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Abstract

Wepresentamodelthatlearnsthein�uenceof interactingMarkov chains
within a team. The proposedmodel is a dynamicBayesiannetwork
(DBN) with a two-level structure:individual-level andgroup-level. In-
dividual level modelsactionsof eachplayer, andthegroup-level models
actionsof the teamasa whole. Experimentson syntheticmulti-player
gamesanda multi-party meetingcorpusshow the effectivenessof the
proposedmodel.

1 Intr oduction

In multi-agentsystems,individualswithin agroupcoordinateandinteractto achieveagoal.
For instance,considerabasketballgamewherea teamof playerswith differentroles,such
asattackanddefense,collaborateandinteractto win thegame.Eachplayerperformsaset
of individual actions,evolving basedon their own dynamics.A groupof playersinteract
to form a team. Actionsof the teamandits playersarestronglycorrelated,anddifferent
playershave different in�uence on the team. Taking anotherexample,in conversational
settings,somepeopleseemparticularlycapableof driving theconversationanddominating
its outcome.Thesepeople,skilledatestablishingtheleadership,have thelargestin�uence
on thegroupdecisions,andoftenshift thefocusof themeetingwhenthey speak[8].

In thispaper, wequantitatively investigatethein�uence of individualplayerson their team
usinga dynamicBayesiannetwork, thatwe call two-level in�uence model.Theproposed
model explicitly learnsthe in�uence of individual player on the teamwith a two-level
structure.In the�rst level, we modelactionsof individual players.In thesecondone,we
modelteamactionsasawhole.Themodelis thenappliedto determine(a) thein�uence of
playersin multi-playergames,and(b) thein�uence of participantsin meetings.

The paperis organizedas follows. Section2 introducesthe two-level in�uence model.
Section3 reviews relatedmodels. Section4 presentsresultson multi-playergames,and
Section5 presentsresultsonameetingcorpus.Section6 providesconcludingremarks.
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Figure 1: (a) Markov Model for individual player. (b) Two-level in�uence model (for
simplicity, we omit theobservationvariablesof individual Markov chains,andtheswitch-
ing parentvariableQ). (c) Switchingparents.Q is calleda switchingparentof SG , and
f S1 � � � SN g areconditionalparentsof SG . WhenQ = i , Si is theonly parentof SG .

2 Two-level In�uence Model

The proposedmodel, called two-level in�uence model, is a dynamicBayesiannetwork
(DBN) with a two-level structure:theplayer level andtheteamlevel (Fig. 1). Theplayer
level representstheactionsof individual players,evolving basedon their own Markovian
dynamics(Fig. 1 (a)). Theteamlevel representsgroup-level actions(theactionbelongsto
theteamasawhole,not to aparticularplayer).In Fig. 1 (b), thearrowsup(from playersto
team)representthein�uence of theindividualactionson thegroupactions,andthearrows
down (from teamto players)representthein�uence of thegroupactionson theindividual
actions.Let Oi andSi denotetheobservationandstateof thei th playerrespectively, and
SG denotesthe teamstate.For N players,andobservationsequencesof identicallength
T, thejoint distributionof ourmodelis givenby
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Regarding the player level, we model the actionsof eachindividual with a �rst-order
Markov model (Fig. 1 (a)) with oneobservation variableOi andonestatevariableSi .
Furthermore,to capturethe dynamicsof all the playersinteractingasa team,we adda
hiddenvariableSG (teamstate),which is responsibleto model the group-level actions.
Differentfrom individual playerstatethathasits own Markovian dynamics,teamstateis
not directly in�uenced by its previous state. SG could be seenasthe aggregatebehav-
iorsof theindividuals,yetprovidesausefullevel of descriptionbeyondindividualactions.
Therearetwo kindsof relationshipsbetweenthe teamandplayers:(1) The teamstateat
time t in�uencestheplayers'statesat thenext time (down arrow in Fig. 1 (b)). In other
words,thestateof the i th playerat time t + 1 dependson its previousstateaswell ason
the teamstate,i.e., P(Si

t +1 jSi
t ; SG

t ). (2) The teamstateat time t is in�uenced by all the
players'statesat thecurrenttime (up arrow in Fig. 1 (b)), resultingin a conditionalstate
transitiondistributionP(SG

t jS1
t � � � SN

t ).

