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Abstract: Dysarthric speech arises from neurological disorders that cause motor impairments in the articulatory organs,
resulting in abnormal pronunciation and prosody, which pose significant challenges to traditional ASR systems. To
address these issues, this paper proposes an innovative algorithm that combines a multi-level representation fusion
decoding strategy with hotword boosting technology. Built upon the Transformer-based encoder-decoder architecture,
the approach improves the conventional single-view decoding method by introducing multi-level representation fusion.
This is achieved through three distinct fusion strategies, which effectively enhance the model’s ability to comprehend
complex sentences and contextual information. Additionally, to further improve the recognition accuracy of dysarthric
speech, hotword boosting is integrated into the beam search decoding process to assign higher weights to key terms.
The results demonstrate that the proposed method significantly reduces the WER compared to other baseline models.
Specifically, compared to the Whisper baseline model, the WER on the UASpeech dataset decreased from 38. 31% to
27.18% , and on the TORGO dataset, it decreased from 16. 38% to 12. 67%. This highlights the effectiveness of the
proposed method in improving the accuracy of dysarthric speech recognition.

Keywords: feature fusion;transformer model;speech recognition; hotword boosting
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R A5 & R R 2 5 T B E R T R ALY (hidden
Markov model, HMM) , [ifi i ¥ B # 22 W 4% (deep neural
network, DNN) 5| ANy 3 F& A5 15 5 UL 51 450888 . 9] 4, Xiong
SRR M DNN-HMM 7€ — @ BB 1038 1 4 5 B 6%
T RN, SR A5 = B O DR A
X B B R AE R IGHEAT T AR . AR T 3K 28 i N BN AR
TP AR R E ) o BB IR RCHE B 0 R O A B M e 2
B o o fife DR SR s e ) R0, 5 /DN S R 08 2 A TR
8 AR AT 995 B BT 1 3 B8 2% 2 SR il e /N RE A T L 4R
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Shahamiri™ &85 75 & F5 AL AL 52 16 8F 0 17 & 22 45 7 F0X &
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FRAESEBCAE 77 04 R, I HL AR 0 08 5 Ak 42 Uy A
— A i 1 FEAS T T RE AN 8 A 5, 1 AL R AR SE N P
TAEARR, WEE A W2 BRG] AR & BE 65 S8, Hu
SENRR R A FE B wav2vec2. 0 BERL, Yu SEUOR A5 A
oy B 05 1 ORI AL O {5 B AV-HuBERT #E 28 4%,
X AR AR AR A T T R B B R W Iy B AR
) AR TR 5 A e R A B 85 P RE AT 2 M I T 5T X
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5t as AR A 2% A — A A Bk B g 2 1Y FROR
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Sy R P A5 B HR 1 R S 4 AiE R & R R AR . R T TR
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Fig. 1 Model structure using HLA
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() 20 2 B b AT IH— 1k

J T IRAFER G TR B RN A SO R B R T
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g.(8) = MinMaxNorm(EMinMaxNorm @) )

9
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FEAETT ORISR N
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MLAA §# 3 7 5 L 3 R A A [ R B2 2
SR R — 2 1 RS R X AN A A5 S AT RE a5 K
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softmax PREUHI PR T A R IALEM AN 1.

4 MLAA L5 Ef#S 88 b, Al LUGE 54 i 05 4% 2 AR 4l
A B &R B R E T ARRFE NG R, Bk, #ig5%
WA — 2T MLAA RSB ¢, S #HAEZZEN L
3w S R AL A
1.3 # 0 HB

D #E HB M i

SEHLHB B e A T — A B A AR L R A
T — T B AR A R P A s RN I8 W = {w
Wit o TG T RS SR A W 4R A0 K S AR
% Whisper, I 2. 1 1T, BAHA (X, 00Y ) #2E—
A CEI, XA X, g EE R oy, Ry, #~
Y., WK Y, AR . AR S B L, IR A 1 =
AERC B RIC R g g, L 0 S AR Y A, 99 999 b 4k A
(EOS) ., W] LUK 4 A $03R] 2 0] LU B — > AT 284, 24 H 3
i Yooy, Yo, BYE G 6 Jd o 0 im0 3R 4
1 LLAT 280 (00 207 2 ) R, S U 25 4 T 1 b (g A3
FEJIE 7R

