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1) Motivation 4) Method Overview 6) Quantitative Results & Ablation Studies
VIDEO INPUT « We ablate usage of motion prior and keypoint source selection:
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e Goal: To regress hand pose and shape from video. o _
« Problem 1: Current image-based methods do not work well enough on temporal data [1, 2]. Camera Space PyMAF-X 1] 10.8 29.6 )3
They are jittery and susceptible to occlusions. : : — PyMAF-X[1] + HMP 10.1 26.7 2.2
« Problem 2: We do not have enough temporal data to train a direct feed-forward model with Stg. | Variables Loss Function Loss Coefficients METRO [2] 12.1 38.7 17.4
high generalization capacity [3, 4, 5]. | 5 Lo L, La, [Ir=0.05,A =3, Ay =1, Apy = 1, METRO [2] + HMP 10.8 31.3 2.4
o Idea: Can we use clean (non-video) 3D hand motion-capture data available [6]? 7 0 Los. Lt Lop Ais = 5, Ag = 3, Aap = 0.05
% y « We report quantitative results on DexYCB [3].
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2) Hand Motion Prior e &, 7 are the global rotation and translation, respectively. Loss terms are: ' ¢ ¢
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o For hand motion prior we adopt NeMF-based architecture. It is a motion VAE model that o O SN L 2 R ) =
represent motion as continuous field [7]. 0 Zg( b )% Lo = Z |7 = 72 Los = Zg( t1y ©1) Lo = Z |71 =72 PyMAF-X (1] 11.6 38.1 17.1
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: ) Qualitative Results PyMAF-X [1] 15.3 43.9 26.0
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e [he loss function consists of KL divergence and reconstruction error.
ﬁrec — )\rot»crot T )\ori»cori T )\pos»cpos T )\KL'CKL

e We use GRAB, TCDHands and SAMP datasets from AMASS [6]. ( 800K frames)
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7) Failure Cases

PYMAF-X

e Keypoint Detection Failure:
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3) Keypoint Blending & Confidence N
=
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« MediapPipe has higher accuracy and sparse detection, PyYMAF-X 2D projections are dense but
not accurate. Therefore, we use MediaPipe if there is a hand detected else projected PyMAF-X
2D keypoints.
« MediaPipe does not provide per-joint confidence. We compute a confidence based on keypoint O
detection from N augmented views of an image: %
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