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Abstract

Example-basedhethodsare effectivefor parameteres-
timation problemswhen the underlying systemis simple
or the dimensionalityof the input is low. For comple
and high-dimensionalproblemssud as poseestimation,
the numberof required examplesand the computational
compleity rapidly becomeprohibitively high. \We intro-
ducea new algorithmthatlearnsa setof hashingfunctions
that efciently index examplesrelevantto a particular es-
timationtask. Our algorithm extendsa recentlydeveloped
methodfor locality-sensitivehashing which nds approxi-
mateneighbosin timesublinearin thenumberfexamples.
Thismethoddependsritically on the choiceof hashfunc-
tions; weshowhowto nd thesetof hashfunctionsthatare
optimally relevantto a particular estimationproblem. Ex-
perimentsdemonstate that the resultingalgorithm, which
we call ParameterSensitiveHashing can rapidly and ac-
curatelyestimatehearticulatedposeof human gur esfrom
a large databaseof exampleimages.

1. Intr oduction

Many problemsin computervision canbe naturallyfor-
mulatedas parameterestimationproblems: given an im-
ageor a video sequence, we estimatethe parameters
of a model describingthe sceneor the object of interest.
Examplesinclude estimationof the con guration of anar
ticulated body, the contractionof musclesin the face, or
the orientationof arigid object. Example-basedstimation
methodsapitalizeontheavailability of alargesetof exam-
plesfor which the parametewaluesareknown: they infer
the parametewaluesfor the input from the known values
in similar examples.This doesnot requiremodelingglobal
structureof the input/parameterelationshipwhichis only
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assumedo be sufciently smoothto make suchinference
meaningful.

Classicmethodgor example-basetkarning,suchasthe
k-nearestneighborrule (k-NN) and locally-weightedre-
gression(LWR), are appealingdueto their simplicity and
theasymptoticoptimality of theresultingestimators How-
ever, the computationacomplexity of similarity searchin
high-dimensionakpacesand on very large datasetshas
madethesemethodsnfeasiblefor mary vision problems.

In thispapemwedescribeanewn example-basedlgorithm
for fastparameteestimationusinglocal models,which are
dynamicallybuilt for eachnew inputimage.We overcome
the problemof computationalcomplexity with a recently
developedalgorithmfor fastapproximateneighborsearch,
Locality-Sensitve Hashing (LSH)[11]. The training ex-
amplesareindexed by a numberof hashtables,suchthat
the probability of collision is large for examplessimilar in
their parameterandsmall for dissimilarones. For practi-
cal problems,suchasposeestimation,goodresultscanbe
achieved with a speedugfactorof 10° to 10* over an ex-
haustve searchin adatabasaslargeas10°® examples.

What onereally wantsis to basethe estimateon exam-
plessimilarto theinputin their parametevaluesaswell as
in theinput space Note, however, thatwhile LSH provides
atechniqudor quickly nding closeneighbordn theinput
spacetheseare not necessarilycloseneighborsin the pa-
rameterispace An exactsolutionfor this taskwouldrequire
knowledgeof the parametewaluesfor theinput - precisely
theproblemoneneedgo solve!

The main contribution of this paperis Parameter
Sensitve Hashing(PSH), an extensionof LSH. PSHuses
hashfunctionssensitve to the similarity in the parameter
spaceandretrievesapproximatenearesheighborsin that
spacein sublineartime. Thekey constructioris a new fea-
turespacedhatis learnedrom examplesn orderto moreac-
curatelyre ect the proximity in parametespace We shav
how theobjective of parametesensitvity canbeformulated
in termsof a classi cation problem,and proposea simple
andef cient algorithmfor evaluatingthis objectve andse-
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Figure 1. Pose estimation with parameter -sensitive hashing and local regression.

lecting parametessensitve hashfunctions.Finally, thegoal
estimatds producedy robustLWRwhich usegheapprox-
imateneighborgo dynamicallybuild asimplemodelof the
neighborhoodf the input. To our knowledge, this is the
rst useof an LSH-basedechniquewith local regression.
Ourapproachis illustratedin Figurel.

