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On the Difficulty of Unpaired Infrared-to-Visible Video Translation:
Fine-Grained Content-Rich Patches Transfer
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 Unpaired infrared-to-visible video translation.

 We achieve a fine-grained content-rich patches transfer.

 The experimental results on subsequent tasks confirm the success of translation.

Overview



Q1: What are the content-rich patches?

Content-rich Patches             vs. Content-lacking Patches



IRVI dataset InfraredCity-Lite dataset

Q2: Why are the content-rich patches not fine-grained?
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Q2: Why are the content-rich patches not fine-grained?

Equally optimization on all patches

Long-tail effect on images
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Q3: What can we do to address the challenging issue?

Key idea of the CPTrans

1. Find the content-rich patches.

2. Augmenting the model's focus on these patches.



Method
 Find the content-rich patches.

• Gradients from different content patches tend to vary [1, 2].

• Real-world training data usually exhibits long-tailed distribution [3, 4].

• The optimization of the model is more favorable to the content-lacking regions 

and diverges from the optimization of the content-rich regions.

[1] Aleksandar Armacki, Dragana Bajovic, Dusan Jakovetic, and Soummya Kar. Gradient based clustering. In ICML, pages 929–947, 2022.
[2] Michael Rapp, Eneldo Loza Menc´ıa, Johannes F¨urnkranz, and Eyke H¨ullermeier. Gradient-based label binning in multi-label classification. In ECML/PKDD, pages 462–477, 2021.
[3] Shuang Li, Kaixiong Gong, Chi Harold Liu, Yulin Wang, Feng Qiao, and Xinjing Cheng. Metasaug: Meta semantic augmentation for long-tailed visual recognition. In CVPR, pages 5212–5221, 2021.
[4] Tong Wu, Ziwei Liu, Qingqiu Huang, Yu Wang, and Dahua Lin. Adversarial robustness under long-tailed distribution. In CVPR, pages 8659–8668, 2021.

30% 40% 50%Output 𝜆𝜆ratio = 10% 20%

The most deviated parts of patches without Content-aware Optimization.
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Method
 Augmenting the model's focus on these patches.

Weight Map 𝑤𝑤Gradients of Output
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Method
 Augmenting the model's focus on these patches.
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Method
 Augmenting the model's focus on these patches.
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Method
 Content-aware Temporal Normalization

Randomly Generated 
Fake Flow

Content-aware 
Optical FlowWeight Map 𝑤𝑤

OutputWarped Output



Output of Warped 
Input

Method
 Content-aware Temporal Normalization

Randomly Generated 
Fake Flow Weight Map 𝑤𝑤

Content-aware 
Optical FlowInput Warped Input

OutputWarped Output



Output of Warped 
Input

Method
 Content-aware Temporal Normalization

Input Warped Input

Warped Output

Content-aware 
Optical Flow

Content-aware Temporal Normalization



Overview of CPTrans Framework



Dataset: InfraredCity-Adverse
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Experiments
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Thanks!

GitHub: https://github.com/BIT-DA/I2V-Processing

https://github.com/BIT-DA/I2V-Processing
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