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Abstract

Example-basedmethodsareeffectivefor parameterestimationproblemswhentheunderlyingsystemis simpleor thedimen-
sionalityof the input is low. For complex andhigh-dimensionalproblemssuch asposeestimation,thenumberof required
examplesand the computationalcomplexity rapidly becmeprohibitivelyhigh. We introducea new algorithm that learnsa
setof hashingfunctionsthat efficiently index examplesrelevant to a particular estimationtask. Our algorithm extendsa
recentlydevelopedmethodfor locality-sensitivehashing, which findsapproximateneighborsin timesublinearin thenumber
of examples.Thismethoddependscritically on thechoiceof hashfunctions;weshowhowto find thesetof hashfunctions
thatare optimallyrelevantto a particular estimationproblem.Experimentsdemonstratethat theresultingalgorithm,which
wecall Parameter-SensitiveHashing, canrapidlyandaccuratelyestimatethearticulatedposeof humanfiguresfroma large
databaseof exampleimages.

0Part of thiswork wasdonewhenG.S.andP.V. werewith MitsubishiElectricResearchLabs,Cambridge,MA.
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Figure1: Poseestimationwith parameter-sensitivehashingandlocal regression.

1. Introduction
Many problemsin computervisioncanbenaturallyformulatedasparameterestimationproblems:givenanimageor avideo
sequence� , we estimatethe parameters� of a modeldescribingthe sceneor the objectof interest. Examplesincludethe
esimationof thelocationandposeof a humanbody, theconfigurationof thehand,thecontractionof musclesin theface,or
therotationof anobject.For a givenestimationtask,it is oftenpossibleto collecta largesetof examplesfor which thetrue
valuesof theunderlyingparametersof interestareknown. Thiscantypically beachievedin eitherof two ways:by acquiring
real datawhile measuringthe “ground truth” (e.g. usinga motion-capturesystem);or by creatingsyntheticdatafrom a
generativemodelof sufficient realisticquality (e.g.animationsoftware).Example-basedlearningmethodscancapitalizeon
theavailability of suchdata:they infer theparametervaluesfor theinput from theknown valuesin similar examples.

In thispaperwedescribeanew algorithmfor fastparameterestimationusinglocalmodelsestimatedfrom alargedatabase
of examples.Classicmethodsfor example-basedlearning,suchasthe � -nearestneighborrule ( � -NN) andlocally-weighted
regression(LWR), areappealingdueto their simplicity andthe asymptoticallyoptimal quality of the resultingestimators.
However, the prohibitive computationalcomplexity of similarity searchin high-dimensionalspacesandon very largedata
setshasmadethesemethodsinfeasiblefor many vision problems.

We overcomethe problemof computationalcomplexity by usinga recentlydevelopedalgorithmfor fastapproximate
neighborsearch,Locality-SensitiveHashing(LSH)[12]. Thetrainingexamplesareindexedby anumberof hashtables,such
that the probability of collision is large for examplessimilar in their parametersandsmall for dissimilarones. The query
time is ��������������� �"! #%$ , where� thenumberof examples,� thenumberof features,and & theapproximationfactor. For many
practicalproblems,suchasposeestimation,goodresultsareachievedwith & of 1 or 2, which meansa speedupfactorof '	(*)
to '+(*, overanexhaustivesearchin a databaseof '	(*- examples.

While LSH providesa techniquefor quickly finding closeneighborsin the input space,thesearenot necessarilyclose
neighborsin theparameterspace.Themaincontributionof thispaperis Parameter-SensitiveHashing(PSH),anextensionof
LSH. PSHhashesthedatausinghashfunctionssensitive to thesimilarity in theparameterspace,andretrievesapproximate
nearestneighborsin thatspacein sublineartime. Thekey constructionis a new featurespacethatis learnedfrom examples
in orderto moreaccuratelyreflectdistancesin parameterspace.We show how theobjectiveof parametersensitivity canbe
formulatedin termsof aclassificationproblem,andproposeasimpleandefficientalgorithmfor evaluatingthisobjectiveand
selectingparameter-sensitive hashfunctions. Finally, we userobust locally-weightedregression(LWR) to moreaccurately
estimateparametersusingtheapproximatenearestneighbors.To ourknowledge,this is thefirst useof anLSH techniquefor
local regression.

