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t. The goal of a rational agent is to maximize utility. We 
on-sider situations where a rational agent has to 
hoose one of several 
on-tenders to enter into a partnership. We assume that the agent has amodel of the likelihood of di�erent out
omes and 
orresponding utilitiesfor ea
h su
h partnership. Given a �xed, �nite number of intera
tions,the problem is to 
hoose a parti
ular partner to intera
t with where thegoal is to maximize the sum of utilities re
eived from all the intera
tions.We develop a multinomial distribution based me
hanism for partner se-le
tion and 
ontrast its performan
e with other well-known approa
heswhi
h provide exa
t solution to this problem for in�nite intera
tions.1 Introdu
tionIn an open environment, agents have to be extremely 
autious about whi
h otheragents to intera
t or partner with. The goal of a self-interested agent would beto intera
t with or enter into partnership with those agents that will produ
emaximal lo
al utility for this agent [Tes98℄. Obviously, su
h an agent will alsohave to a
hieve its lo
al goals e�e
tively to maximize its utility. For dis
ussionsin this paper, however, we will 
on
entrate ex
lusively on utilities re
eived byintera
ting with other agents.We assume that ea
h agent intera
tion will ultimately generate some utilityfor ea
h of the intera
ting agents. From a single agent X's point of view, intera
-tion with a 
olle
tion of agents 
an be thought of as entering a partnership (also
alled 
oalitions in game theory). We are only interested in the utility re
eivedby the agent X by intera
ting with a 
oalition. We will not 
on
ern ourselveswith issues of how the 
oalition generates the revenue and the pro
ess by whi
hthe generated revenue is distributed among the partners.We assume that an agent 
an get one of several payo�s or utilities for joininga parti
ular 
oalition, and that there is a stati
 probability distribution thatgoverns whi
h of the payo�s is re
eived at any parti
ular intera
tion. Our usage ofthe term \intera
tion" needs further 
lari�
ation: by one intera
tion of an agentX with a 
oalition Y we refer to the entire pro
ess of X joining the 
oalition, the
oalition generating some revenue R, and X re
eiving some share of that revenuerYX whi
h, as mentioned above, is determined by a probability distribution. Thisprobability distribution of di�erent utilities that X 
an re
eive from 
oalition Y



will be referred to as the payo�-stru
ture of Y from X's viewpoint, P YX . In a laterse
tion, we will dis
uss a representative s
enario that justi�es our assumptions.Some 
ombination of a priori domain models, observation or experien
e-based learning s
hemes as well as word-of-mouth transmissions 
an be used toarrive at these payo�-stru
tures. In this paper, however, we will not addressthe issue of how these payo�-stru
tures are generated. Rather, we will fo
us onhow to sele
t a 
oalition given the payo�-stru
tures for ea
h of the 
oalitionsan agent 
an intera
t with. More pre
isely, we will 
onsider 
hoosing a single
oalition to intera
t with repeatedly when the total number of intera
tions areknown ahead of time. We believe, and our theoreti
al as well as experimentalresults will show, that the parti
ular 
oalition 
hosen should vary depending onthe set of payo�- stru
tures for all the 
oalitions under 
onsideration, and thetotal number of intera
tions. Our goal in this paper is to design su
h a 
oalitionor partner sele
tion me
hanism that identi�es the most bene�
ial partnershipgiven a �nite number of intera
tions that the sele
ting agent is going to partakein.A sample problem: Consider a situation where an agent has to sele
t between twopartners for the next n intera
tions. An intera
tion with one of these partners,say A, yields returns of 10 and 20 units with probabilities 0.7 and 0.3 respe
tively.On the other hand, ea
h intera
tion with the other partner, B, yields payo�s of1000 and 4 units with probabilities 0.01 and 0.99. The expe
ted utility from Bis greater than that from A but if the agent takes into 
onsideration the �nitenumber of intera
tions, n, that it intends then A may be more attra
tive thanB, sin
e it returns higher rewards in both 
ases than the one that B returnsalmost 
ertainly. Our 
ontention is that to make su
h de
isions, an agent musttake into a

