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Multimodal i-vectors for Speaker Diarization

Fumito Nisuif?

NAKAMASA INOUET!

Koicui SuiNopat?

Abstract: We propose multi-modal i-vectors, which extend the audio i-vector framework for speaker veri-
fication to a multi-modal speaker diarization in movies. In addition to the audio i-vector, which represents
a speech utterance in an audio stream by a low-dimensional vector, we extract a visual i-vector from faces
in a video segment. the audio and visual i-vectors are concatenated as a multi-modal i-vector clustered in
an unsupervised way. We evaluate our method on the Hannah movie dataset. Our experiments show that
diarization error rate is improved from 68.3% to 65.5% compared with audio stream only.

Keywords: speaker diarization, multimodal, i-vector, speaker verification
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Fig. 2 Example video segments from the Hannah movie

dataset. Bounding boxes for each face are provided.
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Fig. 3 Five speakers in the movie and centroids of resulting

five clusters.
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Fig. 4 Examples of faces in profile in each cluster. The right-

most faces are wrongly assigned.
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Table 1 Diarization error rate (%) using voice activity detec-

tion (VAD) and grand-truth (Manual) for segmenta-

tion. Decision fusion reports the best result obtained

by using different audio weights.
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Fig. 5 Diarization error rate by audio weight a. Long utter-

ances without BGM are used for testing.
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Table 2 Diarization error rate (%) under different conditions.
No BGM: utterances without background music are
used for testing. Long utterances: utterances more
than 3 sec are used for testing. Feature fusion is used
for * Multi-modal” .
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