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Abstract

Neural Machine Translation (NMT) technology has significantly improved the efficiency and quality
of translation tasks. Focusing on financial and economic articles from The Economist, this paper se-
lects typical translation instances to comparatively analyze the multifaceted differences between
mainstream NMT outputs and human translations, exploring the advantages and limitations of NMT
in post-editing practice. The study finds that NMT still shows deficiencies in complex tasks such as
cultural transfer and affective expression, and faces particular challenges in context understanding
and semantic accuracy within cross-domain translation. Based on case analysis, this paper further
summarizes common error types encountered in post-editing and discusses the impact of domain
differences on machine translation output, as well as the critical role of human editing in correcting
semantic deviations and pragmatic mismatches.
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1. 5|

EERAINEHES) 1 EE S AR FE R, MBI RE(NMT) RS T HL a8 1 R SR e Ae, B35
FETt 1A SCARI R RCR S RTHIEL] [2]0 SRT, NMT 7E %k o0 HO= W 2 SCAR B b, 5T
EBGEMNYEA R ARIE—BUEATE DU P i R S B3] [4]. JCHAEERL. EMAst Lk
S UEREE AR 2 R LSS R TR, MO Tl SOA R 28 i 2 4 7 SR EE I R HH 5]

BLA BT L ER AT NMT HORTEEE S 16 5 48 A 0 EEE 1] [2] [6], (NS AsE B ML A FLAE I
LR RERIT RIS RECHMIFUM A RN TGS NMT BEIRERCR, E
REEEME AR EEE . SIZR AL IERRAE, R G0 P OUss 7 PEx B 3 & e[ 7]. &
AR, A7 G bR SOMAUEE BT i w A — e R R B RRTHE SO R, HX RIRIEEL . REZE K
2 UG B ) fE R 75 A R [8]-[10] -

B RIE SRR R, BT CIE M “ AR AR RS0 e “ B EhI¥ R gdE” I ABLERE . LLMs
FERK BRSO, T CEAMEIE B R TT RPN B ), O T ERE . B 3% a
B AGTIAN B R S AR AR5 [4] [11]. (EELR B, EBLSEAIER AR T AE L LLM S22 U NMT, T2 7E NMT
o AL A B LLM Z2EAT B0 A IE A SR TH[11].

SULEI, B B A g ST 245 B TR 2 R BRI, X AR IRIRTY - GARRIE T 2
X R IIEAAL[6] [12]. AHRWEIT B O A8 R R M5 SR N, AR S AR IET A
ZIRIAFAE W AERIR[13] [14], (HIX — R AE HAASCAR SR A B AT A RriR Ak o TR, A7 0 BEEE S I 223
A, BE— B o M TR R 1R B AT REA R TR g R R AT SRR LT 12 R 13 I A SR

ATLRL (AR5 N) 2018~2025 SR 2 K SCANiER}, I RO HrHIT7 %, ML a B S
i R BUEEAT E VEWE TE o 15 4 M SE R T Z5 A 2 WL B R AE U 2 SO R N A R 5 RER, JAE
SRIERS ESIN IR - AR RAE” XY AEZE, AOONHLER SO AT 7028, T Hat— B fr A
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[F KT % 5 A R 2 I DI, 3 T 4R T 16 28 S I PR 2 8 SR
2.NMT HARER, LLM HiZ#HRSEISHEH

NMT HiARIEFIREE S SIS0, ARG A 22 I 25 (RNN)Z B i &2 Transformer #57, SZEL T
SRR TE SCERAE RN 4R B SCHRE R B ER[1] [2]. A% ORI g A 25— AR A8 1, FFal I v = P
KR B AL PR RE 77, (SRR A SO ] T MR AN 5 18 4 ¢ 2R AR R B ) AT BB R
H[2] [15].

B KE SRR, BRI BRI — Sy BB AN . DA UFFRE, LLMs 18
K BRSO B X EAMRNES T AA R, CHE SR ETA . BRI
S i) 4] [11]; (HAENLERBIREESS T, LLM SEILSe i/ IR S8 2 B AN NMT, TR 72 A DL R0
fili b, Z5a4RbeE S R R UHT A2k E dniE, MRS E[11].

TELLEERD b, ARSCHTRIR “XUHEEAESL” AOCENLA R SO I RTR DY, I8 0 B 5 g R
B BB IERAE, IRt — B0 8 Z MR RO R i, BRAR AR IS AMERE, RiBR
PEFIRATC R S8 10T B B 3 B, 15 7 SR A RN 5 M B8 LT 25 5 5| R B HERAE TR AR 30 ) B % 1 A
BREE(E[13]. IEAEH) MQM-APE BFFTHE— 3R B, A5G TE AR PN AREE, vl 1E N G iR 12 1E
(i R MR AAE 18 I 5 i 5 SR S ) SR A R N 2 TS IR A [14]. PRI, XU FEHESR S SO TS
TEEA, MR B IRS T 35 dalE SRE 35 5 St IR S .