ount the number of intended intera
tions, and when that is done the
onsequent de
ision may (depending on the payo�-stru
ture as in this example)be quite unlike what risk-aversion di
tates.2 Coalition FormationThere has been a signi�
ant amount of work in game theory and multiagentsystems �eld in the area of 
oalition formation. Representative work in
lude:Sear
hing for optimal 
oalition stru
ture: How should a group of agentsbe partitioned into subgroups or 
oalitions su
h that the sum of the revenuegenerated by all su
h 
oalitions is maximized [SLA+99℄?De
ision me
hanisms for forming 
oalitions: How should agents de
ide onwhi
h 
oalition to join [Ket94,SL97,SK95,SK96,ZR94℄?Payo� division in a 
oalition: How should the revenue generated in a 
oali-tion be divided among the partners [Ket94,LR57℄?Almost all of this body of resear
h ignores, as we do, the issue of how the
oalitions generate their revenues or the nature of problem solving adopted byindividual agents after they form a 
oalition.



We address a slightly di�erent problem of 
oalition sele
tion under un
er-tainty. Perhaps Ket
hpel's work [Ket94℄ is most related. That work addresses apro
ess for negotiating who be
omes the leader versus the member in a groupbased on how mu
h one is willing to pay others to join a group. We, on the otherhand, do not 
on
ern ourselves with our agent X building a 
oalition. Rather,X is sele
ting whi
h 
oalition to join given only summary information of whatpayo� it 
an expe
t from that 
oalition. The payo�-stru
ture en
oding in theform of a probability distribution over possible payo�s for joining a 
oalition isthe summary information on whi
h X must base its de
ision. Another importantdistin
tion and the key fo
us of this work is the prior determination of how manyintera
tions an agent is going to have.Our basi
 hypothesis is that the most bene�
ial partnership to intera
t with
an 
hange based on how many intera
tions we will have. For example, 
onsider asimple s
enario of 
hoosing from the two following partnerships. One partnershipalways give a steady return whereas the other o�ers a small return most ofthe times and very infrequently returns an astronomi
al amount. If one is onlygoing to intera
t for a few times, it might be prudent to intera
t with the �rstpartnership, but if one is going to have a prolonged sequen
e of intera
tions,perhaps it is worthwhile to 
hoose the se
ond partnership expe
ting that the\ja
kpot" is more likely to be hit at least on
e and will more than 
ompensatefor the smaller returns in the other intera
tions. Our goal is to go beyond thisinformal heuristi
 and provide a formal and well-founded de
ision pro
edurebased on probability theory for this partnership sele
tion problem.3 Payo�-stru
tures of partnershipsWe now present a formal representation for payo�-stru
ture of a partnership or
oalition for an agent X outside the 
oalition. It 
an be represented as an n-tuple - f(u1; p1)(u2; p2) : : : (un; pn)g where pi stands for the probability that theintera
tion with this partnership will yield a payo� ui; 8i = 1 : : : n. X will havesu
h a tuple for ea
h of the other partnerships it 
an intera
t with. We note thatn is not a 
onstant but varies from one partnership to another, i.e., the numberof possible payo�s depends on the parti
ular partnership X is intera
ting with.4 Sele
ting the potentially most bene�
ial partnershipfor limited intera
tionsWe are interested in devising a pro
edure that, given a pool of possible part-nerships and the number of intera
tions (N) that the agent wants to make, willsele
t a partnership that is most likely to return a maximum total utility overthese N intera
tions. To this end, we make pairwise 
omparisons among thepartnerships and sele
t the most pro�table one. Let pNij be the probability thatpartnership i returns greater utility than j. If pNij > pNji then we regard partner-ship i to be more bene�
ial than partnership j. Hen
e, we de�ne the obje
tive



