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Training uses source corpora only. The target corpus is — / Held-out target accuracy (%), ten-trial mean; log-mel inputs with a VoxCeleb-pretrained
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Emotion corpora are small and differ in speakers, language ' [P0 ' [P0 1/ IEMOCAP 28.57 32.11
and class coverage. These differences make cross-corpus E is the absolute mean log-sum-exp of temperature-scaled logits. A larger source-domain gap gives
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features.
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Scope

Same source/target scenarios with TRILLsson embeddings; ten-trial mean target

Gains remain uneven and insufficient for practical use. Small
accuracy (%).

corpora, missing classes and unreported trial dispersion limit the
strength of the comparisons.

Takeaway

Transfer improves unevenly: DA-MLDG beats supervised Deep-All
in four of seven log-mel scenarios and leads all four methods in two.
With pretrained embeddings, it beats the supervised baseline in only
three of seven scenarios.

Notation

domain-shift aware meta-learning for domain generalization
(DA-MLDG) - short-time Fourier transform (STFT) - cross-entropy
(CE)
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