To reducethe modelcomplexity, we addonehiddenvariableQ in the model, to switch
parentsfor SG . Theideaof switchingparent(alsocalledBayesianmulti-netsin [3]) is as
follows: a variable-SG in this case-hasa setof parentsf Q; S1 � � � SN g (Fig. 1(c)). Q is
theswitchingparentthatdetermineswhich of theotherparentsto use,conditionedon the
currentvalueof theswitchingparent.f S1 � � � SN g aretheconditionalparents.In Fig. 1(c),
Q switchestheparentsof SG amongf S1 � � � SN g, correspondingto thedistribution
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From Eq. 3 to Eq. 4, we madetwo assumptions:(i) Q is independentof f S1 � � � SN g;
and(ii) whenQ = i , SG

t only dependson Si
t . Thedistribution over theswitching-parent

variableP(Q) essentiallydescribeshow muchin�uenceorcontributionthestatetransitions
of theplayervariableshave on thestatetransitionsof theteamvariable.We referto � i =
P(Q = i ) asthein�uence valueof thei th player. Obviously,

P N
i =1 � i = 1. If we further

assumethatall playervariableshave thesamenumberof statesNS , andtheteamvariable
hasNG possiblestates,thejoint log probabilityis givenby

logP(S; O) =
NX

i =1

N SX

j =1

zi
j ;1 � logP(Si

1 = j )

| {z }
initial pr obabil ity

+
TX

t =1

NX

i =1

N SX

j =1

zi
j ;t � logP(Oi

t jS
i
t = j )

| {z }
emission pr obabil ity

+
TX

t =2

NX

i =1

N SX

j =1

N SX

k=1

N GX

g=1

zi
j ;t � zi

k ;t � 1 � zG
g;t � 1 � logP(Si

t = j jSi
t � 1 = k; SG

t � 1 = g)

| {z }
gr oup inf l uence on indiv idual tr ansition

+
TX

t =1

N SX

k=1

N GX

g=1

zG
g;t � zi

k ;t � logf
NX

i =1

� i P(SG
t = gjSi

t = k)

| {z }
indiv idual inf l uence on gr oup

g; (5)

wherethe indicatorvariablezj ;t = 1 if St = j , otherwisezj ;t = 0. We canseethat the
modelhascomplexity O(T � N � NG � N 2

S ). For T = 2000; NS = 10; NG = 5; N = 4, a
total of 106 operationsis required,which is still tractable.

For themodelimplementation,weusedtheGraphicalModelsToolkit (GMTK) [4], aDBN
systemfor speech,language,andtime seriesdata.Speci�cally, weusedtheswitchingpar-
entsfeatureof GMTK, whichgreatlyfacilitatestheimplementationof thetwo-level model
to learnthe in�uence valuesusingthe ExpectationMaximization(EM) algorithm. Since
EM hasthe problemof local maxima,goodinitialization is very important. To initialize
theemissionprobabilitydistribution in Eq. 5, we �rst train individual actionmodels(Fig.
1 (a)) by pooling all observation sequencestogether. Thenwe usethe trainedemission
distribution from the individual actionmodelto initialize theemissiondistribution of the
two-level in�uence model.Thisprocedureis bene�cial becausewe usedatafrom all indi-
vidual streamstogether, andthushave a largeramountof trainingdatafor learning.

3 RelatedModels

Theproposedtwo-level in�uence modelis relatedto a numberof models,namelymixed-
memoryMarkov model(MMM) [14, 11], coupledHMM (CHMM) [13], in�uence model
[1, 2, 6] anddynamicalsystemstrees(DSTs)[10]. MMMs decomposea complex model
into mixturesof simplerones,for example,aK-orderMarkov model,into mixturesof �rst-
order models: P(St jSt � 1St � 2 � � � St � K ) =

P K
i =1 � i P(St jSt � i ). The CHMM models

interactionsof multiple Markov chainsby directly linking thecurrentstateof onestream
with the previous statesof all the streams(including itself): P(Si

t jS
1
t � 1S2

t � 1 � � � SN
t � 1).

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



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

convex combinationof pairwiseconditionaldistributions,i.e.,P(Si
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to reducecomplex modelswith large statespacesto a combinationof simpleroneswith
smallerstatespaces.In [2, 6], the in�uence modelwasusedto analyzespeakingpatterns
in conversations(i.e., turn-taking)to determinehow muchin�uence oneparticipanthason
others.In suchmodel,� j i is regardedasthein�uence of thej th playeron thei th player.

