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Abstract

Example-basedhethodsare effectivefor parameterestimationproblemswhenthe underlyingsystems simpleor thedimen-
sionality of theinput is low. For complex and high-dimensionaproblemssud as poseestimation the numberof required
examplesand the computationakcompleity rapidly becmeprohibitively high. We introducea new algorithmthat learnsa
setof hashingfunctionsthat efficiently index examplesrelevantto a particular estimationtask. Our algorithm extendsa
recentlydevelopedmethodor locality-sensitivehashing which findsapproximateneighbosin timesublinearin thenumber
of examples.This methoddependsritically on the choiceof hashfunctions;we showhowto find the setof hashfunctions
thatare optimallyrelevantto a particular estimationproblem.Experimentslemonstatethat the resultingalgorithm,which
wecall ParameterSensitiveHashing canrapidly andaccuratelyestimatehe articulatedposeof humanfiguresfroma large

databasenf exampleimages.

Opart of thiswork wasdonewhenG.S.andPV. werewith MitsubishiElectric Research.abs,CambridgeMA.
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Figurel: Poseestimatiorwith parametessensitve hashingandlocal regression.

1. Introduction

Many problemsin computenwision canbe naturallyformulatedasparameteestimationproblems:givenanimageor avideo
sequence, we estimatethe parameter® of a modeldescribingthe sceneor the objectof interest. Examplesincludethe
esimationof thelocationandposeof a humanbody, the configurationof the hand,the contractionof muscledn theface,or
therotationof anobject. For a givenestimationtask,it is oftenpossibleto collecta large setof examplesfor which thetrue
valuesof theunderlyingparametersf interestareknown. This cantypically beachievzedin eitherof two ways: by acquiring
real datawhile measuringthe “ground truth” (e.g. usinga motion-capturesystem);or by creatingsyntheticdatafrom a
generatie modelof sufficient realisticquality (e.g. animationsoftware). Example-basetbarningmethodscancapitalizeon
theavailability of suchdata:they infer the parametewaluesfor theinputfrom the known valuesin similar examples.

In this papemwe describea new algorithmfor fastparameteestimatiorusinglocal modelsestimatedrom alargedatabase
of examples.Classicmethodsor example-basetkarning,suchasthe k-nearesneighborrule (k-NN) andlocally-weighted
regression(LWR), are appealingdueto their simplicity andthe asymptoticallyoptimal quality of the resultingestimators.
However, the prohibitive computationatomplexity of similarity searchin high-dimensionaspacesandon very large data
setshasmadethesemethoddnfeasiblefor mary vision problems.

We overcomethe problemof computationakomplexity by using a recentlydevelopedalgorithmfor fastapproximate
neighborsearchlocality-Sensitve Hashing(LSH)[12]. Thetrainingexamplesareindexedby anumberof hashtables such
that the probability of collision is large for examplessimilar in their parameterand small for dissimilarones. The query
timeis O(dn'/(1*<)), wheren the numberof examples the numberof featuresande the approximatiorfactor For mary
practicalproblems suchasposeestimationgoodresultsareachiezedwith e of 1 or 2, which meansa speedugactorof 103
to 10* overanexhaustve searchin a databasef 10° examples.

While LSH providesa techniquefor quickly finding closeneighborsin the input space theseare not necessarilyclose
neighborsn the parametespace Themaincontribution of this paperis ParameteiSensitve Hashing(PSH),an extensionof
LSH. PSHhasheghe datausinghashfunctionssensitve to the similarity in the parametespaceandretrievesapproximate
nearesheighboran thatspacen sublineatime. Thekey constructionis a new featurespacehatis learnedfrom examples
in orderto moreaccuratelyreflectdistancesn parametespace.We shov how the objective of parametesensitvity canbe
formulatedin termsof a classificatiorproblem,andproposea simpleandefficientalgorithmfor evaluatingthis objective and
selectingparametessensitve hashfunctions. Finally, we userobustlocally-weightedregressionLWR) to moreaccurately
estimateparametersisingthe approximatenearesneighbors.To our knowledge thisis thefirst useof anLSH techniquefor
local regression.

