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Abstract: Objective With the advancement of technology, the demand for large models in speech interaction has increas-
ingly grown in recent years. This paper investigates a self-supervised pretrained large model based on the speech informa-
tion disentanglement technique, aiming to train model that extracts linguistic, paralinguistic, and nonlinguistic information
from speech. This approach leverages vast amounts of unannotated data, enabling the model to learn effectively even in the

absence of labels. By achieving the independence of the extracted speech representations, downstream models can clearly
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distinguish between different types of information, which is a crucial step in enhancing the accuracy and controllability of
speech processing. Specifically, the core of the disentanglement technique lies in effectively extracting and separating dif-
ferent layers of information within speech signals. Linguistic information conveys specific content, while paralinguistic
information includes the speaker’s emotions, intonation, and other nuances. Nonlinguistic information may encompass the
speaker’s physiological state, environmental sounds, or background noise. Therefore, by modularizing these types of infor-
mation, the model not only gains a better understanding of speech content but also allows for flexible adjustments or replace-
ments of these elements as needed. This process provides comprehensive and detailed speech information for downstream
language and generative models, considerably enhancing their support for complex verbal interactions. Furthermore, this
technique facilitates multitask learning. In speech interaction tasks, different application scenarios have varying demands
for speech information. Through disentanglement, the model can adapt to these diverse requirements, achieving higher per-
formance across multiple tasks, such as speech recognition, emotion recognition, and speech synthesis. By leveraging the
speech information disentanglement technique, the self-supervised pretrained large model not only offers flexibility for prac-
tical applications but also opens up new avenues for further research. Method To address this challenge, we propose an
information disentanglement-based self-supervised speech representation learning model that effectively leverages vast
amounts of unannotated data, achieving high-quality speech information disentanglement. Specifically, we build upon an
encoder-style self-supervised learning (SSL) framework and introduce two lightweight specialized modules. Both modules
enhance the model’ s capacity to extract pitch variation and speaker identity from speech signals, which are crucial for
achieving expressive and contextually rich speech generation. We employ a residual removal approach that systematically
disentangles the extracted pitch variation and speaker information from the main processing branch, thus ensuring that
these components do not interfere with the learning of content information. The main branch is then trained using
HuBERT’ s speech masking prediction mechanism, which optimizes the deep layers of the encoder for superior perfor-
mance in linguistic tasks. This method allows for the progressive extraction and refinement of the representations of pitch
variation, speaker identity, and content from the input speech, thereby fostering a more nuanced understanding of the
speech signal. Furthermore, we combine the diverse representations obtained from different layers, strategically adjusting
their weights to generate task-specific representations tailored for various downstream speech processing applications. Such
flexibility is essential for effectively addressing the distinct requirements of tasks such as speech recognition, emotion recog-
nition, and voice conversion. Additionally, we introduce a progressive generator that builds upon these representations,
resulting in the seamless execution of downstream speech generation tasks. This comprehensive approach not only
enhances the model’ s adaptability and performance across multiple tasks but also paves the way for more sophisticated and
context-aware speech interaction systems. Result Experimental results indicate that our proposed method demonstrates sig-
nificant advantages across various tasks, including speech recognition, speaker verification, speech enhancement, emo-
tion recognition, and voice conversion tasks. Notably, in the disentanglement-based emotion and voice conversion task,
our model achieves substantial improvements in emotional similarity, speaker similarity, word accuracy, and audio quality
ratings compared to the second best model. These enhancements reflect the model’ s capability to effectively disentangle
and manipulate various speech information components, which, in turn, contributes to a natural and expressive speech out-
put. This result underscores the effectiveness of our approach in not only improving the quality of synthesized speech but
also enhancing the controllability of emotional and speaker characteristics, ultimately paving the way for more sophisticated
applications in human-computer interaction. Conclusion Incorporating information disentanglement into the pretrained
extraction model enhances the analysis and synthesis capabilities of speech information. This feature enables the model to
clearly identify and manipulate aspects of speech, such as linguistic content, emotional state, and speaker identity.
Improved clarity of speech features is crucial for advancing large models focused on verbal interaction. Furthermore, this
approach offers insights and practical tools that are applicable in various fields, from enhancing speech recognition to
improving emotional expressiveness in generated speech. This method also fosters more nuanced human-computer commu-
nication and encourages research into complex speech dynamics, potentially leading to innovations in personalized virtual
assistants and adaptive language learning tools and ultimately enriching user experiences in human-computer interactions.