We applyour framework to anarticulatedposeestimationproblem:estimatingtheposeof a humanupperbody from a
singleimage.Theremainderof thispaperis organizedasfollows. Priorresultsarereviewedin Section2. ThePSHalgorithm
is presentedin Section3. Onecritical componentis an algorithm for constructingefficient hashfunctions,describedin
Section3.1. Thearticulatedposeestimationtaskis describedin Section4. We concludewith discussionandideasfor future
work in Section5.
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2. Background and related work
Theproblemof estimatingtheposeof articulatedbodieshasbeenof increasingrecentinterest.In [18] 3D poseis recovered
from the 2D projectionsof a numberof known featurepointson an articulatedbody. Efficient algorithmsfor matching
articulatedpatternsweregivenin [11, 16]. Theseapproachesassumethatdetectorsareavailablefor specificfeaturelocations.
Moregenerally, [14, 15] describea ‘shapecontext’ featurevectorto representgeneralcontourshape.In [17], themappingof
a silhouetteto 3D poseis learnedusingmulti-view trainingdata.Thesetechniquesweresuccessful,but they wererestricted
to contourfeaturesandunableto useappearancewithin a silhouette.

Theideaof example-basedposeestimationfrom intensityimageswasexploredin [2], wherea handimagewasmatched
to a largedatabaseof renderedforms. This work is mostsimilar to oursandin part inspiredour approach.However, this
approachhasdifficulty scalingto the largenumbersof examplesneededfor generalarticulatedposeestimationdueto the
complexity of nearestneighborsearchwith image-baseddistancemetrics.We approachposeestimationasa local learning
task,andexploit recentadvancesin locality- sensitivehashingto make example-basedlearningfeasiblefor poseestimation.
We review eachof thesetopicsin turn.

2.1. Local learning models
Theparameteresimationproblemcanbeformulatedasestimatingtheinverseof anunknown generativeprocessfor images
�/.102����$ , givena trainingset �3� ��4 � � $ 4�5%5�5�4 �3�76 4 �	68$ , wheredistancefunctionsin theparameterspace��9 andin the input
space��: areavailable. Estimationshouldminimize the residualin termsof � 9 , which is the relevant similarity measure;
however, for a novel input we canmeasureonly �;: betweenexampleimages.In thecontext of articulatedposeestimation,
� is oftena vectorof joint angles,and � is thefeaturevectorcomputedfrom animage.

Nearestneighbor(NN) retrieval, andthegeneralizationto � -NN, areamongtheoldesttechniquesfor suchestimation[1].
The � -NN estimateis obtainedby averagingthevaluesfor the � trainingexamplesmostsimilar to theinput:

<�	6=6>. '
� ?A@3B

neighborhood

�	C 4 (1)

i.e. thetargetfunctionis approximatedby aconstantin eachneighborhooddefinedby � . Propertiesof � -NN, particularlythe
consistency andtheasymptoticallyBayes-optimalrisk undermany lossfunctions[8, 7], make it appealingfor classification
andestimation.

A naturalextensionto � -NN, in which theneighborsareweightedaccordingto their similarity to thequerypoint, leads
to locally-weightedregression(LWR) [5, 3]: theunknown functionis assumedto beapproximatedlocally (within any small
region)by a functionfrom a particularmodelclassD2�3�FEG=$ . TheparametersG arechosento optimizetheweightedlearning
criterionin thetestinput �AH ,

GJIK.ML�NPO�QSRUTV
6
CXW �

��9Y�ZD2�3�7C 4 G=$ 4 �	CP$\[]��� : ��7C 4 � H $P$ 4 (2)

where[ is thekernelfunctionthatdeterminestheweightfalloff with increasingdistancefrom thequerypoint; thesummation
is over theexamplesin theneighborhood.

