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INTRODUCTION

SYSTEM DESCRIPTION

Frozen front-end Trainable back-end
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e Motivated by LyricWhiz?, a state-of-the-art automatic lyric transcription system (an intrinsically related task), we use a frozen Whisper Large v3 model

bility Prediction Leveraging a Noisy-Speech ASR
Pre-Trained Model,” in Proc. of Interspeech 2024 * Including x alongside y may help LIWhiz better adapt to the listener’s degree of hearing loss

* L. Zhuo et al., “LyricWhiz: Robust Multilingual Zero-Shot Lyrics Transcription by Whispering to ChatGPT,” in Proc. of ISMIR 2023

EXPERIMENTAL SETUP

To train the back-end, we use only the train- RESULTS AND CONCLUSIONS
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Optimizer: AdamW (1r = 107°) e [LIWhiz substantially outperforms the baselines on both metrics and sets Layer [ Layer I
Loss function: Root mean square error * Including the original song excerpt x alongside y leads to a slight im- 1. Encoder: Shallowest layers — low-level acoustic encoding
(RMSE) provement in LIP performance

2. Decoder: Middle layers — encoder information integrated




