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Background: Cross-modality Transfer Learning

Cross-modality (Heterogeneous) transfer learning leverages a label-rich source domain from a 

distinct modality (e.g., text) to facilitate learning in a label-scare target domain (e.g., image).

However, cross-domain paired samples are unavailable, yet transfer remains effective.
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Background: A Surprising Observation

Noise can serve as a surrogate source domain and enable positive transfer in a semi-supervised 

setting without real source samples [1].

[1] Yao, Y., Zhang, X., Zhang, Y., Jin, J., & Yang, Q. (2025). Noise May Contain Transferable Knowledge: Understanding Semi-supervised Heterogeneous Domain 

Adaptation from an Empirical Perspective. arXiv preprint arXiv:2502.13573.

This observation is important: privacy, confidentiality, and copyright restrict access to usable 

source samples.
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Background: Limitations of Previous Work

[1] lacks a generalization bound 

analysis explaining why the noise 

domain improves generalization.

Lack of Theory

[1] omits standard benchmarks such as 

CIFAR-10/100 or ImageNet, which 

may limit the applicability of its 

findings.

Limited Validation

[1] Yao, Y., Zhang, X., Zhang, Y., Jin, J., & Yang, Q. (2025). Noise May Contain Transferable Knowledge: Understanding Semi-supervised Heterogeneous Domain 

Adaptation from an Empirical Perspective. arXiv preprint arXiv:2502.13573.
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Problem Formulation: Semi-Supervised Noise Adaptation

Target domain:

Noise domain: 𝒟𝑛

𝒟𝑙 (few labeled) 𝒟𝑢 (massive unlabeled) 𝒟𝑒 (test)∪ ∪𝒟𝑡 =

(sampled from ℝ𝑝 )
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Methodology: A Generalization Bound for SSNA

[1] Ben-David, S., Blitzer, J., Crammer, K., Kulesza, A., Pereira, F., and Vaughan, J. W. A theory of learning from different domains. Machine learning, 79:151–175, 2010.

[2] Li, B., Wang, Y., Zhang, S., Li, D., Keutzer, K., Darrell, T., and Zhao, H. Learning invariant representations and risks for semi-supervised domain adaptation. In CVPR, 

pp. 1104–1113, 2021.

Empirical Distributional Discrepancy

Empirical Noise Error

Empirical Target Error

: domain-shared representation space
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Methodology: Design of Noise Adaptation Framework (NAF)

Based on Theorem 4.1, we design NAF as follows:

ℒ𝑡: Empirical risk of labeled target samples, associated with 

ℒ𝑛: Empirical risk of noise, associated with

ℒ𝑛,𝑡: Distributional discrepancy between projected domains, associated with
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Methodology: Does NAF Tighten the Bound?

NAF: minimizing ℒ𝑡 , ℒ𝑛 , and ℒ𝑛,𝑡 vs. ERM: minimizing ℒ𝑡 only

Discriminative structure of noise domain is essential!!!
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Experiments: Performance Gain from NAF
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Experiments: Role of Discriminative Structure of Noise Domain

All noise collapses to a single point



12

Experiments: Noise Domain vs. Real Source Domain

Noise --> Caltech

Amazon --> Caltech
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Experiments: Role of Noise Distribution 
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Conclusion

1. The discriminative structure of source samples in the representation space is a key 

factor in transfer learning.

2. A deeper understanding of representation space may be essential for future progress 

in AI.
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      Paper: https://arxiv.org/abs/2606.00558
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