Theremaindeof this paperis organizedasfollows. Pre-
viouswork is reviewedin Section2. The PSHalgorithmis
presentedn Section3 (the algorithmfor constructingef -
cienthashfunctionsis describedn Section3.1). We eval-
uateour framework on anarticulatedposeestimationprob-
lem: estimatingthe poseof a humanupperbody from a
singleimage. The detailsof the taskandour experiments
aredescribedn Section4. We concludeanddiscusssome
openguestionsn Section5.

2. Background and previous work

The body of literature on object parameterestimation
fromasingleimage,andin particularonestimatinghepose
of articulatedbodies,is very large, and spaceconstraints
forceusto mentiononly work mostrelatedto ourapproach.

In [17] 3D poseis recoveredfrom the 2D projectionsof
a numberof known featurepointson an articulatedbody:.
Otheref cient algorithmsfor matchingarticulatedpatterns
aregivenin [9, 15]. Theseapproachesssumehatdetec-
tors are available for speci ¢ featurelocations,andthat a
globalmodelof thearticulationis available.In [14] a shape
contt' featurevectoris usedto represengeneralcontour
shape.In [16], the mappingof a silhouetteto 3D poseis
learnedusing multi-view training data. Thesetechniques
weresuccessfulbut they wererestrictedo contourfeatures
andgenerallyunableto useappearancwithin asilhouette.

Finally, in [1] a handimage was matchedto a large
databasef renderedorms, using a sophisticatedimilar
ity measureon imagefeatures. This work is mostsimilar
to oursandin partinspired our approach. However, the
compleity of nearesheighborsearchmakesthis approach
dif cult to apply to the very large numbersof examples
neededor generalarticulatedposeestimationwith image-
basedlistancemetrics.

We approachposeestimationas a local learningtask,
andexploit recentadvancesn locality- sensitve hashingo
malke example-basedearningfeasiblefor poseestimation.
We review eachof thesetopicsin turn.

2.1 Example-basedestimation

The task of example-basegarameteestimationin vi-
sioncanbe formulatedasfollows. Input, which consistf
imagefeaturege.g.edgemap,vectorof responsesf a Iter
set,or edgedirectionhistogramsomputecbn the original
image,is assumedo be generatedy anunknovn paramet-
ric procesx = f () (e.g., isavectorof joint anglesin
thearticulatedposecontext. A trainingsetof labeledexam-

o astheinverseof f for anovelinputxy. Theobjectveis
to minimizetheresidualin termsof the distancgsimilarity
measurell in theparametespace.

Methodsbasedn nearesheighbor{NN) areamongthe
oldesttechniquedor suchestimation. The k-NN estimate
[7] is obtainedby averagingthe valuesfor the k training
examplesmostsimilar to theinput:

1 X
N = Z i (1)

Xi 2 neighborhood

i.e. the target function is approximatedby a constantin
eachneighborhoodle ned by k. This estimates known to
be consistentandto asymptoticallyachieze Bayes-optimal
risk undermary lossfunctions[7]. Note that similarity is
measuredhn termsof thedistancedy in theinputspace.

A naturalextensionto k-NN, in whichthe neighborsare
weightedaccordingto their similarity to the query point,
leadgto locally-weightedegressio(LWR) [5, 2]: thetarget
functionis approximatedocally (within any smallregion)
by a function from a particularmodel classg(x; ). The
parameters arechoserto optimizethe weightedlearning
criterionin thetestinputxo,

= argmin d (g(xi; )i i) K (dx (Xi;Xo0)) ;
Xi 2 neighborhood

)



whereK is the kernelfunction that determineghe weight
falloff with increasingdistancedrom the querypoint.

In robustLWR [4], thein uence of outliersis diminished
througha shortiterative processIn eachiterationafterthe
modelis t, theneighborhoogbointsarere-weightedsothat
pointswith higherresidualw.r.t. the tted valuesbecome
lessin uential.

