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Abstract

We presenamodelthatlearnsthein uence of interactingMarkov chains
within a team. The proposedmodelis a dynamic Bayesiannetwork

(DBN) with a two-level structure:individual-level andgroup-level. In-

dividual level modelsactionsof eachplayer andthe group-level models
actionsof the teamasa whole. Experimentson syntheticmulti-player
gamesand a multi-party meetingcorpusshav the effectivenessof the
proposednodel.

1 Intr oduction

In multi-agentsystemsindividualswithin agroupcoordinateandinteractto achieze agoal.

For instancegconsidera basletballgamewherea teamof playerswith differentroles,such
asattackanddefensecollaborateandinteractto win the game.Eachplayerperformsa set
of individual actions,evolving basedon their own dynamics.A groupof playersinteract
to form ateam. Actions of the teamandits playersare strongly correlated and different
playershave differentin uence on the team. Taking anotherexample,in cornversational
settingssomepeopleseenparticularlycapableof driving the corversatioranddominating
its outcome.Thesepeople skilled at establishingheleadershiphave thelargestin uence

onthegroupdecisionsandoftenshift thefocusof the meetingwhenthey speak{8].

In this paperwe quantitatvely investigatethein uence of individual playerson theirteam
usinga dynamicBayesiametwork, thatwe call two-level in uence model. The proposed
model explicitly learnsthe in uence of individual player on the teamwith a two-level
structure.In the rst level, we modelactionsof individual players.In the secondone,we
modelteamactionsasawhole. Themodelis thenappliedto determinga) thein uence of
playersin multi-playergamesand(b) thein uence of participantsn meetings.

The paperis organizedasfollows. Section2 introducesthe two-level in uence model.
Section3 reviews relatedmodels. Section4 presentgesultson multi-playergames,and
Section5 presentsesultson a meetingcorpus.Section6 providesconcludingremarks.
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Figure 1: (a) Markov Model for individual player (b) Two-level in uence model (for
simplicity, we omit the obsenation variablesof individual Markov chains,andthe switch-
ing parentvariableQ). (c) Switchingparents.Q is calleda switchingparentof S¢, and
fS!  sNgareconditionalparentsof S¢. WhenQ = i, S' is theonly parentof SC.

2 Two-level In uence Model

The proposedmodel, called two-level in uence model, is a dynamic Bayesiannetwork
(DBN) with atwo-level structure:the playerlevel andtheteamlevel (Fig. 1). Theplayer
level representshe actionsof individual players,evolving basedon their own Markovian
dynamicqFig. 1 (a)). Theteamlevel representgroup-level actions(the actionbelongsto
theteamasawhole,notto a particularplayer).In Fig. 1 (b), thearronsup (from playersto
team)representhein uence of theindividual actionson the groupactions andthearrons
down (from teamto players)representhein uence of the groupactionson theindividual
actions.Let O' andS' denotethe obsenationandstateof thei playerrespectiely, and
SC denoteghe teamstate. For N players,andobsenration sequencesf identicallength
T, thejoint distribution of our modelis givenby
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Regarding the player level, we model the actionsof eachindividual with a rst-order
Markov model (Fig. 1 (a)) with one obsenation variableO' and one statevariableS'.
Furthermoreto capturethe dynamicsof all the playersinteractingas a team,we adda
hiddenvariable S¢ (teamstate),which is responsibleio modelthe group-level actions.
Differentfrom individual playerstatethat hasits own Markovian dynamicsteamstateis
not directly in uenced by its previous state. S€ could be seenasthe aggrejate beha-
iors of theindividuals,yet providesa usefullevel of descriptiorbeyondindividual actions.
Therearetwo kinds of relationshipdetweerthe teamandplayers: (1) The teamstateat
timet in uencesthe players'statesat the next time (down arrow in Fig. 1 (b)). In other
words,the stateof theitf1 playerattimet + 1 dependsnits previous stateaswell ason
theteamstate,i.e., P(Sl,; jSI; SE). (2) Theteamstateattimet is in uenced by all the
players'statesat the currenttime (up arrow in Fig. 1 (b)), resultingin a conditionalstate
transitiondistribution P (SEjSt  SN).

