9% S W W 2 505 B2 4 AR Vol.9 No.5
2023 4£ 10 H Chinese Journal of Network and Information Security October 2023

ET AR E BB R B 5

R ER, B, XA
CRIAE IR M 4 4% [ 22 4B, B 200240)

O WISE SR A ARE S BT — 3 AL, OISR ROE BRON VR 2 N T S5 AR
. AT FE R, B BERT 2l 4515 & B ALl & 0P LA BB Rl i e Rt . (B H RTINS
FEIXHR Sy M RESE T (0 A YF R B 3 (138 SCER R 730 2 F)VE AR BE . BbAh, FROUIZRE & A ) AR 2 15 LA
T 0T 52 b 22 AT L2 B AT (AR R D AN . A, PR AT D ke 19 R A £ R T ¢ D 2 1)
TRIEBERE AT IR, R DR TV (B AR A R S A M AR AR ) TR T . FEURIERN [, dRH T
TP B i, R AL SRR R Gt . 2 /MBS X RAMNRgs AR, B2 3 T
P, fld BERT N8 BIBEBRL R LA A AR TR S 2 ML AR BB R, TR BA TIOI R B BY fi
IR A () S . (RTESE SR BITRAT S5, Rl TR SR B 1) M 1R ASE Y A i 1) 98 ST & S i B
72, FUYETE BERT FHRE IR B &tk — 20 BoR, BlE 995 BERT IR EME DUSDN )T
52 Z3R FP PR BUdi v 5 K8 2R, 5 SO 0 BE 2 R I S AT O DA R ARAOR B R . Rtk T
GRIABBEN FUHT S P i, WF 08 PLOZAR IR AT 55 7 25 R 2 154 FH TR I R 2

KR MPEPLAEIEE: TS, St WP

FESHES: TP393

XHKFRERD: A

DOI: 10.11959/j.issn.2096—109x.2023078

Research on the robustness of neural machine translation
systems in word order perturbation

ZHAO Yuran, XUE Tang, LIU Gongshen
School of Cyber Science and Engineering, Shanghai Jiao Tong University, Shanghai 200240, China

Abstract: Pre-trained language model is one of the most important models in the natural language processing field,
as pre-train-finetune has become the paradigm in various NLP downstream tasks. Previous studies have proved
integrating pre-trained language models (e.g., BERT) into neural machine translation (NMT) models can improve

translation performance. However, it is still unclear whether these improvements stem from enhanced semantic or
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syntactic modeling capabilities, as well as how pre-trained knowledge impacts the robustness of the models. To
address these questions, a systematic study was conducted to examine the syntactic ability of BERT-enhanced NMT
models using probing tasks. The study revealed that the enhanced models showed proficiency in modeling word
order, highlighting their syntactic modeling capabilities. In addition, an attacking method was proposed to evaluate
the robustness of NMT models in handling word order. BERT-enhanced NMT models yielded better translation
performance in most of the tasks, indicating that BERT can improve the robustness of NMT models. It was observed
that BERT-enhanced NMT model generated poorer translations than vanilla NMT model after attacking in the
English-German translation task, which meant that English BERT worsened model robustness in such a scenario.
Further analyses revealed that English BERT failed to bridge the semantic gap between the original and perturbed
sources, leading to more copying errors and errors in translating low-frequency words. These findings suggest

that the benefits of pre-training may not always be consistent in downstream tasks, and careful consideration

should be given to its usage.

Keywords: neural machine translation, pre-training model, robustness, word order

0 355

PPN RAE S A (PLM, pre-trained lan-
guage model), il BERT!A%, fil N\ e H] 28 i
LAY T 2 J AT & AL B A A BT I A A
Jr iR g 2 R MU BRI ARSI PLM
% 3 B T U ORI RIC ), T 5
TR f) P AN R Ak SR U (H 2 i I S
DGR R, 2 T X X Se 4 T (1) SR ik
ATHRRE, BBk = S G155 AL an o] sz e 9 1%
B EBPEE &.

