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Abstract Speech Translation (ST), as a key technology for promoting global information exchange and
eliminating language barriers, sees increasingly widespread application in diverse scenarios such as international
conferences and online education. Its utility is further amplified in real-time communication platforms,
cross-cultural healthcare delivery, and global business negotiations, where accurate and swift translation of
spoken content is crucial. Large Language Models (LLMs), with their powerful text understanding and
generation capabilities, have created new opportunities for breakthroughs in the ST field. These models, trained
on vast and diverse textual corpora, exhibit emergent abilities like contextual reasoning, which are highly
beneficial for complex language tasks. Within this context, Chain-of-Thought (CoT) techniques, by guiding
LLMs to first generate source language transcriptions before translation, have improved performance but also
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tend to cause models to over-rely on intermediate text and neglect original speech input. This reliance creates a
fragile pipeline where the model's performance becomes heavily dependent on the quality of the initial
transcription step. This can amplify transcription defects and consequently affect the accuracy and robustness of
the final translation. Errors such as homophone confusion, out-of-vocabulary words, or speaker accent variations
in the transcription phase are often directly propagated to the translation output, leading to undesirable results. To
address this challenge, this paper proposes a Robust Chain-of-Thought (Robust CoT) method for speech
translation. The core philosophy of this method is to train the model to treat the CoT as a helpful but fallible
reasoning aid rather than an absolute ground truth. During the training phase, this method, on one hand,
randomly masks parts of the tokens in the CoT sequence with a predefined probability, compelling the model to
reduce its absolute dependence on transcribed text and learn to infer more from the original speech signal and
incomplete textual cues, thereby enhancing its adaptability and error-correction capabilities for imperfect CoTs.
This masking strategy effectively simulates various transcription error scenarios during training, fostering a more
robust model. On the other hand, it introduces a regularization mechanism designed to constrain the model's
predictive distributions for target translations to be consistent under conditions of both complete and incomplete
CoTs. This aims to alleviate the over-reliance issue that can occur even when a complete CoT is available, thus
comprehensively enhancing translation accuracy and robustness. The joint effect of these two components
ensures that the model leverages the CoT when it is accurate but can seamlessly fall back to the acoustic signal
when the CoT is unreliable. Systematic experimental evaluations on six major translation directions of the
CoVoST 2 dataset show that the proposed method achieves a significant average BLEU score improvement of up
to 2.78 points compared to a baseline system without CoT, and also yields a performance gain of 0.92 BLEU
points over the standard CoT approach. Furthermore, validation results on Qwen2.5 series models of varying
parameter scales fully demonstrate the effectiveness, generality, and strong scalability potential of this method.
Additional analyses reveal that the model exhibits a marked improvement in handling utterances with high word
error rates in the intermediate transcription.
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SeamlessM4T-large-v2 42.10 39.90 42.90 22.20 23.80 40.00 35.15
Qwen2-Audio 38.50 35.20 40.00 24.40 N/A 36.30 N/A
LLaST-8B 44.10 40.80 45.30 23.30 24.40 42.10 36.67
Ours-ST-7B 41.99 39.65 44.07 21.99 23.52 41.23 3541
Ours-CoT-7B 42.86 40.33 44.43 27.36 26.94 41.70 37.27
Ours-RobustCoT-7B 4421 41.48 45.46 27.81 27.11 43.08 38.19

St HrR 4ERE N 2048 (1) 2 J2 FREN B THEAEAR 3
X RIE A5y, AR Qwen2.5 R IR
B XK Ww OB OB &, a4 &
Qwen2.5-0.5B/1.5B/3B/7B-Instruct YA [a] )3~ (K
Rt
43 ERY)IZR

TEZRI B, 1B il a8 S50 7 LR 4G,
T S &AL FEN S B0 T I 25 0T K15
AL, ASCHFTA FEN B = AN E RN
LoRA %k, i LoRA [J#k (rank) #4512, %
SIRYEIRR ¥ 1024, dropout A 0.05. 1
e Adamwi™, i = 0.9,8, = 0.999. VI
Zx AL BE K /N Cbatch size) iy 32, BERLZE CoVoST
2 NERE IR INGEE B 1 A dx

