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Abstract

We use “nearly sound” logical constraintsto in-
fer hidden statesof relational processes.We in-
troduce a simple-transitioncost model, which is
parameterizethy weightedconstraintsanda state-
transitioncost. Inferencefor this model,i.e. nd-
ing a minimum-coststatesequencereducesto a
single-stateminimization (SSM) problem. For re-
lational Horn constraints,we give a practical ap-
proachto SSM basedon logical reasoningand
boundedsearchWe presentalearningmethodthat
discovers relational constraintsusing CLAUDIEN
[De RaedtandDehaspel997 andthentunestheir
weightsusingperceptrorupdates.Experimentsn
relationalvideointerpretatiorshav thatourlearned
modelsimprove on a variety of competitors.

1 Intr oduction

We considerhidden-staténferencefrom the obsenationsof
relationalprocessesi.e. processesvherestatesand obser
vationsare describedby propertiesof and relationsamong
objects(e.g. peopleandblocks). To dealwith the enormous
stateand obsenation spacesyve utilize “nearly-sound”(i.e.
rarely violated) logical constraintson the statesand obser
vations. Suchconstraintsanoften be acquiredvia machine
learningand/ora humanexpert,andwe give a framework for
combiningthemfor relationalsequentiainference.

We introducethe simple-transition cost model (in Sec-
tion 3), which is parameterizedy a set of weightedlog-
ical constraintsand a state-transitioncost. The cost of a
statesequencaiven an obsenation sequencas the weight
of unsatis edconstraintglus a transitioncostfor eachstate
change. Sequentiainferencecorrespondso computingthe
minimum-coststatesequence Herewe studyboth learning
andinferencefor this model.

First,in Section4, we (ef ciently) reducesequentiainfer-
enceto a single-stataninimization(SSM) problem.We then
shaw, in Sections and6, how to leveragenearly-soundela-
tional Horn constraintdn orderto computeSSM with prac-
tical efciency. We also study the possibility of exploiting
ef cient SSMin richermodels.We shaw thatfor asimpleen-
richmentto our model,thereis no ef cient reductionunless
P=NP In Section7, we discusdearninga relationalsimple-
transitionmodel using the logical discosery engine CLAU-
DIEN [De RaedtandDehaspe]l997 andavariantof Collins'

generalizegerceptroralgorithm[Collins, 2004. Finally, in

Section8, we evaluateour approachin a relationalvideo-
interpretatiordomain.Ourlearnednodelsmprove ontheac-
curag of anexisting trainablesystemandanapproactbased
on moremainstreamapproximateénference.

2 Problem Setup

For simplicity, we describeour problemsetupandapproach
for propositional(ratherthanrelational)processesyherein
the spirit of dynamicBayesiannetworks (DBNs) [Murphy,
2003, statesaredescribedy a x edsetof variables.In Sec-
tion 6, we extendto therelationalsetting.

A sequentiaprocesss atriple (X;Y; P), wherethe ob-
Servation space X and state space Y are setsthat contain
all possibleobsenrationsandstates. P is a probability dis-
tribution over the spaceof nite sequencesonstructedrom
membersf X £ Y. Eachsuchsequenceontainsa pair of
an observation sequence (o-sequence) anda state sequence
(s-sequence). For a sequenceQ = (qu;:::;0r), we let
j - We will useuppercaséor se-
quencesandlowercasdor singlestatesandobsenrations. A
processs propositional whenits statesarerepresentedsing
a setof n state variables over the nite domainDys, yielding
Y = (Ds)". Thevalueof thei'th variablein states is de-
notedby s(). We will not needto assumea representation
for obserationsuntil Section6

We assumethat the utility of an inferred s-sequence
S primarily derives from the sequenceof distinct states,
rather than identifying the exact state transition points.
Let CoMPRESS(S) denotethe sequenceobtainedby re-
maoving consecutie repetitions in  S. For example,
COMPRESS(a; a;a; b;b;a;c;c) = a;b;a;c. Our empirical
goalis to mapano-sequence® to ans-sequenc8 suchthat
CoMPRESS(S) is the distinct sequencef statesthat gener
atedO. Indeed,in our video domain,the exactlocationsof
statetransitionsareoftenambiguougasjudgedby a human)
andunimportantfor recognizingactvity—e.g. in Figurel it
is unimportanto know exactly wherethetransitionoccurs.
Example1. Theprocessn ourvideo-interpetationdomain
correspondgo a hand playing with blocks. Figure 1 shows
key frameswhere a hand picks up a red blodk from a green
blok. Thegoalis to observethe video and theninfer the
underlyingforce-dynamicstatesdescribingthe supportrela-
tionsamongobjects. Statesare representedas setsof force-
dynamicfacts, suc as ATTACHED(HAND; RED). Observa-
tionsare representeds setsof low-level numericfacts,sud



