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Abstract

This paper embarks on alleviating the problems caused by a multiple-speaker situation
occurring frequently in a meeting for improved automatic speech recognition (ASR). There
are a wide variety of ways for speakers to utter in the multiple-speaker situation. That is to
say, people do not strictly follow the grammar when speaking and usually have a tendency to
stutter while speaking, or often use personal idioms and some unique ways of speaking.

Nevertheless, the existing language models employed in automatic transcription of meeting
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recordings rarely account for these facts but instead assume that all speakers participating in a
meeting share the same speaking style or word-usage behavior. In turn, a single language
model is built with all the manual transcripts of utterances compiled from multiple speakers
that were taken holistically as the training set. To relax such an assumption, we endeavor to
augment additional information cues into the training phase and the prediction phase of
language modeling to accommodate the variety of speaker-related characteristics, through the
process of speaker adaptation for language modeling. To this end, two disparate scenarios,
i.e., "known speakers” and "unknown speakers," for the prediction phase are taken into
consideration for developing methods to extract speaker-related information cues to aid in the
training of language models. Extensive experiments respectively carried out on automatic
transcription of Mandarin and English meeting recordings show that the proposed language
models along with different mechanisms for speaker adaption achieve good performance

gains in relation to the baseline neural network based language model compared in this study.
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Activation function Sigmoid function in
feedforward layer for
Embedding Convolution Max pooling speaker recognition
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4.2.4 FEETHEEFIER(Speaker Adaptive Mixture Model, SAMM)

MRS E P B =7 0% SRS AL (SAMM) RIZAE 5| SREE S 1R AU - BhRs
RHIGEE R LA B S8 PR B S E TR - SAMM 1y FEAEAE
stent o 1 i B TENREH AR H RURYEE R - Seallllir e 5 R B A AR MsEE (Specific or
Representative Speakers)iy & HEES A > 822 f4H &23(Combinator) EFEi Fy = EREH)
RERTEREE G S AR - B EORERE - ES RS - fEREEEIISRT - FE

e YRR R RE  MT25 E Y N ol 5 = A (58 S ME 1 8 2 )| SRaE 1 31 R T
BOEAET 5t N HEEEE S A H A A B VR SREE A3l SR O RY 722 SR ARORE © TS
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(Fully Connected Layer) gz —{Lf5 2k Ei(Softmax)fiis T —({ElEE AR - s i R AT
TR OR P B A HE—20 7ol 2% {0 B
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