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Abstract—Ant colony optimization (ACO) is a promising meta-
heuristic and a great amount of research has been devoted to its em-
pirical and theoretical analysis. Recently, with the introduction of
the hypercube framework, Blum and Dorigo have explicitly raised
the issue of the invariance of ACO algorithms to transformation of
units. They state (Blum and Dorigo, 2004) that the performance of
ACO depends on the scale of the problem instance under analysis.

In this paper, we show that the ACO internal state—commonly
referred to as the pheromone—indeed depends on the scale of
the problem at hand. Nonetheless, we formally prove that this
does not affect the sequence of solutions produced by the three
most widely adopted algorithms belonging to the ACO family: ant
system, MAX-MZN ant system, and ant colony system. For
these algorithms, the sequence of solutions does not depend on the
scale of the problem instance under analysis.

Moreover, we introduce three new ACO algorithms, the internal
state of which is independent of the scale of the problem instance
considered. These algorithms are obtained as minor variations of
ant system, M AX-MZN ant system, and ant colony system. We
formally show that these algorithms are functionally equivalent to
their original counterparts. That is, for any given instance, these
algorithms produce the same sequence of solutions as the original
ones.

Index Terms—Ant colony optimization (ACO), combinatorial
optimization, pheromone invariace, swarm intelligence, weak and
strong invariance.

I. INTRODUCTION

NT colony optimization (ACO) [2] is a metaheuristic in-
spired by the foraging behavior of ants [3]. In order to find

the shortest path from the nest to a food source, ant colonies
exploit a positive feedback mechanism: They use a form of
indirect communication called stigmergy [4], which is based
on the laying and detection of pheromone trails. In ACO, a
generic combinatorial optimization problem is encoded into a
constrained shortest path problem. A number of paths are gen-
erated in a Monte Carlo fashion on the basis of a probabilistic
model whose parameters are called artificial pheromone—or
more simply pheromone. In the ACO metaphor, these paths are
said to be constructed by artificial ants walking on the graph that
encodes the problem. The cost of the generated paths is used to
modify the pheromone, and therefore to bias the generation of
further paths towards promising regions of the search space [5].
The ACO framework has been explicitly defined by Dorigo
and co-workers in 1999 [6], and comprises a number of al-
gorithms including the original ant system [7]-[9], ant colony
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system [10], and MAX-MZIN ant system [11], [12]. A vast
literature exists on ACO and on its application to a large number
of problems. We refer the reader to [2] for a comprehensive
overview and to [13] for a recent survey.

Recently, with the introduction of the hypercube framework
[1], Blum and Dorigo have explicitly raised the issue of the in-
variance of ACO algorithms to transformation of units. In the
hypercube framework, the cost of solutions is normalized on
a per iteration basis. A number of desirable properties follow
from this [1], including the invariance to transformation of units.
Blum and Dorigo [1] maintain that this property is peculiar to
the hypercube framework:

In standard ACO algorithms, the pheromone values and
therefore the performance of the algorithms, strongly de-
pend on the scale of the problem [1].

Here by “performance,” the authors informally mean the se-
quence of solutions generated when solving a problem instance.

In this paper, we formally show that this statement is only
partially correct. Indeed, in standard ACO algorithms, the
pheromone values (and the heuristic information) depend
on the scale of the problem. Nonetheless, the sequence of
solutions ACO algorithms find is independent of the scale of
the problem. For concreteness, in this paper, we focus on ant
system, MAX-MZIN ant system, and ant colony system,
which are the three most representative algorithms in the ACO
family.

As a second contribution, we propose variants of the
aforementioned algorithms called strongly invariant ant
system (siAS), strongly invariant MAX-MIN ant system
(SiMMAS), and strongly invariant ant colony system (siACS).
These variants are equivalent to their original counterparts, but
they enjoy the further property that the pheromone and the
heuristic values do not depend on the scale of the problem.
Although this property might be desirable in practical applica-
tions, the significance of the introduction of strongly invariant
ACO algorithms is mostly theoretical and speculative. Indeed,
the fact of showing that it is possible to define algorithms
enjoying the above invariance property provides new insight
into ACO.

The rest of this paper is organized as follows. In Section II,
we introduce some preliminary concepts. In Sections III-V, we
deal with ant system, M AX—-MZAN ant system, and ant colony
system, respectively. In these sections, we formally define the
three algorithms and we prove that the sequence of solutions
they produce does not depend on the scale of the problem in-
stance under analysis. Moreover, in these sections, we propose
the strongly invariant versions of the three algorithms and we
formally study their properties. In Section VI, we describe three
combinatorial optimization problems—namely, the traveling
salesman problem, the quadratic assignment problem, and the
open shop scheduling problem—and we illustrate how the
theorems proved in Sections III-V apply to these problems. In
Section VII, we conclude this paper with some final remarks.

1089-778X/$25.00 © 2007 IEEE
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II. PRELIMINARY DEFINITIONS

In this section, we introduce a number of fundamental con-
cepts that will be needed in the following.

Definition 1 (Linear Transformation of Units): A linear trans-
formation of units is a binary relation defined on the space of
the instances of a combinatorial optimization problem. Two in-
stances I and I are related via a linear transformation of units if
they share the same space of solutions .S, and for any solution
s €S, f(s) = g1f(s), where g; > 0 is a constant and f(s)
and f(s) are the value of the objective function in s for I and
I, respectively. In the following, the notation I = g; I will be
adopted.

Being reflexive, symmetric, and transitive, a linear transfor-
mation of units is an equivalence relation. Accordingly, two in-
stances I and I that meet the conditions given in Definition 1
will be said to be equivalent up to a linear transformation of
units or more simply equivalent.

Remark 1: In the following, if ¥ is a generic quantity that
refers to an instance I, then 3 is the corresponding quantity for
what concerns instance I, when I is equivalent to I up to a linear
transformation of units.

Definition 2 (Construction Graph, Pheromone, and Heuristic
Information): In ACO, a combinatorial optimization problem
is mapped on a graph G = (N, E), where N is the set of nodes
and F is the set of edges. The graph G is called construction
graph.

The solutions of the original problem are mapped to paths
on (. Variables called pheromone and heuristic information are
associated with the edges in F.

ACO algorithms are iterative. At each iteration, a number of
solutions are built incrementally on the basis of stochastic de-
cisions that are biased by pheromone and heuristic information.
These solutions are used for updating the pheromone in order
to bias future solutions towards promising regions of the search
space. A pseudocode of a generic ACO algorithm is given in Al-
gorithm 1. The constraints of the optimization problem are im-
plemented by enumerating the set of solution components that
can be added at each step. This set typically depends on the par-
tial solution constructed so far.

Algorithm 1: The ACO Metaheuristic

Set parameters, set heuristic information, and initialize
pheromone;

WHILE termination condition not met do

Construct solutions based on pheromone and heuristic
information;

Improve solutions via local search;! (optional)
Update pheromone;

end while

ITn this paper, we will not discuss the adoption of a local search to improve
solutions constructed by ants. Nonetheless, it is worth noticing here that local
search algorithms are typically invariant to transformation of units. Therefore,
all the theorems presented in the paper also holds true when a local search is
adopted.