We apply our framework to an articulatedposeestimationproblem: estimatingthe poseof a humanupperbody from a
singleimage.Theremaindeof this paperis organizedasfollows. Priorresultsarereviewedin Section2. ThePSHalgorithm
is presentedn Section3. One critical componenis an algorithmfor constructingefficient hashfunctions, describedn
Section3.1. Thearticulatedposeestimationtaskis describedn Sectiord. We concludewith discussiorandideasfor future
work in Section5.



2. Background and related work

The problemof estimatingthe poseof articulatedbodieshasbeenof increasingecentinterest.ln [18] 3D poseis recovered
from the 2D projectionsof a numberof known featurepointson an articulatedbody. Efficient algorithmsfor matching
articulatedpatternsveregivenin [11, 16]. Theseapproacheassumehatdetectorareavailablefor specificfeaturelocations.
More generally[14, 15] describea‘shapecontet’ featurevectorto represengenerakcontourshapeln [17], themappingof
asilhouetteto 3D poseis learnedusingmulti-view training data. Thesetechniquesveresuccessfulbut they wererestricted
to contourfeaturesandunableto useappearancwithin asilhouette.

Theideaof example-basegoseestimationfrom intensityimageswasexploredin [2], wherea handimagewasmatched
to a large databas®f renderedorms. This work is mostsimilar to oursandin partinspiredour approach.However, this
approachhasdifficulty scalingto the large numbersof examplesneededor generalarticulatedposeestimationdueto the
compleity of nearesheighborsearchwith image-basedistancemetrics. We approachposeestimationasa local learning
task,andexploit recentadvancesn locality- sensitve hashingto make example-basetkarningfeasiblefor poseestimation.
We review eachof thesetopicsin turn.

2.1. Local learning models

The parameteesimationproblemcanbe formulatedasestimatingthe inverseof anunknovn generatre procesdor images
x = f(0), givenatrainingset(xi,61),. .., (xn,0n), wheredistancefunctionsin the parametespacedy andin theinput
spacedyx areavailable. Estimationshouldminimize the residualin termsof dy, which is the relevant similarity measure;
however, for a novel inputwe canmeasurenly dx betweenexampleimages.In the context of articulatedposeestimation,
0 is oftenavectorof joint anglesandx is the featurevectorcomputedrom animage.

Nearesneighbor(NN) retrieval, andthe generalizatiorio k-NN, areamongthe oldesttechniquegor suchestimation1].
Thek-NN estimates obtainedby averagingthe valuesfor the k training examplesmostsimilar to theinput:

A 1
Onn = z Z 0;, (1)

x; €neighborhood

i.e.thetargetfunctionis approximatedy a constanin eachneighborhoodlefinedby k. Propertieof £-NN, particularlythe
consisteng andthe asymptoticallyBayes-optimatisk undermary lossfunctions[8, 7], make it appealindgor classification
andestimation.

A naturalextensionto £-NN, in which the neighborsareweightedaccordingto their similarity to the querypoint, leads
to locally-weightedregressionLWR) [5, 3]: theunknawvn functionis assumedo be approximatedocally (within any small
region) by a functionfrom a particularmodelclassg(x; 3). The parameterg arechoserto optimizethe weightediearning
criterionin thetestinputxg,

N
g = arg;ninz do (9(xi, §), 05) K (dx (xi,%0)), (2)
i=1

whereK isthekernelfunctionthatdeterminesheweightfalloff with increasinglistancérom thequerypoint; thesummation
is overthe examplesin the neighborhood.

In robust LWR [4], theinfluenceof outlierson the final estimateis diminishedthrougha shortiterative process.Thisis
a particularly useful safguardwhendealingwith approximateneighborhoodsandwith indirect similarity measuresln a
nutshell,after the modelis fit, the neighborhoodoints are reweightedso that pointswith higherresidualw.r.t. the fitted
valuesbecomdessinfluential.

