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» Causal perspective: We propose a novel SCM for MTDA and introduce a soft intervention strategy.
» Theoretical perspective: We provide principled guarantees, including above four Propositions.
» Methodological perspective: We present U*CF, which integrates Class Prototype Oriented Cross-Domain Alignment and 5. Contact

Mutual Information-based Feature Disentanglement Mechanism.
» Experimental perspective: Experiments show that UCF consistently outperforms leading baselines. wangwcenxu @Ouc.edu.cn
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