To reducethe model compleity, we add one hiddenvariableQ in the model, to switch
parentsor S€. Theideaof switchingparent(alsocalledBayesiarmulti-netsin [3]) is as
follows: avariable-S€ in this case-hasa setof parentd Q; S* SN g (Fig. 1(c)). Q is
the switchingparentthatdeterminesvhich of the otherparentgo use,conditionedon the
currentvalueof theswitchingparent.f S SN g aretheconditionalparentsin Fig. 1(c),
Q switchesthe parentsof S® amongf S SN g, correspondingo the distribution

n
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FromEg. 3 to Eq. 4, we madetwo assumptions(i) Q is independenbf fS*  SNg;
and(ii) whenQ = i, S only dependon S|. Thedistribution over the switching-parent
variableP (Q) essentiallydescribesion muchin uence or contritutionthestatetransitions
of the playervariableshave on the statetransitionsof thetear&variable.We referto ; =
P(Q = i) asthein uence valueof thei" player Obviously, iN:l i = 1. If wefurther
assumehatall playervariableshave the samenumberof statesN s, andtheteamvariable
hasN¢ possiblestatesthejoint log probabilityis givenby
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wheretheindicatorvariablezj; = 1if S; = j, otherwisez; ;

0. We canseethatthe
10Ng = 5N = 4,a

modelhascompleity O(T N Ng NZ2). ForT = 200QNsg =
total of 1P operationss requiredwhichis still tractable.

For themodelimplementationye usedthe GraphicaModelsToolkit (GMTK) [4], aDBN

systemfor speechlanguageandtime seriesdata.Speci cally, we usedthe switchingpar

entsfeatureof GMTK, which greatlyfacilitatestheimplementatiorof thetwo-level model
to learnthe in uence valuesusingthe ExpectationMaximization (EM) algorithm. Since
EM hasthe problemof local maxima,goodinitialization is very important. To initialize

the emissionprobability distributionin Eq. 5, we rst train individual actionmodels(Fig.

1 (a)) by pooling all obsenation sequencesogether Thenwe usethe trainedemission
distribution from the individual actionmodelto initialize the emissiondistribution of the
two-level in uence model.Thisprocedurds bene cial becausave usedatafrom all indi-

vidual streamdogetherandthushave a largeramountof training datafor learning.

3 RelatedModels

The proposedwo-level in uence modelis relatedto a numberof models,namelymixed-
memoryMarkov model(MMM) [14, 11], coupledHMM (CHMM) [13], in uence model
[1, 2, 6] anddynamicalsystemdrees(DSTs)[10]. MMMs decomposea complex model
into mixturesof simplerones for example,a K—FprderMarkov model,into mixturesof rst-

ordermodels: P(StjSt 1St 2 St k) = 1y iP(SiSt ). The CHMM models
interactionsof multiple Markov chainsby directly linking the currentstateof onestream
with the previous statesof all the streams(including itself): P(S{jSt ;82 ; SN ,).

However, the modelbecomesomputationallyintractablefor morethantwo streams.The
in uence model[1, 2, 6] simpli es the statetransitiondistribution of the CHMM into a



Figure2: (a) A snapshobf the multi-playergames:four playersmaove alongthe pathes
labeledin themap.(b) A snapshobf four-participantmeetings.

gorvex combinatiorof pairwiseconditionaldistributions,i.e.,P(S!jSt ;82 ; SN ;) =
J-Nzl jiP(St‘jS{ 1). We canseethatin uence modelandMMM take the samestrateyy
to reducecomplex modelswith large statespacedo a combinationof simpleroneswith
smallerstatespacesin [2, 6], thein uence modelwasusedto analyzespeakingpatterns
in conversationdi.e., turn-taking)to determinehow muchin uence oneparticipanthason
others.In suchmodel, ; is regardedasthein uence of thej " playerontheit" player

