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« Understanding the best performing model [2] of the ASVspoof
2017 challenge [1] by generating temporal and spectral
explanations for its predictions using the SLIME [3] algorithm
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Results and conclusion

* While the model use information across all the frequency bands,
more emphasis is given on the first and the last temporal
components (T1, T10) for spoofing detection. We show the
significance of our analysis using two interventions

Dev EER % | Eval EER %
I: Break the system |7.6 — 34.13/10.6 — 29.76
Il. Protect the system| 7.6 —-59 | 10.6 — 7.8

« The model gives more importance to the first few milliseconds for
class prediction

« Demonstrated the significance of our analysis by preprocessing the
test signals that lead to a predictable change in the EER

Bhusan Chettri, Saumitra Mishra, Bob L. Sturm, Emmanouil Benetos

Analysing the predictions of a CNN-based replay spoofing detection system
IEEE Spoken Language Technology, Athens, Greece, 18-21 December 2018

centre for &
CIS intelligent sensing ‘EQ’ Queen IVIary

University of London