fun
tion for sele
tion between agents i and j, asS(i; j) = � i if pNij > pNjij otherwiseWe note here, that S(i; j) is not transitive ( i.e. if S(i; j) = i and S(j; k) = jdoes not imply that S(i; k) = i). We will illustrate this non-transitivity with anexample s
enario in a later se
tion.Our proposed de
ision me
hanism �rst �nds S(i; j) values for all possiblepartnership pairs (i; j), and 
hooses the partnership that is returned for themaximum number of times (i.e. the partnership with the maximum number ofwins against other partnerships). This me
hanism trivially sele
ts a partner-ship if it wins against all other partnerships. If there is a tie among a subsetof these partnerships then we 
an use arbitration me
hanism from the votingtheory [Str80℄, with pNij as a relative measure of mandate between i and j, forea
h pair (i; j) in that subset. For example, assume that there is a tie amongpartnerships i; j; and k. Then the arbitration me
hanism gives pNij + pNik votes topartnership i, pNji +pNjk votes to partnership j, and pNki+pNkj votes to partnershipk. If there is still a tie, we 
hoose one of these partnerships randomly.Let the payo�-stru
tures of partnerships i and j be given by sequen
esf(uik; pik)g and f(ujk; pjk)g, and their lengths be ni and nj respe
tively. We 
andivide N into n parts, where ea
h part is 0 or a positive integer. The kth part insu
h a division represent the number of times the kth utility value was returnedwhen intera
ting with a given partnership. Let any su
h de
omposition be rep-resented as CNn . There are �N + n� 1n� 1 � su
h distin
t de
ompositions. If weregard su
h a de
omposition of N intera
tions as a
tually arising in ex
hangeswith partnership i, then the utility re
eived as a result, is given byUCNnii = niXk=1CNni(k) � uikwhere CNni(k) is the kth 
omponent of CNni . Then the value of pNij is 
omputeda

ording to the rule for 
onditional probability, aspNij =XCNni Pr[CNni ℄:Pr[UCNnii > Uj jCNni ℄where Pr[UCNnii > Uj jCNni ℄ (i.e. the probability that i returns greater net-utility,given a parti
ular de
omposition of its N intera
tions into ni parts), is, in turn,
omputed as Pr[UCNnii > Uj jCNni ℄ =XCNnj Pr[CNnj ℄:h(CNni ; CNnj )with h(CNni ; CNnj ) being a boolean fun
tion to de
ide whether or not i returns



greater utility, given a pair of de
ompositions of N intera
tions into ni and njparts respe
tively, and it is de�ned ash(CNni ; CNnj ) = (1 if UCNnii > UCNnjj0 otherwise.Now, suppose CNni = hx1; x2; x3 : : : xnii with x1 + x2 + x3 + : : : xni = N . Thenwe 
ompute Pr[CNni ℄ asPr[CNni ℄ = N !x1!x2!x3! : : : xni ! (pi1)x1(pi2)x2 : : : (pini)xnifrom the multinomial distribution. It 
an be shown that the 
omputational
omplexity of this s
heme for sele
ting a partner from among A subje
ts, isO(A2N2n) where n = Maxifnig. We also note that in general, pNij + pNji � 1 asthere may be some CNni ; CNnj for whi
h UCNnii = UCNnjj .An example evaluation: Suppose the payo�-stru
tures of three partnerships i; jand k are f(1, 0.4) (10, 0.6)g, f(5, 0.5) (5, 0.5)g, and f(11, 0.4) (3, 0.6)g. Hereni = nj = nk = 2. We 
hoose N=1. For ea
h partnership there are 2 de-
ompositions of 1 trial into two parts, viz. h0; 1i and h1; 0i. To 
ompute pNij ,we see that 
ase h0; 1i for i produ
es bene�t = 10. This is greater than thebene�ts for both 
ases of j ( bene�t 5 from both h0; 1i and h1; 0i). Hen
eh(h0; 1ii ; h0; 1ij) = h(h0; 1ii ; h1; 0ij) = 1. Again for 
ase h1; 0i of partnershipi the bene�t is 1, whi
h is lesser than that of j for both of its 
ases. That means,h(h1; 0ii ; h0; 1ij) = h(h1; 0ii ; h1; 0ij) = 0.Hen
epNij = Pr[h0; 1ii℄ � fPr[h0; 1ij ℄ � 1 +Pr[h1; 0ij ℄ � 1g+Pr[h1; 0ii℄ � fPr[h0; 1ij ℄ � 0 +Pr[h1; 0ij ℄ � 0gwhere subs
ript of any de
omposition indi
ates the respe
tive partnership withwhi
h this 
ase arises. Now,Pr[h0; 1ii℄ = 1!0!1!(0:4)0 � (0:6)1 = 0:6Pr[h1; 0ii℄ = 1!1!0!(0:4)1 � (0:6)0 = 0:4It is also immediately seen thatPr[h0; 1ij ℄ = 1!0!1!(0:5)0 � (0:5)1 = 0:5Pr[h1; 0ij ℄ = 1!1!0!(0:5)1 � (0:5)0 = 0:5



