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Introduction Method Overview

Task: Given a few observed frames of a subject in motion, synthesize their dynamic 3D model that
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Estimated Body Shape and Pose Quantitative Results
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using HybrlK (Li et al., CVPR “21).
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Results with Estimated Pose Parameters

Observed views (1 — 4 from left to right) SHERF (1) GHuNeRF+ (1-4) Ours (1) Ours (1-2) Ours (1-4) Ground truth

Numbers in parentheses indicate the range of observed views. SHERF only accepts a single input view.
Poses estimated using HybrlK directly from input views (shown in red).

Results with Accurate Pose Parameters

Observed views (1 — 4 from lefttoright) SHERF (1) GHuNeRF+ (1-4) Ours (1) Ours (1-2) Ours (1-4) Ground truth
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Numbers in parentheses indicate the range of observed views. SHERF only accepts a single input view.

The accurate poses are provided by the datasets.



