,ﬁ UNIVERSITY OF

%y WATERLOO

Jerrin Bright!3, Zhibo Wang!?:3, Daria Klepachevskyi!?3, Yuhao Chen':3, Sirisha Rambhatla??, David Clausi!®, John Zelek!:?

Avatar4D: Synthesizing Domain-Specific 4D Humans
for Real-World Pose Estimation

I Vision and Image Processing Lab

2 Critical ML Lab

3 University of Waterloo, Canada

DENVER
& COLORADO

GCVPR l\

JUNE 3-7, 2026

Headline Result

Can a controllable synthetic-data pipeline replace real, manually la-
beled training data in domain-specific pose estimation?

e General-purpose pose datasets cover everyday motion but miss sports,
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Synthetic data substitutes for real domain data. Training on Syn2Sport
alone vyields large gains over COCO-WB on real broadcast footage,
especially in domains where real data is scarce.
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sport footage

static, well-lit pitching deliveries with
clear arm trajectories

ice hockey with rapid camera pans, stick
occlusion, and skating-only poses

gap is driven by real-domain noise, not
synthetic data quality

Stronger on

Motion is grounded in real-world dynamics instead of MoCap-only or
text-to-motion diffusion priors.

Pipeline. Three decoupled stages generate one labeled synthetic frame.

e Motion. Internet sport clips provide realistic pose and camera trajectories.
Weaker on

e Avatar. A single source image is lifted into an animatable 3DGS human.
e Scene. LBS deforms the avatar, splatting renders RGB/alpha, and backgrounds are sampled per domain.

e Labels + metadata. Keypoints are projected per frame, while samples retain camera, motion, identity, background, and dictionary provenance.
2].'( 4 4M 2 e Why it works. Target-domain motion preserves sport-specific dynamics, single-image avatars avoid prompt artifacts, and known render state
_I_ ] provides supervision automatically.

Implication
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rather than forming a detached synthetic-only cluster.
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Adding synthetic fine-tuning improves AP® by 55.96% on baseball and 114.5%
on ice hockey over COCO-WB alone.
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