In robust LWR [4], the influenceof outlierson thefinal estimateis diminishedthrougha shortiterative process.This is
a particularlyusefulsafeguardwhendealingwith approximateneighborhoods,andwith indirect similarity measures.In a
nutshell,after the model is fit, the neighborhoodpointsarereweightedso that pointswith higherresidualw.r.t. the fitted
valuesbecomelessinfluential.

Therearetwo majorobstaclesin the straighforwardapplicationof example-basedmethodsto theproblemof parameter
estimationfrom images. The first obstacleis the computationalcomplexity of the NN search,particularly in the high-
dimensionalspacesoftenencounteredin machinevision tasks.UsingapproximateNN algorithmssuchasLSH mayover-
comethis obstacle.While the ideaof usingLSH in a similar taskhasbeenmentionedby others[14, 2], to thebestof our
knowledgeno experimentsactuallyusingit havebeenperformed.

Thesecondobstacleis therelianceon �;: , theimage/featuremetric,which is assumedto bepositively correlatedwith � 9 .
We will show how to explicitly selecta featurespacein which �;: approximates� 9 , without anexplicit globalmodelof this
relationship.The approximatenearestneighborsretrievedusingthis spaceareof muchhigherquality that thoseretrieved
usingmoregenericfeaturespaces.
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2.2. Locality-Sensitive Hashing
Thefollowing relaxedversionof nearneigborsearch,called �Z^ 4 &	$ -NN, canbesolvedin sublineartime by LSH [12]: if for
a querypoint _ thereexistsa point ` suchthat �a�_ 4 `b$�c/^ , thena point `7d is returnedsuchthat �a�_ 4 `ed�$fcg�h'Kij&	$Z^k.ml .
Otherwise,theabsenceof suchpoint is reported.BeforewesummarizetheLSH algorithm,wemustdefinewhatis meantby
locality-sensitive.

Giventheexamplespacen , a family o of functionsis calledlocality-sensitive, or morespecifically ��^ 4 ^e�h'Kip&	$ 4�q � 4�q�r $ -
sensitive, if for any _ 4 `tsun ,

if �\�3_ 4 `b$wvx^ then yfNPzp��{|�3_f$}.~{|�3`b$P$}� q|�+4 (3)

if �\�3_ 4 `b$w���P'Kip&+$�^ then yYNhzp��{|�3_f$�.�{��`b$h$�v q r 4 (4)

whereyfN z is theprobabilitywith respectto arandomchoiceof {usuo . Wewill assume,w.l.o.g.,thatevery {usuo is binary.
A � -bit locality-sensitivehashfunction(LSHF) D

D���F$�.��X{ � �3�F$ 4 { r ��F$ 4%5�5�5�4 {\����F$���� (5)

constructsa hashkey by concatenatingthebitscomputedby arandomlyselectedsetof { �+4�5%5�5%4 {\� . Notethattheprobability
of collision for similarpointsis at least '=���h'=� q|� $ � , while for dissimilarpointsit is at mostq �r . A usefulLSHFmusthave

q � � qar andq � ��'���� .
Thealgorithmpreprocessesthedataby storingit independentlyinto � hashtablesindexedby D � 4�5�5%5	4 D�� . For aquerypoint

� , thecandidateexamplesarefoundin � correspondingbucketsin thehashtables,andtheexhaustiveNN searchis only done
on thoseexamples;if thealgorithmsucceeds,an & -NN of � is amongthem.