Consequently, pNij = 0:6 � (0:5 + 0:5) + 0:4 � (0 + 0) = 0:6. Similarly, we 
an
ompute pNji = 0:4; pNjk = 0:6; pNkj = 0:4; pNik = 0:36; pNki = 0:64: As a result,S(i; j) = i;S(j; k) = j;S(i; k) = k:As outlined earlier, at this situation (a non-transitive 
ase) the arbitration byvoting 
omes into the pi
ture, and i gets 0.96 votes, j gets 1.0 votes, and k gets1.04 votes. Consequently, k is 
hosen.It is worthwhile to explore this example further so that we 
an appre
iate thenotion that non-transitivity is the ex
eption rather than the rule. For N = 2, wehave pNij = 0:84; pNji = 0:16; pNjk = 0:36; pNkj = 0:64; pNik = 0:4752; pNki =0:5248. Hen
e partnership k is the obvious preferred 
hoi
e, and transitivityholds. Again, for N = 3, the dire
t 
hoi
e is i.We have 
ome up with this elaborate pro
edure after exploring various otheralternatives that were 
omputationally simpler, but inadequate nevertheless. The
losest of these is an approximation for pNij for all pairs (i; j), using Hoe�dingInequality [Vid97℄. This approximation is really a 
rude one, and the problem
alled for better bounds. The dire
t appli
ation of Cherno�'s Theorem [Bil86℄provides tighter bounds, but requires \large number of intera
tions" whi
h de-feats the very purpose of the problem. Lastly, the me
hanism we have presented,
omputes pNij a

urately, using the rules for multinomial distribution of proba-bility values, and 
onditional probability.5 Comparative evaluation with a de
ision me
hanism forin�nite intera
tionsTo 
ompare our de
ision me
hanism with a standard referen
e we 
hose the Ex-pe
ted Utility Maximization Prin
iple (MEU) [LR57℄. The MEU prin
iple pre-s
ribes intera
ting with partnership i given byi = arg maxj2Partners nkXk=1ujk � pjk;where Partners is the set of partners the agent 
an intera
t with.This prin
iple is guaranteed to maximize the total utility re
eived by theagent if the agent intera
ts in�nitely often. In an open environment, agent re-lationships are often ephemeral, and in�nite intera
tions are impra
ti
al. Theobvious question is whether our strategy will be able to outperform a MEU
hoi
e when the assumption of in�nite intera
tions do not hold. In parti
ular,if we know that an agent is interested in a relationship for a �nite, short pe-riod, a partnership with smaller expe
ted utility may return more net utilitythan another partnership with smaller expe
ted utility. It would be interestingto evaluate if this 
onje
ture is true and if so, for what range of intera
tions?