(epoch). 2% >JZAEHT 3%MUIZEA M 0 Ltk

T (warmup) 21074, B K H &5%IE K (cosine
annealing) ZRESHEAT . XTIk 5] NFIBEHL
IR, HERHER G Na = 0.2, KL BUZMALE
RERNA = 1.0. FrABRKIIGISER S 4 T
NVIDIA H800 GPU i 55 %% b 58 i o
4.4 FRBYHY

VP B, AR A% 2 (beam search)
HEAT MRS, % (beam size) B A 5. BHIRIERE
) 3 B3P A F5 ¥5 4 BLEU (Bilingual Evaluation
Understudy) Y3, iZigmidEid Lyl as @l ik 5
N LS HEFIPEALE n-gram JZ I B & FE, JE456 0 4
HACBE AR STALE, SR VPN B3R & . BAR 1) BLEU
59 ¥ H SacreBLEU T A A1 545 H
45 BERG

NATHVEAG AT AR PR RE, AR SR L
TAEE R 2 A B A ARR I R E 2

%3 MuST-C HiE—-EiE/3EAY BLEU S

B BLEU
SeamlessM4T-large-v2 25.35
SD-ST 27.20
SD-ST-Large 27.90
Qwen2-Audio 30.23
Ours-ST-7B 30.59
Ours-CoT-7B 31.68
Ours-RobustCoT-7B 32.45

RY. XK T AR AR TSR, H
T E AT

SpeechLLaMAP"; SpeechLLaMA 5 4% —
ANFETF CTC (1 R AR B ST P5 ERRAF AT W20 Ab 3,
B Je I i A Y SRR BOR EE & RAE . 1B RAE
SRR IR R RN RIE S,
AR H AR E & SO

Whisper®: Whisper £ 514574 2 1] OpenAl JT
R B i A SRR . Z R
FY 68 JINNMZIES . AR5 ES L L
TN, B TR HES O SRR ERE . AL
BT % & H b i) Whisper-large-v2
Whisper-large-v3 8 {E N HELE R4t .

Qwen2-Audiot: Qwen2-Audio 72 b1 HL
8 ST 1) [ A H 1 — A3l S A A AR A . 1%
BEREET Qwen-7B 1 & AL TR, e B2 75
P A5 S 4N, FEARYESE & BT E A5 T B B B
M . SCAS 6

SeamlessM4TY®!; SeamlessMAT & Hi Meta Al
HEH I — N R 208 5 280 “— b B
B IZ AR R A FH B — AR 56 BT 5 1R



T

ST R BAERE 10O S RGBT 1%

R4 AESHIIEERLE CoVoST 2 AN EIFESE (X—En) ERYBLEU 78

T Fr—En De—En Es—En Zh—En Ja—En It—En P
Ours-ST-0.5B 36.51 32.23 38.52 14.24 19.39 35.20 29.35
Ours-CoT-0.5B 38.51 33.62 40.18 18.61 16.85 36.11 30.65

Ours-RobustCoT-0.5B 39.17 34.84 40.39 18.62 18.96 36.90 31.48
Ours-ST-1.5B 39.42 35.47 41.54 16.96 20.44 38.17 32.00
Ours-CoT-1.5B 40.94 37.05 42.07 23.34 21.05 39.20 33.94

Ours-RobustCoT-1.5B 41.95 38.33 43.18 22.59 22.74 40.21 34.83

Ours-ST-3B 40.61 37.96 43.19 19.96 20.73 39.83 33.71
Ours-CoT-3B 41.83 38.95 43.62 25.17 22.69 41.12 35.56
Ours-RobustCoT-3B 43.22 40.16 44.46 25.17 22.95 41.84 36.30
Ours-ST-7B 41.99 39.65 44.07 21.99 23.52 41.23 3541
Ours-CoT-7B 42.86 40.33 44.43 27.36 26.94 41.70 37.27
Ours-RobustCoT-7B 4421 41.48 45.46 27.81 27.11 43.08 38.19

Ty BT RICA . SO BN T LU SR BISCATE Y
(12 FhEH B S HESRAT 55, SRR B A & I
it o ASGERH AT SeamlessM4T-large-v2
BRE NI R G

SD-STI®). SD-ST & Ffidk T-if S ARAY 2% )15
TR, AR RGE AR R SR U B E S
R AIE R B s 1 0 P 3 3 B SR B R . A S
SD-ST #11 SD-ST-Large # AU NFLE R 55 .