Key words: information disentanglement ; self-supervised learning (SSL) ; speech codec; speech interaction large model ;

speech synthesis
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Fig. 1 Framework of the “Haihe - Diting” speech interaction large model
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Fig. 2 Schematic diagram of a speech self-supervised pre-training large model based on information disentanglement and its

application in downstream tasks ( (a)information-disentangled self-supervised pre-trained large model for speech ;

(b)multi-task feature optimization module ; (¢)progressive speech generator)
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ST R AR BOIR S AU TE N KRR 8 20 90056 3 T M
2 5% 72 45 T (vesidual convolution, ResConv) %) i
ATRGY o fi o 1 5 — A 4 AR 2 T A5 2L I 114 45
RE e R™ IR L1 4512 s 8O0 A i) it F
T W B I 25 o Tl 25 42 HUER A9 Transformer i A
0, e RIS T 5 W75 22 40795 M58 B Rt 15
B B Sk A 2550 TR 33K
FRL i 4 O, I 325, AT 1 535 %) 300 B2 0 1 e L 10
HARNELRR (R, R, R IEHIEER . N T Rk
X[ A SRR T — A AR T T AR A
HE A A AR R R s A5 AR . BRI F RN
Transformer %ii A 0,, 5 & & T K 015 BOR ZE F UL TE
ANFIR R, R, e RT”VHHR IR ENTIEAZIZLSTM
BRI PRI 2R MEE i 2ok — 4 A FFOR IR0 A M AT
T ORI M2 AMEE TS 5 W A s v o AR, A5 3
AL B AW EE R E e R™ . IR L1 Bk
BRI BN RIMEE J 1) i 1 AT

2 RHHEE

2.1 SRRHURE

TE S v A SCE O BE T B RS Y 1 B T
IR FNA[E] T WA 55 Bir Bk 1A R ) s
LR o FITA & AUREAS IR SRAE 8252 16 kHz,
2,11 HRETEE RBR A HN 2k

Xof TR TR S AR A B M R B B I
SLE e Z AL R B A AT T ISR, A
LibriSpeech (Panayotov % ,2015) . £ 15 & 1 7 (multi-
lingual LibriSpeech, MLS) (Pratap &5 2020) M Wenet-
Speech(Zhang 5§ ,2022) . £S5 H &R T WA ALAR
BTN 2R KA : Base 55 Large.

1) Base B . J&F 960 h LibriSpeech 4 VIl
2, Wk T SRR R

2) Large #5254 . &1 85 Si3f 84 500 h A% H g
SRR G5
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Large #5228 rf il 1 189 XU B4 4 4245 44 500 h
(¥) MLS #5404 . 10 000 h ) Wenetspeech 1 3C 54z
LA B 30 000 h MCHIGE £ 1) S R
2.1.2 ZFTRIHES BN K oA

o R VI N i R S AT NI 2
P 2] T RN, DA SR U AT 55l L 7E
5% R ) (automatic speech recognition, ASR) | i ik
N5 (speaker identification, SID) 1 &R J1] (emo-
tion recognition, ER) Fl ff 8% & 8 % # (emotional
voice conversion, EVC)4 Wi ST 55 L 04T T 100
S

D ERBIHE . 528 rh i J T LibriSpeech fY
train-clean-100 Fl1 dev-clean T £ 1F i ASR ) Il 25 F11
H RBP4 . BERIMERRTE LibriSpeech [ test-clean
Hl test-other T4 [ A TIEAR .