NMT BRI R & Rl i) gt 5 A (LI 1) JESCAR S 73 B J5 A2 1Al # G,
WA BNy S R, RAZRESE ARG S TS BB BT 1 AR R
FE, ARSR AR P 22 e 5 B o S 22 1)

N\ e
The most powerful thing in The--3 Thet
K mos
the world is the seeds of plants.
“ mostd powerful
pt::l.erful;-1 thing
ing-- f
\no TR e in
A in--1 > the
£ world--1 world
i is--1 i
v 5 is
* seeds--1 the
The/most/powerful/thing/in/the/world/ of--1 seeds
is/the/seeds/of/plants plants--1 of
plants
CE—

Figure 1. NMT framework flowchart
1. NMT SRR IZE

NMT R G L s — AR Bt 8 ) S B B B3, LU ZRIRAR B 5 R &1L g i 5 & Ak
TR 1)o NMT BERUEN AR Y ekt 58 BP0 8 T 2 BN BN AL, SR JG GEit RN ) B 3L
B, BREWCEE A IR B A R . R B IRE F AL, NMT A B TR R4 T K Rk B
TR BT, AR RE S AL T 2 (RN
3. NMT E R4 RS R4
3.1 NMT F/E4mIBHIRE

3.1.1. ShiERERHA
N 2SR R i, FIRE IR KRR A2, 5T St WL B LU b PG 21
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FOLEHIE. KRR R BEARLERS RS, RS U B 2]

#] 1: In both Kazakhstan and Uzbekistan central bankers have used gold to settle transactions with their trading partner
without the need for SWIFT, a Western financial-messaging network from which many Russian banks have been barred.

NMT %195 ZooiF bt 5 5] e ifde, PR|FTEMEANZF L5 HMFLEH LS, B ot m SWIFT——
NG 75 8 2 aRH & R, F SR T I ARAT TAHER S

AT fevh i AT e by 3] M, AT RN G LT SRR Z BT H 4, RE AL SWIFT
HATR G T—BABHFERGEERL, BAHFSRTHRATTHRILER.

Bl 1 A, VR NMT 30 “ i egRAT 7 SRR AR BCHER . TR e 8 |, NMT K “without the
need for” EL3EHHN “HEGAMT ", MRRIEE GBI SREA, RIE 7 ARas R e B .

NMT R 7E A RSB AR I TR DR L HE TV o 5 RRSHR N RABT 5, RGEREE R T L
SIHUEIAS WAL e o AN S, SEIL “ahasat” , SRTHIRRACR .

3.1.2. BENEIREN

NMT $ AR TERH 1 S5 gm0 1 55— K B2 B Sl A RS 1E 1, AT R0 SCAR R AR TE 1 B S R
B TEIRAE R, RS B SRR O L

BB R 2 TR B O E WSRO 1), 8RR B4t 25

Table 1. NMT error detection and correction record sheet
F L NMT RN 58 EIERR

£]F 1D R NMT B HMIRRA BEXRE BEASE
Trump’s bid to expand US R E Y KEEEI R IX » N
1 influence in the Arctic is being RS2 11X — 28 S RFR N “ /8 l?g%;’fg% 1 %é?i}%ﬁ(
called the Monroe Delusion. BIRZAEE” = Gt )
Legal teams fear Al PAREHBE O N TERINRAN L e O
2 hallucinations could lead to false &S Bk FE SO H L BLARE Y ié/;);%;ﬂ 1 Al ggﬁiﬁg
citations in court filings. BB . B B3

It is a test case for the green XA A BREE T SRR — AR

s
3 transition in the Global South. & %4, x 0 RAEIE
Prompt engineering has become B 4V 4y %y %5 St N T8 g i
4 ahighly paid skill as firms race to 1% H 248, HIE TRIX 4 ;% Py 1 PRI TR
optimize Al outputs. COR BN — T # B . -
Many firms use quiet firing— s+ & AN =51s2/ “{xim »
5 cutting hours, freezing fg%igﬂf?a J&ggi ﬂﬁf P 1 e P AR (kL
promotions—to reduce s - T EEE KEMZE B ST

headcount. DLAER 2 TS

T IE J5 BB SCRAAR T ARAE O HERR PRI SCAS I — S0t . Ak E, NMT BIRAE K 250500 N RE (%
FRECm HIHERR T, 815G BB SCERF A brik, AT REHMIR D 1 R AR e 52 A
3.1.3. FE-NMT HEEEFH

B NMT HoR, BIRE)E SniE T H AT DU IREVE 0 m R B8R, B8 N E T T i ok
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BRI KA TESEAUREE AR o 20 I 28 AL 25 0 28 12 G A AE I AP E A B T 8 R AR A 7]
RS, NMT 4fi B TR RE A% 75 B0 13 o g SEL AR v B SR ITE VA B R L DF S R, IRt s (ot o7 &,
BN T NEITARREE

3.1.4. BEHNK

YA NMT 450 1205 N —A BAREAH SRR F N SUE R, M2 7 HFH 79 5 R
F A R [8]. EALHRI B 2 ALK SCARE, NMT R0 0] DL T 2R 8t S (65 S A S (A AL 23, 5 Bh
B RAT IR O BR R, TG0 A R B, AT B 9 1R S P b AN SCAKGE R

] 2: Large-scale, advanced manufacturing requires stable electric grids, available water, redundant data and telecom-
munications networks, and efficient transportation corridors that can handle increased freight and supply chain volumes. U.S.
infrastructure is subpar on all those fronts.

