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Abstract

Translations produced by large language models are widely affected by source-text structures, and
their quality is difficult to ensure. Meanwhile, current machine translation quality assessment re-
lies largely on human evaluation, and a unified, general evaluation framework is still lacking. In
response to these issues, this study proposes a translation quality evaluation and optimization
method based on dependency syntactic analysis. By constructing a Chinese-English parallel news
corpus in the field of artificial intelligence, dependency parsing tools are employed to extract and
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analyze differences between English source texts and machine-translated texts in terms of average
dependency distance, distribution of key syntactic elements, types of dependency relations, and the
use of subordinate clauses. The results indicate that machine-translated texts exhibit several struc-
tural problems, including excessively high average dependency distance, an over proportion of ad-
jectival modifiers, an under representation of nominal compound structures, and limited use of sub-
ordinate clauses. Based on these findings, the study proposes a set of syntactic optimization strate-
gies. By comparing dependency-structure indicators before and after optimization, the effective-
ness of the proposed strategy in improving the syntactic structure of machine-translated texts is
empirically verified.
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1. 5|8

BEE HRE S BB R PSR R, Pl 2 NH T2 M5 /M, Hlas i sm ki E
BN, WMEZR W, FEGTRFE R SIS, SRR CHIRARIE, WRARR. i
BHE L SRS BRI VTR R, e LA O B A 207 1

YHT, HLASEIRE T E VAL VA R BN o =2 NV B SRR GR 22 B P[]
N LV RS 256 5 il . R 5 SCERC I, (H LA R & BRI, M DASCRER B R Gk AR
HahvE 77400 BLEU. TER &8GR, ME TR AA)EE I aRULE, B mRcr 5T 9
B, HHMELLR NS SOE T M 5@ A B . FeT 008 5 A 158 B aCPP A B B0 5l K o SCER A
H5ERBAPATREST, RS SR KRG QA AT, RS A T 22 BBk, L v R U
A ERMERR TR R E A s R AR M DL AT AR A SR S5 1) R, PR 1 AR KBS HE AL T
b O HE

WAFENE TR N — PR 4R R B T N EEVE S M R RIIE S % LR, AR IG5 0L 7
— SR EORTIMEIE T 8 SV Z AT A . BT IA T, WRaEaEair R B2 Mm% —J7i,
OV 15 Stanford CoreNLP. spaCy &5 IR T HCHF, HRSLIU TG, SIRMEAET#; H— 4,
ERENS EARMANT 2R . EIRANEANE R, SIS B ML S n-gram 3% JZ VUG LE i 52 A)VE 25 14 & 31
PERIRZ 08, A RO AN SR A7 R R IR AL Gt B Sh e brdE DA S 0 1) . [RLG, My T
WAEEANERI VAR R, A BV . R SR AU AL, HESMLES BT & VT4 ) Sk
. ATREREI T R R

ET ERE R, ACRE CNTRE” QUSRI B oA, & 2ef HIR R E ARG HEER,
hOCHT DR TR SR TN BRSO TIB R S UL, IR R RAMIKAE R RO W&
WG A7 45 SRR AT PR A SRS, DA A HLEZS BB )ik & BRI S AR T =2

2. Xk
H AT, N TVEANFEN LA 803 52 DEAS A A7 o5 95 25 L H AT . Snover [2]5F A (2006) 42 Hi B 1 4w $H 2 (TER),
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T LA BB I R R A 0 e EOR AT R PN TR i, Rk — 20 R T 1) N T 4 4 () 0 2 i
#(Human-targeted TER), W3 5TT | N TV 5 PEE S5 R Z M A G . fERIRERT Rt 7, RN
TR RERF S P O(DFKD IR T 245 B8 RMQM), ZAEZR L T — B R AR B R, HHr
SERMA R, DI &)z i A

