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Background

◆ Video Diffusion Model operates on spacetime patches of video and image latent 
codes. Visual input is represented as a sequence of spacetime patches which act as 
Transformer input tokens.

 Given these noisy inputs (and conditioning information like text prompts), it’s trained 
to predict the original “clean” patches.
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Background

◆ Quantization maps high-bit floating-point number to low-bit integer format. 

This technique can reduce memory costs and speedup computation on 

various devices. 

 It can be categorized into:

Quantization-Aware Training (QAT) Post-Training Quantization (PTQ)

Much Higher Accuracy! Much Better Efficiency!



Quantization for Video Diffusion

Wan 1.3B 

OursEfficientDM 

Q-DM LSQ 

full precision vs. 4-bit QAT (4× mem. reduction and 3× speedup [1])

[1] Li M, Lin Y, Zhang Z, et al. Svdqunat: Absorbing outliers by low-rank components for 4-bit diffusion models[J]. arXiv 

preprint arXiv:2411.05007, 2024

Same

Visual Quality

(~18 GB peak mem. and ~1 min for 480px generation)

More advanced QAT for video 

DMs is urgently needed!



5

Improving Convergence with Φ

◆ Motivation: We theoretically find that minimizing 𝑔𝑡 2 is critical for improving

 convergence behavior of QAT:  

◆ Method: A low 𝑔𝑡 2 presences in a stable training 

process (e.g., few aggressive losses) [2]. We 

propose a Φ to achieve this:
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[2] Takase S, Kiyono S, Kobayashi S, et al. Spike no more: Stabilizing the pre-training of large language models[J]. 

arXiv preprint arXiv:2312.16903, 2023.

Validation
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Progressively Shrinking Φ via Rank-Decay

◆ Motivation: Φ incurs significant inference overhead (severalfold than full 
precision). We apply SVD to the weight of Φ:



Progressively Shrinking Φ via Rank-Decay

◆ Method: Iteratively applying the following two strategies: 

◆ SVD to identify the low-impact components in Φ; 

◆ A rank-based regularization γ to decay the identified components to ∅.

Cosine decay factor
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Overall Pipeline

Overview of the proposed QVGen. (a) This framework integrates auxiliary modules Φ to 

improve training convergence (b) To maintain performance while eliminating inference overhead 

induced by Φ, we design a rank-decay schedule that progressively shrinks the entire Φ to ∅.
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Experiments

Comparison of difference methods on Vbench.

Results on huge models (≥5B). Our 4-bit models 

exhibit a minimal drop of ~1% in total score.

Evaluation of mem. and speedup (faster kernel 

implementation is coming soon).
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Qualitative Results

CogVideoX

-2B
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Qualitative Results

Wan 14B



Thank you!
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