Figure 1: Key framesin a video segmentshaving a handpicking up a red block from a greenblock. The objecttracker's outputis
shawn by the polygons. The video segmenthastwo distinct force-dynamicstatesgiven by: f GROUNDED(HAND); GROUNDED(GREEN);
CONTACTS(GREEN; RED)g (framesl and 3) andf GROUNDED(HAND); GROUNDED(GREEN); ATTACHED(HAND; RED)g (frames14 and
20). Thetransitionoccursbetweerframes3 and14. SeeExample2 regardingthe predicateSSROUNDED, CONTACTS, andATTACHED.

as DISTANCE(GREEN; RED) = 3, that are derivedfrom an
objecttracker's noisyoutput. For a xed setof objects,the
processcan be representedoropositionally with a variable
for eadh possiblefact. Howerer, our systenmusthandleany
numberof objects requiringa relational procesgepresenta-
tion describedn Sectiorg.

3 The Simple-Transition Cost Model

Our framework utilizes an additive conditional cost model
C(SjO) to representhe costof labelingo-sequenc®;.t by
s-sequenc8;.t

C(S1:7jOw7) = Ca(sijoi) +

1<i<T

Ci(si;si-1) (1)

1<i <T

with real-valuedatemporal-cost andtransition-cost functions
Ca. and C,;. This is the cost cost model implicit in (con-
ditional) hiddenMarkov models(HMMs). Ca(sijoi) is the
costof labelingo; by states;, andCi(si;si—1) is the costof
transitioningfrom states;; 1 to s;. As in [Lafferty et al.,
2001], our work extendsto C,'s with “non-local” obsera-
tion dependenciesSequentialnferenceinvolvescomputing
arg min Syt C(Sl;Tjol;T) for agivenOl;T .

C(S1:7jOuw:1) is a simple-transition model (STM) with pa-
rametershC,;Ki if the atemporal-costunctionis C, and
Ci(si;si—1)= K&(s 6 si_1),whereK isareal,and+(p) = 1
if p is true else0. This model chagesan equal cost for
all statetransitions,even thoughgenerallysometransitions
typesare more likely than others. If this likelihood infor-
mationis critical for inference thenan STM alonewill not
sufce. However, we believe that thereare interestingpro-
cessewhereaccuratenferencedoesnot requireexploiting
non-simpletransitionstructure. For example,in our video
domain,stategersistfor mary obserationsandcanbereli-
ably inferred by integratingjust thoseobsenations, without
consideringtransitiontype. For suchprocessest is impor
tant to study simple but sufcient models,as therecanbe
considerableomputationabdwantages.

4 Inferencefor Simple-Transition Models

Viewing anSTM asanHMM we canapplythe Viterbi algo-
rithm [Forney, 1973 to computea minimum-costs-sequence
Syt in O(T ¢jYj?) time. In fact, by leveragingthe simple-
transitionstructure Viterbi canbeimprovedto O(T ¢2 ¢jY j)
time. However, thesealgorithmsareimpracticalfor ussince
they are exponentialin the numberof statevariablesn (i.e.
iYj = jDsj™), which will typically be large for our re-
lational processes. Likewise, for STMs, general-purpose

graphical-modelingechniquessuchas variable elimination
andjunction-treealgorithmsareexponentialin n (i.e. thein-
ducedtreewidth [Dechter 1999 is linearin n).

Reduction to SSM. Sequentialinferencefor an STM
hK ; C,i reducego the single-state minimization (SSM) prob-
lem, which is ge ned as computing the SSM function
YOyj) = mins . ; Ca(sjoi). The SSM function gives
the minimum cost of labeling Oy;; by a single state (i.e.
no statetransitions). For an o-sequenceéD;.t+ we denote
the minimum cost over all s-sequencess C°(O1.7) =
mins, ; C(S1.7jO1.7). For STMs, C?(Oy.7) can be ex-
pressedn termsof %asfollows (for proof seeFern[2004).

