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Abstract

This paper has two main gaels. the brst is to pro-
pose anew classof Heuristicdly Accderated Rein-
forcement Leaning algorithms (HARL), the Dis-
tributed HARLS, describing ore dgorithm of this
class the Heuristicdly Accderated Distributed Q-
Leaning (HADQL); andthe secondisto show that
Ant Colony Optimization (ACO) algorithmscan be
seen asinstances of Distributed HARL salgorithms.
In particular, this paper shows that the Ant Colony
System (ACS) agorithm can be interpreted as a
particular case of the HADQL agorithm. Thisin-
terpretation is very attradive, as many of the con-
clusions obtained for RL algorithms remain valid
for Distributed HARL agorithms, such asthe guar-
antee of convergence to equilibrium. In order
to better evaluate the propcsal, we compared the
performances of the Distributed Q-Leaning, the
HADQL and the ACS agorithmsin the Traveling
Salesman Problem domain. The results show that
HADQL and the ACS agorithm have similar per-
formances, as it would be expeded from the hy-
pothesisthat they are, in fad, instances of the same
classof agorithms.

1 Introduction

In the last few yeas svera reseachers naticed the similar-
ity between Ant Colony Optimization (ACO) and Reinforce-
ment Leaning (RL) [Stutzle and Dorigo, 2002 Dorigo and
Blum, 2005. Despite having dff erent inspirational sourcesb
ACO isinspired in the foraging behavior of red ants, while
RL is based on Optima Control Theory B, they have several
charaderistics in common, such as the use of Markov Ded-
sion Processas a way to formulate the problem and provide
convergence proofs for the dgorithms [Stutzle and Dorigo,
2002, and the similarity between the adion-value function
in RL and the pheromonein ACO, among dher aspeds.

The major differences between ACO and RL are that the
brst is a distributed approach, with several agents working
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to bnd a solution to a given problem and that ACO makes
use of a heuristic evaluation o which moves are better. This
last difference Bthe use of heuristics by the ACO B made it
difbcult to completely model an ACO algorithmasaRL one.

Now these diff erencescan be aldressed by wsingarecently
proposed technique, the Heuristicaly Accderated Reinforce-
ment Leaning(HARL) [Bianchi et al., 200§. Thistechnique
was propcsed to spead up RL methods by making wse of a
conveniently chosen heuristic function, which is used for se-
leding appropriate adions to perform in order to gude e-
ploration duingthe leaning process HARL techniques are
based on brm theoreticd founchtions, allowing many of the
conclusionsobtained for RL to remain valid, such asthe guar-
anteeof convergenceto an optimal solutionin the limit.

This paper presents two cortributions: the brst one is the
proposal of a new classof HARL algorithms, the Distributed
HARL (HADRL), and the description and implementation
of one dgorithm of this class the Heuristicdly Accderated
Distributed Q-Leaning (HADQL), which extends the Dis-
tributed Q-leaning (DQL) algorithm propcsed by Mariano
and Moraes [200]. The second contribution is a demon-
stration that ACO algorithms can be seen asinstances of Dis-
tributed HARLSs algorithms. In particular, the paper shows
that the Ant Colony System (ACS) algorithm [Dorigo and
Gambardell a, 1997 can be considered a particular case of the
HADQL agorithm. Thisinterpretation is very attradive, as
many of the aonclusions obtained for RL algorithms remain
valid for Distributed HARL algorithms, such asthe guarantee
of conwvergenceto equili brium.

The domain studied herein is that of the Traveling Sales-
man Problem, which is used as a benchmark for testing the
agorithms with the goal of evaluating HADQL and compar-
ingit withthe DQL andthe ACS. Nevertheless thetechnique
propased in this work is domain independent.

The remainder of this paper is organized as follows: Sec
tion 2 krieldy reviewsthe RL problem andthe Distributed Qb
Leaningalgorithm, whil e Sedion 3 describes the HAQL ap-
proach andits lutions. Sedion 4 shows how to incorporate
heuristicsin the DQL algorithm. Sedion 5 presentsthe ACO
and the ACS algorithm, and Sedion 6 shows how ACS can
be seen as a HARL agorithm. Sedion 7 gesents the e-
periments performed and shows the results obtained. Finally,
Sedion 8 povidesour conclusions and outli nes future work.
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2 Reinforcement Learning and the DQL
algorithm

Reinforcement Leaning (RL) agorithms have been applied
succesgully totheon-lineleaning o optimal control padlicies
in Markov Dedsion Processes (MDPs). In RL, thispdlicy is
learned throughtrial-and-error interadions of the agent with
its environment; on ead interacdtion step the agent sensesthe
current state s of the environment, choosesan adiona to per-
form, exeautes this adion, altering the state s of the environ-
ment, and receaves a scdar reinforcement signal r (a reward
or penalty).

