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Abstract
We use “nearly sound” logical constraintsto in-
fer hiddenstatesof relationalprocesses.We in-
troducea simple-transitioncost model, which is
parameterizedby weightedconstraintsanda state-
transitioncost. Inferencefor this model,i.e. �nd-
ing a minimum-coststatesequence,reducesto a
single-stateminimization(SSM) problem. For re-
lational Horn constraints,we give a practicalap-
proach to SSM basedon logical reasoningand
boundedsearch.Wepresenta learningmethodthat
discovers relational constraintsusing CLAUDIEN
[DeRaedtandDehaspe,1997] andthentunestheir
weightsusingperceptronupdates.Experimentsin
relationalvideointerpretationshow thatourlearned
modelsimprove onavarietyof competitors.

1 Intr oduction
We considerhidden-stateinferencefrom theobservationsof
relationalprocesses,i.e. processeswherestatesand obser-
vationsare describedby propertiesof and relationsamong
objects(e.g. peopleandblocks). To dealwith theenormous
stateandobservation spaces,we utilize “nearly-sound”(i.e.
rarely violated) logical constraintson the statesand obser-
vations.Suchconstraintscanoftenbeacquiredvia machine
learningand/orahumanexpert,andwegivea framework for
combiningthemfor relationalsequentialinference.

We introduce the simple-transition cost model (in Sec-
tion 3), which is parameterizedby a set of weightedlog-
ical constraintsand a state-transitioncost. The cost of a
statesequencegiven an observation sequenceis the weight
of unsatis�edconstraintsplusa transitioncostfor eachstate
change.Sequentialinferencecorrespondsto computingthe
minimum-coststatesequence.Herewe studyboth learning
andinferencefor thismodel.

First, in Section4, we (ef�ciently) reducesequentialinfer-
enceto a single-stateminimization(SSM)problem.We then
show, in Sections5 and6, how to leveragenearly-soundrela-
tional Horn constraintsin orderto computeSSM with prac-
tical ef�ciency. We also study the possibility of exploiting
ef�cient SSMin richermodels.Weshow thatfor asimpleen-
richmentto our model,thereis no ef�cient reductionunless
P=NP. In Section7, we discusslearninga relationalsimple-
transitionmodel using the logical discovery engineCLAU-
DIEN [DeRaedtandDehaspe,1997] andavariantof Collins'

generalizedperceptronalgorithm[Collins, 2002]. Finally, in
Section8, we evaluateour approachin a relationalvideo-
interpretationdomain.Ourlearnedmodelsimproveontheac-
curacy of anexisting trainablesystemandanapproachbased
onmoremainstreamapproximateinference.

2 ProblemSetup
For simplicity, we describeour problemsetupandapproach
for propositional(ratherthanrelational)processes,wherein
the spirit of dynamicBayesiannetworks (DBNs) [Murphy,
2002], statesaredescribedby a �x edsetof variables.In Sec-
tion 6, weextendto therelationalsetting.

A sequentialprocessis a triple (X ; Y; P), wherethe ob-
servation space X and state space Y are setsthat contain
all possibleobservationsandstates.P is a probability dis-
tribution over thespaceof �nite sequencesconstructedfrom
membersof X £ Y. Eachsuchsequencecontainsa pair of
an observation sequence (o-sequence) anda state sequence
(s-sequence). For a sequenceQ = (q1; : : : ; qT ), we let
Qi :j = (qi ; : : : ; qj ) for i · j . We will useuppercasefor se-
quencesandlowercasefor singlestatesandobservations. A
processis propositional whenits statesarerepresentedusing
a setof n state variables over the �nite domainD s, yielding
Y = (D s)

n . The valueof the i ' th variablein states is de-
notedby s( i ) . We will not needto assumea representation
for observationsuntil 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) denote the sequenceobtained by re-
moving consecutive repetitions in S. For example,
COMPRESS(a;a;a;b;b;a; c;c) = a;b;a; c. Our empirical
goalis to mapano-sequencesO to ans-sequenceS suchthat
COMPRESS(S) is the distinct sequenceof statesthat gener-
atedO. Indeed,in our video domain,the exact locationsof
statetransitionsareoftenambiguous(asjudgedby a human)
andunimportantfor recognizingactivity—e.g. in Figure1 it
is unimportantto know exactlywherethetransitionoccurs.
Example1. Theprocessin our video-interpretationdomain
correspondsto a handplaying with blocks. Figure 1 shows
key frameswhere a handpicks up a red block from a green
block. The goal is to observethe video and then infer the
underlyingforce-dynamicstates,describingthesupportrela-
tionsamongobjects.Statesare representedassetsof force-
dynamicfacts,such as ATTACHED(HAND; RED). Observa-
tionsare representedassetsof low-level numericfacts,such



