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Automated audio captioning system based on contrastive
learning and transfer learning
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Abstract: Automated audio captioning is a cross—modal translation task that aims to use natural language to describe the content of
an audio clip. This task has received widespread attention both domestically and abroad in recent years. Existing automated audio
captioning systems typically rely on an encoder —decoder structure, with data scarcity being a major challenge for training such
systems. To address this issue, the paper proposes a new model architecture called the pre—encoder—encoder—decoder model. In the
pre—encoder stage, contrastive learning is used to extract self—supervised signals from raw audio and paired text data, while transfer
learning is employed to accelerate training and provide initialization parameters for the encoder. Experimental results on the Clotho
dataset show significant performance improvements of the proposed system compared to the baseline system.
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