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MubyNet - Overview

(Left) Human 80KOurmethodobtainsstate-of-the art results. Addingn attentionmechanisnfor decoding 3d information, furth@mproves
the performance(Right) CMU Panoptic datase©ur methodoerformsbetter than previousvorks even when using only 8dpervisionfrom
[ | Human80K Fin&uning on the CMU Panoptic dataset drastically reduces the error.
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Overview oMubyNet

A Givenanimage k the processingtagesare asfollows:

U DeepFeatureExtractorcomputesimagefeatures! 8

U DeepVolumeEncodingegressed and3d poseinformationvolumes,yr .
(a) Detailedview of a singlestage <of our multi-stageDeepVolumeEncoding2d/ 3d) module

A Theimagefeaturesd | together with predictionsfrom the previousstage,d * and< < , are usedto refine the

joints and predictscorrespondingscoresiis
currentrepresentations! < andd <.

U Skeleton Grouping assembledimbs into skeletons, by solving a binary

|- ' ' 4 1 1l « Al 1 «
integerlinear program A Themulti-stagemoduleoutputsr , whichrepresentsthe concatenatiorof ! |4 m By andY = BgJ ©.

(b) Detailedview of the 3D PoseDecoding& ShapeEstimationmodule

U 3D PoseDecoding& ShapeEstimationproducesthe 3d poseand shape. &,

(—h ).

A Multitask lossesconstrainthe output of the network.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
A Werecoverthe modelposeand shapeparameters(— ) usingan auto-encoder !
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U Limb Scoringcollectsall possiblekinematicconnectionsbetween2d detected
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Examples of posand shapeeconstructions produceday MubyNet



