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Expertness Based Cooperative Q-Learning

Majid Nili Ahmadabadi and Masoud Asadpour

Abstrace—By uzing other agent:z" experiences and knowledge, a
learming agent mayv learn fazter, make fewer miztakes, and create
some rules for unzeen sitnationsz. Theze benefitz would be gained if
the learning agent can extract proper rules out of the other agentz’
kmowledze for itz own requirementz, One poszible way to do thiz =
to have the learner azzizn zome expertnezs values (intellizence level
values) to the other agent: and uze their knowledege accordingly.

In thiz paper, some criteria to meazure the experiness of the re-
mforcement learning agentz are introduced. Alzo, a new cooper-

ative learning method, called weighted ztrategy zharing (VW55) 1=
prezented. In thiz method, each agent meazures the expertness of
itz teammates and aszigns a weight to thewrr knowledge and learnz
from them accordingly. The prezented methods are tested on two
Hunter—Prey systems.

We conzider that the agents are all learming from each other and
compare them with thoze who cooperate only with the more expert
ones. Ako, the effect of the communication noize, az a zource of un-
certainty, on the cooperative learning method iz studied. Moreover,
the Q)-table of one of the cooperative agents iz changed randomly
and itz effectz on the prezented methods are examimed.

Index Terms—Cooperative learminge, expertneszs, mult-agent
systems, ()-learning.

. INTRODUCTION

N HUMAN =ocieties, it can be obzerved that, the more one

leamns from another’s expenences, a higher chance he has to
succeed. In fact, people take advice, consult with each other, re-
celve unprocessed information, and observe others to learn from
their activities and experiences. In other words, people coop-
erate to learn

In almest all of the present artificial multi-agent teams, agents
leam mdridually and cooperative learning has not been deeply
mvestigated. However, similar to human beings, agents are not
required to learn everything from their own expenences (zee
Fiz. 1). In fact, due to having more mowledge and informa-
tion acquiziion resources, cooperaticn n learming in a muli-
agent svstem may result in 2 igher efficiency -:,-:rmparedtn mdi-
vidual learning [17). Improvements n learning have been shown
m different researches even when simple cooperative leaming
methods are used [30].

Az the leamer apents are not capable of reprezenting their
Imowledge properly and obzerving the other agents requires a
high level of zensing and intelhgence, the agents canmot ad-
vize each other or autematically leam by paszively observing
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the other agents. Therefore, they are required to commmumicate
their experiences and mformation.

In almost all of the multi-apent learming publizhed papers,
cooperafion 15 unidirectional between a fixed framner agent and
a leamer. However, all agents may leam something from each
other provided that, some proper measures and methods are mm-
plemented.

One of the most important 13zuez for a leamner apent 13 the
azzessment of the behavier and the intelligence level of the
other agents. In addition, the learner agent must assign a relative
welght to the other agents” kmowledge and use i1t accordingly.

In general these three 1zzues are very complex an-d need
careful attention. Therefore, in this paper, as well az in [22], at-
tention has been paid to find some solutions for hﬂ-mu-gene-u-us
mdependent, and cooperative (J-learning agents.

In [22], a new cooperative learning strategy, called weighted

strategy shamng (W335) and some experiness measuring
methods are infroduced. In that paper, it 15 assumed that the

leamner agents cooperate only wath the more expert agents.
Alzo, 1t 15 assumed that, the commumcation 13 perfect and all
of the apents are reliable. In thiz paper, it 1z conzidered that
all of the agentz could learn from each other and the obtamed
results are compared with the results of the algorithm presented
m [22]. In addition, effects of the commumication noize az a
source of uncertainty on the cooperative leaming are studied.
Moreover, the (-table of one of the cooperative agents iz
changed randomly and its effects on the presented method are
examined.

Eelated rezearches are reviewed in the next section. Then,
W35 15 bnefly infroduced and some experiness measures
are presented. Alse, some weight assipning methods are
established. WS35, the effectz of mplementing the expertness
measures, and the role of weight azsigning methods are tested
m the fourth secticn. In that section, effects of uncertamty and
wrong knowledge are also studied A conclusion and some
directions for future research are given in the last sechion

II. RELATED RESEARCHES

Samuel [26] used the competitive Llearning algorithm to tram
a checker game plaver. In iz method, the cooperator agent acts
as an enemy of an evaluator and tnes to find the weak points of
the learned strategyv. Hu and Wellman [12] proposed a frame-
work for multi-agent (J-leammmg when the competitor agents
have meomplete information about other agents” payoff func-
tions and state fransition probabilities.

In the ant colomy svstem [6], some ants learn o solve the trav-
eling salezsman preblem by nomverbal commumication through
the pheromones on the edges of a graph.

