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H OE ADIREFTRAIN LA UEMTIRAEREFTAGADBLFAY, B, EFAMFTREFETRINRADT —RAANHFL,
MERERFETRANGHROE KEMNTHEFEFREFTAGLGTHE M FTREREfo EF A0GETRITEFRHIELT, A
MEFIHAKARANLTEOARFT AR EFR AR TERERELT, AP O TFREATER SO X TETH
BEFHE AMFTHEREAELFTHRTFE. FHABAETRAEVGAREERE, ATHEX—FHM.F SRR H
FHEABERF EIAMNTRERET RN, TR EMELRFAT AL, ST LR T BB S4B A B 5
RRFEFTHITON, L P EEOM BT R IF I TE R ETHENEFREEAT AR ZHEAGERET R MRS P
MR AR THBRFAROEL T R MR GERRANGEAE, REEE BN FTHFIHEAQGEDHR L AR 0 R
AR REOFRTARET T FRGIN SHESBARBORSGARAT I A ZTOAER T XA AL RIAMTR
FF % 3 1R R B A 69 A O

KBR - MFEA;LEADER WA TR B ER

mESES TP183

Advancements and Prospects in Dysarthria Speaker Adaptation

KANG Xinchen' ,DONG Xueyan' , YAO Dengfeng'** and ZHONG Jinghua'
1 Beijing Key Laboratory of Information Service Engineering, Beijing Union University, Beijing 100101, China
2 Lab of Computational Linguistics,School of Humanities, Tsinghua University, Beijing 100084 , China

3 Center for Psychology and Cognitive Science, Tsinghua University, Beijing 100084, China

Abstract Automatic speech recognition tools make communication between dysarthria and normal individuals smoother, there-
fore,dysarthric speech recognition has become a hot research topic in recent years. The research on dysarthric speech recognition
includes: collecting pronunciation data from dysarthria and normal individuals,representing acoustic features of dysarthria speech
and normal speech,comparing and recognizing the content of pronunciation by machine learning model,and locating differences,so
as to help dysarthria to improve their pronunciation. However, due to the significant difficulties in collecting a large amount of
speech data from dysarthria, and the strong variability of their pronunciation, the performance of universal speech recognition
models is often poor. To address this issue, many studies have proposed to introduce speaker adaptation methods into dysarthric
speech recognition. Through extensive research on relevant literature, it has been found that current research mainly focuses on
analyzing dysarthria speech in the feature domain and model domain. This paper focuses on analyzing how feature transformation
and auxiliary features solve the differential representation of speech features, how linear transformation of acoustic models, fine-
tuning of acoustic model parameters,and domain adaptation methods based on data selection improve the accuracy of model recog-
nition. Finally.the current problems encountered in the research of dysarthria speaker adaptation are summarized,and it is pointed
out that future research can improve the effectiveness of dysarthric speech recognition models from the perspectives of analyzing

speech variability, fusing multi-feature and multi-modal data,and using a small number of speaker adaptation methods.
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Fig. 1 Spectrogram of the pronunciation of command
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