AR w, EFENLR PRI v, . HEAHIE
w, A—NEE IS, (w,) » KA 5 (hotword
score, HS) , HAWTRIC (1 43 500 F . 4 43 B0 (6 20 % 57 1Y)
WL REG| N A HB i S, .

s, [ YEWm (12)

o, Hfth

A 15 45 i L 1V R MR SR A3 A S A AR R Y 1 R )
B S, IR, R .

P(y, | y-,»H) = softmax(W +«d,+b+8S,) (13)

D AEN I R b H HB

WA O — B w TP A R A o e &2 R
FEDT AR A R p X BRI R R N E
BT AR A BE SR, 3R 2 T A T B8 B A7 . DA T st G [
AR B AR B NI R 58 B (beam size, BS)

1R A R R T HB B AR B R T .

WA  NRTR IR w, FRAR I E BS=*k.,

BN HB: AR ¢ S L Rk h &
AN FME R A A, WSS R A BT 20 DTV R EIEIE Y € Wiy
WERAEAE VPR FAT] 3813 2 19 451 1 A0 3 A 25 R o 39 i 11y
AR 2R 43 A v A5 B 0 B B 5 MR A BE . W R
B o 2 AR Sy 4 R SR s 7R 5 — A BT 3E AT ME S AL, RD
AN B A B IRE AT — RO,

COY 3 AR A 15 %5 MHE R 4 71 6 K 2 3% &
SMER B T, IR TR T R A A R BR R

OB S — BY [ 4T T HB, W — 2 25 3] #4
AR AR R 28 0, TR b — B4R IE A0 T HB 1yt e, 7 2
A 2RI 2 L e A A B A SR AR A Y W AT AN A
A B TE I % SR DU AT 0, 5 I 5 3 A 1 A A
) fo T b 9 b 7 L 3 FLIBE 25 SR X SR BN Y 43 B, AR R

Wy s

TTHEREHE,
(Y5 BT ik #5135 B EOS 1,5 1R 2,

2 XIEE

2.1 HiE&E

AT WA DE SR M B A R 4,
TORGO Bi 8 & — A4~ B 75 2% & 35 F 4730 5% 10 G ¥
WHEIEEE . B 8 MR E R 7T M IRE, A 7
BT IR ULTE B R S 8 2 AR UL A 1Y 2/3 K
A I M INREE (11,7 b, H A & 9 15 1 U 3 2 1) 250 9
PR A (1. 79 b,

UASpeech 3 BHE 2 5 K 23 78 71 F 09 I8 7 38 & 18 R
PEV L H 15 AR RN 13 A BULIEFH A, kA
FRA 29 AN URIERHA B 1 R 3 MEE FHE 244 (69. 1 h
B A8, 3R 99 195 AR L I AT 16 A48 & B 5 350
T W R 2 BB FE IR AR B (22. 6 h I A, B
3 26 520 MEH) . FE R BRIE S B TE UG N 45 AL 1)
SETCERZ G R A1 Ak 3 A A M EEE 30.6 h I
WEAE S BN E. Mk AR 2 9 h MIBEHAHT
Mt
2.2 XWBSHIZE

TEZR SZ 56, ffi | NVIDIA GeForce GTX 3070Ti, 7
Python3. 9 WiA<{#i i} PyTorch 1. 10. 0 HEZE 58 A BRI 25
RPN Gl Adam 1E S BRI RS . F I FREEN 1 X
107, HER K/ e KA B A7 .

