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AudioSet (Google Research, 2017)
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Structural Limits of CLAP
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Methods
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Methods
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Results
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Conclusion & Limitations
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Motivation
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Results

ESC50 US8K TUT2017 FSD50K AudioSet DCASE17-T4
CLAP +KG-agg +KG CLAP +KG-agg +KG CLAP +KG-agg +KG CLAP +KG-agg +KG CLAP +KG-agg +KG CLAP +KG-agg +KG

Hit@1 93.2 935 954 825 84.5 859 378 493 479 61.1 63.6 64.0 184 19.6 199 37.7 43.0 45.9
Hit@3 98.8 99.1 99.2 96.6 95.6 96.9 749 82.1 83.3 82.8 80.7 84.2 33.1 312 344 773 764 78.5
Hit@5 99.5 99.5 995 98.8 963 98.8 91.3 82.8 91.3 88.9 &1.1 88.9 41.1 315 41.1 91.2 79.5 91.2
MRR 959 96.2 97.2 89.6 90.1 91.5 57.7 643 654 72.2 717 743 265 25.0 27.7 57.3 58.5 63.1

Metric

Table 2: Retrieval results (%) in terms of hit@1, hit@3, hit@5, and MRR on the six benchmark datasets. Each
dataset has three sub-columns: CLAP (baseline), +KG-agg (CLAP-KG w/o aggregation), and +KG (CLAP-KG).
Performance improvement larger than 1% over CLAP is in bold, and improvement of 1% or less is underlined.

e full model (+KG) Ol baseline CLAP UiH| & dataset 0l M Hit@1 H&
e MRR 9 Al 2= dataset M &S



Conclusion
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Future Directions
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