C*(Our) = Jin [C7(Oxj) + K ¢x(j > 0) + %Oj+1: 7)] (2)

Equation2 minimizesover j, wherej + 1 is viewed as
the nal state-transitiorpoint. The minimum cost over s-
sequencesvith nal transitionj + 1 equalsthe minimum-
costsequencepto j, plusatransitioncostK (unlesg =0),
plusthe SSMcostfor theremainingsufx (notransitionsoc-
cur afterj). This decompositionis possiblebecauseSTMs
weighall transitiontypesequally decouplingthe minimiza-
tion problemsheforeandafterj .

Equation2 yields an ef cient reductionto SSM basedon
dynamic programming,which we call the SSM-DP algo-
rithm. SimplycomputeC®(Oy;j ) intheorderj =1;2;:::;T
for a total of T? SSM computations. It is straightfor
wardto storeinformationfor extractingthe minimum-costs-
sequencewhich we denoteby SSM-DRO1.7; %K ). Thus,
efcient SSMcomputationmpliesef cient sequentialnfer-
encefor STMs. Thecomplity of SSMdependon the par
ticular representatiomsedfor C,. In Section5, we lever
agenearly-soundogical constraintgo provide practicallyef-
cient SSM.

ThoughSSM-DPprovidesthe potentialfor handlinglarge
statespacesa naive implementatiorrequiresT 2 SSM com-
putations,which is often unacceptable. However, signif-
icant and sound pruning of the computationis possible—
e.g. in Equation2, ignoreary j whenak exists suchthat
C(S1:kjO1:k) - C(S1jjOi;j) + ¥Oj+1: «). In ourapplication,
pruningreduceshe empiricalnumberof SSM computations
to O(T). SeeFern[2004 for details.

Suf cient SSM Computation. In practicewe do notneed
exactSSMfor all o-sequenceskatherwe needonly to com-
putea sufcient SSMapproximationde ned belav. Oy is
a critical o-sequence of processP if for someo-sequence
dravn from P, Oy is a maximal subsequencgenerated
by a single state. Let ¥ be the SSM function for an STM



that accuratelypredictss-sequencesf P. We say ¥ is a
suffi cient SSM agpproximation to ¥ for P if both 1) for all
o-sequence®;.1, ¥O1.7) - ¥(O1.7), and2) (0% =
%{Q0) for ary critical o-sequenc®® of P. It canbe shavn
thatfor o-sequencedravn from P, SSM-DRO1.7; %K) =
SSM-DROy.1; ¥; K ). Thuswe canachiee accuratenfer-
enceusing¥4. In Section5 we shov how to ef ciently com-
putesuchanapproximation.

Non-Simple Models. Givenourfocuson SSMit is natu-
ral to consideref cient SSMreductiongor non-simplemod-
els. Intuitively, if a model distinguishesbetweendifferent
transitiontypes,we may needto considerstatesotherthan
just SSM solutions(like Viterbi but unlike SSM-DP),possi-
bly resultingin exponentiabehaior in n evengivenef cient
SSM. Below we shawv thatan ef cient reductionis unlikely
for amodestextensionto STMs, giving a boundarybetween
ef cient andinef cient modelsunderef cient SSM.

We extend STMs by allowing the modelto assignhigher
coststo transitionswvheremorestatevariableschangeunlike
STMswhich canonly detectwhethera changeoccurred. A
costmodelC, with atemporabompqpenca, is a counting-
transition mode! if Ci(si;si 1) = K ¢ _ _ s 6 s))),
i.e. transitioncostis linearin the countof propositionsthat
change. We say C allows effi cient SSM if the SSM func-
tion for C, is computablen time polynomialin its input o-
sequencaizeandnumberof statevariables.

Theorem1l. Givenasinputa counting-tansitionmodelC,

an observationsequencé, and a costbound,,, the prob-
lemof decidingwhetherC®(O;.7) < ¢, is NP-completeeven
undertheassumptiorthat C allowsefcient SSM.