Imitation [16] 13 one of the cooperative leaming methods. In
this method, the learners watch the actions of a teacher, leam
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them_ and repeat these actions n similar situations. This method
does not affect the teacher performance [3] and the leamming
process 13 umdirechional. For example, in [16], a robot perceives
a human doing a simple azsembly task and learns to repeat 1t n
different emvironments. Haves and Demims [10] bwlt a robotic
syvstem m which a leamer robot imitates a framer moving n 2
mare and learns to escape from it

Yamaguchi and others [33] developed a robohic imitahion
system to tram (-learming ball-pusher robots. In this system,
agents learn mdridually and mutate each other using simple
mimetizm, conditional mimehzm, and adaptie Dumetism
methods.

In simple pumetizm [33], all apents mmitate each other when
they are neighbors. In thiz method, two nesghbors may wait for

each other forever. This problem is solved by apph‘mE comndi-
tional mimetizm [33]. In conditional II:IJII:IEtI.EIIL coly the low
performance agent (performance 1z measured based on the sum
of the rewards and pumshments recerved i past n actions) mm-
itates the other one. Adaptive mumetizm [33], [34] 15 simular to
conditional mimehsm, but the mitation rate 13 adjusted bazed
on the performance difference of two neighbor robots.

The robets cooperate to leam when they share their senzory

data and play the role of scout for each other [30]. Eplsnl:le
sharing [14], [30] can be used to communicate the state, ac-

tion, and reward triples between the remforcement learners. Tan
showed that, sharing epizodes with an expert agent could mm-
prove the group leaming significantly [30]. In [13], the state,
action, and value pairs are communicated among the agents. No
meazure 15 used to evaluate the recerved mles by the leamers.

In [4], a blackboard iz used as a global mformation system for
mproving the mdridual ]Eﬂrm.ug and coordimation mn a mulh-

agent team.

In the collechve memory method, leamers put learned
strategy or experienced epizodes on a shared memory [8] or
they have a single memory and update 1t cooperatively [30].

A cooperative ensemble learning svstem [17] has been devel-
oped as a new method in neural network (NIN) enzembles [1],
[11], [17], [23]. [27]. In these studies, a linear combmation of
the concurrent leaming NIN's cutputs are used as a feedback to
add a new penalty term to the error function of each network

Provost and Hennessy [24] developed a cooperative dis-
tnbuted leaming zystem for systems with huge traming sets.
The framing szet 13 divided into /: smaller traming subsets
and & rule-leaming agents learn the local roles. The mules
are tranzmitted to the other agents for evaluation; if the rule
zatisfies the evaluation critena, it 15 accepted az a global one.

High attention 1z paid to the advice talang method in recent
vears [9], [13], [19], [21], [23]. Mostow [21] wrote a program
that accepts high-level advices to play the card game. Gordon
and Subramaman [9] developed a system that franslates high-
level advices into the concrete achons and evaluates them by
genefic alpornithm (GA).

Macln and Shavhik [18] used the advice takang scheme to
help a connectiomist reinforcement leamer. The leamer accepts
advice m the form of a simple computer program, compiles it,
represents the advice in some NINs and adds them to s current
network.

In mest of the reviewed researches, cooperation 1z wmidi-
rechional from a prespecified trainer to a preselected leamner
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Fig 1. Weighted stratesy sharinz (WEE) architecture.
agent. In the real world, cooperative ] 1z bidirectional

and all of the agents learn something from each other (even
from the nonexpert ones). In the strategy sharmg method [30],
each Q-learming agent leams from all of itz teammates. The
agents leam indnadually and at some special mstants. each
agent gathers the ()-tables of the other apents and takes the
average of the tables as its own new strategy. In this system, the
agents do not have the ability to find good teachers. It seems
that, simple averaging of the ()-tables 15 nonoptimal when the
agents have different skills and expenences. Addibionally, the
(Q-tables of the agentz become equal after each cooperation
step. Thiz decreazes the agents adaptability to the emvironment
changes [33].

To overcome the described problems, a new sirategy shanng
method based on the experiness level of the other agents was
proposed m [22

I W55 METHOD

In the W55 method [22] (F1z. 1), 1t 15 assumed that » homo-
geneous one-step ()-learming apents [28], [29], [31], [32] leamn
mn some distinct emvironments and ne hidden state 13 produced
[7].

The agents leamn in two modes: mdiidual leaming moede and
cooperative learning mode (zee Algorthm 1). At first, all of
the agents are in ndividual leaming mode. Agent § executes ¢,
leamning tnals. Each leaming tnal starts from 2 random state and
ends when the agent reaches the poal. After a specified number
of mdividual nals, all agents switch to cooperziive learning
mode.