BT B 1 35 5 AF S (8 80 4k A4 X B JR A % &
(Log-Mel spectrogram), H T 46K 28 & MATE 10 s LU
P IR BT A R AR T B S R AP, I AR R
B 16 kHz, 358 a3 4 Ao 4l 5L 28 360 3 A5 400 3%% , 4K J5 1
Mel 118 I # 41 445 471 256 JA 2 1 220 B2 5 8 1) Mlel M1 8 20 i of 458
0N T 5 A B S % Mlel B0 3% 1 1 s B {1 B %o L 75
F| Log-Mel #3480\ B 75 35 5 B 1 A1, —
H A0 FBAE I AR 8 B A log-Mel S B AN 2 B .
2.3 iEMiEER

R T PP T IR R P AR AR SCR T R R YT
#Mr¥g br—— 7455 1% F (word error rate, WER),

WER i i BAE 5 S 5 5% ORZ RN ER . ©
SR AR I g 5 B BT A BT A R A M B LA AERAE
H UM 25 R 5 300 525 SUR I B/ NERE 3L

WER i i = (DO 115
wik - S0 an

Kb .S FOR B HAE DB RIES DA — AN TR0 O 55
— N BUE s D37 M B R 00 KO B 225 SOR R i
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Fig. 2 TORGO dataset M0O2 utterance-"Some hotels are

available nearby"

0 W FRPUNL R 5 S % AR S & —8. %) iz
T ASR ARG IEAY L BEAE A RS WA Y 1 52 B AR RE

3 SRR

3.1 >tk

SRy 0 U T 4 A R 1 P b e AR T o A R 4
X T 5 AL R LAY, JOF 5 AR o R L 0 Bl R
(Whisper+ HLA + HB) #f 17 ¥ 68 PF Al . X 26 45 & U 45
HMM-DNN,CTC, HuBERT, Wav2vec2 1 Whisper ¥ %1,
Hep HMM-DNN #1 CTC # 8 # F Kaldi T. H A 508, fiff
5 A 30— 20 B A B 5 R R U 2k 45 HuBERT,
Wav2vec? Fll Whisper 1 # M\ Huggingface JF Ji & £ £
B o3 B O WO Gk R A AT T & S0, T AR Y
2557 38 0 LA A% 7E TORGO 1 UASpeech 304 894 F
X,

21 JBAR T ARBEBAE TORGO 1 UASpeech $fE %
LAY WER XTI, £ 4Pl 4% 2= 2] £ % HMM-DNN
165 330 15 A R B O A9 TORGO %4 4 I 9 WER
R 37, A2%6 , R 2 AL B SR A, H P Whisper #5 A
i WER B % 16. 38% , itk J5 19 5 15 0 3K WER FEAL T
3. 7% . UASpeech %4 447 5 #E 3 f# (19 & % , HMM-DNN
J7 B WER (UK 69. 79 %6, I I BE % > 77 ik BURUR A KR
#F, HuBERT 5 Wav2vec2 585 51 %5 448 T 14 52 1
FH RS, 45 52 Whisper BUHGE | T 38. 31 % 1) WER, %
BT R A > 7E A BEAL A A RS AR SO
Rk —% WER MR T 11% . R W £ )2 WK AF Rl & i1

o 14 .

RS o S 21 S 149 1 5 HUASE TR ) B THRICR

£ 1 Xt &F %A TORGO F1 UASpeech £ & WER
Table 1 WER of methods on TORGO and UASpeech
%
5k TORGO UASpeech
Whisper+HLA+ HB 12. 67 27.18
HMM-DNN 37.42 69. 79
CTC 27.33 49.91
HuBERT 24.07 52. 83
Wav2vec2 21. 64 42. 45
Whisper 16. 38 38. 31

F 22T T A A TR BE A 2 RN T AN W) AT B A
IR 1R TR I, A SO Y Bl AR TR A BT A RT3 A
JE KT S AR SR A 3 U, JU HLR 7 P AR 3 KT 11
AR . T P SRR R B R O b LR A
AR B8 b SRR R BUAR X B2, R A T B A R O
Fh AR SCREE ) WER b 23.91% , A bt Whisper 5 51 4
42.36 %, MEKAR T 18.45% . 1 AR A% w] BH f 75 15 5, A
RETEM MRS LA SCEA R WER 24 51.32%, i
ZT Whisper BERIEY 71, 43% . ik — B B AE T A SC RS
R Bl i o B R S B N AR RE . X R IR SR A
1) Whisper #5781, DL K X 3 47 0 72 il £ fik 05 25 £ £k oot
TEA W B A% 10 & IR AT 55 HL g AR R 9 5E I iz Ak
(DA