733

In the following, we will adopt the notation (i, j) to denote the
edge connecting nodes 7 and j. With 7;;, we denote the heuristic
information on the desirability of constructing a path on G fea-
turing node j immediately after <. Finally, with 7;; ;,, we denote
the pheromone on edge (i, j) at iteration A of the algorithm.
The following hypothesis will be used in this paper.

Hypothesis 1 (Pseudorandom Number Generator): When
solving two equivalent instances I and I, the stochastic de-
cisions taken while constructing solutions are made on the
basis of random experiments based on pseudorandom numbers
produced by the same pseudorandom number generator. We
assume that this generator is initialized in the same way (for
example, with the same seed) when solving the two instances
so that the two sequences of pseudorandom numbers that are
generated are the same in the two cases.

Similarly, when two algorithms A and A solve the same in-
stance I, we assume that the pseudorandom number generators
adopted by the two algorithms are the same and are initialized
in the same way.

Definition 3 (Weak-Invariance): An algorithm A is weakly
invariant (or more simply invariant) to linear transformation
of units if the sequence of solutions Sy and S7 generated when
solving, respectively, the instances I and I are the same, when-
ever I is equivalent to I up to a linear transformation of units.
If A is a stochastic algorithm, it is said to be invariant if it is so
under Hypothesis 1.

Definition 4 (Strong-Invariance): An algorithm A is said to
be strongly invariant if, besides generating the same solutions
on any two equivalent instances I and I, it also enjoys the prop-
erty that its internal state at each iteration is the same when
solving I and I. If A is stochastic, it is said to be strongly in-
variant if it is so under Hypothesis 1.

Remark 2: An ACO algorithm is strongly invariant if
heuristic information and pheromone at each iteration are the
same when solving any two equivalent instances.

Definition 5 (Functional Equivalence): Two algorithms A
and A are functionally equivalent, or simply equivalent, if for
any instance I, the sequence of solutions S; generated by A
and the sequence of solutions Sy generated by A are the same.
If A and A are stochastic, they are said to be equivalent if they
are so under Hypothesis 1.

Definition 6 (Reference Solution): Let sg be a solution of in-
stance [ returned by some appropriate invariant algorithm. Such
an algorithm, which is necessarily problem-specific, might be
based either on a heuristic or more simply on a random sam-
pling of the solution space. In this latter case, the invariance of
the algorithm relies on Hypothesis 1. From this definition, it fol-
lows that f(s¢) = g1 f(s0), for any two equivalent instances [
and I such that T = gq1.

III. ANT SYSTEM

Ant system is the original ACO algorithm proposed by
Dorigo and co-workers [7], [7]-[9]. In the following, we pro-
vide a formal definition of the algorithm.

Definition 7 (Random Proportional Rule): At the generic it-
eration h, suppose that ant k is in node i. Further, let N} be
the set of feasible nodes that can be visited by ant k. In general,
this set depends on the partial solution constructed so far by ant
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k. The node j € N, to which ant k moves, is selected with
probability

[7ij.0)* [mis]°
2 rent (i n]* [mal?

ko _
Pijn =

where « and (3 are parameters.

Definition 8 (Pheromone Update Rule): At the generic it-
eration h, suppose that m ants have generated the solutions
sty 82, ...,87 of cost f(sh), f(s%),..., f(si"), respectively.
The pheromone on each edge (i, j) is updated according to the
following rule:

m
Tijht1 = (L= p)Tijn + Z Af
k=1

where p is a parameter called the evaporation rate and

Mmzﬁﬁ““iw”E* W

otherwise.

Definition 9 (Pheromone Initialization): At iteration h = 1,
the pheromone is initialized to

Tij, 1 = m/f(S()), for all <Z,j> ekl

where m is the number of ants and sg is the reference solution.

Definition 10 (Ant System): Ant system is an ACO algorithm
in which solutions are constructed according to the random pro-
portional rule given in Definition 7, the pheromone is initialized
as in Definition 9 and updated according to the rule given in
Definition 8. The evaporation rate p, the number of ants m, and
the exponents o and 3 are parameters of the algorithm. The def-
inition of the heuristic information is problem-specific.

The following theorem holds true.

Lemma 1: The random proportional rule is invariant to
concurrent linear transformation of the pheromone and of the
heuristic information. Formally, for any two positive constants
Y1 and Y2

(Tijn = M1 Tij,n) A (Mij = Y2miz), for all (i, )
= pijp =i, for all (i)

where ﬁfj ,, 18 obtained on the basis of 7;; ;, and 7;;, according
to Definition 7.
Proof: According to Definition 7

[ﬂj,h]a[ﬁij]ﬁ
Drenr [Fien]*[Mal?
_ [V17i5,1]*[v2mi;]°
Y rent Tin]®v2nal?
e 7
[v1]*[v2)? [73,]* [51°
[v1]*[72]? Zle/\/}‘ (i) [m1]?
_ [7i,n) [1:5]° Zpk
Zze/\/}' [Ti1,n]* 0] ot

_k _
Pijn =

Theorem 1 (Weak Invariance of Ant System): Let I and T
be two equivalent instances such that I = g1, with g; > 0.
Further, let G = (N, E) be the construction graph associated
with I and I. Ant system obtains the same sequence of solutions
on I and [ if

(Condition 1) the heuristic information is such that

[ﬁij]’ﬁ = [gg’mj]’ﬁ, for all <LJ> e i
where [ is the parameter appearing in Definition 7 and go > 0
is an arbitrary constant.

Proof: The theorem is proved by induction: We show that if
at the generic iteration h some set of conditions C holds, then the
solutions generated for the two instances I and I are the same,
and the set of conditions C also holds at the following iteration
h+1. The proof is concluded by showing that C holds at the very
first iteration. With few minor modifications, this technique is
adopted in the following for proving all theorems enunciated in

this paper.
According to Lemma 1 and given Condition 1, if at the
generic iteration h, 7;;, = (1/g1)7ijn, for all (3, 7), then

Pijn = Py p» for all (4, 7). Under Hypothesis 1
Sy zsﬁ, forallk=1,...,m
and therefore
f(sh) = a1/ (sp),
According to (1)
A { 1/7(65)

forallk=1,...,m.

if (i,7) € 5);

i,k otherwise;
_ [V f(si), if (i,j) € 5} = s5;
0/91, otherwise;
_ L1 fGsE), i) sy _ Lk
g1 L0, otherwise; g O

and therefore, for any edge (i, j)
Tt = (L= p)Tijn + A,
k=1

1 1
= =p)—7ijn+ E — Al
( )91 J et 7 3,k

1 1 &
1—p)—Tijn+ — g A,
( p)gl 75 g1 —~ ij,h

1 ™ 1
— ((1 —P)Tijh Y Afmh) = - Tight1-
g1 1

g1

The proof is completed by observing that a basis for the above
induction follows from Definition 9:

m m 1
—Tij,1,

f(so) B 91f(s0) - 9

for all (i, 7).

Tij1 =

O
Remark 3: One notable case in which Condition 1 is satisfied
is when (3 = 0, that is, when no heuristic information is used.
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A. Strongly Invariant Ant System

In this section, we introduce siAS, which is a strongly in-
variant version of ant system. We first define the algorithm, then
we prove that it is functionally equivalent to ant system, and fi-
nally, that it is indeed strongly invariant.