Frame1 Frame3 Frame14 Frame21

Figure 1: Key framesin a video segmentshowing a handpicking up a red block from a greenblock. The object tracker's output is
shown by the polygons.The video segmenthastwo distinct force-dynamicstatesgiven by: f GROUNDED(HAND); GROUNDED(GREEN);
CONTACTS(GREEN; RED)g (frames1 and3) andf GROUNDED(HAND); GROUNDED(GREEN); ATTACHED(HAND; RED)g (frames14 and
20). Thetransitionoccursbetweenframes3 and14. SeeExample2 regardingthepredicatesGROUNDED, CONTACTS, andATTACHED.

as DISTANCE(GREEN; RED) = 3, that are derivedfrom an
object tracker's noisyoutput. For a �xed setof objects,the
processcan be representedpropositionallywith a variable
for each possiblefact. However, our systemmusthandleany
numberof objects,requiringa relationalprocessrepresenta-
tion describedin Section6.

3 The Simple-Transition CostModel
Our framework utilizes an additive conditionalcost model
C(SjO) to representthecostof labelingo-sequenceO1:T by
s-sequenceS1:T

C(S1:T jO1:T ) =
X

1≤i ≤T

Ca (si joi ) +
X

1<i ≤T

Ct (si ; si −1) (1)

with real-valuedatemporal-cost andtransition-cost functions
Ca and Ct . This is the cost cost model implicit in (con-
ditional) hiddenMarkov models(HMMs). Ca (si joi ) is the
costof labelingoi by statesi , andCt (si ; si −1) is thecostof
transitioningfrom statesi ¡ 1 to si . As in [Lafferty et al.,
2001], our work extendsto Ca 's with “non-local” observa-
tion dependencies.Sequentialinferenceinvolvescomputing
arg minS1: T C(S1:T jO1:T ) for agivenO1:T .

C(S1:T jO1:T ) is a simple-transition model (STM) with pa-
rametershCa ; K i if the atemporal-costfunction is Ca and
Ct (si ; si −1) = K ¢±(si 6= si −1), whereK is areal,and±(p) = 1
if p is true else 0. This model charges an equal cost for
all statetransitions,even thoughgenerallysometransitions
typesare more likely than others. If this likelihood infor-
mationis critical for inference,thenan STM alonewill not
suf�ce. However, we believe that thereare interestingpro-
cesseswhereaccurateinferencedoesnot requireexploiting
non-simpletransitionstructure. For example, in our video
domain,statespersistfor many observationsandcanbereli-
ably inferredby integratingjust thoseobservations,without
consideringtransitiontype. For suchprocesses,it is impor-
tant to study simple but suf�cient models,as therecan be
considerablecomputationaladvantages.

4 Infer encefor Simple-Transition Models
Viewing anSTM asanHMM we canapplytheViterbi algo-
rithm [Forney, 1973] to computeaminimum-costs-sequence
S1:T in O(T ¢jY j2) time. In fact,by leveragingthesimple-
transitionstructure,Viterbi canbeimprovedto O(T ¢2 ¢jY j)
time. However, thesealgorithmsareimpracticalfor ussince
they areexponentialin the numberof statevariablesn (i.e.
jY j = jD s jn ), which will typically be large for our re-
lational processes. Likewise, for STMs, general-purpose

graphical-modelingtechniquessuchas variableelimination
andjunction-treealgorithmsareexponentialin n (i.e. thein-
ducedtreewidth [Dechter, 1999] is linearin n).

Reduction to SSM. Sequentialinference for an STM
hK ; Ca i reducesto thesingle-state minimization (SSM) prob-
lem, which is de�ned as computing the SSM function
¾(O1: j ) = min s

P
1≤i ≤j Ca (sjoi ). The SSM function gives

the minimum cost of labeling O1:j by a single state (i.e.
no state transitions). For an o-sequenceO1:T we denote
the minimum cost over all s-sequencesas C¤(O1:T ) =
minS1: T C(S1:T jO1:T ). For STMs, C¤(O1:T ) can be ex-
pressedin termsof ¾asfollows (for proof seeFern[2004]).