Alponithm 1. Weighted Stratepy Sharing
Alzorithm for agent 1,

(1) Inttialize

(2) while not End Of Leaming do

(3) begin
(4) If In Individual Learning Mode then
(3) begin Indrndual Leamning
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(6) x; := Find Current State ()
(7)) a; := Select Action()
(8) Do Action {n;
(9 r, :— Get Eeward()
(107 1 :=— Go ToNext State ()
(11) ¥ ::,yn'_:' = J:""]-i’-l-”';-"'r-:!-':li-':'--:-'!:;-:l'r,_%'f' (v}
':12] r?;”"""':'-l:r 'ﬂr'_:' = ':l _.":'.:r',-:'l'.yfi.ll:hl::.x:': ;]
+ i s Vi NI.-:'
(13) ¢; := Update Experiness (r; |
(14) end
(13} elze Cooperative Leamning
(16) begin
(17)for 7 := 1ton do
(18) Cj = G’E’[ER[:IEIIILEEE[;’!J:I

(19) v =10

(20) for j := 1ton do

(21) begin
(22) W, := Compute Weights (2, 7, ¢q -~ -2,
23) t';-'_';'r“' = Get € A,)

Emj Eh'z-""-‘": = -.-"g"-‘-'-‘ | i.-l_.-'_i-._l_ * Q;‘fr:i
(23) end

(26) end
(27) end

In cooperative leaming mode, each leaming agent azzignz some
welghts to the other agents™ ()-tables wath respect to therr rel-
ative expertness. Then, each agent takes the weighted average
of the others’ Q-tables and uzes the resulted table az s new
(Q-table!

i

N I:-.l.l_-l.-li " f.-l:;';ll'-"'l] I:].:l

I"._I.j';"”' ;

A Some Experiness Criteria

In the W53 method, W); 15 2 measure of agent 1 reliance on
the kmowledge and the expenences of apgent ;. Here we argue
that thiz weight 1= a finction of the agents relative expertness.

In the sirategy shanng method [30], experiness of the agents
are assumed to be equal Nicolaz Meulean [20] used the user
Judgment for specifying the expert agent. This method requires

In [2], dufferent but fixed experiness values are assumed for
the agents. However, differences in the expertness values may
change dunng the learning process and are not constant

Yamaguchi et all [33] specified the expert agents by means
of their successes and failures dunng current » moves and con-
sidered the experineszs criterion as an algebraic sum of the re-
mfprcement signals in that tme interval. This means that more
successes and fewer failurez are considered a zign of a higher
depree of expertness. Thiz experiness measuning methed 15 not
optimal in some situations.

For example, the agent that has faced many failures has some
useful knowledge to be leamed from it In other words, it 1s pos-
sible that thiz agent does not kmow the ways ammving at the goal,

‘Multiplication (*} and summation (4 ) operaters most be specified based on
the knowledze representation methed
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but it 1z aware of those not leading to 1tz target and can avoid
them Alsc. an agent at the beginning of 1tz learming process i3
less expert than those leamned for a lenger time and naturally has
confronted more failures.

Conzidenng the dizcussions, 31X experiness measures are In-
troduced. These measures mclude the following.

I) Normal (Nrm): An algebraic sum of the reinforcement
z1gnals
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Z2) Absolute (Abs): A sum of the absolute value of the remn-
forcement zignals

(3)

3) Positive (P): A sum of the pozitive reinforcement signals
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4) Negative (N): A sum ofthe absolute value of the negative
remforcement signals
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3) Gradient (G): Changez m the recerved reinforcement
s1gnals since the last cooperation ime
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where ¢ 15 the start time of the individual leaming mode.
6) Average Move (AM): A reverse number of moves each

agent does to reach the goal
S T 1
r_-,'I:L"I"r - ( Z 'r.'.l.l-{t['.iﬂl}_."l:"'-:r'l-:n') (1)
tirerl=1

where tnal 1z the tnal number, »,,..; 1% the cument fnal, and
ny;(mal) 13 the number of moves that each agent haz done to
reach the poal.

Nrm crterion gives more credit to those who have more sue-
ceszes and fewer failures. Abs considers both rewards and pun-
1zhments a5 a sign of being expenenced. P disregards expen-
ences not resulted in achieving the goal and considers the suc-
cessful expenences only. N formula looks at unsuceessful tries
only and azsigns a higher experiness value to those expenencing
more failures. AM 13 an indirect way to measure the experiness
and considers the average number of actions the agent does fo
reach the goal. G looks at the trend of improvement in the agent
performance in its recent actions and does not look directly at its