All thesemodels,however, limit themselvesto modelingtheinteractionsbetweenindivid-
ual players,i.e., the in�uence of oneplayer on anotherplayer. The proposedtwo-level
in�uence model extendsthesemodelsby using the group-level variableSG that allows
to model the in�uence betweenall the players and the team: P(SG

t jS1
t S2

t � � � SN
t ) =

P N
i =1 � i P(SG

t jSi
t ), andadditionallyconditioningthedynamicsof eachplayerontheteam

state:P(Si
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t ).

DSTs[10] haveatreestructurethatmodelsinteractingprocessesthroughtheparenthidden
Markov chains.Therearetwo differencesbetweenDSTsandour model: (1) In DSTs,the
parentchainhasits own Markovian dynamics,while the teamstateof our model is not
directly in�uenced by the previous teamstate. Thus, our model capturesthe emergent
phenomenain which the groupactionis “nothing more” thanthe aggregatebehaviors of
individuals,yet it providesa usefullevel of representationbeyond individual actions.(2)
Thein�uencebetweenplayersandteamin ourmodelis “bi-direction” (upanddown arrows
in Fig. 1(b)). In DSTs,the in�uence betweenchild andparentchainsis “uni-direction”:
parentchainscould in�uence child chains,while child chainscould not in�uence their
parentchains.

4 Experimentson SyntheticData

We �rst testour modelon multi-playersyntheticgames,in which four players(labeled
A-D) move alonga numberof predeterminedpathsmanuallylabeledin a map(Fig. 2(a)),
basedon thefollowing rules:

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

� Game II: PlayerA movesrandomly. PlayerB is meticulouslyfollowing player
A. PlayerC movesrandomly. PlayerD is meticulouslyfollowing playerC.

� Game III: All four players,A, B , C andD, move randomly.

A followermovesrandomlyuntil it lies on thesamepathof its target,andafterthatit tries
to reachthe targetby following the target's direction. The initial positionsandspeedsof
playersarerandomlygenerated.Theobservationof anindividual playeris its motiontra-
jectoryin theform of a sequenceof positions,(x1; y1); (x2; y2) � � � (x t ; yt ), eachof which
belongsto oneof 20 predeterminedpathsin the map. Therefore,we setNS = 20. The
numberof teamstatesis set to NG = 5. In experiments,we found that the �nal results
werenot sensitive to the speci�c numberof teamstatesfor this datasetin a wide range.
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Figure3: In�uence valueswith respectto theEM iterationsin differentgames.

Thelengthof eachgamesequenceis T = 2000frames.EM iterationswerestoppedonce
therelative differencein thegloballog likelihoodwaslessthan2%.

Fig. 3 shows thelearnedin�uence valuefor eachof thefour playersin thedifferentgames
with respectto thenumberof EM iterations.We canseethatfor Game I , playerA is the
leaderplayerbasedon thede�ned rules. The�nal learnedin�uence valuefor playerA is
almost1, while thein�uence for therestthreeplayersarealmost0. For Game II , player
A andplayerC areboth leadersbasedon thede�ned rules. The learnedin�uence values
for playerA andC areindeedcloseto 0:5, which indicatesthey have similar in�uence on
theteam.For Game III , thefour playersaremoving randomly, andthelearnedin�uence
valuesarearound0:25, which indicatesthatall playershavesimilar in�uence on theteam.
Theresultson thesetoy datasuggestthatour modelis capableof learningsensiblevalues
for f � i g, in goodagreementwith theconceptof in�uence wehave describedbefore.

5 Experimentson Meeting Data

As anapplicationof thetwo-level in�uence model,we investigatethein�uence of partici-
pantsin meetings.Status,dominance,andin�uence areimportantconceptsin socialpsy-
chologyfor which our modelcouldbeparticularlysuitablein a (dynamic)conversational
setting[8]. We useda public meetingcorpus(availableat http://mmm.idiap.ch ),
which consistsof 30 � ve-minutefour-participantmeetingscollectedin a room equipped
with synchronizedmulti-channelaudioandvideorecorders[12]. A snapshotof themeet-
ing is shown in Fig. 2 (b). Thesemeetingshave pre-de�nedtopicsandanactionagenda,
designedto ensurediscussionsandmonologues.Manualspeechtranscriptsarealsoavail-
able. We �rst describehow we manuallycollectedin�uence judgements,andtheperfor-
mancemeasurewe used. We thenreportour resultsusingaudioand languagefeatures,
comparedwith simplebaselinemethods.

