essential fea-
tures, the terminology and the underlying philosophy. The aim of this section is mostly
speculative: we do not describe a specific algorithm, but rather a class of algorithms, in
the sense that we define a general resolution strategy and an algorithmic structure where
some components are functionally specified but left uninstantiated.

4.1 The Three Phases of Ant Programming

Two are the essential features of ant programming. The first is the incremental Monte
Carlo generation of complete paths over the state graph G, on the basis of desirability
information provided by the function 7" associated with the representation graph G,..
The second is the update of the desirability information in G,. on the basis of the cost of
the generated solutions and the use of such information to bias subsequent generations.
These two features are described in terms of the three phases that, when properly iterated,
constitute ant programming: At each iteration, a new set of ants, hereafter called a cohort,
is considered. Each ant in the cohort undergoes a forward phase that determines the
generation of a path, and a backward phase that states how the costs experienced along
such a path should influence the generation of future paths. Finally, each iteration is
concluded by a merge phase that combines the contribution of all the ants of the cohort.
The three phases forward, backward, and merge are in turn characterized by the three
operators T, v, and o respectively.

The forward phase. Using the terminology of ant colony optimization and in the
light of the formalization given in Section[3} ant programming metaphorically describes
each Monte Carlo run as the walk of an ant over the graph G(X, U), where at each node
a random experiment determines the following node. In the ant metaphor, the random
experiment is depicted as a decision taken by the ant on the basis of a probabilistic policy
parameterized in terms of the function 7', usually called the pheromone trail, defined on
the set of edges of the graph G,.(Z,., U,.).

The forward phase can be described as follows: Let us suppose that after ¢ decision
steps the partial solution built so faris (uq, . . . , us—1 ). The state of the solution generation
process is therefore x; = (ug, . . ., u;—1). In the ant metaphor, this fact is visualized as
an ant being in the node x; of G(X, U). The ant perceives the state x; in terms of the
phantasma z; = r(z;). In the general case, it is not possible to express the set U,.(t) of
admissible actions available to the ant when in z; only in terms of z; itself, and of the
information given by G,.. The set U,.(¢) of the admissible actions at time ¢ is indeed:
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Ur(t):Ur(zt|xt):{(zhth) e U, | ze =r(x),Ju € U(xy) : 2441 = r([mt,u])}.

The decision of the ant consists in the selection of one element from the set U, (z;|x+)
of the available transitions, as described at the level of the graph G,.. Once an element,
say (zt, zt41), is selected, the partial solution is transformed according to Eq. B and
EBq. B 7111 = [7,u] = (uo,...,us_1,us), where z¢11 € 77 ({2441}) is one of
the preimages of the phantasma z,.1. In terms of the metaphor, this state transition is
described as a movement of the ant to the node x¢41 of G which in turn is perceived by
the ant as a movement to the phantasma z;11 = r(x;) on G,..

The decision among the elements of U, (z;|x) is taken according to the first operator
of ant programming: the stochastic policy 7. Given the current phantasma and the set of
admissible actions U, (z¢|z+), the policy selects an element of U, (z¢|z:) as the outcome
of a random experiment whose parameters are defined by the weights T'((z, zi4+1))
associated with the edges U.,.(z|x;) of the graph G,.(Z,., U,.). Accordingly we will adopt
the following notation to denote the stochastic policy:

7 (26, Up(22|20): Tlu, (21 100)) - )

With the notation 7’|y, (-, |,) We want to suggest that, when in z;, the full knowledge of
the function T is not strictly needed to select an element of the set U,.(z¢|x;). Indeed
it is sufficient to know the restriction of 7" to the subset U,.(z¢|x;) of the domain U,
The function 7T plays the role of parameter of the policy 7: changing T" will change the
policy itself.

In relation to the definition of the policy 7, it is worth noticing here how the decision
process uses the information contained in the two graphs G and G,.: The decision is taken
on the basis of information pertaining to the graph G,., restricted by the knowledge of
the actual state x; which in turn is a piece of information pertaining to the graph G.

Given the abstract definition (7) of the policy =, the forward phase can be defined as
the sequence of steps that take one ant from the initial state z(, to a solution, say s = x,
of the original combinatorial problem (@). Each of such steps is composed by three
operations: first define, on the basis of the current state x, the set U,.(z;|z;) of the
available transitions; second select a transition on G,.; and third move on G from the
current node z; to the neighboring node x;;;. Formally, the single forward step is
described as:

(2t Z;,+1> = 7r(Zta UT(Zt|1't);T|Ur(ZtI$t));
Tpi1 :]:(mt,<zt,z£+1>); (8)
zey1 = 1(Te41),

where the operator 7 is the stochastic policy that indicates the transition to be executed
as seen on the graph G,, and where with the operator F we denote the operation of

8 This fact is the expression of one of the feature of ant programming, namely the locality of
the information needed by the ant in order to take each elementary decision. Such a feature
plays and important role in the implementation, allowing a distribution of the information on
the graph of the representation G,
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selecting one preimage x4 of z;,; and moving to it on the graph G from the current
state ;. Such a movement on G will be indeed “perceived” by the ant as a movement
to the phantasma 241 = 7(x441) = z;,,, as requested by the policy 7.

The backward phase. The ultimate goal of ant programming is to find a policy T,
not necessarily stochastic, such that a sequence of decisions taken according to 7 leads
an ant to define the solution 5 which minimizes the cost function J of the original
optimization problem ().

Since the generic policy (@) is described parametrically in terms of the function 7',
that is, in terms of the weights associated to the edges of the graph G,, a search in the
space of the policies amounts to a search in the space of the possible weights of the graph
G, itself. From a conceptual point of view, the function 7 is to be related to Hamilton’s
principal function of the calculus of variations, and to the cost-to-go and value function
of dynamic programming and reinforcement learning. More precisely, the function T'
can be closely related to the function that in the reinforcement learning literature is
known as “state-action value function,” and that is customarily denoted by the letter Q).
In fact, T'({z¢, z¢+1)) determines, as to (7), the probability of selecting the action “go
to phantasma z;1” when the current phantasma is z,. It therefore associates to the
phantasma-action pair, a number which represents the desirability of performing such
an action in the given phantasma. In this respect, it is clear the similarity with the role of
the function () in reinforcement learning | The value of T((2;, 2;+1)) is generally given
as a statistic of the observed cost of paths containing the transition (z;, z;41). It therefore
brings information on the quality of the solution that can be obtained by “going to z;4;”
when in z;. Also in this respect, it can be stated a parallel with the function ) which
indeed informs on the long-term cost of a given action, provided that future actions
are selected optimally. In ant programming, as generally in reinforcement learning, the
search in the space of the policies is performed through some form of generalized policy
iteration [17]]. Starting from some arbitrary initial policy, ant programming iteratively
generates a number of paths in order to evaluate the current policy and then improves it
on the basis of the result of the evaluation. At each iteration, therefore, a cohort of ants
is considered, each generating a solution through a forward phase. Once the solution is
completed, each ant traces back its path proposing at each visited phantasma an update
of the local values of the function 7" on the basis of the costs experienced in the forward
movement. This phase is denoted in the terminology of ant programming as the backward
phase of the given ant. The actual new value of 7' is obtained by some combination of
the values proposed by the ants of the cohort. This phase is denoted as the merge phase.

Let us now see in detail the backward phase for a given single ant. Let us consider
a complete path z = (xg, x1,...,2,) over the graph G. If z = (29, 21, ..., 2;) is the
complete forward path as seen under r, and ¢ = {(cy, . . ., ¢, is the experienced sequence
of costs, then the single step of the backward phase is:

° An important difference is precisely that the function Q supposes a direct knowledge of the
state, while T refers to the phantasma. In reinforcement learning, the situation in which more
states are not perceived as distinct is termed perceptual aliasing [19].
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2y = B(Zt+1,z)7

9
T'((2t, 2t41)) = v(e, T), )

where the operator B indicates a single step backward on G,., along the forward tra-
jectory z. The operator v is the key element of the backward phase. It has the role of
proposing a new value for the weight associated to each visited edge (z¢, z¢11), on the
basis of the sequence of costs experimented during the forward phase, and of the current
values of the function 7'. Hence, in our pictorial description of ant programming, this
phase is pictured through an ant that “traces back” its forward path and leaves on such a
path some information. >From a logical point of view, the different strategies for prop-
agating the information gathered along a path are to be related to the different update
strategies in reinforcement learning. In particular, to propose values of 7" only for the
visited transitions and on the basis of the cost of the associated solution, is equivalent to
what in reinforcement learning is called Monte Carlo update [17]. On the other hand,
it is equivalent to a Q-learning update [18] to propose a value of T" for a visited tran-
sition on the basis of the experienced cost for the transition itself and of the minimum
of the current values that 7" assumes on the edges departing from the node to which the
considered transition leads. The details of the definition of the backward phase, and in
particular of the operator v are not given as part of the description of ant programming
and are left uninstantiated.

The merge phase. In the same spirit, we leave here undefined in its details also the
merge phase which combines the different functions 7" proposed by the individual ants
of the same cohort. At this level of our description it will be sufficient to note that, for
every transition (z¢, z;11) € U,, the actual new value of T'((z, z141)) will be some
linear or nonlinear function of the current value of T'({(z¢, 2:+1)), and of the different
T!({zt, zt+1)), where j is the index ranging over the ants of the cohort. The merge phase

J
will be therefore characterized by the operator o

T((zt, ze11)) = 0 (T2, 2041)), Ti (215 2041)), To (20, 2041)), - ). (10)

Different possible instances of the operators v and ¢ will be discussed in a future work.

4.2 The Algorithm and the Metaphor

The abstract definition of ant programming was given in previous sections in terms of
the operators 7, v, and o. In order to define an instance of the ant programming class,
such operators need to be instantiated. Together with the operators 7, v, and o, the other
key element in the definition of an instance of the class, is the generating function r that
defines the relation between the state graph G and the representation G,.. We will therefore
denote an instance of ant programming with the 4-tuple Z = (r, w, v, o). Indeed, other
elements are to be instantiated as, for example, the number of ants composing a cohort
and the way of initializing the function 7". Anyway, such elements are either less relevant,
or are to be defined as a more or less direct consequence of the definition of Z.

In particular, the 4-tuple Z gives an operative definition of the function 7. As seen
in the previous sections, the generating function r, together with the graph G, gives
the topology of the graph G, and determines therefore the domain of the function 7.
The operator 7 defines how the values of 7" are used in the decision process, while the
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operators v and o define how the function 7" is to be modified on the basis of the quality
of the solutions obtained. According to the pictorial description of ant programming,
the function T is called pheromone trail and defines the policy 7 followed by the ant
during the forward walk. Once a solution s is completed, the ant traces back its forward
path and deposits its pheromone to update the function 7'. The role of the pheromone
trails T is therefore to make available the information gathered on a particular path by
one ant belonging to one given cohort, to other ants of a future cohort; it is therefore a
form of inter-cohort communication mediated by the graph G,.. >From the terminology
adopted in the studies on social insects [[13], it is customary to refer to such indirect
communication with the term stigmergy [7].

At this point, having defined the 4-tuple Z, we have completed the definition of the
elements that are necessary to handle the complexity of the combinatorial problem (3))
in the spirit of the solution strategy originally suggested by ant colony optimization.

5 Discussion and Future Work

Future work will concentrate on the analysis of ant programming and on the proper-
ties of its possible instances. In particular, it is of paramount importance to gain a full
understanding of the impact of the choice of r, the generating function of the repre-
sentation, on the resulting algorithms. Such a function associates a phantasma to the
current state and therefore can be informally thought of as the “lens” under which the
process of incremental construction of a solution is seen. In this sense, “the ant never
thinks without a phantasma’ and, as far as the decision process is concerned, this is to be
understood as “the ant takes decisions on the basis of the phantasma.” The generating
function determines therefore the information on the basis of which decisions will be
taken. At the extreme, the generating function might be a one-to-one mapping. In this
case, only one state is associated to a phantasma, and vice versa. As a consequence, the
state graph G and the representation graph G,. have the same topological structure and,
therefore, the representation enjoys the Markov property. Accordingly, we refer to this
extreme instance of the ant programming class with the name of Markov ants. Markov
ants face directly the exponential explosion of the number of edges of the graph G. Nev-
ertheless, since r is a one-to-one mapping, no two states are aliased in the representation.
As a consequence, the policy that according to (7)) selects the action on the basis of the
current phantasma, indeed implicitly bases the choice on the actual underlying state.
>From this fact, different appealing properties follow. It can be shown, for instance, that
an optimal policy exists, and that it is deterministic. The performance of Markov ants
can be improved if the pheromone trails 7" and the operator v are designed in such a way
that the Markov property of the representation is fully exploited. This can be done by
defining 7" as a costs-to-go function, and by allowing the operator v to bootstrap [I1'7]. In
this way Markov ants would reduce to an algorithm of the temporal difference class [[17].
Anyway, Markov ants are not meant to be implemented. The focus of ant programming
is indeed on problems whose Markov representation is computationally intractable and,
in such situations, Markov ants are ruled out by their very own nature. Still, Markov ants
remain of great theoretical interest.

Another class of instances of ant programming is of much greater practical interest.
These instances are characterized by the function 7., as in Footnote[d] that associates
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a phantasma with one and only one of the possible solution components. The func-
tion 7., generates the representation used in almost all the implementations of ant
colony optimization since the first “template” instance developed by Marco Dorigo and
colleagues [[1116] back in 1991. Accordingly, we call Marco’s ants the instances of this
class. Thanks to the concepts introduced in this paper, it becomes apparent that the rep-
resentation graph generated by 7, is much more compact than the state graph. In order
to compensate this drastic loss of information, most of the instances of ant colony opti-
mization adopt some additional device both to guarantee the feasibility and to improve
the quality of the solutions being built. As far as feasibility is concerned, all instances of
ant colony optimization use an implicit description of the state graph usually in the form
of a list of components already included into the solution under construction. As far as
quality is concerned, two major approaches have been followed. In the first approach,
some additional a priori knowledge about the problem at hand, has been combined to
the estimate of the function 7" for the definition of the decision policy. In the second
approach, local optimization procedures, ad hoc tailored on the problem at hand, have
been used in order to improve the quality of the solutions generated by the ants. Some
of the resulting implementations have been shown to be comparable to or better than
state-of-the-art techniques on several NP-hard problems. Moreover, under “reasonable”
assumptions on the characteristics of the other components of the algorithm, ant colony
optimization has been proved to asymptotically converge in probability to the optimal
solution [[14/16].

Future developments of this work will analyze in detail the properties of the two above
mentioned instances: Markov ants and Marco’s ants. Further, it will be of great practical
interest to evaluate the possibility of designing other instances of ant programming that,
on the one hand, keep an eye on the practical implementation, as Marco’s ants do, and
that, on the other, try to preserve as much as possible the properties of a state-space
representation, going therefore in the direction of Markov ants.
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Abstract. We study robots that leave trails in the terrain to cover
closed terrain efficiently and robustly. Such ant robots have so far been
studied only theoretically for gross ant robot simplifications in unrealistic
settings. In this article, we design ant robots for a realistic robot simula-
tion environment. We discuss how large the markers should be that form
the trail, how frequently they should be dropped, how large the sensed
floor area below the ant robots should be, how the ant robots should
move depending on where the markers are in the sensed area, and how
the markers should be deleted to avoid saturating the floor with markers.
We then report experiments that we have performed to understand the
behavior of the resulting ant robots better, including their efficiency and
robustness in situations where they are failing, they are moved without
realizing this, and markers are deleted. Finally, we report the results of
a large-scale experiment where ten ant robots covered an area of 25 by
25 meters repeatedly over 85 hours.

1 Introduction

Robotics researchers study ants for two reasons, namely to learn more about
them [5] and to build better robots [3]. Researchers that are interested in the
second objective often build ant robots that use trails for navigation, similar
to the pheromone trails used by many ants [I]. Some researchers have imitated
nature closely [20] while others only got inspiration from it. The trails have
been be either real [2324l25] or virtual [4J21]27]. An ant robot that follows a
real trail arrives at its destination without having to know its exact coordinates,
which completely eliminates solving difficult and time-consuming localization
problems. It needs only simple sensors, namely sensors that are able to sense the
trails, which are artificial landmarks that can be carefully designed to simplify
sensing. In this article, we are interested in building teams of ant robots that
robustly cover closed terrain once or repeatedly (that is, where every location
is once or repeatedly swept by the body of a robot) which is important for
mine sweeping, surveillance, surface inspection, or guarding terrain [7]. Repeated
coverage is important for all of these tasks, even mine sweeping since mine sensors
can fail to detect mines during the first coverage [8]. The main problem that
robots have to overcome is that they never know exactly where they are in the
terrain. The currently popular POMDP-based robot architectures [16] attempt

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 202-215] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Fig. 1. Previous Work: Node Counting.

to overcome this problem by providing robots with the best possible location
estimates [26]. However, this approach is complicated and can be brittle for
robots that are small and cheap and thus have extremely noisy actuators and
sensors. We are exploring ant robots as an alternative to this approach. They can
navigate robustly in closed terrain without knowing where they are. Like trail-
following ant robots, they only have to leave markers in the terrain and sense
the markers in their neighborhood. Different from trail-following ant robots,
however, they need to move away from the trails rather then follow them. Teams
of ant robots have the potential to cover closed terrain faster and be more fault
tolerant than single ant robots. For example, teams of ant robots robustly cover
terrain even if they do not communicate with each other except via the trails,
do not have any memory, do not know the terrain, cannot maintain maps of
the terrain, nor plan complete paths. In particular, teams of ant robots cover
terrain even if the ant robots are moved without realizing this (say, by people
running into them and pushing them accidentally to a different location), some
of the ant robots fail, or some trails are destroyed. The trails also coordinate the
ant robots implicitly and allow them to cover terrain faster than without any
communication.

In earlier work, we and other researchers have demonstrated the advantages
of covering terrain with ant robots but only for gross ant robot simplifications in
unrealistic settings [I8)30]. These approaches are unsuitable for implementations
on real robots. In this article, we study more realistic approaches for covering
terrain with ant robots, using much more realistic robot simulations than has
been done before. We demonstrate experimentally that large teams of our ant
robots cover large terrains repeatedly over long periods of time. Our goal is
to build real ant robots based on our design, using the Pebble robots from IS
Robotics.

2 Related Work

Real-time search methods are able to cover graphs repeatedly with a

small cover time [ITT2T3ITATEITIR2829182], which suggests that they can be
used to build ant robots that cover terrain [I8J30]. This has been studied so far

by imposing a regular four-connected grid over the terrain. The ant robots can
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Fig. 2. Pebbles Robot.

move to each of the four neighboring cells of their current cell provided that the
destination cell is traversable. They maintain a number for each cell (initially:
zero) and always move from the current cell to the neighboring cell with the
smallest number. Various real-time search methods have been developed [13]
[[9128]. They differ only in how they update the numbers. Node counting [22]
is probably the simplest real-time search method. Its numbers correspond to
how often the cells have been visited by ant robots. Each ant robot always
increases the number of its current cell by one directly before it moves and
then moves to the neighboring cell that has been visited the least number of
times by all ant robots. Figure [[l demonstrates the behavior of three ant robots
that all use node counting. White cells are empty and gray cells are blocked.
For simplicity, we make the (unrealistic) assumption in the figure that the ant
robots move in a given sequential order and that several ant robots can be in
the same cell at the same time. If a cell contains an ant robot, one of its corners
is marked. Different corners represent different ant robots. In previous work, we
have shown that teams of ant robots that each use node counting cover all cells
repeatedly, analyzed the resulting cover time, and studied other properties of
the resulting behavior experimentally [I8]. However, node counting is unsuitable
for implementations on real robots. Its unrealistic assumptions include that the
ant robots only move in discrete steps, that several ant robots can be in the
same cell at the same time, that the ant robots have markers of a large number
of different intensities available, that they can mark cells uniformly, and so on.
Methods for ant coverage in continuous spaces [31] assume no actuator or sensor
noise or largely depend on random motion. Different from these more theoretical
approaches, we investigate in this article how to design ant robots that perform
well in realistic robot simulation environments.

3 Methodology

We use a realistic robot simulation environment to study how to build ant robots
that use variations of node counting to cover closed terrain repeatedly. Figure
shows the target of our design, the Pebbles robot from IS Robotics. We simulated
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the Pebbles robot in the TeamBots simulator, a realistic multi-robot simulator
[6]. Figures [6] and [ show snapshots of the simulator. The ant robots use a
schema-based navigation strategy with three behaviors that are active at the
same time, namely our navigation behavior, a collision avoidance behavior, and
random noise. Each behavior produces its own recommendation for how the
robot should move, in form of a vector. The robot then moves in the direction
of the weighted average of all vectors [2]. We optimized the weights by hand for
the physical characteristics of the simulated Pebbles robot. The test terrain has
a size of 10 by 10 meters and is discretized into cells with a precision of 1 by 1
centimeters. We say that the first coverage of the terrain is completed when every
cell has been swept at least once by the body of a robot. In general, we define an
additional coverage of the terrain to be completed when every cell has been swept
at least once by the body of a robot after the previous coverage was completed.
Unless stated otherwise, we report a cover time that has been averaged over five
runs each, together with its corresponding 95 percent confidence interval.

In the following, we first report simulations that we performed to design
the ant robots. We then report simulations that we performed to understand
the behavior of the resulting ant robots better, including their efficiency and
robustness in situations where they are failing, they are moved without realizing
this, and markers are deleted. In this context, we also demonstrate that a large
team of our ant robots indeed covers a large terrain repeatedly over long periods
of time without ant robots getting stuck.

4 Design Decisions

Our overall design decision was to design ant robots that create trails by dropping
markers, for example, dripping drops of a chemical substance. We assume that
each cell either does not contain the chemical or is saturated by it. If a drop of
the chemical drips onto a cell that is already saturated by the chemical, it might
spill to a randomly selected cell within a ten centimeter range but has no effect
otherwise. We need to decide how large the markers should be, how frequently
they should be dropped, how large the sensed floor area below the ant robots
should be, how the ant robots should move depending on where the markers are
in the sensed area, and how the markers should be deleted to avoid saturating
the floor with markers. All of these design decisions are interrelated.

4.1 Marker Size

We would like to keep the markers as small as possible. This way, we avoid having
to refill expensive marker material frequently. Fortunately, smaller marker sizes
result in faster coverage. Consequently, we use the smallest marker size in our
experiments that can still be detected reliably, that is, markers of size 1 by 1
centimeters.
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4.2 Drop Frequency

We would like to drop markers as infrequently as possible, for the same reason
why we would like to keep them as small as possible. Fortunately, even drop
frequencies of only one marker every three seconds result in an acceptable cover
time. The optimal drop frequency turns out to be about 6.6 markers per sec-
ond or one marker every 15 centimeters traveled if the ant robot moves at its
maximum speed of one meter per second. These results can be explained as fol-
lows: Dropping no markers results in a random walk, which is inefficient. Higher
drop frequencies result in a more intelligent cover behavior and thus speed up
coverage. A small drop frequency is sufficient as long as the overall number of
markers in the sensor field is small since then the influence of each marker on
the movement of the ant robots is high. If the drop frequency is too high, trails
can become barriers that are time consuming to cross, which increases the cover
time. To understand this phenomenon, assume that a trail separates two parts
of a room that does not contain any other trails. This trail is hard to cross
for ant robots because they get repelled from it. The trail even gets reinforced
every time an ant robot approaches it without crossing. The emerging barrier
can only be crossed easily once the marker density in the part of the room that
contains the ant robot has become sufficiently high. Based on these results, we
use constant a drop frequency of 6.6 markers per second in our experiments.

4.3 Sensor Field

We would like the sensor field to be as small as possible to keep the cost of
the sensors small. However, larger sensor fields result in faster coverage since
they increase the information that the ant robots have available. Thus, we use a
sensor field of 50 by 50 centimeters in our experiments, the size of the Pebbles
robot.

4.4 Robot Movement

The navigation method specifies the heading of the ant robot at each point in
time. We would like the ant robots to avoid turning too much. This makes them
fast and makes it easier for them to cross trails (because they cannot quickly
turn away when they approach them), which prevents barriers from forming and
decreases the cover time. This is consistent with previous results that also suggest
that motion changes should be avoided unless they are absolutely necessary [9].
We studied two different navigation methods: the vectorsum method and the
discrete-4 method.

— The wvectorsum method associates a vector with every marker in the sensor
field. The vector points from the marker to the center of the sensor field.
The vectorsum method then sums up the vectors, normalizes the resulting
vector, and adds it to a vector that points forward with a magnitude that
is proportional to the speed of the ant robot. The vectorsum method then
recommends to move in the direction of the resulting vector. Figure [ (left)
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Fig. 3. Vectorsum (left) and Discrete-4 and Discrete-8 Navigation Methods (right).

shows an example. The window corresponds to the sensor field. The dots in
the window correspond to the markers, and the arrow corresponds to the

movement recommendation of the vectorsum method.