Proof: (sketch)SeeFern[2004 for full proof. Inferencein

2-dgrid Pottsmodelsaclassof Markov randomelds, is NP-

hard[Veksler 1999. We rst give a non-trivial extensionof

this resultto the smallerclassof 2-d grid Pottsmodelswith

equally weighted“horizontal edges”. Next, we reducethis
problemto counting-transitiormodelinference. Intuitively,

the statevariablesattime i representhe Pottsmodelnodes
in columni. Finally, we shav that the constructedmodel
allows ef cient SSMvia variableelimination. 2

5 Constraint-BasedSSM

We now give aconstraint-basecdepresentatiofor atemporal-
cost functions and study the correspondingSSM problem.
For simplicity, we assumehatstateshave n binarystatevari-
ables,i.e. Dg = ftrue ;falseg. We alsoassumea setof m
binary observation tests, eachone mappingobsenationsto
ftrue ;falseg. Non-binaryextensionsarestraightforvard.
Propositional Horn Constraints. A propositional Horn
constraint A is a logical implication (body! head, where
bodyis a conjunctionof statevariablesandobsenationtests,
andheadis a statevariableor false. Givenanobsenationo
andstates, we let A[o] (As]) denotetheresultof substituting
obsenation tests(statevariables)in A with the truth values
undero (unders). If a constrainthasno variablesthenit is
interpretedasthe truth value of the variable-freeexpression.
Thus, A[o][s] is the truth value of A undero ands, andwe
saythato ands satisfy A iff Alo][s| is true . A setof Horn
constraintgs satisfi able iff thereexists a stateand obsena-
tion thatjointly satisfyeachconstraint.For hornconstraints,
testing satis ability and nding satisfying assignmentsre
polynomial-timecomputabld Papadimitriou,1995.

Constraint-Based Cost Functions. We parameterizean
atemporal-costunction using a set of weightedHorn con-
straints® = fhA¢; cii;:::;PA;; ¢/ig, with Horn constraints
A andnon-ngative weightsc; representinghe costof vi-
olating A;. The non-ne@ativity requirementwill be impor-
tant for inference. The sum of costsin & is denotedby
CosT(®) andwe say ® is satis ableif its setof constraints
js satis able. Atemporalcostis de ned as Ca(sjo;©) =

(Ac)eo © ¢x(: Alo][s]), i.e. thetotal costof unsatis edcon-
straints.In thiswork, we will assuméhat® contains‘nearly
sound” constraints meaningthat eachconstraintis usually
satis ed by the state/obsemtion pairsgeneratedy our pro-
cess. Our primarily non-theoreticagoalsdo not requirea
formal notionof nearlysound(e.g. PAC).

Given @ andano-sequenc®y;gwe dedie the combined
constraint set as j( Oyj;©) = 1<i<i (acyeoPAlOILCE
which involves only statevariablesand capturesall of the
stateconstraints'implied” by ® andO,;;. The SSM func-
tion for C, is now givenby

X
¥01jj©) = msin Ca(sjoi; ©) (3)

1<ig

min c ¢x(: Als]) 4)
S
(Aic)ei( 01:5;©)

which is equivalent to solving maximum satisfi ability
(MAX-SAT) [Jiangetal., 1999 for I'(Oy; ; ), whereMAX-
SAT asksfor ans suchthattheweightof satis ed constraints
is maximum. While the numberof SSM variablesis x ed,
theconstrainsetgrons with sequencéength. Fortunatelyin
practicewe cansigni cantly reducethis setby pruningand
meiging. PRUNE(®) containamembersf ® thatdo nothave
false in the constraints body MERGE(®) combineslogi-
cally equivalentmembersof ® into one constraintby sum-
ming weights. MAX-SAT solutionsareinvariantunderboth
operatorsThus,we solve SSMvia MAX-SAT for thesmaller
constrain® (O4;j ; ®) = MERGE(PRUNE(I'(Oq;j ; ®))).

A Dual MAX-SAT Approach. MAX-SAT is NP-hard
even for Horn constraints[Jaumardand Simeone, 1987.
Ratherthanusegeneral-purposapproximategechniqueswe
give a MAX-SAT approachthat leveragesour setting of
nearly-soundHorn constraints.Let ¥a= I'°(Oq; ; ) andII
be the setcontainingall satis able subsetof ¥4 An equiv-
alentdual form of Equation4 is ¥{O4.jj®) = CosT(¥) j
maxypp! CosT(¥4), which asksfor a maximum-costmem-
ber of II. This motivates the following MAX-SAT ap-
proachthat searcheghrough constraintsubsetsratherthan
thanvariableassignmentsConducta cost-sensitie breadth-
rst searchthroughsubset®of Yafor a satis ablesubset—i.e.
starting at ¥4 consider¥ subsetdn order of non-increasing
costuntil nding asatis ableone.Any satisfyingassignment
for this setis a MAX-SAT solutionprovided all weightsare
non-ngative. For negative weightsa satisfyingassignment
for a consistentonstraintsetmay not be a MAX-SAT solu-
tion. Althoughwe canalwaysreplacea negatively weighted
constrainthA;ci by h: A;j ci, : Amaynotbehorn, possibly
makingSAT hard.Hencewe requirenon-ngative weights.