TEE VL 7T, 2T 55 5 UCHC 1) 7 VK 52 31 22 567 o Papineni [3]55 A(2002)3 H (1) BLEU f&
PR T a0 MR MR TN TR SR, HmElE. Sl i ENSE S5 S H 02 m
n-gram FVCHCRE S SR EAL B & . Rei [4)25 A (2020)# — B4 Y COMET, —#h& 11 T-HL a8 61T 45
EEIE 5 TSR . SRR RS IR NSRRI S0 1R S 255 B S R Y A)VETE SOREE, I B ENEZ
5N TR s B — U0 45 R, [ ROk W3 SO SRS 515 5 W

BEE IE F A B, A B AWLAS BT B E VAL 778 8 e 5 Sk M . Yang [5]55 N (2023) 42 HH—
BT AR R VP 7 W(KPE), @A T R BRI W95 MRS 2 AR, IF 5] N B 4ESE(Chain-of-
Thought)FE7m ML, SLHL T 53 SR EI02 M ELE AT

SR, EIRVPAE T AE — 8 SR PR o N Lol A m . BCRK, H %% EMKE 44 BLEU. TER
LA T2 RIR TS AR RS, LR NGE CEEAR; A8 B PPl B R & 2 YT
i AR ER S, (AR AR I = BT AR R 22 S BAR T .

RALTEVE 613 IR 1 )7 ] 5 Z AR I AER R SR R R, 0 NS S5 BT . R R
AN 7 ) BV ERE SRR, AT B Z A ) R AR A O R o AR T B R 0E IR AR GG HR R, RAAE
VR I R ) & R TR AR AR ORI, FEA A AR B, A BT SE AR 23 B PR SRR AR T o bk,
EITERE TG Z AN DR R, B RARRIE T 25 S i zs, A rAs vk k.

MRAEBE B8 5 K47 77 1) 2 FH TR ] 2 T O R I B MRS . ARAF IR B AR AE — /N H) I AR AF A4
o, AN SR S B IR 2 T MR PR B . BRSO 1 SRR NETE AT B AR, X R
MIRAER R BRESHOR, RIAPIAEEE B R %A K IRER) TR bR EiT . KA S
BIRAF R ARSI EA P IME . /MR JENHA, ANREHEEMHIESN, 278
P ) T 48 BV AR SCIRNE Z R EE B, DAk TARICIZ i fude . DR, PR A7 IR SR, @
MMER FEME RS, ERSGWEM. PKAES R, WRERWER PN, RBEER.
AR 2, BEMFERE R I[7]. WAFDT FIR B R AE — A BARIAE G R, A& ] AR T H S 3]
(P ZRYERL B o AT 77 1) B S BC A8 1) NS 1] o A [R5 5 38 3 A7 CE AN R AR AT 9 1) (i i A S IEC 1] 72 AT
HAE SRR B R )G o B G B SCR) T AR R A 7 I R E ], rT APPSR P 2 AT & HARE S
MR . N, — RSN B, QiR “ SCRCIATE JG 7 B LA (K - DO BB SCAR I 6 v, T 43d B 3
AIRERE T 2 BRI, B CRIRRE JE, AuHhiE.

HHT, O T 7S A TE 1 B T WL B A A A S BRI 3E v 0 . 9140, Shen [8]%F A
(2010)f B AKAAE 5 B4l 41 1] 15 1R) PR PR B AR A7 o0 A AR BE ST BT s Xu [9]155 A (2021) 3z K AAE
R G2 RS S R IE R . SR, R AR A B AR A ML 25 0 128 5 = VAl PRI FE A B Rl o BT
AN TAFEE, B0 T IR R L2 RSO o B VP AS AR &, DASRANILAE WF FEAE BT 7] AN A2
3. W RER