Definition 11 (Strongly Invariant Pheromone Update Rule):
The pheromone is updated using the same rule given in Defini-
tion 8, with the only difference that Afj, 5 1s given by

Ab = {f(so)/mf (s7), if (i,j) € s

I 0, otherwise

where m is the number of ants and s is the reference solution.

Definition 12 (Strongly Invariant Pheromone Initialization):
At the first iteration h = 1, the pheromone is initialized to
Ti;1 = 1, for all (3, j).

Definition 13 (Strongly Invariant Ant System): The strongly
invariant ant system (siAS) is a variation of ant system. In siAS,
the random proportional rule is adopted for the construction of
solutions, the pheromone is initialized according to Definition
12, and the update is performed according to Definition 11. The
heuristic information is set in an invariant way through some
appropriate problem-specific rule.

Theorem 2: Ant system and siAS are functionally equivalent
if

(Condition 2) the heuristic information is such that

(7157 = [Anij)?,  for all (3, 5)
where (3 is the parameter appearing in Definition 7, 7;; and 7;;
are the heuristic information on edge (i, j), respectively, in siAS
and ant system, and A > 0 is an arbitrary constant.

Proof: Let us consider a generic instance I. In this proof, a
tilde placed above a symbol indicates that it refers to siAS. Let
= f(s0)/m. According to Lemma 1 and given Condition 2,
if at the generic iteration h, 7,5, = u7ijn, for all (3, j), then
Pij.n = Pij.p forall (i, j). Under Hypothesis 1, 5 = sy, for all
k =1,...,m. According to Definitions 8 and 11

Ak, = {g<80>/mf (5),

if (i,7) € 5;

iish , otherwise;
1/f (sh) if (4,7) € s; K
= ! = A .
# { 0, otherwise; B4

Therefore, for any edge (i, 7)
m ~
Tijhr1 = (1= p)Tijn + Z A?j,h
k=1
m
= (L= p)umijn+ Y BAL = prijnir.

k=1

The proof is completed by observing that a basis for the above
induction is provided by

for all(z, 5)

Tij,1 = KTij1,

which follows from Definitions 9 and 12. O
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Theorem 3: siAS is strongly invariant if
(Condition 3) the heuristic information is such that

[7i;1° = [n:;]7,  for all (i, j)

for any two instances I and I such that I = g1 I, with g; > 0.
Proof: Given Condition 3, according to Lemma 1 and Hy-
pothesis 1, if at the generic iteration h, 7;;, = T;j5, for all
(i,7), then ﬁf'j,h = pi-"]-,h, for all (i,7), and 8§ = sF, for all
k = 1,...,m, and therefore, f(5F) = g1 f(sF), for all k =

1,...,m. According to Definition 11
Ak = L f(s0)/mf(5E), if (i,j) € 55
ik 0, otherwise;
_  Fso)mfGs). i (i) € sk _ ak
- : — =g,k
0, otherwise; &

and therefore, for any edge (i, j)

m
Tijnar = (L= p)Tign + Y Al

k=1
m
k
=1 = p)mijn+ Z Aijn = Tijht1-
k=1

The proof is completed by observing that Definition 12 pro-
vides a basis for the above induction. O

Remark 4: Tt is worth noticing that by initializing the
pheromone to 7;;,1 = 1/m, for all (i, j), and by defining A¥; ,
as

= {0 (). 1) < o

W 0, otherwise

one would have obtained nonetheless a strongly invariant algo-
rithm. The advantage of the formulation given in Definitions 11
and 12 is that the magnitude of the pheromone deposited on the
arcs does not depend on the number m of ants considered.

Remark 5: In the original ant system, the pheromone has di-
mension u~ !, where u is the unit in which costs are measured.
On the contrary, in siAS the pheromone to be deposited is ob-
tained by dividing the cost of observed solutions by the cost of
the reference solution. As a result, in siAS the pheromone is
dimensionless. In this respect, siAS is similar to an hypercube
ACO algorithm, in which the pheromone is dimensionless, due
to the fact that the cost of solutions is normalized on a per iter-
ation basis [1].

IV. MAX-MIN ANT SYSTEM

The results given for ant system can be extended to
MAX-MIN ant system [11], [12]. The characterizing
element of MAX-MIN ant system is the fact that the
pheromone value is constrained between a minimum and a
maximum, which possibly change iteration by iteration.

Definition 14 (Pheromone Trail Limits): Atiteration h+1, the
pheromone value 7;; »,+1 on a generic edge (4, j) is constrained:

min max
Th o < Tijht1 STy



736 IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 11, NO. 6, DECEMBER 2007

max min max

with 7/m2% = 1/pf(sh*) and 71" = a7/, where sb* is the
best solution found up to and 1nclud1ng 1terat10n h, p is the evap-
oration rate, and a is a parameter, with 0 < a < 1.

Remark 6: The following notation will be adopted:

max,
max __
[:E min z,

min,

if x > max;
if min < z < max;
if z < min.

It can be easily shown that, if g > 0

max

= g[x]min .

[9 - #]g min
This property will be used in the following.
Definition 15 (Pheromone Update Rule): If T;; j, is the value
of the pheromone on edge (7, j) at the current iteration h, the
value of the pheromone at iteration A + 1 is given by

max

Tij,h+1 = [(1 - )7-1] ht+ Au h]T’anm (2)

where p is the evaporation rate. The quantity A;; 5, is given by

Aijn = { ACANE

if (i,7) € sp°

otherwise

3)

where she" is either the best-so-far solution s}*, that is, best

solution found up to and including iteration h, or the iteration-
best solution siP, that is, the best solution found in iteration h.

Remark 7: At a given iteration h, whether a best-so-far or
an iteration-best update is to be performed is a design choice.
In the typical implementation of MAX-MZAN ant system, in
the initial iterations, the iteration-best update is mostly adopted,
and the frequency with which the best-so-far update is employed
increases iteration after iteration [12].

Definition 16 (Pheromone Initialization): Atiteration h = 1,
the pheromone on each edge is initialized to

b
pf(s0)’

where p is the evaporation rate and s is the reference solution.

Definition 17 (MAX-MIN Ant System): MAX-MIN
ant system is an ACO algorithm in which solutions are con-
structed according to the random proportional rule given in Def-
inition 7, the pheromone is initialized as in Definition 16, and
it is updated according to Definition 15. The evaporation rate
p, the exponents « and 3, the number of ants m, and the factor
a are parameters of the algorithm. The heuristic information is
problem-specific.

Theorem 4 (Weak Invariance of MAX-MIN Ant System):
Let I and I be two equivalent instances such that I = ¢g11, with
g1 > 0. Further, let G = (N, E) be the construction graph
associated with I and I. MAX-MZN ant system obtains the
same sequence of solutions on I and I if

(Condition 1) the heuristic information is such that

for all (i,5) € E

Tij,1 =

[nzj]ﬁ [9277u]ﬂ for all <57J> el

where (3 is the parameter appearing in Definition 7 and go > 0
is an arbitrary constant.