LLaST®, LLaST & g aiESEmitas 5K
BB RE S RS, B SRR st
T ASR HsmillZh. 215 F HEHE L&A LoRA
AL SRS . B x e, LLaST /& CoVoST 2 &%
S B T AR R, A SR EL LLaST-8B
BRI R G

bR 7 LR EE IS R G4, N T IRAEA ST
Pt 7V A U AT R LR S i, RS
TR IEIEAL 1 LR = AR A (R .

Ours-ST: XA HTHIE R G FERRAR A .
ZAR T R T S R RS A T B I 2, B
RN —AWID P RE L

Ours-CoT: 7F Ours-ST R [y 3Lmt , A5
N T B 4B s )| 25079 B 5] SRR
A RE SO R H ARE S OAR, BRI s
B0 R VR R

Ours-RobustCoT: itk — D $& Fh 455 7Y 37 %if fE
gl B EA IR INEE /1, /E Ours-CoT HyZEft L,
ARSCREN T B b BRI G I 2R S g (o 3.3 A5
R 1% I I Y SR B n BE AL D LA B X A
RITI A ATAINIE L, B 7 SRR AL B 1

SEYERE T UG RNR AL I, AT 3RAT 5 ) 52 1) B9
PG IR . IR T AR AR A 7 %

XFF Ours-ST. Ours-CoT A Ours-RobustCoT
B, ARSCEA Qwen2.5 RFIA[FI S HOME A A
VEJHERE 73 M 7 AR R . AE sy, AL
HACKH 7B ZEEK A CH N dr 44 5
Ours-ST-7B. Ours-CoT-7B 5 Ours-RobustCoT-7B)
H5MA L RGHATYERE . $0Ah, RS EEH 5
Hrsiier i, 34 0} 1K LU AR AE AN [ SO S 1
AE R ILHEAT ELAHIT 7T o

5 ER55h

51 SEWREER

AILAE CoVOST 2 ANAMEIEET I (X—En) |
HEAT T SEES, BERA SRR MY 5 2 A ik
L RGATIE SRR SR At SEIR s R
% 2 fioR, A SCHE A Ours-RobustCoT 7 7E 4=
ANME R FIEAG T s EMERE, HoFE BLEU 4041
4 38.19, AHELT ILRETVERER LAY LLaST-8B HiZY R
F+T 1.52 BLEU %3, ¥IESE T AT VLB A
Rtk

BRI AR IR R 5. g, R
A Ours-ST-7B W REFTRILHIPERE C R 5k 5t 3
MK SeamlessM4T-large-v2 FEARUAHGESE . (HER
[R5, Ours-ST-7B AH F 1 40 /N (1) 1 2R E5 40 (58
IRB] T ORI T TR S A R



10 it BN
x5 FTREINIZERREST Ours-RobustCoT-7B #EE) BLEU 438
Lcot Lmaskcot LKL Fr—En De—En Es—En Zh—En Ja—En It—En “FEIME
v v v 44.21 41.48 45.46 27.81 27.11 43.08 38.19
v X v 43.06 40.52 44.36 25.28 25,51 41.86 36.77
v v X 42,53 40.16 44.49 27.62 26.48 41.29 37.10
v X X 42.86 40.33 44.43 27.36 26.94 41.70 37.27
%6 T EIFEHNEBAIE T Ours-RobustCoT-7B AN BLEU 433
B H Y5 Fr—En De—En Es—En Zh—En Ja—En It—En SEEIHE
v v 44.21 41.48 45.46 27.81 27.11 43.08 38.19
X v 44.07 4154 45.46 28.35 25.71 42.99 38.02
v X 4318 40.74 44.82 27.91 26.52 4219 37.56
Ours-CoT-7B 42.86 40.33 44.43 27.36 26.94 41.70 37.27
BIERGMTE I 5% HIR, 7£ Ours-ST-7B %t B9 = Fp 481 B 4 /& ( Ours-ST . Ours-CoT