C∗(O1:T ) = min
0≤j <T

[C∗(O1: j ) + K ¢±(j > 0) + ¾(Oj +1: T )] (2)

Equation2 minimizes over j , where j + 1 is viewed as
the �nal state-transitionpoint. The minimum cost over s-
sequenceswith �nal transitionj + 1 equalsthe minimum-
costsequenceup to j , plusa transitioncostK (unlessj =0),
plustheSSMcostfor theremainingsuf�x (no transitionsoc-
cur after j ). This decompositionis possiblebecauseSTMs
weighall transitiontypesequally, decouplingtheminimiza-
tion problemsbeforeandafterj .

Equation2 yields an ef�cient reductionto SSM basedon
dynamic programming,which we call the SSM-DP algo-
rithm. SimplycomputeC¤(O1:j ) in theorderj = 1; 2; : : : ; T
for a total of T 2 SSM computations. It is straightfor-
wardto storeinformationfor extractingtheminimum-costs-
sequence,which we denoteby SSM-DP(O1:T ; ¾; K ). Thus,
ef�cient SSMcomputationimpliesef�cient sequentialinfer-
encefor STMs. Thecomplexity of SSMdependson thepar-
ticular representationusedfor Ca . In Section5, we lever-
agenearly-soundlogicalconstraintsto providepracticallyef-
�cient SSM.

ThoughSSM-DPprovidesthepotentialfor handlinglarge
statespaces,a naive implementationrequiresT 2 SSMcom-
putations,which is often unacceptable. However, signif-
icant and soundpruning of the computationis possible—
e.g. in Equation2, ignoreany j whena k exists suchthat
C(S1:k jO1:k ) · C(S1: j jOi : j ) + ¾(Oj +1: k ). In our application,
pruningreducestheempiricalnumberof SSMcomputations
to O(T). SeeFern[2004] for details.

Suf�cient SSMComputation. In practicewedonotneed
exactSSMfor all o-sequences.Ratherwe needonly to com-
putea suf�cient SSM approximationde�ned below. O1:j is
a critical o-sequence of processP if for someo-sequence
drawn from P, O1:j is a maximal subsequencegenerated
by a single state. Let ¾ be the SSM function for an STM



that accuratelypredictss-sequencesof P. We say ¾0 is a
sufficient SSM approximation to ¾ for P if both 1) for all
o-sequencesO1:T , ¾(O1:T ) · ¾0(O1:T ), and2) ¾0(O0) =
¾(O0) for any critical o-sequenceO0 of P. It canbe shown
thatfor o-sequencesdrawn from P, SSM-DP(O1:T ; ¾; K ) =
SSM-DP(O1:T ; ¾0; K ). Thuswe canachieve accurateinfer-
enceusing¾0. In Section5 we show how to ef�ciently com-
putesuchanapproximation.

Non-SimpleModels. Givenour focuson SSMit is natu-
ral to consideref�cient SSMreductionsfor non-simplemod-
els. Intuitively, if a model distinguishesbetweendifferent
transitiontypes,we may needto considerstatesother than
just SSMsolutions(like Viterbi but unlike SSM-DP),possi-
bly resultingin exponentialbehavior in n evengivenef�cient
SSM.Below we show that an ef�cient reductionis unlikely
for a modestextensionto STMs,giving a boundarybetween
ef�cient andinef�cient modelsunderef�cient SSM.

We extendSTMs by allowing the model to assignhigher
coststo transitionswheremorestatevariableschange,unlike
STMs which canonly detectwhethera changeoccurred.A
costmodelC, with atemporalcomponentCa , is a counting-
transition model if Ct (si ; si −1) = K ¢

P
1≤j ≤n ±(s( j )

i 6= s( j )
i −1),

i.e. transitioncostis linear in the countof propositionsthat
change. We say C allows efficient SSM if the SSM func-
tion for Ca is computablein time polynomialin its input o-
sequencesizeandnumberof statevariables.
Theorem1. Givenas input a counting-transitionmodelC,
an observationsequenceO, and a costbound¿, the prob-
lemof decidingwhetherC¤(O1:T ) < ¿ is NP-complete, even
undertheassumptionthatC allowsef�cient SSM.
Proof: (sketch)SeeFern[2004] for full proof. Inferencein
2-dgrid Pottsmodels,aclassof Markov random�elds, is NP-
hard[Veksler, 1999]. We �rst give a non-trivial extensionof
this resultto thesmallerclassof 2-d grid Pottsmodelswith
equallyweighted“horizontal edges”. Next, we reducethis
problemto counting-transitionmodel inference. Intuitively,
the statevariablesat time i representthe Pottsmodelnodes
in column i . Finally, we show that the constructedmodel
allowsef�cient SSMvia variableelimination. 2

5 Constraint-BasedSSM
Wenow giveaconstraint-basedrepresentationfor atemporal-
cost functionsand study the correspondingSSM problem.
For simplicity, weassumethatstateshaven binarystatevari-
ables,i.e. D s = f true ; falseg. We alsoassumea setof m
binary observation tests, eachone mappingobservationsto
f true ; falseg. Non-binaryextensionsarestraightforward.