Proof: The proof follows the one given for Theorem 1.
Let us assume that, at the beginning of the generic iteration h,
325 1= sﬁs_l and 7, = (1/g1)7jn, for all (4, j). According
to Lemma 1 and given Condition 1, 13%7 h = pfm, for all (i, 7).
Under Hypothesis 1, Efl = sﬁ, forall k = 1,...,m, and there-
fore, f(sF) = glf(sh'), for all £ = 1,...,m. In particular,

5P = siP and f(51P) = g1 f(si?). Moreover, whether or not
an improvement is made on the best-so-far solution, 5}15 = s,

Indeed, since 325 L = s 1,then f(sh D) = qif(shs 1) If

f(sh) < f(sh 1), then also f(5iP) < f(sh 1), and 55 =

sib = s}}’ = sh On the other hand if f(siP) > f(sh® ), then

also f(5) > f(532,), and 5° = 5% | = sp° | = sp°.
Accordmg to (3)

ANijn = { LT (5.

if (i,7) € 5p°

otherwise;
1/g1f( best) if (Z j> c sbest B i Ny
0/g1, otherwise; g1k
where 5hest = sbest = sbs in case of a best-so-far update; and
gpest = ghest = sib in case of an iteration-best update. In both
cases
71’[11&)\ — 1 — 1 — iT}l’LllaX
v T T (bs) b
pf(532)  gnf (s3°) o
and therefore
—min —max @ max min
Th = a’rh = —Th = — .
g1 g1

It follows that:

—mmx

Tighe1 = [(L = p)Tijn + Dijn ]

1 91 Tk
= [(1 —p)—Tijh + Aij,h} »
L Ly
1 i_r}l‘:]ax
= [—((1 = P)Tijn + Aij,h)}
1 1 min
h

1 max 1
= _[(1 - )sz r+ Az] }L]T}x,n]n = —
N

Tij,h+1-
g1

The proof is completed by observing that, according to Def-
inition 16, the pheromone is initialized as

1 1 1
Fijl= —= = = —m71, forall (i,7)
YT pf(s0)  pgrf(se) g ’
and the initial best-so-far solutions are 55° = sb> = s¢, where
S¢ 1is the reference solution. O

Remark 8: Condition 1 is trivially satisfied when no heuristic
information is used, that is, when 3 = 0.

A. Strongly Invariant MAX-MIN Ant System

A strongly invariant version of MAX-MZN ant system
(siMMAS) can be defined. We first define the algorithm, then
we prove that it is functionally equivalent to MAX-MZN ant
system, and finally, that it is indeed strongly invariant.
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Definition 18 (Strongly Invariant Pheromone Update Rule):
The pheromone is updated as in Definition 15, with the differ-
ence that

Aijn = {gf(SO)/f (s°t), if (5.5) € 825 (g

otherwise

where p is the evaporation rate, s is the reference solution, and
320“ is either the best-so-far or the iteration-best solution.

Definition 19 (Strongly Invariant Pheromone Initialization):
The pheromone is initialized to 7;;1 = 1, for all (7, j).

Definition 20 (Strongly Invariant Pheromone Trail Limits):
At iteration h + 1, the value 7;; 41 of the pheromone on a
generic edge (i,7) is constrained: Tmin < Tijhe1 < TR
with 7% = f(sq)/f(sh ) and Tm‘“ = a1;™®*, where s is
the reference solutlon f(sh)is the best solution found up to
and including iteration h, and a is a parameter.

Definition 21 (Strongly Invariant MAX-MIN Ant
System): The strongly invariant MAX-MZIN ant system
(SiMMAS) is a variation of MAX-MZIN ant system. In
SIiMMAS, the random proportional rule given in Definition
7 is adopted for the construction of solutions. The pheromone
is initialized according to Definition 19, limited according
to Definition 20, and the update is performed according to
Definition 18. The heuristic information is set in an invariant
way through some appropriate problem-specific rule.

Theorem 5: MAX-MIN ant system and siMMAS are
functionally equivalent if

(Condition 2) the heuristic information is such that

[Ani;17,  for all (i, 5)

where (3 is the parameter appearing in Definition 7, 7;; and
7;; are the heuristic information on edge (i, j), respectively, in
SIMMAS and MAX-MIN ant system, and A > 0 is an ar-
bitrary constant.

Proof: As in the proof of Theorem 2, a tilde placed above
a symbol indicates that the latter refers to siMMAS. Let y =
pf(s0). According to Lemma 1 and given Condition 2, if at the
generic iteration h, §}gi1 = slﬁil and 7;; 5 = utijn, for all
(i,5), then i, = pf; . for all (i, 7). Under Hypothesis 1,
SZ = sh, forall k = 1,. m. In particular, sh = sh More-
over, whether or not an 1mprovement is made on the best-so-far
solution, 555 = sP*—see the proof of Theorem 4.

According to (4)

Biga = { pL0NT (R, 109 € 8

otherwise;

[71i]” =

)

{ 1/ f (shet),

best.
if (i,7) € sp; N

K
otherwise; gk

best

where shest is either the best-so-far s}, or the iteration-best

solution si. In both cases, accordlng to Deﬁnltrons 14 and
20, 77X = f(s0)/f(sp%) = pf(s0)/pf(sp7) = pri*™ and
Foin — gFmax — g pmax — g pmin g follows that, for all

(i,4):

Tijh+1 = [(1 —

p>TZJ nt Azg h]Tmm

max

= [(1 - )H’ng h+ /J'Azg h] T]nln HTi5 h41-
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The proof is completed by observing that at the first iteration
h=1,7%j1=1=pf(so)/pf(s0) = utij, for all (i, j); and
the initial best-so -far solutions are 55° = sb> = 3. (]

Theorem 6: siMMAS is strongly invariant if

(Condition 3) the heuristic information is such that

7517 = [ni;]°, for all (i, j)
for any two instances I and I such that I = ¢; I, with g; > 0.
Proof: Given Condition 3, according to Lemma 1 and Hy-
pothesis 1, if at the generic iteration h, Tj;, = Ty, for all
< j),andif sb% | = sbs 1,thenpm h =Dl h,forall (i,7), 5% =
sk and f(5F) = gif(sf), forall k = 1,..., . It follows
that § S = sbs and, due to Definition 20, Tmax = 73" and
%,;“m = Tmm Moreover it can be easily observed that, as a con-
sequence of Definition 18, A;; 5 = A;jp, for all (i, j); there-
fore, 7;j.n+1 = Tijh+1. for all (¢, j). The proof is completed by
observing that, according to Definition 19, 7;; 1 = 7;; 1, for all

(i, 7), and the initial best-so-far solutions are 58° = sb% = 5.0

V. ANT COLONY SYSTEM

The weak invariance property holds also for ant colony
system [10]. In ant colony system, the concept of local
pheromone update is introduced: When an ant traverses edge
(7,7) while constructing a solution, that is, when the solution
component encoded by edge (i, j) is included in the solution
being constructed, the pheromone on (i, j) is decreased [2],
[10]. In order to describe this feature, a slightly modified
notation is needed: With s’{;’t we denote the partial solution
constructed by ant k, at iteration h, in the first ¢ steps of the
solution construction process. Further, s7. (') with ¢/ < tis
the solution component added at step ¢’. Similarly, 7, L] i ht 1S
the value of the pheromone on edge (i, j) at iteration A, when
ant k is performing step ¢ of the solution construction process.
Finally, if ant & is in node ¢ at construction step ¢ of iteration
h, pr n,+ 18 the probability that it moves to node j.