All thesemodels however, limit themselesto modelingtheinteractionsbetweerindivid-
ual players,i.e., the in uence of one player on anotherplayer. The proposedwo-level
in uence model extendsthesemodelsby using the group-level variable S€ that allows
{9 model the in uence betweenall the players and the team P(SEjsts?  SN) =
iNzl i Pl(S[Gj‘St'), andadditionallyconditioningthe dynamicsof eachplayerontheteam
state:P (S, jS!; SP).
DSTs[10] have atreestructurethatmodelsinteractingprocessethroughthe parenthidden
Markov chains.Therearetwo differencedetweerDSTsandour model: (1) In DSTs,the
parentchainhasits own Markovian dynamics,while the teamstateof our modelis not
directly in uenced by the previous teamstate. Thus, our model capturesthe emegent
phenomenan which the groupactionis “nothing more” thanthe aggrejate behaiors of
individuals, yet it providesa usefullevel of representatioteyond individual actions. (2)
Thein uence betweerplayersandteamin ourmodelis “bi-direction” (upanddown arrons
in Fig. 1(b)). In DSTs,thein uence betweenchild and parentchainsis “uni-direction”:
parentchainscould in uence child chains,while child chainscould not in uence their
parentchains.

4 Experimentson Synthetic Data

We rst testour model on multi-player syntheticgames,in which four players(labeled
A-D) move alonga numberof predeterminegathsmanuallylabeledin amap(Fig. 2(a)),
basedonthefollowing rules:

Game I:  PlayerA movesrandomly PlayerB andC aremeticulouslyfollowing
playerA. PlayerD movesrandomly

Game Il:  PlayerA movesrandomly PlayerB is meticulouslyfollowing player
A. PlayerC movesrandomly PlayerD is meticulouslyfollowing playerC.
Game lll:  All four players A, B, C andD, move randomly

A follower movesrandomlyuntil it lies onthe samepathof its target,andafterthatit tries
to reachthe target by following the target's direction. The initial positionsand speedwf
playersarerandomlygeneratedThe obsenation of anindividual playeris its motiontra-
jectoryin theform of a sequencef positions,(X1;y1); (X2;¥2)  (Xt;Yt), eachof which
belongsto oneof 20 predeterminegbathsin the map. Thereforewe setNs = 20. The
numberof teamstatesis setto Ng = 5. In experimentswe found thatthe nal results
were not sensitve to the speci c numberof teamstatesfor this datasein a wide range.
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Figure3: In uence valueswith respecto the EM iterationsin differentgames.

Thelengthof eachgamesequencés T = 2000frames.EM iterationswere stoppedonce
therelative differencein the globallog likelihoodwaslessthan2%.

Fig. 3 shavsthelearnedn uence valuefor eachof thefour playersin the differentgames
with respecto the numberof EM iterations.We canseethatfor Game | , playerA is the
leaderplayerbasedon thede ned rules. The nal learnedin uence valuefor playerA is
almostl, while thein uence for therestthreeplayersarealmost0. For Game Il , player
A andplayerC arebothleadersdbasedon the de ned rules. Thelearnedin uence values
for playerA andC areindeedcloseto 0:5, which indicatesthey have similarin uence on
theteam.For Game Ill , thefour playersaremoving randomly andthelearnedn uence
valuesarearound0:25, whichindicatesthatall playershave similarin uence ontheteam.
Theresultson thesetoy datasuggesthatour modelis capableof learningsensiblevalues
forf g, in goodagreementvith the concepf in uence we have describecefore.

5 Experimentson Meeting Data

As anapplicationof thetwo-level in uence model,we investigatethein uence of partici-
pantsin meetings.Status,dominanceandin uence areimportantconceptsn socialpsy-
chologyfor which our modelcould be particularlysuitablein a (dynamic)corversational
setting[8]. We useda public meetingcorpus(available at http://mmm.idiap.ch ),
which consistsof 30 ve-minutefour-participantmeetingscollectedin a room equipped
with synchronizednulti-channelaudioandvideorecorder412]. A snapshobf the meet-
ing is shovn in Fig. 2 (b). Thesemeetingshave pre-de nedtopicsandanactionagenda,
designedo ensurediscussiongndmonologuesManualspeeclhranscriptsarealsoavail-
able. We rst describehow we manuallycollectedin uence judgementsandthe perfor
mancemeasureve used. We thenreportour resultsusing audio and languagefeatures,
comparedvith simplebaselinanethods.