Therearetwo major problemswith the straightforward
applicationof example-basethethoddo parameteestima-
tion in vision. The rst is the computationatomplexity of
theexisting NN searchalgorithms particularlyin the high-
dimensionakpaceoften encounteredhn vision tasks. Us-
ing fastapproximateNN algorithmsmayovercomethis ob-
stacle. The ideaof usingapproximateNN hasbeenmen-
tionedin previouswork for objector texture classi cation
[3, 10], andfor the estimationtasks[13, 1]. However to
our knowledgeno experimentausingrecentalgorithmsfor
estimatiorntaskshave beenconducted.

The secondproblem,not immediatelysolved by adopt-
ing anef cient similarity searchalgorithm,is therelianceof
thesearchondy , thefeaturemetric,without explicitly tak-
ing into accound . Wewill shov how to explicitly selecta
featuresubspacén which dy approximatesl , without an
explicit globalmodelof this relationship.The approximate
NN in this spaceare of much higherrelevancethat those
retrievedusingdistancen theoriginal featurespaces.

2.2 Locality-Sensitive Hashing

The following problem,called(r; )-NN, canbe solved
in sublineartime by LSH [11]: if for a querypointu there
existsa training pointv suchthatd(u;v) r, then(with
high probability) a point v %is returnedsuchthatd(u; v°)

(1 + )r. Otherwise the absencef suchpointis reported.
We shallnow de ne theterm“locality-sensitve” andsum-
marizethe LSH algorithm.

A family H of functions over X is called locality-
sensitiveor morespeci cally (r;r(1+ ); p1; p2)-sensitve,
if foranyu;v 2 X,

if d(u;v) r thenPr(h(u) = h(v)) pi;
(3)

if d(u;v) > (1+ )r then PHr (h(u) = h(v))  p2;
where Pry is the probability with respectto a random
choiceof h 2 H. We will assumew.l.0.g., that every

h 2 H is binaryvalued.
A k-bit locality-sensitivehashfunction(LSHF)

bility of collision for similarpointsis atleastl (1 p1)*,

while for dissimilarpointsit is at mostpk. A usefulLSHF
musthavep; > pp andp; > 1=2.

In the preprocessingstage, each training example is
enteredinto | hashtablesindexed by independentlycon-
. For a query point xo, the exhaustve
searchs only carriedout amongthe examplesin theunion
of | hashbucketsindexedby xg. If thealgorithmsucceeds,
thesecandidatesncludean(r; )-NN of xg.

Thevaluesof | andk affectboththeprecisionandtheef-
ciency of LSH. A largel increaseshe probability of suc-
cess,but alsothe potentialnumberof candidatesxamples
(andthustherunningtime). A largek speedsipthesearch
by reducingthe numberof collisions,but alsoincreaseshe
probability of amiss. Supposehatour goalis to searchex-
haustvely atmostB examplesfor eachquery;thensetting

log (1=p4)
log (1=p 2)

N N
k = log;-p, B ;= B (5)
ensureqd11] that LSH will succeedwith high probability.
Its expectedquerytimeis O dN'=(1* )  whichtranslates
into a factor 1000 speedupcomparedto exhaustve exact
searchifor N = 10°;, = 1.

Theconstructiorof anef cient setof LSHFs(with high
p: andlow py) is obviously critical to the succesf the
algorithm. In the next sectionwe developa learningalgo-

rithm for constructingsucha setfor parameteestimation.

3. Estimation with Parameter-Sensitve Hash-
ing

computedby a scalarvaluedfunction ; ontheinputim-
age,suchasa Iter responset a certainlocationor a bin
countin edgedirectionhistogramin a certainregion. We
assumehefollowing:

1. A distancefunctiond is givenwhich measuresimi-
larity betweerparametevectorsandaradiusR in the
parameteispaceis given suchthat ;; , areconsid-
eredsimilariffd ( 1; 2) < R.

2. Thetraining examplesare representatie of the prob-
lem space,i.e. for a randomlydravn examplethere
exists, with high probability, an examplewith similar
parameteralues.

3. The processhat generateshe examplesis unbiased,
or it is possibleto correctfor suchbias.

The distancefunction and the similarity thresholdare de-
pendenton the particulartask,andoftenre ect perceptual
similaritiesbetweerthe scene®r objects.



