
Flow Loss 𝓛𝐟𝐥𝐨𝐰 :
• Use pretrained differentiable optical flow estimator to extract flow
• Compute distance on predicted flow

Full Training Objective:
• Combine both reconstruction loss and flow loss
• Use 𝑤(𝜎) to balance these two terms
• Apply flow loss only when noise scale is small

Hard Gating Strategy:
• Compute flow loss is time consuming
• Use flow loss only when noise scale is small enough 

FlowLoss: Dynamic Flow-Conditioned Loss Strategy for
 Video Diffusion Models

Experimental Results

Watch the GIFs!

Early-stage Motion Stability:
• Our method can generate stable outputs in early steps
• Optical flow help capture global scene structure

Ablation on weighting strategies:
• Validate what is important when noise is large

• Flow supervision is more effective in low noise stages

Quantitative Result:
• Slightly outperforms the baseline across some benchmarks
• Hard gating mechanism reduces extra training overhead

Experiment Setups:
• Build Image-Text-to-Video VDM on top of Stable Video Diffusion 2.1 (I2V) [5,6] , trained on Bridge V2 dataset 

Methodology

Background Related Work
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Weighted Average:

𝑤𝑠𝑠 𝜎
𝑤𝑙𝑠(𝜎)

: Emphasize ℒflow   in small-𝜎
: Emphasize ℒrecon in small-𝜎

*trained with 57,000 steps

*sampled with checkpoints trained with 100 steps

Video Diffusion Models (VDM):
• Good at generating visually realistic outputs
• But often lacks physical consistency
• Optical flow is widely used as either input condition [1,2] 

or as auxiliary training objectives [3,4] 

Can we directly provide flow guidance in training?
• Previous researches used optical flow by image warping
• Can we introduce differentiable optical flow to our loss 

function directly?

Leverage Optical Flow by Image Warping: [3,4] 

• Capture pixel-level information
• Utilize the mapping relationship defined in optical flow

Im0

𝒇𝟏→𝟎

Im1

𝒇𝟐→𝟎

Im2

Kuan-Ting Wu 𝟏 Kei Ota 𝟐 Asako Kanezaki 𝟏,𝟑

𝟏 Science Tokyo, 𝟐 Mitsubishi Electric, 𝟑 RIKEN AIP


	スライド 1