At this point we 
an also observe that the de
ision me
hanism developed byus have the following properties:{ The strategy redu
es to the MEU strategy for in�nite intera
tions.{ It is based solely on the payo�-stru
ture of the partnerships and the numberof intera
tions to be performed.6 Evaluation s
enarioDe
isions of this kind attain signi�
ant proportions in any domain where limitedappli
ation of a
quired knowledge is required with a fair degree of 
on�den
ein the out
omes. We 
an visualize a 
omputational marketpla
e, where agentsdistribute 
omputational tasks among servi
e-providers (in return of payo�s,that may be determined by the time taken, quality of the servi
e et
.), throughbroker agents. Su
h a broker has estimates of the payo�-stru
tures for variousservi
e-providers, and is fa
ed with the problem of 
hoosing the potentially-most-bene�
ial re
ipient (the bene�t being the portion of the payo� of the re
ipient,that the broker 
harges as the intermediary), for a set of tasks (the number ofsu
h tasks 
an be a measure of N). The broker and the re
ipient thus enter apartnership or 
ollaboration whi
h the broker o�ers to maintain for suÆ
ienttasks (or for a suÆ
ient period) that he is 
on�dent enough, will produ
e thedesired payo�.The pro
edure outlined in this paper enables the broker to obje
tively eval-uate the potential of various prospe
tive re
ipients, as an expli
it fun
tion ofthe intended number of intera
tions, and this is where the pro
edure gains its
apability to suggest an alternative to the MEU-
hoi
e.7 Experimental resultsFor the purpose of experimentation, we have 
onsidered only two partnerships.Of these, the payo�-stru
ture of the MEU-partnership is M, and that of theother partnership (non-MEU) is NM. We 
an imagine, there are other part-nerships in the marketpla
e, and the agent's 
hoi
es may vary a
ross several ofthese partnerships. However, for the purpose of illustration of non-MEU 
hoi
esagainst a given MEU-partnership, only one non-MEU partnership is suÆ
ient.In the experiments, the payo� stru
ture of the NM partnership is f(2, 0.1)(10, 0.3) (12, 0.6)g with an expe
ted utility of 10.4, and we vary the payo�-stru
ture of the MEU-partnership, su
h that its maximum possible payo� de-
reases, keeping the expe
ted utility �xed at 10.56. This means that a

ordingto the MEU strategy it is preferable to 
hoose the se
ond partnership. Fig-ures 1 and 2 shows the 
omparative performan
e of the Non-MEU and MEUpartnerships. For a given number of intera
tions, the a
tual payo� generationis simulated, and the per
entage of 
ases out of 1000 simulations, in whi
h theNon-MEU partnership yields greater payo� than the other is plotted in ea
hgraph. The shaded regions in a plot refer to the values of N for whi
h, given the
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Fig. 1. Simulation of bene�t from NM = f(2, 0.1) (10, 0.3) (12, 0.6)g against M =f(8, 0.97) (90, 0.02) (100, 0.01)g(left) andM = f(8, 0.96) (70, 0.025) (75, 0.015)g(right)



payo�-stru
ture, the fun
tion S sele
ts the MEU-partnership. For all other val-ues of N (i.e. the unshaded zones), the 
hoi
e is the Non-MEU partnership. Thevalues below the dotted-line signify 
ases where the MEU-partnership outper-forms the other in a
tual simulation. The �rst 75 intera
tions have been plottedin ea
h 
ase.Figures 1 and 2 show 
lose agreement between the pro
edural 
hoi
e withthe results of the simulations. An interesting observation from these �gures isthat the 
hoi
e fun
tion S, 
ontrary to intuition, 
hanges its output more thanon
e. The MEU-partnership appears in multiple distin
t regions in the �gures 1and 2. Su
h 
hange in 
hoi
e depends on the probability distributions overthe utilities, the multinomial 
oeÆ
ients, and the de
omposition-pattern of thenumber of intera
tions. We did not �nd any regular pattern in these variationsto summarize the 
hoi
e with a simple heuristi
. The summary des
ription we
an provide is that the \bands of dominan
e" of the MEU strategy in
reases inwidth with more intera
tions until after a relatively large number of intera
tionsit be
omes totally dominant. The last observation is 
onsistent with the fa
t thatfor large intera
tions, the MEU strategy is a