The RL problem can be formulated as a discrete time,
bnite state, Pnite adion Markov Dedsion Process (MDP).
The leaning environment can be modeled by a 4-tuple
(S, A, T,R), where:

e S:isabnite set of States.
e A: isabnite set of adionsthat the agent can perform.

e 7T:S5xA—"! (S): isastatetranstionfunction, where
| (S) isaprobability distribution over S. T'(s, a, s*) rep-
resents the probability of moving from state s to s' by
performingadiona.

e R:S x A— R:isascdar reward function.

The goal of the agent in a RL problem is to lean an op-
timal pdicy 7° : S — A that maps the aurrent state s into
the most desirable adion a to be performed in s. One strat-
egy to lean the optimal policy =" is to alow the agent to
lean the evaluationfunction@ : S x A — R. Each adion
value Q(s, a) value represents the expeded cost incurred by
the agent when taking adion a at state s and following an
optimal palicy theredter.

The QBleaning agorithm [Watkins, 1989 is awell-know
RL technique that uses a strategy to lean an optimal palicy
7 vialeaning o the adion values. It iteratively approxi-
mates (Q, provided the system can be modeled as an MDP,
the reinforcement function is bounded, and adions are cho-
sen so that every state-adion pair is visited an inPnite number
of times. The @ Ieaninglupdate ruleis:

(9(870,) — (9(870’) tart ’ym@XQ(s!,a!) - (9(8,(1) )
D
where s isthe aurrent state; a is the adion performed in s; r
is the reward receved; s' is the new state; v is the discourt
fador (0 < v < 1); and , isthe leaningrate.

In the case of the use of the QELeaningagorithmto solve
the TSR the state s correspondsto the dty in which the agent
is at a given moment, and the set of adions that an agent
can exeaute corresponds to the set of cities in the problem,
excludingthe aurrent city s.

To seled an adion to be exeauted, the QBELeaning algo-
rithm usually considers an e — Greedy strategy:

Fargmax, €(s,0) ifq <y,
otherwise &)

w(s) =

Grandom

where ¢ is a random value uniformly distributed over [0, 1]
andp (0 < p < 1) is a parameter that debnes the explo-
ration/exploitation tradeoff: the larger p, the smaller is the
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Table 1: The DQL agorithm [Marianoand Morales, 2007.

Initidize Q(s, a) arbitrarily
Reped (for n episodes):
Repea (for ead agent i in the set of m agents):
Initialize s, copy Q(s, a) to Qc'(s, a)
Reped (for eat step of the episode):
Seled an adion a, observer, s'.
Update the Qc'(s, a) values.
S — S!.
Until s isterminal.
Evaluate the m solutions.
Assgnreward to the best solutionfound
Update the global Q(s, a).
Until atermination criterionis met.

probability of exeauting a randam exploratory adion, and
Grandom 1S@N adionrandamly chosen amongthose avail able
in state s;.

Several authors have proposed distributed approadhes to
RL, and various forms of distributed QELeaning were de-
veloped [Pendrith, 200Q Lauer and Riedmill er, 2000 Gu and
Maddox, 1996 Mariano and Moraes, 200]. One of these
is the Distributed Q-leaning agorithm (DQL) propased by
Marianoand Morales[2001], which isa generalizaion o the
Q-leaningalgorithmwhere, insteal of asingle agent, several
independent agents are used to learn asingle palicy.

In Mariano and MoralesODQL, in addition to the global
Q(s,a) function, ea agent : keegs a temporary copy o
Q, the Qc;(s, a) that is used to dedde which adion to per-
form, following an e-grealy pdicy. Every time an adionis
performed, Qc;(s, a) isupdated acordingto the Q-Leaning
update rule (Equation 1).