Sincetestingsatis ability is ef cient for Horn constraints,

thetime requiredby the dualapproachprimarily dependson
the numberof searchnodeswe consider This numberis



Table 1: Force-dynamicstatepredicatesRs (top) and obsenation
predicateRR, (bottom)for our application.

ATTACHED(X; Y)
GROUNDED(X)
CONTACTS(X; y)

X supportsy by attachment
supportof x is unknavn
X supportsy by contact

DIRECTION(X,d) x is moving in directiond

SPEED(X,S) x'sspeeds s
ELEVATION(X,e) x'selevationise
MORPH(X,C) x's shape-changgctoris ¢

DISTANCE(X,y,d)
¢ DisT(X,y,dd)
COMPASS(X,Y,C)
ANGLE(X,Yy,a)

distancebetweerx andy is d
changen distances dd
compassglirectionofy tox isc
anglebetweerx andy is a

boundedy thenumberof subset®f Ythathave acostgreater
than¥{O1; j®), which canbe exponentiallylarge. Thus,we
computeanapproximatior## to ¥%by rst searchinghrough
subsetof ¥ for a maximumof ¢, steps. We returna solu-
tion if oneis found and otherwisereturnan upperboundto
¥404;j j®) resultingfrom a greedyhill-climbing search.
Though¥# will notbecorrectfor all inputs,we know from
Sectiond4, thatit needonly be a sufcient approximationto
guaranteeorrectsequentiainference.Whenour constraints
arenearlysound, ¥ will tendto be sufcient evenfor small
¢ Thatis, ¥% will equal¥afor critical o-sequencesRecall
thatwhenOg;j is a critical o-sequencé mustbe generated
by a single states. Thus,s will satisfy mostconstraintsn
I'"(Oy;j ; ) andour searcmeedonly remove asmallnumber
of constraintqthe unsatis edones)to nd a satis ablesub-
set.In addition,asdescribedn thefull paperthe M ERGE op-
erationtendsto placehighweightonthesatis edconstraints,
which oftenleadsin removing unsatis edconstraintsrst.

6 Extendingto Relational Processes

In thespirit of knowledge-basenodelconstructiorf Wellman
et al., 1994, we extendto relational processedy compil-
ing “relationalschemas'o propositionaimodelsandusethe
ideasfrom previoussections.

Relational Processes.A process(X;Y;P) is relational
whenthe obsenationandstatespacesX andY aregivenby
specifyinga domainset of objectsD, a state-predicatset
Rs, andan obsenration-featuresetF,, eachhaving a speci-
ed numberof arguments.An observation fact hastheform
“f =v”, wheref is anobsenationfeatureappliedto objects
andv isanumber A statefact is apredicatefrom Rs applied
to objects. SeeExamplel for examplefactsfrom our video
domain. Obsenations(states)are nite setsof obsenation
(state)facts,representingll thefactsthataretrue,andX (Y)
containsall suchsets.Statesarerestrictedo only involve ob-
jectsthatappeaiin the correspondingbsenration. We often
view relationalstatesaspropositional Givena nite D%p D,
denoteby Y [D Y the propositionalstatespaceover n binary
variables,one variablefor eachof then = O(jDY%) state
factsinvolving only objectsin D°, whereq is the maximum
state-predicatarity.

Example2. In our videodomainwe infer force-dynamic
state sequencefrom videosof a hand playing with blodks.
D containsall handsand blodks we mightencounter There
are threeforce-dynamicstatepredicatesand eight observa-
tion featues,shownin Table 1. Figure 1 depictstwo distinct
force-dynamicstates. Observationsare setsof observation
factscalculatedfor the objectsand objectpairs basedon the

KAOC=0
repeat M times,
for-eachhO; Si 2 TRN
© A thAy; cii;:: 1 PA; cvig
S A SSM-DRO:; % (¢P); K )
if $6 S,
CA [C+V(50) V(S0)
K A [K + TRans(8) i TRANS(S)]*
return hC; K i

Figure2: GeneralizedPerceptrorPseudocode[C]* = C°
s.t.c® = max(0; ¢ ).

objecttradker output.