#R2 XLk ARREFH %% UASpeech 7[5 7T 32 2 B2 % 4 B9 WER
Table 2 WER of methods at various intelligibility
levels on the UASpeech dataset %

UASpeech /[ 7T HLf: B /K-

ik e Y
Whisper+ HLA+HB 13.12 21.73 23.91 51. 32
HuBERT 28.76 43. 50 58.85 85.41
Wav2vec?2 19. 88 37.75 45.71 71.73
Whisper 14.01 30. 58 42. 36 71.43

3.2 HBLRIE

FEATT v A SC B A3 BT T R — B 43 X A A Bl 3 1 5
W, R R AR R B VE Y whisper-large-v2 #E 7Y, Hirp
BS=5; Whisper-+ HLA %, 7 1 AR R (1) fif 15 25 35 7 R
W2 2 RAF RS KW () HLA 50 ; Whisper+ HB B,
ESLMERC T (B HB; Whisper+ HLA+ HB #8144 £ 2
FAE@ A A HB #N T RAEBIR, TR R ME 3
FTR

M 3 MR EE R LIE S, HLA 5 HB £ AR XYW
A B AR 0 5 A ROR AN — L [ VR A 7 A s 4
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Table 3 Impact of different modules on WER %

ik TORGO UASpeech
Whisper+ HLA-+ HB 12. 67 27.18
Whisper 16. 38 38. 31
Whisepr+HLA 15.17 30.12
Whisepr+HB 13.90 36.72

WER BUS Tk, 458 BR7E TORGO $¥i4E . HB /)
RS, WA UASpeech B4R I, RIERA 1 & 1 ok
FIRCRAR T R,

fifi F§ Whisper+ HLA # A 76 B A~ 804 42 & WER ¥
FTREAR . 4% 9 7E UASpeech $U4E % FREIE T 8%, X %
B HLA 12 J2 A = 0 3R 0 AT AR G 3l g x4 8
TR B RS 2 . P SR M3l 1o 7 2 A0 A i A R R
G A A A 25 RT LUFEAS 5] A0 R0 B 9 8 I 25 & 4 )R A R 3
5 B s DT D AR A5 T8 %o ASORY 7 AR 22 25 19 30V 19 ff 1 g

i HB HEARM TORGO $E4E R WER M 16.38%
R 2 13.90% , 3 nf LA id BT 4 22 R0V A8 A F A9 B S
5 A TR AN Y IR R FE UASpeech 24 [, R
HB 2R AW TORGO 18, {F 759K Wi B B3 AR T 150 531 45 1
K, X R, B AR IS IR A 18 BT, 2 LR 4 A
W REH K /D IEEE . AT HACR 22 31 F] 2 K 8 TORGO
B ERM T A A PR E AR, LT F R AL,
HB # R 68 % 7 7 & # L 35815 58 9/ . i 7
UASpeech 20484 I, B T2 50308 52 K8 45 02 IR A7 54,
Z ETFXFER 13 HB e BRI LB R .
3.3 FRASERMEREAMTLELIE

FEARFNT LB AR SR 2 BRGSO ST R [ #
5 48 DU KACBE R () R M B . 22 SC 88 v, AR SO T
3 PSS 55 ACA HLA 1 MLAA, 335655 0% 43 5]
NS Ti] B9 08 £ Ak B i e o R L D i AR R AR B A i S 06 4%
RN 4 iR,

x4 MUEAERMTHEREA WER

Table 4 Impact of different feature fusion
strategies on WER %
Ti ik TROGO UASpeech
Whisper 16. 38 38. 31
Whisper+ ACA 15.76 34.19
Whisper+ HLA 15.17 30. 12
Whisper+MLAA 16. 11 34.67

ACA FEHE A2 76 RS 28 T AR R 2 — B0 35 B
TE 45 2 At (5 B35 4 AL R g 38, T Ik WER, %35R
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