The DQL agents explore different options in a cmmon
environment and when all agents have completed a solution,
their solutions are evaluated, and the global Q(s, a) tableis
updated: the best solution (the shortest route made by all
agentsin the TSP isupdated using Equation (1), and recev-
ingareward r. The DQL agorithmis presented in table 1.

As DQL does not change the update rules of the Qb
Leaning agorithm, the same proofs of convergence used
for the standard QBELeaning remains valid for it [Mariano
and Morales, 2001]. Different Distributed Q-Leaning al-
gorithms, proposed by aher authors, aso hdd convergence
prodfs [Lauer and Riedmill er, 2004 .

3 Heuristic Accderated Reinforcement
Learning

Formally, a Heuristicaly Accderated Reinforcement Lean-
ing (HARL) algorithmisaway to solve aMDP problem with
explicit use of a heuristic function® : S x A — R for in-
Buencingthe choiceof adions by theleaningagent. H(s, a)
debnesthe heuristic that indicaestheimportanceof perform-
ing the ation a when visiting state s. The heuristic function
is drondy asciated with the palicy: every heuristic indi-
caesthat an adion must be taken regardlessof others.

The heuristic function is an adion pdicy modiber which
does not interfere with the standard bodstrap-like update



1st International Workshop on Hybrid Control of Autonomous Systems

Integrating Learning, Deliberation and Reactive Control (HYCAS 2009)

Pasadena, California, USA, July 13 2009

mechanism of RL algorithms. A possble strategy for adion

choiceisan! ! greedy medianism where aheuristic med-
anism formalized asafunctionH (s, a) is considered, thus:

! " #
argmax, F(s,a) #%l (s, a)’

arandom

ifq” p,
otherwise ®)

"(s) =

where:

¥F : S#A $ %is an estimate of a value func-
tion that debnes the expeded cumulative reward. If
F(s,a) & Q(s,a) we have an algorithm similar to stan-
dard QELearning.

¥H:S# A $ %istheheuristic function that plays a
roleinthe adionchoice H (s, a) debPnestheimportance
of exeautingadionsin state s.

¥ #Bis afunction that operates on red numbers and pro-
ducesavalue from an ordered set which suppatsamax-
imizaion operation.

¥ %and & are design parameters that control the infBuence
of the heuristic function.

¥ gisaparameter that debnesthe exploration/exploitation
tradeoff.

¥ arandom IS an adion randamly chosen among those
availablein state s.

In general, the value of H (s, a) must be larger than the
variagtionamongthevaluesof F(s,) for agivens ' S, sothat
it can inRuencethe adion choice On the other hand, it must
be as gnall asposshblein order to minimizethe eror. If #$is
asum and %= & = 1, aheuristic can be debned as:

|
" maxg [F(s,a)]! F(s,a)+' ifa="H(s),
H(s,8) = 0 otherwise.

4
where ' is a smal value and "™ (s) is a heuristic obtained
using an appropriate method

For instance, let [1.0 1.1 1.2 0.9] be the values of F(s, a)
for four possble adions[a; a2 as a4] for agiven state s; . If
the desired adionisthe brst one (a;), we can use' = 0.01,
resultingin H (s,a;) = 0.21 and zero for the other adions
(seeFigure 1). Theheuristic can be debned similarly for other
debnitions of # and values of %eand &.

Conwergenceof the brst HARL agorithm N H euristicdly
Accderated QBELeaning (HAQL) N is presented in Bianchi
et al. [2009, together with the debnition o an upper bound
for the aror in the estimation o Q. The same authorsinves-
tigated the use of HARL in multiagent domain, propcsing a
multiagent HARL algorithm Bthe Heuristicaly Accderated
Minimax-Q [Bianchi et al., 2007 Bandtestingitin asimpli-
Ped simulator for the roba soccer domain.

4 TheHADQL algorithm

The Heuristicaly Accderated Distributed QBLeaning algo-
rithm is a HARL algorithm that extends the DQL algorithm
by making use of an heuristic function in the adion choice
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O

F(s,a2)=1.1
H(s,a2) =0
F(s,a3) = 1.2 F(s,al)=1.0
H(s,a3) =0 H(s,al) =0.21
S — _>
F(s,a4) = 0.9
H(s,a4) = 0

O

Figure 1: Suppcse astate s; and a desired state s;41. The
value of H (s¢,a;) for the adion that leads to s, is 0.21,
and zero for the other adions.

rule debned in Equation (3), where F = Q, the # operator is

thesumand & = 1:

$ % &
argmaxa Q(s,a)+ %l (s,a) ifq" p,

otherwise,

"(s) = (5)

Arandom

where dl variables are debned as in Equation (3). The value
of the heuristic can be debned by instantiating Equation 4

$miax Q(s,i)! Q(s,a)+"' ifa=""(s),

H(s,a) = i
0 otherwise.