Definition 22 (Local Pheromone Update Rule): At the
generic iteration h, in turn, the m ants perform a step of the
solution construction by traversing an edge, the pheromone
on which is then decreased. This process is iterated until each
of the m ants has constructed its complete solution. After the
generic ant k has performed step ¢ of the construction of its
solution, the pheromone is modified according to

k 1 e ok — (7 A\
k1 _ (L= m5ne t €m0, if sy (1) = (i,5);
ishit T b otherwise
where £ is a parameter called the local pheromone evaporation
rate, and 7} ;7,11 1s the initial value of the pheromone—see Defi-
nition 25. When all m ants have completed step ¢ of the solution
construction process, step t+1 is started with Tilj, httl = 7'17;'_:1,
Definition 23 (Global Pheromone Update Rule): Ateach iter-
ation h, after all m ants have built their solution and performed
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the local pheromone update, the pheromone on the edges be-
longing to the best-so-far solution s}is found up to and including
iteration h, are reinforced

m—+1
1 _ (1- p)Tij,h,T
Tijh+1,1 = sl
ij,h, T

+ pAijn, if (i) € 855
otherwise

where A;; 5 = 1/f(sP*), and T is the number of construction
steps needed to obtain a complete solution. The quantity TZ‘;LFIT
is the value of the pheromone on edge (7, j) after all m ants
have completed the I" construction steps of iteration h, while
Tilj’ n+1,1 18 the quantity of pheromone on edge (4, j) right before
the first ant performs the first construction step of iteration h+1.

Definition 24 (Pseudorandom Proportional Rule): At the
generic iteration h and generic construction step ¢, suppose that
ant k is in node i and V¥ is the set of feasible nodes. The node
to be visited next is selected according to the following rule:
With a probability given by the parameter g, the ant moves to
the feasible node that maximizes 7; , ,[n:]”, where I € N
with probability 1 — gy a node is selected according to the
random proportional rule given in Definition 7, with « = 1.2
Formally, pfj n,¢ 18 shown in (5) at the bottom of the page,
where  and ¢q are parameters with 0 < g < 1.

Definition 25 (Pheromone Initialization): Atiteration h = 1,
the pheromone on each edge is initialized to

Tl = #7
e nf(so)

where n = | N| is the number of nodes in the construction graph
G, and sy is the reference solution.

for all (i,7) € E

2In the original ant colony system, « is set to 1 and is not a free parameter.
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Definition 26 (Ant Colony System): Ant colony system is an
ACO algorithm in which solutions are constructed according
to the pseudorandom proportional rule given in Definition 24,
the pheromone is initialized as in Definition 25 and updated ac-
cording to Definitions 22 and 23. The local and global evapora-
tion rates £ and p, the number of ants m, the exponent /3, and the
probability g are parameters of the algorithm. The definition of
the heuristic information is problem-specific.

Lemma 2: The pseudorandom proportional rule is invariant
to concurrent linear transformation of the pheromone and of the
heuristic information. Formally, for any two positive constants
g1 and go

_k k _ ..
Tiiht = 91Ti5 oy AN Mig = gamij, for all (i, j)

= ﬁi’cj,h,t = pi‘cj,h,n for all (i, 5)

where pij ».¢ 18 obtained on the basis of 7"[3 n,¢ and 75, according
to Definition 24.
Proof: See (6) at the bottom of the page. O
Theorem 7 (Weak Invariance of Ant Colony System): Let I
and I be two equivalent instances such that I = ¢, 1, with g; >
0. Further, let G = (NN, E)) be the construction graph associated
with I and I. Ant colony system obtains the same sequence of
solutions on I and I if
(Condition 1) the heuristic information is such that
[’F]U]’H = [gg’l’]i]’]ﬁ7 fOI‘ all <L7J> S E
where (3 is the parameter appearing in Definition 7 and go > 0
is an arbitrary constant.
Proof: The proof follows those given for Theorems 1 and
4. Let us assume that at the beginning of the generic iteration h,

5, = sk, and ’filj,h,l = (1/91)%1]-,;1,1, for all (7, 7). Let us

k
Tq'j.h.t[nij]ﬁ

g0 + (1 — qo)

k )
renk Titnmitl?
i

if j = arg max;e nrk Tz'l,h,t[nil]ﬁ’

k _
Pigne = bl . (5)
(1-qo) et = otherwise
Zzg,wc TS0 e it
( 7k [’F] ]3
ij,h,tL'] . . —k = ’3'
g0+ (1 = o) TR if j = argmaxe nx 7j p ¢ [701]%;
_k tenk Tit,n, e L3l i
Pijnt = R
(1—qo) ”""‘f[,n”] — otherwise;
k .13 ? )
\ ZZQNK Til.h.t[n”]‘
( k RIS
I1Tijn, [g2mi5] e i k .
go + (1 = o) e ——, if j = argmax;c k91757, JLgamal?;
ZzeN’v 9175, [927id] i Wk, 6
= i )

175 gami)’

k 18 ?
renk 173 n cLg2mal
i

1-g
\ ( 0) Z
( 7h o mis)?
1 _ ij,h,t J .
LRSI D) Sy
5 migl?

k RER
leNk Til,h,t[n”]
i

(1- QO)Z

\

_ .k
= Dijht

otherwise;

if j = argmax;¢ i nalnin)?;

otherwise;
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consider the first construction step at iteration h. According to
Lemma 2, for the first ant, pj; , ; = pj; 1, forall (i, j). Under
Hypothesis 1, 5} ; = s} . On the basis of Definition 22

z_],h 1

=1 TR
zghl—i—f i7,1,1° 1f8h71(1)—<l,_]>7

U,h 1 otherwise;
if 51 — (i 4\
— !]1 1.77 1+£g17_”71 1 if Sh,l(l) - (Lv./)a

91 z] h,1 otherwise;

1
= g1 L] h,1*

Under the condition 7712] n1 = (1/ gl)r?j 51> Lemma 2 also
applies to the second ant at the ﬁrst step of the solution con-
struction at 1teration h:pZipg = p” n.1» for all <L 7). There-
fore, sh L= sh 1> and ﬁnally 7'] hi = = (1/g1)7 75 no1o for all
(,7). This procedure is repeated for all m ants at the first step
of the solution construction at generation h, with the net re-
sult that sh 1 = sh ;»forall k = 1,...,m, and Tg;tll
(1/g1)T :Jn;': forall (¢, j). The same reasoning also holds for the
second step of the solution construction Indeed, according to

.. _ 1
Definition 22, TLIJ n,2 = Tij, h 1 = (1/g1)r, Zﬁii = (1/g1)7 ng h,2s
for all (i, 7). Eventually, after T constructlon steps, 7, Z'IT =
(1/g1)7

:Jn;':lT for all (i, j), and 5% = s, forall k = 1,.

