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Automatic Speech Recognition (ASR) systems misrecognize certain
people more than others [1]. To measure these disparities, we need
demographic information of the speakers, which is often unavailable.
Recent work uses machine learning to cluster similar voices [2], but ResultS
this black-box approach leads to uninterpretable speaker groups.

e No feature set consistently outperformed demographics in finding ASR performance

What if we cluster the voices by interpretable attributes instead? disparities ASR Model JASMIN Read Speech JASMIN HMI
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Table 2: Overall Bias per model, with demographic groups vs the feature sets, for JASMIN read speech and HMI.

The Artic set for read speech and the Adank set for HMI were further analysed.
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e |n practice, there is no optimal #clusters since there is no ground truth. Interpretation The most successful sets showed that significant biases can occur within demographic groups. The
requires expert knowledge: different data/algorithms/ #clusters lead to groups with proposed approach has the potential to uncover these such that key speech characteristics of resulting
different speech variability speaker groups can be compared.

I U D e I f -t Bﬁ!ﬂtersity of e Due to time constraints, cluster interpretability could not be assessed quantitatively However, none of the sets consistently outperformed the demographic approach. Future work should

Technology experiment with alternative pre-processing and clustering methods.