ARSI B A B A AKAT AVEARFE, 0 OKIE SR AL AR R S SCARHEAT I VA ik AR . S
TRSCA A SV S A T, ATFAREET “NTREE” k. KM HREA, 73 b
SR A CNN BT (5] SR A 9 S SR 1 45 o SO SCRT L% 4 0 R e— AN/ NI 3 2 R 80P AT 1R
B . PG SCARBEATIEYE, EBREL HTM AR, T AR c 8 . AR5 % SO SOUAR
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WA GG, FH “15R L NRHOCRRER . TR AT, R SOREE. ” SEoRinl, AR
WIUEHE IR )G, R Stanford Parser X FT A S SCSCAHATALER, LASRAGA11A] . 40 A)\ A PEbRIE Kol
AR BT R . P IIRAE EE B 1 B ) 25 1 R B e 5 DA LA s (R OB FR b o AR 70 1 S0t
AT EH AR R RO S A0ME, ot EHISME, 15306 FRF RIS, T
RGNS LG, AT LA AN SR O R O VA RRAE . 1. SSBA T A . BTSSR S S L
A PSR OCER MEAR A 0 IR . B SOGTE R MO S A4 RI(NN) BiE(VB). TEARR(IT). %
Difein: /MiE(IN). 3EH(CC) WEE . 2. MAJZEMIFRIC: GiitIFxt bl sl S 44w A] . ETH W A) SR
T A [P ARIC 1R (U that, which, who, because, if 26 AR, DLVPAL A0 20k i 5 05 ST 1. 3.
WAFR BRI Gt R R R0 A, DB R GV ME S 0. 3 S HT AR A Ok SR B
e PEAE M (amod) 44 1] 1% 32 1 (nsubj) 5 R 1E 1211 15 (advmod) »

IO P OB M A AT, IR SR 5 Dy Re R A R 2 s JE I 0T EUAKAE G R AEE (W1 amod . nsubj 1
ER LB, RN W) s BB R @ Gl B A RRe iR, PP MRS S B % )
P _ERiZ W B AR R A, LS PR SCHEAT N AR

Table 1. Text character count

=1 AT

HSC R S FELJFE L HHC
T 8037 14,333 17,245

1L Stanford Parser X % H7 [ BEAT AT R R 047, 45 SRS RAFBE B 3.15, i
YIRAFEE RS 3.46 (W32 1)o [FA—iBF WAHLL, 0295 MERIEFEE. NERKGFERRZKE, FCFEL
HI T 2817 118 (amod) 15 EU AR 151(8.91%~10.67%), 11 2 SCJE ST amod 15 EEAY A 4.9%~6.37%.

YIEE S 5 BRE S N ZE R BORE, WA Z BEE T SR . BEd R IEA SR
XA BARE T R, 100 BEE N IRE 5 19T (source-language interference/shining-through) ifij {3
BESCRITESE R [T [10]- Cheung [117(2017)35 Y, PUIE A W] K15 P8 & 04 2 B0 170 4 o £ SCIC AT T
TS F WA ] R . R RMNA) BT M FRIK [FI 2R TE o AR FiE Rz — ], s
KEHI “417 + Zi(nn)” WIESH, 0 ST “RIRZIMENR " “E XA “ATEA
A7 S, XIEE AL T BB DOE RN E W, ARG DUE “BIR A S HRHE . T ERL
B, IR SR N BN TR + 447 FT iR + A IARETE 58, W cultural biases, stereotypes
from around the world, cross-cultural dissemination of stereotypes, structural inequities.

AR, AHIEFEIE KL A e 5 S e I Y B I A 1A S A B B (nn EE A 9.67%~16.57%), T Al Litiga-
tion Task Force. state Al laws. federal policy framework %54 A 45 2 L. TAERESCH, nn fditk
2 RAK(6.06%~7.85%) o DUEASTE I e %5 BE A B AR AVERHE, t2 —FhE BAHSUEN, fEWIES
e 25 Dy BRSBTS B ARE B ELEI[11]. ARBFFRIER Y, Hoh— RS5Ok
VB0 K o % B A4 R BT, 40 Al traffic controller staffing, Federal Aviation Administration’s Air Traffic
Controller Workforce Plan %5 . 1 H SC IS b th U BUK B nn 454, 0 “f WATZE " “ S0 48007
i, UK PRI COTAm L R AT g JHEMER CBRHARMT EE, Bl TE
14418 A N A SEILAE B . RIE S B REC R I “ R4 A “ABE BAEAL” RX E Ry
fiE, BEAVRE S S TIAEL, R R TE e (RS SRS AT T I — P &S /R fb SR . il T ix e
W AEE SC R B 7R EAE UE R, KIE 5 B AT 18 2 5 eI 55 5 T R i e B o, AR
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PIUAFRE RSN, amod 5 EUSE ., RIS nn S EC PR, BRSO 7 EIE SR BB AR, Sk TS
SERLEAS S AT b A —— S5 S ) A 1A A R A MBI RIS A A R