fit BRI NEHUBLERE 2707755, Ours-CoT-7B [
P14 BLEU 4303 Tt 1 1.86 47, iE P B 4ESE AT
TR T ORAAE S RIEYERE, HACRAE VI SRR AE
XTI Z BB 7 1) () S~ 30 HAE— 30
FRIBICNRE . HiE—0, REAARBNE
M B 4E 551 45773, Ours-RobustCoT-7B & A £
Ours-CoT-7B [ 5:fili Fik— 2SIl T 0.92 BLEU 47
IPEFt, I T WM FE LAY Ours-ST-7B, 2 it42
FHih 2.78 BLEU 45« 1XS645 Ao e L T A ST
PR 0B B Yt 7 VAR SR T IE S R &= T 1
(R A o

Rt — B ISR A W, AR SCAE MuST-C
PETh IR E A BT TR EESEES . s 3 R,
ARSCHEH A FELE R Ours-ST-7B HUf5 17 30.59 )
BLEU 73%k, 1T SeamlessM4T-large-v2. SD-ST.
Qwen2-Audio 5 2 NMELEA . fESI NBYEEESS,
Ours-CoT-7B A4 1 BE4& T+ & 31.68. i —D 5| A A
DY/l I V= S N | 2 £ =
Ours-RobustCoT-7B #AYiE— P H43 T 0.77 BLEU
SHEUARTE, B PIRUE T AR SO R R R 4
BTV R
52 ARSHEIUEERNLER

itk — B AR TR S B X AR S P42 T7 v
PERERIRZI, AR SCAE CoVoST 2 i EMI /SN X—
En 81377 M, MARZSEHE (0.5B. 1.5B. 3B
M 7B) f#] Ours-ST. Ours-CoT LA & Ours-RobustCoT
BERPEAT T — RIS LSS . EHSRIR S5 Rk 4
F7R o

BRI S, LI SUEmHhER S, T A

Ours-RobustCoT), F-F¥ BLEU 43 %4tz Fiy
SHONB G K MR TE . DA SCIR &R T
Ours-RobustCoT #A %, H-F# BLEU %M
0.5B UMM 31.48 432 b K& 7B S AR
(1) 38.19 43, 1t BHASTAL ) 2 BOMASNS B 24 1A B 28 I
BB ERER. A, ESASEIE T,
N LB 4EE 25K Ours-CoT By —Fh il
TXIRL[) Ours-ST FEZEiAY, £ 0.5B. 1.5B. 3B
AT 7B A, 4330k T 1.304 1.94. 1.85 1 1.86
BLEU Zr 47, X T o0 — SO Hig — 930
AR, X UER] T CoT SRBSFEAN [F 40
B A S E RIS . k5, ARt
e Y 7, TERTA SO, A ELE
CoT ¥arsk Tt — M I. HikmF,
Ours-RobustCoT #H#% T Ours-CoT ##%, 7 0.5B.
1.5B. 3B Fl 7B #AL T 73745k 7 £ 0.83. 0.89.
0.74 1 0.92 BLEU 43 [JZA M- 35 1 e 75 o IX £E4%
BRI RIE, ASCHRH IS YR T AR
KA (a0 7B) R RILAER, HARH R ReaEHE
FARIAE S ERNBR N b, BAF RIF ) —3L
PERIY . AR, SIS AL ENE T 3R A 2
BT R T KIS A ME T T RSN
REM A AR IR L —
53 ARENZHEFAA THER

AN ZR H bR =AM 0BG o f il 3
TR M AERERIE I R Lo FET RS A5
) BYERERIERIIUR Lpaskeorr PAAC D KL HUE
LRI Ly o ARNRTEE NGk B AR LA R A S
Xof i BV BRI AR TTIR, ASCHAT T — R ATH