Therearetwo major obstaclesn the straighforward applicationof example-basednethodso the problemof parameter
estimationfrom images. The first obstacleis the computationalcomplexity of the NN search,particularly in the high-
dimensionakpaceoften encounteredn machinevision tasks. Using approximateNN algorithmssuchasLSH may over-
comethis obstacle.While the ideaof usingLSH in a similar taskhasbeenmentionedby others[14, 2], to the bestof our
knowledgeno experimentsactuallyusingit have beenperformed.

The secondbstaclds therelianceon dx, theimage/featurenetric,which is assumedo be positively correlatedwith dy.
We will shav how to explicitly selecta featurespacdan which dx approximatesly, withoutanexplicit globalmodelof this
relationship. The approximatenearesheighborsretrieved using this spaceare of muchhigherquality that thoseretrieved
usingmoregenericfeaturespaces.



2.2. Locality-Sensitive Hashing

Thefollowing relaxed versionof nearneigborsearchgalled(r, €)-NN, canbe solvedin sublineartime by LSH [12]: if for
aquerypointu thereexistsapointv suchthatd(u, v) < r, thenapointv’ is returnedsuchthatd(u,v’) < (1 + €)r = R.
Otherwisethe absencef suchpointis reported Beforewe summarizeéhe LSH algorithm,we mustdefinewhatis meantby
locality-sensitve.

GiventheexamplespaceX, afamily H of functionsis calledlocality-sensitiveor morespecifically(r, 7(1 + €), p1, p2)-
sensitve, if for any u,v € X,

if d(u,v) < rthenPry (h(u) = h(v)) > p1, (3)
if d(u,v) > (1+ €)r thenPry (h(u) = h(v)) < po, 4)

wherePry, is theprobabilitywith respecto arandomchoiceof h € H. We will assumew.l.0.g.,thateveryh € H is binary.
A E-bit locality-sensitivehashfunction(LSHF) ¢

g(x) = [h1(x), ha(x), .. - , hy(x)]T (5)

constructs hashkey by concatenatinghe bits computedoy arandomlyselectedsetof h4, . . ., hi. Notethatthe probability
of collision for similar pointsis atleastl — (1 — p;)*, while for dissimilarpointsit is at mostp5. A usefulLSHF musthave
p1 > pe @andp; > 1/2.

Thealgorithmpreprocessehe databy storingit independentlynto [ hashtablesindexedby ¢4, . . ., g;. Foraquerypoint
x, thecandidateexamplesarefoundin I correspondindpucketsin thehashtablesandtheexhaustive NN searchs only done
onthoseexamplesijf thealgorithmsucceedsane-NN of x is amongthem.

The valuesof | andk affect both the precisionandthe efficiency of LSH. A large ! increaseshe probability of finding
goodexamplesput alsothe potentialnumberof candidateexamples A large k speedsp the searchby reducingthe number
of collisions,but alsoincreaseshe probability of a miss. Supposéehatour goalis to searchexhaustvely atmost B examples
for eachquery;thensetting

log(1/p1)

k= logy , (%) I = (%) os(/r2) (6)

ensure$12] thatLSH will succeedvith high probability.
Theconstructiorof anefficientsetof LSHFs(with highp; andlow p-) is obviously critical to thesuccessf thealgorithm.
In Section3.1we suggest learningalgorithmfor constructingsucha setfor parameteestimation.

3. Estimation with Parameter-Sensitive Hashing

Let (x1,641),...,(xn,0n) bethetrainingexampleswith their associategharameteralues. We assumehatan exampleis

representetly a D-dimensionafeaturevectorx = [z, ..., 2] wherez/ = ¢;(x) is computedy ascalarvaluedfunction

suchasafilter responseata certainlocationor a bin valuein anedgedirectionhistogramin a certainregion of theimage.
We assumehatthefollowing criteriaaremetby the estimationproblem:

1. A distancefunctiondy is givenwhich measuresimilarity betweerparametewrectors.
2. A radiusR in theparametespacss givensuchthaté, , 62 areconsideredimilariff dy(6;, 62) < R.

