Hierar chical Models for 3D Visual Infer ence

Atul Kanauji&, CristianSminchisesclandDimitris Metaxas
YTTI-C, crismin@n@oya.udicago.eduftic.uchicago.edu/Crismin
“RutgersUniversity, {kanaujia,dnm}@cs.rutgrs.edu,
wwwcs.rutgers.edu/{kanaujia,dnm}

Recentresearchn visual inferencefrom monocularimageshasshavn that discriminatvely
trainedimage-basegbredictorscan provide fast, automaticqualitative 3d visual reconstructions
(humanposes,dominantscenegroundplanesor facades)n real scenes.However, the stability
of existing imagerepresentationgendsto be perturbedoy deformationsandmisalignmentsn the
trainingset,which degradeghequality of learningandgeneralizationlnsteadwe adwocatetheuse
of hierarchicaimagedescriptionsn orderto bettertoleratevariability at multiple levels of detalil.
We combinemultilevel encodingsvith improvedstability to geometridransformationsyith metric
learningandsemi-supervisedhanifold regularizationmethodsin orderto furtherpro le themfor
task-irvariance— resistanceo clutter and ‘within the samehumanposeclass' differences. We
analyzethe effectivenessof both descriptorsandmetriclearningmethodsandshav thateachone
cancontrikute, oftensubstantiallyto better3d humanposeestimatesn clutteredimages.

Existingmethodshave successfullidemonstratethatbagof featuresor regulargrid basedep-
resentationsf localdescriptorge.g. bagof shapecontet featuresplock of SIFT featureg9, 1, 10|
canbe surprisinglyeffective at predicting3d humanposes put the representationsendto be too
in e xible for reconstructionn generalscenes.lt is moreappropriateo view themastwo useful
extremesof a multilevel, hierarchicalrepresentationf images— a family of descriptorghat pro-
gressiely relaxes block-wise,rigid local spatialimageencodinggo increasinglywealer spatial
modelsof position/ geometryaccumulatedver increasinglylarger imageregions. Selectingthe
mostcompetitve representatioor an application(a typical setof people,motions,backgrounds
or scalesyeducego eitherdirectly or implicitly learninga metricin thespaceof imagedescriptors,
sothatbothgoodinvarianceanddistinctivenesss achiered, e.g., for 3d reconstructionr- suppress
noiseby maximizingcorrelationwithin the desiredooseinvarianceclass but keepdifferentclasses
separatedandturn off componentghat are closeto beingstatisticalrandomfor the task of pre-
diction, disregardingthe class. Our researctrelieson techniqguegrom objectrecognition,metric
learningandsemi-supervisettarning,asfollows:

We analyzehierarchical,coarseto ne multilevel imageencodingsyecentlyproposedor
objectrecognition for thedifferenttaskof humanposeprediction.ThisincludesHMAX [7],
spatialpyramids[4] andvocalulary trees[6]. Theserepresentationsffer multiple levels of
selectvity / invariancethat canbettertoleratedeformation,misalignmen@andclutterin the
trainingset.

We study algorithmsbasedon CanonicalCorrelation Analysis and Relevant Component
Analysisfor noisesuppressiomndmetriclearning[2, 8] in orderto re ne andfurtheralign
theimagedescriptoravithin individual poseinvarianceclasses.

We construcimodelsbasedn bothlabeledandunlabeleddatain orderto make trainingwith
diverse,real-world datapossiblewith existing posepredictionmethods. We extend semi-
supervisedegressionmodelsto the more generalcaseof learningmulti-valuedpredictors.



We follow a manifold regularizationapproach3] in orderto constructsmoothnesgriors
that biasthe modelto give similar posepredictionsfor inputsclosein the descriptorspace
intrinsic geometry(asrepresentedsay by the graphLaplacianof atrainingset).

The threecomponentsare strongly dependenin practice. To make unlabeleddatauseful for
generalizationperceptuallysimilar descriptorsiave to beclosein theselectednput metric. Learn-
ing anappropriateonebecomes necessaryntermediatestep.

Figurel: Qualitative 3d reconstructiomesultsobtainedonimagesfrom the movie "RunLola Run'
(block of leftmost5 images)andthe INRIA Dalal pedestriardataset{rightmost3 images).(a) Top
row shavs the originalimages(b) Bottomrow shavs automatic3d reconstructions.

Topic: visual processingand pattern recognition
Preference: oral/poster

References

[1] A. Agarwal and B. Triggs. A local basisrepresentatiorior estimatinghumanposefrom cluttered
images.In ACCV, 2006.

[2] A. Barhillel, TomerHertz, Noam Shentaland DaphnaWeinshall. Learningdistancefunctionsusing
equialencerelations.In ICML, 2003.

[3] M. Belkin, P. Niyogi, andV. Sindhwani. On manifoldregularization.ln AISTATS 2005.

[4] S.Lazebnik,C. Schmid,andJ. Ponce.Beyondbagsof features:Spatialpyramid matchingfor recog-
nizing naturalscenecategories.ln CVPR 2006.

[5] Y.LeCun,L. Bottou,Y. Bengio,andP. Haffner. Gradient-basetbarningappliedto documentecogni-
tion. Proc. of IEEE, 1998.

[6] D. NistérandH. Stéwenius.Scalablerecognitionwith avocalularytree.In CVPR 2006.

[7] T. SerreL Wolf, andT. Poggio. Objectrecognitionwith featuresnspiredby visual cortex. In CVPR
pages994-1000WashingtonDC, USA, 2005.

[8] J.Shave-TaylorandN. Cristianini. KernelMethodsfor Pattern Analysis CambridgeJniversityPress,
2004.

[9] C. SminchisescuA. Kanaujia,Z. Li, andD. Metaxas. Discriminative Density Propagatiorfor 3D
HumanMotion Estimation.In CVPR volumel, pages390-3972005.

[10] C.SminchisescuA. Kanaujia,andD. Metaxas LearningJointTop-dovn andBottom-upProcessefor
3D Visuallnference.ln CVPR 2006.



