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Abstract

The objective of this work is to study
state-of-the-art deep neural networks based
speaker verification systems called x-vectors on
wideband conditions, such as YouTube. This
system takes variable length audio recording
and maps it into fixed length embedding which
Is afterward used to represent the speaker. We
compared our systems to BUT’s submission to
Speakers in the Wild Speaker Recognition
Challenge (SITW). We observed, that when
comparing single best systems, with recently
published x-vectors, we were able to obtain
more than 4.38 times lower Equal Error Rate
on SITW core-core condition compared to SITW
submission from BUT. Moreover, we find that
diarization substantially reduces error rate
when there are multiple speakers for SITW
core-multi condition, but we could not see the
same trend on NIST Speaker Recognition
Evaluation 2018 Video Annotations for YouTube
data.
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Table: Results on VAST-similar datasets without
using diarization.
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In the real world scenarion, performance of
SRE system heavily depends on testing
conditions. Real world audio necessarily does

System sitwkvalC-C voxcl not contain single speaker at enroll or test side;
EER[ %] DCFB%“l EER[ %] DCFK& therefore it should be sensible to run

BUT i-vector [Novotny et al., 2016] 9.34 0.713 automatic diarization systems before

x-vector tel 716 0.559 9.00 0.676 performing speaker verification.
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e A (L 274 0.268 2 99 0.330 Fig.: Example output of diarization on single
channel audio. Different colors at the bottom
indicate different speakers.
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E-TDNN 16k yes 4.02 0.269 12.35 0.738
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Fig.: Detection error tradeoff curve for systems
trained on 16k Hz VoxCeleb1 and VVoxCeleb2
data for sitwEvalC-C condition.
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