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Abstract. The capacity to apply knowledge in a contiferent than the
one in which it was learned is still an open essh question within the
area of learning agents. This paper specificdgresses the issue of transfer
of knowledge acquired through online learnimga partially observable
environment characterized by its 2D geographiconfiguration. We
propose an autonomous agent architecture combi@ingagent-centered
representation and the supervised and unsuperigseqing of discriminating
concepts to achieve efficient cross-map transfer. @eliminary experiments
on a grid-world environment where two agentsldeach other show that
the agent's performances are improved througimieg, including when it is
tested on a map it has not yet seen.
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1 Introduction

Learning and transfer of knowledge is a cross-gis@ issue for those interested in
understanding or simulating intelligent behaviondfledge transfer opens up the
possibility of improving both learning speed andlml performance of a system on a
problem close to a known one. It has been addressgarticular by research in
cognitive psychology and neuroscience [1]. In Aci#fl Intelligence, the ability to
generalize has been an important focus of stuolyt mainly in the field of
classification [2], i.e. for the identificationf new instances of a given concept (e.g.
spam recognition). Within the agent community, tfiowa significant amount of
research addresses the exploration of unknown amwients, it mostly focuses on
the exploration optimality, regardless of whetheisicarried out in a mono- [18] or
multi-agent setting [17]. Thus, with the notableception of Case Base Reasoning
[5], until recently, little effort had been put inthe transfer of learned knowledge.
Indeed, the need for an agent architecture whithgrates learning and transfer
capacities has become crucial in recent yeaith whe development of new
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application domains using, or open to the usewofpnomous agents, such as video
games, military simulations or general public radst

Work in the area of strategy games is oneciaie example; it has led to
techniques which let agents learn strategiemutfh playing [3,4]. Yet, learned
strategies are only relevant to the game contewthich they have been learned, that
is to say a scenario, and more pointedly a spetjiene map". Hence, each new
scenario requires a new phase of learningsim@evious experience on previous
game maps is not put to use. Recent work try tobggond these limitations.
However, they cannot be easily applied in open@ncdmplex environments as they
require the full description of the state-actioasp

The goal of this paper is to present a robust legragent architecture able to realize
efficient cross-map transfer in open or compleximments. To this aim, its main
feature is to discover from an agent-centered pofintiew abstract concepts which
allow the transfer of knowledge learned on a git@wology to a different one, yet
unknown. In the following we briefly introduce rebmt literature. Next, we describe
the proposed architecture and a preliminary evanathereof in a simplified game
environment where the relevance of a learned cdnéepevaluated from the
standpoint of the agent’s performances. Finally,digeuss experimental results and
current limitations of our approach before conahgdwith some perspectives.

2 Related Work

An important part of recent work tackles the leagniand transfer of knowledge
problem by means of the Reinforcement Learning (fRiework [6, 7, 8, 16]. To be
able to generalize and to use RL in complex worlfls, assumes that states of the
modeled Markovian Decision Process (MDP) are ofedént types (in a restricted
number). This assumption simplifies the represematf the environment enough to
allow the use of RL methods. However, the diffetiypes of states are determired
priori, which reduces the use of this technique to knawd closed worlds. With a
similar idea, i.e. to generalize across statesrdke & Driessen [4] proposed the
Relational Reinforcement Learning approach (RRLUjisTattractive combination of
RL and Inductive Logic Programming is based upom mdlational structure of the
problem to abstract from the current goal. HoweWeRRL showed generalization
abilities which are absent from traditional RL teijues, the use of first-order logic
generates a sharp increase in the number of compomnsable for the complete
description of each state. This increase led tethergence of the same drawbacks as
the tabular representation initially used in RL awés not allow its use in complex
environments.

In the last few years, research on learning anmstea has found excellent test beds in
the area of games. Indeed, games, and especiadlyTitee Strategy (RTS) ones,
provide research environments which are rich anchptex, often stochastic, and
favor experimental work [9]. In this context, asfiapproach of transfer models game
states at a high level of abstraction meant toriesthe state globally. Alternatively,
another approach is to consider each unit or cteraf the game as an autonomous



Towards a Learning Agent Architecture for Cross-Maansfer 381

agent interacting with the environment and proecessinly the information it can
perceive locally.

