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Monocular 3D pose estimation
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• Given a 2D image of an animal, we can tell 
the front paws are in front, and the tail is 
behind.

• Our brain relies on learned 3D priors to 
interpret ambiguous 2D cues.

• How do humans infer 3D from 2D?

• Learning 3D priors 
• Generative models learn a distribution that captures the pose priors conditioned on 

the 2D input.



Two paradigms for 2D-to-3D pose lifting
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Deterministic approaches
• Learn a single mapping

• 2D pose → one 3D pose

Probabilistic approaches
• Learn a conditional pose distribution

• 2D pose → multiple plausible 3D hypotheses



Generative model in 3D HPE
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• Strength: the stochastic nature of diffusion promotes more diverse results

• Limitations: The iterative denoising process makes inference very slow

• DiffPose (CVPR’23)

[1] Gong, Jia, et al. "DiffPose: Toward more reliable 3d pose estimation." CVPR. 2023.



Flow Matching: fast and deterministic

5[1] Lipman Y, Havasi M, Holderrieth P, et al. Flow matching guide and code[J]. arXiv preprint arXiv:2412.06264, 2024.

(a) Flow (b) Diffusion



3D pose estimation via flow matching
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• Training process of FMPose3D  (Ours)



3D pose estimation via flow matching
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• Training process of FMPose3D  (Ours)

Linear interpolation:



3D pose estimation via flow matching
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• Training process of FMPose3D  (Ours)

Target velocity:

Linear interpolation:



3D pose estimation via flow matching
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• Training process of FMPose3D  (Ours)



3D pose estimation via flow matching
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• Training process of FMPose3D  (Ours)



Inference process of FMPose3D
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• FMPose3D (Ours)



Inference process of FMPose3D

12

• FMPose3D (Ours)

Discretized approximation

(e.g. S = 3)



FMPose3D
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3D human pose estimation via flow matching
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• FMPose3D (Ours)



Reprojection-based Posterior Expectation Aggregation (RPEA)
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• Visualization comparison (RPEA (ours) vs. Mean1) • Red: Ground Truth

• Gray: Hypotheses

• Blue: Mean

• Orange: RPEA

[1] Gong, Jia, et al. "DiffPose: Toward more reliable 3d pose estimation." CVPR. 2023.



Datasets
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 Human3.6M dataset 
 The largest and most representative dataset for 3D HPE.
 Constrained indoor scenes, 3.6 million frames for 11 subjects.
 Each subject performs 15 actions from 4 views.

 MPI-INF-3DHP dataset
 A large-scale dataset for 3D HPE.
 Contains both indoor and complex in-the-wild outdoor scenes.
 There are 8 actions from 14 views by 8 actors.

 MPJPE (Protocol 1): Mean Per Joint Position Error in millimeter
 P-MPJPE (Protocol 2): MPJPE after Procrustes alignment
 PCK: Percentage of Correct Keypoints
 AUC: Area Under the Curve

• Evaluation protocols

Human3.6M

MPI-INF-3DHP



Quantitative comparison on Human3.6M
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• Quantitative comparison with state-of-the-art methods on Human3.6M



Quantitative comparison on MPI-INF-3DHP
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• Generalization performance on MPI-INF-3DHP



Qualitative comparison on Human3.6M
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Results on animal datasets
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Thanks for watching!
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Project Page: https://xiu-cs.github.io/FMPose3D/ 

Paper link: https://arxiv.org/abs/2602.05755 

Github Repository: https://github.com/AdaptiveMotorControlLab/FMPose3D

https://xiu-cs.github.io/FMPose3D/ %0d
https://arxiv.org/abs/2602.05755
https://github.com/AdaptiveMotorControlLab/FMPose3D