— The discrete-4 method partitions the sensor field as shown in Figure Bl (right).
The square in the center of the sensor field remains unused to increase sta-
bility. The discrete-4 method then recommends to move in the direction
(forward, backward, left, or right) that corresponds to the partition of the
visual field that contains the fewest markers.

The paths are straighter and coverage tends to be more intelligent the more
directions a navigation method can recommend. This is an advantage of the
vectorsum method, that can recommend arbitrary directions, over the discrete-
4 method, that can recommend only four different directions. However, the
straighter the paths, the more likely the ant robot will follow a trail if it is
pushed onto it. This is a disadvantage of the vectorsum method over the discrete-
4 method. We therefore decided to explore the discrete-8 method, a hybrid be-
tween the two navigation methods. The discrete-8 method partitions the sensor
field exactly like the discrete-4 method but can recommend to move in eight
different directions. It behaves as follows:

— It recommends to move forward (backward) if the fewest markers are in the
front (back) partition and the left and right partitions have approximately

the same number of markers.

— It recommends to move left (right) if the fewest markers are in the left (right)

partition.

! In case several partitions tie for the fewest markers, the discrete-4 method uses the
following tie-breaking strategy: If the left and right partitions have approximately the
same number of markers, it recommends to move backward if the back partition has
fewer markers than the front partition, otherwise it recommends to move forward.
In all other cases, it recommends to move forward if the front partition ties for the
fewest markers, recommends to move left if the left partition ties for the fewest
markers but not the front partition, and otherwise recommends to move right. For
example, the discrete-4 method recommends to move forward in the situation shown

in Figure B (right).



208 J. Svennebring and S. Koenig

trails after first coverage trails after tenth coverage
with one ant robot with one ant robot

markers don't get deleted
(no cleaning)

[ ]

markers get deleted
(brush cleaning)
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Fig. 5. Cover Time as Function of Number of Coverages.

— It recommends to move forward/left (forward/right) if the fewest markers
are in the front partition and the left (right) partition has fewer markers
than the right (left) partition.

— It recommends to move backward/left (backward/right) if the fewest markers
are in the back partition and the left (right) partition has fewer markers than
the right (left) partition.

It turns out that the discrete-8 method results in a smaller cover time than
both of the other navigation methods. We therefore use the discrete-8 method
in our experiments.

4.5 Cleaning Method

The top row of Figure Hlshows that the terrain gets saturated with markers over
time. (The square in the lower left corner corresponds to the simulated robot.)
The graph “no cleaning” in Figure [5] shows how this causes the cover time to
increase for a single ant robot. For example, a 95-percent confidence interval
for the cover time is 15.4 + 1.5 minutes for the first coverage but 30.6 £+ 4.0
minutes for the fifth coverage. Eventually, the terrain is saturated with markers
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and the behavior of the ant robot degrades to a random walk, which is inefficient.
The cover time for the 50th coverage is already on the order of several hours.
This is an important difference to the earlier gross ant robot simplifications in
unrealistic settings described in the section on “Related Work,” where the cover
time does not increase over time. Thus, the trails now need to either evaporate
or get deleted to keep the cover time small in the long run. Evaporating trails
are problematic because the evaporation rate needs to get optimized for each
application, for example, the size of the terrain. Thus, we propose to use long-
lasting trails, such as trails of fluorescence or phosphorescence chemicals, that
the ant robots delete themselves. This is different from previous work on trail-
following ant robots, that used short-lasting trails whose lifetime is too short for
covering terrain (such as heat trails [23], alcohol trails [25] and odor trails [24]).

We tested two simple methods for deleting markers. Density cleaning deletes
a marker if there are two markers next to each other. Brush cleaning, on the other
hand, deletes all markers in the cleaning area. It is an important design decision
where to place the cleaning area to avoid that ant robots delete all markers that
they have just placed or more subtle problems that result from them perceiving
areas with deleted markers as not having been covered yet. This can result in ant
robots following other ant robots or ant robots moving back to areas that were
just covered. We therefore let the ant robots delete markers on either side below
their belly, whereas they add markers in the center below their belly. Figure B
shows the cleaning area in gray.

Brush cleaning is similar to vacuum cleaning and thus easier to implement
than density cleaning but more prone to the problems just described. Figure
shows how the cover time increases with the number of coverages without clean-
ing, with density cleaning, and with brush cleaning. Density cleaning initially
behaves like no cleaning because it only deletes markers if their density is so
large that markers are next to each other. Since deleting markers removes infor-
mation that is especially important when markers are still sparse, the cover time
without cleaning and with density cleaning is smaller than the one with brush
cleaning during the first five coverages. However, the cover time with density
cleaning and brush cleaning is much smaller than the cover time without clean-
ing in the long run. The cover time with density cleaning is 45.1 £ 8.5 minutes
in the long run, whereas the one with brush cleaning is only 26.5 + 2.9 minutes.
We therefore use brush cleaning in our experiments. The bottom row of Figure Fl
shows that this prevents the terrain from getting saturated with markers.

5 Large-Scale Experiment

Based on the results reported in the previous section, we decided to use markers
of size 1 by 1 centimeters, a drop frequency of 6.6 markers per second, a sensor
field of 50 by 50 centimeters, the discrete-8 navigation method, and brush clean-
ing. The line in Figure [6] shows the beginning of the resulting trajectory of a
single ant robot that conforms to these design decisions. We placed ten of these
ant robots into an area of 25 by 25 meters that resembled a factory floor with
two production lines and a number of office rooms, as shown in Figure [[1 The
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ant robots were started in three groups but quickly distributed evenly across the
factory floor. They covered the factory floor 35 times during 80 hours, with an
average cover time of about 146.9 & 15.2 minutes. This experiment shows that a
large team of our ant robots covers a large terrain repeatedly over long periods of
time without ant robots getting stuck. The resulting cover time is much smaller
than the cover time that results when the ant robots move randomly, which we
simulated by making the ant robots not drop trails (but leaving everything else
unchanged). With this change, the ant robots have problems to traverse small
passages and thus no longer cover the terrain in a reasonable amount of time.
However, our experiment also shows that the cover time can be improved further
since a single ant robot that moves on an optimal trajectory can already cover
the terrain in about 20 minutes if it moves at its maximum speed of one meter
per second, although this ideal case cannot be achieved in practice since ant
robots cannot follow trajectories precisely and at full speed.

6 Experimental Evaluation

We now report experiments that we performed to understand the behavior of our
ant robots better, including their efficiency and robustness in situations where
they are failing, they are moved without realizing this, and markers are deleted.

6.1 Scaling with Terrain Size

Figure B] (left) shows how the cover time increases with the size of the terrain.
The cover time is a linear function of the size of the terrain, and the variance of
the cover time increases with the size of the terrain. This is an important result
because some of our earlier theoretical results for gross ant robot simplifications
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Fig. 8. Cover Time as Function of Terrain Size (left) and Number of Ant Robots
(right).

in the unrealistic settings already described in the section on “Related Work”
suggested that the worst-case cover time might not scale well with the size of
the terrain and could potentially even increase exponentially [1§].

6.2 Scaling with Number of Ant Robots

Figure [ (right) shows how the cover time decreases with the number of ant
robots. The cover time is inversely proportional in the number of ant robots. This
result is similar to our earlier theoretical results for gross ant robot simplifications
in unrealistic settings [18] except that increasing the number of ant robots has an
additional advantage here: Trails can become barriers that are time consuming
to cross. The more ant robots there are, the less this is an issue since it becomes
more likely that there are ant robots on both sides of the barrier. Furthermore,
the ant robots are able to cross barriers more easily since they get repelled from
each other which might push them across barriers.

6.3 Coping with Error Conditions

One of the attractive properties of ant robots is that they cover closed terrain
robustly even in situations where they are failing, they are moved without re-
alizing this, and markers are deleted. We demonstrated these properties earlier
for gross ant robot simplifications in unrealistic settings [I8] and show in the
following that our ant robots share these advantages.

Failing Ant Robots. We first measure the cover time when ant robots fail.
This is important because ant robots can malfunction. Every six seconds in
the experiment, every functional ant robot failed with a given probability and
then remained motionless for an amount of time that was uniformly distributed
between 0 and 2.8 minutes. Figure [@ (left) shows how the cover time increases
with the failure probability, averaged over 50 runs each. The cover time is a linear
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Fig. 10. Cover Time as Function of Probability with which Markers are Deleted.

function of the failure probability, and the variance of the cover time increases
with the failure probability. Thus, our ant robots continue to cover the terrain
and the cover time increases gracefully with the probability of failing.

Moving Ant Robots. We now measure the cover time when ant robots are
accidentally moved without realizing this. This is important because people or
other ant robots can easily run into them and accidentally push them to a dif-
ferent location. Every six seconds in the experiment, every ant robot was moved
with a given probability in a random direction for a random distance (but not
more than 25 centimeters). Figure [ (right) shows how the cover time increases
with the movement probability, averaged over 50 runs each. The cover time re-
mains small even if the probability of being moved is 0.2, which is unrealistically
high. Thus, our ant robots continue to cover the terrain and the cover time
increases gracefully with the probability of being moved.



Towards Building Terrain-Covering Ant Robots 213

Deleting Markers. Finally, we measure the cover time when markers are ac-
cidentally deleted. This is important because markers can get destroyed due to
wind, dust, rain, humans, or other ant robots. We test two different scenarios. In
the first scenario, randomly selected individual markers are deleted. This could
happen, for example, due to wind and dust. In the second scenario, all mark-
ers in randomly selected areas are deleted. This more systematic destruction of
markers could happen, for example, due to humans walking around.

— In the first scenario, during each time step in the experiment, one randomly
selected marker was deleted with a given probability. Our ant robots continue
to cover the terrain and the cover time does not change significantly. This is
so because the number of markers in the simulated area was in the thousands.
Thus, deleting a small number of markers uniformly across the area decreases
the overall marker density somewhat but has no large impact.

— In the second scenario, during each time step in the experiment, all markers
in one randomly selected area of size 20 by 20 centimeters were deleted with
a given probability. Figure [[0l shows how the cover time increases with the
erasure probability, averaged over 50 runs each. Our ant robots continue to
cover the terrain and the cover time increases gracefully with the probability
of areas being deleted.

7 Conclusions

In this article, we have described how to build ant robots that leave trails in
the terrain to cover closed terrain efficiently and robustly. The trails convey
information to the ant robots, which allows them to cover terrain more intelli-
gently and faster than with random walks. The ant robots do not even need to
be localized, which completely eliminates solving difficult and time-consuming
localization problems. We reported the results of a large-scale experiment in a
realistic robot simulation environment where ten ant robots covered an area of
25 by 25 meters repeatedly over 85 hours to demonstrate that our ant robots
indeed cover closed terrain repeatedly over long periods of time without getting
stuck. We also showed experimentally that our ant robots robustly cover terrain
even if they are moved without realizing this (say, by people running into them),
some ant robots fail, and some markers are destroyed. Our next step is to build
ant robots in hardware, using the Pebbles robots from IS robotics. We are also
working on schemes that decrease the cover time of our ant robots even further
while continuing to let them cover closed terrain robustly without knowing where
they are.
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Abstract. Ant colony algorithms are a class of metaheuristics which
are inspired from the behaviour of real ants. The original idea consisted
in simulating the trail communication, therefore these algorithms are
considered as a form of adaptive memory programming. A new formal-
ization is proposed for the design of ant colony algorithms, introducing
the biological notions of heterarchy and communication channels.

1 Introduction

Having recently given raise to a new metaheuristic method, the ant colony
metaphor proved to be a successful approach to solve “difficult” optimization
problems. The first algorithm inspired from the ant colony functioning is the
“ant system” (Colorni & al. 1991), which has been applied to many combina-
torial problems. Until now, there are few adaptations of such algorithms to
continuous optimization problems. The first algorithm designed for continuous
function optimization was CACO (for Continuous Ant Colony Optimization)
(Bilchev & al. 1995) which is close to the original metaphor, but unfortunately,
the use of two different processes inside the CACO algorithm leads to a delicate
setting of parameters.

All of these algorithms use a particular trait of real ants behaviour: the
pheromonal trail laying. Indeed, ants colonies are often viewed as distributed
systems capable of solving complex problems by the way of stigmergy, which
is a form of indirect communication mediated by modifications of environment.
But the trail-laying behaviour is also a part of the recruitment process, as the
recruitment is defined by biologists as “a special form of assembly in which mem-
bers of a society are directed to some point in space where work is required”
(Holldobler & Wilson 1990, p.642). According to this definition, another opti-
mization method has been developed for continuous optimization: the API al-
gorithm (Monmarché & al. 2000); but API makes a poor use of memory that
generally characterizes ant colony systems (Taillard & al. 1998).

Our point of view is that ant colony metaphor can be defined as a model
using trail communication or, more widely, as a recruitment process. According

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 216-221, 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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to this idea, pheromonal trail laying may not be the only way to comprehend
the ant colony metaphor for optimization problems (Bonabeau & al. 1997). Our
recent research on modelling ants behaviour (Dréo 2001) has shown that the
importance of inter-individuals communication may be underestimated, and that
including it into an ant colony system may improve performances by accelerating
the diffusion of information.

We were interested by these various ways of approaching the same idea and
we thought that it would be useful to gather them in a single formalism. Indeed,
there is another interesting way of approaching the social insects behaviour : the
notion of dense heterarchy, developed in Sect. 2. An heterarchical algorithm takes
advantages from a flow of information passing through a population of agents.
These informations are exchanged using communication channels (see Sect. 3)
and permit that a form of description of the objective function emerges from the
system. In Sect. 4, we present an experimental result. Conclusion makes up the
last section.

2 The Notion of Dense Heterarchy

2.1 A Biological Definition

This notion was firstly introduced by Wilson in 1988 to describe the informa-
tion flow inside an ant colony (Wilson & Hoélldobler 1988). In this idea, the two
communication channels that we have evoked in the introduction are present,
the stigmergic channel as well as the direct communication between individuals.
One of the important issues here is that informations flow through the colony,
each of the ants can communicate with any other (which makes the heterarchy
being dense). This process constructs a kind of densely connected network which
is not set up in a hierarchical but in a heterarchical manner (cf. Fig. 1).

Fig. 1. In a dense heterarchy, unlike hierarchy, any individual can communicate with
any other one

Such a system has emergent properties, indeed if each agent operates with
elementary rules and a limited accuracy, the whole population organized in het-
erarchy with mass communication can show an emergent pattern. These findings
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are well known in the study of self-organization (Camazine & al. 2000). To sum-
marize, the notion of dense heterarchy describes the way the ant colony handles
the informations that it receives from the environment. Each ant can communi-
cate with any other at any time and the informations flow through the colony.

2.2 Heterarchical Algorithms

We propose here a simple formalization in order to apply the notion of dense
heterarchy to an optimization problem. The main concept for implementing such
an heterarchical algorithm is the idea of communication channel (cf. Fig. 2).
These channels transmit an information, here the localization of a food source,
and have some properties, like stigmergy and memory, which can be combined
in the same channel, so that a large variety of different channels can be built.

Channel|

«Scope
@] em ory

i

Fig. 2. The informations pass from a part of the population to another one through a
communication channel that has some specific properties

For example, some basic properties of the channels are listed below:

1. Scope: the way the information goes through the population. A sub-group
of the population (from one to n agents) can exchange informations with
another group of agents.

2. Memory: the way the information persists in the system. The information
can be stored during some period of time or be transitory.

3. Integrity: the way the information is evolving in the system. The information
can be modified, by one or more agents, by an external process, or not.

3 The Communication Channels

3.1 The Trail Channel

The first version of our algorithm is trying to be as close as possible to a
continuous version of the original ACO (Ant Colony Optimization) algorithm
(Colorni & al. 1991) which was designed for combinatorial problems. Due to
this assumption, it has somewhat the same design as the local search part of the
CACO algorithm (Bilchev & al. 1995), which was also inspired by the first Ant
System.

This implementation uses only one communication channel which is inspired
from the trail laying behaviour of ants. Here, each ant can deposit a certain
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amount of pheromone as a spot on the search space, proportionally to the ame-
lioration of the objective function she founds on her way. These pheromonal
spots can be perceived by all the members of the population, and diffuse into
the environment. The ants are attracted by each spot according to its distance
and to the amount of pheromone it contains. Each artificial ant has a “range”
parameter that is normally distributed over the population. Each ant draws a
random distance and then jumps of this length in the direction of her weighted
gravity center, some noise modifying the final position.

To summarize this behaviour under the vision of the heterarchical concept,
this stigmergic communication channel shows the following properties, under-
lined in Sect. 2.2:

1. Scope: When one ant lays a pheromonal spot, all the ants can subsequently
perceive it.

2. Memory: The information persists in the system during a certain period of
time, independently of the agents.

3. Integrity: The information is modified by time, to reproduce the pheromone
evaporation.

There is some similarity between this algorithm and the “path-relinking”
algorithm introduced by Glover (Glover & Laguna 1997), as the ants are moving
through a set of informative points. We can also notice that the behavior of the
algorithm reminds the Particle Swarm Optimization (PSO Kennedy & al. 1995)
as the agents tend to gather in the same place, the whole population evolving
as a swarm.

3.2 Using the Direct Inter-individual Communication

As we have said in Sect. 1, some biological works have led us to take an interest
out of the common vision of the “trail” ant colony optimization. Indeed, we have
implemented another communication channel which possesses the properties of
the direct inter-individual interactions that can be observed in societies of some
social insects as ants.

In concrete terms, each ant can send “messages” to another one. An ant
receiving a message stores it in a stack with other incoming messages. In a
second time, a message is read randomly in the stack. Here, the information sent
is the position of the sender — an artificial ant — and the value of the objective
function. The receiver compares the sender’s value with its own value and decides
if it moves near the sender’s position. But if the receiver’s value is better than
the sender’s one, then the receiver sends a message to another ant randomly
chosen, and suppresses the read message. One can notice that the system needs
to be “activated”, so that an important parameter is the number of messages
initially set.

This communication channel shows the following properties:

1. Scope: When an ant sends a message, only one ant can perceive it.

2. Memory: The information persists in the system during a certain period of
time, under the form of ants memory.

3. Integrity: The informations stored are static.
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4 Experimental Result

To illustrate the behaviour of an heterarchical algorithm, we have applied it on
the By function, which has two dimensions and some local minima. The two
channels play complementary parts. Indeed, the direct channel leads to a form
of intensification, because it gives more importance to the best points without
taking into account the previously encountered regions. On the contrary, the trail
channel —with its memory property— permits to perform a kind of diversification,
by taking into account the previously evaluated points. Globally, the ants gather
at the global optimum. However some of them are kept during some iterations
near local optima by some pheromonal spots still persisting within the search
space, afterwards evaporation and direct communications prevent them from
being trapped. The way the trail channel permits a form of diversification is
pointed out with more difficulties. The ants are moving around a gravity center
that is the global optimum, but continue to explore the search space, as they are
attracted by local minima.

One interesting issue is the way the two channels works in synergy. Indeed,
on the simple By function, the direct channel seems to be more appropriate as it
allows the algorithm to converge more rapidly (Fig. 3). But if we take a look to
the variation of the standard deviation for the algorithm using the two communi-
cation channels (Fig. 3), we notice that there is a kind of periodicity. This means
that the population tends to gather near a value at one time and then tends to
disperse. In other words, there is an alternation of short intensification phases
(low deviation) and diversification phases (high deviation). This behaviour of
the algorithm seems to be an emergent pattern, which cannot be observed when
only one of the two channels is used. Thus the algorithm regulates itself the way
the two channels are working, until a stable state is found.
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Fig. 3. Average and standard deviation of the objective function values in the popu-
lation at different steps

5 Conclusion

We argue that the heterarchical concept can be interesting to design new ant
colony algorithms, in particular aimed at the optimization of continuous mul-
timinima functions. Such a biological concept was not exploited until now for
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the design of optimization algorithms, using only stigmergic processes. We pro-
pose to extend the ant colony metaphor to take into account several commu-
nication processes. According to our first tests it seems that an heterarchical
algorithm implementing two complementary communication channels shows in-
teresting emergent properties, like a self-management of the relative influence of
the two channels.

Regarding the future, one important issue consists in improving the auto-
matic tuning of parameters, before testing the algorithm through a large set
of analytical test functions, and comparing its efficiency to that of competing
metaheuristics.
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Abstract. Metaheuristics in general and ant-based systems in particu-
lar have shown remarkable success in solving combinatorial optimization
problems. However, a few problems exist for which the best performing
heuristic algorithm is not a metaheuristic. These few are often charac-
terized by a very highly constrained search space. This is a situation
in which it is not possible to define any efficient neighborhood, thus
no local search is available. The paradigmatic case is the set partition-
ing problem, a problem for which standard Integer Programming solvers
outperform metaheuristics. This paper presents an extended ant frame-
work improving the effectiveness of ant-based systems to such problems.
Computational results are presented both on standard set partitioning
problem instances and on vertical fragmentation problem instances. This
last is a real world problem arising in data warehouse logical design.

1 Introduction and Motivation

The effectiveness of different metaheuristic algorithms is often leveled by the
use of problem-specific local search routines, which can themselves ensure a
good quality result solution. Any algorithm incorporating them will gain a solu-
tion quality assurance, whereas algorithms such as genetic algorithms or ACO
systems, which could work without, often get good performance only by incor-
porating local search. There exist however problems, and classes of problems,
for which local search is of limited effectiveness, if of any at all. Among them a
prominent role is played by very strongly constrained problems. These are prob-
lems for which efficient polynomial neighborhoods contain few solutions, or none
at all, and local search is of very limited use. Probably, the most significant of
such problems is the set partitioning (SP) problem, the problem of partitioning
a given set into mutually independent subsets while minimizing a cost function
defined as the sum of the costs associated to each of the eligible subsets. Its
importance derives from the fact that many actual situations can be modeled
as SP, and in fact many combinatorial optimization problems (crew scheduling,
vehicle routing, project scheduling, warehouse location to name a few) can be
modeled as SP with maybe some additional constraints. The limited utilization
of these models reflects the limited effectiveness of heuristic and metaheuristic
algorithms on large-scale SP instances.

This paper proposes an ant-based algorithm for solving real world problems
whose mathematical model extends SP. In order to do so, since the basic ACO

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 222-227 2002.
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framework is ineffective, it is necessary to modify it. Modifications of the ba-
sic framework aimed at increasing effectiveness, accepting higher computational
costs, intersect another main research issue for ACO systems: the notion of ant
state. ACO systems have in the trail laying mechanism their characteristic fea-
ture. Trails are meant to bias on the basis of past experience ants’ decisions
about how to complete the partial solution they have constructed. Trail should
thus be defined for each partial solution. This is obviously infeasible; fortunately
however there exist a large number of problems for which the next decision can
be effectively based only on the last one, instead of on the whole of the partial
solution. A typical case is the TSP, where it is sufficient to consider the last node
visited by the ant instead of the whole path so far followed. A large number of
problems where ACO systems proved effective are of this last type. SP is not
such. To deal with it, it is necessary to extend the ants state by considering other
elements besides the last decision taken.

1.1 The Set Partitioning Problem

The Set Partitioning problem can be modeled as follows. Let x;,i = 1,... ,n be
a binary variable denoting whether or not the i —th subset is part of the solution
and let A = [a;],4 =1,...,n,5 =1,... ,m, be a 0-1 coeflicient matrix whose
columns correspond to the subset and whose rows to the set elements: a;; = 1
means that the j —th element is a member of the ¢ —th subset. Each subset j has
an associated cost c;. Furthermore, let I be the index set of all subsets and J
the index set of all elements. A mathematical formulation of SP is the following.

(SP) z(SP)= Min Zcixi (1)
iel

s.t. Zaijxi =1 je€ J (2)
icl

ze {01}  iel 3)

The linear programming relaxation of formulation SP usually gives a good
lower bound to the problem. Another good lower bound can be obtained by a
Lagrangean relaxation of constraints (), that is by associating a Lagrangean
penalty Aj,j = 1,...,m to each constraint (2) and thereby penalizing the re-
laxed constraint in the objective function of the resulting problem LSP. Cur-
rently, no ACO algorithm has been proposed for SP, and a direct implementa-
tion of the basic ACO framework is incapable of obtaining feasible solutions for
many standard testset instances. The best performing metaheuristic for SP is a
genetic algorithm due to Chu and Beasley [2]. Effective heuristics were proposed
by Atamtiirk and others [1].

Our interest in SP was risen by the need of solving a problem arising in the
context of logical design of data warehouses (DW), namely the Vertical Frag-
mentation Problem (VFP). DWs are foremost systems for improving the support
given to company internal decision processes and data analysis procedures. A
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DW enables executives to retrieve summary data, derived by those present in
operational information systems. An essential feature of a successful DW is a
fast query response. DW design follows three main phases: conceptual, logical
and physical design. VFP is a part of logical design and has the objective of
minimizing the query response time by reducing the number of disk pages to be
accessed. VFP problem details are rather intricate, and we refer the interested
reader to [3] and [5] for problem details. While the specific formulation elements
are not important for this paper, we point out that a substantial number of
constraints are actually SP constraints, thus it is possible to solve problem VFP
only if an effective means for solving SP is available. The only heuristic for VFP
was presented in [3], where the authors describe a preliminary design of an ACO
system. The algorithm in this paper builds on that experience.