(6)
where ' is asmal red value (usualy 1) and " " (s) is the
adion suggested by the heuristic palicy.

Asthe heuristic is used orly in the chaice of the adionto
be taken, the DQL operationis not modibed (i.e., updates of
the function Q are as in QBleaning), and it thus all ows that
many of the conclusions obtained for DQL remain valid for
HADQL. The HADQL algorithm is presented in table 2.

Theorem 1. Consider a HADQL system learningin a deter-
ministic MDP, with Prite sets of states and actions, bounced
rewards ((c ' % ()s,a),|r(s,a)] < c), discourt factor (
suchthat 0 " ( < 1 and where the values used on the
heuristic function areboundd by () s,a) hpin " H(s,a) "
hmax. For thisalgorithm, the Q values will corvergeto Q*,
with probahlity one uniformly over all the statess ' S, if
each state-action pdr isvisited inbritely often (obeys the Qb
learninginkbrite visitation condition).

Proof. InHADQL, the update of the value function approxi-
mation dces not depend explicitly on the value of the heuris-
tic. The necessry condtions for the conwvergence of DQL
that could be &feded with the use of the heuristic agorithm



1st International Workshop on Hybrid Control of Autonomous Systems N Integrating Learning, Deliberation and Reactive Control (HYCAS 2009)

Pasadena, California, USA, July 13 2009

Table 2: The HADQL algorithm

Initialize Q(S, a) and H (s, a) arbitrarily
Repeat (for n episodes):
Repeat (for each agent i in the set of m agents):
Initialize S, copy Q(S, a) to Q' (s, a)
Repeat (for each step of the episode):
Compute the value of H (s, &) using Eq. 6.
Select an action a using Eq. 5.
Observer,s'.
Update the QC (s, a) values.
s! ¢
Until s is terminal.
Evaluate the m solutions.
Assign reward to the best solution found.
Update the global Q(Ss, a).
Until a termination criterion is met.

HADQL are the ones that depend on the choice of the ac-
tion. Of the conditions presented in Littman and Szepesvari
[1996]; Mitchell [1997], the only one that depends on the ac-
tion choice is the necessity of infinite visitation to each pair
state-action. As equation 5 considers an exploration strategy
- greedy regardless of the fact that the value function is in-
fluenced by the heuristic, the infinite visitation condition is
guaranteed and the algorithm converges. O

The condition of infinite visitation of each state-action pair
can be considered valid in practice also by using visitation
strategies such as Boltzmann exploration [Kaelbling et al.,
1996], intercalating steps where the algorithm makes alter-
nate use of the heuristic and exploration, or using the heuristic
during a period of time, smaller than the total learning time.

The domain studied in this work is that of the Traveling
Salesman Problem (TSP), which consists in, given a number
n of cities C = ©€1,Co,...Cy and the distance d;j between
them, to find the shortest route that visits each city in C at
least once and then returns to the starting city.

To compute an heuristic function for the TSP problem, we
were inspired by the Nearest Neighbor Heuristic used in sev-
eral works [Russell and Norvig, 1995]. This heuristic states
that the agent starts at some city and from there it visits the
nearest city that was not visited so far. Using this rule, a sim-
ple heuristic that indicates to which city an agent must move
can be defined as the inverse of the distance d; ; between the
cities i and ] times a constant":

H(s,a) = —, @)
d| ’j
where S is the current state (i.e., the current city ¢;) and a is
the action that takes the agent to the city G .

The problem with this heuristic is that it does not take into
account that the agents must not visit two times the same city.
Therefore, the action chosen as the one to be done (the heuris-
tic policy) is the one that moves the agent to the nearest city
that was not visited yet. To put this idea in the framework
of equation 6, and taking into account the cities that were al-
ready visited, the heuristic function becomes:
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! max O(s,x)" Q(s,a)+ " if #; = myin #y

otherwise.