3. Thetraining examplesarerepresentatie of the problemspacej.e. for a randomlydravn examplethereexists, with
high probability, anexamplewith similar parametevalues.

4. Theprocesghatgeneratesheexampless unbiasedor it is possibleto correctfor suchbias.

Thedistancdunctionandthesimilarity thresholdaredependenbntheparticulartask,andoftenreflectperceptuasimilarities
betweerthe scene®r objects.Without these gvenevaluationof the estimatiorresultsis impossible.

The third assumptiormay appeara bit vague,andin factits precisemeaningdepend®n the natureof the problem. If
we controlthe examplegeneratiorprocesstherequiredpropertycanbe achiezed by “filling” the spacestoringanexample
in every nodeon an R-grid in parameteispace. This becomesnfeasiblevery quickly asthe dimensionof 6 increases.
Alternatively, it hasbeenobsenedor conjectured13, 19] thatimagesof mary real-world phenomenalo not fill the space
uniformly, but ratherbelongto anintrinsically low-dimensionakubspacegr manifold, anddenselycovering that subspace
is enoughto ensurethethird property



Thelastassumptionis perhapgshemostlimiting. It impliesthattherearenosignificantsource®f variationin theexamples
besideghevariationin the parametersyr thatthecontribution of suchsourcesanbeaccountedor. Thisis possibleén mary
vision problems githerexplicitly, by normalizingthe examplesor implicitly, e.g.by usingfeaturesnvariantwith respecto
the“nuisance”parameters.

3.1. Parameter-sensitive hash functions
Let p1 (k) andp2(h) betheprobabilitiesof collision for similar/differentexamplesfor a givenhashfunction. Clearly;

p1 > Eéi%]h(h)a p2 < Igleagpz(h)- (7)

We know (Section2.2) that a family of hashfunctionsis usefulwhenp, is low andp; is high, andwe are motivatedto
constructi{ from functionsthatachieve this. In [12] quantitieslike p; (k) arederivedin the simplified casewherethe goal
is to find nearneighborsin the input (or image)space. For the parameteestimationtask, wherethe goal is to find near
neighborsn the unknavn parametespaceananalyticderivationof p; (k) andpz(h) is infeasiblesinceh is a measurement
in theimagedomain.

However, we canshaw thatp; (k) andp, (k) have anintuitive interpretationin the context of the following classification
problem.Let usassignto eachpossiblepair of examples(x;, x; ) thelabel

+1if dg(ei,ej) <r,
Yij = —1if dg(ei,ej) > R, (8)
not definedotherwise

wherer = R/(1 + ¢). Notethatwe do not definethe labelfor the “gray area”of similarity betweenr and R, in orderto
conformto Eq. (3).

We cannow formulatea classificatiortaskconsistingof predictingthelabelfor apair of examples A binaryhashfunction
h eitherhasacollision i(x;) = h(x;) or not; we definethe labelpredictedoy / as

+1if h(x;) = h(x;),
—1 otherwise

In(xi, x5) = { 9)

It is now clearthat,wheny is interpretedasa classifier p2 (%) is the probability of a falsepositive, i.e. Pr(g;; = +1]y;; =
—1), andsimilarly 1 — p; (h) is the probability of a falsenegative. Our objective thereforess to find /’s with high prediction
accuray. This canbe doneby evaluating’ on a large setof pairedexamplesfor which true labelscanbe computed.Such
a paired problemsetcan be built from our training set, sincewe know dy, r, R. We shouldbe careful abouttwo things
whenconstructinghe pairedproblem.First, we mustnotincludepairswith similarity within the “gray area”between- and
R. Secondwe shouldtake into accountthe asymmetryof the classificationtask: thereare mary more negative examples
amongpossiblepairsthanthereare positive. Consequentlyin orderto representhe negative examplesappropriatelywe
mustincludemary moreof themin the pairedproblem.

The exact natureof the hashfunctionsh will affect the featureselectionalgorithm. Herewe offer an efficient algorithm
for simplethresholdfunctions

+1if ¢p(x) > T,
—1 otherwise

hgr(x) = {

where ¢(x) is somecontinuousimagefunction and T is a threshold. The classificationimplied by this hashfunction is
thereforeg,, (x;, x;) = h(x;)h(x;).