Relational Horn Constraints. A stateatomis astatepred-
icateor therelation&” appliedto variables. An observation
atom hastheform “(f, r f,)”, wherer 2 f=;.g , andf; is
a numberor an obsenation featureappliedvariables. A re-
lational Horn constraint hastheform (body! head, where
bodyis a conjunctionof stateand/orobsenation atoms,and
headis a stateatom or false and may only contain vari-
ablesthatappeain body. For example,(DISTANCE(X; Y) -
5)™ (6 - Speedy)) ! ATTACHED(X;Y) is a relational
Horn constraintfor predictingobjectattachmenbasedon an
obsenation. A relationalHorn constraintA is a scheméfor
propositionalconstraints.Any way of (consistentlyyeplac-
ing variablesin A with objectsgivesa (propositional)ground
instance of A. Given a setof objectsD? GRouND(A;D?)
containsall groundinstancesvith only objectsin D°.

Relational Cost Models. A réelational simple-transition
model is a pair h®; K i, with transition-costK and non-
negatively weighted relational Horn constraints @ =
fhAg; cii; i1 PAy; ¢yig. Givenarelationalo-sequenc®s.1
with objectsD°, we know that statesmay only involve facts
constructedrom D°, and thus we needonly considerthe
propositional state spaceY[DY. To infer an s-sequence
over ¥[DY we use the set of propositional constraints

P=  (Ac)eo  A%eGROUND(4p o DA ¢ t0 de ne anatempo-
ral costfunctionC, (sjo; ®,,) asin Section5. We thenreturn
the lowest-costS;.t given by SSM-DROq.1; ¥% (¢f); K ),
where¥ (01 j®) = ¥ (04 jPp) is arelationalSSMfunc-
tion with searchbound¢,. Thatis ¥ is computedoy compi-
lationto a propositionalSSMfunction¥# andthenusingour
bounded-searctiual MAX-SAT approach.

A naie implementatiorof this approactcanbe expensve
since®, canbelarge. Fortunatelyin practice,our relational
representatioallows usto avoid constructingnostof theset.
We useefcient forward-chaininglogical inferenceto con-
structI*(Oy.1; ®p), theinputto MAX-SAT, without explic-
itly constructingb,. Spaceconstraintgprecludedetails.

7 Learning a Relational STM

We learn relational STMs by rst running the relational
learnerCLAUDIEN [De RaedtandDehaspel997 onatrain-
ing setof labeledo-sequencesgcquiring“nearly sound’re-
lationalHorn constraintghataresatis edby thetrainingdata
(producing300-400constraintfor our domain).Next, using
anew training setwe jointly tunethe constraintweightsand
transition-costK using a variant of Collins' voted percep-



tronalgorithm[Collins,2004. ThealgorithmextendsRosen-
blatt's perceptrorfor binarylabels[Rosenblatt]1 959 to han-
dle structuredabelssuchassequencesndhascorvergence
andgeneralizatiorpropertiesimilar to Rosenblats.

The algorithm requires representingcost using a lin-
ear combinationof n features,which we do as follows.
Given O;.1 and S;.t involving just objects in the -
nite D% and a relational STM hfhA; cii; @115 A g K,
the violgtion-count feature of Ay is Vi(Owut;Sut) =

1<i<T  A%GROUND(A » o *( A'lai]lsi]), i.e. the number
of unsatis edinstancesof A;. We let V(O..7;S1.1) bethe

v-dimensionalvector of violation-countfeaturesand C =
[c1;::1;¢y] is the weight vector The transition count fea-
ture TRANS(Sy.7 ) is equalto the numberof statetransitions
in S;.r. Thesev + 1 featuresrepresenthe STM cost as
C(S1:7jO1:1) = V(O1:7;S1:1) ¢C + TRANS(S1:7) ¢K .