5.1 Manually Labeling In uence Valuesand the Performance Measure

The manualannotatiorof in uence of meetingparticipantds to somedegreea subjective
task,asa de nite ground-truthdoesnot exist. In our case,eachmeetingwaslabeledby
threeindependenannotatoravho hadno accesgo ary informationaboutthe participants
(e.g.job titles andnames).This wasenforcedto avoid ary biasbasedon prior knowledge
of themeetingparticipantqe.g.astudentwvould probablyassigna largein uence valueto
his supervisor) After watchinganentiremeetingthethreeannotatorsvereasledto assign
aprobability-basedalue (rangingfrom 0 to 1, all addingup to 1) to meetingparticipants,
whichindicatedtheirin uencein themeeting(Fig. 5(b-d)). Fromthethreeannotationsywe
computedhe pairwiseKappastatisticd 7], acommonlyusedmeasurdor inter-rateagree-
ment. The obtainedpairwiseKapparangeshetweern0:68 and0:72, which demonstratea
goodagreemenamongthe differentannotators We estimatedhe ground-truthin uence
valueshy averagingtheresultsfrom the threeannotatorgFig. 5(a)).

We use Kullback-Leibler (KL) divergenceto evaluatethe results. For the j' meet-
ing, given an automaticallydeterminedin uence distribution P(Q), and the ground
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Figure4: lllustration of statesequencesisingaudioandlanguagefeaturesrespectrely:
Using audio, therearetwo states:speakingandsilence. Using language the numberof
statesequalsPLSA topicsplusonesilencestate.

truth in uence distribution P(Q), the KL divergenceis given by: DI (PkP) =

iN=l P(Q=)log, EES I),WhereN is the numberof participants ThesmallerD! , the

betterthe performancdif P = P ) D/ = 0). NotethatKL dlvergencq§ notsymmetric.

We calculatethe averageKL divergencefor all the meetings:D = Mi i=1 DI (PkP),

whereM is thenumberof meetings.

5.2 Audio and LanguageFeatures

We rst extractaudiofeaturesusefulto detectspeakingiurnsin corversations.We com-
putethe SRP-PHA measuraisingthe signalsfrom a 8-microphonearray[12], which is
a continuousvalueindicatingthe speechactiity from a particularparticipant. We usea
Gaussiaremissionprobability andsetNs = 2, eachstatecorrespondingo speakingand
non-speakingsilence) respectrely (Fig. 4).

Additionally, languagefeatureswere extractedfrom manualtranscripts. After remaving

stopwords, the meetingcorpuscontains2175 uniqueterms. We then employed proba-
bilistic latentsemanticanalysis(PLSA) [9], which is a languagemodelthat projectsdoc-
umentsin the high-dimensionabag-of-words spaceinto a topic-basedpaceof lower di-

mension. Eachdimensionin this new spacerepresents “topic”, and eachdocumentis
representedsa mixture of topics. In our case,adocumentorresponds$o onespeectut-
terancets;te; W1Wo W), wherets isthestarttime, t¢ istheendtime,andwiw, — wy

is a sequencedf words. PLSA is thususedas a featureextractor that could potentially
capture'topic turns”in meetings.

We embeddedPLSA into our modelby treatingthe statesof individual playersasinstances
of PLSAtopics(similarto [5]). Thereforethe PLSA modeldeterminesheemissiorprob-
ability in Eq. 5. We repeatthe PLSA topic within the sameutterancgts t tg). The
topic for the silencesggmentswassetto 0 (Fig. 4). We canseethatusingaudio-onlyfea-
turescanbe seenasa specialcaseof usinglanguagdeaturespy usingonly onetopicin
the PLSA model(i.e., all utterance®elongto the sametopic). We set10 topicsin PLSA
(Ns = 10), andsetNg = 5 usingsimplereasonable priori knowledge. EM iterations
werestoppecdncetherelative differencein thegloballog likelihoodwaslessthan2%.

5.3 Resultsand Discussions

We compareour modelwith a methodbasedon the speakingength(how muchtime each

of the participantsspeaks). In this case,the in uence value of a rl‘geetingparticipantis

de ned to be proportionalto his speakindength:P(Q = i) = L= iN:1 Li, whereL; is

the speakindengthof participanti. As a secondbaselinemodel,we randomlygenerated
1000combinationf in uence values(underthe constrainthatthe sumof thefour values
equalsl), andreportthe averageperformance.

