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Introduction
Goals and Challenges:
3D human analysis: reconstruct 3D human pose under different conditions
• Limited generalization across task boundaries.
• Performance depends heavily on access to paired data supervision.
Key Contributions:
• A unified generative framework that formulates diverse 3D human pose analysis

tasks as inverse problems.
• Plug-and-play inference paradigm capable of handling diverse conditions without

the need for retraining or architectural modification.

Pose Analysis by Diffusion Synthesis

Conditional sampling via Bayes’ theorem decomposition:

dx = [−β(t)

2
x− β(t)∇xt

log pt(xt|y)]dt+
√

β(t)dw

∇xt log pt(xt|y) = ∇xt log pt(xt) +∇xt log pt(y|xt)

Two-stage pipeline:
• Training: unconditional 3D human pose synthesis to model the underlying kine-

matic constraints
• Inference: utilize the learned prior along with diffusion posterior sampling

scheme to inject likelihood guidance into the sampling process.

Diffusion Pose Prior

∇xt
log pt(xt) = − 1√

1− ᾱt
ϵθ(xt, t), ᾱt =

t∏
i=1

(1− βt)

Diffusion Posterior Sampling

Approximation quantified with the Jensen gap

∇xt log p(y|xt) ≃ ∇xt log p(y|x̂0) = − 1

σ2
∇xt ∥y − f(x̂0)∥22

Combining with the learned pose prior yields,

∇xt
log p(xt|y) ≃ − 1√

1− ᾱt
ϵθ(xt, t)− ρ∇xt

∥y − f(x̂0)∥22
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