2) P iE NN 0E . #E VoxCeleb1 (Nagrani 45,
2017) Bdli 4R b BEAT T BERL A SO AN PEAS  LIRAT
SIDf£:55 . VoxCelebl 755K H 1 251 i 44 A\ i i
100 000 251 , 25 F LA .

3) U U RO o 7E IEMOCAP %4 4 1)
52— 5T BT RERY AT O, IR RS 1R b
PPAG AR . TEMOCAP (Busso 45 , 2008 ) %l 41 £ 1
TR 12 h s W 25 i ks . AT E
(¥ 2 , IEMOCAP 5 i 1 75 % 1 i F SR R 1 &, H
TR E TS RN A S PN R SCE DTG

4) 1 R O . EVC 2R T ASRSID
FER 3 R T 55 (45 L, PRLHGAS SCEE 5236 Hh ke 51 B 0
XTS5 BT TGRS . 1R AT 55 RAE LA B R
At A g U b TR A 2V IRIE R
FEF 12 4> 3 SO G F BE 4R L (045 CREMA-D
(Cao % ,2014) , EMNS (Noriy & 2023) , EmoV-DB
(Adigwe % , 2018) , eNTERFACE (Martin 45 , 2006) ,
IEMOCAP, JL-Corpus (James % ,2018) , MEAD (Wang
4%,2020) ,MELD (Poria %¢,2019) ,RAVDESS( Living-
stone fll Russo, 2018) , TESS (Dupuis 1 Pichora-
Fuller,2010) , ESD (Zhou %5, 2021) il MSP (Martinez-
Lucas 55 ,2020) o #4540 7 8 M F bR 4 - B
PR R AR RO R I LSRR SR
2 080 v AN [l it i & A IR £ 267 ho
2.2 H&ER

S H AR SC %k PEAE PyTorch HE 48 1 I 25 19
HuBERT 5 g % FUAE A | LAk R AIE $i2 RS 7E 25 23

R . 5 A SO B 2B AL AR ],
HuBERT [F#£ 125 | Base 1 Large i RAS , Y1l 25k
M T e SR E .

TEEVCALS A, L5 T Consistency VC (Guo
4§ ,2023) Fl wav2vec-ve (Lim I Kim, 2024) f Jy 5t
2% . ConsistencyVC i 1 ASR 7 ¥ B9 wav2vec2. 0-
large > i U A 25 , 45 DA Mel 535 151 v i BB 138 7%
N B IEE B B G (b . wav2vec-ve
B EE T Wav2vec2. OHEZR , 456 T NG A H.oC
(gated recurrent unit, GRU) Fll AdaIN-VC (adaptive
instance normalization for voice conversion) [ 4% {77
e, SLHT A, GRU T 848 e 5 55l , i 1
T N A B TP 1T AdaIN-VC 3 3 H 38 W SE 6 H
— AR T U AN FIE B RS RE T
2.3 BREFHMRSHLE

BT B A B O 2R BN 5 2 (a)
FE7R o ARG % g KUK Y9 B B o7 ~J (SSL) &= 1 i
AT AR . B AR IR i 3 HA 51240l
B BRI S ERZE 14 BA 256 1500
(1 822 1 TR FR BT (GRU) R LA LA [ROBCRR AE 4
JERTTI A5 (FC) R . Uil NSt 14
HA 256 MRITH R ERZE 1A HA B IE 2
FATTHY FAS JZH 1A AT BRURe iE 4 2 BT i 4n 3%
R