Following this last approach, [10] tackles knowledgansfer within the SOAR
cognitive architecture [11] and follows an agemntteeed approachlhe test bed is a
first-person-shooter map where the agent's gdal msove from one point to another,
and where some topological changes occur betwemietirning and test phases. It
uses learning mechanisms based upon creation/matdifi rules and on the storage
of all spatial knowledge to reach this goal. Howe\watoring all the topological
information requires the use of huge amouotsnemory which does not allow
applying it on a larger scale.

With the same application domain, [16] addressespioblem at a high level of
abstraction. It represents the structure of thélpra as a relational MDP to tackle the
planning problem on different maps in a RTS. Howetlee required full description
of the state-action space does not allow the ughisfapproach in open or partially
observable environments. More recently, [8] hagppsed an architecture where an
agent controls from a central point of view all tingits from its side using a CBR
learner defined as a combination of CBR and RL.sTtoposal was tested on a
strategy game simulator, on a scenario where ddehagns to destroy enemy forces.
Their system builds a high-level description of th@me state using only global
information such as percentage of units "aliveh each side, percentage of
territory controlled, etc. This radical abstractimakes the representation independent
from any given map or game context. The architectahen selects an action
solely as a function of this high-level deptign. Results obtained with this
approach indicate its ability to reuse learned Kedge when initial positions and/or
number of units vary. However, the fact that game state description on which
decisions are made is completely unrelated to tmext (including its topology)
constitutes a major obstacle to more ambstivansfer. Thus, a map of higher
complexity, or a complete change of environment mot impact the state description
and lead therefore to only one high level desaipfor two distinct situations. As a
result, only one action will be chosen where twitedént actions have to be selected.
In summary, the research described above makagsaesumptions such as being
totally independent of the context or knowing th@icture of the problem in advance.
In the next section, our proposal attempts to gmbe these limitations.

3 AnArchitecturefor Cross-Map Transfer

3.1 Abstraction and Situated Representation

We consider a representation using the notionsituated agent. It lets one change
from a central, globalized point of view, often dse work on strategy games to an
agent-centered perspective.

2 In Soar, agent’s knowledge is represented as.rules
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Definition 1 (Situation). A situation is the world view as perceived by therd from
its sensors at a given moment.

A situation is the basic level of information; datétained from sensors are
expressed as a set of attribute-value couples. fldstr assumption is that the
elimination of information outside the sensors’ldieof view, considered as a
“passive” abstraction [12] and usually seen as msttaint in domains such as
situated robotics [13], brings significant adegds here. It offers the possibility for
the agent's reasoning to be independent pfspacific (x,y) coordinates and of
the environment’'s complexity, in terms of sias well as richness. However, by
using agent-centered limited perceptions angtesentations, we lose some
possibly relevant state information and enter téalm of partially observable
environments. Thus, if the environment containdtiple agents, they become
unobserved and unpredictable; which means tlia¢ environment is not
stationary anymore. These properties are uysualbrking hypotheses in  most
learning agent frameworks, as they are nepgessa guarantee convergence with
typical learning algorithms. Doing without thenguires special attention.

3.2 TheDud Example

Before presenting in detail our architecture, weoduce an example that will be used
both to illustrate our following explanations as llwas to evaluate it in the
experimental section. Consider a grid-world typefironment where each location
on the grid is characterized by its altitude besitie(x,y) coordinates.

@) (b) (©)

Fig. 1. Map (a) corresponds to the learning environmenap$/1(b) and (c) respectively
correspond to the Mountain and Cirque test enviemts Altitude varies from blue (level 0,
the lowest) to red (highest).

The effective field of view of an agent evolving tiris map takes into account the
obstacles present. As a consequence, the fielieef of an agent located on a high
position is better than the one of an agent locdtaunhill.