J IR P

S SR BB YEREN OTE S RAE S MR A

11

R7 ARIFENEREHEZER T Ours-RobustCoT-7B 128! BLEU 4331

i) Fr—En De—En Es—En Zh—En Ja—En It—En FHME
Ours-CoT-7B 42.86 40.33 44.43 27.36 26.94 41.70 37.27
Ours-RobustCoT-7B (a = 0.1) 44,01 41.43 45.44 28.00 26.44 42.87 38.03
Ours-RobustCoT-7B (a = 0.2) 4421 41.48 45.46 27.81 27.11 43.08 38.19
Ours-RobustCoT-7B (a = 0.3) 44.03 41.66 45.36 26.65 25.87 43.10 37.78
Ours-RobustCoT-7B (a = 0.4) 42.97 40.69 44.18 24.71 26.44 41.68 36.78
Ours-RobustCoT-7B (a = 0.5) 43.25 40.84 44.58 21.93 24.73 42.09 36.24

* 8 BHFEPIIETIRMERE (%)
B Fr De Es zh Ja It SFH)H
Ours-CoT-7B 9.30 6.48 4.80 12.34 18.88 6.18 9.66
Ours-RobustCoT-7B 8.78 6.00 4.58 11.78 17.99 5.81 9.16

RhSCL, S55FWER 5.

SIS WSRO, DAL B Lo 1 B 25 1)
2oz CFY) BLEU 23 %0h 37.27):

1. M AE Lo 2l EBUAM 51 N Loaskeor CBY
Leot + Linaskeor) s B3 BLEU 030 I T 14
59 N B, M 37.27 P& % 37.10. ASCHEN, X0l RER
DRI A Y EROR 2 o 1 AR A 5 B R A B 47 T8
fIRE Sy, (ELE T 2 5 B AR NN, AT eI
H— B R P FEAOE, BRI B R
FHE 20 A [FE

2. B ALTE Loge 25 il B WS N Ly, B2 2K T CRP
Lot + L) BBIPEREFIRE 2T &SR, P
BLEU 2 # M 37.27 %% 36.77. MHLR IR A
TET, BB AR BEXTAS 52 B B A4 37 5 R BB
PR RO B, DRI Ly o e L 4 3000 40 A it
IO 28R it o] e 5| BB 7 ) 77 ] ()98 7 e 22

3. BRI, 4RI 51N L paskeot M L, 1 58 B I 25
HbRE, SAVEREIRA T BT, P14 BLEU 4>
BN 37.27 $2TH % 38.19. MF, BEAILE DL E I S
TETEHE AN e B Y 26 A N TR R IRE 70, IF
B Ly AT RS P A6, AR T
B0 FAERE ()3 BEAOR, AT AT >R T e & M RE K
BT

gE bATIR, R MG L askeot MLy, T AE TG
EHZRI R R /MR T Lo IR R,
H=F 145G R A IR BBtk ge, UEH 7 AR
B E I 072 10 R
54 AFERENEIBAETHER

ASCHE— BRI T AR [F) i N A B i B AL
G X S Y MR BE B R M . 7R AR SC R W

Ours-RobustCoT #E8rf, SRH T 758 & f AN AiE 4
A RS o Y BE ML FE RS R SR, BRI S
R lha = 0.2/ LR BEH LA 5> token & ZF1H .
R T E V8 5 N RN R 2 A D B L
FERD S R BEAE R, AR SCHHT T — K5 R
5, HAERIENE 6.

SIS g R IR, UAEERILR Ours-CoT-7B
RV N FEE P BLEU 23 $0h 37.27):

1. SO E S N ARG T, BT BEAR
F Ours-CoT-7B SZEL TV 0.29 BLEU 7/
o WY f 0] 32 B R TR G R S TR &
PR R T — e G .

2. MHLZ N, #5006 B 4ESE S it ny, 5
A48 BLEU 43 %% Ours-CoT-7B 28 |45 “F- 14
0.75 BLEU [ 427t X R UI7E Bkt Fdkir
T ERAE, BRWEAA AN G AL XS i A s R 4 % 1)t
A i

3. B, [FINTTEIE &\ 5 4B b o i A i
INFERGEE, AR RESRAS T — PR, BB T
38.19 [1J°F¥) BLEU 434, #H¥T Ours-CoT-7B #&
J+7 0.92 BLEU 45