The valuesof � and � affect both the precisionandthe efficiency of LSH. A large � increasesthe probability of finding
goodexamples,but alsothepotentialnumberof candidateexamples.A large � speedsup thesearchby reducingthenumber
of collisions,but alsoincreasestheprobabilityof amiss.Supposethatourgoalis to searchexhaustively atmost � examples
for eachquery;thensetting

��.p�U��O �3�����
�
� 4 �2. �

�
� �3�+�U  ¡3¢  �£� �3�+�U  ¡3¢ � £ (6)

ensures[12] thatLSH will succeedwith highprobability.
Theconstructionof anefficientsetof LSHFs(with high q�� andlow q r ) is obviouslycritical to thesuccessof thealgorithm.

In Section3.1wesuggesta learningalgorithmfor constructingsucha setfor parameterestimation.

3. Estimation with Parameter-Sensitive Hashing
Let �3� � 4 � � $ 4�5�5%5	4 �� 6 4 � 6 $ bethe trainingexampleswith their associatedparametervalues.We assumethatanexampleis
representedby a ¤ -dimensionalfeaturevector �¥.�� ¦ � 4�5�5%5	4 ¦�§=� where¦|¨©.«ª ¨ ��F$ is computedby ascalar-valuedfunction,
suchasa filter responseata certainlocationor a bin valuein anedgedirectionhistogramin a certainregionof theimage.

We assumethatthefollowing criteriaaremetby theestimationproblem:

1. A distancefunction �;9 is givenwhichmeasuressimilarity betweenparametervectors.

2. A radius l in theparameterspaceis givensuchthat � �	4 � r areconsideredsimilar if f �;9*��� �	4 � r $Fc¬l .

3. The training examplesarerepresentative of the problemspace,i.e. for a randomlydrawn examplethereexists,with
highprobability, anexamplewith similar parametervalues.

4. Theprocessthatgeneratestheexamplesis unbiased,or it is possibleto correctfor suchbias.

Thedistancefunctionandthesimilarity thresholdaredependentontheparticulartask,andoftenreflectperceptualsimilarities
betweenthescenesor objects.Without these,evenevaluationof theestimationresultsis impossible.

The third assumptionmay appeara bit vague,andin fact its precisemeaningdependson the natureof the problem. If
we control theexamplegenerationprocess,therequiredpropertycanbeachievedby “filling” thespace,storinganexample
in every nodeon an l -grid in parameterspace. This becomesinfeasiblevery quickly as the dimensionof � increases.
Alternatively, it hasbeenobservedor conjectured[13, 19] that imagesof many real-world phenomenado not fill thespace
uniformly, but ratherbelongto an intrinsically low-dimensionalsubspace,or manifold,anddenselycoveringthatsubspace
is enoughto ensurethethird property.
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Thelastassumptionis perhapsthemostlimiting. It impliesthattherearenosignificantsourcesof variationin theexamples
besidesthevariationin theparameters,or thatthecontributionof suchsourcescanbeaccountedfor. This is possiblein many
vision problems,eitherexplicitly, by normalizingtheexamples,or implicitly, e.g.by usingfeaturesinvariantwith respectto
the“nuisance”parameters.

3.1. Parameter-sensitive hash functions
Let q|� ��{|$ andq r ��{�$ betheprobabilitiesof collision for similar/differentexamplesfor a givenhashfunction.Clearly,

q�� �jQSRZT B z8q|� ��{|$ 4Fq r vMQSL*® B z¥q r ��{|$ 5 (7)

We know (Section2.2) that a family of hashfunctionsis usefulwhen q r is low and q�� is high, andwe aremotivatedto
constructo from functionsthatachieve this. In [12] quantitieslike q|� ��{�$ arederivedin thesimplifiedcasewherethegoal
is to find nearneighborsin the input (or image)space.For the parameterestimationtask,wherethe goal is to find near
neighborsin theunknown parameterspace,ananalyticderivationof q � ��{|$ andq�r ��{�$ is infeasiblesince { is a measurement
in theimagedomain.