A ek T BERT AE75 B MLAS Bl 1A
R R)IERE T . Al — S EREF XL R AP AL 3
FIPEAE A Transformer! " GOAE NMT B8 )4
L #s fIEL 4 7 BERT 1 Transformer 7 (i fE
BERT-NMT 8D [f)gmfd 2 gt 47 ikl ", ke
EAT Rt TR A A OGS R . SEER A R
KA, flé BERT J&, HIESEHIRAR A gAY 4 (E 177
TR DL B AR AE RV AR AT 55 IR I &
N T IIFIX SERE TR S B BERT H5oki), siisid
T o A P R R 1 A 0 0 T B VR R B AN
BERT-#4wf4#% (BERT-Enc, BERT-encoder) JE&: /)
Wi, Z5HRUERH, BERT HIRARENSHS BIde mBl it
RO P AT A RE 70, RE e i 3 b s A
Wl (BShift, bi-gram shift) {F55 IR,

Bt okl XM R S B LA R B A
BB A M AL PRYSAE 5 0) 1R i R B B .
T IX AR, AR T M DN p Sk

PRANFH AR 1] A 18] e i B 7 vk, s R 00
B (BLEU, bilingual evaluation un-
derstudy) A1 BERTScore™ "% B il J5 A5 74 ) 8 ¢
ST VPN  FENLE BB T3 (WMT, workshop
on machine translation) AL ZANE S FIHFTSS
AT SRR, BRI F P BN I A [
BERT-NMT LAY A4 ff (1 1935 & J 1P T NMT
B A PR, (HAE SRR S5, BB
IR 3G 0, A 9L 5C BERT a4 i Ay AR
S ER 3 ST o B i SR W s e, 1 B 955 BERT
TR R AR (1) B R

TR BIAE A 93 BERT il k45 2 (1)
BERT-NMT LAY Bl B8 )51 & T FEA R A, bhAsc
oy 1 5 UR R S un A H RS S o A TR U
o fEH WMT14 il 4 70 il Il 2k 15 21 5
PR 1 R NP B R R B R AT X b . X b
RI, Seifh)F7E 2 B W E 2 Ja 1E BTN
WINE, X AT RE 2 fE T B AT B 918 B 9 ROE 1 A
o MUEIE F i A H bR 5 o 01 2 ) 3
W]: SEiE BERT A LA /)N ia] e 90 8 2o 57 i
S i s B . TS T R RN
Bri BARR I, XFE NMT BRI AT BERT-NMT
BRL 7y ) 52 B Wy 2 J5 it iR S . BEE B
A EHE R 3 i, BERT-NMT #5744 ] T4
e M AT F i B B B B R AR N RS A,
XT B PR AN A5 B LE 0 PR I 1 IR 22 . Gt
SR, HPSHMERIG NS, BERT-NMT £
TR AR AT ] 1 R B = A a5l ) NMT A%



© 140 ¢ W26 5545 B 2 A ik

H9%

Ao T AR T AN B RE N T i AE 55 R g
ERSETE, AEAE R P R N

1 IR

1.1 NMT i&E Ff) PLM

FUIEZY k3 N =SB (1| N B e e Sy
LR 2% : O O PLM fb & A E L8
BRI, @ TGS S IE S BAL
1.1.1 % PLM &4 ZAP 2 ALK EiFAEA

fE BERT' AR 2 5, B T % 2% BERT
RN AL 5 B B 2R 1 1 B 3, LA PLM 11
iy H B AL B B IR AR AL N JE P, DL R A
PLM [0 NMT A7 (1 4 i 28 HEAT HIHR 1L,
Zhu 2P i} 7 BERT-Enc M BERT-f# il 4%
(BERT-Dec, BERT-decoder) VE& fifidk, 3fH.
BE TR )RR SRfulih, APT HEZE
i T EMER LG BERT (1945 24 it
EHARAT, Guo ZPIE I PIAS BERT 43 5
NG BN RS %%, 7E BERT A2 2Z A8 Ni&
Bees,  LA[E] AR FH 4 i 28 i A1 g0 48 i BERT £
L5 B . Guo ZPYHE— B K45 BERT 3%
TR 0GB AS (1) 7 V2 RN AL A8 B A5 2 (1) )1 25
2. Shavarani Z1 4R W B N 78 2 Hu A ] BERT
BEIE S 25 S, R S AR i RN
(AR . Xu 252 Mg H 145 GB 15 AR T
— MR WEE SRR BIBERT, e f i Ay
IRH BRI
1.1.2 %52 49i% 5 A )| %4