Therefore, f(55) = glf(sh) forallk = 1,...,m.In partlc—

ular, f(5P) = g1 f(siP). Moreover, whether or not an improve-

ment is made on the best-so-far solution, 555 = sP*, and there-

fore f(58%) = g1f(sh*)—see the proof of Theorem 4—which

results in A;; 5, = (1/91)Aq;.5. According to Definition 23

1 { (1= p) T+ pBijin, if (i,5) € 5
i 1,1 =

Z?;LAT otherwise;

+1 s 4 bs.

o gi :jn’ +P Azy hs if <57J> € Shsa
o :;LfT? otherwise;

+1 el I

1) A=) e +pAin, 1 (i) € 5%

- { Tm+1

ij,h, T
1

1
_17¢j,h+1.,1-

otherwise;

The proof is completed by observing that according to Defi-
nition 25, the pheromone is initialized as

1 1 1
7 - = = —7T;:14, forall(i,
Tt = nf(so)  ngif(so) g 0 (i-4)

and the initial best-so-far solutions are 55° = sb% = sq, where
S¢ 1s the reference solution. O
Remark 9: Condition 1 is trivially satisfied when no heuristic

information is used, that is, when 3 = 0.

A. Strongly Invariant Ant Colony System

A strongly invariant version of ant colony system (siACS) can
be defined. We first define the algorithm, then we prove that it
is functionally equivalent to ant colony system, and finally that
it is indeed strongly invariant.
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Definition 27 (Strongly Invariant Global Pheromone Update
Rule): The global pheromone update is performed as in Defini-
tion 23, with the difference that A;; ;, = nf(so)/f(sh*), where
n = |N| and so and sb® are the reference and the best-so-far
solution, respectively.

Definition 28 (Strongly Invariant Pheromone Initialization):
The pheromone is initialized to 7/}, , ; = 1, for all (3, j).

Definition 29 (Strongly Invariant ‘Ant Colony System): The
strongly invariant ant colony system (siACS) is a variation of
ant colony system. In siACS, the pseudorandom proportional
rule is used for the construction of solutions, the pheromone is
initialized according to Definition 28 and the local and global
pheromone updates are performed according to Definitions 22
and 27, respectively. The heuristic information is set in an in-
variant way through some appropriate problem-specific rule.

Theorem 8: Ant colony system and siACS are functionally
equivalent if

(Condition 2) the heuristic information is such that

[7i5]° = [nij)?, for all (i, 5)
where (3 is the parameter appearing in Definition 7, 7;; and
7;; are the heuristic information on edge (i, j), respectively, in
siACS and ant colony system, and A > 0 is an arbitrary constant.
Proof: As in the proofs of Theorems 2 and 5, a tilde placed
above a symbol indicates that the latter refers to siACS. Let
= nf(sp). According to Lemma 2, given Condition 2, and
under Hypothesis 1, if at the beginning of the generic itera-

tion h, 585, = 5},3 yand 7L, = prly ., for all ( 7
then, p; 1, , = pijpo forall (i, 7), forall ants k = 1,...,m,
and for all construction steps t = 1,...,T. Further, 7% it =
T, J n,+» and therefore sk = sl,j—see the proof of Theorem 7.
In particular i ;'L'l ufr;”?;l Moreover, 5> = si. Finally,
whether or not an improvement is made on the best-so-far so-
lution, 3° = sh®—see the proof of Theorem 4. The global

pheromone update takes place on the basis of the quantities

~ nf(so) 1
Aijh = N = 5 = HAijh
FG) Fs)
It follows that, for all (3, j):

1 _J = o oA, i (0) € 375

ikt NZ;li—lT otherwise;
_Ja- PIWT]H + pulijn, i (i, 5) € 575

ur;; li—lT , otherwise;
— (L= o)t + P, if (3, 5) € 535

TL’;;'L'lT , otherwise;

= UT; J h+1,1"

The proof is completed by observing that at the first iteration

h=1,7511=1=nf(s0)/nf(s0) = prj; 1 1, forall (4, j);
and the initial best-so-far solutions are 55° = sb* = s. O
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Theorem 9: siACS is strongly invariant if
(Condition 3) the heuristic information is such that

[7:517 = [mi5)°, for all (i, 5)

for any two instances I and I such that I = g;I, with g; > 0.
Proof: Under Hypothesis 1 and given Condition 3, ac-

cording to Lemma 2 and Deﬁnition 22, if at the generic itera-

tion h, 8%, = sb° 1 and T “ h = Tilj,h.,l’ for all (4, 7), then

Ty = 7']; poand pi = pk, , for all (i, 5), for all ants

k=1,. m and for all construction steps ¢ = 1,. .., T. It fol-
lows that 58 = sF and f(s,) = g1f(s¥), for all k= 1. C M.
In particular, s ’bs = sp bs from which, as a consequence of Def-

1nllt10n 27, A“ n = Ayjn, for all (¢, 7); therefore, TL] hil1l =
Tij,h+1,1° for all (i, 7).

The proof is completed by observing that, according to Def-
inition 28, 7, | = 7}, 1 = = 1, for all (¢, ), and the initial
best-so-far solutions are 55° = s5° = sq. O

VI. PROBLEMS

In this section, we illustrate how the theorems proved
in Sections III-V apply to some well-known combinatorial
optimization problems. In particular, Section VI-A deals
with the traveling salesman problem, Section VI-B with the
quadratic assignment problem, and Section VI-C with the
open shop scheduling problem. Further examples of how the
proposed theorems apply to other combinatorial optimiza-
tion problems are given in [14] and can be found online at
http://iridia.ulb.ac.be/supp/IridiaSupp2006-008/.

A. Traveling Salesman Problem

The traveling salesman problem consists in finding a Hamil-
tonian circuit of minimum cost on an edge-weighted graph G =
(N, E), where N is the set of nodes, and F is the set of edges.
If a directed graph is considered, the problem is known as the
asymmetric TSP [15].

Let ;;(s) be a binary variable taking value 1 if edge (3, j) is
included in tour s, and O otherwise. Let ¢;; be the cost associated
to edge (7, j). The goal is to find a tour s such that the function

=D cijwils)

iEN jEN

is minimized.

1) Transformation of units: If the cost of all edges is multi-
plied by a constant ¢, the resulting instance I is equivalent
to the original I, that is, I = g11, with g = (. Indeed,
¢i; = Ceij, forall (i, 7) = f(s) = (f(s), for all 5.

2) Reference solution: Many constructive heuristics exist for
the TSP [16] that can be conveniently adopted here.

3) Heuristic information: The typical setting is 7;; = 1/¢;;,
for all (7, j). This meets Condition 1 with go = 1/(.
Therefore, the theorems on the weak invariance of ant
system, MAX—-MZIN ant system, and ant colony system
hold. In the literature, the three variants of ACO con-
sidered in this paper have been applied to the traveling
salesman problem with the setup just described [2].

4) Strongly invariant heuristic information: 7;; =
f(s0)/ncij;, for all (i,7), where n = |N|. It is worth
noting that the term 7 is not needed for the invariance to
transformation of units. It has been included for achieving
another property: the above defined 7;; does not depend
on the size of the instance under analysis—that is, on the
number n of cities. This definition meets Condition 2 with
A = f(so)/n, and Condition 3.
Therefore, siAS, siMMAS, and siACS are indeed
strongly invariant and are functionally equivalent to their
original counterparts.

