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To increase diversity, relax the loss by denoising k=50 samples. The feature dimension L is diffused isotropically. 

For a given past motion, generate multiple diverse futures

Nonisotropic Gaussian Diffusion 
for Realistic 3D Human Motion Prediction

Cecilia Curreli, Dominik Muhle, Abhishek Saroha, Zhenzhang Ye, Riccardo Marin, Daniel Cremers

▪ A training and sampling formulation that lifts the i.i.d. assumption 

▪ The noise reflects correlations between the J human body joints

SkeletonDiffusion
 SkeletonDiffusion is a latent diffusion model implementing nonisotropic diffusion with 
a graph attention architecture explicitly considering joint types and connectivity
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Conventional Denoising Diffusion Probabilistic 

Models [3][4] (isotropic Gaussian diffusion) disregard joint 
relationships. 

Positive definite

Normalized eigenvalues

Correlations

Noise Blending

Forward and Reverse Equations

Training Objective

Baselines generates diverse but not realistic futures

Challenges

Task: Human Motion Prediction

Nonisotropic Gaussian Diffusion

Find the details in the paper!

SkeletonDiffusion

Forward noise transitions

Isotropic covariance

with 𝒙0 the true variable and 𝒙𝑇 pure noise
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Latent Space Training
Train an autoencoder to reconstruct motions 𝑴 of random length ෩𝐹 via curricular learning to learn 

a temporally-compressed latent space z

Diffusion Training 

Denoise 𝒙𝑡 ∈ ℝ𝐽×𝐿 into latent embeddings  𝒛 = e(𝐘) of the GT future Y conditioning on past 

embeddings e(𝐗). 

Code available!

Limitations

Citations

Demo online!

→ The first Nonisotropic Gaussian Diffusion training and sampling 

formulation for a structured problem 

→ SkeletonDiffusion achieves SOTA performance on several 

datasets, also in challenge scenarios (zero-shot & noisy data)

Our formulation is general and applicable to other problems!

Contributions

Performance Parameters

= Footprint

Past

→ Explicit inductive bias in the architecture 

improves body realism

→ Nonisotropic diffusion improves 

performance: precision, diversity and 

limb stretching

→ Demonstrate overlooked issues: 

unrealistic motions may ‘cheat’ diversity

Convergence
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