DISTRIBUTION AND DEPTH-AWARE TRANSFORMERS

UNIVERSITY OF FOR3D HUMAN MESH RECOVERY

% WATERLOO ) Al-Cry

\) conference

C

JERRIN BRIGHT, BAVESH BALAJI, HARISH PRAKASH, YUHAO CHEN, DAVID CLAUSI, JOHN ZELEK
UNIVERSITY OF WATERLOO, WATERLOO, ONTARIO, CANADA

METHODOLOGY QUANTITATIVE RESULTS
< A novel image-based HMR model named D2A-HMR that | | An end-to-end transformer architecture meticulously designed to minimize the disparity between distributions and incorpo- < Comparison on 3DPW and Human3.6M datasets.
adeptly models the underlying distributions and inte- rate scene-depth leveraging prior depth information.
grates pseudo-depth priors for efficient and accurate mesh . Method Human3.6M 3DPW
recovery. S :
By leveraging a residual log-likehood approach, we re- 3 _ZP_LSS;(%@))_ i A L'OS'SEZ:D;'I i mPJPE PA-mPJPE | mPJPE PA-mPJPE
fine the model by learning the disparity between the un- L T moTTe AR g | x N HMMR - 58.1 116.5 /2.6
derlying predicted and ground truth distribution. ' ’ 2 e T S TCMR 62.3 41.1 95.0 55.8
Validation of the enhanced performance through the inte- Top (_@(_ ip MLP VIBE 65.6 414 93.5 56.5
gration of pseudo-depth and distribution-aware modules Silhouette f HMR 88.0 56.8 130.0 81.3
in HMR, shows robustness in complex pose scenarios. Decoder N‘);m SPIN 62.5 411 96.9 592
" RLE Loss (£ 1- === | - PyMAF 57.7 40.5 92.8 58.9
N ) | t :
_ oo wlteddly : : b T Ta’zec o / | Eg\)/[l\épEFT 63_ 2 43_ 8 18055 f ggg
pooapooobogoooobooooobooonnonor: P Cross M . | | | |
e 7 > > S = < PARE 76.8 50.6 82.0 50.9
I T Output Tokens (2) . \A/ Query Attention Key-Value \A/
: | ProHMR - 41.2 95.1 59.5
; Transformer Encoder i | Multi-Head Attention Multi-Head Attention Pose?Mesh 64.9 47.0 89 2 58.9
i Image Tokens (Z;n) T Depth Tokens (Zdepth)I i : N T N T METRO 54.0 36.7 77.1 47.9
| e —————ee ~ ———_—_——. o orm orm
0oooooopooooonDa ([I[I[I[I[I[I[I[I[I[I,':: A A Ours 93.8 36.2 80.5 44
S 2 S AT T T :
i 69 = Positional Embedding —) 69 : : “img ~depth X Comparison on the MLBPitchDB dataset [2]
: A A i | (b) Transformer Encoder
. : i Patch Embedding Patch Embedding T T T T e Method Acc.t mPJPE |
METRO . = m )
i . | Output Tokens (7) > —> L =10 —|— Iu | HMR 65.9 61.3
i o T > SPIN 84.7 32.1
LOSS FUNCTIONS , ProHMR  76.1 48.2
o . | ROMP 77.4 48.9
Dist b t 1 1] ormalizin M\
1STripution I‘egu arizer [ ] | N F]Oi;v g > [ > )E ’ METRO 81.5 37 8
_ _ | A >
Lrig = —1QgQ(Iug) — log Gqﬁ(,ug) — logc+ log o (1) | i f¢(2) G¢(£%> \T/ E (@)2 PARE 84.0 33.7
i Residual () ¢ Ours 87.9 30.6
. . . T
Overall objective function: RGB Image (I) Depth Image (D) | Log-Likelihood
I
L=MNLRrE+ MLy +A3pL3p + XopLop + AsLsitn  (2) (a) Proposed D2A-HMR framework i (¢) Distribution Matching (DM) ACKNOWLEDGEMENT

D2A-HMR Preprint:
QUALITATIVE RESULTS ABLATION STUDY

Image ETRO PyMAF ETRO PyMAF Ours % Pseudo-depth and distribution modeling evaluated on
3DPW dataset.

Depth Distribution mPJPE| PA-mPJPE |

v 92.7 61.8
v 90.0 56.9
v v 80.5 48.4

REFERENCES

% Silhouette decoder and masked modeling evaluated on
3DPW dataset.

[1] Jiefeng Li, Siyuan Bian, Ailing Zeng, Can Wang, Bo Pang, Wen-
tao Liu, and Cewu Lu. Human pose regression with residual
log-likelihood estimation. In Proceedings of the IEEE/CVF inter-
national conference on computer vision, pages 11025-11034, 2021.

Silhouette Masked Modeling mPJPE| PA-mPJPE |

89.5 62.2
v 84.7 51.4
v 80.5 48.4

[2] Jerrin Bright, Yuhao Chen, and John Zelek. Mitigating motion
blur for robust 3d baseball player pose modeling for pitch anal-
ysis. In Proceedings of the 6th International Workshop on Multimedia
Content Analysis in Sports, pages 63-71, 2023.