The chosen scenario consists of a duel betweemg®wots evolving within the above
grid-world. Each agent's goal is to become the fasvivor. They have available a
range weapon and have to hit their competitor twgcein. The probability of hitting
when shooting depends on the shooter-target distasc well as the angle of
incidence of the shooting. A horizontal shoot hagiy high hit probability, whereas
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when two agents are located at differenttudkts, the one positioned higher will
have a hit probability much higher than the lowee .o

Final goal : alone(x) A alive(x)

State : ammo(x) € {true,false} and Status € {hurt,dead,ok}

Rules : ok(x) V hurt(x) — alive(x) ; dead(x) — alone(y) [with x # y] ;
hurt(x) A hit(x) — dead(x) ; ok(x) A hit(x) — hurt(x)

Actions : ammo(x) A see(x,y) — Shoot(x,y) ;

move and rotation towards the 4 cardinal directions.

Fig. 2. A simplified version of available rules for a duel

3.3 Architecture

Our architecture is based on a perception-actiop Inovolving several components.

Temporary Situations il Environment's rules
—Com ) —

Unknown situation

with state change

“—‘——\—\_‘ Improved
oo D

‘ Agent |
| | Environment | *
Perceptions Actions

Fig. 3. General architecture of a learning agent for croap transfer

As shown in Figure 3, an agent has a memarysdave facts, learned concepts
and rules about the environme@bhceptsandEnvironment rules’ Databasgs

Definition 2 (Concept) Let pre—» Action be a rule.
A concept is a couplepre, descr> wheredescr is the agent's representation of the
preconditionpre, learned from its world view (the situations).

Thus, the learning mechanisr€dncept Learning using both supervised and
unsupervised methods, continuously extracts pattérom perceived situations and
associates them to the premise of the agent'snaddiecision rules (red process in Fig
3). An inference engineA¢tion Selectionuses the relations between these different
elements in order to select the actions that cad {ee agent toward its current goal.
The automatic recognition in the current situatioh a prior learned pattern
(Identification) helps reaching better decisions. Thus, learnedagts are used as an
interface between the physical sphere and the septation sphere.
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3.3.1 Learning Phase

As shown in the duel's rules example, Figure 2atient’s internal state is defined by
one or more variables. An agent's change ofriate state corresponds to a
change in one of its attributes. A change ocasra consequence of the agent's last
action or of another agent's one. Without prioriealge, the learning or discovery
of a new concept proceeds in three stages:

1. Save in theTemporary Situation Bagd@SB) all situations newly encountered
when a change in the agent's internal stateurs. Each saved situation is
associated to the pre-condition part of the lasbacule used.

2. Apply a learning algorithm to infer a pattewhen the number of situations
associated with the same precondition is aboveeshiold N.

3. Add the resulting couple < pre, pattern> into @@ncept BasedB).

In our duel example, if we consider that the weagartridge clip is not empty, then
the Shoot action can only be used when an agent perceige&rnemy. After a
successful shot has killed its enemy, the shoaents final goal is reached. This
internal state change triggers the learning allgoritThus, the current situation is
associated with the pre-conditimee(x,y) After N duels, the agent discovers that
being located, for example, at a high point, img®othe chances of seeing the enemy
and therefore of winning.

In stage (2), two types of learning mechanism aedudepending on whether the
target concept is related to the final goal (cayerAo a sub-goal (case B).

Definition 3 (Sub-goal). A sub-goal is an intermediary objective considebgdthe
agent as a necessary condition to reach its firvell g

The reason for this distinction is that we hypoibed that concepts linked to win-
lose situations can be defined within a single @spntation. Assuming that it is true,
winning and losing situations can be opposed amdh fvo classes which can be
discriminated more easily using classical learnalgorithms. However, if the
targeted concept is a sub-goal - e.g. to find &idge clip at the beginning of a duel -
the only situations available to store will be threes obtained when this sub-goal is
reached.

A) Concept related to the final goal, learned underesugsion

Environments in which agents evolve are, just asréal world, stochastic. There is
therefore a significant amount of noise in theadeom which we wish to extract a
relevant situation's pattern. To tackle this, dgoathm (Algorithm 1 below) firstly
removes some noise from data using a majority poteess (line 1 to 9). After this
step, it then infers a pattern among remainingasitus using a probabilistic
classification treeébased on the C4.5 algorithm [14].