The algorithm (seeFigure 2) cyclesthroughthe training
dataandwhenanincorrects-sequenc® is inferredin place

of S, the weightsareadjustedto increasecostfor S andde-
creasecostfor S. Theinputis atrainingsetTRN, relational
Horn constraintd A :: :; Ayg, anSSMsearchbound¢,, and
thenumbemM of iterations.Theoutputis thelearnedwveights

C andtransitioncostK . Ideally we want this STM to al-

low for accuratesequentiainferencewhenusingthe search-
boundedrelationalSSM function % . Unlike Collins we re-

quire non-ngative weightsfor inference. Thus, we seta

weight to zeroif a normal perceptronupdatewould result
in a negative value. This varianthasnot yet beenshavn to

possesshe convergenceandgeneralizatiorpropertiesof the
unconstrainedersion. However, this variantof Rosenblats

perceptrorhasbeenshavn to corverge [Amit etal., 1989.

8 Experimental Results

We applyourtechniqueo force-dynamicstateinferencefrom
realvideo. The LEONARD system[Siskind,2001] usesthese
statedo recognizeavents,suchas“a handpickedup ablock”
(seeFigure 1). Recently[Fern and Givan, 2004 devel-
opeda trainablesystemfor this problemusingthe forward
greedy merge (FGM) algorithm, which outperformedprior
techniquesFGM alsoutilizes Horn constraintsput assumes
that they are sound,ratherthannearly sound. Sincethis is
nottrue for CLAUDIEN-learnedconstraintswhich werealso
usedby FGM, that work utilized two stepsto improve per
formance: 1) Constraint pruning yields a much smallerbut
(hopefully)“suf cient” constrainset,reducingthe chanceof
constraintviolations. 2) Sequence-cleaning preprocessing is
anad-hocstepthatremoresobsenationswhereconstrainvi-
olationsare “detected”. See[Fernand Givan, 2004 for de-
tails. While thesestepsallowed for good performancethe
soundnesassumptiorimits the approacths applicability, as
suchpreprocessingvill not always be effective. The moti-
vationfor thework in this paperwasto developa “softened”
morerobustframawvork for utilizing nearly-sounaonstraints.
Procedure. Ourcorpusof 210videosfrom [Siskind,2003
contains7 event types (30 movies each)involving a hand
playing with up to threeblocks (e.g. assemblinga tower).
We usethe hand-labeledraining setsof size 14 (TRN-14)
and21 (TRN-21)from [FernandGivan,2004. Theremain-
ing videosarelabeledwith theircompressed-sequenceghe
outputof CoMPRESS), which s thelabelwe wish to predict.

For eachtrainingset,we learnrelationalSTMsfor threeSSM
searctbounds¢, = 0; 100; 1000. Seventraininginstancesre
usedby CLAUDIEN to acquireconstraintandthe perceptron
algorithmis runfor 100iterationsontheremaininginstances.
We evaluateeachiteration's modelaccordingo the % of test
videosfor which SSM-DPS compressethferreds-sequence
is correct(usingthe same, asfor learning).

We compareagpinstFGM usedwith anwithout sequence
cleaningandalwayswith pruning.We alsocompareagainsta
systemthatis closerto mainstreangraphicalmodelingtech-
nigues,which usesthe counting-transitiormodel of Section
4, and WALKMAXSAT [Jianget al., 1995 for approximate
inference.The modelis identicalto our relationalSTMs, us-
ing the sameCLAUDIEN-learnedconstraints,exceptthat it
hasanon-simpldransitionstructure For sequentiainference
we constructa singlelarge MAX-SAT problemcorrespond-
ing to thetransition-countingnodelanduseWALKMAX SAT
to nd anapproximatesolution.We tunethemodelsweights
usingthe perceptroralgorithmwith WALKMAXSAT (rather
thanSSM-DP)for inference.

Performance Acrosslterations. Table2 shaows, for each
training set, the testingerror of our learnedSTMs for ¢, =
0; 100; 1000 (shovn asSSM-DPg,)), overthe rst eightper
ceptroniterations.Thereis alwaysa rapidimprovementafter
iterationone,followed by a periodof uctuating or constant
performance.The uctuation continuesout to iteration 100
(not shawn), but never improves over the bestperformance
shawn. In practice ,onecould usecross-alidationto selecta
goodmodel,or consider‘weight averaging”[Collins, 2004.
Note that the best performanceon the smallertraining set
TRN-14is superiorto TRN-21. Our explanationfor this is
thatby usingrelatively smalltraining sets,the resultscanbe
signi cantly affectedby a smallnumberof particularlynoisy
movies (presumablyin TRN-21). Experimentsnot shavn,
provide evidencefor this by trainingon subset®f TRN-211

