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[CE | | AUC |] Overall transfer: Closer related pairs showed lower CE loss and smaller
AUC, consistent with greater generalizability.
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[ROC 1 for distant pairs] More distant pairs showed a higher rate of change in the early
. . . stages of training.
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CE patterns broadly tracked known MI gradients: closer Turkic pairs between language pairs.
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; SCALE Transfer was better from Kyrgyz to Kazakh than to Turkish, from Turkish to But do native speakers perceive these similarities the way the model does?
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