B. Quadratic Assignment Problem

In the quadratic assignment problem, n facilities and n loca-
tions are given, together with two n x n matrices A = [a;;] and
B = [byy], where a;; is the distance between locations 7 and j,
and b, is the flow between facilities u and v. A solution s is an
assignment of each facility to a location. Let z;(s) denote the
facility assigned to location 7. The goal is to find an assignment
that minimizes the function

=D D ibui(s)es(s)-

=1 j5=1

1) Transformation of units: If all distance is multiplied by
a constant (3 and all flows by a constant (5, the resulting
instance I is equivalent to the original I, thatis, I = g, 1,
with g1 = (1(2.

2) Reference solution: The construction of the reference so-
lution is typically stochastic: a number of solutions are ran-
domly generated and improved through a local search. The
best solution obtained is adopted as the reference solution
[17]. It is worth noting that a local search is an invariant
algorithm.

3) Heuristic information: Often, the heuristic information is
not adopted [17], that is, § = 0. In this case, Condition 1
is trivially met. Some authors [18] set ;; = 1/ >, ai.
This meets Condition 1 with go = 1/(;.

Therefore, the theorems on the weak invariance of ant
system, MAX-MZN ant system, and ant colony system
hold.

4) Strongly invariant heuristic information: If the heuristic
information is adopted, 7;; = f(s0)/ Y., @, for all
(4, 7). This meets Condition 2 with A = f(ss¢), and Con-
dition 3. On the other hand, if no heuristic information is
adopted as suggested in [17], Conditions 2 and 3 are triv-
ially met.

Therefore, siAS, siMMAS, and siACS are indeed
strongly invariant and are functionally equivalent to their
original counterparts.

C. Open Shop Scheduling Problem

In open shop scheduling problems [19], a finite set O of
operations is given, which is partitioned into a collection of
subsets M = {M;, My, ..., My} and a collection of subsets
J = {h,Ja,...,Jyv}. Each M, is the set of operations that
have to be performed by machine «; and each J, is the set of
operations belonging to job v. A non-negative processing time
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t(0;) and an earliest possible starting time e(0;) are associated
with operation o; € O. A solution s is a collection of sched-
ules X (s) = {X1(s), X%(s),...,XY(s)}, where X¥(s) is the
sequence of operations scheduled for machine u and X} (s) is
the operation in position 7 in sequence X “(s). The completion
time c¥(s) of operation X“(s) is computed recursively from
() = H(X2(s)) + max]e(X2 (s)), e, ()], with cf(s) =
0. The goal is to minimize the makespan, which is given by

f(s) = max C’TMu|(5)~

1) Transformation of units: If all processing times and ear-
liest possible starting times are multiplied by a constant (,
the resulting instance I is equivalent to the original I, that
is, I= gll, with g1 = C

2) Reference solution: The construction of the reference so-
lution is typically stochastic.

3) Heuristic information: The heuristic information is typi-
cally n;; = 1/e(o;), for all (i, j), which meets Condition
1 with go = 1/¢.

Therefore, the theorems on the weak invariance of ant
system, MAX-MZIN ant system, and ant colony system
hold.

4) Strongly invariant heuristic information: 7n;; =
f(s0)/e(o0;), for all (¢,7). This meets Condition 2 with
A = f(s0), and Condition 3.

Therefore, siAS, siMMAS, and siACS are indeed
strongly invariant and are functionally equivalent to their
original counterparts.

VII. CONCLUSION

Contrary to what was previously believed [1], at least three
of the most representative and most widely adopted algorithms
belonging to the ACO family appear to be invariant to transfor-
mation of units. In this paper, we have formally proved that ant
system, MAX-MZIN ant system, and ant colony system are
indeed weakly invariant. In other words, the sequence of solu-
tions they produce does not depend on the scale of the problem
instance at hand. The technique adopted for proving the theo-
rems is basically the same for the three algorithms. In the three
cases, the proof is of an inductive nature: We prove that if some
conditions are fulfilled at the beginning of iteration A, then the
solutions produced at iteration h are the same whenever solving
any two instances that are equivalent up to a linear transforma-
tion of units. Moreover, the same conditions also hold at the fol-
lowing iteration i + 1. The proof is concluded by showing that
the conditions are fulfilled at the beginning of the first iteration.
The same technique can be adopted for formally showing the
invariance of other algorithms belonging to the ACO family. It
is worth noticing here that the initialization of the pheromone
plays a critical role: In order for the algorithm to be invariant,
the pheromone should be initialized in an invariant way. Defini-
tions 9, 16, and 25 guarantee the invariance of the initialization.
A similar remark holds for what concerns the heuristic infor-
mation. In order to obtain an invariant algorithm, the heuristic
information should meet Condition 1 as given in the statement
of Theorems 1, 4, and 7.
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As a second contribution, the paper introduces three algo-
rithms: siAS, siMMAS, and siACS. These algorithms are
functionally equivalent to AS, MMAS, and ACS, respec-
tively, but they enjoy the further property of being strongly
invariant. In other words, besides producing the same sequence
of solutions irrespective of any linear transformation of units,
these algorithms are such that the pheromone and the heuristic
information do not change with the units adopted.

Blum and Dorigo [1] were the first to draw attention to the
property that in this paper we call strong invariance. This prop-
erty is definitely desirable for at least two main reasons: first,
it reduces possible numerical problems in the implementations
and contributes therefore to enhance the stability of the algo-
rithm; second, it greatly improves the readability of the solu-
tion process. In order to achieve strong invariance, Blum and
Dorigo [1] have defined a new framework they named hyper-
cube. An hypercube version of AS, MM AS, or ACS is effec-
tively a new algorithm which shares with its originating (non-
hypercube) version much of the underlying ideas but that is not
functionally equivalent to the latter. The main advantage of the
strongly invariant algorithms we have proposed in this paper is
indeed that they are proved to be functionally equivalent to their
respective original counterparts. The properties of these algo-
rithms do not therefore need to be studied from scratch: The re-
sults reported in the existing literature on ACO, which are rather
substantial, directly extend to these new algorithms. In partic-
ular, AS, MMAS, and ACS have been successfully applied to
a variety of problems and therefore an assessment of the perfor-
mance of siAS, siMMAS, and siACS under a large number of
experimental conditions is already available.

Anyway, the significance of the introduction of siAS,
SIMMAS, and siACS is mostly theoretical and speculative.
Indeed, the very possibility of defining a strongly invariant
algorithm that is functionally equivalent to a given ACO algo-
rithm sheds new light on ACO.

ACKNOWLEDGMENT

The authors are grateful to the editors and to the anonymous
reviewers: their remarks and suggestions have greatly con-
tributed to shape this paper and to broaden the scope and the
significance of the proposed results.

REFERENCES

[1] C. Blum and M. Dorigo, “The hyper-cube framework for ant colony
optimization,” IEEE Trans. Syst., Man, Cybern.—Part B, vol. 34, no.
2, pp. 1161-1172, Apr. 2004.

[2] M. Dorigo and T. Stiitzle, Ant Colony Optimization.
MIT Press, 2004.