2 An Ant-Based Heuristic for the SP

The approach advocated by this paper includes in a standard ACO algorithm
elements taken from bounded enumeration procedures, which are tree search
procedures where the number of nodes which can be expanded at each tree level
is limited from above by a parametric constraint k. Greater values of k entail
a bigger search space to explore, k unlimited makes the algorithm become a
complete enumeration procedure. In the case of SP, each level of the search tree
is associated with one constraint. Level 0 corresponds to empty solution, level
1 considers the first constraint, and so on. The order according to which con-
straints are considered in successive tree expansions greatly affects the algorithm
performance. There are two main differences between standard ACO and the al-
gorithm presented in the following, which will be denoted BE-ANT for short:
1) the trail laying policy and i) a synchronization step among ants after each
expansion.

Trail is not laid directly on the components which build up a solution (the
subsets) but on the couplings (component/element), that is (variable / con-
straint). A high trail value 7;; indicates that a particular variable ¢ € I demon-
strated to be a good choice for covering constraint j € J. Thus the same variable
i may have different desirability, depending on the particular choice (which vari-
able to use for covering constraint j) an ant has to take.

A synchronization step is implemented after each ant expands its partial
solution, in order to define the different possible further expansions.

Essentially, the number of ants is equal to the value of parameter k. At
each level, one ant ant; is assigned to each of the k& branches to be expanded
and computes its possible expansion set F;. Then all expansion sets are united,
ordered by non-decreasing cost and the k of them, if so many exist, are chosen
for further expansion.

There are three cases that make a branch non eligible for further expansion:
1) The partial solution associated with the branch is infeasible; 2) The partial
solution associated with the branch has a cost already greater than that of
the best one already found, thus it cannot lead to an improvement of the best
solution found, and 3) The partial solution associated with the branch is not
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among the k ones chosen for the expansion of the level. A branch which can be
expanded is a valid branch. Algorithm BE-ANT for SP is as follows.

1. i=1. The first constraint to be covered is chosen. The set E of feasible
expansions is initialized with all feasible expansions of the empty solution.

2. The value a - 7 + (1 — a)n; is computed for each j € E, where o, 7
and n have the usual ACO interpretation. The partial solutions are accordingly
ordered.

3. k valid branches in E are selected, by means of the usual ant probability
selection formula, and one ant is assigned to each of them.

4.7 =1+ 1. Each ant j decides the constraint to cover at level i and accord-
ingly computes the expansions E; of its current partial solution. E = | J ; E;.

5. If © < m goto Step 2.

6. If (end_condition) then Stop else update trails, goto Step 1.

To completely specify the algorithm, it is necessary to define how to compute
the n and the 7 values. These are problem-specific elements, which in the case
of the SP we implemented as follows. The desirability 7; of a column ¢ € I can
be set equal either to the sum of the dual variable values of the still uncovered
constraints which are covered by column ¢ or simply to the number of still un-
covered constraints which are covered by column ¢ (we tested both possibilities).
Thus, columns which cover the most difficult / the greater number of uncovered
constraints are preferred. Trails are updated by means of the formula introduced
in [E]. Notice however that trails are laid on the coupling (7, j), that is, we explic-
itly increase or decrease trails stating how proficient it was to cover constraint
7 with variable i.

As a last comment to the implementation of BE-ANT for SP it is worth
saying that the lower bound to the SP was computed by means of the Lagrangean
relaxation of the problem and that BE-ANT was intertwined with a subgradient
optmization routine, so that step 6. of BE-ANT actually was:

6. If (end_condition) then Stop else update trails, perform one subgradient iter-
ation, goto Step 1.

The same procedure introduced above was used to solve the VFP. The es-
sential difference between VFP and SP is that VFP, besides the SP constraints,
must also satisfy other constraints, namely Set packing constraints, a knapsack
constraint and a number of subprolems-linking constraints. To deal with this,
we separated VFP into two related subproblems: the SP subproblem and the
subproblem defined by sep packing and knapsack constraints. The remaining
constraints were relaxed in a Lagrangean fashion to obtain a Lagrangean de-
composition of VFP. This yielded a lower bound. The upper bound was found
by means of BE-ANT.

3 Computational Results

The algorithms described in the previous sections were implemented in Visual
C++ v. 6.0 and run on a 677 Pentium IIT machine with 256 Mb of RAM.
Tests were made on two benchmark sets. The first one consists of instances,
downloaded from OR-LIB, which were used in [2] for validating the genetic
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algorithm. Due to space constraints (6 pages) we do not report the whole problem
set: we selected a representative subset of difficult problems (several instances
in [2] are acknowledgely very easy). The second testset consists of the VFP
instances used in [3].

Table 1. Computational results on SP instances

probl. LP Opt IP Opt BE-ANT CPU sec. BCGA
NWO1| 114852.0 114852 n.f. - n.f.
NWO02| 105444.0 105444 115929 6117.35 108816
NWO03 24447.0 24492 24492 950.54 24492
NW04 16310.7 16862 16978  1033.63 16862
NWO06 7640.0 7810 7810 25.55 7810
NwW17 10875.7 11115 11133 2390.02 11115
NW18| 338864.3 340160 349958 1955.31 345130
AA02 30494.0 30494 36812 3433.95 30500
AA04 25877.6 26402 33231 4086,16 28261
KLO01 1084.0 1086 1096 657.59 1086
KLO02 215.3 219 229 1437.17 219

Table 2. Computational results on VFP instances

probl. LP Opt BE-ANT CPU sec.
WKL20S1000 152815.63 177003  655.70
WKL20S1400 98046.10 99594  250.93
WKL20S1800 96270.00 96270  675.90
WKL20S2200 96270.00 96270 4494.09
WKL30S1000 353785.66 412271 1188.79
WKIL30S1400 274042.36 297906 2747.31
WKL30S1800 248205.39 286555 3741.48
WKL30S2200 241329.50 241330 2522.09
WKIL.40S1000 464241.24 540204  933.49
WKL40S1400 376145.98 451803 1522.61
WKIL40S1800 336430.54 404128 2123.04
WKL40S2200 316794.87 349362 2546.43
VPWKL20SPC700 - 374253  327.06
VPWKL20SPC1400 96906.00 96915 2.16

The results obtained on SP instances are presented in Table [l Columns
are: probl problem identifier, LP opt optimal LP relaxation cost, IP opt optimal
IP cost, BE — ANT best result obtained by BE-ANT (out of at most three
runs), CPU sec CPU time to find the solution of the column before, BCGA best
solution obtained by the GA of Beasley and Chu. As a comment to Table[l] on the
bad side we may notice that the performance of BE-ANT is still inferior to that
of BCGA, though not much so. On the good side we must notice that standard
ACO (which we implemented) is not capable of finding a feasible solution for
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any of listed instances, whereas BE-ANT already has a performance comparable
with that of state of the art solution methods. Moreover, as mentioned, the
computational results are still preliminary and we expect that with a correct
parameter settings and with a reasonable number of test repetitions BE-ANT
results will further improve.

The results obtained on VFP instances are presented in Table 2l These are
problem instances used in [3] and correspond to complex real-world settings
(no pre-filtering on candidate views) which make the resulting instances much
harder that those used in [5]. The first number in the instance name corresponds
to the number of queries in the workload and the second one to the available
memory. The bigger the first and the smallest the second number, the harder
the instance. CPLEX was unable to solve on the reference machine to integer
optimality the instances of the last two lines. For this problem the LP relaxation
is quite close to integer optimality, usually within 2%. The results by BE-ANT
are very interesting and at the moment are the only ones available for the last
two instances.

4 Conclusions

This paper presented a new algorithm, named BE-ANT, designed for solving
any combinatorial optimization problem in general, and very hard, tightly con-
strained instances in particular. The methodology includes in a standard ACO
framework ideas taken from bounded enumeration search. Ants loose their iden-
tity, as at each step a partial solution is assigned to each ant, but the resulting
framework can be applied also to problems for which the standard ACO frame-
work is totally ineffective. The computational results, albeit very incomplete,
testify the viability of the approach.
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Abstract. In this contribution, we will study the influence of the three
components of the Best-Worst Ant System (BWAS) algorithm. As the
importance of each of them as the fact whether all of them are necessary
will be analyzed. Besides, we will introduce a new algorithm called Best-
Worst Ant Colony System by combining the basis of the Ant Colony
System with the special components of the BWAS. The performance of
different variants of these algorithms will be tested when solving different
instances of the QAP.

1 Introduction

In 3], a new algorithm called BWAS was intended being based on the AS algo-
rithm [4]. In this contribution we develop an study applying the BWAS algorithm
and its variants to the QAP. Besides, a new algorithm called Best-Worst Ant
Colony System (BWACS) will be considered as well. Our aim is to demonstrate
that these algorithms are robust as a whole and to analyze the relative impor-
tance among their distinguishing components.

This paper is structured as follows. In Section 2 and 3 the basis of the BWAS,
its variants as well as the BWACS algorithm are studied. In section 4, the ap-
plication of the ACO algorithms to the QAP is reviewed and the results we
obtained are presented. We end up by discussing some concluding remarks and
future works.

2 The Best-Worst Ant System

The BWAS model tries to improve the performance of ACO models using evo-
lutionary algorithm concepts. The proposed BWAS uses the AS transition rule:

[7rs]® [0rs]° ; J
pk-(r, S) _ Zue‘lk(” [Tra]® [1ma]® ifs e Jy 7
0, otherwise

with 7,5 being the pheromone trail of edge (r, s), n,s being the heuristic value,
Ji () being the set of nodes that remain to be visited by ant k, and with « and
[ being real-valued weights.
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Besides, the usual AS evaporation rule is used: 7.5 < (1—p)-7ps, V7,8, with p €
[0,1] being the pheromone decay parameter. Additionally, the BWAS considers
the three following daemon actions, that are analyzed in deep in [3]:

Best-Worst performance update rule. This rule is based on the Population-
Based Incremental Learning (PBIL) [I] probability array update rule. The offiine
pheromone trail updating is done as follows:

f(C(Sglobalfbest))v Z.f (7", 8) S Sglobalfbest

Trs & Trs + AT, where Atp.g = .
e s re e 0, otherwise

with f(C(Sgiobai—best)) being the amount of pheromone to be deposited by the
global best ant, which depends on the quality of the solution it generated,
C(Sglobalfbest)

Moreover, the edges present in the worst current ant are penalized: ¥(r, s) €
Scurrent—worst and (ra S) ¢ Sglobal—best: Trs < (1 - P) *Trs-

Pheromone trail mutation. The pheromone trails suffer mutations to intro-
duce diversity in the search, as done in PBIL with the memoristic structure. To
do so, each row of the pheromone matrix is mutated —with probability P,,—
as follows:

T/ _ Trs + mUt('Lty Tthreshold)a Zf a=10
s Trs — mut(lt, Tthreshold)a Z.f a 7é 0

with a being a random value in {0, 1}, it being the current iteration, Tipreshold
being the average of the pheromone trail in the edges composing the global best
solution and with mut(-) being a function making a stronger mutation as the
iteration counter increases.

Restart of the search process when it gets stuck. We will perform the
restart by setting all the pheromone matrix components to 7o when the number of
edges that are different between the current best and the current worst solutions
is lesser than a specific percentage.

A simplified structure of a generic BWAS algorithm is shown as follows:

[t

Give an initial pheromone value, 1y, to each edge.
2. For k=1 to m do (in parallel)

— Place ant k in an initial node r. and include r in Ly,

— While (ant k not in a target node) do

o Select the next node to visit, s ¢ Ly, by the AS transition rule.
3. For k=1 tom do
— Run the local search improvement on the solution generated by ant k, Sj.

Sgiobai—best < global best ant tour. Scurrent—worst < current worst ant tour.
Pheromone evaporation and Best-Worst pheromone updating.
Pheromone matriz mutation and restart if condition is satisfied.
If (Stop Condition is not satisfied) go to step 2.

N Ot
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3 Analysis of Best-Worst Ant System Components

In this section, a new ACO model based on the BWAS components is introduced,
as well as the different variants considered from the basic BWAS and the new
model.

3.1 The Best-Worst Ant Colony System and Its Variants

This new model is obtained by introducing the three components of the BWAS
into the ACS. Hence, the differences between both algorithms are that BWACS
considers the usual ACS transition rule

)

_ farg maxe s ([ - e} if 0 < a0
S, otherwise

and that the online step-by-step updating rule is applied during the ants trip:
Trs < (1=¢@) Trs+@- AT,.s, with ¢ € [0, 1] being the pheromone decay parameter.

Hence, the only differences between BWAS and BWACS lie on the step 2 of
the algorithm.

3.2 BWAS Variants Analyzed

The main objective of this paper is to study the influence of the three components
of BWAS on its application to the QAP. With this study, we want to know if all of
them are really important or some of them can be removed without negatively
affecting the performance of the BWAS algorithm. Then, we will also try to
establish a ranking of importance among components.

This analysis will be made from a double perspective: i) individualized anal-
ysis of components, and ii) cooperative analysis among pairs of components.

It seems that a certain interrelation exists among the three basic elements of
BWAS. The updating of pheromone trails by the worst ant allows the algorithm
to quickly discard areas of the search space while the mutation and the restart
avoid the stagnation of the algorithm. It can seem that the latter two components
can be redundant since they both have the same aim but we will see that a high
cooperation arises between both.

In Table [l all the algorithms used in the study are summarized. As can be
seen, there are three different groups of algorithms: i) the first one includes the
basic models: our two proposals, BWAS and BWACS, and the classical AS and
ACS, considered for comparison purposes; ii) the second is composed of variants
including a single component: restart, mutation or worst-update. The models
ASyr and ACS, R are included in this group by adding the BWAS restart to the
AS and ACS, respectively; iii) the third is comprised by the variants including
a pair of the components. The different variants are notated by BW AS_, or
BWACS_, standing * for the removed component (R, M or W).
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Table 1. ACO models considered.

Parameter Meaning
AS Ant System
ACS Ant Colony System
BWAS Best-Worst Ant System
BWACS Best-Worst Ant Colony System
ASir AS with BWAS restart
ACS+r ACS with BWAS Restart

BWAS_r_-w BWAS without restart and worst ant trail updating
BWAS_y-w BWAS without mutation and worst ant trail updating
BWAS_r_m BWAS without restart and mutation
BWACS_r_w BWACS without restart and worst ant trail updating
BWACS_p—w BWACS without mutation and worst ant trail updating

BWACS_r_m BWACS without restart and mutation
BWAS_gr BWAS without restart.
BWAS_w BWAS without worst ant trail updating.
BWAS_m BWAS without mutation.
BWACS_r BWACS without restart.

BWACS_w BWACS without worst ant trail updating.
BWACS_m BWACS without mutation.

4 Experiments Developed and Analysis of Results

In this section, the application of ACO to the QAP is reviewed and the experi-
ments developed and the analysis of the results obtained are reported.

4.1 Application of the ACO Algorithms Considered to the QAP

The QAP [2] is among the hardest combinatorial optimization problems. All
the QAP instances used in our experimentation have been obtained from the
QAPLIB [5]. We have chosen two instances of different sizes from each of the
four existing classes [6] in order to perform a fair comparative study. These
instances are respectively: tai50a, tai60a, nug20, sko72, bur26a, kra30a, tai50b
and tai80b.

When applying the different ACO algorithms selected to solve the QAP, the
next steps have to be considered: i) as in [6], we not considering the heuristic
information in the transition rule. ii) the 2-opt local search algorithm considered
in [6] is used.

4.2 Parameter Settings

The ACO models shown in Table [[] have been used to solve the eight QAP
instances. Each model has been run 10 times in a 1400 MHz AMD Athlon
processor computer. The parameter values considered are shown in Table [
with the ones associated to AS and ACS taken from [6] and the BWAS and
BWACS ones from [3]. The latter parameter values have not been obtained from
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Table 2. Parameter values considered

Parameter Value
Number of ants m=>5
Maximum run time Ntime = 600 seconds
Pheromone updating rules parameter p=0.2
AS offline pheromone rule updating F(C(Sk)) = ﬁ
AC'S offline pheromone rule updating f(C(Sgiobai—best)) = m
Transition rule parameters a=1,6=0
AC'S transition rule parameters go = 0.98
Initial pheromone amount 70 = 107
BW AS parameters
Pheromone matrix mutation probability P, ={0.1,0.15,0.3}
Mutation operator parameter oc=4
5%
Local search procedure parameters
Neighbor choice rule best improvement
Number of iterations 1000

a deep study, and only some preliminary experiments with different mutation
probability values (0.1, 0.15 and 0.3) have been done.

4.3 Analysis of Results

Tables [3] and [ collect a summary of the obtained results. Table [B] compares the
algorithms two by two. Fach cell a;; shows the percentage of cases in which
algorithm ¢ has outperformed algorithm j. We will say that an algorithm 4 is
better than another algorithm j for a problem instance p if the average errol]
obtained by i for p is smaller than that obtained by j. Notice that the values in
Table 3 are symetric (a;; = 100 — aj;) in all cases but not in those where there
have been draws between both algorithms.

A general classification of the models is shown in Table[d which summarizes
the values shown in Table [l While the first column contains the name of the
model, the other three columns collect the number of algorithms regarding which
the model has obtained better, worse or similar results, respectively.

If we compare the results of the basic algorithms (AS, ACS, BWAS and
BWACS), BWAS and BWACS present the best behavior. In every case, the
best error was obtained by a BWAS model or by any of its variants.

Analyzing the results of the BWACS and its variants, we see how a great
trade-off exists among its components. Notice that the elimination of any of
them makes the algorithm worsen. For the eight instances, the BWACS has
outperformed all its variants. However, we do not find the same in the BWAS.
There are instances in which some variants of the BWAS overcome the basic

! Error stands for the percentage difference between the average cost obtained in the
performed runs and the cost of the best solution known for the instance.
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Table 3. Pair comparisons between ACO model
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Model << QAT TN QMMM QMMM MQ
AS - 620 0[5050 0 0 37 2537 62|0 0 0 502537
ACS 37 - 372550 37 37 12 62 50 37 87 |37 25 37 50 37 50
BWAS 87 62 - 37|87 50 75 37 87 75 50 100|75 37 50 87 62 62
BWACS 87 7537 - |87 62 75 50 100 75 50 100|75 37 62 87 50 50
ASyr 3750 0 0|- 501212 37 3725 62|0 1212622537
ACSyr 50 62 37 25|50 - 37 12 75 50 37 87|37 25 37 62 25 37
BWAS_g_w (8762 0 0|7550 - 25 62 62 37 100(50 12 12 62 50 50
BWAS_p—w |87 873725757550 - 62 8762 100(37 25 37 87 50 75
BWAS_p_n 623712 0162253737 - 3725100(37 0 2550 25 37
BWACS_g_w [50 50 12 12|50 50 25 0 62 - 25 100(25 0 25 75 25 37
BWACS_pm—w|50 62 25 25|50 50 37 12 75 62 - 100(37 12 37 87 25 50
BWACS_r—m (3712 0 037120 0 0 0 O - |0 0 025120
BWAS_r |8762 0 0|87 502537 50 62 37 100| - 25 12 62 50 50
BWAS_w |87 7525 37|75 62 62 50 100 87 62 100|50 - 62 87 75 75
BWAS_y |87 6225 12|75 50 50 37 75 62 37 100(62 12 - 75 50 50
BWACS_r (2550 0 01253725 0 50 0 O 75(25 0 12 - 0 O
BWACS_w (6262 12 25(62 5025 12 75 62 50 87|25 0 2587 - 37
BWACS_p |50 50 12 25(50 3725 0 62 50 25 100({25 0 25 87 25 -
Table 4. ACO models standing
Model Best performance Worst performance Similar performance
BWAS 15 0 2
BWACS 15 0 2
BWAS_w 15 1 1
BWAS_y-—w 12 2 3
BWAS_ 12 3 2
BWAS_p_w 11 5 1
BWAS_gr 10 5 2
BWACS_ym—w 9 5 3
BWACS_w 10 7 0
BWACS_ 6 9 2
BWACS_r-w 5 10 2
ACSyr 4 9 4
AS 4 12 1
ACS 2 11 4
BWAS_r_m 3 13 1
ASir 2 13 2
BWACS_gr 1 13 3
BWACS_gr_m 0 17 0
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BWAS algorithm. In spite of this, the BWAS presents better overall performance
than its variants.

On the other hand, when analyzing the individual importance of each com-
ponent, we see that the restart is the one giving the best results, followed by
the mutation and the worst ant update. Among the combinations of two com-
ponents, those not using the worst ant update achieve the best performance.
Besides, those that do not consider the restart component present a very low
performance. When eliminating the mutation, the results are neither as bad as
if we remove the restart, nor as good as if we remove the worst ant update.

In view of these results, we can conclude that: i) in general, an appropriate
trade-off exists among the three components of both BWAS and BWACS; ii)
in spite of this balance, we can establish an order of importance among the
components: restart, mutation, and worst update.

5 Concluding Remarks and Future Works

In this contribution, a study of all the components of BW AS has been done.
Besides, a new variant of BWAS called BWACS has been proposed. The per-
formance of these algorithms and the importance of their components has been
analyzed when solving eight QAP instances of different sizes and types. It has
shown that the best performance have been obtained using the basic versions of
BWAS and BWACS algorithms, without removing any component.

Different ideas for future developments arise: i) to study the influence of the
appropriate values for the parameters, and ii) to analyze the consideration of
other Evolutionary Computation aspects.
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Abstract. The question of routing loop formation is examined for a class of
routing schemes based on , agents* or ,ants‘. First the notion of loop existence
is discussed for the general case of routing tables with multiple, weighted
entries. A simple criterion is then found which ensures loop-free routing. This
criterion accounts for previous results with agent-based routing. It is however
not in general met by ant-based (stochastic) routing schemes. In this case | find
probabilistic arguments which conclude that, for such schemes, loops will be
unlikely to form, and, if formed, unlikely to persist.

1 Introduction

Centralized network management strategies have difficulty in dealing with networks
that are either too large, or too dynamic. In either case, the problem is the conveyance
of enough information, quickly enough, to and from the point of central control. The
alternative is decentralized schemes. For such schemes the control is , everywhere".
Distributed control schemes [1],[2] can act without the need to gather a complete
knowledge of the network—hence can adapt quickly to local changes. Thus one might
hope that distributed control might better cope with large numbers of nodes, and/or
with strongly time-varying traffic or topology changes.

Decentralized methods have their own peculiarities however. Their necessary
ignorance of the global picture can have disadvantages. For instance, routing loops
are essentially non-local things: one cannot tell, from examining a piece of a loop,
that it is in fact a piece of aloop. (Of course, local examination can always detect
»Sufficiently small* loops—but, whatever the neighborhood size one can examine,
there are always larger loops.) Hence it is of interest to study the susceptibility of
decentralized routing schemes to the formation of loops.

Some of the earliest work in this area was done by Appleby and Steward (AS) [3].
They studied ,mobile agents' on a simulated telephone network. Each node
(considered a source, S) emitted agents which moved over the net, seeking shortest
paths (more precisely, paths with the largest spare capacity) from Sto al other nodes
in the network. When found, these paths were entered by the agents into the routing
tables (RTs) of the nodes affected. Since there was no centralized control, agents from
more than one node at a time could, and generally did, write to the RTs for the same
destination D.
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Schoonderwoerd et a [4],[5],[6] pointed out that this lack of coordination could
giverise to routing loops. They then modified AS's agents so that agents emitted by
S could only write to RTs pointing towards S, and so that only one agent at a time
could work on these RTs. They found that modified agents, operating in this way, no
longer gave routing loops. They also studied ,ants’, that is, agent-like entities,
moving on the network, which could lay down ,trails* (analogous to the pheromone
trails of real ants), with the strength of the trail depending on the quality of the path
taken. Routing with such ants is stochastic: each node's RT, for each destination, has
a,weight" for each neighbor of that node. This weight reflects the accumulated trails
of all ants (corrected for aging effects), and can be normalized to act as a probability
for routing.

Schoonderwoerd et a found that their ants essentially never created routing loops
after an initial transient period. Hence their work (i) points out the susceptibility of
AS's agents to writing loops, (ii) shows a way to correct this problem, and (iii) offers
the empirical observation that their particular version of ants does not form persistent
loops.