Propositional Horn Constraints. A propositional Horn
constraint Á is a logical implication (body ! head), where
bodyis aconjunctionof statevariablesandobservationtests,
andheadis a statevariableor false. Givenanobservationo
andstates, we let Á[o] (Á[s]) denotetheresultof substituting
observation tests(statevariables)in Á with the truth values
undero (unders). If a constrainthasno variables,thenit is
interpretedasthe truth valueof thevariable-freeexpression.
Thus,Á[o][s] is the truth valueof Á undero ands, andwe
saythat o ands satisfy Á iff Á[o][s] is true . A setof Horn
constraintsis satisfiable if f thereexists a stateandobserva-
tion that jointly satisfyeachconstraint.For hornconstraints,
testing satis�ability and �nding satisfying assignmentsare
polynomial-timecomputable[Papadimitriou,1995].

Constraint-BasedCost Functions. We parameterizean
atemporal-costfunction using a set of weightedHorn con-
straintsΦ = fhÁ1; c1i ; : : : ; hÁv ; cv ig , with Horn constraints
Ái andnon-negative weightsci representingthe costof vi-
olating Ái . The non-negativity requirementwill be impor-
tant for inference. The sum of costs in Φ is denotedby
COST(Φ) andwe sayΦ is satis�able if its setof constraints
is satis�able. Atemporal cost is de�ned as Ca (sjo;©) =P

〈Á;c 〉∈© c ¢±(: Á[o][s]), i.e. the total costof unsatis�edcon-
straints.In thiswork, wewill assumethatΦ contains“nearly
sound” constraints,meaningthat eachconstraintis usually
satis�ed by thestate/observationpairsgeneratedby our pro-
cess. Our primarily non-theoreticalgoalsdo not requirea
formalnotionof nearlysound(e.g.PAC).

GivenΦ andano-sequenceO1:j , we de�ne thecombined
constraint set as ¡( O1: j ; ©) =

S
1≤i ≤j

S
〈Á;c 〉∈© hÁ[oi ]; ci ,

which involves only statevariablesand capturesall of the
stateconstraints“implied” by Φ andO1:j . The SSM func-
tion for Ca is now givenby

¾(O1: j j©) = min
s

X

1≤i ≤j

Ca (sjoi ; ©) (3)

= min
s

X

〈Á;c 〉∈¡( O 1: j ;©)

c ¢±(: Á[s]) (4)

which is equivalent to solving maximum satisfiability
(MAX-SAT) [Jiangetal., 1995] for Γ(O1:j ; Φ), whereMAX-
SAT asksfor ans suchthattheweightof satis�edconstraints
is maximum. While the numberof SSM variablesis �x ed,
theconstraintsetgrowswith sequencelength.Fortunately, in
practicewe cansigni�cantly reducethis setby pruningand
merging. PRUNE(Φ) containsmembersof Φ thatdonothave
false in the constraint's body. MERGE(Φ) combineslogi-
cally equivalentmembersof Φ into oneconstraintby sum-
ming weights.MAX-SAT solutionsareinvariantunderboth
operators.Thus,wesolveSSMvia MAX-SAT for thesmaller
constraintΓ¤(O1:j ; Φ) = MERGE(PRUNE(Γ(O1:j ; Φ))).

A Dual MAX-SAT Approach. MAX-SAT is NP-hard
even for Horn constraints[Jaumardand Simeone,1987].
Ratherthanusegeneral-purposeapproximatetechniques,we
give a MAX-SAT approachthat leveragesour setting of
nearly-soundHorn constraints.Let ¼ = Γ¤(O1:j ; Φ) andΠ
be the setcontainingall satis�ablesubsetsof ¼. An equiv-
alentdual form of Equation4 is ¾(O1:j jΦ) = COST(¼) ¡
max¼02 ¦ COST(¼0), which asksfor a maximum-costmem-
ber of Π. This motivates the following MAX-SAT ap-
proachthat searchesthroughconstraintsubsetsrather than
thanvariableassignments.Conducta cost-sensitive breadth-
�rst searchthroughsubsetsof ¼for a satis�ablesubset—i.e.
startingat ¼ consider¼ subsetsin order of non-increasing
costuntil �nding asatis�ableone.Any satisfyingassignment
for this setis a MAX-SAT solutionprovidedall weightsare
non-negative. For negative weightsa satisfyingassignment
for a consistentconstraintsetmaynot bea MAX-SAT solu-
tion. Althoughwe canalwaysreplacea negatively weighted
constrainthÁ;ci by h: Á;¡ ci , : Á maynot behorn,possibly
makingSAT hard.Hencewerequirenon-negative weights.