[3] S. Goss, S. Aron, J. L. Deneubourg, and J. M. Pasteels, “Self-orga-
nized shortcuts in the Argentine ant,” Naturwissenschaften, vol. 76, pp.
579-581, 1989.

[4] P. P. Grassé, “La reconstruction du nid et les coordinations interindi-

viduelles chez Bellicositermes Natalensis et Cubitermes sp. La théorie

de la stigmergie: Essai d’interprétation du comportement des termites

constructeurs,” Insectes Sociaux, vol. 6, pp. 41-81, 1959.

M. Zlochin, M. Birattari, N. Meuleau, and M. Dorigo, “Model-based

search for combinatorial optimization: A critical survey,” Ann. Oper.

Res., vol. 131, no. 1-4, pp. 373-395, 2004.

M. Dorigo, G. Di Caro, and L. M. Gambardella, “Ant algorithms for

distributed discrete optimization,” Artif. Life, vol. 5, no. 2, pp. 137-172,

1999.

Cambridge, MA:

[5

[t}

[6

—



742 IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 11, NO. 6, DECEMBER 2007

[7]1 M. Dorigo, V. Maniezzo, and A. Colorni, The ant system: An autocat-
alytic optimizing process Dipartimento di Elettronica, Politecnico di
Milano, Milano, Italy, Tech. Rep. 91-016 Revised, 1991.

[8] M. Dorigo, “Ottimizzazione, apprendimento automatico, ed algoritmi
basati su metafora naturale,” Ph.D. dissertation, Politecnico di Milano,
Milano, Italy, 1992, in Italian.

[9] M. Dorigo, V. Maniezzo, and A. Colorni, “Ant system: Optimization
by a colony of cooperating agents,” IEEE Trans. Syst., Man, Cybern.
—Part B, vol. 26, no. 1, pp. 29-41, Feb. 1996.

[10] M. Dorigo and L. M. Gambardella, “Ant colony system: A coopera-
tive learning approach to the traveling salesman problem,” IEEE Trans.
Evol. Comput., vol. 1, no. 1, pp. 53-66, Apr. 1997.

[11] T. Stiitzle and H. H. Hoos, “The MAX-MZAN ant system and
local search for the traveling salesman problem,” in Proc. IEEE Int.
Conf. Evol. Comput., T. Bick, Z. Michalewicz, and X. Yao, Eds., pp.
309-314.

[12] —, “MAX-MZIN antsystem,” Future Generation Computer Sys-
tems, vol. 16, no. 8, pp. 889-914, 2000.

[13] M. Dorigo, M. Birattari, and T. Stiitzle, “Ant colony optimization: Ar-
tificial ants as a computational intelligence technique,” IEEE Comput.
Intell. Mag., vol. 1, no. 4, pp. 28-39, 2006.

[14] P. Pellegrini and M. Birattari, Some combinatorial optimization prob-
lems on which ant colony optimization is invariant IRIDIA, Université
Libre de Bruxelles, Brussels, Belgium, Tech. Rep. TR/IRIDIAA-2006-
026, 2006.

[15] E. L. Lawler, J. K. Lenstra, A. H. G. R. Kan, and D. B. Shmoys, The
Travelling Salesman Problem. Chichester, U.K.: Wiley, 1985.

[16] D.J.Rosenkrantz, R. E. Stearns, and P. M. L. II, “An analysis of several
heuristics for the traveling salesman problem,” SIAM J. Comput., vol.
6, no. 5, pp. 563-581, 1977.

[17] T. Stiitzle and M. Dorigo, “ACO algorithms for the quadratic assign-
ment problem,” in New Ideas in Optimization, D. Corne, M. Dorigo,
and F. Glover, Eds. New York: McGraw-Hill, 1999, pp. 3-50.

[18] V. Maniezzo and A. Colorni, “The ant system applied to the quadratic
assignment problem,” IEEE Trans. Data Knowl. Eng., vol. 11, no. 5,
pp. 769-778, Sep./Oct. 1999.

[19] L. Chung-Yee and L. Lei, Scheduling: Theory and Applications.
sterdam, The Netherlands: Baltzer Science, 1997.

Am-

Mauro Birattari (M’05) received the M.S. degree
in electrical and electronic engineering from the
Politecnico di Milano, Milan, Italy, in 1997, and
the Ph.D. degree in information technologies from
the Faculty of Engineering, Université Libre de
Bruxelles, Brussels, Belgium, in 2004.

He 1is currently a Senior Researcher at
IRIDIA-CoDE, Université Libre de Bruxelles.
He coauthored about 50 peer-reviewed scientific
publications in the field of computational intel-
ligence. His research interests focus on swarm
intelligence, ant colony optimization, and the application of artificial intelli-
gence and machine learning techniques to the automatic design of algorithms.

Dr. Birattari is an Associate Editor for the Swarm Intelligence Journal and has
served on the organizing committee of the last three editions of the International
‘Workshop on Ant Colony Optimization and Swarm Intelligence.

Paola Pellegrini received the M.S. degree in business
economics from the Universita Ca’ Foscari, Venice,
Italy, in 2003. She is currently working towards the
Ph.D. degree in mathematics for economics at the
Universita Ca’ Foscari.

She has been a Visiting Researcher at the
Department of System Engineering, University of
Arizona, Tucson, for a semester in 2004, and at
IRIDIA-CoDE, Université Libre de Bruxelles, Brus-
sels, Belgium, for one year in 2005. Her research
interests focus on metaheuristics for combinatorial
optimization. In particular, she is interested in methodological and theoretical
issues concerning ant colony optimization.

Marco Dorigo (S°92-M’93-SM’96-F’06) received
the Laurea (Master of Technology) degree in indus-
trial technologies engineering and the Ph.D. degree in
information and systems electronic engineering from
Politecnico di Milano, Milan, Italy, in 1986 and 1992,
respectively, and the title of Agrégé de 1’Enseigne-
ment Supérieur, from the Université Libre de Brux-
elles, Belgium, in 1995.

From 1992 to 1993, he was a Research Fellow
at the International Computer Science Institute
of Berkeley, Berkeley, CA. In 1993, he was a
NATO-CNR Fellow, and from 1994 to 1996, a Marie Curie Fellow. Since
1996, he has been a Tenured Researcher of the FNRS, the Belgian National
Fund for Scientific Research, and a Research Director of IRIDIA-CoDE, the
Artificial Intelligence Laboratory of the Université Libre de Bruxelles. He is
the inventor of the ant colony optimization metaheuristic. His current research
interests include swarm intelligence, swarm robotics, and metaheuristics for
discrete optimization.

Dr. Dorigo was awarded the Italian Prize for Artificial Intelligence
in 1996, the Marie Curie Excellence Award in 2003, and the Dr. A. De
Leeuw-Damry-Bourlart Award in applied sciences in 2005. He is the Ed-
itor-in-Chief of the Swarm Intelligence Journal. He is an Associate Editor
for the IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, the IEEE
TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS, and the ACM Trans-
actions on Autonomous and Adaptive Systems. He is a member of the Editorial
Board of numerous international journals including: Adaptive Behavior, Al
Communications, Artificial Life, Cognitive Systems Research, Evolutionary
Computation, Information Sciences, Journal of Heuristics, and the Journal of
Genetic Programming and Evolvable Machines.