tHT BERT FEYIZRit F2 A U8 FH B 15 KL
HAE S PATHL BB PAESS, Conneau 57014 1t
T AR EEIE S B (TLM, translation
language modeD) 155, FHAdHXGE AT BRI
Zi 133 XLM BiAY . b4k, DL BERT NAREK M H
EE SRS wLEE, SRR
K H ) g b 25— hS 28 8 R FE AN UL, Ak,
Song PR M I 2k — AN 5 51 B 5 51 B2 1)
MR MASS. MJ5, Liu P84 7 8 R 4
W ZRAT 55, HAEH 25 FiE 5 415 3
mBART, i 3 75 8 3R AT 55 b idE 47 S i v m]
. Lin P BN 5 B E SN T —
AN 3G PR R ) 245 S BE LA mRASP. Pan

2002 mRASP [ EAE_E 51 AR L 22 5] fidE T
KT B 5 DA PR R AR AR R . Li PR ek
B, X732 S AR A T I PR e ek FH R
I AR % B 0 P A A (O B R

1.2 NMT REp SN

JUEFHLLE AT ST LA R B, fREAL
AR A A BRSO R T RS, (R
AL — AN R 2 Aib . Belinkov 2502V 3L T =
R A2 AT L% T 1A 2R (1 8 R R AR 28 5 52 35
A e FE IR 850 . Cheng 253 Mg H 7] 3R] 462 [
BERERS PR AL A B R A OB R . N T
RIS AR AL A R AL B, 2 AT AL e
SORTERN I ZE R, X\ T 1) 4% B B 1]
PATEC . B UL SMBRERAE, FEx AL A R
G AT VRN P,

T iR NMT SRS, FRINTTE
NFEF AU P, RN T8 g 75 i S
W5 NMT 7Y, Sato PR i a4 AN f675
T 2 48 K A 2 (1) W 7 LA Y o B AR 1) R
Cheng ZEPT 1 — N3 86 5 10 7 ¥R A2 1k
STHIREA . M4, Sennrich 25:0¥1DL 2 Michel Al
NeubigP 5t B4 F 17 2670 7 BE % 55 Bh ML 4% 0
PR RS AT AL B B, Cheng B3R H T —A
WO B AR, SRR I N shid R A
Z A AR o UniDropt O E4FAE . 45 K A K35
3 AN B A FH 5 3700 R R ML 2 R B A 11 2
o BhAh, Cheng &M M EIZRAN B MBI
SRAGE A R A ML B B N QA s
FATHR B FE

AL @A BERT HIM &ML A3 B PRIk
BT BERT NP HL A% B0 B2 A5 5k T W L6 52
. ZATAIWF7EE M, BERT AEfEH e sCA 2
B e El®), (H BERT /& 752 I 4 4%
BRI BRI AR A, X R A SCEIR T
1) ) A
2 BERT KEAIEREN

A 1 Sk > M BERT 404 S0 #2241
SRR R RE Sy, BT, (R S MR
[ R B AT 55 SR A I NMT 6 B 1) 2 f 2% A
BERT-NMT A5 84 (1) g ih 28 v 43 59 4 A 17 WA e



ERE AATRIRGE BT LBl AR 2 WL 2 B AR T 8 R 1R BT 5T <141 -

ARG B
21 EHRE
211 HAMES

AL HAE LA 5 FPPREFT 5 . Distance
B 55 R 75 AR HRAT 2 A B 1) 1) = SRR T
WEAERAEFER R 2 [ PR E . Depth 1155
T 75 BLERAE R i B A B 1] 1) [ R s PO L AR A
AFAIER A R, R BT AR T iz (R BE S
BShift £ 55 M 75 ZEEREH AR IS ) 1 1) 7] 5 327 1 I
) H R T AT AE RS A A B IA] A B R T .
TreeDepth AT 55 SRR TR 1) 1 () Jit 15 435 A
118 KR o« TopConst 4155 B SR AREF X 4] 711 58
TEENIR R T Z AT /. R 1 3t 7 RERh
FNEBREHT S5 11 .