Sincetestingsatis�ability is ef�cient for Horn constraints,
thetime requiredby thedualapproachprimarily dependson
the numberof searchnodeswe consider. This numberis



Table1: Force-dynamicstatepredicatesRs (top) andobservation
predicatesRo (bottom)for ourapplication.

ATTACHED(x; y) x supportsy by attachment
GROUNDED(x) supportof x is unknown
CONTACTS(x; y) x supportsy by contact

DIRECTION(x,d) x is moving in directiond
SPEED(x,s) x's speedis s
ELEVATION(x,e) x'selevationis e
MORPH(x,c) x's shape-changefactoris c
DISTANCE(x,y,d) distancebetweenx andy is d
¢ DIST(x,y,dd) changein distanceis dd
COMPASS(x,y,c) compassdirectionof y to x is c
ANGLE(x,y,a) anglebetweenx andy is a

boundedby thenumberof subsetsof ¼thathaveacostgreater
than¾(O1:j jΦ), which canbeexponentiallylarge. Thus,we
computeanapproximation¾¿ to ¾by �rst searchingthrough
subsetsof ¼for a maximumof ¿ steps. We returna solu-
tion if oneis found andotherwisereturnan upper-boundto
¾(O1:j jΦ) resultingfrom agreedyhill-climbing search.

Though¾¿ will notbecorrectfor all inputs,weknow from
Section4, that it needonly be a suf�cient approximationto
guaranteecorrectsequentialinference.Whenour constraints
arenearlysound,¾¿ will tendto besuf�cient evenfor small
¿. That is, ¾¿ will equal¾for critical o-sequences.Recall
that whenO1:j is a critical o-sequenceit mustbe generated
by a singlestates. Thus,s will satisfymostconstraintsin
Γ¤(O1:j ; Φ) andoursearchneedonly removeasmallnumber
of constraints(theunsatis�edones)to �nd a satis�ablesub-
set.In addition,asdescribedin thefull paper, theMERGE op-
erationtendsto placehighweightonthesatis�edconstraints,
whichoftenleadsin removing unsatis�edconstraints�rst.

6 Extending to Relational Processes
In thespirit of knowledge-basemodelconstruction[Wellman
et al., 1992], we extend to relationalprocessesby compil-
ing “relationalschemas”to propositionalmodelsandusethe
ideasfrom previoussections.

Relational Processes.A process(X ; Y; P) is relational
whentheobservationandstatespacesX andY aregivenby
specifyinga domainset of objectsD , a state-predicateset
Rs, andan observation-featuresetFo, eachhaving a speci-
�ed numberof arguments.An observation fact hastheform
“f = v”, wheref is anobservationfeatureappliedto objects
andv is anumber. A state fact is apredicatefrom Rs applied
to objects.SeeExample1 for examplefactsfrom our video
domain. Observations(states)are �nite setsof observation
(state)facts,representingall thefactsthataretrue,andX (Y)
containsall suchsets.Statesarerestrictedto only involveob-
jectsthatappearin thecorrespondingobservation. We often
view relationalstatesaspropositional.Givena�nite D 0 µ D,
denoteby Y [D 0] the propositionalstatespaceover n binary
variables,one variable for eachof the n = O(jD 0jq) state
factsinvolving only objectsin D 0, whereq is themaximum
state-predicatearity.
Example2. In our video domainwe infer force-dynamic
statesequencesfrom videosof a handplaying with blocks.
D containsall handsandblockswemightencounter. There
are threeforce-dynamicstatepredicatesand eight observa-
tion features,shownin Table1. Figure 1 depictstwo distinct
force-dynamicstates. Observationsare setsof observation
factscalculatedfor theobjectsandobjectpairs basedon the

PERCEPTRON(TRN; f Á1 ; : : : ; Áv g; ¿; M )