H(s,a) =

(®
where " is a small real value (usually 1), a is the action that
takes the agent from city i to j and # j the distances between
the city ¢ and the cities that have not been visited so far,
defined by:

#i=

di; ifj has notbeen visited
# otherwise.

)

Finally, the agents receive only negative reinforcements,
defined as minus the distance between the cities,r = " d; j .

5 TheAnt Colony System Algorithm

Based on the social insect metaphor for solving problems,
the use of Ant Colony Optimization (ACO) for solving sev-
eral kinds of problems has attracted an increasing attention
of the Al community [Bonabeau et al., 1999, 2000; Dorigo
and Blum, 2005]. The Ant Colony System (ACS) is an ACO
algorithm proposed by Dorigo and Gambardella [1997] for
combinatorial optimization based on the observation of ant
colonies behavior.

ACS has been applied to various combinatorial optimiza-
tion problems like the symmetric and Asymmetric Traveling
Salesman Problems (TSP and ATSP respectively), and the
quadratic assignment problem.

ACS represents the usefulness of moving to the city S when
in city r in $(r, s), called pheromone, which is a positive real
value associated to the edge (r,S) in a graph. There is also
a heuristic " (r, S) associated to the edge (r,s). It represents
an heuristic evaluation of which moves are better. In the TSP,
" (r, s) can be the inverse of the distance #fromr to S, #(r, S).

An agent K positioned in city r moves to city S using the
following rule, called state transition rule [Dorigo and Gam-
bardella, 1997]:

!

if 4% o
otherwise

arg max $(r,u) &"(r,u)’
uedy(r)

s= (10)

where:

¥ %is a parameter which weights the relative importance
of the learned pheromone and the heuristic distance val-
ues (%> 0).

¥ Ji(r) is the list of cities still to be visited by the ant K,
where r is the current city. This list is used to constrain
agents to visit cities only once.

¥ Qis a parameter that defines the exploitation/exploration
rate.

¥ S is arandom city from the list of cities Ji (r).

Ants in ACS update the values of $(r, S) in two situations:
in the local update step (applied when ants visit edges) and in
the global update step (applied when ants complete the tour).
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Table 3: The ACS algorithm (in the TSP Roblem).

Initi alize the pheromonetable, the ants and the list of cities.
Reped (for n episodes):
Repea (for ead ant i in the set of m ants):
Put eadh ant at astarting city.
Repea (for ead step of the episode):
Chaose next city using Equation (10).
Update list J;, of yet to be visited cities for ant k.
Apply locd update using Equation (11).
Until (ants have a @mplete tour).
Apply global update using Equation (12).

The ACSlocd updceteruleis:
I(r,s)! (1" "yal(r,s)+ " & !(r,s) 11

where 0 < " < 1lisatheleaningrate and! ! (r,s) =
#amax,c s, (s ! (s, 2).

The ACS global updeteruleis:
I(r,s)! (1" $)al(r,s)+ $a !(r,9) 12

where $ is the pheromone decg parameter, and! ! (r,s) is
theinverse of thelength of the best tour, given orly to the tour
dore by the best agent B orty the edges belongngto the best
tour will recéve more pheromones.

Thus, the pheromone updating formulas aims at pladng a
greaer amourt of pheromone onthe shortest tours, achieving
this by simulating the addition of new pheromone deposited
by ants and evaporation. The ACS agorithm is presented in
table 3.

6 ACSasHARL

Now that the HADQL agorithm is debned, we procee in
explaining hav ACS can be seen as an HARL agorithm:

¥ The Pheromone is the ACS counterpart of DQL Q-
values, where the dty r in which the ant is at a debned
moment correspondsto the state s, and the dty s the ant
shoud moveto, correspondsto the ation a to be taken:

L(r,s) = Q(s,a);

¥ The heuristic %r, u) corresponds to the heuristic func-
tionH (s, a);

¥ The dtate transition rule (Eg. 10) is the same &s the one
used by HARL algorithms (Eq. 3), with the & operator
being the multiplication, ( = 1 and) having the same
function;

¥ Thelist J;(r) of cities gill t o bevisited bythe ant, which
causes problems for the aonvergenceproof of ACS (be-
cause it canna be debned as a MDP - see Koenig and
Simmons [19964), can be encoded as an heuristic, asin
Equation §

¥ Thelocd updete step (Eq. 11) of ! (r, s) ismadein the
sameway asthe updating of Qcin DQL (withou giving
areinforcement),

¥ The global upckate step (Eq. 12) in ACS corresponds to
attributing the reinforcement to the best solution, which
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ismadein the upcating o the global Q of DQL, with the
pheromone decay parameter $ being equal to the lean-
ing fador and! ! (r,s) correspondng to a delayed re-
ward.