However, we canshow that q � ��{�$ and q�r ��{|$ have anintuitive interpretationin thecontext of thefollowing classification
problem.Let usassignto eachpossiblepair of examples�3� C 4 � ¨ $ thelabel

¯ C ¨ .
i°' if ��9����	C 4 � ¨ $Fcp^ 4�±' if ��9����	C 4 � ¨ $F��l 4
not definedotherwise4

(8)

wherê².³l´�a�h'´i�&	$ . Note thatwe do not definethe label for the “gray area”of similarity between̂ and l , in orderto
conformto Eq. (3).

Wecannow formulateaclassificationtaskconsistingof predictingthelabelfor apairof examples.A binaryhashfunction
{ eitherhasa collision {|�3� C $}.�{��� ¨ $ or not;we definethelabelpredictedby { as

<¯  �� C 4 � ¨ $�. i°' if {|�3� C $�.~{��� ¨ $ 4�±' otherwise5
(9)

It is now clearthat,when
<¯ is interpretedasa classifier, q r ��{�$ is theprobabilityof a falsepositive, i.e. yfN�� <¯ C ¨ .1i°'*µ ¯ C ¨ .

�±'*$ , andsimilarly '=� q�� ��{�$ is theprobabilityof a falsenegative. Our objective thereforeis to find { ’swith high prediction
accuracy. This canbedoneby evaluating { on a largesetof pairedexamplesfor which true labelscanbecomputed.Such
a paired problemset canbe built from our training set, sincewe know ��9 4 ^ 4 l . We shouldbe carefulabouttwo things
whenconstructingthepairedproblem.First,we mustnot includepairswith similarity within the“gray area”between̂ and
l . Second,we shouldtake into accountthe asymmetryof the classificationtask: therearemany morenegative examples
amongpossiblepairsthantherearepositive. Consequently, in orderto representthe negative examplesappropriately, we
mustincludemany moreof themin thepairedproblem.

Theexactnatureof thehashfunctions { will affect thefeatureselectionalgorithm. Herewe offer anefficient algorithm
for simplethresholdfunctions

{a¶A· � �3�F$�. i°' if ª��3�F$��¹¸ 4�±' otherwise5
where ª��3�F$ is somecontinuousimagefunction and ¸ is a threshold. The classificationimplied by this hashfunction is
therefore

<¯  �� C 4 � ¨ $�.«{|�3� C $�{|�3� ¨ $ .
The searchfor effective hashfunctionsis now a searchfor a setof { ¶A· � �h$ eachyielding high accuracy on the paired

problem.For agiven ª , theoptimal ¸ canbefoundin two passesover thepairedtrainingset(seeFigure2).

3.2. Similarity search
Oncean effective set of hashingfunctionsis found, LSH is usedto query the databaserapidly. A query is performed
by computingthe hashbuckets D � �� H $ 4�5�5%5�4 D � �3� H $ . Someof the buckets, if not all, may be empty; in the latter case,the
algorithmterminatesin failuremode.
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Given: Feature º
Given: Pairs »¼¾½p¿3ÀeÁZÂ\Ã�ÀAÄ�Â�Ã�Å�ÆaÇ�ÈÆ�É�Ê

.
Start with an empty array Ë .Ì7ÍpÎ ½

number of positive pairsÌ|Æ~Î ½
number of negatives pairs

for Ï ½MÐ
to Ñ doÒ ÊkÎ ½ º ¿3À Á Â\Ç�Ã Ò�Ó ½ º ¿3À Ä ÂaÇÔ ÊkÎ ½ÕÐ
if Ò Á Â�Ö Ò Ä Â

, 0 otherwiseÔ Ó Î ½x× Ô Ê
Ë Î ½ ËpØÚÙ�Û Ò Ê�Ã Ô ÊPÃ Ï ÖJÃ Û Ò Ó Ã Ô Ó Ã Ï ÖJÜ

end for
At this point Ë has ÝPÑ elements. Each paired example is represented twice.
Sort Ë by the values of ÒÞ Í Î ½ Þ Æ Î ½kß
à
best