The secondassumptiormay appeara bit vague,andin
factits precisemeaningdepend®n the natureof the prob-
lem. If we controlthe examplegeneratiorprocesswe can
attemptto“ II” thespacestoringanexamplein everynode
on an R-grid in parameterspace. This becomesnfeasi-
ble very quickly asthe dimensionof increasesAlterna-
tively, it hasbeenoften obsened or conjectured12, 18]
thatimagesof mary real-world phenomenalo not Il the
spaceuniformly, but ratherbelongto an intrinsically low-
dimensionamanifold, and denselycovering that manifold
is enoughto ensurethis property

Thelastassumptionmpliesthatthereareno signi cant
sourcesf variationin theexampleshesideghevariationin
the parameterspr thatthe contribution of suchsourcesan
be accountedor. While perhapdimiting, this is possible
to comply with in mary vision problems eitherexplicitly,
by normalizingthe examples,or implicitly, e.g. by using

featuresnvariantwith respecto the“nuisance’parameters.

3.1 Parameter-sensitve hashfunctions

For a hashfunctionh, let p1(h) andp.(h) bethe prob-
abilities of collision for similar/differentexamples. Recall
(Section2.2) that a family of hashfunctionsH is useful
when, averagedover h 2 H, pz(h) is low and psi(h) is
high. In [11] quantitieslike p1(h) arederivedfor thetask
of nding neighborsn the input space.For the parameter
estimationtask, wherethe goalis to nd neighborsin the
unknowvn parametespaceanalyticderivationof p; (h) and
p2(h) is infeasiblesinceh is a measuremenn the image
domain.

However, we canshaw thatp; (h) andp,(h) have anin-
tuitive interpretationin the contet of the following clas-
si cation problem. Let us assignto eachpossiblepair of
examples(x;; x; ) thelabel

8

2+1ifd (45 5)<r;

o Lifd (i) > R; (6)
" notde ned otherwise

Yij =

wherer = R=(1+ ). Notethatwe do notde ne thelabel
for the “gray area”of similarity betweerr andR, in order
to conformto Eq. (3).

We can now formulate a classi cation task relatedto
theselabels. A binary hashfunction h eitherhasa colli-
sionh(x;) = h(x;) or not; we saythath predictsthelabel

(
+1 if h(x;) = h(x;)
1 otherwise

(collision);

h(Xi;xj) = (7)

Thus,whenh is interpretedasaclassi er, p2(h) is theprob-
ability of a falsepositive Pr(¢; = +1jy; = 1), and
similarly 1 py(h) is the probability of a false negative.

Our objective thereforeis to nd h's with high prediction
accurag. This canbe doneby evaluatingh on a large set
of pairedexamplesfor which true labelscanbe computed.
Suchapairedproblemsetcanbebuilt from ourtrainingset,
sinceweknowd ;r; R.

We shouldbe carefulabouttwo thingswhenconstruct-
ing the pairedproblem. First, we mustnot include pairs
with similarity within the “gray area” betweenr and R.
Secondwe shouldtake into accountthe asymmetryof the
classi cationtask: therearemary morenegative examples
amongpossiblepairsthantherearepositive. Consequently
in orderto representhe negative examplesappropriately
we mustincludemary moreof themin the pairedproblem.

The exact natureof the hashfunctionsh will affect the
featureselectionalgorithm. Herewe considerh which are
decisionstumps:

¢
+1if (x) T;

ht (x)=
™ (X) 1 otherwise

where (x) is a real-valuedimage function and T is a
threshold. The searchfor effective hashfunctionsis now
asearchfor asetof h.t with high accurag onthe paired
problem.Figure2 shawvs analgorithmwhich for a given
nds theoptimal T in two passesver the pairedtraining
set. Intuitively, it tries all possibledistinct thresholdsand
countsthe numberof negative examplesthat are assigned
the samehashvalue and positivesthat are assignediffer-
entvalues.Sinceexamplesaresortedby featurevalue these
guantitiescan be updatedwith little work. The threshold
ThestiS the onethatminimizestheir sum.