YIZRAIL 53 A P IRAS : Base Fll Large, 3%
YT 85 910 5 MindSpore HEZLBEF T %5, i THE
R RS JE A1 L, 78 55 910 55 MindSpore fEZR [ A5
HUPE BE WS b T I T Pytorch HE B2 () B (Wang 55,
2024a) . TE Base 58U | [EUBCREAIE 24 2 768, 1F
Large LA 1 024, Base Fll Large FELEMH S
B B ANAAAE—SE % . X T Base B, 45 FRALEL
H 7B, B2 B 51280, LK 15, 2, 2,
2,2,2, 20, BB KR/, 3, 3,3, 3,2, 24
Transformer £ % 12 J2 , 4 B Ry 768, N & 4k & 4
3072, FE kB 12, MHELZ R, X T Large &
Y R L B S5 LAk AR [R] , {H K Transformer
B 55 24 2 HEE 1024, WARHERE Sl 4 096, 118 )
KA 16,

I RAAL ) WA 55 FAA B E AT R . X
T ASRASCHEA T —M 8 10241 FI0H) 22X
1] LSTM , R A5 SAICHY CTCH R A TR AL . %) T
SID, AL SRt & Bt A7 S (e Ak , Bl s % 4
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— 1250 MG 2 (FC) )2, IR 22
SAE DR (cross-entropy loss) #EATHEAL o X T 1 8%
PUIME 55, SR FH L T3 ) A (A i AR A TR AR SR B
it — 251 AR E J1HLE (convolutional atten-
tion mechanism ) #EAT A0 B, H i B FAZ K/NVE R S,
LR pR R R RE S 52 U R o A 2(b) s 22
55 R DL AL BT, Sy 1B B I IR S A3
W ANFR AR Sl A A SAP 1Y 4 25 BB, A4
BRI RN R 5, INFRHEJE 0y 256, AR R H]
HAT 1 024 4B IT Y 2 )2 0] LSTM . 724 it
it g b, R A A S B T RN
convlD JZ | — > a] i ] LSTM (ZEBE 2 1 024) il
44> ResConv |2 (R K/ Ry 3, 975K Ky 2) , X 2044
A 28N 1280 980 /0F) 160 HEZLH ] T HiFi-
GAN1(16 k,80 2 Mel 4% 141 ) 1y 7 i 45 .
2.4 Tl R 12 R AR

TEI T R T i i b, AT T IR
R EZDONTE T FR 2 ARl 2. 56 1 IRER
IR 13 48 ) MFCC JH— B L — B 22 70 AR E, £
H K-means 5742 i 100 JE R VE R AR ; 56
2 Y IE AU 25 1 ok AURSE Y Ay v [ 2 4 1 A A
FHIE , 2 1L 500 8 R 6Pty o ISR A MiniBatchK-
Means Jf 2 K K-means++#] i1k . 13 W B 335 A 2L
Ui A5 7Y {5l ] Wespeaker T. 2 AL Tl 2% T EMA-DINO
PR O 3G N4 A, Base WUl FH LibriSpeech £ 4
£ | Large W FH MLS Bicdig 42 , 70 S AT IR 40 7 4
11750 000 2 (19354, 8 1 45 B Transformer 2 1
Wit ) ()1 R o

A SCAE B IR B (ASR) L BETR AU (SID) 1
U (ER) FIE & AT 55 2047 1 S50, SO 8
ARG AN 2. 195 BTz o RO A rh R 25 I 2t
AU ZH, AR B A B A DL R AR AL ]
FALTE . Br A 08 AR 4 Adam (adaptive moment
estimation) L ALAF o HH TS [F] T U#EAT: 55 A9 504l AR A
ANTE], R REAS T AT 55 i DI 22D B 2 o) epntt &
K/AMBAIR] . TEAHAYBC & 1R 1 R .
2.5 iFMIERR

TERRIVERE PP R AR b L (] T 2R G b, A5
E i %% (accuracy) | Ui 3% A A BLEE (speaker similar-
ity, SS) ¥ 18 3 /5 A Ll B (emotion representation
similarity, ERS) 14 R (word error rate, WER) . Ji%
H1 it 5 3 4> (DNS mean opinion score, DNSMos)

