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Analysis-li Results on 3D Datasets
BEDLAM-GT bodies in HMR2.0 camera Similar 2D Alignment, Different 3D Pose Training Niethiod EMDB (ICCV 2023) 3DPW (ECCV 2018)
A Datasets MVE MPJPE PA-MPJPE | MVE MPJPE PA-MPJPE
f = |~ SD HybrlK (CVPR 2023) 122.2 103.0 65.6 94.5 80.0 48.8
| Keeping 2D alignment, \ SD CLIFF (ECCV 2022) 122.9  103.1 68.8 81.2 69.0 43.0
-~ —————————— SD HMR2.0 (ICCV 2023) 120.1 97.8 61.5 84.1 70.0 44.5
‘ how much can 3D vary? BL TokenHMR 104.2 88.1 49.8 86.0 70.5 43.8
1. Most 3D human pose estimation methods train on real images with 2D keypoints and/or | - . | o | SD + ITW + BL | HMR2.0 120.7 99 3 62.8 38 4 77 4 47 4
Observations | 3P Pseudo ground-truth. FIASH it S'dz'v'.ew 2[')3 fJeCte.dt Fror(‘jt"’.'ew S'dz'v'.ew 2['; fJeCtG?dt SD + ITW + BL | HMR2.0 + TALS 1157 96.7 58.5 89.6 735 46.8
2. This helps with robustness and generalization. rendering  rendering Sypoints ISHCCing PRSI =YROIMES SD + ITW + BL | HMR2.0 + Token 116.1  95.6 62.2 86.6  75.0 48.0
3. Methods trained on such data exhibit good image alignment but poor 3D accuracy. SD +ITW +BL | HMR2.0 + TALS + VPoser (CVPR 2019) | 1168 97.9 56.4 87.1 73.7 45.7
_______________________________________________________________________________________ SD + ITW + BL | TokenHMR 109.4 91.7 55.6 84.6 71.0 44.3
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Need for Tokenization N
S cod Peoudo Ground.Truth Simplified Camera oD Jorts Problem: With TALS loose fitting, predicting 3D from 2D becomes more ambiguous, T
Assumption t hence we need an unbiased prior of valid poses.
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