EMBIZER I b, ASHIE S0 R S i SR S S AL 38 BRSO [BAAAE 2 35 22 5 o ANBIE T BT I B — e
TG OB R S AT 22 2 IR R S A (] R B 06 R o il Ji S b BRI IR A A1) (because it
demands almost near perfect performance). il:*5 )\ fi](even if the technology were to be used...). JEFR &M
i M\ H](controllers, who require rigorous training...)~ $M# M f)(experts highlighted that.. )5 4589 . AL, 24
R T Z ET4A), Hla:  “While Al does have some practical uses..., experts highlighted a range of reasons
why the technology won't be a substitute...” o X454 & FEIE 5 SCHT R SCA 5 2 Ak (hypotactic) ()%
R

LT, AR LS R UL BRI A EE BE . filtn,  “ Artificial intelligence (Al) has
become an inseparable ‘companion’ in our lives.” “According to a report..., an international study points out
that...” “This inevitably leads to deep thought...” 5. XKL LIFEA) . HH A s ERIFE N, D HIL
PEE SR - E 8 A . BMEH I that 51 SHIAG), W2 “Sitgxt =" #dE, mAZE
GBI ¢ RN A ELZ EAME WA B E . 1l1:  “research shows that...” X “the study points
out that...” XT3 “Fath” “EoR” B LM, MEEE M s 1A 1) JE R A,

FHOX BN ZE R ARIEAE T SR AR 207 e SO I SOAR T IZ AR BOR B 45K, X B S5 K 7E
VB X b B A, RLEA)E B A AT R Rk . b, RS R R, BRI, B
e A ZIREN R . 7, KiE T AL 5] T H {6 52 (1 LRk “ Research shows that the models perform
poorly, and that they also generate negative stereotypes.” -

MRS EIEEER ., CAVIRERN, SO ERE BREPEA R H Z Ak
5, JRIRYEE XA 50 H R IEHEES, XERESR RGO B, EARRRER A LA
B 5 g S AdE AN [F /i 40 around. into. on. against. through. before %, MR¥E1E AL B NGRS
N ERFNFA K RN “regulations around artificial intelligence” , “extending into more areas of life” ,

“comments on Truth Social” , “protecting against online censorship” ). AL &% 3 2 Yk A F #F 25 K

SEHHIN LRI “of..in...” , “of..with...” SF)RABE DMK R, SBATHEMELM. Flatrh —E
HLESPFE P RE I “biasesin...” ,  “limitationsof...” , “rootedin...” , “problemsof...in...” ZEZEH.
XEeSEH Z IRkt s AL &, AL B A% 5% BRI 2 08 SUR S 9 LA HER AR E B T il
DT Z R B .

4. BT REQZSHHRILIRER

R LA 23, A Hh— R AL PG T B S . BLrh S5 “Bt AN S 16 Bl S i RS

AR, FRIR T Bt TS 5 AR A X L e IR SR IR O], AR LR B Sy
“The researchers designed interactive prompts in 16 languages and tested the responses of several main-

stream language models to these biases.” ZPESCAEMAF R HR E LWL BRI “FHPEE” HFFE: L, the
responses of ... to... A5 R T TUK I “4418 +of+ #id +to+ fAid” Miags, “FRMRAEREK; H
o B0th X ERAE RS 417 responses Y, SRZ NN, &G, BT ENIFGIGEN, (EARMHME
Al AT, ccomp ELBIA 0%.