®1 AEREHESHIRG)

Table 1 Examples for each syntactic probing task
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Figure 1 The whole structure of the NMT model
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Table 2 Results of syntactic probing tasks

MiRTIES
TR
Distance BShift TreeDepth TopConst
BERT 74.16% 78.79% 88.77% 36.21% 72.62%
NMT 4afid 2% 80.86% 83.53% 70.66% 39.94% 75.26%
BERT-NMT 4afith &% 81.09% 83.97% 85.14% 40.66% 70.27%
HERD [ VE R IR 77.91% 79.96% 85.97% 38.75% 71.74%
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Table 3 Examples generated by attacking method
according to different probabilities

4 CINS

Two sets of lights so close to one another: inten-
tional or just a silly error?

0.0

Two sets of lights so close to one another: inten-

i tional or just silly a error?

02 Two sets of so lights close to one another: or inten-
’ tional a just silly error?

03 Two of sets lights so to close another one intentional
’ or: just a silly error?

0.4 Two sets of so lights to one close: another or inten-
’ tional just a silly error?

05 Two sets lights of close to so one another intention-

al: or just silly a error?
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#&4 NMT F1 BERT-NMT 7E4H Rz 4E £ #9 BLEUScore #1 BERTScore
Table 4 BLEUScore and BERTScore for NMT and BERT-NMT on corresponding test sets
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Rl
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Table 5 Translation examples generated by NMT and
BERT-NMT when presented with undamaged and
perturbed source sentence

1 HT

FIEF AT In Cameroon, there is only one doctor for
every 5 000 people, according to the World

Health Organization.

SR In Kamerun gibt es nur einen Arzt fiir je 5 000
Menschen, so die Weltgesundheitsorganisa-
tion.

NMT Nach Angaben der Weltgesundheitsorganisa-
tion gibt es in Kamerun nur einen Arzt fiir
jeden 5 000 Menschen.

BERT-NMT In Kamerun gibt es laut Weltgesundheitsorga-
nisation nur einen Arzt pro 5 000 Menschen.
JHIE S AT In, there is only one Cameroon for every 5
(p=0.5) 000 people, according to doctor the Health
Organization World.

NMT (p=0.5) In, gibt es nur ein Kamerun fiir jeden 5 000
Menschen, so der Arzt der Weltgesundheit-
sorganisation World.

BERT-NMT In, there is only one Cameroon for each 5 000
(p=0.5) people, according to doctor the Health Or-

ganization World.

%6 TrEn FREHEEAIT NMT F1 BERT-NMT
HIEE F1 &
Table 6 Word prediction F1 score of NMT and
BERT-NMT on words with different frequencies in Tr-En

F114
Y (B - - —
AR A A
NMT (p=0) 24.1 28.4 46.8
BERT-NMT (p=0) 27.1 323 50.7
NMT (p=0.5) 19.0 22.9 41.7
BERT-NMT (p=0.5) 19.4 249 44.5

#* 7 En-De hAENZEFIR) NMT F1 BERT-NMT
HEE A&
Table 7 Word prediction F1 score of NMT and
BERT-NMT on words with different frequencies

in En-De
F1 {8
PR (Bt gD —

AT ] GRpi| AL

NMT (p=0) 31.6 40.5 53.0
BERT-NMT (p=0) 33.5 432 54.9
NMT (p=0.5) 20.1 26.1 40.7
BERT-NMT (p=0.5) 19.8 26.4 41.1
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