MuPPet: Multi-person 2D-to-3D Pose Lifting
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1. Problem statement 3. Method 4. Results
e Main problem: estimating 3D pose of multiple humans in a social in- 1. Architecture: CMU Panoptic Dataset [52]:
teraction (hard due to occlusions) . Diffusion pipeline with transformer backbone (Fig. 2) 1. MuPPet handles multi-person scenario better than single-person
i, " . . . method D3DP, in both absolute and relative space
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2. Model uncertainty over occlusions using diftusion process o Multi-person Spatial modeling: leverages correlations between the - = o
. D3DP [32] 58.2 - -
joints of engaged persons D3DPypsoute [32] 59.1 144.4 135.9
Fig. 1: Multi-Person 3D pose estimation: lifting multi-person pose from 2D to 3D - using spatial relations  Person Encoding: ensures distinguishability of different persons in at- MuPPet 55.3 119.5 108.9
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W | % ? .$§ ndy Tab. 2: Comparson of MuPPEt with multi-person baselines on the CMU Panoptic dataset. All numbers
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| —% | 1. Permute the order of persons in interaction MubyNet [56] 724 788 66.8 72.7
Leveraging Multi-Person Spatial Relations SMAP [22] 63.1 60.3 56.6 60.0
2. Subsample & permute: capture sub-group interaction VirtualPose [14] 54.1 61.6 54.6 56.8
'b . ot : ding (lef) ; | ddine block POTR-3D [19] 60.0 57.0 55.5 57.5
Fig. 3: Example of permutation augmentation. Person’s color coding (left) corresponds to embedding bloc
2 * Contrl utlons (right). From the Original Sample in the middle, we show possible Superset & Subset Permutations. MuPPet S6.1 54.3 S7.1 55.8
1. Novel method for probabilistically pose lifting a dynamic number of | superset | 'cs'n'r'ié}}il'éi """ 3. Qualitative results, show robustness in the wild
s . . . Permutation - ample -
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persons 1n a group interaction across frames to 3D - Permutation Fig. 4: Qualitative results on an in-the-wild setting predicted by MuPPet. We show one frame from the
: : ) - ) : . ) ' : video input and the corresponding three views of the predicted 3D pose from multiple persons in the
2. Efficient intra- and inter [Pt mOdehng with [PHHO]E osed Person En o scene. Our MuPPet demonstrates effective performance in absolute 3D joint prediction, even on highly
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Fig. 2: Overview of our MuPPet pipeline. Given a sequence of detected 2D human pose joints from multiple persons X, we use the diffusion process Ntimes to denoise the 3D random poses Y, to the output absolute 3D pose Y. Inside the i i
denoiser, the spatial transformer and person encoding are applied to capture intra- and inter-person relationships, and a temporal transformer is used to capture the joint relationship across frames. i i
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