Bounding Search. The searchbound¢, = 0 meansthat
SSMis (approximately)solved via hill-climbing. Surpris-
ingly we canlearnweightsfor which hill-climbing performs
well. Increasingthe searchbound improves performance
with respectto the bestmodel acrossiterations,particularly
for TRN-14. The last column shaws the framesprocessed
per secondwheninferring statesfor our corpus. Inference
time apparentlydoesnot increasdinearly with ¢, indicating
thatthe SSM searchtypically endmuchbeforereachingthe
bound. Increasing¢, to 10,000,doublesinferencetime, but
neitherimprovesnor hurtsresults.

Other Techniques. We signi cantly outperformWALK-
MaAXxSAT (furtheriterationsdid not help),which we allowed
agenerousearchime, usingsearctcutof 108 with 102 ran-
domrestartgothersettingsdid notimprove). Furtherexper
imentssuggesthat WALKMAXSAT doesnot scalewell for
our problems.Using learnedSTM weightsfor the counting-
transitionmodel, WALKMAXSAT reliably infers corrects-
sequencefor shortvideos,but is very poor for long videos.
WALKMAXSAT gave equallypoorresultswhenusedto learn

'Runtime of CLAUDIEN (interpretedProlog) on TRN-21 was
aboutsix days. Thus, it was not feasibleto averageresultsacross
mary training sets.In anotherfull experiment(21 movies), we ob-
senedsimilar (slightly better)performancéor SSM-DR andsimilar
relative performanceo the othersystems.



Table2: % errorontestmoviesacrosgrainingiterations.ThelastcolumngivesframesprocessegersecondFPS)by thebest

modelin eachrow on ourvideocorpus.

TRN-14 (Iteration)
12 3 4 5 6 7 8

TRN-21 (Iteration)
1 2 3 4 5 6 7 8

FPS

SSM-DP(0)
SSM-DP(100)
SSM-DP(1000)
WALKMAXSAT

94 24 3221212621 26|94 6.3 6.9 5.8 4.8 12 17 3.7| 15
9332262621212121|933.23.73.732102185| 14
9331421611111111|933.23.73.732102185 8
96 46 51 54 50 43 50 58|95 47 50 60 49 50 45 52| 1.4

FGM =FGM+SC| 17=6.3

STMs ratherthancounting-transitiormodels. This suggests

the poor performances primarily dueto the ineffectiveness
of this general-purposenferencetechniquefor our models.
We conjecturethat other approximatetechniquessuch as
(loopy) beliefpropagtionandGibbssamplingwill alsoyield
inferior performancelndeed,Gibbssamplingis very similar
to WALKMAXSAT. Evaluatingthis conjecturés futurework.
FGM without sequenceleaning(shavn asFGM) is anor-
der of magnitudeworsethan STMs (which never useclean-
ing). We signi cantly improve on FGM with sequencelean-
ing (FGM+SC)on TRN-14 andyield equalperformanceon
TRN-21. FGM is faster closeto framerate. A reimplemen-
tationof our LISP prototypewill likely achieve framerate.

9 RelatedWork

Segmentmodels[Ostendorfet al., 1996 subsumeour STM
formulation. We are not aware of prior work that haslever-
agedor notedthe SSMreductionfor large statespacesPer
hapsthis is becauseorior segmentmodelingwork typically
utilizes non-simpletransition structure(perhapssometimes
unnecessarilyandto our knovledgehasnot beenappliedto
large statespaces.

Our“model schema’approactor handlingrelationaldata
is now standardn probabilisticmodeling[De RaedtandKer-
sting,2004. Most closelyrelatedarerelationalMarkov net-
works (RMNSs) [Taskaret al., 2003. A relationalSTM can
be viewed asde ning a log-linearconditionalRMN, where
the RMN “clique featuretemplates’correspondo relational
Horn constraintsand a transitiontemplate. RMNs are very
generalandthusthe existing techniquego not fully exploit
the structureof relational STMs. InsteadRMN-lik e propos-
alsrely on general-purposapproximatenference(e.g. be-
lief propagtion), with unclearpracticalimplications. Lik e-
wise dynamicprobabilisticrelationalmodels[Sanghakt al.,
2003 provide a genericschema-basedpproachspecialized
to relationalsequencealata. Again the generalityprecludes
leveragingthe STM structure.
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