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1. Challenging performance on extreme out-of- ;fy/y/ﬁ — T SAM improves domain generalization.
domain datasets. 0.4 V3535 * Maintains near in-domain performance.

2. Limited robustness to unseen languages (e.g.,
German, French).

* Provides a simple optimization-based solution with
minimal overhead.

3. Certain datasets need further analysis (NISQA

FOR) Optimization impacts generalization!
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