F1 RERTHESHENSHILE
Table 1 Parameter settings of the pre-trained large

model during fine-tuning

1155 LibP 7 (S S | R/ € €13 s
HE U 40 1E-4 32
7 G 100 1E-3 64
AR 50 1E-4 16
HEEN 150 SE-4 64

(Reddy %5 ,2021) ., H:rr, SS i i Resemblyzer 55 74
(Wan %, 2018) 115 Hbrif & 528 BUE & UL A
FeR Z 8] B A sZARBLEE | DTN A 152 2 i FE DR AR
UEIE NRRIE b B dESR P o ERS W@ 2o 5 ] Emo-
tion2vec F 7 (Ma %5, 2023) 345 Jf 4R 2Z ] (1 4%
SEARARLEE | DADPA A U 5 E A% 1515 JRARRAE T T 1)
AR X TR AR DU AR A A R
S S B ER SCARVEST X H, B Whisper Large £
B4 (Radford 55 , 2022) SR FU I 3 , 2 TIEAR 8 A2
JIHERR E o 17 DNSMos & fit T —Fh AR R A1 iH
RN BT 2 VA 5 i 3 X AR S Y e AT
SRRy, i e HORE AR T 8 3808

3 HBRE5HH

3.1 IEEEERMEESHIGIE

T I AR IR B 2 A SCHE ZR 1 % Lo AR
AT SR A S IO A RO AR S AT TR
WE . B AeAE S UM (ASR) (Uil AR5 (SID ) Al
AU (ERMT 55 EFAT525 , 5296 th AT XA [T 55
HRHEAT TR0 o TR R rh RS BN ZRBY (1) 2
B AR T T WA Y A DL S I ACFIAIL ] v
FUEE o 8 2 3 R S5 AT D AT 00 MR A R AR O
BRIE S A BAEHEE S EREE ), Semg ]k
R2PR.

FEE SRS b o T PPAR B AL Y P4 25 2R i
RE T, SC8s rh o FLHEAT T A B O IR A R S
HuBERT #4746} Ho o Q3 2 iR , AR S U AU 7
Base il Large W A 1 ¥ 7€ 1) 4% % (WER) b it F
HuBERT, 78 1 W5 A PERESE T, X — ekt 3R,
B 25 S ORI v (7 A AR AL AN B0 AR B AT S50
SRR N AR B B 2T BT I REARR 1 1) 4
., fE Base liUAS T, M0 #X T HuBERT, A SC U7 i ¢
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®2 ETEEMHMBOTINSXEEN S ES TN
Table 2 Evaluation of multi-task performance of our information disentanglement based speech pre-trained large model
/%
T 55 FniA AR A3 Base HuBERT Base AL Large HuBERT Large
o test-clean 6.52 6.72 3.86 3.96
WU (WER)
test-other 15.20 16.11 8.64 8.82
dev 90.95 81.42 97.97 92.41
S (Ace)
test 90.61 80.17 97.61 92.29
HE AU (Ace) 63.96 62.44 70.73 69.49

VE IR R B 2H 25 5 de 1

WER L33 T 5. 65% MH& T, ik 1 AR 4 41 A A
PR AR AR A B i 3% A5 B 7 1H A AA R, I 7E Large
RRAS i, BT R BE AR /N (2. 53% ) o

A% S 1 TR AGFUINAT 45 PPAL T AR R R B
NE BRI . S5 R K], LI 1E Base A IE J2
Large WUAS v, A SCAY 42 BRUBE AL B S0 1 fe A1k g
i ELAH FE HuBERT A7 g & ot . X — 3R A ) F7
e PR B A A BTG SRS 1T 55 25 B, 3 AN
BT SRR b 3 e T R
UNEPsNibiE

H1 T IEMOCAP %40 45 rh I Jak 3¢ 38 F0 9 25 2 AH
HOCHRAY PR 6 R A ) S e TR TR %
S B AR 5 5 BRI RE 7y . S5 RR WL TR
W Nl A R IE ST e i1
X — B AT U PR TR AR AR R R 2R B, X
PR ABE Y B A 4 H2 5T 22 1) 15 VR AN R 0T (] e R
oG HE BORS BRI N A5 B o