Î ½ Ì|Æ
for á ½MÐ

to ÝhÑ do
Let Û Ò Ã Ô Ã Ï Ö=½ Ë´âXá+ã
if

Å�Æ°½MäJÐ
thenÞ Í=Î ½ Þ Í × Ô

else if
Å Æ ½j×=Ð

thenÞ Æ Î ½ Þ ÆK× Ô
end ifà Î ½M¿ Ì|Æ × Þ Æ ÇAä Þ Í
if à Û à

best thenà
best

Î ½ à�å Ì
best

Î ½ Ò
end if

end for

Figure2: Algorithm for PSHFselection. Intuitively, the algorithmtries all possiblethresholdsandcountsthe numberof
negativeexamplesthatareassignedthesamehashvalueandpositivesthatareassigneddifferentvalues.Sincetheexmaples
aresortedby featurevalue,thesequantitiescanbe updatedwith little work. The thresholḑ best is the onethat minimizes
theirsum.

Let næd be the union of the non-emptybuckets. The number ç of examplesin nwd canstill be quite large,especiallyif
thenumberof hashtablesis largeand/orthenumberof hashbits � is small,but çéèëê with high probability. næd is then
exhaustively searchedto producethe [ì& -NN �Ad � 4%5�5%5�4 �Adí , orderedby increasing�;:Ú��AdC 4 �AHa$ , with parameters�	d � 4�5%5�5�4 �	dí .
Thesearethedatapointsonwhich we will performlocal regression.

3.3. Local regression
Thesimplestway to proceedis to return �	d � astheanswer. Therearetwo problemswith this. First, even if LSH succeeds,
�	d � canstill be up to l away from the true parameterof the input, � H (e.g.,seeFigure6). In mostpracticalsituations,the
l for which it is feasibleto satisfytherepresentativenesspropertymentioendabove is too largeto make this anacceptable
solution.A secondproblemis causedby our inability to directlymeasure��9���� H 4 ��$ . Wemustrely onthepropertiesof LSHF,
andon the monotonicityof � : with respectto ��9 , which areusuallynot perfect. Therefore,we needa way to correctthe
estimateoncetheapproximateneighborhoodhasbeenfound.

A possibleway of achieving this is by using the � -NN estimateas a startingpoint of a gradientdescentsearch[2].
Alternatively, active learningcanbe usedto refinethe “map” of the neighborhood[6]. Both approaches,however, require
anexplicit generativemodelof q ��"µX��$ , or “oracle”, which for a givenvalueof � generatesanexampleto bematchedto �AH .
While in somecasesit is possible(i.e. animationsoftwarewhich would renderobjectswith a givenpose),we would like to
avoid sucha limitation.

Instead,weuserobustLWR.Sinceweexpectthenumberof neighborsto besmall,weuselow-orderpolynomials(constant
or linear) to avoid overfitting. Theparametersof LWR in Eq. 2, e.g. thedegreeof D (0 or 1) andthekernelbandwidth,as
well asthenumberof iterationsof reweighting,arechosenbasedonvalidationsetperformance.
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Figure 3: Examplesof positive and negative examplesfrom the pairedproblem. For eachpair, the true label is i°' if f
� 9 cû( 5 �*ü , i.e. only the leftmostexampleis positive. Distances��: in featurespaceand �;ý (normalizedpixel-wise þ r
distance)aregivenfor reference.