K Ã 0; ~C = ~0;

repeat M times,

for-eachhO; Si 2 TRN

© Ã fhÁ1 ; c1 i ; : : : ; hÁv ; cv ig

Ŝ Ã SSM-DP(O; ¾¿
r (¢j©); K )

if Ŝ 6= S,
~C Ã [ ~C + ~V (Ŝ; O) ¡ ~V (S; O)]+

K Ã [K + TRANS(Ŝ) ¡ TRANS(S)]+

return h~C; K i

Figure2: GeneralizedPerceptronPseudocode.[ ~C]+ = ~C0

s.t. c0
i = max(0; ci ).

objecttracker output.
RelationalHorn Constraints. A state atom is astatepred-

icateor therelation“6=” appliedto variables.An observation
atom hastheform “(f 1 r f 2)”, wherer 2 f =; ·g , andf i is
a numberor an observation featureappliedvariables.A re-
lational Horn constraint hastheform (body! head), where
bodyis a conjunctionof stateand/orobservationatoms,and
head is a stateatom or false and may only contain vari-
ablesthatappearin body. For example,(DISTANCE(x; y) ·
5) ^ (6 · Speed(y)) ! ATTACHED(x; y) is a relational
Horn constraintfor predictingobjectattachmentbasedon an
observation. A relationalHorn constraintÁ is a schemafor
propositionalconstraints.Any way of (consistently)replac-
ing variablesin Á with objectsgivesa (propositional)ground
instance of Á. Given a set of objectsD 0, GROUND(Á;D 0)
containsall groundinstanceswith only objectsin D 0.

Relational Cost Models. A relational simple-transition
model is a pair hΦ; K i , with transition-costK and non-
negatively weighted relational Horn constraints Φ =
fhÁ1; c1i ; : : : ; hÁv ; cv ig . Givena relationalo-sequenceO1:T
with objectsD 0, we know thatstatesmayonly involve facts
constructedfrom D 0, and thus we needonly considerthe
propositionalstate spaceY [D 0]. To infer an s-sequence
over Y [D 0] we use the set of propositional constraints
©p =

S
〈Á;c 〉∈©

S
Á0∈GROUND( Á;D 0) hÁ

′; ci to de�ne anatempo-
ral costfunctionCa(sjo;Φp) asin Section5. We thenreturn
the lowest-costS1:T given by SSM-DP(O1:T ; ¾¿

r (¢jΦ); K ),
where¾¿

r (O1:j jΦ) = ¾¿(O1:j jΦp) is a relationalSSMfunc-
tion with searchbound¿. That is ¾¿

r is computedby compi-
lation to apropositionalSSMfunction¾¿ andthenusingour
bounded-searchdualMAX-SAT approach.

A naive implementationof this approachcanbeexpensive
sinceΦp canbelarge. Fortunately, in practice,our relational
representationallowsusto avoid constructingmostof theset.
We useef�cient forward-chaininglogical inferenceto con-
structΓ¤(O1:T ; Φp), theinput to MAX-SAT, without explic-
itly constructingΦp. Spaceconstraintsprecludedetails.

7 Learning a Relational STM
We learn relational STMs by �rst running the relational
learnerCLAUDIEN [DeRaedtandDehaspe,1997] ona train-
ing setof labeledo-sequences,acquiring“nearly sound”re-
lationalHornconstraintsthataresatis�edby thetrainingdata
(producing300-400constraintsfor our domain).Next, using
a new trainingsetwe jointly tunetheconstraintweightsand
transition-costK using a variant of Collins' voted percep-



tronalgorithm[Collins,2002]. ThealgorithmextendsRosen-
blatt'sperceptronfor binarylabels[Rosenblatt,1958] to han-
dle structuredlabelssuchassequences,andhasconvergence
andgeneralizationpropertiessimilar to Rosenblatt's.

The algorithm requires representingcost using a lin-
ear combinationof n features,which we do as follows.
Given O1:T and S1:T involving just objects in the �-
nite D 0, and a relational STM hfhÁ1 ; c1 i ; : : : ; hÁv ; cv ig ; K i ,
the violation-count feature of Ái is Vi (O1:T ; S1:T ) =P

1≤i ≤T

P
Á0∈GROUND( Á i ;D 0) ±(: Á′[oi ][si ]), i.e. the number

of unsatis�ed instancesof Ái . We let ~V (O1:T ; S1:T ) be the
v-dimensionalvector of violation-countfeaturesand ~C =
[c1; : : : ; cv ] is the weight vector. The transition count fea-
ture TRANS(S1:T ) is equalto thenumberof statetransitions
in S1:T . Thesev + 1 featuresrepresentthe STM cost as
C(S1:T jO1:T ) = ~V (O1:T ; S1:T ) ¢~C + TRANS(S1:T ) ¢K .