5.1 Manually Labeling In�uence Valuesand the PerformanceMeasure

Themanualannotationof in�uence of meetingparticipantsis to somedegreea subjective
task,asa de�nite ground-truthdoesnot exist. In our case,eachmeetingwaslabeledby
threeindependentannotatorswho hadno accessto any informationabouttheparticipants
(e.g. job titles andnames).This wasenforcedto avoid any biasbasedon prior knowledge
of themeetingparticipants(e.g.astudentwouldprobablyassigna largein�uence valueto
hissupervisor).After watchinganentiremeeting,thethreeannotatorswereaskedto assign
a probability-basedvalue(rangingfrom 0 to 1, all addingup to 1) to meetingparticipants,
whichindicatedtheir in�uence in themeeting(Fig. 5(b-d)).Fromthethreeannotations,we
computedthepairwiseKappastatistics[7], acommonlyusedmeasurefor inter-rateagree-
ment. TheobtainedpairwiseKapparangesbetween0:68 and0:72, which demonstratesa
goodagreementamongthedifferentannotators.We estimatedtheground-truthin�uence
valuesby averagingtheresultsfrom thethreeannotators(Fig. 5(a)).

We use Kullback-Leibler (KL) divergenceto evaluate the results. For the j th meet-
ing, given an automaticallydeterminedin�uence distribution ~P(Q), and the ground
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Figure4: Illustration of statesequencesusingaudioand languagefeaturesrespectively:
Using audio,therearetwo states:speakingandsilence. Using language,the numberof
statesequalsPLSAtopicsplusonesilencestate.

truth in�uence distribution P(Q), the KL divergence is given by: D j ( ~PkP) =
P N

i =1
~P(Q = i ) log2

~P (Q= i )
P (Q= i ) , whereN is thenumberof participants.ThesmallerD j , the

bettertheperformance(if ~P = P ) D j = 0). NotethatKL divergenceis not symmetric.
We calculatethe averageKL divergencefor all the meetings:D = 1

M

P M
j =1 D j ( ~PkP),

whereM is thenumberof meetings.

5.2 Audio and LanguageFeatures

We �rst extractaudiofeaturesusefulto detectspeakingturnsin conversations.We com-
putetheSRP-PHAT measureusingthesignalsfrom a 8-microphonearray[12], which is
a continuousvalueindicatingthe speechactivity from a particularparticipant. We usea
Gaussianemissionprobability, andsetNS = 2, eachstatecorrespondingto speakingand
non-speaking(silence),respectively (Fig. 4).

Additionally, languagefeatureswereextractedfrom manualtranscripts.After removing
stopwords, the meetingcorpuscontains2175uniqueterms. We thenemployed proba-
bilistic latentsemanticanalysis(PLSA) [9], which is a languagemodelthatprojectsdoc-
umentsin thehigh-dimensionalbag-of-wordsspaceinto a topic-basedspaceof lower di-
mension. Eachdimensionin this new spacerepresentsa “topic”, andeachdocumentis
representedasa mixtureof topics. In our case,a documentcorrespondsto onespeechut-
terance(ts; te; w1w2 � � � wk ), wherets is thestarttime,te is theendtime,andw1w2 � � � wk
is a sequenceof words. PLSA is thususedasa featureextractor that could potentially
capture“topic turns” in meetings.

WeembeddedPLSAinto ourmodelby treatingthestatesof individualplayersasinstances
of PLSAtopics(similar to [5]). Therefore,thePLSAmodeldeterminestheemissionprob-
ability in Eq. 5. We repeatthePLSA topic within thesameutterance(t s � t � te). The
topic for thesilencesegmentswassetto 0 (Fig. 4). We canseethatusingaudio-onlyfea-
turescanbeseenasa specialcaseof usinglanguagefeatures,by usingonly onetopic in
thePLSA model(i.e., all utterancesbelongto thesametopic). We set10 topicsin PLSA
(NS = 10), andsetNG = 5 usingsimplereasonablea priori knowledge. EM iterations
werestoppedoncetherelativedifferencein thegloballog likelihoodwaslessthan2%.

