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Same-different word discrimination task [Carlin et al.,
2011]

1. Calculate cosine similarity between embeddings

2. Classify two acoustic segments as being same or different type based
on some threshold

3. Vary the threshold to get precision-recall curve

4. Report area under the curve i.e. average precision (AP)
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Correspondence VAE (CVAE)
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Comparison with prior work

Table 1: Unsupervised word discrimination performance.

Average Precision (%)

Model English Xitsonga

SiameseRNN [Settle and Livescu, 2016]

CAE-RNN [Kamper, 2019]

MCVAE (ours)

DTW alignment



Comparison with prior work

Table 2: Unsupervised word discrimination performance.

Average Precision (%)

Model English Xitsonga

SiameseRNN [Settle and Livescu, 2016] 17.5 25.1

CAE-RNN [Kamper, 2019] 35.5 32.2

MCVAE (ours) 39.5 44.4

DTW alignment 35.9 28.1
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Conclusion

1. Propose the maximal sampling correspondence VAE (MCVAE) – a
probabilistic approach for unsupervised acoustic word embeddings

2. MCVAE achieves state-of-the-art performance on unsupervised AWE
task

3. MCVAE is robust to the amount and distribution of training data


