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Multi-label Classification Problem BR-rerank: Classification Accuracy
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Dataset BIBT OHSUM RCV1 TMC WISE MSCO

BR 4 3 [ 3 30 1380
BR-rerank 9 6 10 11 38 1393
CBM| 64 210 70 224 1320 8520
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Reranker Score: Calibrated Confidence

Confidence score is called calibrated if it aligns with accuracy.
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Commonly Used Method: Binary Relevance (BR)

Reranker vs Oher Pos—CaIibrators

@ train one binary classifier to estimate each label probability p( Y|x) — — .
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Definitions of evaluation metrics:
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