The algorithm (seeFigure 2) cycles throughthe training
dataandwhenanincorrects-sequencêS is inferredin place
of S, theweightsareadjustedto increasecostfor Ŝ andde-
creasecostfor S. Theinput is a trainingsetTRN, relational
Horn constraintsf Á1; : : : ; Áv g, anSSMsearchbound¿, and
thenumberM of iterations.Theoutputis thelearnedweights
~C and transitioncost K . Ideally we want this STM to al-
low for accuratesequentialinferencewhenusingthesearch-
boundedrelationalSSMfunction¾¿

r . Unlike Collins we re-
quire non-negative weights for inference. Thus, we set a
weight to zero if a normal perceptronupdatewould result
in a negative value. This varianthasnot yet beenshown to
possesstheconvergenceandgeneralizationpropertiesof the
unconstrainedversion.However, this variantof Rosenblatt's
perceptronhasbeenshown to converge[Amit etal., 1989].

8 Experimental Results
Weapplyourtechniqueto force-dynamicstateinferencefrom
realvideo.TheLEONARD system[Siskind,2001] usesthese
statesto recognizeevents,suchas“a handpickedupablock”
(see Figure 1). Recently [Fern and Givan, 2004] devel-
opeda trainablesystemfor this problemusing the forward
greedy merge (FGM) algorithm, which outperformedprior
techniques.FGM alsoutilizesHorn constraints,but assumes
that they aresound,ratherthannearlysound. Sincethis is
not truefor CLAUDIEN-learnedconstraints,which werealso
usedby FGM, that work utilized two stepsto improve per-
formance:1) Constraint pruning yields a muchsmallerbut
(hopefully)“suf�cient” constraintset,reducingthechanceof
constraintviolations. 2) Sequence-cleaning preprocessing is
anad-hocstepthatremovesobservationswhereconstraintvi-
olationsare“detected”. See[FernandGivan,2004] for de-
tails. While thesestepsallowed for goodperformance,the
soundnessassumptionlimits the approach's applicability, as
suchpreprocessingwill not alwaysbe effective. The moti-
vationfor thework in this paperwasto developa “softened”
morerobustframework for utilizing nearly-soundconstraints.

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-labeledtraining setsof size 14 (TRN-14)
and21 (TRN-21)from [FernandGivan,2004]. Theremain-
ing videosarelabeledwith theircompresseds-sequences(the
outputof COMPRESS), which is thelabelwe wish to predict.

For eachtrainingset,welearnrelationalSTMsfor threeSSM
searchbounds¿ = 0; 100; 1000. Seventraininginstancesare
usedby CLAUDIEN to acquireconstraintsandtheperceptron
algorithmis runfor 100iterationsontheremaininginstances.
Weevaluateeachiteration'smodelaccordingto the% of test
videosfor which SSM-DP's compressedinferreds-sequence
is correct(usingthesame¿ asfor learning).

We compareagainstFGM usedwith anwithout sequence
cleaningandalwayswith pruning.Wealsocompareagainsta
systemthat is closerto mainstreamgraphicalmodelingtech-
niques,which usesthe counting-transitionmodelof Section
4, andWALKMAXSAT [Jianget al., 1995] for approximate
inference.Themodelis identicalto our relationalSTMs,us-
ing the sameCLAUDIEN-learnedconstraints,except that it
hasanon-simpletransitionstructure.Forsequentialinference
we constructa singlelarge MAX-SAT problemcorrespond-
ing to thetransition-countingmodelanduseWALKMAXSAT
to �nd anapproximatesolution.Wetunethemodel'sweights
usingtheperceptronalgorithmwith WALKMAXSAT (rather
thanSSM-DP)for inference.

PerformanceAcrossIterations. Table2 shows, for each
training set, the testingerror of our learnedSTMs for ¿ =
0; 100; 1000 (shown asSSM-DP(¿)), over the�rst eightper-
ceptroniterations.Thereis alwaysa rapidimprovementafter
iterationone,followedby a periodof �uctuating or constant
performance.The �uctuation continuesout to iteration100
(not shown), but never improvesover the bestperformance
shown. In practice,onecouldusecross-validationto selecta
goodmodel,or consider“weight averaging”[Collins,2002].
Note that the bestperformanceon the smaller training set
TRN-14 is superiorto TRN-21. Our explanationfor this is
thatby usingrelatively small trainingsets,theresultscanbe
signi�cantly affectedby asmallnumberof particularlynoisy
movies (presumablyin TRN-21). Experimentsnot shown,
provideevidencefor thisby trainingonsubsetsof TRN-21.1

Bounding Search. The searchbound¿ = 0 meansthat
SSM is (approximately)solved via hill-climbing. Surpris-
ingly we canlearnweightsfor which hill-climbing performs
well. Increasingthe searchbound improves performance
with respectto the bestmodelacrossiterations,particularly
for TRN-14. The last column shows the framesprocessed
per secondwhen inferring statesfor our corpus. Inference
time apparentlydoesnot increaselinearly with ¿, indicating
that theSSMsearchtypically endmuchbeforereachingthe
bound. Increasing¿ to 10,000,doublesinferencetime, but
neitherimprovesnorhurtsresults.