3.2 Similarity search

Onceaneffective setof hashingunctionsis found,LSH
is usedto querythe databaseagidly, and nds the union
of the | hashbuckets, X° = ~/_ g (xo). LetM be
the numberof distinct pointsin X % with high probability
M N (if M = 0 the algorithmsterminatesin fail-
ure mode). X %is exhaustiely searchedo producethe K

points,which with high probability, belongto an approxi-
mateneighborhoof x¢ bothin the parameteandin the
inputspaces.

3.3 Local regression

The simplestway to proceedis to return ¢ asthe an-
swer Therearetwo problemswith this. First 2 canbeup
to R away from thetrue parameteof theinput, o. Often,
the R for which it is feasibleto satisfythe representatie-
nesspropertymentionedabove is too large to make this an
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an empty array A.
Tp = number of positive pairs
Tn := number of negative pairs
for n=1to N do
vi = (Xi,);Vve =
l{ == 1 if
|2 = |1
A=A f<vili;n>; < vy l;n>g
end for
At this point A has 2N elements.
paired example is represented twice.
Sort A by the values of v
Sp =S =0
Coest = Tn
for k=1t 2N do
Let < v;l;n>= A[K]
if yn=+1 then
Sp =S |
else if y,=
Shi=Sn |
end if
c:=(Th Sn)+ Sp
if C< Cpest then
Coest = C; Thest (= V
end if
end for

(Xin)

Vi, > Vj,, 0 otherwise

Each

1 then

Figure 2. Algorithm for PSHF evaluation in the
case of decision stumps (see Section 3).

acceptablesolution (seeFigure5 for examples). The sec-

ond problemis causeddy our inability to directly measure
d ( o; ); thesearchrelieson the propertiesof LSHF, and

on the monotonicityof dx with respectto d , which are

usuallynot perfect.We needa robustestimatebasedon the

approximateneighborhoodound by PSH.

A possibleway of achieving this is by usingthe k-NN
estimateas a starting point of a gradientdescentsearch
[1]. Alternatively, active learningcanbe usedto re ne the
“map” of theneighborhood6]. Both approachedowever,
requirean explicit generatie modelof p(xj ), or an“ora-
cle”, which for agivenvalueof generatesin exampleto
be matchedto xo. While in somecasest is possible(e.qg.
animatiorsoftwarewhichwould renderobjectswith agiven
pose)we would lik e to avoid sucha limitation.

Instead we userobustLWR. Sincewe expectthe num-
ber of neighborsto be small, we uselow-order polynomi-
als(constanbr linear)to avoid over tting. The parameters
of LWR in Eqg. 2, e.g. the deggreeof g (0 or 1) andthe
kernelbandwidth,aswell asthe numberof iterationsof re-
weighting,canbe choserbasedn validationset.

4. Poseestimation with PSH

We appliedour algorithmto the problemof recovering
thearticulatedposeof a humanupperbody. Themodelhas
13dgyreesnf freedom:oneDOFfor orientationnamelythe
rotationangleof the torsoaroundthe vertical axis,and12
DOFsin rotationaljoints (2 in eachcollar, 3 in eachshoul-
der, and1 in eachelbon). We do not assumeconstantil-
luminationor x edposedor otherbody partsin the upper
body (headandhands)andthereforeneedto representhe
variationin theseand other nuisanceparameterssuchas
clothingandhair style,in ourtrainingset.

For this application,it is importantto separatehe prob-
lem of objectdetectionfrom thatof poseestimation.Given
simple backgroundsand a stationarycamera,body detec-
tion andlocalizationis not dif cult. In the experimentse-
portedhere,it is assumedhatthe bodyhasbeensggmented
from backgroundscaled,and centeredn the image. For
more dif cult scenariosa more complex objectdetection
systemmayberequired.