ETHERFEERNEIEZFRMENKIE
TESE TR BRI B (T 55 B IREA
SO AR B AEFERE T o AT 55 AN TR 2 A Ak 4
Uk S {3 B, I 5 BEARIE AR A 2 =2 8] A4 R Bl ST
P, DTS IR IR 40 R o T PR 0 e 4

TS A TR R ) HE L BBl Consisten-
cyVC Fll wav2vec-ve , 5 4% ST AN WA 19 i Y1 5k AR
RIE Z AT 55 th Y PEREHEAT T X0 LU, PEAS T HAE TS
A (EC) i (54 (VC) E B (45 (EVC) F
HALEM TS L AERE, JFE T 4 ME S B B E R
PPN LR () I i . AR 3 i, S48 Consisten-
cyVCTE N BN ETE AARRU: T T 2 B R4, {H H R
FEA(WER) 80w o IR 22 57 Al I X T8 AR
WG RIS A 1 225 A IR L & AR L
IF BN RN E . HILZ T, wav2vec-
ve SCEL T EERRE AR . TE4MESF b I TASCHE
AR h R AR T S O

3.2

R3 BEEGR . FEERBERSERRMNESEMTIS LNITHER
Table 3 Evaluation on emotion conversion, voice conversion, emotion and voice conversion,

and speech reconstruction tasks

I LERUkis:s I (e T HfH
AT S5

ERS/% SS/% WER/% DNS ERS/% SS/% WER/% DNS ERS/% SS/% WER/% DNS ERS/% SS/% WER/% DNS ERS/% SS/% WER/% DNS
ConsistencyVC  69.01 72.07 1240 3.08 9345 69.18 11.20 3.04 69.29 69.46 13.70 290 93.06 84.84 1230 291 81.20 73.88 1240 298
wav2vec-ve 67.54 69.37 644 3.01 9397 67.17 593 3.06 68.75 6842 10.72 297 94.64 8491 5.14 3.01 8122 7246 7.06 3.01
Fbank 67.44 7128 948 296 94.05 58.76 7.56 298 66.96 60.24 9.90 274 94.16 86.20 832 2.87 80.65 69.12 8.81 2.88
HuBERT base 68.61 72.11 3.50 3.05 93.85 71.03 3.67 3.09 69.03 7147 3.75 298 96.00 84.12 335 296 81.87 74.68 3.57 3.02
A Base A 67.64 7146 2.78 295 93.81 68.71 3.14 294 67.06 6849 335 268 97.06 8521 2.60 2.99 81.39 7347 297 2.89
HuBERT Large  67.11 71.90 232 297 93.71 63.24 2.46 297 66.13 6355 248 275 96.51 87.62 199 296 80.86 71.57 231 291
A Large A 69.23 72.61 220 298 93.72 70.68 2.51 280 69.24 7228 239 258 9624 87.06 2.00 3.01 82.11 75.66 2.28 2.84

T IR A B e e
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TEA SR A A J 24 J2 19 Large hUA 1Y T3
SR PE IR RY Iy, AR R AP RE BB T SR
XoF o AR () iR RE ) AT LA S PE bR 2 ] T L
I 24 JZ A RAE FE PSRRI B UL 55 A AH
LR AR b 0 T H AL S 2B AL, A 1) e 7
EVCAE 55, 5 SRR B (ERS) 2 69. 24%, Bt
T AARUE (SS) 2 72. 28%, A4S RN 2. 39%., X £
W ILER Y 3R Z M A RR & BERAR . A AT 55
REA RO B A SO 0/ 1 N 83 o 0 1 RT3,
A, 5 R R A ST 5, [RlRE D,
X T 12 )2 Base MUA B I ZrAsi AL, 36 3 JgoR 1 HAF
BEER o XT 12 )2 AT E R B AAH RIS I3
L LT 24 JERERY LA R MER T 0 R, X R
W] ER 24 )2 BERITE R 8 AT 55 (U I8 udid AR
A ShigE R Rt (B AR R S Y hE
N FRENE RN RON B % . P, Ay
TR AN TS AR i 4a ] E RPN G HIAE
3.3 HMXB SRR