3 The classification tree was selected aftavirhg tested a number of learning
algorithms including Clustering, Boosting on MLENN, Kmoy and SVM.
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Let VS: VictorySituations,DS: DefeatSituations and pre: precondition
1 : VS« {vs € TSB | vs € <pre,descr>}

2 : DS« {ds € TSB | ds € <pre,descr>}

3:vYxeVs|JDs

4 VyeVs “-.\{.1:}

5 : If (dist(x,y) < n) then x.nbPos + x.nbPos+1

6 : vy e DS \{x}

7 If (dist(x,y) < 8) then x.ubNeg « x.nbNeg+1

8 : If (( '”'l”‘?g‘“ < *Fg;fg) A x € DS) then nDS—nDS | J {x}
9 : If (( ‘”'ln‘?g‘“ > *rg;fy) A x € VS) then nVS—nVS | | {x}

10 : pattern — C4.5(nVS.nDS)
11 : Concept Base « Concept Base | <pre.pattern>
12 : TSB — TSB \(VS U o)

Algorithm 1. Learning a concept related to the final goal

Once these two stages have been realized, thesmwiation between a pattern and a
precondition is added to tH@éoncept Bas€CB). Finally, the situations associated to
the precondition of the action having triggered liberning phase are removed from
theTemporary Situation Ba4@ SB).

B) Concept related to a sub-goal : process of charazigion

Characterizing the concept consists of identifyatgibutes whose values show a
pattern within the subset of situations associatétth one pre-condition. Let us
consider that attribute L is representative of\egiconcept whenever more thaof

its instances lie within the interval defined byaxiation ofy around its mean value.
The resulting situation constitutes a prototypetfa concept which originated the N
situations under consideration. In a manner simdawhat was presented in Case A
above, situations used from the TSB are deletedl tfaen new concept is added to the
CB.

In order to distinguish the various processes akwm our architecture, we have so
far considered that the CB was initially empty dgrithe recording of <pre, new
situation> couples in the TSB. However, our arctitee needs to be able to use a
concept already learned. As a consequence, whe@Bhé not empty during the
recording of new situations in the TSB, a similanteasure is applied between new
incoming situations and the descriptions of learpedcepts. If a correspondence is
detected (similarity above a threshold), the coujee, pattern> in the CB is updated
with an additional precondition and the incominguaiion is deleted. The same
similarity measure will be used in the decisiongghpresented in the following.

3.3.2 Decision Phase

The inference engine, prolog, is interfaced witle tigent's learning and action
mechanisms (themselves implemented in Java). Ah dimee step, the situation
perceived by the agent updates the set of factdable to the inference engine.
Prolog then uses its model of the environment amalvk facts so as to ‘prove’ the
desired goal and to select the best action.



386 C. Herpson, V. Corruble

1 : While (!goalReached)

2 currentSit « agent.updateCurrentSit();
3 agent.updateFact ToProlog(currentSit);
4 action «— agent.prolog.prove():

5 If (action!=null) then

6

7

8

agent.doAction(action);

else

; deser «— agent.CB.search(agent.prolog.getMissingPre()):
9 : If (descr!=null) then
10 location «+ agent.searchInFov(descr):
11 x « randomlInt();
12 If (x> ¢ A location!=null) then
13 agent.doMove(location):
14 else
15 agent.randomMove();

16 : EndWhile
Algorithm 2. Decision-Action loop

During the identification stage, at line 10, theeamigconsiders virtually all the
positions it can perceive in its field of view aedaluates their quality relative to the
targeted concept. The identification carried owtath location works in two different
manners depending on whether the description adairom the Concept Base (line
8) is an identification function (Case A: conceglated to the end goal) or a prototype
(Case B: concept related to a sub-goal).

A) Identification of a concept related to the end goal

Using the disambiguation process previously intoedliin Algorithm 1, virtual
situations detected within the horizon of the agantfiltered. Then, the classification
tree computes for each situation its relevancel kevthe concept the agent is looking
for (where 1 means certainty and O the opposited. limit the risk of
misclassification, only a virtual situation withcanfidence value above a thresh@ld
(B in [0, 1]) can be selected.