It is the goal of this work to understand how loops form—and how they can be
prevented from forming—during the operation of decentralized routing schemes. A
good understanding should include the points (i)—(iii) made by Schoonderwoerd et
al, ideally by putting them into a larger perspective. Below, | give a complete
explanation for (i) and (ii) by presenting a necessary and sufficient criterion for loop-
free operation. In the case of ants however—whose behavior is nondeterministic, and
cannot satisfy the criterion—I will offer probabilistic arguments for (iii)—why
persistent loops are unlikely. An interesting result in this direction has been given by
Subramanian et al [7], who showed that a certain class of ants, operating on a static
(and symmetric) network, gave RTs which converge, in the limit of long time, to a
shortest-path tree—which is thus loop-free.

Let us now briefly establish some terminology. Following the historical precedent
discussed above, the term ,,agents’ will be used to denote messages (which may or
may not include mobile code [8]) which write deterministic (ie, single-entry) RTSs.
~Ants' then denotes messages which use multiple, weighted entries in the RTs, and
thus stochastic routing. The generic term, encompassing both, will also be ,, ants".

Ants traveling from source S to destination D can write to RTs pointing Backwards
(towards S) or Forwards (towards D). (A variant, termed ,, smart* ants [2], updates
RTs pointing towards all intermediate nodes in the Backward or Forward direction.)
Ants can also Retrace their path, before writing to the RTs, or Not. In the following, |
will consider FR ants (and agents), ie Forward-pointing with Retracing; and BN
agents, Backward-pointing with No retracing. BN ants are treated in [9], which also
includes a brief discussion of other pointing/retracing/routing combinations, as well as
an examination of loop formation by real social insects.

Finally there is the question of routing—»both for ants and for messages. Following
Subramanian et a [7], ,uniform“ (u) routing is completely random; ,regular* (r)
routing follows the probabilities in the RTs; and ,greedy” (g) routing will always
choose the highest-weight entry in the RT. While there are reasons to consider all
three strategies for ants, here | will concentrate mostly on r routing for ants. Routing
of messages s discussed in the next section.
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2 The Existence of L oops

For deterministic routing the question of the existence of loops is clear-cut. The
entriesin the RTs define a directed graph for each destination D. Let us call this graph
the RT graph of D, or RTG(D). Each node in this graph has out-degree one. A loop is
aclosed circuit of directed arcsin RTG(D). Note that loops are a property of the RTs:
this definition is independent of the nature (size, or degree of dynamicity) of the
underlying network.

Now consider stochastic routing. Here—even though the weights may be very
unevenly distributed—it is true that, in general, every neighbor of A has some
nonzero weight. If we then include in the RTG a directed arc for each nonzero entry,
the RTG(D) becomes the graph of the entire network. Of course, the complete
network is in fact the only reasonable definition of the RTG for u routing. However
there is no good motivation for the u-routing of messages (unlike ants). Hence u
routing of messages will not be considered further.

In contrast, g routing of messages is well motivated, and has been shown to give
good results in simulations [4],[5],[6]. Furthermore, g routing of messages gives an
RTG with the same properties as the RTG for deterministic routing (in particular,
each node has out-degree one). This makes the question of loop existence clear and
unambiguous. For these reasons, | will concentrate mostly on g routing for messages.

The intermediate case, r routing of messages, is aso of some interest, as (unlike u
routing) it appears to have some practical motivation [10],[11],[12]. For instance, if
one wishes to ,piggyback” [7] ants and messages—thus economizing on the use of
bandwidth—then both ants and messages must make the same routing choice; and r
routing is an obvious candidate. On the other hand, as mentioned above, r routing
gives an RTG which is simply the entire network. And a typical communications
network—fixed or mobile—is riddled with loops, rendering the question of loop
existence in the RTG meaningless. A convenient ssimplification is to restrict the RTG
to the highest-weight entries for each D; this gives the same RTG asfor g routing.

In the following, then, we will assume greedy routing of messages, so that the
question of loops pertains to the RTG defined by this routing. In considering the
behavior of r-routed ants on this same network, | will use the RTG as a rough
indicator of the likely behavior of the ants—in those cases where the ants are sensitive
to their own pheromone (i.e., F ants).

3 Agentsand Loops

It is not difficult to find a necessary and sufficient criterion for loop-free routing with
agents. Assume that the RTG is loop-free at some time. Assume further that agents
always choose loop-free paths. Then, given these assumptions:

An RTG, initially loop-free, will remain loop-free after the action of an agent,
if that agent’s action resultsin the writing into the RTs of its complete path from
StoD.

The proof is simple. Assume the contradiction, that is, an agent a writes its entire
path from Sto D, and yet leaves a loop that was not present before (Figure 1). Then a
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must have written part of the loop. We decompose a's path (complete from S to D)
into p (the piece prior to the loop), p’ (the piece which closes the loop) and p’’ (the
remaining piece, from the loop to the RT destination—D for F ants, and S for B ants).
Thereisa,loop-closing node" A whichjoinsp’ top’’. A has out-degree two: one out-
arc begins the piece p'’; another rejoins the loop. However this is impossible, as all
nodes in the RTG have out-degree one. (Note that p’’ must include at least one arc,
since the destination D has no out-arcsin its own RTG, and so cannot be on the loop.)

D (or S)

"

P

A

Fig. 1. Schematic for loop formation in the RTG. The heavy line is pre-existing structure; the
light lines are written by a single new agent (or ant). The new path points towards D or S, for
Forward- or Backward-pointing agents, respectively.

Thus the above condition is sufficient to give loop-free routing. It is also necessary.
That is, while it is possible for a finite number of agents to fail to meet the above
condition and till leave the RTGs loop-free, an arbitrarily large number of agents,
acting over along time, will create loops, as is easily demonstrated by example (see
for example Figure 2 below).

There are two obvious ways an agent can fail to write its entire path. One is that it
dies before completing the path. In this case, however, simple arguments show that,
for either FR or BN agents, premature death does not give loops.

As pointed out by Schoonderwoerd et a [4],[5], there is another way for an agent
to fail to write its entire path. What is needed is for two (or more) agents to write to
the same RTG (i.e, for the same D or S) at the same time. For example, two FR
agents can both seek and find the same D, and then, upon retracing, write to RTG(D)
in a sequence of moves such that, when both agents are finally finished and have died,
thereisaloop in RTG(D). That is, the two writing sequences can ,interfere” with one
another, such that the crucia piece of p’’—that is, the first arc of p’’ which leaves A
on the way to D—does not survive in the RTG for either agent’s path. The same is
true for BN agents writing to RTG(S).

In short, timing problems between simultaneously-acting agents, writing to the
same RTG, can give loops. Schoonderwoerd et al. observed this problem for the FR
agents of Appleby and Steward, and remedied it (without however articulating the
above criterion) by turning to BR agents. Since BR agents point Backward, they point
to S, which—being the source of its own agents—can keep track of how many agents
are writing to its RTG (and hold that number to one). The Retracing is used to let S
know that a given agent a is finished, so that S can safely emit another agent a'. Each
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S then ensures that one agent at a time acts on its RTG, and the above criterion is
satisfied. (Note that, for completely loop-free operation, the agents cannot be , smart”:
if they can point to intermediate nodes, then the simultaneous action of multiple
agents cannot be ruled out.)

4 Antsand L oops

The case of ants is more difficult than that of agents (=all-or-none ants). The reason is
simple: ants can never be guaranteed to write their entire paths to the RTG—such a
guarantee is in contradiction to stochastic routing. Ants add weight to a path that they
have found; and in general, some pieces of their path will be promoted to the highest-
weight RT entry after their action, and others will not. Hence the nice remedies, with
their accompanying guarantees, that we found in the previous section for agents
cannot be employed for ants.

Instead we must consider probable behavior. We find some encouragement from
the empirical result of Schoonderwoerd et a. [6] that , Although circular routes may
appear during the very beginning of the initialization, we found that they never persist
beyond this period.“ Here we find the strong word ,,never“: it says that persistent
loops are extremely unlikely for their ant-based routing scheme (in the present
notation, BN ants, with r routing for the ants, and g routing for the messages).

It is of interest to try to understand this empirical observation, and to extend that
understanding to other types of ants aswell. | will present probabilistic arguments for
the case of FR ants in this section. The arguments for BN ants take a different (and
longer) form, since the BN ants do not smell their own pheromone. Hence these
arguments are presented elsewhere [9]. | will assume for al ants, as previousy
assumed for agents, that individual ants will always take loop-free paths. Also let us
recall that we focus on the RTG formed solely from the highest-weight entries in the
RTs.

From our discussion of agentsin the previous section, we can extract a criterion for
an FR ant to form a loop. These ants leave source S on their way to destination D. If
they reach D, they retrace their path, along the way updating the RT pointing towards
D at each node visited. | assume only positive pheromone; hence the only effect such
an ant can have is to enhance the weight of the taken path, relative to the other options
at that node, for the destination D.

FR ants will then form a loop in the (previously loop-free) RTG if they fail to
promote the crucial piece of p'’ to highest weight, while subsequently promoting the
entire piece p’ to highest weight. We offer a schematic picture of such a development
in Figure 2.

Note that the pictures in Figure 2, and the qualitative arguments advanced below,
are also applicable if the destination D is replaced with an intermediate node, and the
RTs pointing to that node are being updated by a , smart” ant. Differences between
~plain® and ,,smart* antswill turn up at the quantitative level, but not at the qualitative
level of argument considered here.
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(t=0)

A

Fig. 2. Schematic for loop formation by an FR ant. Pre-existing structure, including pieces x
and y, is shown at (t=0). Subsequent time ordering is as indicated. Dashed arrows are paths
followed by the ant on its way back from destination D. Those that are promoted to highest
weight in the RTG become solid lines pointing towards D. A loop forms when p'’ is not
promoted, but p’ is.

Now we attempt to evaluate the likelihood of this loop-forming scenario. FR ants
are sengitive to pheromone levels that are reflected in the RTG—that is, thinking of
D-seeking ants as a , species’, FR ants are sensitive to their own species’ pheromone.
This means that the RTG depicts not only the deterministic routing for g-routed
messages, but also the likeliest routing for r-routed, D-seeking ants. So we see from
Figure 2 that, in order for the loop to form, the FR ant must, in its forward travel,
choose the piece p’ (upon leaving B) over the likeliest way y to D from B. It must, in
addition, choose the piece p’’, upon leaving A, over the most likely A-exit x. That is,
the ant must, for each of the final two sections of its journey, choose legs of less-than-
highest probability. The crucial point here is that the loop-forming scenario requires
two choices of the ant which must be of less than the highest probability, while saying
nothing whatsoever about the other choices. Since we neither require nor know
anything about these other choices, we consider ensembles of behaviors, under the
congtraint that the two crucia loop-forming choices are taken. The ensemble of loop-
forming choices then has, on average, a lower probability that the ensemble which
does not form loops.

In short: for FR ants, we find information in the RTG itself (to which FR ants are
sensitive) telling us that the loop-formation scenario involves two correlated unlikely
events. For BN ants—which do not , feel” the RTG(S)—more complicated reasoning
gives the result [9] that the loop-formation scenario requires the correlation of two
events, at least one of which must be unlikely.

We now consider the stability of loops formed by ants. Again we must use
probabilistic arguments. We assume an ant has formed a loop, and ask what are the
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likely effects of subsequent ants on this loop. First note that ants cannot affect a loop
without actually reaching at least one node on it—since ants only write to the RTs of
the nodes they visit. It must also reach D, since it writes to RTs upon Retracing. If it
does s, it will tend to promote the arcs on its path—including that arc which it used
to leave the loop. That is, it will try to promote an arc that, if successfully promoted,
will break the loop. If (as is common) it uses the quality of the entire path to update,
then it is most likely to promote its path—including the loop-breaking link—if it has
wasted little time in the loop. Thus every ant which can affect the loop, will, at one
node (at least) of the loop, attempt to break the loop by promoting a different arc; and
those ants likeliest to affect the loop will not likely reinforce many links in the loop
itself.

A similar conclusion may be reached for BN ants. every ant that affects the loop
will try to break it, at least one point on the loop. It is interesting to note that this is
true even for ants following the same path as that which formed the loop. That is,
subsequent ants (FR or BN) which follow the route p'’-p’-p will work to demote x (by
promoting p’’) and break the loop. More colloquially, we can say that if the first ant
that formed the loop has actually detected ,,good routes*, subsequent devel opment
will open the loop.

5 Summary and Conclusions

In this paper | have examined the susceptibility of distributed routing schemes—
coarsely categorized as ,,ants* and , agents‘—to the formation of routing loops. For
agents—which employ deterministic, rather than stochastic, routing—a simple
criterion was found, which is both necessary and sufficient for loop-free operation.
This criterion gives a clear and concise explanation for previous experience with
loops and all-or-none routing agents. It also gives a clear guideline for future efforts
in the same direction.

For ants, employing stochastic routing, the abovementioned criterion for loop-free
operation cannot hold; there is thus no reasonable way to guarantee completely loop-
free behavior for ants. Instead one must hope to make loops ,, highly unlikely“. | have
offered probabilistic arguments towards two points: why the formation of loops is
unlikely; and why a loop, once formed, is not likely to persist. These arguments,
while far from rigorous, offer some understanding for a phenomenon which has been
observed in simulations, but not explained—namely, that small, unintelligent ants,
possessed only of local information, should still manage to enforce (with very high
probability) a non-local property: the absence of loops.

These arguments could and should be supplemented further, both by more
thorough theoretical considerations, and by the testing of their ideas and conclusions
with further simulations. Certainly, if ants are ever to be turned loose on the real
networks that we use and depend upon, we must be able to trust them to do a good
job; and that trust must be grounded in a good understanding of why they will do so.

Acknowledgements. | thank Ruud Schoonderwoerd for helpful discussions on these
guestions.
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Abstract. Ant Colony Optimisation based solvers systematically scan
the set of possible solution elements before choosing a particular one.
Hence, the computational time required for each step of the algorithm
can be large. One way to overcome this is to limit the number of element
choices to a sensible subset, or candidate set. This paper describes some
novel generic candidate set strategies and tests these on the travelling
salesman and car sequencing problems. The results show that the use of
candidate sets helps to find competitive solutions to the test problems
in a relatively short amount of time.

1 Introduction

The Ant Colony Optimisation (ACO) [I] meta-heuristic is a relatively new opti-
misation technique based on the mechanics of natural ant colonies. It has been
applied extensively to benchmark problems such as the Travelling Salesman
Problem (TSP), the job sequencing problem and the Quadratic Assignment
Problem (QAP). In addition, work on more complex problems that have dif-
ficult constraints in such areas as transportation and telecommunications, has
been undertaken [I]. Since ACO is a constructive meta-heuristic, at each step
ants consider the entire set of possible elements before choosing just one. Hence,
the vast majority of an ant algorithm’s runtime is devoted to evaluating the util-
ity of reachable elements and so ACO techniques can suffer from long runtimes if
attention is not paid to constructing appropriate subsets of elements from which
to choose. There has been little work done in this area, despite the fact that this
can potentially improve the efficiency of ACO, especially for large real world
problems. The way that this is achieved is via candidate set strategies.
Candidate set strategies have traditionally only been used as part of a lo-
cal search procedure applied to the solutions generated by ACO. However, the
strategies developed for local search heuristics such as 2-opt and 3-opt are inap-
propriate for use in the construction phase of the ACO algorithm, and it is only
in later improvements of Ant Colony System (ACS) that candidate set strategies
were applied as part of the construction process [2J3]. The most common candi-
date set used for the TSP is nearest neighbour, in which a set of the k nearest
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cities is maintained for each city. Ants select from this set first and only if there
are no feasible candidates are the remaining cities considered. This approach has
been particularly useful on larger problems (more than 1500 cities) [2]. In some
instances, maintaining sets of less than 10 cities can be sufficient to contain all
the links in the optimal solution []. Bullnheimer, Hartl and Straufl [5] also use
a nearest neighbour candidate set their ant system for the vehicle routing prob-
lem. Another static approach for geometric problems is to create a candidate set
based on the Delaunay graph, augmented with extra edges to provide sufficient
candidates [4].

Both the nearest neighbour and Delaunay graph candidate set approaches can
be easily generalised for problems in which each element has a relationship with
each other element, such as the TSP. However, for problems that do not exhibit
strong relationships between elements, such as in the QAP where facilities relate
to locations but not to other facilities, these techniques are difficult to apply.

Each of these techniques uses static candidate sets generated a priori (i.e.
candidate sets that are derived before, and not updated or changed during,
the application of the ACO meta-heuristic). In contrast, dynamic candidate set
strategies require the sets to be regenerated throughout the search process. Al-
though used routinely in iterative meta-heuristics like Tabu Search (TS) [6],
their use in ant algorithms has only been suggested by Stiitzle and Hoos [7]. As
much of the power of ACO comes from the use of adaptive memory (pheromone
trails), it is likely that using dynamic candidate set strategies will lead to fur-
ther improvements in both solution quality and computational runtime. This
paper outlines generic dynamic candidate set strategies for a wide variety of
common combinatorial optimisation problems. In addition, we test some appro-
priate generic strategies on the TSP and the car sequencing problem (CSP) [§].
An extended version of this paper is also available [A].

This paper is organised as follows. Section [2] gives a description of some
generic candidate set strategies. Section [3 outlines the computational experi-
ments and Section [4] has the concluding remarks.

2 Generic Candidate Set Strategies

Candidate sets strategies can be broadly divided into two approaches: static, in
which candidate sets are generated a priori and used without change throughout
the search process, and dynamic, in which candidates sets are regenerated during
the search. Static approaches are more problem specific and suitable for simpler
problems such as the TSP. Dynamic approaches are more easily generalised
across different problem types and hence, their development and refinement is
necessary to solve complex problems.

The TS meta-heuristic was the first to make use of dynamic candidate list
strategies [6]. Greedy Randomised Adaptive Search Procedures (GRASPs) [10],
another constructive approach, also use a type of dynamic candidate set that
is highly similar to the first strategy described below. We describe how the TS
strategy of elite candidate set and a new general purpose strategy, evolving set
can be applied to ACO. Both of these approaches maintain separate candidate
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sets for each element in the solution, as in the static approaches used previously
in ACO.

1. Elite Candidate Set. Initially, the candidate set is established by considering
all possible elements and selecting the best k, where k is the size of the set,
based on their probability values (see Dorigo and Gambardella [2]). This set
is then used for the next [ iterations of the algorithm. The rationale of this
approach is that a good element now is likely to be a good element in the
future.

2. Ewvolving Set. This is similar to the Elite candidate set strategy and follows
an important aspect of the TS process. Elements that give low probability
values are eliminated temporarily from the search process. These elements
are given a “tabu tenure” [6] in a tabu list mechanism. This means that
for a certain number of iterations, the element is not part of the candidate
set. After this time has elapsed, it is reinstated to the candidate set. The
threshold for establishing which elements are tabu can be varied throughout
the search process depending on the quality of solutions being produced.

3 Computational Experience

Two problem classes were used to test the generic candidate set strategies, the
TSP and the CSP. The CSP is a common problem in the car manufacturing
industry [§]. In this problem, a number of different car models are sequenced
on an assembly line. The objective is to separate cars of the same model type
as much as possible in order to evenly distribute the manufacturing workload.
The TSP problem instances, from TSPLIB, are gr24, hk48, eil51, st70, €il76,
kroA100, d198, 1in318, pcb442 and att532. The CSP problem instances are n20t1,
n20t5, n40t1, n40t5, n60t1, n60t5, n80t1 and n80t5, and are available online at
http://www.it.bond.edu.au/randall/carseq.tar.

Our experiments are based on the ACS meta-heuristic. The computing plat-
form used to perform the experiments is a 550 MHz Linux machine. Each prob-
lem instance is run across 20 random seeds and consists of 3000 iterations. The
ACS parameter values used are: § = —2, global pheromone decay « = 0.1, local
pheromone decay p = 0.1, number of ants m = 10, ¢o = 0.9.

For both problem types, a control strategy and an ACS with a static can-
didate set were run in order evaluate the performance of the generic dynamic
strategies. The control ACS is simply ACS without any candidate set features.
The static set strategy for the TSP and CSP is nearest neighbour. For the CSP,
the separation distance between each pair of cars is calculated to produce the
nearest neighbour static set. In our experiments, we set k& = 10 for both TSP
and CSP.

3.1 Code Implementation

This section describes the mechanics of implementing the candidate set strate-
gies within the ACS framework. In particular, the heuristic for establishing and
varying quality thresholds is described and problem specific details are given.
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Elite Candidate Set. Elite candidate set as described in the TS literature
regenerates its candidate set after a predetermined number of iterations or if the
quality of elements in the set falls below a critical level. Our implementation
uses the former strategy, as it stores element quality at the time it generates
the candidate set. This makes it difficult to judge whether the current quality
of elements has dropped sufficiently to necessitate the regeneration of the set.
However, initial testing has shown that our method ensures that elite candidate
set runs quickly, while having minimal impact on the cost of solutions generated.
A candidate set may persist across iterations. Elite candidate set has two control
parameters: the size of the set (expressed as a constant number of elements) and
the refresh frequency (expressed as a (fractional) number of iterations). The
values used in the experiments are a set size of 10 and a refresh frequency of 0.5
iterations.

Evolving Set. At each step, the Evolving set strategy examines only those
elements that are reachable by an ant during that step to determine their tabu
status. Elements whose tabu tenure has expired cannot be immediately rein-
cluded on the tabu list. Elements can, and in these experiments were, placed on
the tabu list for more than one iteration. Hence, Evolving set can serve to focus
the search over a number of iterations, rather than just within a single iteration.
In addition to the tabu threshold, which is adjusted by the algorithm, Evolving
set has only one parameter, the tabu tenure. For these experiments this was set
at 15 iterations. Tabu tenures smaller than one iteration were used initially but
found to be less effective.

A simple heuristic has been developed for adjusting the tabu threshold pe-
riodically between preset upper and lower bounds. An initial threshold is es-
tablished by calculating all the elements’ probabilities and selecting a threshold
value such that 50% of elements are above it. The upper bound is set such that
10% of elements are above it, while 10% of elements are below the lower bound.
The mean cost of solutions produced is used as an approximate measure of the
overall quality of the population of solutions. It is recorded after the first iteration
and subsequently updated each time the threshold is adjusted. The threshold is
adjusted every 20 iterations by examining the proportion of solutions with a
cost better than the previously recorded mean. If there are proportionally more
solutions with an improved cost, the algorithm is assumed to be in an improv-
ing phase and the threshold is raised. If the reverse is the case, the threshold is
lowered to allow greater exploration to take place. The new threshold is related
to the old by Equation M

L R L (1)
m

Tmaz — T i mp—mg >0
S=LK T —Tmin HLmp—mg<0 (2)
0 otherwise

m is the total number of solutions, m; and m, are the number of solutions with
better and poorer costs than the previous mean respectively, s is a scale factor
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determined by Equation 2, and 7r,,;, and 7,4, form a lower and upper bound
on the threshold.

Problem Specific Implementation Details. For the TSP, an ACS element
is represented by a city. The cost of an element(city) is simply d;; where 7 is the
previous city and j is the current city.

For the CSP, an element is represented by a car. At each step, each ant adds
a new car to its production line schedule. In order to calculate the element/car
cost, all of the previous cars must be examined in relation to the new car. If any
of these cars are of the same model type as the new car, the separation penalty
(i.e. cost) for that model type is recalculated.

3.2 Results

The results are given in Table[[] Results are presented as the Relative Percentage
Deviation (RPD) from the best known cost, calculated according to % x 100,
where ¢ is the cost of the solution and cpes; is the best-known cost for the
corresponding problem. The minimum (“Min”), median (“Med”) and maximum
(“Max”) measures are used to summarise the results as they are non-normally
distributed. Given the high consistency of results for CPU time (in seconds),
only the median CPU time is reported.

For the TSP, the Elite candidate set strategy appears to offer the best perfor-
mance in terms of solution cost, while the static candidate set strategy offers the
best increase in speed. The Evolving set strategy also produces better solutions
than normal ACS in less time, but its solutions are generally more expensive
than those produced by Elite candidate set and the static candidate set strat-
egy. It is important to note that the time used by the candidate set strategies is
highly dependent on the values of their control parameters.

Further experiments were carried out in which the static set and Elite can-
didate set strategies were run for equivalent time as the control strategy. These
found that their respective performances on cost could be improved if they were
run for more iterations, although the static set’s performance was still worse
than Elite candidate set’s.

For the CSP, Evolving set appears to perform best in terms of cost, but
is actually slower than normal ACS. Larger candidate set sizes may improve
the performance of the static set, which was often found to contain no usable
elements requiring all elements to be examined. In contrast, Elite candidate
set regularly regenerates its candidate set and does not suffer from this problem.
However, Elite candidate set did not perform well on the CSP in terms of solution
cost.