5.3 Resultsand Discussions

We compareour modelwith a methodbasedon thespeakinglength(how muchtime each
of the participantsspeaks). In this case,the in�uence value of a meetingparticipantis
de�ned to beproportionalto his speakinglength:P(Q = i ) = L i =

P N
i =1 L i , whereL i is

thespeakinglengthof participanti . As a secondbaselinemodel,we randomlygenerated
1000combinationsof in�uence values(undertheconstraintthatthesumof thefour values
equals1), andreporttheaverageperformance.

Theresultsareshown in Table1 (left) andFig. 5(e-h). We canseethat the resultsof the
threemethods:model+ language,model+ audio,andspeaking-length(Fig. 5 (e-g))are
signi�cantly betterthantheresultof randomization(Fig. 5 (h)). Using languagefeatures
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Figure 5: In�uence valuesof the 4 participants(y-axis) in the 30 meetings(x-axis) (a)
ground-truth(averageof thethreehumanannotations:A1; A2; A3). (b) A1 : humananno-
tation1 (c) A2 : humanannotation2 (d) A3 : humanannotation3 (e)ourmodel+ language
(f) ourmodel+ audio(g) speaking-length(h) randomization.

Table1: Resultsonmeetings(“model” denotesthetwo-level in�uence model).
Method KL divergence HumanAnnotation KL divergence

model+ Language 0.106 A i vs. A j 0.090
model+ Audio 0.135 A i vs. A i 0.053
Speakinglength 0.226 A i vs. GT 0.037
Randomization 0.863

with our modelachievesthebestperformance.Our model(usingeitheraudioor language
features)outperformsthe speaking-lengthbasedmethod,which suggeststhat the learned
in�uencedistributionsarein betteraccordancewith thein�uencedistributionsfrom human
judgements.As shown in Fig. 4, usingaudiofeaturescanbeseenasaspecialcaseof using
languagefeatures.Weuselanguagefeaturesto capture“topic turns”by factorizingthetwo
states:“speaking,silence”into morestates:“topic1, topic2, ..., silence”. We canseethat
theresultusinglanguagefeaturesis betterthanthatusingaudiofeatures.In otherwords,
comparedwith “speakingturns”, “topic turns” improvestheperformanceof our modelto
learnthein�uence of participantsin meetings.

It is interestingto look at the KL divergencebetweenany pair of the threehumananno-
tations(A i vs. A j ), any oneagainst the averageof the others(A i vs. A i ), andany one
against the ground-truth(A i vs. GT). The averageresultsareshown in Table1 (right).
We canseethat the resultof “A i vs. GT” is the best,which is reasonablesince“GT” is
theaverageof A1, A2, andA3. Fig. 6(a)shows thehistogramof KL divergencebetween
any pair of humanannotationsfor the 30 meetings.The histogramhasa distribution of
� = 0:09; � = 0:11. We canseethat the resultsof our model(language:0:106, audio:
0:135) areverycloseto themean(� = 0:09), whichindicatesthatourmodelis comparable
to humanperformance.

With ourmodel,wecancalculatethecumulativein�uenceof eachmeetingparticipantover
time. Fig. 6(b) shows suchan exampleusingthe two-level in�uence modelwith audio
features.We canseethat the cumulative in�uence is relatedto the meetingagenda:The
meetingstartswith themonologueof person1(monologue1).Thein�uence of person1is
almost1, while thein�uencesof theotherpersonsarenearly0. Whenfour participantsare
involvedin adiscussion,thein�uence of person1decreases,andthein�uencesof theother
threepersonsincrease.The in�uence of person4increasesquickly during monologue4.
The�nal in�uence of participantsbecomesstablein theseconddiscussion.
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Figure 6: (a) Histogramof KL divergencebetweenany pair of the humanannotations
(A i vs. A j ) for the 30 meetings.(b) The evolution of cumulative in�uence over time (5
minutes).Thedottedverticallinesindicatetheprede�nedmeetingagenda.

6 Conclusions
Wehavepresentedatwo-level in�uencemodelthatlearnsthein�uenceof all playerswithin
a team.Themodelhasa two-level structure:individual-level andgroup-level. Individual
level modelsactionsof individual playersandgroup-level modelsthe groupasa whole.
Experimentsonsyntheticmulti-playergamesandamulti-partymeetingcorpusshowedthe
effectivenessof the proposedmodel. More generally, we anticipatethat our approachto
multi-level in�uence modelingmayprovide a meansfor analyzinga wide rangeof social
dynamicsto infer patternsof emergentgroupbehaviors.
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