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Introduction Co-Listen audio embeddings to semantic Attribute quality
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Powerful curation tools i e User playlist sequencing and of themselves Track level estimate from local estimates for Energy
Attribute Embedding Generation Results - Conclusions
e Vector of the continuous logits of attribute models Playlist Separation - O |
e Renormalize using (regularized) square-root inverse of e Compared how well human-curated a ° A 1) e Temporal inference and temporal statistics on those time
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playlists treating each as a separate cluster sharing a
single (pooled) variance matrix

e \We demonstrate that the smaller embedding space induced
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e Post re-normalization, e Playlists better separated in (1) than (2) @A using () Affusing  (©)pained diffrence; by these semantic a k?u es separate thematic playlists
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between playlist entry in the k** playlist and 1 is the mean of embedding- acceptable or good for thematic playlists. Tranquil SpaDay | 31% | 63% | 0% | 27 extended using those recipes, humans rated the suggestions
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