4 Conclusions

This paper has described some generic candidate set strategies that are suitable
for implementation within ACO. This has been a preliminary investigation and
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Table 1. Results for each strategy applied to the TSP and CSP

TSP CSP
Strategy Problem Cost (RPD) CPU Problem  Cost (RPD) CPU
Instance Min Med Max Time Instance Min Med Max Time
Control gr24 0.0 0.5 5.0 17 n20t1 20.7 56.0 86.2 9
hk48 0.0 04 34 68 n20t5 29.3 33.3 68.0 9
eil51 0.5 2.6 5.2 77 n40t1 42.5 58.6 73.3 31
st70 1.6 3.3 9.5 145 n40t5 27.0 324 47.2 31
€il76 1.5 3.8 84 170 n60t1 113.8 141.8 162.5 68
kroA100 0.0 1.2 3.5 293 n60t5 24.2 33.4 50.0 67
d198 1.0 1.9 3.2 1144 n80t1 44.2 57.3 73.0 120
1lin318 8.8 12.3 15.9 2948 n80t5 24.7 34.3 47.2 119

pcb442  20.1 23.9 27.7 5772
att632  20.2 26.4 31.6 8384

Static gr24 0.0 0.5 5.3 15 n20t1 5.2 14.7 25.9 15
hk48 0.0 0.6 24 30 n20t5 49.3 50.7 52.0 15
eil51 0.5 2.6 5.2 32 n40t1 70.5 84.2 96.6 41
st70 0.3 2.0 7.9 45 n40t5 33.2 39.5 50.3 38
€il76 1.1 2.1 3.5 49 n60t1 196.1 209.9 273.0 79
kroA100 0.2 1.1 6.4 68 n60t5 30.1 37.5 50.2 79
d198 1.6 3.0 4.7 164 n80t1 67.0 80.2 109.4 136
1in318 2.6 7.7 13.1 332 n80t5 40.0 53.0 63.9 138

pcb442 7.0 11.0 15.6 438
att532 6.3 10.3 13.3 633

Elite gr24 0.0 0.5 4.4 10 n20t1 70.7 95.7 136.2 6
Candidate hk48 0.0 0.3 2.2 38 n20t5 68.0 97.3 174.7 5
Set eil51 0.5 3.1 6.1 43 n40t1 80.8 124.0 176.0 22
st70 0.3 2.0 9.2 83 n40t5 90.9 119.3 127.0 22
€il76 1.3 3.4 5.9 98 n60t1 227.6 257.6 323.7 54
kroA100 0.0 0.8 5.8 168 n60t5 107.8 129.2 133.6 55
d198 0.8 1.5 2.1 686 n80t1 101.2 151.4 210.6 107
1in318 1.9 3.5 5.1 1770 n80t5 92.0 123.6 154.8 109

pcb442 3.1 5.8 8.4 3518
att532 3.8 4.9 6.2 5075

Evolving gr24 0.0 0.6 5.0 9 n20t1 6.9 129 224 23
Set hk48 0.0 0.1 34 27 n20t5 10.7 10.7 12.0 17
eil51 0.7 2.6 5.6 28 n40t1 3.4 13.4 21.9 86
st70 0.7 39 7.3 47 n40t5 5.1 5.7 10.2 72
€il76 1.1 2.8 6.7 62 n60t1 68.4 78.0 90.1 198
kroA100 0.0 0.5 4.6 98 n60t5 21 28 46 174
d198 0.7 1.8 4.0 355 n80t1 10.0 15.9 22.7 358
lin318 3.2 5.0 6.5 954 n80t5 0.5 1.8 3.9 307

pcb442 13.8 17.4 20.4 1861
att632  13.5 17.1 22.8 2883

it is likely that other candidate set mechanisms, apart from the ones described
and tested herein, are possible.

The results indicate that dynamic candidate set strategies can be applied
quite succesfully in an ACO setting to combinatorial optimisation problems such
as the TSP and CSP. However, each strategy’s performance across the two prob-
lem types is not consistent. Further investigation into why certain candidate set
strategies perform well on some types of problem and poorly on others needs to
be carried out. The effects of different control parameter values also need to be
more fully explored.

It is conceivable that the results could have been improved by the application
of a local search procedure. This has not been done as the primary purpose of
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this study is to investigate how candidate set strategies can be applied in a
general way to constructive meta-heuristics.

In order for ACO meta-heuristics to be used routinely for practical optimisa-

tion problems, further empirical analysis of these candidate set techniques needs
to be undertaken. Future work will involve studying how the contents of these
dynamic candidate sets change with time using these strategies across different
problem types.
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Abstract. This study considers the routing and wavelength assign-
ment problem (RWA) in optical wavelength-division-multiplexed net-
works. The focus is dynamic traffic, in which the number of wavelengths
per fiber is fixed. We minimize connection blocking using an ant-colony-
optimization (ACO) algorithm that quantifies the importance of com-
bining path-length and congestion information in making routing deci-
sions to minimize total network connection blocking. The ACO algorithm
achieves lower blocking rates than an exhaustive search over all available
wavelengths for the shortest path.

A wavelength-routing all-optical network consists of wavelength-crossconnect
nodes interconnected by fiber links. A set of individual network demands are
routed from origin to destination (O-D) nodes, across these fiber links. The
higher transmission capacity of all-optical networks is accomplished, in part,
by sending multiple signals simultaneously through the same fiber-optic cable
using wavelength-division multiplexing (WDM), which transmits multiple data
streams simultaneously on different frequencies, or wavelengths.

1 Problem Definition

In wavelength-routed WDM networks, lightpaths are established between nodes
and can span multiple fiber links in the network. A lightpath is realized by allo-
cating a wavelength on each link comprising a path between two nodes. In the
absence of wavelength-conversion equipment, a lightpath must occupy the same
wavelength on all of its links, a property known as the wavelength continuity
constraint.

Once a network is designed, the routing and wavelength-assignment problem
(RWA) determines a set of lightpaths to carry the designated communications
traffic. In the static RWA problem, all lightpath requests are known in advance,
and the objective is to minimize the network resources required to satisfy all
demands. The focus of this study is the dynamic RWA problem, in which light-
path requests arrive dynamically, and the number of wavelengths is limited.
The objective is to minimize connection blocking. The optimal RWA problem is
NP-complete [2], and thus is suited to heuristic methods.

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 250-255] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Although the RWA problem has been studied extensively, this paper intro-
duces a new algorithm for evaluating potential routes based on length and con-
gestion information. Ant-colony optimization (ACO) as a method for routing
and wavelength assignment on all-optical networks is introduced, and provides
valuable insight on the length-versus-congestion tradeoffs. While ACO has been
applied to the static RWA problem, this is its first use for the dynamic case. ACO
is used to test the hypothesis that occasionally choosing slightly longer paths
with less congestion improves blocking performance. ACO provides an effective
testing platform for investigating the efficacy of unconstrained dynamic routing,
by using ants that prefer paths with lower levels of network traffic.

This study decreases blocked requests by quantifying the importance of using
congestion information. When confronted with a shorter path carrying more
traffic or a slightly longer path with less congestion, the question of how much
additional path length is acceptable to avoid congestion is examined.

2 Background and Previous Research

In [H], ACO is applied to the static routing and wavelength assignment problem
and provides a background for the ACO approach to the dynamic RWA presented
in this paper. In each algorithmic time step, ants move from each demand origin
to each destination. Varela introduced backtracking, with each ant keeping a
“tabu” list [6] of previously visited nodes. Backtracking avoids dead-ends and
cycles—an approach adopted in the ACO algorithms in this paper. When an ant
finds itself blocked, it pops its current location from a list of visited nodes and
attempts to proceed from the previous location. This ability requires each ant’s
memory to contain a list of nodes visited in order.

Each ant in 4] maintains its own type of pheromone, and while ants are
attracted to their own pheromone, they are repulsed by the pheromone of other
ants in order to obtain even loading. The best results are achieved through a
global update wherein ants are increasingly repulsed by paths on which more
ants have traversed. Maintaining an ant and pheromone type for each connection
request is time consuming, however.

All work in this paper focuses on extensions of work done on the dynamic
RWA problem. The previous studies have focused on k-shortest-path-based rout-
ing schemes [13]. More recent developments have incorporated congestion infor-
mation into routing decisions [58I12].

Previous research tested the effectiveness of incorporating congestion infor-
mation by testing a k-shortest-path (ksp) algorithm against a single-shortest-
path strategy [7]. This work showed that a ksp algorithm achieves lower blocking
than a strategy in which only a single path is available.

Chan and Yum [§] compare two routing strategies: routing connection re-
quests on the shortest path with available capacity and on the least-loaded route
from source to destination. Since the latter paths may be significantly longer, the
shortest-routing strategy almost always provided lower blocking. A goal of this
paper is to combine these two strategies into a routing algorithm that chooses
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Total Pheromone
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p =4.0/6.0 = 66.6% p=0.5/6.0 =8.3% p=1.5/6.0=25%
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Pheromone = 4.0 Pheromone = 0.5 Pheromone = 1.5

Fig. 1. Example path selection probabilities for an Ant at Node 1

short paths with low congestion, in an effort to improve performance over each
strategy individually.

3 Ant-Colony Optimization

In the ACO algorithm introduced in this paper, an ant’s “life” begins randomly
at either the origin or destination node of the demand. It proceeds until it finds
the corresponding destination or origin node, using a selected available wave-
length. Each ant chooses its wavelength according to parametric rules such as
most-used or random selection. At the completion of its search, the ant deposits
pheromone along the path. In addition, each ant has memory of all nodes pre-
viously visited. Subsequent ants proceed similarly, choosing each vertex in their
search paths based probabilistically on the level of pheromone on the connecting
link, as shown in Figure [l and described below.

We use the following notation: N is number of ants per connection request;
L the set of links available from the current node; ¢ the normalized weight of
length vs. weight of number of available wavelengths; [ a link compromising a
path P; [. the total capacity in wavelengths of link [; [, the set or available
wavelengths on link /; and v; the level of pheromone on link I. The probability
~ that an ant will take a path [ is the pheromone on that path normalized over
the pheromone on all links available from the current node is v, = 1;/ > ;.

i€l

Pheromone is deposited on a per-demand basis. The pheromone matrix is
reset once the final selection of wavelength and route is made for a connection
request. This requires only one type of pheromone and avoids much of the over-
head found in the implementation of the static case in [4], which requires running
times on the order of hours. Even loading is achieved by having more pheromone
deposited on paths that fewer previously routed O-D pairs occupy.

The shortest path found with the highest pheromone is selected as the best
and final route for the demand. It is important to note that this may not be the
shortest available path.
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A global pheromone update is performed after each ant completes a route.
The shortest path found receives pheromone in inverse proportion to its length.
We also favor paths that have the fewest conflicts with demands already routed.
Therefore, a component of pheromone update includes more pheromone for paths
with more available wavelengths. Global update is assigned based on the follow-
ing equations.

The sum of available lane quantity ratios for a path P is defined as Ap =
> %, with the mean available lane ratio for a path P of Mp = II%D\' The
leP
pheromone value on link [ at time-step ¢, given as 1, is updated according to
Equation [[l where the scalar parameter ¢ , 0 < ¢ < 1, controls the emphasis on
path length versus available-lane ratio.

=+ T Me(1— 9 M € P 1)

Although each ant initially chooses a wavelength, the final wavelength selec-

tion is not made until all ants have completed a tour from source to destination

for this connection request. The best route after N ants is found. Among the

contiguous wavelengths available along this path, one is selected based on the
most-used, first-fit, or random wavelength selection policy.

4 Computational Experiments and Analysis

For purposes of performance comparison, network blocking is the primary focus.
Hereafter, general references to the performance of a particular heuristic refer to
the percentage of blocked connection requests calculated during a simulation.

In all tests, connection-request arrival and duration rates follow a Poisson
distribution with a mean of \. All tests were conducted for 5x10° demands at
each Erlang. Load is measured in Erlang for the entire network, as in [1]. If
network traffic is modeled at 50 Erlang, and the 51st connection request arrives,
a random existing connection is broken and its resources freed. Testing was
conducted on the well-known 21-node, 26-link ARPA-2 network [7], with each
edge in the network having an assumed capacity of 16 wavelengths.

Parametric Tests. The first test conducted concerned the wavelength-
selection method. Random wavelength selection provided the lowest blocking
at 50 ants, but performance for random selection peaked at this N. At 200 ants,
most-used was the preferential method, outperforming first-fit and random at
all traffic levels. In both tests, differences in blocking were small and details are
omitted for brevity. However slight the differences in performance between wave-
length selection methods, most-used was the method employed in all subsequent
ACO tests.

The next set of tests concerned measuring blocking at several levels of N, for
a fixed ¢ of 0.50. Performance will only improve up to a certain number of ants,
although reductions in blocking percentages were seen at 200 ants. Significant
processing is required with N = 200, however this increased processing load is
easily distributed, a strength of the ACO algorithm. Results of 32, 50, and 200
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ants are presented in Fig. ] for four traffic levels. Two hundred ants provided
the best performance in all situations, and is the N value used for comparisons
with other algorithms in the next section.

Comparisons with Published Algorithms. Mokhtar and Azizoglu
present several heuristic RWA algorithms in [7]. They achieve the best results
through an exhaustive search over all wavelengths for the shortest available path
from source to destination. Their exhaustive search provided lower blocking than
methods employing static routing, and provides a benchmark for ACO algo-
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rithms in this paper. The ACO algorithm at various parameters was compared
with this algorithm, with the results displayed in Fig.[3. Using 200 ants, ACO
provides the best results, outperforming the shortest available path at every
traffic load. A ¢ value of 0.80 provided the best results in all but one case. At
70 Erlang, using no congestion information provided the best results by a slight
margin. These results seem to indicate that while short paths are important, the
best solution incorporates congestion information in selecting the route for each
connection request. With a ¢ = 1, congestion information is ignored, and the
algorithm searches exclusively for the shortest path. However, since an initial
pheromone value (¢) of 1.0 is present on all edges in the network, ants may not
find the shortest possible path.
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Abstract. The self-organizing and autonomous behavior of social insects such
as ants presents an interesting and powerful metaphor for applications in the re-
trieval and management of large and fast growing amount of online information.
The explosive growth of web documents has increasingly made more difficult
and costly the manual task of organizing the documents into meaningful catego-
ries by human experts. Hence, it is desirable that some degree of automation be
incorporated into the classification process to enable better scalability and pre-
vent human classifiers from being overwhelmed by the deluge of information.
This paper presents a preliminary investigation of applying a homogeneous
multi-agent clustering system based on the self-organization behavior of the ants
to the high-dimensional problem of web document categorization. A description
of the text processing needed to obtain significant document features is in-
cluded. The system will be evaluated on multi-class online English documents
obtained from a popularly used search engine.

1 Introduction

Recent research into measuring the size of the Internet had estimated that it is dou-
bling in size every year , @] In [[1]] that the lower bound number of publicly acces-
sible web documents had increased from 320 million as of December 1997 to 800
million as of February 1999. Even higher growth rate was reported in [@I, which esti-
mated the number of unique online documents at 2.1 billion as of July 2001, and is
expected to reach 4 billion in about seven months.

Such an explosive growth of online content has increasingly made more difficult
and costly the task of organizing and categorizing documents to expedite search and
retrieval. Currently, this immense task is still performed by human experts [E, but it is
unlikely that such a manual and laborious categorization system will be scalable to the
potential enormity of the Internet. Hence, the demand for an (semi-)automated process
to assist in this arduous task will surely increase in tandem. Nevertheless, to effec-
tively organize documents, we must first be able to identify like-content documents
and subsequently cluster them into representative groups.

Document clustering has been generally defined as the operation of grouping to-
gether similar documents into multiple classes, and can be used to obtain a global or
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local (query-based) analysis of a document collection [E]] Clustering would facilitate
subsequent categorization and indexing, thus improving search in large information
repositories such as in Internet search engines and portals. Most traditional clustering
algorithms either use a partitional or hierarchical approach to optimize predefined
similarity or dissimilarity measures based on geometrical distance measures or prob-
abilistic density estimations [E.

Before documents can be clustered, they are analyzed using text-processing tech-
niques [@ to extract a representative set of features for each document. The feature
extraction process basically involves finding the vector of words or set of descriptors
that best describes a document. In the case of textual documents, words taken directly
from the document are augmented with weights while disregarding the linguistic con-
text variation at the morphological, syntactical, and semantic levels of natural lan-
guage. The extracted word-weight vectors, known as a bag of words representation of
the document, is usually of high dimensions i.e. over 10,000 words.

In recent studies [E]I, several species of ants have been observed to exhibit ,,intelli-
gent* behavior locally that contributes to the emergence of global structures or pat-
terns as a result of their collective actions. This autonomous and self-organizing be-
havior, or Swarm Intelligence, have inspired research into new forms of computational
models which have been used in a variety of applications, ranging from exploratory
data analysis, network routing, job-scheduling, to graph partitioning. In this paper, we
investigate the use of an ant-inspired clustering algorithm to categorize English web
documents of different interest domains.

2 Ant Colony Models for Data Clustering

Data clustering is an explorative task that seeks to identify groups of similar objects
based on the values of their attributes . Clustering works on the inherent character-
istics of objects in the data and attempts to discover distinct boundaries to divide the
data set into meaningful partitions. In studying the Messor sancta ants, Deneubourg et
al. [B discovered that worker ants exhibit ,,clustering™ behavior by collecting their
dead and piling the corpses to form ,,cemeteries”. They derived a mathematical model
that generalized the ants’ behavior into two simple actions: i) picking up an isolated
item, and ii) dropping the item where more similar items are present. Assuming the
ants carry one item at a time and there is only one item type, they defined the actions
as the following probabilistic functions, P:

Picking up probability, P = P k 7 , (1)
_+_
1

2

f

Dropping probability, P, =| ———
k, +f

@)
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f is the fraction of items in the neighborhood of the agent, while k, and k, are

threshold constants. P, is high when f = 0, i.e. density of items in the agent’s vicinity
is low. Oppositely, when the density of items around the agent is high i.e. f > 1, P, is
high. Hence, isolated items will be moved by ants until more dense regions are found.

Deneubourg et al.’s model was later extended by Lumer & Faieta (LF) [E] to
include a distance function, d between data objects, hence removing the assumption of
type homogeneity and generalizing the model for exploratory data analysis. In the
latter model, the inherent similarity of higher-dimensional data objects are mapped
onto a lower-dimensional space. In their algorithm, agents move randomly on a 2D
grid and decides to pick up (if unladen) or drop (if laden) based on a local density
function, flo,) which measures the average similarity of the discovered object i with
other objects j in its neighborhood, N. Given a constant, ¢, the distance between object
i and j, d(0, 0)) and the cells in a neighborhood, N(c), f(0)) is defined as:

1 v 1_d(oi,oj)
ojeN(C) o

_— if £f>0
ro)={incey if f

3

0 otherwise.

In this paper, we employ a colony of homogenous ant-like agents similar to [B]I, but
with a reformulation of the local density to use a similarity instead of a distance
measure. We then apply our algorithm (see next section) to the high-dimensional and
non-trivial problem of clustering English web documents obtained from a popular
Internet search engine.

3 Homogeneous Multi-agent System for Document Clustering

Our multi-agent system based on an artificial ant colony and environment consists of
three main components: (i) the colony of ant-like agents, (ii) the items for clustering
(in this case, feature vector of web documents), and (iii) a square 2-D discrete space or
grid, which we call the clustering workspace. Agents do not fall off the foroidal work-
space and moves only one step in any direction at any time unit i.e. moving from its
original cell to an unoccupied adjacent cell.

Only a single agent and/or a single item are allowed to occupy a cell at a time. An
agent occupying any cell, ¢ on the clustering space immediately perceives a neighbor-
hood of 8 adjacent cells i.e. N(c) = 8. When an unladen agent encounters an item o, at
cell ¢, it decides to either pick up or ignore o, with a probability P, based on a local
density function, g(o,) which determines the similarity between o, and other items o,
where j € N(c). If an agent laden with item o, lands on empty cell c, then it calculates
a probability P, based on the same function g(o,) and decides whether to drop o, or
keep carrying it. Unlike f (see Eq. 3) which uses a distance measure and an additional
parameter o, the function g(o,) directly uses a similarity measure and is defined as
follows:
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1
g(oi)zi

N 2. S(o;,0;) > 4)

where § is the similarity between two object 0,and o,.
To model the inherent similarity within documents, we use the cosine measure,

2o S ’
oS

where r is the number of common terms in doc, and doc;, n and m is the total number
of terms in doc, and doc,, respectively, and f,, is the frequency of term b in doc,. A
useful property of S, is that it is invariant to large skews in the weights of document
vectors, but sensitive to common concepts within documents.

The picking up, P, and dropping, P, probabilities of the agent are replicated here for
completion. The algorithm used follows closely that proposed in [B.

S.os(doc;,doc ;) =

(&)

2
Picking up probability, P, (0,)= L ) 6)
k, +g(0;)

2g(0,) » if g(0,) <k,

N O @

dropping probability, P,(o,) = {

where k, and k, are threshold constants.

4 Experimental Results

As experimental data, we identified 84 web pages from 4 different categories—Busi-
ness, Computer, Health and Science. The documents were randomly retrieved from
the Google web directory within the corresponding categories. After text processing,
the collection of web documents yielded 17,776 distinct words.

We used a 30x30 toroidal grid for the clustering workspace and 15 homogeneous
agents. The maximum number of iterations, ¢, for the algorithm was set to 300,000.
The experiment was repeated with different initialization points, and values of k, (see
Eq. 6) and £, (see Eq. 7) in [0.01, 0.2] with an increment of 0.05 for each run. Figure 1
shows the results for k, = 0.01 and k, = 0.15 at progressive time-steps of ¢. Upon ini-
tialization, ¢ = 0, the 86 documents (see Fig. la) and 15 agents (not shown) were
placed at random cells on the workspace. To better visualize the results, we marked
the location of each document on the workspace with its actual category.

After 50,000 iterations (see Fig. 1b), clusters of mixed-categories of documents
were formed. Since the workspace is continuous, clusters occupying the upper-left
and bottom-right regions can be considered as a single cluster. The size of clusters
varied from a minimum size of 6 documents to a maximum of about 40.
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At ¢ = 300,000, four distinct clusters of near-homogeneous type were obtained (see
Fig. 1d). The majority of documents in each cluster originated from a single category,
and documents from different categories were grouped into different clusters. Table 1
presents the quality of the induced clusters according to the measures of entropy and
purity [E. The number of clusters equaled the actual number of web document catego-

ries, although 8 documents remained scattered.
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Fig. 1. (a-d) Two-dimensional spatial distribution of web documents on a 30x30 toroidal grid at
different time steps, ¢. The different categories of web documents are marked with symbols
for Business, X for Computers, p for Health and # for Science

(d) ¢ = 300,000
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Table 1. Summary of clustering quality. Cluster number are as indicated in Figure 1.

Cluster Entropy Purity Majority Class
1 0.84 0.54 Health
2 0.65 0.63 Business
3 0.63 0.65 Computer
4 0.57 0.71 Science
Overall 0.63 0.56 -

5 Concluding Remarks and Future Directions

In this paper, we presented the findings of our initial study on using a multi-agent
system based on the collective behavior of social insects i.e. ants, in clustering web
documents retrieved from a popular search engine. Unlike earlier work, we introduced
the direct application of the cosine similarity measure for determining the local density
of web documents. Our experiments show that the proposed multi-agent system is able
to induce near-homogeneous clusters, which number corresponds to the actual number
of document classes. The results obtained, although not on par with the classification
ability of human experts, do demonstrate the potential of ant-like multi-agent systems
in handling complex and high-dimensional data clustering.

In conclusion, there are still areas in the current system that have to be improved
before it can be benchmarked against well-established document clustering methods.
Among those we identify, and which will be in our future work, are a larger perceiv-
able time-dependent neighborhood for agents, formulation of a stopping criterion
based on homogeneity and spatial distribution of clusters, and introduction of phero-
mone traces on objects to deter random relocation and encourage cluster formation.
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Abstract. The Set Covering Problem (SCP) represents an important class of
NP-hard combinatorial optimization problems. Actually, the exact algorithms,
such as branch and bound, don’t find optimal solutions within a reasonable
amount of time, except for small problems. Recently, the Ant systems (AS)
were proposed for solving several combinatorial optimization problems. This
paper presents a hybrid approach based on Ant Systems combined with a local
search for solving the SCP. To validate the implemented approach, many tests
have been realized on known benchmarks, and, an empirical adjustment of its
parameters has been realized. To improve the performance of this algorithm,
two parallel implementations are proposed.

Introduction

The Set Covering Problem (SCP) is one of the most studied NP-hard combinatorial
optimization problems. Many of the real world problems can be described as a SCP
[8]. Several methods were proposed in the literature to solve the SCP. The exact
algorithms are able to find an optimal solution at reasonable run-time for problem’s
instance with up to 400 rows and 4000 columns [1][6]. However, for larger instances
to be solved, heuristics, metaheuristics [2][8] and hybrid approaches [2][5][8]
successfully applied. Recently, the ant system has been proposed as a new
metaheuristic for combinatorial optimization problems [4].