Other Techniques. We signi�cantly outperformWALK-
MAXSAT (furtheriterationsdid not help),which we allowed
ageneroussearchtime,usingsearchcutoff 106 with 103 ran-
domrestarts(othersettingsdid not improve). Furtherexper-
imentssuggestthat WALKMAXSAT doesnot scalewell for
our problems.Using learnedSTM weightsfor thecounting-
transitionmodel, WALKMAXSAT reliably infers corrects-
sequencesfor shortvideos,but is very poor for long videos.
WALKMAXSAT gaveequallypoorresultswhenusedto learn

1Runtimeof CLAUDIEN (interpretedProlog) on TRN-21 was
aboutsix days. Thus, it wasnot feasibleto averageresultsacross
many trainingsets.In anotherfull experiment(21 movies),we ob-
servedsimilar(slightly better)performancefor SSM-DP, andsimilar
relativeperformanceto theothersystems.



Table2: % erroron testmoviesacrosstrainingiterations.Thelastcolumngivesframesprocessedpersecond(FPS)by thebest
modelin eachrow onourvideocorpus.

TRN-14(Iteration) TRN-21(Iteration) FPS
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8

SSM-DP(0) 94 24 3.2 2.1 2.1 2.6 2.1 2.6 94 6.3 6.9 5.8 4.8 12 17 3.7 15
SSM-DP(100) 93 32 2.6 2.6 2.1 2.1 2.1 2.1 93 3.2 3.7 3.7 3.2 10 21 8.5 14
SSM-DP(1000) 93 31 4.2 1.6 1.1 1.1 1.1 1.1 93 3.2 3.7 3.7 3.2 10 21 8.5 8
WALKMAXSAT 96 46 51 54 50 43 50 58 95 47 50 60 49 50 45 52 1.4
FGM = FGM+SC 17= 6.3 15= 3.2 29

STMsratherthancounting-transitionmodels.This suggests
the poor performanceis primarily dueto the ineffectiveness
of this general-purposeinferencetechniquefor our models.
We conjecturethat other approximatetechniquessuch as
(loopy) beliefpropagationandGibbssamplingwill alsoyield
inferior performance.Indeed,Gibbssamplingis very similar
to WALKMAXSAT. Evaluatingthisconjectureis futurework.

FGM withoutsequencecleaning(shown asFGM) is anor-
der of magnitudeworsethanSTMs (which never useclean-
ing). Wesigni�cantly improveonFGM with sequenceclean-
ing (FGM+SC)on TRN-14 andyield equalperformanceon
TRN-21. FGM is faster, closeto framerate. A reimplemen-
tationof ourLISPprototypewill likely achieve framerate.

9 RelatedWork
Segmentmodels[Ostendorfet al., 1996] subsumeour STM
formulation. We arenot awareof prior work that haslever-
agedor notedtheSSMreductionfor largestatespaces.Per-
hapsthis is becauseprior segmentmodelingwork typically
utilizes non-simpletransitionstructure(perhapssometimes
unnecessarily)andto our knowledgehasnot beenappliedto
largestatespaces.

Our “modelschema”approachfor handlingrelationaldata
is now standardin probabilisticmodeling[DeRaedtandKer-
sting,2004]. Most closelyrelatedarerelationalMarkov net-
works (RMNs) [Taskaret al., 2002]. A relationalSTM can
be viewed asde�ning a log-linearconditionalRMN, where
theRMN “clique featuretemplates”correspondto relational
Horn constraintsanda transitiontemplate. RMNs arevery
generalandthustheexisting techniquesdo not fully exploit
thestructureof relationalSTMs. InsteadRMN-like propos-
als rely on general-purposeapproximateinference(e.g. be-
lief propagation), with unclearpracticalimplications. Like-
wisedynamicprobabilisticrelationalmodels[Sanghaiet al.,
2003] provide a genericschema-basedapproachspecialized
to relationalsequencedata. Again the generalityprecludes
leveragingtheSTM structure.
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