Theresultsareshovn in Table1 (left) andFig. 5(e-h). We canseethatthe resultsof the
threemethods:model+ languagemodel+ audio,andspeaking-lengtiFig. 5 (e-g))are
signi cantly betterthanthe resultof randomization(Fig. 5 (h)). Using languagdeatures
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Figure 5: In uence valuesof the 4 participants(y-axis) in the 30 meetings(x-axis) (a)

ground-truth(averageof thethreehumanannotationsAj; A,; A3). (b) A1 : humananno-
tation1 (c) A, : humanannotatior? (d) A3 : humanannotatiorB (e) ourmodel+ language
(f) ourmodel+ audio(g) speaking-lengtlih) randomization.

Tablel: Resultson meetingg“model” denoteghetwo-level in uence model).

Method KL divergence HumanAnnotation | KL divergence
model+ Language 0.106 Ai VS A 0.090
model+ Audio 0.135 Ai vs.A; 0.053
Speakindength 0.226 Ai vs.GT 0.037
Randomization 0.863

with our modelachievesthe bestperformanceOur model(usingeitheraudioor language
features)outperformsthe speaking-lengtibasedmethod,which suggestshatthe learned
in uence distributionsarein betteraccordanceavith thein uence distributionsfrom human
judgementsAs shavn in Fig. 4, usingaudiofeaturesanbe seerasa specialcaseof using

languagdeatures We uselanguagdeatureso capturée‘topic turns” by factorizingthetwo

states:“speaking,silence”into morestates:“topic1, topic2, ..., silence”. We canseethat

theresultusinglanguagdeaturess betterthanthatusingaudiofeatures.Iln otherwords,

comparedvith “speakingturns”, “topic turns” improvesthe performancef our modelto

learnthein uence of participantdn meetings.

It is interestingto look at the KL divergencebetweenary pair of the threehumananno-
tations(A; vs. A;), ary oneagpinstthe averageof the others(A; vs. A;), andary one
aguinstthe ground-truth(A; vs. GT). The averageresultsare shavn in Table 1 (right).
We canseethattheresultof “A; vs. GT” is the best,which is reasonableince“GT” is
theaverageof A1, A, andAs. Fig. 6(a)shaws the histogramof KL divergencebetween
ary pair of humanannotationgor the 30 meetings. The histogramhasa distribution of

= 0:09, = 0:11 We canseethatthe resultsof our model(language:0:106, audio:
0:135) areveryclosetothemean( = 0:09), whichindicateghatour modelis comparable
to humanperformance.

With ourmodel,we cancalculatethecumulative in uence of eachmeetingparticipantover

time. Fig. 6(b) shavs suchan exampleusingthe two-level in uence modelwith audio
features.We canseethatthe cumulatize in uence is relatedto the meetingagenda:The

meetingstartswith the monologueof personl(monologuel).Thein uence of personlis

almostl, while thein uencesof theotherpersonsarenearly0. Whenfour participantsare
involvedin adiscussionthein uence of personldecreasesndthein uencesof theother
three personsncrease. The in uence of persondincreasegjuickly during monologue4.
The nal in uence of participantdecomestablein the secondliscussion.
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Figure 6: (a) Histogramof KL divergencebetweenary pair of the humanannotations
(Aj vs. Aj) for the 30 meetings.(b) The evolution of cumulative in uence over time (5
minutes).Thedottedverticallinesindicatethe prede nedmeetingagenda.

6 Conclusions

We have presentedtwo-levelin uence modelthatlearnsthein uence of all playerswithin
ateam. The modelhasa two-level structure:individual-level andgroup-level. Individual
level modelsactionsof individual playersand group-level modelsthe groupasa whole.
Experiment®n syntheticmulti-playergamesanda multi-partymeetingcorpusshovedthe
effectivenessf the proposedmodel. More generally we anticipatethat our approacho
multi-level in uence modelingmay provide a meangfor analyzinga wide rangeof social
dynamicgo infer patternsof emegentgroupbehaiors.
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