In this paper, we present a study that demonstrates the ability of the Ant System (AS)
to solve the SCPs. A hybrid algorithm [7] based on the AS and a local search heuristic
is proposed. The local search based heuristic is used as an intensification tool and as a
means to improve the ant’s solution quality. For the parameter settings, the algorithm
has been tested on standard benchmark [9]. The tests have revealed that our
implementation is found the optimal solution or the best-known solution on some
instances within a reasonable run-time. In order to improve the solutions quality and
reduce the execution time, we have implemented two parallel approaches [3][10] of
our hybrid algorithm (AnzsLS). The first approach duplicates the algorithm on several
processors units, which progress independently from each other. In the second
approach, each ant is considered as a process, which is assignable to one processor
unit. Experimental tests confirm that these parallel approaches offer good
performances comparing to sequential algorithms.

M. Dorigo et al. (Eds.): ANTS 2002, LNCS 2463, pp. 262-267, 2002.
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1 The Set Covering Problem

Given a zero-one matrix (a,) of m-rows and n-columns; a n-dimensional positive
integer vector (cost) corresponding to the costs of the columns, the problem consists
of extracting a subset of columns with a minimal cost such as all the rows are
covered. A row i is said to be covered by a column j if the entry a, is equal to 1. The
variable x; indicates whether column j belongs to the solution (x, = 1).

The SCP can be stated as follows:

)i}

Minimize ) (cost, * x) @)
=]
Subject to the constraints:
Y oax=1  i=l.m ?) x e {01} j=l.n (3

=]

2 Ant System Optimization for the SCP

In AS, each ant constructs a solution in an iterative manner, taking into account the
past experience registered in the system memory (pheromone) and a greedy
algorithm. For solving the SCP, we use a greedy heuristic based on the ratio cover
value divided by cost (cov_val/cost) [8].

cov_val =¥ min_cost(i) 4)

i € cov(j.s)

cov(j,s) is the set of lines which are covered by the column j and not covered by the
solution S, and min_cost(i) is the minimum cost of the columns that cover the line i.

For a particular ant, the solution representation is a n bits vector (n stands for the
number of columns of the instance). Let S denote a solution. If the column j belongs
to an ant solution, then the j‘h bit takes the value 1 otherwise 0. An ant solution cost is
stated as:

f(S)=2X,_,, cost *S[j] (%)

The transition rule of an ant is the probability that an ant chooses one column when
constructing a solution. The transition rule we use is established as follows [6]:

P,(j)=(Phero[j1* * H[jI’)/ ¥_, . (Phero[i]* * H[i]?) ifjeS§, 0 else (6)

th

S, is the set of columns belonging to the partial solution of the k™ ant), Phero[j] is the
pheromone deposed on the column j, o and P are parameters determining the relative
importance of pheromone with regard to the greedy heuristic criterion
H[j]:cov_vali/costi.

When all ants have generated their solution, the pheromone is updated in order to
influence the next iteration. Effectively, each ant k deposits a precise quantity of
pheromone on each column j, belonging to the just-constructed covering S, in the
following way [6]:
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Pherol[j] = ( 1- p) * Phero[j] + 2.

i=1.m

APhero, [j] (7

with APhero,[j]=1/f(Sy) if je Sy and O otherwise, and p is a parameter that determines
the decreasing rate of pheromone (0<p<1).

In the first step of the algorithm (Ants) proposed, the pheromone is initialized. The
initialization rate is chosen arbitrarily but is identical for each column of the treated
problem. The search process is composed in a series of iterations. In each iteration,
each ant constructs a feasible cover. The artificial ant starts the search from an empty
solution (containing no column). Then, for each step, it adds a column to the solution
with respect to the equation (6). When an artificial ant constructs a feasible cover, the
redundant columns are eliminated. When all ants have finished, the pheromone
updating is made according to the equation (7) and the best solution found is updated
too (Ant-best). At the end, if the artificial ants reach the pre-established rate
convergence (rate_conv) then the search process is stopped and the best-found
solution is returned. Otherwise, new search iteration is started up.

In order to test the efficiency of the implemented algorithm Ants, experimentations
have been made on SCP instances extracted from the OR-library [9]. For each
instance, we have realized 10 tests on a Pentium II-700 Mhz station.

We have observed that the algorithm Ants, has rarely found the best-known solution.
Statistically, the algorithm has found the best solution for only 2 tested instances
among 65. On the other hand, the average rate deviation is 5.66. This lack of
efficiency is the resulty of the shortcomings in the intensification search [4][6]. In
order to compensate this drawback, we have coupled the Ants algorithm with a local
search heuristic.

3 The Ant System Hybridized with a Local Search Based
Heuristic

To improve the solutions found by the ants, a local search based heuristic is applied.
This algorithm (LS) uses a neighborhood function which works as follows: in the first
step, D columns are chosen to be modified, so if a chosen column belongs to the
solution then it will be dropped, otherwise it will be added. In the second step, the
cover is repaired by adding columns j randomly with respect to the heuristic
cost}/cov_valj and so that cost, is less than or equal to the maximum cost in S.

One can observe that the LS finds the optimal solution or the best-known solution on
20% of the tested benchmarks [9]. Furthermore, these results are better than those
found by the Ants algorithm.

The first step of the hybrid algorithm AntsLS proposed initializes all the used
parameters. At the second step, the ants searching process is started. At each iteration,
each ant constructs a solution with regards to the equation (6). When a feasible cover
is realized, each ant applies a local search on its solution. When the ants reach a
convergence threshold, its value is reasonably set to 98%, the ants searching process
is stopped.
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As a result of the experimentation, one can notice that the algorithm hybridizing AS
and the local search approximates the optimal solution for 55% of little-scaled
instances and finds the pseudo-optimal solution for 60% of SCP large-scaled
instances [9]. These results show clearly that the combination of AS with local search
lead to improvement with regard to local search or AS only. On the other hand, we
notice that the run-time was multiplied by 2. This increase is due to the application of
local search heuristic by each artificial ant. To reduce the run-time and improve the
solution quality, we propose two parallel implementations [3][10] of the latter
algorithm AntsLS.

4 Parallel Implementation of the Proposed Algorithm AntsLS

4.1 Multi-start Independent Parallel Search

In this parallel implementation, several searches based on the AntsLS algorithm are
launched simultaneously. This parallel approach, that does not need communications
between the different search processes, is well fitted to the architectures devoted to
high-level flow communication such as a network of workstations. In this
implementation (fig. 1), a master process creates several copies based on AntsLS
algorithm. It gets back all the solutions found by the search processes and returns the
best solution found. To measure the efficiency of this algorithm, we have done several
tests on the SCP large-scaled instances (more than 500 lines and 5000 columns) [9].
The algorithm was implemented with PVM/C. It was run on a network that connects
Pentium II-700 MHz machines. For each test, we have launched 40 processes on 40
machines. For each process, we have used 20 artificial ants.

We notice that the multi-start independent parallel search improves appreciably the
solutions quality found compared with AntsLS algorithm. Actually, the solution
quality was improved for the instances: E3, F5, G2, G3, G5, and H1 [9]. On the other
hand, we have got the best-known solution for the instances: E3, F5, and GS5.
Moreover, the average deviation rate is 0.74%, the average Speedup is 37.17 and the
average efficiency is 92.93%. The obtained results are explained by the fact that the
probability to reach the best solution was multiplied by 40 (the number of parallel
processes). On the other hand, the parallel search efficiency is explained by the fact
that the communication rate is very reduced. Actually, the communication is
performed when the slave processes are created and when the results are send to the
master process.

4.2 The Parallel Ants

In this parallel implementation, one copy of the AntsLS algorithm is used. In this
algorithm, each artificial ant is considered as a separate search process. At the step in
which the ants constructs their solution, all the ants process are launched at the same
time. Each ant process is set on an independent processor. The master process sends
the necessary information (pheromone) to each ant. Then, each one, independently
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from each other; constructs its solution. Thus, the master process gets back the
solutions as each ant process finished. When all the solutions are received, the master
process updates both the pheromone and the best solution, then it restarts the ants
processes after it returns them the new value of the pheromone. The search process is
stopped when the ants reaches a predetermined convergence threshold. The algorithm
implementation is shown in the figure 2.
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Fig. 1. Multi-start independent parallel

: Fig. 2. Parallel ants in the AntsLS algorithm.
search of the AntsLS algorithm.

To measure the efficiency of this algorithm, we have done several tests on one SCP’s
instance of each problem class [9]. For each performed test, we used 20 artificial ants
launched on 20 machines. The table 1 shows the results of the performed tests.

Table 1. Results of the search: parallel ants.

I |Tp| Ts S E |1 ]| Tp Ts S E 1 Tp Ts S E
41 120 | 159 | 7,95 (39,75|C1| 66 | 1003 | 1520 | 7598 | Al | 48 556 | 11,58 |57,92

5135|264 7,54 |37,71|D1| 59 837 | 14,19 | 70,93 | Bl | 47 482 | 10,26 [51,28
61 |29| 122 | 4,21 |21,03]JEL| 75 | 1252 | 16,69 | 8347 | F1 | 91 | 1229 | 13,51 (67,53

I: instances [9]; Tp: parallel time in second; Ts: sequential time in second; S: speedup; E: efficiency in %

In this parallel implementation, we were interested to the obtained gain of the parallel
run-time. The average speedup is equal to 10.95 and is not uniformly distributed
according to the treated instances. This value increases in proportion with the treated
scale problem. This can be explained by the fact that the communication time is very
high compared with the global run-time in the little scale instances.

5 Conclusion

In this paper, we have presented a study concerned with the developpement of AS-
based hybrid metaheuristic for solving the SCP.
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Several algorithms (Ants, LS, AntsLS) and two parallel versions of AntsLS have been
implemented and strongly tested. We aimed at incrementally enhance our algorithms
in order to reach better results. According to the experimentations related in the
literature, the parameter setting is a hard and crucial key for efficiency. Nevertheless,
the hybrid algorithm yields better results then Ants and LS used alone. Indeed, AntsLS
approximates the optimal solution for 55% of little-scaled instances and finds the
pseudo-optimal solution for 60% of SCP large-scaled instances [9].

In order to limit the computational time and to refine the results of sequential
approaches, parallel algorithms have been developed. They neatly improve the quality
of the solution (average deviation is of 0,74% on the PVM/C platform) and reduce the
overall execution time of the algorithm.

However, we assume that this work should benefit from further work. At the moment,
we are refining parameter setting and we are testing a new hybridization schemes
involving AS.
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Abstract. Manufacturing Control Problems are still often solved by
manual scheduling, that means only out of the workers experience. Mod-
ern algorithms, such as Ant Colony Optimization, have proved their ca-
pacity to solve this kind of problems. Nevertheless, they are only used
exceptionally in real world. There are two main reasons for that. Firstly,
an ant-based scheduling tool has to fit into the organizational structures
of today’s companies, i.e. it has to be coupled with the Enterprise Re-
source Planning-system (ERP-system) used in the company, in order to
ensure that the capacity of the colonies search is used as efficiently as pos-
sible. The second reason is the size of the real world shop floor scheduling
problems. In order to be able to deal with that problem, the authors pro-
pose a continuously operating Ant Algorithm, which can easily adapt to
sudden changes in the production system.

1 Introduction to the Problem

Shop floor scheduling solves the machine allocation problem. It is a much exam-
ined, N"P-hard problem.

In Operations Research, models for these kind of problems and heuristics
to solve them had been developed. But it was still not possible to handle shop
floor scheduling as an integral whole. The situation changed firstly due to the
introduction of evolutionary methods and other meta-heuristics like Simulated
Annealing or Treshold Accepting. A number of attempts have been made to solve
hard combinatorial optimization problems in the field of production control using
Genetic Algorithms [2], [13].

The objective of this work was to compare the developed Ant Algorithm -
which will be described in the third section - to the results achieved by a Genetic
Algorithm tested on the same real-world data.

2 The Ant Algorithm

The used algorithm, which is based on several works on this topic ([1], [3], [4], [6]
and [11]), has already been tested successfully e.g. in order to deal with the widely
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known Job Shop Scheduling Benchmark problems [9]. Job Shop Scheduling is
closely related to the problem considered here.

In order to use the algorithm also for Real-World Shop Floor Scheduling
problems, some adaptions and changes within the algorithm are necessary.

To store the pheromone, a Position-Operation-Pheromone-matrix (P-O-P-
matrix) is employed (see figure ). Within that, the operations are stored by
an accessary operation number (onr). Pheromone values (7,0s,0nr) are allocated
to the fields of the matrix during the solution process of the algorithm. The
pheromone values of an operation depend on the position within the solution
sequence (permutation). The pheromone values are changed by the pheromone
update within each iteration according to the new solutions.

Time: t=0 Time: t=1
Job / Operation onr Ore) Job / Operation onr re)
% ¢ v ¢
2 3 8/o00000 102 2 3 8/lo0000 102
1 3 770020000 1 3 770020000
3 2 60000100 3 2 60000100
2 2 50200010 2 2 50200010
1 2 40011021 (New) 4 3 40120113
3 1 31002031 3 1 3/1 002031
2 1 2/10001300 (New) 4 2 210210010
1 1 112 000100 (New) 4 1 112 022 2 0 1
123456 7€pos 123456 7<€pos
Operations 1/1; 2/1 and 1/2 finished.
New Job 4 with Operations 4/1; 4/2 and 4/3.

Fig. 1. Position-operation-pheromone-matrix

If a costumer inquiry is considered, a copy of the problem is used to generate
an answer. A new job is set up after the costumer had accepted an offer. The
new data is handed over to the Ant Colonies (by using an XML-File[12]) , which
are updating the P-O-P-matrix and start the search again.

Due to the filling up of the gaps, which are result of the finished jobs, and
the dynamic structure of the P-O-P-matrix connected with that, an allocation
table is required (see figure [2)), which establishes the relationship between the
operations within a job and the operation number (onr).

It is necessary to reset the pheromone values due to the continuously incoming
jobs/operations that have to be scheduled.

In case, a best solution is found in the end, all the operations of that solution
receive a certain additional amount of pheromone, appropriate to their position
in the solution. Because of that, during the next search, it is a lot more attractive
to schedule that operation again in the position because that position of the
operation already proved success. Thereby, the amount of the pheromone that
has to be delivered again, depends on two factors. On the one hand, it depends
on the time that remains between the current time (tc) and the attainment of
the delivery date (td;). That means, operations within a job having an earlier
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Allocation Table (t=1)
Job | Operation | Operation-
number
(Jn) 9) (onr)
1 3 7
2 2 5
3 8
3 1 3
2 6
4 1 1
2 2
3 4

Fig. 2. Allocation table (time: t=1)

delivery date are considered more important in scheduling than those operations
of jobs having a relatively greater temporal buffer (¢f;).

tf; =te; —tc (1)

The end of the job time window (te;) results out of the difference between
the delivery date (td;) and the sum of the processing durations of the remaining
operations of a job (see equation [2).

tej = tdj — Z pjk (2)

kGOjk
Ojk e PO

A second factor is the necessity of the increase of jobs with a higher priority,
and wit that of the operations belonging to these jobs, in comparison to other
jobs: This is considered within the initial pheromone values.

In case, the P-O-P-matrix has been developed and the initial values of the
pheromone are initialized, the algorithm starts. Each ant chooses the next op-
eration (onr), according to the set of feasible operations (PO), which can be
processed in the next step, as follows:

P o [Tpos,om"]a : [npos,mm“][j (3)
o0s,onr —
e ZhePO[Tpos’h]a * [Mpos,n)?
B o il L 0 Y L S @
posont ZhePO( 20:91 [ypos—Fk “Th,n])* - [npos,h]ﬁ
1
S 5
Tpos,onr Zj o, ( )
54
tf, G

tfj = tej - tbj (6)
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In order to be offered a detailled description of the used equations (B]) and
(@), consider [8] und [5].

Within the solution search, the heuristics value (7pos onr) is calculated with
regard to equation (B) in the following. The effect of the urgency on the selection
can be influenced by the parameter q. The greater ¢ the higher is the probabilitiy
of the selection of an operation disposing of a quite small temporal buffer.

The next technologically possible operation of a job is part of PO, that
means, part of the quantity of the operations that can be scheduled. The start
of the time window of the following operations (¢b;) of a job results from the
present time (tc), because the previous operations have already been completed
and the next possible operations (onr € PO) of a job could theoretically be
scheduled immediately:

tbj =tc

The amount of the pheromone of an operation at a position is restricted by
certain upper- (Tpmqz) and lower limits (7pip)-

Tmin < Tpos,onr < Tmaz

This idea is based on the works of Stuetzle [10] within which a higher solution
quality for known benchmark-problems has been achieved.

After all ants of all colonies generated a solution in this way, the global
pheromone update is carried out. Therefore, an elitist-strategy is applied. This
means that the ant having generated the best solution (mean lateness L) is
allowed to add pheromone according to:

Tpos,onr = Tpos,onr + P * I

In this case, pheromone is added to the positions of an operation in the
current best solution within the P-O-P-matrix.

After every generation, the evaporation is carried out in every cell of the
matrix, as follows:

Tpos,onr = (1 - ,0) * Tpos,onr (7)

Parameter p regulates the evaporation rate. The smaller p is, the longer the
pheromone informations are passed on.

3 Computational Results

The shop floor scheduling problem was tested on real world data provided by a
German engineering company. The plant is organized according to the workshop
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principle, which means that machines are grouped according to the operations
that have to be carried out using this ressource rather than according to the
products that are manufactured using this machines.

In order to be able to dispose of real world problem sizes and data, the
following numbers were recorded within a period of two months. The release
date, the finishing date and the due date of each job, as well as the date and
the duration of all occured disturbances in the manufacturing process (machine
breakdowns, material defects, illnesses of workers, etc.) were observed.

Because of comparing the reached solution quality, we used the mean flow
time and the mean lateness of jobs. For the comparison of the results achieved by
the means of the Ant Algorithm and other methods we used a priority rule sched-
uler (PRIORULE) and GACOPA which is a Genetic Algorithm using continuous
co-evolution of the parameter settings and parallelization [7]. The priority rule
scheduler was allowed to calculate a number of single, standard priority rules
(e.g.: shortest processing time, earliest due dates etc.) and combinations of these
rules. The best out of the achieved results was used. Manual scheduling achieved
a mean lateness of 2.4 days and a mean flow time of 13.2 days. These values
were set to 100% to ease the comparison.

Table 1. Relative results (manual scheduling = 100%)

scheduler |mean lateness\mean flowtime
MANUAL 100.0 % 100.0 %
PRIORULE 95.3 % 97.9 %
GACOPA 55.3 % 85.0 %
ANTS 61.8 % 87.7 %

The following parameters were employed for the tests: « = 1;8 = 1;p =
0,01;¢ = 0,8;v = 0,8;q = 2. The results presented in table [[l show that ants
perform very well, but not as good as the GACOPA, the results are compared
with.

4 Conclusion

As a result it can be stated that modern scheduling tools for real world shop
floor scheduling allow companies to mobilize a lot of reserves in the production
system at comparably low cost. The quality of the GA solution wasn’t achieved,
but it was the first work completed in this field with ACO. The authors further
research will be directed towards improving the presented approach by means
of solution quality, reducing of computation time and improving the parameter
settings.

Acknowledgements. This work has been supported by the Collaborative Re-
search Center 457 and the CBS GmbH.
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Abstract. The scouts of Leptothorax albipennis colonies find and assess
new nest sites, when their current nests become uninhabitable. Observa-
tions of these scouts have suggested that they assess, among other things,
the integrity of the internal periphery and the size of the potential nest
site. The hypothesis that the scouts use a ‘Buffon’s needle algorithm’
to estimate the nest size is supported by experiments. In this paper, we
present a behavioral model for the nest assessment of the scouts. This
behavior is implemented on an ant-bot, a simulated scout model, to study
the assessment process. We present the simulation results obtained from
this model by systematically varying the behavior and analyzing how
well the integrity of the periphery and the size of the nest was evaluated.
The results indicate that the accuracy of these two evaluations requires
conflicting exploration behaviors, and an optimal behavior requires a
compromise in the accuracy of both.

1 Introduction

Biological systems are excellent examples of how, seemingly complex, decisions
can be obtained through simple behaviors that implement rules of thumb or
clever procedures, that have evolved. Modeling the decision making process from
direct observations is a common methodology in biology. Although these studies
are essential for the understanding of the biological systems, we believe that con-
structing mechanical models that replicate the results obtained from biological
systems, is likely to improve our understanding of these systems. The construc-
tion process not only brings to the surface the small design details that may
have been skipped during modeling, but it also allows one to vary the parame-
ters of the constructed model to study the other varieties of the model that the
evolution had not chosen.

2 Nest Assessment in Leptothorax albipennis

Colonies of Leptothorax albipennis, a small monomorphic myrmicine ant species,
inhabit small flat crevices in rocks. When the current nest becomes uninhabit-
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able, the scouts explore the environment to find and assess new nest sites. These
ant scouts assess potential nest sites before they attempt to initiate an emigra-
tion of the whole colony. In their assessment, the integrity of the inner wall of the
potential nest site, and the floor area of the nest site seem to constitute two im-
portant criteria. Mallon and Franks[I2] observed the visits of individual scouts
to new sites. They have reported that scouts tend to make more than one visit
to a new site before attempting to initiate the emigration of their entire colony.
During their visits, the scouts spent a considerable part of their time exploring
the internal periphery of the site, while making seemingly random explorations
of the central part of the nest, Fig. [l No significant differences were found be-
tween the duration of the first (second) visits to nests of different sizes[2]. It is
also observed that in their second visits, the scouts “briefly but significantly slow
down” as they cross their first visit trails. Based on these observations and many
others, Mallon and Franks[I] suggested that the scouts lay an individual-specific
pheromone trail during their first visit, and that they use the intersection fre-
quency of their path with this pheromone trail during their subsequent visits to
estimate the floor area of the nest. They pointed out that, this strategy is con-
sistent with the Buffon’s needle method, a technique in computational geometry
to estimate m empirically, that can be adapted to measure space.

() (b)

Fig. 1. Two trails of a scout visiting a new nest site as traced by an overhead camera.
(a) shows the trail of the first visit, (b) shows the second visit.

They tested this hypothesis by tracing the visits of scouts to different poten-
tial nest sites in the laboratory environment. They counted the intersections of
traces between the first and subsequent visits separately within the central region
and the peripheral region of the new nests. The results obtained were consistent
with the Buffon’s needle method. Apart from the Buffon’s needle method, they
have also tested whether the ants use (a) the internal perimeter of the nest, (b)
the ‘mean, free-path-length algorithm’ to assess the size of the nests. However,
the experiments showed that (1) scouts were able to choose a standard-size nest
over a half-size one with the same internal perimeter and, (2) a partial barrier
placed inside a standard-size nest did not affect the assessment of the nest.
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While exploring a nest, the component of the behavior to check the internal
perimeter of a nest might be in conflict with the component of the behavior for
the measurement of the nest area. First, the ant will spend less time exploring the
central part of the nest decreasing the accuracy of the size assessment. Second,
it may be possible that the pheromone trail at the periphery can cause problems
for the implementation of ‘Buffon’s needle algorithm’.

This paper attempts to tackle these issues by constructing a simulation that
mimics the environment, the ant and its behavior model for assessing new nests.
By varying a parameter of the exploration behavior, the simulation allowed us
to study the dynamics of the assessment process for achieving an optimal assess-
ment of a new nest.

In the rest of the paper, we will first present the model for the simulation of
the ant and its environment. Second, we will describe the exploration behavior
of the ant model proposed for nest assessment. Third, we will describe the ex-
periments carried out and the results obtained. Finally, the results are discussed
and future directions for the work are outlined.

3 Simulation

We have modified YAK7 a free mobile robot simulator, to study the nest assess-
ment process ant scouts. The simulator is designed to simulate a physical mobile
robot, Khepera [3] (K-Team, Switzerland), by sampling the sensory readings
from a real robot [4]. Although it is not designed to simulate ants, it is preferred
since it models the interactions between the agent (robot) and the environment
in a realistic way. The simulation operates in 2-D.

3.1 The Ant-Bot

The ant-bot, sketched in Fig. 2H(a), is created as a model of the scout ants. For
this, the original Khepera robot model of the simulator is modified. The ant-bot
has four infrared proximity sensors placed in the front to imitate the short-
range sensing ability of the ant with its movable antennae, Fig. B-(b). It is also
equipped with a “pheromone nozzle” and a “pheromone detector”, both located
at the center of the body, the former for laying and the latter for detecting the
pheromone in the environment.