4. Pose estimation with PSH
Weapplyouralgorithmto theproblemof recoveringthearticulatedposeof ahumanupperbody. Themodelhas13degreesof
freedom:oneDOF for orientation,namelytherotationangleof thetorsoaroundtheverticalaxis,and12 DOFsin rotational
joints (2 in eachcollar, 3 in eachshoulder, and1 in eachelbow). We do not assumeconstantillumination or fixedposesfor
otherbodypartsin theupperbody(headandhands),andthereforeneedto representthevariationin theseandothernuisance
parameters,suchasclothingandhairstyle,in our trainingset.

For thisapplication,it is importantto separatetheproblemof objectdetectionfrom thatof poseestimation.Givensimple
backgroundsanda stationarycamera,body detectionandlocalizationis not difficult. In theseexperiments,it is assumed
that the body hasbeensegmented,scaled,andcenteredin the image. For moredifficult scenarios,a morecomplex object
detectionsystemmayberequired.

Input imagesarerepresentedin ourexperimentsby multi-scaleedgedirectionhistograms,obtainedin thefollowing way:
edgesaredetectedusingtheSobeloperatorandeachpixel isclassifiedintooneof fourdirectionbins(ÿf��� 4 � ÿf��� 4 ü;ÿf��� 4

� ÿf��� ).
Then,the histogramsof directionbins arecomputedwithin sliding squarewindows of varying sizes(8,16,and32 pixels)
placedat multiple locationsin theimage.Thefeaturespaceconsistsof theconcatenatedvaluesof all of thehistograms.We
chosethis representation,oftenusedin imageanalysis[10], becauseit is largely invariantto someof thenuisanceparameters
with respectto pose,suchasillumination andcolor. Figure1(b) illustratesa subsetof thefeatures,namelyhalf of the8 � 8
histogrambins.

Thetrainingsetconsistedof 150,000imagesrenderedfrom ahumanoidmodelusingPOSER [9], with poseparameterval-
uessampledindependentlyanduniformly within certainanatomicallyfeasibleranges;thetorsoorientationis constrainedto
therange�X����(	� 4 �*(	�+� . Eachtrainingimageis 180� 200pixels.In ourposeestimationexperiments,theanglesareconstrained
to �X�Yÿ 4 ÿ2� , sowe usethesinedistancedefinedas

� 9 ��� � 4 � r $}.



CXW �
'=���%������ C � �p� Cr $ (10)

where� is thedimensionof theparameterspace(numberof joint angles),and � C¨ is the � -th componentof � ¨ . We foundthat
thisdistancefunctionusuallyreflectsourperceptionof posesimilarity (seeFigure3 for examples).

Figure4 shows thedistribution of pairwisedistancesin thetrainingset.After examininglargenumbersof imagescorre-
spondingto poseswith variousdistaces,weset̂u.M( 5 ��ü . TheLSH queriesshouldthereforereturnexampleswithin l .¹( 5 ü
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Figure4: Distributionof � 9 in theupperbodytrainingset; l�.M( 5 ü .

Model Meanerror( �;9 )
��. � ��. � ��.�'+� � .p�*ü

� -NN 1.001 .856 .801 .791
LinearLWR .999 .854 .800 .786
ConstantLWR .995 .854 .780 .788
RobustlinearLWR 1.180 .887 .799 .740
RobustconstantLWR 1.096 .860 .783 .749

Table1: Averageerrorfor differentlocalmodels;notshown is theerrorof 1-NN, 2.046.

with high probability. Figure3 shows5 of 1,775,000pairedexamplesusedby PSHto select269out of 11,270features.All
featuresachieveanaccuracy betterthan0.465onthepairedproblem;this thresholdwassetto balancethenumberof features
andtheir accuracy. BasedonEq. 6, PSHwasimplementedvia 200hashtablesusing18-bit hashfunctions.

To quantitatively evaluatethe algorithm’s performance,we testedit on 500 syntheticimages,generatedfrom the same
model.Table1 shows theaverageerrorbetweenthetrueandestimatedposesobtainedwith differentlocal learningmodels.
Recallthat ��9©c/( 5 ü is consideredacorrectresult.OnaveragethePSHreturned5000candidatesfor NN; in almostall cases,
thetruenearestneighborsunder � : werealsothetop PSHcandidates.

