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Q A single SE model unifying various input 2 USES (baseline) [1] 3.05M 65.3 98.0 20.6 4.2 (2:94) (11:0)
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1. Investigations on CHIME-4 simulated and real data
3 All models are only trained on 8 kHz data, and tested on 16 kHz

data. (See the table for detailed results)

2. Experiments on combined SE datasets
covering diverse input conditions
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