The searchfor effective hashfunctionsis now a searchfor a setof h, 1 () eachyielding high accurag on the paired
problem.For agiven¢, the optimal T’ canbefoundin two passe®verthe pairedtraining set(seeFigure?).

3.2. Similarity search

Oncean effective setof hashingfunctionsis found, LSH is usedto query the databaseapidly. A queryis performed
by computingthe hashbuckets g1 (%), . - . , g1(x0). Someof the buckets, if not all, may be empty; in the latter case,the
algorithmterminatesn failuremode.



G ven: Feature ¢
Gven: Pairs X = (xi,,Xj,, Un)h-1.
Start with an enpty array A.
T, := nunber of positive pairs
T, := nunber of negatives pairs
for n=1to N do
v = O(Xi, ), v2 = ()
lh =1if v, >v;, 0 otherw se
lo = —I1
A::AU{< vi,li,n >,<’U2,12,7’L>}
end for
At this point A has 2N elenents. Each paired exanple is represented tw ce.
Sort A by the values of v
Sp =S :=0
Chest = Tn
for k=1to 2N do
Let <w,l,n>= Alk]
if yn =41 then

Sp =5, —1

else if y,=—1 then
Sni=8Sn—1

end if

c:=(Th —Sn)+Sp
if c<cpest then
Cpest ‘= C; Thest :=v
end if
end for

Figure 2: Algorithm for PSHF selection. Intuitively, the algorithmtries all possiblethresholdsand countsthe numberof
negative exampleghatareassignedhe samehashvalueandpositivesthatareassignedlifferentvalues.Sincethe exmaples
aresortedby featurevalue,thesequantitiescanbe updatedwith little work. The thresholdjes;is the onethat minimizes
theirsum.

Let X’ bethe union of the non-emptybuckets. The numberM of examplesin X’ canstill be quite large, especiallyif
the numberof hashtablesis large and/orthe numberof hashbits & is small,but M < N with high probability. X"’ is then
exhaustvely searchedo producethe K e-NN x1, ..., x%, orderedoy increasingix (x},xq), with parameter$, ..., 0.
Thesearethe datapointson which we will performlocal regression.

3.3. Local regression

The simplestway to proceeds to returné; asthe answer Therearetwo problemswith this. First, evenif LSH succeeds,
0} canstill beup to R away from the true parameteif theinput, 6y (e.g.,seeFigure6). In mostpracticalsituations the
R for whichit is feasibleto satisfythe representatienesgpropertymentioendaborve is too large to make this anacceptable
solution.A secondproblemis causedy ourinability to directly measurels (6o, 6). We mustrely onthepropertiesof LSHF,
andon the monotonicityof dx with respecto dy, which areusuallynot perfect. Therefore we needa way to correctthe
estimateoncethe approximateneighborhoodasbeenfound.

A possibleway of achiesing this is by usingthe k-NN estimateas a starting point of a gradientdescentsearch[2].
Alternatively, active learningcanbe usedto refinethe “map” of the neighborhood6]. Both approacheshowever, require
anexplicit generatie modelof p(x|#), or “oracle”, which for a givenvalueof § generatesin exampleto be matchedo x,.
While in somecasest is possible(i.e. animationsoftwarewhich would renderobjectswith a givenpose)we would liketo
avoid sucha limitation.

Insteadwe userobustLWR. Sincewe expectthenumberof neighbordo besmall,we uselow-orderpolynomials(constant
or linear) to avoid overfitting. The parametersf LWR in Eq. 2, e.g. the degreeof ¢ (0 or 1) andthe kernelbandwidth,as
well asthe numberof iterationsof reweighting,arechoserbasedn validationsetperformance.