B) Identification of a concept related to a sub-goal

In this case, the element extracted from the CariBape is a situation prototypical of
the target concept. To estimate the similarity oa#ributes describing the various
situations, a non-informed similarity measure basedthe Euclidian distances is
applied between the prototypical situations anccgiged ones As for a concept

related to the end goal, only a virtual situatioithwa similarity value above the
thresholdB is selected.

4  Experimental Evaluation
In this section, we describe an empirical evaluatad the learning and transfer

capacity of our architecture. As introduced in 3v2, chose to test our architecture in
a grid-word type environment where two agents @éaeh other. To this aim, we set

4 The Euclidian distances were selected after Iréti@eriments with Manhattan, Euclidian and
Mahalanobis distances.
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up three maps of varying topologies, sizes and mam altitudes. Each action’s
availability depends on the agent’s current sitiratilhe shoot action is automatically
executed when an agent perceives its enemy ifelts df view. This was decided so
as to reduce the simulation time. The result ofgheot action (target hit or not) is
stochastic and depends on a number of charaaterigtknown to the agent.

4.1  Experimental Setup

To test the impact of learning a single concepttlom performances, changes of
internal states leading to the storing of situati@md the learning of a concept are
only to be related to end-game situations. We thegeconsider that ammunitions are
unlimited. N, the threshold that triggers the léagnalgorithm is set to 20. Thg
parameter is set to 0,8. Parameteendy are set respectively to 0,75 (overqualified
majority) and 0,1n, 6 ande, the different parameters in algorithms 1 andr@,s&t to
0,1. Performances are evaluated based on thregi@ritthe percentage of victories
obtained by each agent, the average numberinoé tsteps needed to end an
episode or game (i.e. when a agent wins) anévbhution of the proportion of the
environment explored by each agent over time.

The first experiment aims to evaluate the ability agent to transfer knowledge to a
new environment. To obtain a baseline, 1000 duets/den two random agents are
run for the three considered environments. Nex¢ learning agent runs a series of
episodes against a random one on the learningamagnt until it learns one concept
related to the final-goal. Then, the learning dtegeactivated and we run a series of
1000 episodes opposing a random agent and theedraggent on the three
environments.
The second experiment aims to evaluate the capafiiyr architecture to produce a
behavior of a higher efficiency by adding a memooynponent. Indeed, in the first
experiments, stimuli from the agent's sensors d¢ pwvide any temporal
information. An agent is not able to know if itaarrently in an area it just left a few
steps ago. Consequently, it can move for a lon@ fiman area where there is no
enemy. If information from the new sensor, whicladkled to the description of each
situation, is recognized as relevant during thecepnh learning, it may improve the
results because of a better spatial exploratiorlowing the protocol previously
introduced for the first experiments, an agent thpgraded is therefore evaluated
against a random one.
In the presentation of all results, we refer tottivee types of agents as follows:
- Randombaseline agent, with no knowledge or learning meem.
- Intel_1: agent having discovered/learned a concept retatdte end goal.
- Intel_2 agent with a short-term memory having learnedmcept related to the
end goal.

4.2 Reaults

The tree learned in the first experiment (fig. 4olbg shows that the agent will favor
situations with a good field of view, or, if theeldl of view is considered average,



388 C. Herpson, V. Corruble

situations where average altitude around abent location is lower than its own.
Thus the learned concept drives the agent to seaxdifiollow the map’s ridge paths.
currentAltitude — 50% altitudeMax
Y N
fieldOtView -~ 39.5 fieldOfView = 19.5

h¢ N
Y ENiS

currentAltitude < 21.43% altitudeMax ¢ 75 meanAltitude = 50% altitudeMax .88
homogeneity ~ 0.9 ! 0 04
Y N
! 0
Fig. 4. Tree automatically generated and associated tseth,y)precondition. A value above
0.75 indicates a favorable situation. Dotted limeicate sub-trees that were manually pruned
from the figure for better clarity.