IR R, R R B RRE AR A
T R 3 W N R BE LA RD, (RN i gk
AT FIRE e A RS I REIG 2 . [RIE,
A [PHERY 77 ZENT TR A S EIL R A 2 B2 A BE (1)
55 A EIFENEIEETHESR

i — DR TR LR R SRR RS A 26 o X A5
RIVERE I B2, ASCX Ours-RobustCoT-7B 15
RIEAFaBUE I RIRIAT TAEHE. £ 7 245
FIEW R T AR R R R P o (AR A A

#z9 REELRSAE CoVoST 2 AN ENIESE (X—En) £/ BLEU o33



12 it Bl R

[t Fr—En De—En Es—En Zh—En Ja—En It—En T

Whisper-large-v3 + Qwen2.5-7B-Instruct 36.96 36.47 39.95 19.10 25.63 36.47 3243
Whisper-large-v3 + Qwen2.5-7B-Finetune 38.94 39.24 42.92 24.09 27.12 39.29 35.27
Ours-ST-7B 41.99 39.65 44.07 21.99 23.52 41.23 3541

Ours-CoT-7B 42.86 40.33 44.43 27.36 26.94 41.70 37.27
Ours-RobustCoT-7B 4421 41.48 45.46 27.81 27.11 43.08 38.19

BRI, MEa N 0 JFEEIEn, AR T)F1
BLEU 73 #utey] £ IMAR SRS, HfEa = 0.2
ik F] 7 38.19 BLEU [MUE(E . M5, #afdgkaliy
K, BRIPERE N R IR N IR . X — “k
FHEkE” PIvERe 2R, & UMY Re A
PR TFHERL BRI VR e, SR AR Y B e . SR
b B RS (Rlafiid m) 5] Nid s,
ERNGAT ST T A, ] 850 B 2 2 T R .
DRI, 3 18 (A R 2R 0 T e 2 R E RE &2
KEE, AR, RAUm&ikiFa =02(FR
Ours-RobustCoT #5:7Y H BEALHEAD 12
5.6 BYEHEPETIRAEIRE

F T R 1) R D R T RS S
B, UM R SRR R R OB R R
Z—o Rk, A SOnt I8 A A ) R AR YRS
G SURESRRIT TVl . BRI S, ASCEr
XHEE (Fr). 88 (De). PHPEFIE (Es) MEk
FIE Q) IPEINR A T iR 5% % (Word Error Rate,
fE Ak WER), Ti&lstpsc (zh) MIHE Ja) WK
FH B HAE 5 R 74585 12 % (Character Error
Rate, ik CER) 1EJIFMN 545

W 8 PN, A SCHEH 1 & 4 B A5 Y
Ours-RobustCoT-7B  AH & T & #L (1) [ 4 % #5274
Ours-CoT-7B, fEFTH/SNMMEE ERE S R A E R
R PEC. BACkE, HTPHRIREH 9.66%
TFEZE 9.16%, MG T 05 NEAARNGE., ik
SESUIER, ARSCATHR H IS YRR T AU AR R
TFHg &I E, B ROy mAHEE S
PUAHERAR, AT 9 BH 1R FE S A4 SE I mT 52 (4 v ]
IR,
57 IEFIRMERAEEY ST

Rt — D B AR A S T AR ) S A R A B
JIELE DN AS 76 36 i B 3 SR I R 20, AR SORHSE
RUPEA [RGB R A R 2 N R Bt s it A7 T &
AT ASCREMIREEMRYE Ours-CoT-7B #E7Y 2E %,
(1) SE AR R S SCAR IR R % (WER B¢ CER)