R A 5T B SE AR AAE SR, % A BN : “Researchers devised interactive prompts in 16 languages
and tested several mainstream language models to see how they responded to these biases.”

XA REATIAC G, M AR RS A5 T IR AT A KA SR RS B (L 2).
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Table 2. Dependency table
]2 IRTFRARR

WAFR AR PRALTHT T3 PeALHT L (R AR PeA i et
det 3 18.75% 1 5.56%
dobj 2 12.50% 2 11.11%
amod 2 12.50% 2 11.11%
nn 2 12.50% 2 11.11%
nsubj 1 6.25% 2 11.11%
prep_of 1 6.25% 0 0%
prep_to 1 6.25% 1 5.56%
ccomp 0 0% 1 5.56%
aux 0 0% 1 5.56%
vmod 0 0% 1 5.56%
advmod 0 0% 1 5.56%

ATCLUE Y, AR FIMRA7BE R 0 2.88, Ak E P2 2.56, FEMRIL 11.1%. XTiZALEs B SCREL T i~
AL TRENS . AL EE B A A AEE : 5 MK prep to (B 10) 4% B 30 o R i M A) 544 Al AA)
BAA]TF IR R RALET ccomp LLHIH 0%, RALJGIRIE R 5.56%, F& TR M, BERKE R
FEEF: det LLBIM 18.75%F% % 5.56%, Jk/b 7 FR 52 Al (AL AL FH o

PLES S ) TAE RSO IR B DOE I B IR RE 41, SBURFIER K. MAZEMEE, miiis
MR SCARYE S I “BA A 1 “TARHE” , B 7ERRETT

ERSCESCH, W7 T TAES LS RAR, H IR Z s, RELESE
PRI Z R PEIEERIRm, HIEZ 1) amod MKAF R R b, JFOCH “AERZIREIR” X —iE R EA
REFRT RERAIZIBED G, M2 BN ESC “H)” F-52ma, HLASEH R T8I “ global stereotypes” o
T, B HAZ MO “stereotypes across the globe” , X FE B AERf A& 1A J5 SCE L, JFE e 7 i B 48 A amod
45K

AW FHEH R AREA RIS A R G HE R 8 S 2, WAE— e E BT 7Rt —
4k (domestication) Fl 57 fk.(foreignization)—— ] BAL AR E . & GL RS A 0 2 2L TR0 . FE L BIE
TR, TARKAEAVEGE MR AL 7 — MR )= R R EAHES . BRI “ KA TH 22840 (I
AR, RN AR AN AR F)VE DG R S (Wi k> ccomp MKAE L BN conj HF1OE
RE), &5 7 EIR A R,

5. %A

AHFFEESE “ RIE F MR S X308, M 7T R AR R P B E TEA HE
28, s H RN T e USSR I P AT 1R 7R PSSO IR S S B 1 S AR AE SRR I
FA VRIS AL AR A7 BE B 2 25 i v T B B 1T (amod) U3 22« 4490 B2 & 45 44 (nn) EE 11 AN 2
S, XLV ZE S DUEIRTE SR R R AR DY T T R R R B R ) DI R
[l ORI E B T B <Atk 5 AR Wl gt 7T BA AR E . SRFE, B NR)E
AR AR TIOR3, BEH B 515 S AP ERAE . BEXF R )@, AR
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H 7 2SR NS, BRIy amod ZEMFHION AN IR R 1R B 1R R G A A L BN AR IR 2 TR R AN
JRE AL NA) L A8 R ACHE A 1R S5 AL DLRR AT I IRAF BE B 45, X B SEME AT bR 7E 51 S SO R R 45
R S BUA, BT E AT A HARE RN I BHS ATEE R “ V4L Rik . SKIRIRIER ], IXLEH% &
FHE T ESCHIANE R B MEANE BR P RIE, A SO HIT oL SCREE R I AR BRI, O EE TRAF
FRERIB IR 5 S B S AR AL TR W T B S R AR
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