Input images are representedn our experimentsby
multi-scaleedce direction histagrams Edgesare detected
using the Sobel operatorand each edge pixel is classi-
ed into oneof four directionbins: =8;3 =8;5 =8;7 =8.
Then,the histogramf directionbinsarecomputedwithin
sliding squarewindows of varying sizes(8, 16, 32 pixels)
placedat multiple locationsin theimage.Thefeaturespace
consistf theconcatenatedaluesof all of thehistograms.
We chosethis representationoften usedin image analy-
sisandretrieval, becausat is largely invariantto someof
the nuisanceparametersvith respectto pose,suchasillu-
minationandcolor. Figure 1(b) illustratesa subsetof the
featuresnamelyhalf of the8 8 histogrambins.

The training set consistedof 150,000imagesrendered
from a humanoidmodel using POSER [8], with param-
eter values sampledindependentlyand uniformly within
anatomicallyfeasibleranges;the torso orientationis con-
strainedto therange[ 40°;40°]. Eachtraining imageis
180 200pixels.In ourmodel,all anglesareconstrainedo
[ ; ], soassimilarity measurave use

xn
d(1; 2)= 1
i=1

cos(y ) (8)

wherem is the dimensionof the parametespace(number
of joint angles),and ]' is the i-th componenbof ;. We
found that this distancefunction usually re ects our per
ceptionof posesimilarity (seeFigure3 for examples).
After examining large numbersof imagescorrespond-
ing to poseswith variousdistanceswe setr = 0:25 and
= 1. An LSH queryis thereforeconsideredsuccessful
if it returnsexampleswithin R = 0:5 of theinput. Analy-
sisof thedistribution of d over pairsof trainingexamples
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(b)d = 0:147 (c)d = 0:203 (d)d = 1.085 (e)d = 4:782
dx = 0:.053 dx = 0:052 dx = 0:063 dx = 0:060
d = 1.316 dy = 3:557 d = 3631 d = 3:486
Figure 3. Positive and negative paired examples. For each image in (b)-(e), the 1 label of the

pair formed with (a) is based on the distance d to the underl ying parameter s of (a), with similarity
threshold r = 0:25. dx and the root mean squared pixel distances d, are given for reference.

revealsthatonly about0:05% of the pairsconstitutea posi-

tive exampleby this criterion (thedistribution appearso be

roughlylog-normal).Figure3 shows 5 of 1,775,000paired
examplesusedby PSHto select269out of 11,270features.
All featuresachiere an accurag betterthan0.4650n the

pairedproblem;this thresholdwassetto balancethe num-

berof featuresandtheiraccurayg. BasedbnEq. 5, PSHwas
implementedvia 200 hashtablesusing 18-bit hashfunc-

tions.

Model k=7 k=12 k = 50

k-NN 0.882039) 0.844035 0.814(03y
Linear 0.957047 0.968049 1.284 069
constLWR 0.882039 0.843036 0.8100.31)
linearLWR 0.885040) 0.843036 0.8080.31)
robustconstLWR | 0.9300.49 0.825041 0.7550.32)
robustlinearLWR | 1.0290ss 0.883046) 0.7380.33

Table 1. Mean estimation error for synthetis
test data, over 1000 examples. Standard de-
viation shown in parentheses. Not shown is
the baseline error of 1-NN, 1.614 (0.88)

To quantitatvely evaluatethe algorithm's performance,
we testedit on 1000syntheticimages,generatedrom the
samemodel. Table1 summarizedhe resultswith different
methodsof tting a local model; 'linear' refersto a non-
weightedlinearmodel t to the neighborhoodOn average
PSHsearched100candidatesabout3.4%of thedata,per
input example;in almostall casesthe true nearesneigh-
borsunderdy werealsothetop PSHcandidates.

The resultscon rm some intuitive expectations. As
the number of approximateneighborsusedto construct
the local modelincreasesthe non-weightedk-NN suffers
from outliers,while the LWR improve; the gainis notice-
ably higherfor the robust LWR. Sincehigherordermod-

elsrequiremoreexamplesfor agood t, theorderl LWR

only becomesetterfor large neighborhoodsizes(50 and
higher). Over all, theseresultsshov consistentadvantage
to LWR.