AT R 4y, JF X BB T Ours-CoT-7B 5
Ours-RobustCoT-7B 4 B 71 1% e AN [F] 4172 26 [X ] 1)
BLEU 70%(, &3R4l 3 s, IR, A3CH
FEHY Ours-RobustCoT-7B #ERYAE J1L-F-Fir A5 B %% )7
AR R X (] b, PR RE I T 3R T8 L
Ours-CoT-7B #&Y, JUNICHEIR) L, BlE A FE 5%
AR R B, ASCONER TR R Bk
=, RPN , ARSI
G R 2 . PAVRE BI9EE (Fr—En) )
FAES G, MiEEERRER SN (WER
0-20%), A Jjaiki) BLEU fEH#ZAACA 1.04
I3 SR, e AR AR R ™ HN (WER 80-100%),
PEREAR AR T 5.76 BLEU 43, HoAh##E 7 F
WIS . X I RIEWH LD, Y4
)2 S IR 22 AR N, A S R A B PRt B AR
FEE R I SCAAE B PERE SR R B, T A SRR H I
J7ERe NS A RO A5 G IR AR 1R 5 5 R IR B
W LA RE AT R, TR T B AR N AN 8 3
T E R . SRR, MR L) 1 e
&, /L Ours-RobustCoT-7B R HIHE L, HEHIFH
BAIEE RN E N . BT AR
FH B35 g i 2% Whisper 75 B £ FL #5550 1) & b
PE, ASCAHTINR, W SRR R T
JRARTE SR 5 A S AT PR ARAE (s e e
RECHIAESE, MHEH RS AR 5 68 71 RER .
FEMRAF T, B RIE B — i B i, A
AR A I i e pR 5 A J2 R BT SR IR B R B K
5.8 SRBEKRGRILERTEL

SR B i X Al AR TR SO AR R 2l 4 G 0 TR TR
FEAE G PERE, IO AR B i 4RI
GRS, ASCHE— P EIN T AR R G AT
= ¥ oO—- 4~ K2 & % N
Whisper-large-v3+Qwen2.5-7B-Instruct, 7 214
Whisper-large-v3 #4738 & 45U, 1 5 I8 4 77
A A# ) Qwen2.5-7B-Instruct A BE T RIIE . 55 A
A 4: % N Whisper-large-v3+



FBIRYLEE: BT B b AR TR 5 B ATE S I T 13
Fr-En De-En Es-En
04 3 Ours-TE-CoT 3 Curs-TB-CoT 0 3 Ours-TB-CoT
. s41 CO Ours-TH-RobustCoT gl C Ours-TR-RobusiCaT a5 43T C3 Ours-TR-RobustCoT
51— w04 71 | FT
40 40
304
= 304 = = 30
204 201 1o ) 20 |
104 w4 104 m a_‘ oS 10 1 |
! 0-20 2[1‘-411 4(]:6“ h!le[I Kﬂ-llﬂll =100 ! 020 2024[» -HI:[\(J hl'l:Hﬂ NU-II o0 > II[K] ! 0-20 J[IL:I!I JDI-M'I [|(J:Kﬂ SH-I](J[I > ]I(J[I
WER {%a) WER (%) WER (%)
Zh-En Ja-En It-En
39 3 Ours-THE-CaT 40 3 Ours-TB-CoT 0 3 Ours-TB-CoT
10 masmss 3 Ours-TH-RabustCoT . 1 Ours-7B-RobustCaT e 3 Ours-TB-RobustCoT
T TP 40 ] 3
254 0 []
R m - -_: 30 2
2 &0 2
151 e 1539 0 - |
154 STl A LA LA e 1733
| W : I m L ‘ I
10 - .
i ‘U / ﬁ_‘ |
54 [ v EE]
! 0-20 2[1‘-411 4(]:6“ h!le[I Kﬂ-llﬂll e Ilﬂ[l ! 020 2024[» : hl'l:Hﬂ RO-100 > I‘[K] ! 0-20 4060 [|(J:Kﬂ SI'I-I](J[I > ]I(J[I
CER (%2} CER (%) WER (%)
K3 ANFETEE A IR BLEU 73 Hoof te
F 10 EEEG)
ENAE RS YEE R R SCA ST Ours-ST-7B Ours-CoT-7B Ours-RobustCoT-7B
common_voice_zh- There are 80000 Wrote over 80,000  <sre>¥KF/\ /7%, <tgt>Long  <sre>KHB/N\Jid. <tgt>
YA
CN_18986599 volumes of books. book of 80,000 volumes. 80,000 volumes of books.
common_voice_zh- Grandfather Da <src> M AL, <tgt> His <src>EHHARE L. <tgt>
EEier.ed Grandma Da Wen.
CN_18980424 Wen. great-grandfather answered. Great-Grandfather Da Wen.