(@)dy = .21, (b) dg = .505, (c)dyp = 1.001 (d)dg =3 (e)dyp = 6.32
dx = .8127 dx = .9674 dx = .8079 dx =.9617 dx = 1.1086
dr =.271 dr = .261 dr = .112 dr = .265 dr =.126

Figure 3: Examplesof positive and negative examplesfrom the paired problem. For eachpair, the true labelis +1 iff
dp < 0.25, i.e. only the leftmostexampleis positive. Distancesdx in featurespaceandd; (normalizedpixel-wise Lo
distanceregivenfor reference.

4. Pose estimation with PSH

We applyouralgorithmto theproblemof recoveringthearticulatedposeof ahumanupperbody. Themodelhas13degreeof
freedom:oneDOF for orientation,namelytherotationangleof thetorsoaroundthe verticalaxis,and12 DOFsin rotational
joints (2 in eachcollar, 3in eachshoulderandl in eachelbow). We do not assumeonstanillumination or fixed posedor
otherbodypartsin theupperbody (headandhands)andthereforeneedto representhevariationin theseandothernuisance
parameterssuchasclothingandhair style,in our training set.

For this application,it is importantto separateéhe problemof objectdetectionfrom thatof poseestimation.Givensimple
backgroundsainda stationarycamerabody detectionandlocalizationis not difficult. In theseexperimentsit is assumed
thatthe body hasbeensegmented scaled,and centeredn the image. For moredifficult scenariosa more complex object
detectionsystemmayberequired.

Inputimagesarerepresenteth our experimentshy multi-scaleedgedirectionhistogramspbtainedn thefollowing way :
edgesredetectedisingtheSobeloperatomandeachpixelis classifiednto oneof four directionbins(x /8, 37 /8, 57 /8, 77 /8).
Then,the histogramsof directionbins are computedwithin sliding squarewindows of varying sizes(8,16, and 32 pixels)
placedat multiple locationsin theimage. The featurespaceconsistof the concatenatedaluesof all of the histogramsWe
chosehisrepresentatiorgftenusedin imageanalysig10], becausét is largely invariantto someof thenuisancgarameters
with respecto pose,suchasillumination andcolor. Figure1(b)illustratesa subsebf the featurespamelyhalf of the 8x8
histogranbins.

Thetrainingsetconsistedf 150,000magesrenderedrom a humanoidmodelusingPOSER [9], with poseparameteval-
uessampledndependentlyanduniformly within certainanatomicallyfeasiblerangesthetorsoorientationis constrainedo
therange[—40°, 40°]. Eachtrainingimageis 180x 200pixels. In our poseestimatiorexperimentstheanglesareconstrained
to [—, 7], sowe usethe sinedistancedefinedas

m

dg(0y,02) =Y 1 — cos(6} — 03) (10)
i=1

wherem is thedimensionof the parametespacgnumberof joint angles),andegi is thei-th componenbf 6;. We foundthat
this distancefunctionusuallyreflectsour perceptiorof posesimilarity (seeFigure3 for examples).

Figure4 shaws thedistribution of pairwisedistancesn thetrainingset. After examininglarge numbersof imagescorre-
spondingo poseswith variousdistacesye setr = 0.25. TheLSH queriesshouldthereforereturnexampleswithin R = 0.5
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Figure4: Distribution of dy in theupperbodytrainingset; R = 0.5.

Model Meanerror(dy)

k=3 k=7 k=12 k=25
kE-NN 1.001 .856 .801 791
LinearLWR 999 .854 .800 .786
ConstanLWR 995 854 .780 .788

RolustlinearLWR 1.180 .887 .799 .740
RolustconstanLWR 1.096 .860 .783 .749

Tablel: Averageerrorfor differentlocal models;notshawvn is theerrorof 1-NN, 2.046.

with high probability. Figure3 shawvs 5 of 1,775,00(pairedexamplesusedby PSHto select269out of 11,270featuresAll
featuresachieve anaccurag betterthan0.4650n the pairedproblem;thisthresholdwvassetto balancehe numberof features
andtheiraccurag. Basedon Eq. 6, PSHwasimplementedsia 200 hashtablesusing18-bit hashfunctions.