We alsotestedthealgorithmon 800imagesof arealper
son;imageswere processedby a simple segmentationand
alignmentprogram.Figure4 shavs afew examplesof pose
estimationon realimages.Note thatthe resultsin the bot-
tom row arenotimagesfrom the databasehut a visualiza-
tion of theposeestimatedvith robustlinearLWR on12-NN
asapproximatedy PSH;we usedGaussiarkernelwith the
bandwidthsetto thedy distanceto the 12-th neighbor In
somecasesthereis avisibleimprovementversushe 1-NN
estimatebasedon the top matchin PSH. The numberof
candidatesn PSHwassigni cantly lower thanfor the syn-
theticimages- about2000, or 1.3% of the databasethis
canbe explainedby the factthattwo syntheticimagesare
morelik ely to have exactly equalvaluesfor mary features.
It takesanunoptimizedMatlabprogramlessthan2 seconds
to producethe poseestimate(not including the rendering).
This is a dramaticimprovementover searchingthe entire
databaséor theexactNN, whichtakesmorethan2 minutes
perquery andin mostcasegproduceshesametop matches
asthePSH.

Lackinggroundtruthfor theseémageswe rely onvisual
inspectiorof the posefor evaluation.For mostof theexam-
plesthe poseestimatewas accurate;on someexamplesit
failedto variousextents.Figures4 and5 shov a numberof
examplesjncludingtwo de nite failures.Notethatin some
caseghe approximatenearesheighboris a poor poseesti-
mate,while robustLWR yieldsa good t. We believe that
therearethreemainsource®f failure: signi cant mismatch
betweerd anddy , imperfectsggmentatiorandalignment,
andthe limitations of the training set,in termsof coverage
andrepresentatienesof the problemdomain.



€D

INPUT

TOPMATCH

LWR

Figure 4. Examples of upper body pose estimation (Section 4). Top row: input images. Middle row:
top PSH match. Bottom row: robust constant LWR estimate based on 12 NN. Note that the images
in the bottom row are not in the training database - these are rendered only to illustrate the pose
estimate obtained by LWR.
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LWR

Figure 5. More examples, including typical “err ors”. In the leftmost column, the gross error in the top
match is corrected by LWR. The rightmost two columns show various degrees of error in estimation.



5. Summary and Conclusions

We presentan algorithm that usesnew hashing-based
searchtechniquesto rapidly nd relevant examplesin a
large databasef imagedata,andestimateghe parameters
for theinput usinga local modellearnedfrom thoseexam-
ples. Experimentshaow thatour estimationmethod,based
on parametessensitve hashingandrobustlocally-weighted
regressionjs successfubn the taskof articulatedposees-
timation from staticinput. Theseexperimentsalsodemon-
stratethe usefulnes®f syntheticallycreateddatafor learn-
ing andestimation.

In addition to the use of local regressionto re ne the
estimate pur work differsfrom thatof others,e.g. [1, 13],
in thatit allows accurateestimationwhenexaminingonly
a fraction of a dataset.The runningtime of our algorithm
is sublinear;in our experimentswe obsered a speedupf
almost2 ordersof magnitudeelativeto theexhaustveexact
nearest-neighbaearchreducingthetime to estimatepose
from an imagefrom minutesto under2 secondswithout
adwerselyaffecting the accurag. We expectan optimized
versionof the systemto run at real time speed. This has
thepotentialof turninginfeasibleexample-basedstimation
methodsnto attractive for suchtasks.

Therearemary interestingquestionghat remainopen.
Thelearningalgorithm,presentedn Section3.1,implicitly
assumefdependencbetweerthefeatureswe areexplor-
ing moresophisticatedeatureselectiormethodghatwould
accountfor possibledependenciesMoreover, it shouldbe
pointedout thatthereexist fastalgorithmsfor approximate
similarity searchotherthanLSH. It remainsanopenques-
tion whetherthosealgorithmscanbe modi ed for param-
eter sensitvity and becomeuseful for estimationtasksin
vision, replacingLSH in our framework.

Finally, aswe mentionedearlier the presentedrame-
work is notspeci ¢ to pose;we intendto investigatdts use
in otherparameteestimationtasks.
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