We also testedthe algorithm on 800 imagesof a real person;imageswere processedby a simple segmentationand
alignmentprogram.Figure5 showsafew examplesof poseestimationonrealimages.Notethattheresultsin thebottomrow
arenotimagesfrom thedatabase,but avizualizationof theposeestimatedwith robustlinearLWR on12-NNasapproximated
by PSH;we usedGaussiankernelwith thebandwidthsetto the � : distanceto the 12-thneighbor. In somecases,thereis
a visible improvementversusthe 1-NN estimatebasedon the top matchin PSH.The numberof candidatesin PSHwas
significantly lower thanfor the syntheticimages- about2000,or 1.3% of the database;this canbe explainedby the fact
that two syntheticimagesaremorelikely to have exactly equalvaluesfor many features.It takesan unoptimizedMatlab
programlessthan2 secondsto producetheposeestimate(not includingtherendering).This is adramaticimprovementover
searchingtheentiredatabasefor theexactNN, which takesmorethan2 minutesperquery, andin mostcasesproducesthe
sametop matchesasthePSH.

Lackinggroundtruth for theseimages,we rely on visual inspectionof the poseestimate.For mostof theexamplesthe
poseestimatewasaccurate;on someexamplesit failed to variousextents. Figures5 and6 show a numberof examples,
including two definite failures. Note that in somecasesthe approximatenearestneighboris a poor poseestimate,while
robustLWR yieldsa goodfit. We believe that therearethreemainsourcesof failure: significantmismatchbetween��9 and
� : , imperfectsegmentationandalignment,andthelimitationsof thetrainingset,in termsof coverageandrepresentativeness
of theproblemdomain.
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Figure5: Examplesof upperbodyposeestimation(Section4). Toprow: input images.Middle row: topPSHmatch.Bottom
row: robustLWR (RLWR) estimatebasedon 12 NN.
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Figure6: More examples,includingtypical “errors”. In theleftmostcolumn,thegrosserrorin thetop matchis correctedby
LWR. Therightmosttwo columnsshow varioustypesof errors.
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5. Summary and Conclusions
We presentanalgorithmthatusesnew hashing-basedsearchtechniquesto rapidlyfind relevantexamplesin a largedatabase
of imagedata,andestimatestheparametersfor theinputusingalocalmodellearnedfrom thoseexamples.Experimentsshow
thatour estimationmethod,basedon parameter-sensitivehashingandrobust locally-weightedlearning,is successfulon the
taskof articulatedposeestimationfrom static input. Theseexperimentsalso demonstratethe usefulnessof synthetically
createddatafor learningandestimation.

In additionto theuseof local regressionto refinetheestimate,our work differs from thatof others,e.g. [2, 14], in that
it allows accurateestimationwhenexaminingonly a fractionof a dataset.The runningtime of our algorithmis sublinear;
in our experimentswe observeda speedupof almost2 ordersof magnituderelative to theexhaustiveexactnearest-neighbor
search,reducingthe time to estimateposefrom an imagefrom minutesto under2 secondswithout adverselyaffecting the
accuracy. We expectanoptimizedversionof thesystemto runat realtimespeed.Thishasthepotentialof turninginfeasible
example-basedestimationmethodsinto attractive for suchtasks.

Thereare many interestingquestionsthat remainopen. The learningalgorithm, presentedin Section3.1, implicitly
assumesindependencebetweenthe features;we are exploring more sophisticatedfeatureselectionmethodsthat would
accountfor possibledependencies.Our experimentsso far have involved estimatingposefrom a single frame, ignoring
temporalconstraintsonhumanmotion.Finally, aswe mentionedearlier, thepresentedframework is notspecificto pose;we
intendto investigateits usein otherparameterestimationtasks.
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