urate and suÆ
ient to identifythe most desirable partnership. We also note that the sample payo�-stru
turesassumed in the experiments are representative of the type of payo�-stru
tureswhere the eÆ
a
y of our pro
edure is 
learly demonstrable. In other types ofpayo�-stru
tures the results of our pro
edure 
annot be any worse than theMEU-strategy.It 
an be observed that as the highest payo� from the MEU partnershipin
reases (and the 
orresponding probability of re
eiving that payo� is de
reasedto keep the expe
ted utility 
onstant), it takes more intera
tions before the �rstonset of dominan
e of the MEU partnership. This 
an be explained by the fa
tthat if the expe
ted utility of a partnership is based largely on the superlativepayo� from an infrequent event (the ja
kpot in our earlier example), it wouldtake more intera
tions to bene�t from the o

urren
e of that infrequent event.For a more limited number of intera
tions, it is advisable to 
hoose a partnershipthat returns a 
onsistently high payo� even though its expe
ted utility is less.Another interesting observation from �gure 2(right) is the unusually frequentvariation of the pro
edural-
hoi
e in a short range of N . Be
ause the di�eren
ein the expe
ted utilities of M and NM is already low, the lowering of thehighest utility in M redu
es the stru
tural di�eren
e between M and NM. Asa result, the 
hoi
e be
omes highly sensitive to N . This sensitivity, in parti
ular,is beyond the s
ope of MEU-strategy.8 Con
lusionIn this paper, we have 
onsidered the problem of an agent de
iding on whi
hpartnership to intera
t with given the number of intera
tions and a model of theenvironment in the form of payo� stru
tures of ea
h of these partnerships. Wehave developed a probability-theory based pro
edure for making the sele
tion
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Fig. 2. Simulation of bene�t from NM = f(2, 0.1) (10, 0.3) (12, 0.6)g against M =f(8, 0.94) (50, 0.04) (52, 0.02)g(left) andM = f(8, 0.8) (20, 0.1) (21.6, 0.1)g(right)



and 
ompared its performan
e with the well known MEU prin
iple whi
h solvesthis problem exa
tly when the number of intera
tions is in�nite.The agreement between the performan
e predi
ted by our sele
tion pro
e-dure and the simulated values show that the pro
edure is well adapted for thesensitive di�eren
es between the payo�-stru
tures of two 
oalitions. This pro
e-dure e�e
tively 
aptures a broad range of these subtleties and hen
e, is a more�ne-grained measure of the relative eÆ
a
y of 
oalitions, than the MEU-strategy.A related and pra
ti
ally important problem is to devise a strategy for inter-a
tion where the payo�-stru
ture for 
oalitions is in
ompletely known. It wouldbe instru
tive to 
ompare the performan
e of Bayesian update s
hemes versusmodel-free reinfor
ement learning methods on these problems [Mit97℄. This, ad-mittedly more 
omplex, problem is akin to the multi-arm bandit problem [SU95℄.A 
riti
al issue in this problem is that sin
e learning is on-line, the approxima-tion of the payo� stru
ture from limited sampling has to be a

urate to takeadvantage of any non-MEU strategies. O�-line learning of the payo� stru
tureof partnerships by observing them intera
ting with other agents 
an also provideapproximate models. In the latter 
ases, the present work 
an be readily used.Referen
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