Qwen2.5-7B-Finetune,, 1% & iR 13 5 i & A
[, {H B PRAE 2L T Qwen2.5-7B-Instruct 7£ CoVoST
2 [ SCARR B EE Bk AT 1R, DA S5 40 ik
mx 9 froax, W Eog R KW,
Whisper-large-v3+Qwen2.5-7B-Instruct % 4t [t P fig
AL T A Ours-ST-7B JEZR AL . 76 %] B 1R 5
U S o [ A G | = B
Whisper-large-v3+Qwen2.5-7B-Finetune % 4t (14 G
HHHETE, HFY) BLEU 43305 Ours-ST-7B #5574
FAFF, 1HY5 Ours-RobustCoT-7B BLAIAH LA 7E
TERE R . X — RIS, KiE S A A
[ 24 BE AN A2 DA SE A IR AN PR 2R A4 v 4 1R A% 1
ORISR, FMERE BRI Ae -5 AR At 1 vt 2 vy
EEREEAM Y, M2 , B 5NREE
AR T B A VRS, AR B
YE )| 2R, I AE I 2R A g A 45 A JRUUAE
B S AT W, BedE— 2P R R IE ORI T
P, I RE M PE R 25
=1

59 =RBiIsH

R WRE P R G B0 A [ A 2R b 4 e SR A
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Background

The field of Speech Translation (ST), which aims to
convert speech from a source language directly into text in a
target language, is a critical area of research at the intersection
of speech processing and natural language processing. Its
importance is continually growing due to its vital applications
in facilitating cross-lingual communication in scenarios such as
international conferences, online education, and global
business. Internationally, the field has progressed from
traditional cascaded systems to end-to-end models. More
recently, the advent of Large Language Models (LLMs) has
ushered in a new era, with Chain-of-Thought (CoT) prompting
emerging as a powerful technique. However, while CoT
improves performance by breaking down the task, it introduces
a critical vulnerability: the model's tendency to over-rely on the
intermediate transcription, causing transcription errors to
propagate and degrade the final translation quality and
robustness.

This paper directly addresses this limitation by proposing
a novel Robust Chain-of-Thought (RobustCoT) method for
LLM-based speech translation. Our approach enhances the
model's robustness by reducing its dependence on the
intermediate transcription and forcing it to leverage the original
acoustic information. This is achieved through a training
strategy that combines random masking of the CoT with a
Kullback-Leibler (KL) divergence regularization term, which
ensures predictive consistency. Extensive experiments on the
CoVoST 2 benchmark demonstrate that our method
substantially improves translation quality, yielding an average
BLEU score increase of 2.78 points over a standard baseline
and 0.92 points over the conventional CoT method, with
performance  gains  being most  pronounced in
high-transcription-error scenarios.

The implications of this research extend beyond the
immediate task of ST. By developing a method to enhance the

reliability of a sequential reasoning process, this work offers

models.

valuable insights for improving the robustness of other
complex, multi-step generation tasks where the integrity of an
intermediate chain of reasoning is crucial. The principles of
using targeted masking and distributional consistency as
regularization can inspire further innovations in building more
trustworthy and reliable Al systems that are less susceptible to
single-point-of-failure errors in their internal processing steps.

Furthermore, enhancing the robustness of speech
translation technology has significant practical value. More
reliable and accurate translation systems can significantly lower
communication barriers in critical multilingual settings, from
international diplomacy and business negotiations to
emergency response and healthcare. This research, by making
ST systems less fragile, contributes directly to the goal of
fostering more seamless and effective global collaboration and
understanding, ultimately impacting various domains that rely
on clear cross-lingual communication.

Our research group has previously contributed to the fields
of machine translation and speech translation, establishing a
strong foundation for the current work. This study is part of our
broader, ongoing effort to advance the state-of-the-art in
cross-modal language technologies. The RobustCoT method
presented here solves a key challenge within this larger agenda,
pushing the boundaries of what is possible for robust,
next-generation speech translation systems and offering a
practical solution that can drive future research and real-world

applications.



