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Recentresearchin visual inferencefrom monocularimageshasshown that discriminatively
trainedimage-basedpredictorscan provide fast, automaticqualitative 3d visual reconstructions
(humanposes,dominantscenegroundplanesor facades)in real scenes.However, the stability
of existing imagerepresentationstendsto beperturbedby deformationsandmisalignmentsin the
trainingset,whichdegradesthequalityof learningandgeneralization.Instead,weadvocatetheuse
of hierarchicalimagedescriptionsin orderto bettertoleratevariability at multiple levelsof detail.
Wecombinemultilevel encodingswith improvedstabilityto geometrictransformations,with metric
learningandsemi-supervisedmanifold regularizationmethodsin orderto furtherpro�le themfor
task-invariance– resistanceto clutter and `within the samehumanposeclass' differences. We
analyzetheeffectivenessof bothdescriptorsandmetric learningmethodsandshow thateachone
cancontribute,oftensubstantially, to better3d humanposeestimatesin clutteredimages.

Existingmethodshavesuccessfullydemonstratedthatbagof featuresor regular-grid basedrep-
resentationsof localdescriptors(e.g. bagof shapecontext features,blockof SIFTfeatures[9, 1,10]
canbe surprisinglyeffective at predicting3d humanposes,but the representationstendto be too
in�e xible for reconstructionin generalscenes.It is moreappropriateto view themastwo useful
extremesof a multilevel, hierarchicalrepresentationof images– a family of descriptorsthat pro-
gressively relaxes block-wise,rigid local spatialimageencodingsto increasinglyweaker spatial
modelsof position/ geometryaccumulatedover increasinglylarger imageregions. Selectingthe
mostcompetitive representationfor an application(a typical setof people,motions,backgrounds
or scales)reducesto eitherdirectlyor implicitly learningametricin thespaceof imagedescriptors,
so thatbothgoodinvarianceanddistinctivenessis achieved,e.g., for 3d reconstruction– suppress
noiseby maximizingcorrelationwithin thedesiredposeinvarianceclass,but keepdifferentclasses
separated,andturn off componentsthat arecloseto beingstatisticalrandomfor the taskof pre-
diction, disregardingtheclass.Our researchrelieson techniquesfrom objectrecognition,metric
learningandsemi-supervisedlearning,asfollows:

� We analyzehierarchical,coarseto �ne multilevel imageencodings,recentlyproposedfor
objectrecognition,for thedifferenttaskof humanposeprediction.This includesHMAX [7],
spatialpyramids[4] andvocabulary trees[6]. Theserepresentationsoffer multiple levelsof
selectivity / invariancethat canbettertoleratedeformation,misalignmentandclutter in the
trainingset.

� We study algorithmsbasedon CanonicalCorrelationAnalysis and Relevant Component
Analysisfor noisesuppressionandmetric learning[2, 8] in orderto re�ne andfurtheralign
theimagedescriptorswithin individual poseinvarianceclasses.

� Weconstructmodelsbasedonbothlabeledandunlabeleddatain orderto make trainingwith
diverse,real-world datapossiblewith existing posepredictionmethods.We extendsemi-
supervisedregressionmodelsto the moregeneralcaseof learningmulti-valuedpredictors.



We follow a manifold regularizationapproach[3] in order to constructsmoothnesspriors
that biasthe modelto give similar posepredictionsfor inputsclosein thedescriptorspace
intrinsicgeometry(asrepresented,say, by thegraphLaplacianof a trainingset).

The threecomponentsarestronglydependentin practice. To make unlabeleddatauseful for
generalization,perceptuallysimilardescriptorshave to beclosein theselectedinputmetric.Learn-
ing anappropriateonebecomesanecessaryintermediatestep.

Figure1: Qualitative 3dreconstructionresultsobtainedon imagesfrom themovie `RunLola Run'
(block of leftmost5 images)andtheINRIA Dalal pedestriandataset(rightmost3 images).(a) Top
rowshows theoriginal images,(b) Bottomrow shows automatic3d reconstructions.
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