TEATH 3BT T S B 45 R 5 AR SO AE SR R i 56
BRI IEAT TIRASRYT o R AR S IR R 5E i 3 A0 fi
T PR LR AN EE B 458 25
TEARARRE R, A il 7 2 2 UfF B R SRAE . X SER
Pt [E V], o0 O R G A B AT 55 T s
BRI o IR I BEAE IR AT RO AR SO T
Rl 230, b K ke 22 B IR DTG N $ BB R AR 4 B
fro S E SOV TARBUTE PR AME 55 BRI
HE OIS ARSI . X PAMT 55 53 APPAG T4
TP E S N A AR S5 B RRE ) o SRIBUNTE
RO 6\ Ui E AN SO R e AR AR AT, A
Je SRR DL AR HAE U 2% D630 N By S N 7%
FROEDT TR HE TR A IR S
3.3.1 FRZEEHK

B 2 B AR S OB BRI rp i 1) 1 28 G H E A AR
o T LR RRAS AL AL A SORF AR 22 R IS Z24F:
S5 PECHAT T X F L 24T 55 S BBORE 5% 22 $2 B0 14 fi
ORI F i 72:” (substitutions, Sub) B4k “ iy ”
(additions, Add), LS 45 UK 4 s, BT ULE
N IR 0 4 A 2 R e AT 1 R e i S
L AE R il b AS 3R B B A 0 A, B Trans-
former ()55 4 22 )5 o

S ZAT S AR I OMB B ) B E 427t T
P AR IGBE G A5 B R RE ) EAE A

E55 AR BLENA B T o SR N 2455 $E U
i ke AN Y SN IUE | B/ (ERST R WS LM
RIER T TR AN BRI, R ERE
S OB B A B 15 E PO EREA BT Tt
A1) A 5t A TRU3 ) e 2 B 3, Ul T e A
AL A5 SRR, LR IUAR (S B A B
TRV ZAE S5 RE T AR BRI A {5 5
I O AR BETE ) A8 B AU RE 5 AT 55
PR (HTEF FOIPERE DL T BRI p I 2
BRI S B AR THUE N B3 .
2SI AR W] sk 2 P R D) EE i L)
REAE FE T S UGS AR 55 Hh Se B RE A K
Tt BRSSP N AEE R RS
WA RAR R TR AT 55 Tt P BRI B

F4 KRERRESEZIREKRBAITLL
Table 4 Evaluation of residual extraction by compared
with multi-task extraction
1%

IEHHBI(WER) A ARG (Ace)

Wik
test-clean test-other dev test
FeRl A 6.85 16.77 81.01 79.94

IEEmEIE A 8.06 19.11 88.75 87.58
WEAMBEAN 7.87 18.55 89.69  87.64
IR LE AN 6.71 1636  88.77  87.51
RSN 6.52 1520  90.95  90.61
VE IR0 h B84 Fre L £

3.3.2  UbiE AR

ARATBRT T ) AR ORI 6 AR U RRAE H B
MEH A VR, IR e RIC BT E 5. "TLLE I, 5]
UNUATING 3 s N IP R SRR N SISV SRR (R UATTIN
PUIME S5 T i R E B2 3R TR R 9. 63%.
TERBRFAE B LT, iE AR B 0% 1 2 [H]
FER —E W T RIS, TRl R AR A T [, R I L
FEHE = BT N X 43 RE 1 B R, X [ sl )
(ASR)M:REA T 5Tk o

