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Hearing Abilities of Foundation Models

Evaluation and Analysis of How and What Can Foundation Models Hear. Yassir El Attar

- Current Topics in Speech Technology Taha Rasouli

INTRODUCTION AND MOTIVATION

The motivations behind this study are: The objectives of this study are:

» To analyze the SoTA audio-language models’ architecture and training mechanisms

* To analyze the hierarchical feature representations across speech and speaker tasks

 To analyze a large-scale evaluation of Speech FMs using (Dynamic-) SUPERB frameworks
* To study the extent to which models are able to hear.

- Foundation models enhance hearing with self-supervised learning inspired by NLP.
- Hearing includes indentifying speech, object attributes, and sound event order.
- Models combine audio and text for classification, retrieval, and generation.

- The study explores evolution, challenges, and innovations in auditory models.

MODELS ARCHITECTURES
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LAYER-WISE ANALYSIS
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- Models differ not only in their embeddings of auditory features, but also across different tasks. MORE DETAILS
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* Activation tuning is important for harnessing the emerging abilities of speech models as seen in SALMONN.
» Research could benefit from training on multi-modal data and multi-tasking training.
« CLAP and ParaCLAP advanced audio-text alignment using contrastive learning and paraphrased text.

* Pengi’'s generative approach and SALMONN'’s sound event encoder addressed background audio issues
highlighted by Kuan (2024).
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