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Problem Definition

 text description
 class label
 …

Given an arbitrary condition c, such as:            

Goal: Generate plausible and diverse human motions.

Text: “A person walks to the right slowly.”



Problem: 
• VAE brings about posterior collapse with a powerful decoder   not diverse enough
• Limited generative capability   not plausible enough

T2M (Guo et al. 2022) & TEMOS (Petrovich et al. 2022): a conditional VAE model

Chuan Guo, Zhihao Zou, Xinxin Zuo, et al. Generating diverse and natural 3D human motions from text. CVPR, 2022.
Mathis Petrovich, Michael J. Black, Gul Varol. TEMOS: Generating diverse human motions from textual descriptions. ECCV, 2022.

Related Work



Related Work

Address the limitations of VAE models.

MDM (Tevet et al. 2023) & MLD (Chen et al. 2023): a diffusion model

Guy Tevet, Sigal Raab, Brian Gordon, et al. Human motion diffusion model. ICLR, 2023.
Xin Chen, Biao Jiang, Wen Liu, et al. Executing your commands via motion diffusion in latent space. CVPR, 2023.



Existing methods cannot support high-framerate motion generation, due to:
 Memory overloads
 Varied-size training dataset 
Therefore, they employ a preprocessing step.

Suboptimal

Challenge



It is desired to embrace the natural diversity of motion framerates and process 
them at their native framerate.

Key Insight



Two-stage pipeline of our NeRM. In the first stage (left), we sample motion clips at random 
framerates from full-size motion sequences for training. The second stage (right) takes the 
latent variables as input to our diffusion model and can be guided by various conditions.

Overview



To learn from multi-framerate motions in training sets, we design our approach by 
exploiting the temporal consistency in motions to generate motion clips.

Multi-framerate Training



The first stage: Variational implicit neural representation

The first stage: Model parameters optimization

The second stage: Motion diffusion in latent space

The second stage: Classifier-free guidance

Loss Function



Text‐to‐Motion

 SOTA FID
 Using original multi-framerate datasets can achieve much better performance.

Experiments



Action‐to‐Motion
Experiments

Unconditional Generation



Ablation Study
Effectiveness of time encoding

Effectiveness of variational INRs

Experiments



Ablation Study

Experiments

Effectiveness of different framerates

Effectiveness of time normalization



Visualization

Experiments



Thank You!