7% 201, i AL R OB 2 B8 bR ) A A 1k
5 BT R T R B R AR 1 R B A AR
BIMESS ERERE. Bk EEATIERGE. S
VhTE AN 2505 2 A S PERAR , Rl I 2 B S (5
ISEIRDNCIN S R S RS RN YN =) S IN(TE 7523
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x5 HIENERRABHRRBURR A RE T
Table S Evaluation of speaker and prosody extractions
/%

WEPHI(WER)  F40R5] (Ace)
Ik
test-clean test-other dev test
FERl R A 6.85 16.77  81.01 79.94
IR A B 6.74 1638  81.66 80.03
T ULTE AR 6.67 16.04  88.89 87.64
VEREENTATAZ PN 6.52 1520  90.95 90.61

TE IR A B3 o fe (LA

SO R AT 55 PR R I . R0, B BR UL A
FE AT DU A B M RN AR SR . X R
U ATAR DN/ L OOE BRI N EY SN ie- ]
Fo B A A S UAT B 70 A 40, ik — 20 4 g
BERIE N A P IUE 55 TR 2R G PERE.

3 #

AR SO L TR - i T R Y R R
PYIN LRI AR | DL B BRI AL B AR iR
I8 T AR ZE PRI R B B T2 () A 5 o
P T P 2w T AR B4 S R 2 AT 45 5 1 A2 S R
ZA NS ILFER T T ) G E T . SRR AE A
N, FBFES L RBR N A TC AT E B (A
TEE AR B EE m A AL ) BENS 25 4R B AR AR ER P %
HEBRE S . X— A BLIGIE T Ak R IR B — W
B2 2] (SSL) Y v i AN [) 2 AL i {5 B SR 1
W A 2 AT 552 T AR L T SRR R -
AR, A SC I BIF ST B, TR 55 B 3 b 20 5 3
Oy TR RE E TS R AE AV C o i 8 1 B RAE £
F M Gl R S BRI B T B .l
BAGEY 2 84 500 h 1 H 5 XU £ 4 , 52 50 00E B
T BT IE R AT R R IR A U A (BRI
FNEE (5 B AR IS T B R . X Segh gUR
AR A B FR  AF AR AL TR A o S

SEHOAR R HBEE T HEit
4 &

ARSCIRVS T — MR TR EARARAY B W AR5 1
INGRRARAL , & A2 T R s v R0 £ U 5 1Y

BE L BB HEEMIEES R Ik L AiE
AR PRNT , DASRE T iR Y KO8 5 R AR i A
FEEE R, T 2R A R 3 5 | R A AR
SR PR R AL RN G TE M5 B A SR I, R B R 8% 22 O
B RBRIEXT N2 2= 2] 1 TR

S LE TR AR W BN A A TE 2T
S5 RPN R AETE U s NS /R
PUR LB & O 0 AT 55 vh M LA i i 4
Tto FEEE B LG ASSIER BT SS , Base
WA HuBERT #8143 S B2 T} 17 5. 65%.13. 02% Fl
2. 43%; 1M Large MUAS U 235l 42 5 1 2. 53%.5. 76% Fil
1. 78%. FEIG G AR HAT 55 b AR SCREAL R T
ConsistencyVC Fl wav2vec-ve, 75 i1l ANAHRUEE 1 8%
ARABLEE (TR1EE R R T R S AR b L35 Pl , 50
TR T ARG ORI iy T i A

JREARPF TG T 2 (BT A A — 2]
DAARZE S8 35 1 7 T o BN () SE R RE ) 8 $E T
23 (6], HH 28R 18 5 35 N AT AT i — 20 ik
AR TS ST AR ILA I D) 28 5
ZRFERY 0 R B BRI 2 R AR
AR, ARG RS RY A 50 5 5 3 S v 3 Pk
2) SRR BB ST RS E ., LR
FHF AU 5 o & e ¥ i) A SR B RER P . 3) SR
PR 55RO R 4 S e s, i
AR FAE IR 2 1) S o HE B RE ), 42 T 3R 5 0 ] 3K
JE 5 S
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