ACS and HADQL as propacsed in this work differ by the
fad that HADQL partial updates are performed over copies
of the Q-table, and that HADQL updates the best solution at
the same time it provides the reinforcement (that is, the last
step of HADQL corresponds to exeauting bah alocd and a
global ACS updkte & the same time). Accordingto Mariano
and Morales[2001], this avoids multi ple updates of the same
Q-table, resulting in upditing orly relevant solutions and al-
lowing faster convergence

Finally, by modeling ACS as a HARL, it is posshle to
show that ACS also convergesto equili brium in the li mit.

Theorem 2. Consider ACS in a deterministic MDP, with fi-
nite sets of states and actions (a finite number of cities to
visit), bounded rewards (#c $ % (&,s),|! ! (r,s)| < ©),
learning rate " and pheromone decay parameter $ with val-
ues between 0 and 1 and where the values used on the heuris-
tic are bounded by (& ,S) Wi ' Ar,S) ' Whaw. For this
algorithm, the B values will converge to | *, with probability
one uniformly over all the states S $ S, if each pair (r,S) is
visited infinitely often.

Proof. Theonly differencebetween ACSandHADQL isthat
ACS exeautes more locd updates. But the dfed of having
morelocd updatesisthat the pair (r, s) isvisited more often,
assgning rewards more frequently. As HADQL conwverges,
withou exeautingthelocd updates, ACSalso converges. [

Other ways by which it could be shown that ACS con
verges is by modeling it as a HADQL that includes coop
eration among the agents, such as one based on Lauer and
Riedmill er [2000, or by using a DQL that only posss one
Q-table, such asin Pendrith [2004.

7 Experimentsin the TSP domain

In order to evaluate the performance of the HADQL algo-
rithm and its relation with ACS, this s2dion compares the
performancesof these dgorithmswhile solvingaset of TSFs.
The Distributed Q-leaning (DQL) algorithm isaso included
in this comparison, for the sake of comparing the new algo-
rithm with a traditional RL one.

These tests were performed using a standardized dataset,
the TSFALIB [Reinelt, 1999. Thislibrary of problems, which
was used as benchmark by bah Dorigo and Gambardella
[1997 and Mariano and Morales [200]], offers dandardized
optimization problems auch asthe TSR truck loadingand un
loading and crystall ography problems. The results, which are
the average of 30 training sessons with 1000episodes, are
presented in Tables 4, 6, and 5 Ten different problems were
considered: the brst 7 ores are TSPs, and the last 3 ones are
ATSPs (Asymmetric TSFS).  The number of cities in eah
problem ranged from 48to 17Q andis shown in the name of
the problem (for example, 52 citi esin the Gerlin52problem,
and so on).

Table 4 presents the best result found byDQL, ACS and
HADQL after 1000iterations (in 30trials). It can be seen
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Figure 2: Comparison betweenthe dgorithmsDQL, ACSand
HADQL applied to the kroA100TSP

Problem | Known DQL ACS | HADQL
Solution
berlin52 7542 15424 | 8689 7824
kroA100 | 21282 | 105188| 25686 | 24492
kroB100 | 22141 | 99792 | 27119| 23749
kroC100 | 20749 | 101293| 24958| 22735
kroD100 | 21294 | 101296| 26299| 23839
kroE100 | 22068 | 102774| 26951| 24267
kroA150 | 26524 | 170425| 33748| 32115
ry48 14422 | 26757 | 16413| 15398
krol124 36230 | 122468| 45330| 42825
ftvl70 2755 18226 | 4228 3730

Table 4: Shortest routes found bythe dgorithms DQL, ACS
and HADQL after 1000episodes (best of 30trials).

that HADQL solutions are better than the solutions from the
other two algorithms for al the problems. The same occurs
for the average of the best results foundafter 1000episodes
(Table 5). Figure 2 showsthe evolution o the average of the
results found byDQL, ACS and HADQL when solving the
kroA100 poblem, and Figure 3 shows the same results for
the ACS and HADQL, with errorbars. It is possble to seein
both bPgures that HADQL convergesfaster to the solution.