3.2 The Nests

Three different nest designs, are shown in Fig. Bl These nests are created by walls
as a closed rectangular space. Unlike the real nests, used in the experiments of
Mallon and Franks [1]], the entrances are omitted to remove the possibility of
the ant-bot leaving the nest prematurelyﬂ. The small rectangle shown under the

! Available at http://www.ida.his.se/ida/~johanc/yaks/
2 The scouts seem to spend a certain duration of time during their visits.
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(a) (b)

Fig.2. (a) Sketch of the ant-bot. The circle represents the body. The two elongated
rectangles placed on the left and right part of the body denote the wheels of the robot.
The four small rectangles on the upper part of the figure shows the placement of the
infrared proximity sensors. The concentric circles drawn at the center of the robot
indicate the pheromone nozzle and detector. (b) Leptothoraz albipennis.

nest, marks the position of the entrance. Within the environment the ant-bot is
drawn as a circle with a line connecting its right and left and right wheels.

The nest in Fig. [3] (a), shows the standard-size nest used in our experiments.
The nest design (b) shows a smaller nest which has half the size of the standard-
size nest. The nest shown in (c) is a standard-size nest with a partial barrier
placed at the center of the nest. The real ants can detect that nest (b) is too
small, yet they are not confused by (c), the standard-size nest with a partial
barrier. They respond to (c) as to the standard-size nest (a).

ta) ) ©

Fig.3. The three types of nests considered for the experiments: (a) standard-size
nest, (b) half-size nest, and (c) standard-size nest with a partial barrier.

4 Nest Assessment by the Ant-Bot

The ant-bot makes two visits to a new nest. In each visit, it starts its explo-
ration above the entrance at a random alignment. During the first visit, it lays
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pheromone along its path. During its second visit, instead of laying pheromone,
the ant-bot senses the pheromone layed during its first visit, and uses this infor-
mation to estimate the size of the nest. In both visits, the ant-bot uses the same
exploration behavior.

The exploration behavior uses the infrared proximity sensors to drive the
ant-bot creating exploration trails that seem to be similar to those observed in
ant scouts. The behavior is parametrized in such a way that it can generate a
continuum of trails that can range from wall following to random exploration.

4.1 Exploration Behavior

The exploration behavior uses the readings obtained from the four infrared prox-
imity sensors to drive the two motors. The ant-bot is controlled by setting the
speed of its left and right wheels (m; and m,), which are calculated as

my=(1—|F])*x0.25 =7
m, = (1 —|7]) *0.25 4+ 7.

When 7 = 0, the ant-bot moves forward. It turns left when # = 1, and right
when 7 = —1. Here, 7 is defined as

-1 : r+n<-—-1
F=<Lr+n : —-1l<r+n<l1
1 @ r4+4n>1

where n is a random number between —0.4 and 0.4 and r is defined as the value
of the ‘rotational activation’. The change in r is calculated as

Ar = —0.9r + 0.3(1 — ) (w; 4 1515 + 1.213) — 0.3(1 + 7)(w, + 1.5I; + 1.215).

where I; denotes the infrared readings, with a value between 0 (no object) and
1 (very close object), where 1 < i < 4 is the index. Here, w;, w, represent the
‘perceived presence’ of the wall on the right and left side respectively. The first
term on the right of the equation guarantees that when no wall is perceived
and the infrared readings are all zero, then any rotational activation will decay
to zero in time. The second term raises the rotational activation towards 1 in
proportion to the amount of wall perceived on the left side and the infrared
readings from the right side. The third term tries to pull down the rotational
activation to —1 in a similar way.

The variables, w; and w,., indicate the presence of the peripheral wall on the
left and right side of the ant-bot respectively and the change in them are defined
as

Aw; = —0.1w; + ’7(1 — wl)Il — 0711)1(]2 + .[3)
Aw, = =0.1w, + y(1 — w,) Iy — 0.7w, Iz + I3).

The first term on the left side causes the perceived presence of a wall to decay
to zero when no objects are sensed. The second term, increases the perceived
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presence of the peripheral wall by the activations of infrared sensing on that side.
The third term diminishes the perceived presence of any wall if the front sensors
become active, to raise the priority of avoidance. The parameter + controls the
perceived presence of the wall. When the parameter v = 0, both w; and w,. decay
to zero, and stay there. For nonzero values of  the perceived presence of wall
becomes stronger.

The exploration behavior defined above can generate exploration patterns
ranging from random exploration (that is moving while avoiding the walls), to
wall following, by varying «v. When v = 0, the wall sensing part of of the behavior
is removed, and the robot moves in a random way, while avoiding any obstacles
on its way. As «y is increased, the wall sensing becomes active creating a attraction
towards the wall. As the attraction grows larger, the robot tends to stay closer
to the walls and become less likely to move into the central part of the nest.
Figure [4 shows three different exploration patterns achieved by different values
of ~.

Fig. 4. Different trails can be obtained by varying ~. Three trails from the exploration
of a standard-sized nest for 10000 time steps, are shown. These trails are obtained for
v =0.0,0.3, 1.0, from left to right. Increasing v beyond 1 tends to make the attraction
towards the wall so strong that it may overcome the obstacle avoidance component of
the behavior, causing the ant-bot to crash into the walls. The uncovered periphery is
marked as a dark region inside the walls of the nest.

4.2 Evaluating the Nest Assessment

The assessment of a nest by the ant-bot is evaluated, using two measures: namely,
how accurate the floor area is estimated, and how well the integrity of the nest
perimeter is checked.

Measuring the size of the nest. The size estimation is done by the ant-bot.
The pheromone sensor, denoted as p, returns 0 or 1 reporting the absence or
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existence of pheromone under the ant-bot. This reading is processed by leaky-
integrator:
p=—-01p+0.9(1 —p)p

that generates a smoother sensory signal. The Buffon’s needle algorithm is ap-
proximated, by counting the rising edge crossings of this signal with a threshold
of 0.5. In the rest of the article, we will use the term ‘Buffon count’ to denote
the number of these crossings counted during the second visit of the ant-bot.

Measuring the periphery coverage. The success of the ant-bot at checking
the periphery of the nest, is defined as the area between the inner region covered
by the pheromone trail of the ant-bot and the periphery. This evaluation is done
by the simulator after the first visit of the ant-bot. The dark regions between
ant-bot’s trail and the inner periphery, Fig. @, shows the unchecked periphery
for three different explorations.

5 Results

The three nest types, shown in Fig. [§] are used in the experiments. For each
nest type, the ant-bot made two visits to the nest: the first, lasting for 10000
time steps; the second, lasting for 7500 steps. In each visit, the ant-bot began its
exploration in front of the entrance, which is indicated by a small rectangular
block below the nest. The initial position of the ant-bot was kept constant except
that its initial orientation was varied within F15 degrees of the wall.

We have evaluated the nest size estimates of the ant-bots, and the amount
of uncovered periphery while varying v from 0 to 1. For each value of v, twenty
nest assessments are made by the ant-bot. The median of the Buffon count and
the uncovered periphery is plotted with respect to v and the interquartile range
is shown as error bars.

Figure B} (a) plots the median Buffon count for the different types of nests,
with respect to 7. Two points are worth noting. First, even with the Buffon’s
algorithm in operation at the periphery, where trails are less random, for v < 0.3,
the ant-bot can reliably distinguish between a standard-size and half-size nest.
Second, the barrier placed inside a standard-size nest, did not affect the size
assessment.

It is interesting to note that, in Fig.[B(a), at high gamma values the line for
the Buffon count in half sized nests dips below the line of the other two larger
nests. This occurs because the pheromone trails get “crowded” at the periphery,
blending into fewer thicker trails. In the half-sized nest, the ant-bot has the time
to make more “rounds” causing more blending than the standard-size nests,
hence it makes fewer Buffon counts.

Figure [ (b) plots the median percentage of covered periphery with respect
to 7. It can be seen that, as expected, the amount of covered periphery increases
with . This suggests that periphery coverage in conflict with the accuracy of
the size evaluation.



Simulation of Nest Assessment Behavior by Ant Scouts 281

01 F half_size

halfsize

160 [ 1 ~ standard-size - - standard-size -
standard-size with partial barrier ------

standar d-size with partial barrier ------ ]

8

Buffon Count
SN
8 8
-
8

Percentage of checked periphery
©
©

6 0.‘2 0:4 0‘.6 018 :‘l 6 0:2 0‘.4 015 0:8 :‘l.
Gamma Gamma
Fig. 5. Median (a) Buffon count and (b) percentage of covered periphery. The error

bars indicate the interquartile range. Note that the percentage of the covered periphery
will always be less than 100 since the body of the ant-bot does not touch the periphery.

6 Conclusions

We proposed a model of nest assessment in scout ants. The model shows that an
exploration behavior that combines obstacle avoidance and wall following, with
the addition of a high amount of noise, is sufficient both to generate similar trails
to those of the real ants and to enable them assess a nest site accurately. The
analysis shows that the exploration behavior has to be tuned to optimize the nest
assessment, since the accuracy of nest size measurement, and the completeness
of the periphery coverage require conflicting strategies.
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Abstract. We propose the addition of Genetic Algorithms to Ant
Colony System (ACS) applied to improve performance. Two modifica-
tions are proposed and tested. The first algorithm is a hybrid between
ACS-TSP and a Genetic Algorithm that encodes experimental variables
in ants. The algorithm does not yield improved results but offers concepts
that can be used to improve the ACO algorithm. The second algorithm
uses a Genetic Algorithm to evolve experimental variable values used
in ACS-TSP. We have found that the performance of ACS-TSP can be
improved by using the suggested values.

1 Introduction

Models created based on natural systems have been successfully used to solve
NP-hard combinatorial optimization problems. The Ant Colony Optimization
(ACO) meta-heuristic [2] is a generic framework for ant-based optimization al-
gorithms. ACO algorithms, such as Ant System (AS) [5] and Ant Colony System
(ACS) [4], were successfully used to solve instances of the Travelling Salesman
Problem (TSP) [7], and other combinatorial optimization problems [3].

The ACS-TSP algorithm [4] produced better results on many TSPs compared
to some genetic algorithms (GA), simulated annealing (SA), and evolutionary
programming (EP) [T]. The goal of our research was to improve the performance
of ACS-TSP by augmenting it with ideas from Genetic Algorithms (GAs) [6].

We look at two modifications to the ACS-TSP algorithm. The first algo-
rithm, called ACSGA-TSP, uses a population of genetic ants modified by a GA.
We present a comparison between the performance of ACSGA-TSP and ACS-
TSP and provide some ideas that can be used to improve the ACSGA-TSP
algorithm. The second algorithm uses a Meta GA to evolve the optimal values
of experimental parameters used in ACS-TSP. We discuss improvements that
can be made to the ACS-TSP algorithm based on our findings.

2 ACS-TSP Algorithm

The ACS-TSP algorithm is a modified AS-TSP algorithm where the update
of the pheromone trail happens locally while an ant is building its trail and
globally by the best performing ant. The tour nodes are chosen based on a more
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complicated transition function that is either deterministic (to promote use of
graph knowledge) or probabilistic (to promote exploration).

The performance of ACS-TSP was experimentally found to be better than
that of AS-TSP [4]. We have implemented the ACS-TSP algorithm as defined
by [1] and were able to verify the results of [4].

3 ACSGA-TSP Algorithm

We propose the ACSGA-TSP algorithm as a Genetic Algorithm modification
to ACS-TSP. The algorithm uses a GA to evolve a population of genetically
modified ants to improve the performance of the ACO algorithm.

In the original ACS-TSP algorithm, the ants used constant global parameter
values. We have augmented each ant with its own value of ACS-TSP parameters.
Each GA ant was encoded by a 21 bit string composed of three parameters (3, p,
and ¢g) encoded using 7 bits each. The allowed value ranges were: integer value
0-127 for B and double value 0-1 for p and qg.

Ant chromosomes were initially randomized at ant creation. The crossover
operator used a simple single point crossover scheme on whole chromosomes of
two parents to create two children. A bit-wise mutation operator was able to
mutate each bit of a chromosome based on a given probability.

In each iteration of the algorithm, four GA ants were selected from the ant
population. This selection was done using a tournament selection algorithm of
size 4. Each of the four selected ants were then asked to build their TSP tours.

Each GA ant stored its values of the three encoded parameters. The 3 and qq
parameters were used by the ants to choose the next city to visit. Local update
of the pheromone trail was done by each ant using the value of its p parameter.

Once the tours were completed, the algorithm checked to see whether a new
tour has been found, as in ACS-TSP. The global update of the pheromone trail
was done by the ant that produced the best overall tour using the encoded value
of the p parameter.

Fitness was calculated as the length of the generated tour. After the pher-
omone update, the best two selected ants were crossed over to produce two
children. Mutation was then performed on the offspring and the worst two se-
lected ants were replaced by the children. This kept the population size constant
and provided pressure for the population to improve its performance.

Starting location of each ant was randomized at the start of each iteration.
The behavior of the ants is influenced by the pheromone trail left during a run
of the algorithm, thus, the performance of later ants can be biased. This could
be solved by restarting the algorithm with the same population.

We have used a population of 20 ants in our experiments. ACSGA-TSP was
run for a number of iterations such that the total number of ant tours built
was equivalent to that of the ACS-TSP algorithm we have used. Probability of
crossover was set to 0.9 and probability of mutation to 0.01.

Results of the experiments are given in Table[ll The algorithms shared similar
results. The standard deviation of the numerical solutions found by ACSGA-TSP
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Table 1. Comparison of results obtained from ACSGA-TSP and ACS-TSP algorithms.
Results given are averages of best tour lengths over 10 runs (eil51, ft70) or 5 runs
(kroA100) and standard deviation values for the results. Iteration values were adjusted
to yield the same total number of ant tours in each algorithm.

Problem|ACS AV|STD|iter.]ACSGA AV|STD|iter.
eil51 428.7 12.45| 2K 432.4 4.18 10K
kroA100| 21712 | 316 | 3K 21948 92 |15K
kroA100| 21614 | 310 | 5K 21544 250 |25K
ft70 41144 | 452 | 4K 40868 379 |20K

was on average smaller than that of ACS-TSP. This was especially noticeable
for larger problems.

From our results, the ACSGA-TSP algorithm does not guarantee finding the
optimal solution for a problem. The ant population converges to experimental
variable values that produced the best results during the algorithm run. At that
point, it is difficult for the ants to improve the algorithm since the individuals
can be trapped at local minima. Pheromone trails due to good solutions can be
erased by worse performing ants. Thus, in its current form, ACSGA-TSP would
not outperform the ACS-TSP algorithm.

The rate at which good solutions were found was observed to be quicker using
ACSGA-TSP, as seen in Table 2l Quick convergence to good solutions is thus
a desirable characteristic of the ACSGA-TSP algorithm. For large problems,
where optimal solutions are intractable or not desired, this algorithm provides
good solutions faster than the ACS-TSP algorithm, as shown in Table Bl This
characteristic is mainly due to the variety in the population of ants which facil-
itates early exploration of the search space.

Bad performing ants can disrupt the search for an optimal solution, but can
also be used to improve it. In the ACS-TSP algorithm, each ant uses the same
variable values, thus a wrong choice of trails can lead other ants into computing
bad tours. Ants with abnormal variable values producing bad solutions can erase
the trails of other, better performing ants by saturating the graph with their own
pheromone information. We conjecture that if implemented properly, this can
help to improve the performance by helping out good solutions stuck at local
minima of the search space.

Table 2. Comparison of results obtained from ACSGA-TSP and ACS-TSP algorithms
on the large TSP instance rat783. Results given are averages of best tour lengths over 3
runs, standard deviation values for the results, and the number of iterations. In (a), the
algorithms were run such that the same number of tours were explored as in ACS-TSP
runs. In (b), the algorithms were run for the same amount of time as in ACS-TSP ruuns.

Algorithm Average|STD| iterations
ACS-TSP 12181 | 135 100
ACSGA-TSP (a)| 10057 | 201 500
ACSGA-TSP (b)| 10323 | 80 (186 (3min)




Using Genetic Algorithms to Optimize ACS-TSP 285

4 Meta ACS-TSP Algorithm

The proposed Meta ACS-TSP algorithm is a meta-level Genetic Algorithm run-
ning on top of ACS-TSP. The GA is used to evolve the optimal parameter values
used in the ACS-TSP algorithm. We have taken the task of verifying the opti-
mality of the specific values used by Dorigo and Gambardella [4].

The Meta ACS-TSP algorithm is a wrapper around the ACS-TSP algorithm.
It uses a population of encoded values of the ACS-TSP parameters. Each individ-
ual in the population can be thought of as a separate instance of the ACS-TSP
algorithm with unique parameter values.

Individuals were encoded as bit-strings of length 12 with experimental vari-
ables (3, p, and g encoded using 4 bits each. The length of 4 bits for each variable
was chosen in order to decrease the search space. Value of the § parameter was
an integer in range 0-15. Values of the p and ¢y variables were doubles in range
0-1. In our initial experimentation, we were interested in value range of approxi-
mately 10 increment units. We conjecture that a smaller digitization of the value
would not improve results of the algorithm.

Pseudocode of the Meta ACS-TSP algorithm is given in Fig. [l The selection
process was done by a tournament selection algorithm with tournament of size
4.

1: for each generation do

2 choose 4 individuals randomly from the population

3:  for each of 4 chosen individuals do
4 run ACS-TSP given 3, p, and ¢, value encoded in each individual and record

the result as the fitness of the individual

5 end for

6 choose 2 individuals with best fitness from chosen 4

7:  produce 2 children by crossover or copy from 2 chosen best individuals

8:  mutate the 2 children

9:  replace 2 worst individuals from chosen 4 in the population with the 2 children
10: end for

Fig. 1. Pseudocode of the Meta ACS-TSP algorithm.

We have used a single point crossover operator that treated each encoded
variable as an atomic unit. Thus, our three variable chromosome contained four
crossover points. Using this specialized crossover operator the values of the vari-
ables were inherited by the children from one of their parents. The operator did
not modify the parent values thus creating a greater probability of passing useful
and well performing genetic material to the next generation. In our experiments,
we have used a crossover probability of 0.9.

Our mutation operator modified only one of the encoded variables by incre-
menting or decrementing the variable value by 1. This resulted in small changes
between generations while still allowing for slow climbing toward local optima.
We have used a mutation probability of 0.2 with our mutation operator.
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Table 3. Results of Meta ACS-TSP algorithm runs on TSP/ATSP instances. Average
values for each problem are averages over 8 runs (eil51), 4 runs (eil76), and 3 runs
(kroA100, p43, ry48p, {t70). Best values are best fitness (tour) results over all the runs
of a problem. Overall average values are calculated from the table data. The simulations
were run for 1K-3K iterations depending on the problem and setup.

Problem [AV 8| AV p|AV ¢o|AV Fit.|Best 3|Best p|Best qo|Best Fit.|Optimal
eil51 6.250.12710.495 | 428.5 6 0.13 0.4 426 426
eil76 6.7510.128| 0.5 | 542.5 6 0.13 | 04 538 538
kroA100 | 4.67 | 0.145|0.503 | 21513 5 0.13 | 0.53 21308 | 21282
p43 2 10.363|0.927| 5628 2 0.2 | 0.93 5620 5620
ry48p 6.67 |0.173| 0.3 | 14584 6 0.07 | 047 14495 14422
ft70 8.33| 0.34 [0.767 | 40569 8 0.73 | 0.87 | 39804 | 38673
Average|5.78(0.187|0.669| N/A | 5.5 |0.232| 0.6 N/A N/A

Table [3] summarizes our results. For most problems, the average values of
the experimental variables were similar to the best values. The differences be-
tween the averages of the average results and averages of the best results were
very small, thus we used the average results in our analysis. Statistical analysis
was done on most of the runs and the deviation from the average values in a
population was reasonable.

The most unique problem was the ATSP instance p43. It had the lowest 3
value, and the highest p and gy values. The variability in results between different
problems would lead us to believe that the optimal values of the experimental
variables are unique to the problem.

We conjecture that there is no magic value that will make ACS-TSP yield
the optimal solution for every TSP/ATSP instance. From our experimentation
using the Meta ACS-TSP algorithm, we propose that the suggested values given
in Table Ml can be used instead of those of Dorigo and Gambardella [4] in order
to yield better solutions with the ACS-TSP algorithm.

Table 4. Comparison of average values of variables found by Meta ACS-TSP and the
values used by Dorigo and Gambardella in ACS-TSP [4]. Meta ACS-TSP results are
from Table 3l Values we feel should yield best solutions are listed as suggested values.

Bl p | q
Meta ACS-TSP Average|5.78(0.187|0.669
Meta ACS-TSP Best 5.510.232| 0.6
ACS-TSP 2 101|09
Suggested Values 6 |02]|07
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5 Conclusion

We have tried to improve the performance of the ACS-TSP algorithm by propos-
ing the ACSGA-TSP algorithm which introduced a genetic approach to ACS-
TSP. Our results have shown that the algorithm does not perform as well as
ACS-TSP with respect to finding the optimal solution. Quick convergence and
low variability of ACSGA-TSP can be an advantage for time constrained prob-
lems.

The ACSGA-TSP algorithm can be improved by a more complex GA model.
A hybrid system of ACS-TSP and ACSGA-TSP can be used to take advantage
of the early convergence of ACSGA-TSP and optimal results of ACS-TSP. This
hybrid system would initially execute ACSGA-TSP and eventually switch to
ACS-TSP by turning off the GA. It would be interesting to apply GA models
to other ACO algorithms and other combinatorial optimization problems.

We used the Meta ACS-TSP algorithm to evolve experimental variable val-
ues used in ACS-TSP. The algorithm offered results that enabled us to suggest
variable values alternate to those used by Dorigo and Gambardella [4].

We have only run Meta ACS-TSP on six small TSP/ATSP instances. Run-
ning the algorithm on more and larger TSP/ATSP instances would allow for
better statistical analysis of the results and improved suggested variable values.
The values we suggested should also be tested to see if they statistically improve
the performance of ACS-TSP over the original values.
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1 Introduction

We state our algorithm using the nonlinear programming (NLP) problem, objective
function G is a given non-linear function. Constraint conditions that represented by a
set of inequalities form a convex domain of R". We can obtain the minimal n-d hyper-
cube that can be defined as the following inequalities: [<x;<u, (I = 1, 2, ..., n). Let the
total number of ants be m and the m initial solution vectors are chosen at random. All
the ith components of these initial solution vectors construct a group of candidate
values of the ith component of solution vector. If we use n vertices to represent the n
components and the edges between vertex i and vertex i+1 to represent the candidate
values of component i, a path from the start vertex to the last vertex represents a solu-
tion vector whose n edges represent n components. We denote the jth edge between
vertices i and i+1 as (i,j) and its intensity of trail information at time ¢ as 7(t).

In each iteration, to m ants, each ant select an initial value from the group of candi-
date values of component i (1<i<n) with the probability p”,k(t):

P (D=t T; (1) (1<r<m). (1)

Then perform operations of crossover and mutation on the m values to get m new
values, add them to the group of candidate values for component i and using them
form m solutions of a new generation, compute the fitness of these solutions. When m
ants have traveled all vertices, update the trail information of the candidate values for
each component according to formula (2)

71+ D=(1-p) 7 (D+Y. 75 (1<k<m). 2

But if the kth ant chooses the jth candidate value of the group for component i be-
tween (¢, t+1), then ATf: WY, otherwise Az;jk=0, where W is a constant, and f, is the
fitness of the solution found by the kth ant. At the end of an iteration, delete m values
with lower intensity of trail information in each candidate group.
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2 Adaptive Crossover and Mutation

In this method, we define F as the relative fitness of a solution, if f,,.#fuin F=(f-
Sl (..~ > otherwise F=1. Here f, and f,  are the maximal and the minimal fitness
of the current generation.

Suppose x(1) and x,(2) are two initial values of component i which will have cross-
over, the fitness of the two solutions they belong to are f,, f,, define the integrate fitness
of x(1) and x,(2) as f,, =(f,+ f,)/2, which will also be the integrate fitness of the result
of crossover operation x;’(1) and x,’(2). Suppose the crossover probability set by the
system is p, ., the integrate relative fitness of x (1) and x,’(2) is defined as F, =(F +
F)/2, then the actual crossover probability for x’(1) and x’(2) is
pIx (D).x’(2)]=p,,. (1-F,,). Generate a random number pe[0,1], the crossover opera-
tion could be carried out only if p>p,. In the operation, we first generate two stochastic
numbers ¢, and c,€[-b, b] so that ¢, + ¢,=1 here b=2-(1-f, ). The cross results x,’(1) and
x,’(2) can be obtained by the affine combination of x,(1) and x,(2):

x. (D=c, x(1)+c,x(2) x,(2)=c, x(1)+c, x(2). A3)

In the mutation operation on a component value x, the real mutate probability p  is
determined according to the relative fitness F of the solution where x belongs to. Sup-
pose the mutation probability set by the systemisp .., wesetp =p . (1-F). Gener-
ate a random number pe[0,1], mutate operation is implemented only if p> p,. To
ensure the mutate result x,’e[l, u], we define d, as: d, = max{ u—x, x~I}, and x,” can

be obtained from Eq.(4):
x," =X;+ 5(F, t)dl‘ if l,‘-xl‘ < 5(F, t) d,‘ < u; -X;,

x’ =x— AF,t)d otherwise. €]

Here, &F,1) is a stochastic number between [-1,1], it is determined by the following
formula: dF,t) = r (1-F ) "™, here r is also a stochastic number between [-1,1], A is

the parameter which decides the extent of diversity and adjusts the area of local probe,
it can be selected between 0.0001 and 0.0003.
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Dynamic task allocation is an essential aspect in modeling ant behaviour [IJ2].
In this paper, we propose a new (abstract) model for dynamic task allocation of
agents that combines a nested layered architecture with a threshold mechanism.
We apply this new model to achieve flexible ant behaviour.