The results obtained for the two first evaluatioitecia on the three environments are
presented in fig 5. They show that the conceptnkdris sufficiently relevant to
improve performance on the training environmenttti@rmore, results obtained on
the two test environments are even better tharetfrosn the training environment.
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Fig. 5. (a) represents the percentage of wins for ageridom(1), Intel_1(2) andIntel_2(3)
respectively, all against a random agefit)-shows the average duration of a duel for the three
types of agents facing a random agent. In each caselts are given in the three different
environments after 1000 duels.

Figure 5.a shows thantel 1 improves results over a random agent by 22% in the
training environment and by 26 to 42% on test emrinentsintel_2improves results
by 15 to 32% depending on the environment. Howeasrijt performs worse than
Intel_1, it looks as if its memory is more of a hindrartban an advantage here.
Results obtained in fig 5.b, with the second ev#bnacriterion (the length of a duel)
modify this last resultintel_1 increases the average duel time for two of theethr
environments whildntel_2 drastically reduces the time on all three of th&esults
of Intel_2indicate that the temporal information is recoguias relevant during the
concept learning and is profitable, consideringdbeation of a duel at least. For the
third evaluation criterion, the general shape apips is similar for all 3 environments
so we give below in figure 6 the results for theuvitain environment only.
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Fig. 6. Evolution over time of the proportion of the emriment explored, for each agent in the
Mountain environment.

Because of its memory thetel 2 agent goes over a larger part of the environment i
a given time interval. It is therefore more likely encounter its opponent than
Intel_1 The latter, without short-term memory, repeatastlysses the same zone. In
this context,Intel_1 has an advantage: as actions are simultaneousnthenoving
can very well enter the field of view of its oppoh@and get shot immediately. Agent
Intel_1takes "fewer risks", and therefore plays longet &ins more often.

5 Discussion

Though our results provide evidence regarding ety of the principles behind
our learning architecture for the transfer of knedge, a lot of work remains. First of
all, the unsupervised learning of concepts rel#esub-goals must be evaluated. For
this purpose, experiments where agents begin eaehvdthout ammunition are in
progress. Next, the topology plays a large padeitermining the ability of the agents.
Thus, a thorough study in more various and moreptexnenvironments has to be
done to prove our architecture's robustness whalimgcup. Besides these points, our
architecture suffers in its current form from sedimitations. Thus, our architecture
lets our agents identify desirable situations witthieir environment by making use of
the game’s rules.They are,however, not able tcoreas what constitutes undesirable
situations for them. Using a model of the environm® model the goals of the
opponent would be relevant to avoid situations Wiae desirable to the enemy.
Irrespective of these points, it is interestingtde that our architecture does not seem
to suffer from the agent-centric drawbacks highkghin [15]. Indeed, results show
that the impact of switching from a complete workpresentation to a partially
observable one makes the learning performancedrtadtically to the point of failing
to reach the targeted goal. One possible explamagidhat their work relies on RL
algorithms. In this framework, properties of peveei objects are independent of their
functional utility. Conversely, in the line of reseh we follow here, the essential role
of perception is to give access to information aigiag the action. Thus, perceived
properties of objects must be dependent on therecttapacity of the agent. Our
architecture relies on this principle and lets gard learn to choose a state with the
goal of executing an action resulting from a reaspprocess.
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6 Conclusion and Per spectives

We have proposed a new learning agent architeétureross-map transfer. Initial
results are encouraging. They show that our amtoite does lead to a relevant
knowledge transfer in stochastic environments idiggr topological information,
which proves efficient when the environment chandgssides some necessary
improvements discussed in section 5, one short-fgmspective is to evaluate the
efficiency of our learning architecture facing tReinforcement Learning approach.
This experiment will allow us to compare both tldagtability and efficiency of our
approach to the RL-based ones in the transfer xoritéith a long-term view, an
important perspective for this work is to extend #rchitecture to address the multi-
agent framework. The choice of knowledge represemaproposed here is
compatible with the use of a command hierarchy @Hew-level units with local
information can interact and share their knowledg¢éhe strategic level. We aim to
tackle the issue of communication and coordindbetween agents at this level.
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