The average time to bnd these solutions, shown in Table 6,
indicaes that the DQL is the fastest algorithm. This occurs
because DQL convergesbrst, but to asolution of poarer qual-
ity. A comparison between mean times to bnd the best solu-
tion between the ACS and HADQL agorithms shows that
there is no signibcant diff erence between them. It is worth
naticing that small i mprovements may occur at any time, be-
cause bathagorithmsarefollowingan! —greedy exploration
padlicy. For this reason, the variation in results is very large,
which isreReded in the eror measure.

Finally, Student®tExest [Spiegel, 199§ was used to verify
the hypathesisthat the HADQL agorithm produces better re-
sults that the ACS. Thistest showed that all the results of the
HADQL are better than the ones obtained with ACO, with
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Figure 3: Comparison between the dgorithms ACS and
HADQL applied to the kroA100 TSP (with errorbars).

Problem DQL ACS HADQL

berlins52
kroA100
kroB100
kroC100
kroD100
kroE100
kroA150
ry48
kro124
ftv170

16427+ 540
108687+ 2474
105895+ 2949
105756+ 2710
104909+ 2293
108098+ 2652
179618+ 3397
29562+ 1131
127911+ 2485

19278+ 373

8589+ 139
26225+ 542
27337+ 582
25985+ 737
26188+ 533
26723+ 557
35816+ 998
16285+ 195
46394+ 599
4532+ 104

7929+ 61
251144+ 353
24896+ 463
23585+ 361
244414+ 274
25196+ 359
33532+ 603

15538+ 58
43482+ 322

3982+ 98

Table 5: Average size of the results found bythe dgorithms
DQL, ACS and HADQL after 1000episodes (average of 30
trias).

alevel of conbdence greder than 9999%%, a fad that shows
that the small diff erencesthat exists between bah algorithms
is enoughto make HADQL perform slightly but consistently
better than ACS. The same test applied to the averagetimeto
read the best result showed that thereis no signibcant diff er-
encein the performanceof the two algorithms.

The parameters used in the experiments were the same for
the three dgorithms: the leaning rateis” = 0, 1, the e-
ploration/exploitationrate is p = 0.9 and the discourt fador
# = 0.3. The vaue of $ in the ACS agorithm was «t to
2 and the value of %= 10in the HADQL (these parameters
areidenticd to those used by Dorigoand Gambardella[ 1997
andMarianoand Morales[2001]). Valuesin the Q table were
randamly initiated, with 0 < Q(s,a) < 1. The eperiments
were programmed in C++ and exeauted in a AMD Athlon
2.2MHz, with 512V B of RAM inaLinux patform.

8 Conclusion

In this paper we proposed a new algorithm B HADQL,
showed that ACS can be seen asaHARL algorithm and com-
pared the two agorithms in the TSP domain. The results
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Problem DQL ACS HADQL
berlin52 7+3 12+7 11+6
kroA100 | 37 +£13 89 + 50 73 +43
kroB100 | 44 £ 17 85 £ 44 88 £+ 47
kroC100 | 51 +27 82 + 48 89 £+ 38
kroD100 | 47 +£21 98 + 39 74 + 39
kroE100 | 48 +22 80 +43 80 £+ 45
kroA150 | 91 +£42 | 267 £ 136 | 294 £+ 154
ry48 6+3 9+6 3+4
kro124 62 £25 89 £ 42 95 £43
ftv170 113 £73 | 317 £ 122 | 333 £ 221

Table 6: Average time (in seconds) to find the best solu-
tion using the algorithms DQL, ACO and HADQL, limited
to 1000 episodes.

show that HADQL and ACS have similar performances, as it
would be expected from the hypothesis that they are, in fact,
instances of the same class of algorithms.

Despite the similarity between the HADQL and the ACS
algorithms, the results showed a small advantage for the first
one. We believe that this advantage is caused by the fact that
the HADQL performs partial updates over copies of the Q-
table, avoiding updates without rewards, and by the fact that
the reward given in both algorithms are different.

Future work include testing other forms of combining Q-
values and heuristics in the action selection, and the compar-
ison of other ACO and HARL algorithms, such as comparing
the Max-Min Ant System (MMAS) [Dorigo and Blum, 2005]
with the HAMMQ [Bianchi et al., 2007].
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