To describe the actions of an agent, we describe a task allocation model
based on behaviours and sub-behaviours that are associated with stimuli. At
any time, an agent is performing one particular sub-behaviour within one be-
haviour. Changing stimuli may lead to reallocation of sub-behaviour or even the
behaviour of the agent. A behaviour is a (course-grain) task an agent can per-
form. Behaviours can be seen as a collection of smaller, more primitive parts,
called sub-behaviours.

This hierarchical setting allows an interesting allocation mechanism that al-
lows easy reallocation of tasks without trashing between different behaviours,
as well as task specialisation. Figure[I] illustrates the task allocation procedure.
First the ant tries to choose a new sub-behaviour within the current behaviour.
Only if this is impossible, it changes its behaviour. This two-step changing pre-
vents the ant from switching too drastically when it perceives a sudden, only
temporary change in the environment.

Adaptive behaviour necessarily depends on taking into account feedback,
either from the environment, either based on the own experience of the agent.
Ants constantly perceive stimuli. An ant can be seen as being controlled by a task
manager, which handles the actual decision-making about the (re-)allocation

A scout
example: foraging Tl - behaviour o nurse —=  best
e A layer j Stimuli forage -~ behaviour
\ ¥ -.

Return to nest ~. best sub-behaviour o~ :
Stimuli < sub- layer | ~

Follow trail 7 behaviour _ ‘ Y

/,/—/'// stimuli  selected
(sub)behaviour

Fig. 1. The nested layered task allocation model.
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of (sub-)behaviours. As input the task manager gets the current stimuli the
ant perceives, as output it gives the sub-behaviour that is most appropriate at
this moment. A threshold value is associated with every behaviour and every
sub-behaviour. To compute the threshold we use a statistical method based on
positive and negative feedback. It is inspired by the work presented in [3]. We
adapted the calculation of the relevance of an active behaviour, which can be
seen in the thresholds. We want a percentile value of the threshold to make it
easily comparable to the stimulus value.

relevance = ((corr(pos. feedback, active) — corr(neg. feedback, active) + 2) x 25
threshold = |(relevance — 100)]

A stimulus value is computed for each (sub-)behaviour, based on the currently
perceived stimuli, which is a percentile value for the amount of stimuli that are
relevant for a behaviour and are perceived at a certain moment in time. Now the
threshold and the stimulus value are compared with each other to calculate the
probability for a behaviour to become active. The behaviour with the highest
probability is chosen as the behaviour to be executed next:

probability = stimulus® /(stimulus® + threshold?)

We have two levels of decision-making. At the first level, an appropriate be-
haviour must be chosen, and then the right sub-behaviour within that behaviour
must be decided upon at the second level. Only when it is impossible to choose
a sub-behaviour within the current behaviour, or when there are “strong indi-
cations” that it is better to change the behaviour, the ant chooses another one.
This shows that our model combines two types of task allocation models [4],
i.e. a horizontally layered model (e.g. to choose between sub-behaviours) and a
vertically layered model (with two layers). Our architecture is thus a “nested
layered model”: it consists of two horizontally layered models, each of which is
nested in a vertical layer. First experiments illustrate the usefulness of the model
for modelling ant behaviour as well as for modelling other agent behaviour.
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The aim of the paper is to develop the functionality of the ant colony op-
timization (ACO) algorithms by adding some diversification such as additional
reinforcement of the pheromone. This diversification guides the search to areas
in the search space which have not been yet explored and forces the ants to
search for better solutions. In the ACO algorithms [1l2]| after the initialization,
a main loop is repeated until a termination condition is met. In the beginning
ants construct feasible solutions, then the pheromone trails are updated. Partial
solutions are seen as states: each ant moves from a state ¢ to another state j
corresponding to a more complete partial solution. For ant k, the probability pfj
of movement from state i to a state j as a next state is given as:

8
Tij ;4

——L—= if j € allowed,
pi_fj — Zleallowedk TilMyy , "

0 otherwise

where 7;; is a pheromone level corresponding to this movement, n;; is the heuris-
tic information and allowedy, is the set of remaining feasible states.

In the beginning initial pheromone level is set to be 7. After all ants have
completed their tours, the pheromone level is updated as follows:

Tij < PTij + ATij (2)

where 0 < p < 1 is a pheromone decay parameter and Ar;; is different for
different ACO algorithms.

When we perform the ACO algorithm search stagnation may occur. This can
be happen, if the pheromone trail is significantly higher for one choice than for
all others. The main purpose of this research is to avoid the stagnation situa-
tions by using additional reinforcement for unused movements and to search for
better solutions. If some movement is not used in current tour we use additional
pheromone reinforcement as follows:

Tij £ Tij + qTmax, (3)

where ¢ > 0 is a parameter and 7,4, is & maximal amount of the pheromone. Af-
ter additional reinforcement unused movements have great amount of pheromone
than used one which, belong to the poor solutions and less to used movements
that belong to best solution. Thus, we force ants to choose new direction of
search space without repeating the bad experience. Preliminary results for the
traveling salesman problem (TSP) suggest the usefulness of above diversification.
Table 1 shows a comparison between our ACO algorithm with additional rein-
forcement and MMAS. We use a particular implementation of ACO algorithm,
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known as ant system with an elitist ant. Set of TSP from TSPLIB benchmark li-
brary (http://www.iwr.uniheidelberg.de /iw/compt/software/TSLIBJ5) is used as
a test problems. The selected parameters for the test are , m=25 ants, p = 0.8,
[ = 2 and ¢ = 0.2. The maximum number of cycles was set to 20000 for all
experiments and the average are taken over 25 trials. For comparison, the same
program is used for both algorithms, with same parameters and same number of
iterations and the difference is only in the pheromone updating. Bold numbers
indicate the better results. From the achieved result of table 1, it is clear that
our ACO algorithm with additional reinforcement performs better than MMAS.
For future research is to develop this new ACO algorithm and test on different
optimization problems.

Table 1. The results of ACO algorithm with additional reinforcement and MMAS
algorithm

Add. Reinforcement MMAS
Instance Best Average Best Average
d198 15780 15780.3 15780 15780.9
lin318 42029 42051.8 42029 42051.8
pch442 50785 507891 50795 509421
atth32 27686 27706.8 27693 27707.4
rat783 8808 8820 8808 8841
dsj1000 18688548 18704977.1 18708266 18736562.2
pr1002 259167 259692.5 259290 260025
vm1084 239321 239434 239321 239490.17
pcb1173 56897 56970.5 56909 56969.4
d1291 50801 50820 50801 50847.7
rl1304 252948 253159 252948 253528.17
rl1323 270226 270580.17 270281 270725.5
11400 20161 20229.67 20254 20299.17
1577 22337 22412.83 22349 22423.67
vm1748 336873 337107.17 337506 337772.83
ul817 57294 57346.5 57314 57458.67
rl1889 317430 317743.33 318284 319295
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1 Introduction

Clustering is the process of partitioning a given set of pixels into a number of
homogenous clusters based on a similarity criterion. The clustering problem is a
difficult optimization problem for two main reasons: first the search space of the
optimization is too large, second the clustering objective function is typically non
convex and thus may exhibit a large number of local minima. In this paper we
propose the use of the Ant Colony System (ACS) [1] to solve the clustering problem.

2 ACS for Image Segmentation

In our ACS based clustering algorithm, the task of each ant is to build a feasible

partition by mapping pixels to clusters. The mains steps of the algorithm are:

1. Initialize pheromone trails to T ;

2. For each ant k
eBuilt a partition by assigning pixels to clusters according to the transition rule;
eModify the amount of pheromone by a local updating rule;

3. Modify the amount of pheromone trails by a global updating rule;

4. If the maximum number of iterations is not reached go to step 2.

The ant chooses to assign a pixel to a cluster using the pseudo random rule. The
amount of pheromone trail T measures the desirability of the assignment of a pixel to
a cluster, the heuristic function 1 maintains spatial regularity in the presence of the
noise, and is formulated according to the MRF theory [2] as:

s.e )=yt )2*[1—]\1]5( Za(es,ef)J )

s,x’) neighbors
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where: y; is the gray level of the pixel s, 4, is the mean gray level of the cluster e. e,
and e, are respectively the label of the pixel s and its neighbor s°. N; is the number of
neighbors of pixel s and Jis the kronecker symbol.

The pheromone trail is updated locally by each ant using the following rule:

7(s,e)=(1-p)t(s,e)+ pro (2)
and globally by the best ant that finds the optimal partition using this updating rule:
us,e)=(1-p)z(s, e)—i—pML if (s,e) is in the best partition @)

M is the clustering metric which measures the quality of a partition:

“)
M= ys,ﬂs 25 Es, es

seS (.57 )neighors

where S is the set of pixels, 4 is the mean gray level of the cluster of the pixel s.

3  Experimental Results

Experiments were carried out for our algorithm and for the conventional k-means
algorithm using different images. An example is given in Fig 1 with a muscle cell
image. We observe that our method performs well and is less sensitive to noise.

Fig. 1. (A) muscle cell image. (B) our clustering result. (C) K-means result.

4 Conclusion

In this paper we have presented a novel approach to image segmentation. An adapted
ACS algorithm is used in conjunction with the MRF theory to obtain an optimal
partition of the image.

References

[1] M. Dorigo, and L. Gambardella. Ant Colony System: A Cooperative Learning Approach to
the Traveling Salesman Problem, IEEE Transactions on Evolutionary Computation 1(1):
53-66, 1997.

[2] S. Geman. and D. Geman. Stochastic relaxation, Gibbs distributions and the Bayesian
restoration of images, IEEE Transactions on Pattern Analysis and Machine Intelligence
6(6): 721-741, 1984.



Bidimensional Shapes Polygonalization by ACO

Ugo Vallone

DIS, Universita degli Studi di Pavia

Via Ferrata 1, 27100 Pavia, Italy
vallone@vision.unipv.it

Polygonalization is a way to approximate curves by straight-line segments. All the
polygonalization methods use thresholds to produce the extreme points of the straight
lines used in the approximation [1,2,3]. The method here introduced does not use
thresholds to select the points. Ant Colony Optimization (ACO) is an optimization
paradigm that mimics the exploration strategy of a colony of ants [4]. Images con-
taining bi-dimensional shapes have been considered in this work. The goal is to find a
good polygonal approximation of the contours of these images. The ants travel on
segments connecting the points of the contours. Two points define a path in the ant
travel. The points number of the polygonal approximation (num_steps)is user-defined.
Last point connects with the first one. The two catheti AB and BC in Fig. 1 are a bet-
ter curve approximation than the hypotenuse AC. AB + BC is longer than AC.

B . start (0)
A f\m \
S r 4
l

Fig. 1. AB+BC >AC  Fig. 2. Clockwise Fig. 3. B'is better than Fig. 4. Polygonal-
and is a better ap- exploration: black B ized shape
proximation point are unvisited

So the idea is, given a fixed number of segments, to maximize the polygon perimeter
to have better approximations. Ants starting point is the topmost left point of the shape
(Fig. 2). Points are numbered in a clockwise order along the contour starting from this
point. The length of a path connecting two of these points is so defined:

pathLength, ; = max Length — length, (1

length,; is the Euclidian length between the points i and j. maxLength is the higher
value of the segments Euclidian lengths connecting two points on the contour. The
probability p,; to go from point i (current) to an unvisited point j (j > i), is so defined:

(= L@
Di; _ZT,-,]-(Z) (2)

J>i
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7;; is the trail on the segment connecting i and j. ¢ is the current cycle. In order to avoid
accumulations on the final points of the contour, the selection of point j at the step st is
repeated (num_steps - st) times. It is selected the point j closer to the previous point i.
At the end of any cycle the ants update the trail on the segments used. Longer the
travel made by the ant, lower the level of the trail left on the segments explored. The
contribution of an ant to the trail level on the segments visited is so calculated:

AT = #
travelLength

ant

3

where Q is a constant that controls the trail quantity left by the ant on every segment in
her path and travelLength is the length of the ant travel. The trail is so updated:

7, (t+)=p7, () + (- p)AT, ; @

where p defines the relative importance between the trail at cycle # and t+1. p € [0-1].
Az, is the sum of the contributions (A7, ) of the ants that use the connection between
points i and j in the current cycle. Az, (0) is equal to 1. After all the ants have made a
travel the trail is updated according to the formula 4 and a new cycle starts. Trail, in
the experiments, is limited in the interval [0.1-10] (min-max approach). The result is
the more short travel made by the ants in all the cycles. This travel is then locally
improved. Analyzing clockwise the polygon points 3 by 3, the middle points like B in
Fig. 3 are replaced by points like B' that minimize the paths sum AB+BC (increasing
the Euclidian length). Nearly collinear points are then removed from the resulting
polygon. If A, B and C are consecutive polygon points and (AB+BC) - AC < Minlinc,
where Minlnc is a user-defined minimum increment, point B is removed. In our ex-
periments, p is 0.5, the ants number is 10, Q is 1000, num_steps is 30. The algorithm
uses 30 cycles. Fig. 4 shows a bidimensional shape in gray and its polygonal approxi-
mation in white. The image contour is 353 points long. The real number of points used
in the approximation is 24 (MiniInc is 0.8). The elaboration time is only some second.
The algorithm introduced has two very good characteristic: it doesn’t use thresholds to
select the polygon points and it lets to decide the maximum number of points in the
approximation (num_steps).
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1 Introduction and Main Ideas

In this paper, we use the idea of coevolution in the context of ant algorithms to
develop game-playing strategies for the simple games of Nim and Tic-Tac-Toe.

Since these games have a rather small set of possible non-final distinct states
(20 for Nim and 627 for Tic-Tac-Toe), we represent a strategy as a lookup-table,
specifying for each situation the suggested move. To generate such a strategy,
an ant algorithm operates on a |S| X |M| pheromone matrix, with |S| being
the number of possible states, and |M| being the (maximal) number of possible
moves per state. We require that the sum of pheromone values in each row is
equal to 1. An ant produces a strategy by moving through all the rows and
probabilistically (according to the pheromone values in each row) selecting a
move for each state.

As default, we use two ant colonies. In every iteration, each ant colony creates
k strategies based on its pheromone matrix. The strategies are evaluated in what
we call a “tournament”, with each ant from colony P; playing a game against
each ant from colony P», with the starting player being determined at random.
Of course, we would like to favor strategies that won a lot of games. However,
following the ideas of Rosin an Belew [1], we also want to enforce diversity
and favor strategies which won against opponents no-one else was able to beat.
Therefore, a strategy’s fitness is proportional to the number of games it won
with the reward for each defeated opponent being inversely proportional to the
number of games the opponent lost.

More specifically, let D; be the set of opponents defeated by ant ¢, and let
L; be the set of opponents against which ant ¢ lost. Then, the fitness of ant 7 is
calculated as fi = >, p, ﬁ If the game allows for draws/ties (as is the case

@ J

with Tic-Tac-Toe), these are integrated into the equation with half the weight.

Since the fitness evaluation in a coevolutionary setting is stochastic, it is
not possible to tell whether the ant with the best fitness really created the
best strategy. Therefore, we use fitness-proportional update and no elitism. It is
important to note that during a single game, only very few out of all possible
states are encountered. A strategy’s fitness is therefore only representative for
the decisions made in those states, and only those decisions should be updated.
Let S;; be the set of states encountered by ant ¢ while playing against opponent
j. Furthermore, let v be a parameter determining the update strength and thus
also the speed of convergence. Then, the pheromone values for colony k are
updated proportional to fitness as follows:
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for all i € Py, do Since the pheromone is added in only

for all j € D; do some of the rows, and with different

for all s € S;; do strength, the usual pheromone evapora-

ng(s) — 7—&’?0(8) +7|Sf7;’j‘ tion rule can not be applied. Instead,

end for at the end of each iteration, we re-

end for normalize the pheromone values in each
end for row to sum up to 1.

2 Empirical Evaluation

Unless stated otherwise, we used 10 ants per colony, v = 0.01 for Nim and
v = 0.02 for Tic-Tac-Toe. To evaluate the success of a run, we create a final
solution deterministically by selecting for each State s € S the move m € M
with the highest pheromone value, i.e. o*(s) = argmax,, {71, }.

Since for Nim there exists only one optimal strategy, it is possible to compare
the coevolved pheromone matrix to a pheromone matrix representing the opti-
mal strategy. The proposed coevolutionary ant algorithm converged to a matrix
corresponding to the optimal solution in all of the 10 runs within 400 iterations.

For Nim, the optimal strategy is independent of whether a player plays first
or second. Thus the question arose, whether it may be sufficient to just use a
single colony, with all individuals playing against each other. To have the same
number of 100 games per tournament, in the case of a single colony, we play
two games for every pair of ants (including self-play), and make each pair play
two games, where each player is allowed to start once. Since now all individuals
update on the same pheromone matrix, in order to have the same amount of
pheromone update as in the case of two colonies, we also reduced the learning
rate v to half its usual value. As it turned out, the runs with only one colony
playing against itself converged slightly faster, and also to the optimum.

To confirm that the convergence to an optimal strategy is in fact due to
coevolution and can not be reproduced by simple optimization, we run another
set of experiments where the second colony is always playing at random. As
expected, in this case the pheromone matrix of colony P; does not converge to
the optimal solution, as the random players are not a sufficient challenge.

For Tic-Tac-Toe, during first experiments, the simple coevolutionary scheme
did not always converge to the optimal strategy, mainly because during a single
game, only a small fraction of all possible states are encountered. If an ant colony
was not exposed to some of the states by opponents from the other colony, it
simply didn’t learn how to react.

However, when we introduced more diversity by requiring a minimum phero-
mone level or by starting from a randomly chosen state, again the coevolutionary
scheme was able to produce optimal strategies.
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1 Introduction

Considering the similarities and characteristics differences between ant colony
optimization (ACO) and evolutionary genetic algorithms (GAs), a novel hybrid
algorithm combining the search capabilities of the two metaheuristics, for faster
and better search capabilities, is introduced. In the GAACO approach, ACO and
GAs use identical problem representations and they run in parallel. Migration
occurs between the two algorithms whenever any of the them finds an improved
potential solution after an iteration. Migration provides further intensification
capabilities to both of the algorithms other than their own search mechanisms. In
this respect, GAs support ACO by strengthening potential search alternatives for
artificial ants and ACO supports GAs by exporting promising potential solutions
into its population. The developed algorithm is tested on the solution of two
NP-hard combinatorial optimization problems, the obtained results outperform
those obtained by both of the individual algorithms when applied alone.

2 The GAACO Approach

The main objectives of the proposed hybrid algorithm are; to improve the con-
vergence speed of both algorithms through cooperation in which both algorithms
receive supervisory feedback from a strategically different search algorithm work-
ing on the same problem in exactly the same environment, and to improve the
quality of the found solutions by providing new intensification strategies sys-
tematically imported into each algorithm’s search procedure as they run. The
results obtained with this implemented strategies demonstrate that the desired
objectives are all satisfied.

The direction of migration is from the side where the improvement is made to
the other. If an improved solution is found on both sides, then migration is bidi-
rectional. Otherwise, no information exchange is made and the algorithms run in
parallel independent of each other. The implemented migration strategy is as fol-
lows; K% of the best solutions from ACO site are moved into the GA population,
where they do not replace any existing individuals, instead they directly enter
into the mating pool and duplicated proportional to their fitness, L% of the best
individuals in GAs site are used to add fitness-proportional pheromone while
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Table 1. Performance comparison of GAs, MMAS, and GAACO approaches.

Problem [Algorithm|Alg. Parameters Scores
Best | Average | Worst
TSP (11577) GAs  |Elitism= 10%,| 22305 | 22385 23350
Tour. Selection,

P.=0.8, P,=0.05,
Pop. Size=500, OX
Correction.

MMAS |Num. ants=25,| 22286 | 22311 22358
p=0.2, a=1, g=2.
GAACO |GA + MMAS Pa-| 22286 | 22302 22367
rameters with K=50,
L=5, M=5.

QAP (taib0a)| GAs |Same as above 5.06e+6|5.065e+6|5.074e+6
MMAS |[Num. ants=5. Other|5.04e+6|5.045e¢+6|5.050e+6
parameters are the
same as above.
GAACO |GA + MMAS Pa-[4.99¢+6|5.020e+6(5.065e+6
rameters.

another M% of the worst-fitness individuals are used to evaporate a constant
amount of pheromone from the ACO problem domain environment.

GAACO is compared with the traditional implementations of ACO algo-
rithms and the GAs in the solution of two widely known and difficult combina-
torial optimization problems, namely the traveling salesman problem (TSP) and
the quadratic assignment problem (QAP) [1J2/3].

Real-valued problem representations are used in all implementations and
both ACO and GAs are coded using widely employed parameter settings. Each
experiment is performed 10 times over 1000 iterations and the population size in
GAs is taken as 500. The following table illustrates the improvements achieved
by GAACO hybrid over ACO and GAs, the convergence speed of GAACO is
also better than that of both algorithms.
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The Global Positioning System (GPS) positioning network problem can briefly
defined as follows. A number of receivers are placed at stations to be coordinated
by determining sessions between these stations. A session can be defined as a
period of time during which two or more receivers simultaneously record satellite
signals for a fixed duration. After a certain time of observation, the receivers are
then moved to other stations for further measurements. This process of sessions
observation continues till the whole network is completely observed. The problem
is to search for the best order in which these sessions can be organized to give
the cheapest schedule i.e.,Minimize: C(V), where C(V) is the total cost of a
feasible schedule V. In this paper the concept of the Ant Colony System (ACS)
algorithm coupled with local search procedure, which is a particular instance of
the ant colony optimization [3], has been applied to solving the GPS positioning
network problem as follows:

1. INITTALIZATTION
e Define the sessions to be observed N, set the number of ants M (M = N)
with a tabu list for each ant and set initial pheromone 7;
e Set the control parameters; the trail parameter «, the visibility param-
eter 3, the evaporation parameter p and the iteration counter K;
2. CONSTRUCTION AND SELECTION STRATEGY
e Build up the cheapest schedule V using the probability equation (Eq.1).

[ra.p) Mma.pl”? vy .
€ Sn
Pm(l7j) = ZkESm(i) [T('i.k‘)]'[n(i.k)]ﬁ I 7 (7/)

(1)
otherwise
e Add the observed sessions by each ant to its tabu list as it proceeds,
then empty the tabu list when the schedule is completed.
e Apply the local search method on all the obtained schedules.
e Apply the local update rule on all the obtained schedules (Fq.2);

T < (L =p) Taj +p 7o (2)
e Apply the global update rule on the best found schedule (Eq.3);
T(i,j) — (1 — G{) . T(i,j) + - AT(I’J) (3)

where

~_ [(Cgs)™' if (i,j) € global-best-schedule

ATig) = {O otherwise (4)
where Cyps the cost of the best found schedule from the beginning.

e Update the iteration counter K = K + 1.
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3. TERMINATION
e The maximum number of iterations is greater than the pre-specified
maximum number of iterations.
OTHERWISE Go to (2).
e Stop the program and declare the cheapest schedule and its cost.

It is preferable in metaheuristics to evaluate the performance of a proposed
technique by comparison with an existing optimal solution. By applying the
proposed ACS technique on a GPS network (with known solution) observed
in New Brunswick in Canada and consists of 10 sessions [2],the same cost as
the optimal schedule was obtained. The selected control parameters for this
network are: « = 0.6, 6 =1, p = 0.3 and K = 10. To generalize the developed
ACS algorithm and work with larger networks, the Malta GPS network with 38
sessions was implemented. Several benchmarks were available for this network
which allowed comparisons to be made with respect to the effectiveness and
computational efficiency of the proposed technique. The first benchmark, which
was manually generated using the intuition and experience of the surveyors,
represented the actual operating schedule with cost of 1405 minutes [I]. The
other two benchmarks were the metaheuristic schedules obtained by applying
simulated annealing and tabu search techniques and had a cost of 1355 minutes
and 1075 minutes respectively [4]. By implementing the proposed ACS technique
using the same data set, the overall cost was reduced to 895 minutes when the
control parameters are a = 0.7, 8 = 2, p = 0.4 and K = 80. Directions for future
research should be the analysis of parameter settings using extra GPS networks
with different types and sizes. Another important direction for current research
in which the proposed ACS technique can be implemented is the optimization
of ambiguity resolution in GPS data and then improving the accuracy of GPS
positioning.
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