To quantitatvely evaluatethe algorithm’s performancewe testedit on 500 syntheticimages,generatedrom the same
model. Table1 shavs the averageerror betweerthe true andestimatecgposesobtainedwith differentlocal learningmodels.
Recallthatdy < 0.5 is considered correctresult. On averagethe PSHreturneds000candidate$or NN; in almostall cases,
thetruenearesheighboraunderdx werealsothetop PSHcandidates.

We also testedthe algorithm on 800 imagesof a real person;imageswere processedy a simple sggmentationand
alignmentprogram.Figure5 shavs afew examplesof poseestimatiomonrealimages.Notethattheresultsin thebottomrow
arenotimagedrom thedatabasejut avizualizationof theposeestimatedvith robustlinearLWR on12-NN asapproximated
by PSH;we usedGaussiarkernelwith the bandwidthsetto the dx distanceto the 12-thneighbor In somecasesthereis
a visible improvementversusthe 1-NN estimatebasedon the top matchin PSH. The numberof candidatesn PSHwas
significantly lower thanfor the syntheticimages- about2000, or 1.3% of the databasethis canbe explainedby the fact
thattwo syntheticimagesare morelikely to have exactly equalvaluesfor mary features.It takesan unoptimizedMatlab
programlessthan2 secondso producethe poseestimatgnotincludingtherendering).Thisis a dramaticimprovementover
searchinghe entiredatabaséor the exact NN, which takesmorethan2 minutesper query andin mostcasegproduceghe
sametop matchesasthe PSH.

Lacking groundtruth for theseimages,we rely on visual inspectionof the poseestimate.For mostof the examplesthe
poseestimatewas accurate;on someexamplesit failed to variousextents. Figures5 and6 shov a numberof examples,
including two definite failures. Note thatin somecaseghe approximatenearesineighboris a poor poseestimate while
robustLWR yieldsa goodfit. We believe thattherearethreemain sourcef failure: significantmismatchbetweeniy and
dx , imperfectsggmentatiorandalignmentandthelimitationsof thetrainingset,in termsof coverageandrepresentatieness
of the problemdomain.
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Figure5: Examplesof upperbodyposeestimation(Sectiond). Top row: inputimages.Middle row: top PSHmatch.Bottom
row: robustLWR (RLWR) estimatebasedon 12 NN.
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Figure6: More examplesjncludingtypical “errors”. In theleftmostcolumn,thegrosserrorin thetop matchis correctedoy
LWR. Therightmosttwo columnsshav varioustypesof errors.



5. Summary and Conclusions

We presentanalgorithmthatusesnew hashing-basedearchtechniquedo rapidly find relevantexamplesin alarge database
of imagedata,andestimateshe parameterfor theinputusingalocalmodellearnedrom thoseexamples Experimentshov
thatour estimationmethod,basedon parametessensitve hashingandrobustlocally-weightedearning,is successfubn the
task of articulatedposeestimationfrom staticinput. Theseexperimentsalso demonstratehe usefulnesof synthetically
createddatafor learningandestimation.

In additionto the useof local regressionto refinethe estimate our work differs from that of others,e.g. [2, 14], in that
it allows accurateestimationwhenexaminingonly a fraction of a dataset.The runningtime of our algorithmis sublinear;
in our experimentsve obseneda speedumf almost2 ordersof magnituderelative to the exhaustve exactnearest-neighbor
searchreducingthe time to estimateposefrom animagefrom minutesto under2 secondwithout adwerselyaffecting the
accurag. We expectanoptimizedversionof the systemto run atrealtime speed.This hasthe potentialof turninginfeasible
example-basedstimationmethoddnto attractive for suchtasks.

Thereare mary interestingquestionsthat remainopen. The learningalgorithm, presentedn Section3.1, implicitly
assumesndependencdetweenthe features;we are exploring more sophisticatedeature selectionmethodsthat would
accountfor possibledependenciesOur experimentsso far have involved estimatingposefrom a single frame, ignoring
temporalconstraintson humanmotion. Finally, aswe mentionecearlier the presentedramework is not specificto pose;we
intendto investigatdts usein otherparameteestimatiortasks.
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