NMT #1i%F: XKHALAG A2t H B LT RAG T © ) M. RAEMKFTIR. THGRIEF B W%,
T3 KA B el 4k 209 FH B WA K. mAXLETE, £EGABEERELTE,

ATBE: R XA LG LI, BRI L) FRGB BT KRG ASRE. RFELHAEMBHNE S,
AR B IBE GRY, AR TR R ESfEmE R, mAX LT EME, £EHYEBEEKEY TmA

=

o

VAR RE 45 B 3T

] 2 th NMT S &4 G i A i s, (BEF L HEE EERANER NS, #ETUK., 2HEERT.
N TAEHOE X I3 5 o347 A7) 20 5 4H 638 I 2B B A8 1, 15 4% 18 2% N B 7 &8 “ 0 T4 I
HIZRIE, ZHEIE W0,
3.2. ZEMEELE

NMT FARTE ¥ G A7 1R — € B 8, ] aiE R E Z 7. B SCEARA C UL IR A IR,
IX LG ] R EZ IR T NMT A Rl 3 SRR Aff P R R

PLUR A2 3T 20 43 1 0 aT Ee Pk S AR TE (L2 2), ASCRA “HHRZRAY - Ynfa /A" B4 S HE
BN G g AR SR AT RIS 5 A2, BRESSRIERE R TR0 NMT S i @R AEE S 21, gt
VESRTY 24 B FH 508 13 5 G R BB IE SRR, FF7E RIS R0 LU JE A )3 90 3 i .

Table 2. Two-dimensional framework of “error types and editing operations”

H0 ERAE - GHERERED WEFERR
*51 MRS % N9
\ Rif. W%, Gomd  BHAEE. Tas
AL RIESEERE AR5 N e
\ SRR WA E A
\  KERG. AR, f \
y HE5ERHHA . e N NREFSY I A
n2 mpstystaasiam 020 TR EE% W R A
(ér rﬁiiﬁf‘é) “only/however” %iH %

A3 1B BERERME

A4 EREXIEER SR

AR B SRR 591k

BN L RBETHY.
BRE S IRIIEA
W&

- HEEE. FirA
R R gL

SITEE R ARET
PR R 2 . ST X
[N
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Y
B1 ##t(lexical substitution) Eigﬁéziﬂﬂﬂﬁﬁﬁiﬁ RIEF . FEECH %
=N=) 2N
FAMEIGERE T TEIIE L s oty
B2 ##h(addition) e, R e R,
TR A BE 53 PR
B. GEEIEAT e
R . TR BB TR \
(Editing B3 Milk(deletion) il e R ELEE
Operations) S A T ) P PR
. PG AT REE KA. IS5
B4 A (restructuring) R TSI . Ml e

WESREEHT I . K
W gi—IEXE. $eTHE
T E B

B5 K& iEE (stylistic/tonal ARSI s,
adjustment) [FRES RSN

3.2.1. HIBERESEHEAVILGH KRBT

TERNVE G it 2, Al R ZL R R 1B R R T RS IR, A RER B B IE & . ANIF
AURER IR E T B T T NMT BRI T ISR, DUE AR BRI TR . A LS B AL i I 25
M TFAH K 1 T ATIE R EE A R 21 B 300 B ARG 5 551 40 A A AT 75 2105 25 1) 1 4 3]«

] 3: Amazon’s sites now have more than 350,000 robots of various sorts deployed worldwide. But even that is not
enough to secure its future.

NMT &35 : dods, L AREZEECHFET 35 756 SA £AGME A 20 Rdm sl X5 REA
HERE 8 Rk

AT BAT, RL@CALREIGBELEFRET DT ZERRAXEGME A 2P RJast, ZMRL
AR Je KR89 SEF AR5

B 3 F NMT BHEEEAGRE TR SCHE BINE, fEWRIE R 2 I e E 7 R . HAERIE
AFRANFRIR 25, NMT $HES5 AN TR AEZER . M2 T, NTHIEESE “fulfilment centres” 25K
AR A AT RS

ANE BNy SCARFEAE BB R RIEFNE RS, RAESE 14 NMT BERI1S%, A e 5 058 DA &
3.2.2. FEEIRNAFI

T 6 S . 2R BRI B 1 SCARH , HLas BB ek s A B L S R (1 B R SCRNEBE, AL
BARANTEEMAIE S FREIEEAIR NMT B3SO A EAR, FReS . AIs(E B DL R ESUREAR
AR ) AT 28 Y [4]. RN JE T, N B0 1R S0 )R] B S 18 s T 1% S A R SRS 1, SRR A
N LEIEEH IR TR 2R, MRS A0 5 40 BL6] -

B PRI SR ve 2 R AR, BREEH OISR 7, PRSP IRAIHLIRES %, SEORE S
BRSO IE SR ZE . ML SCARTE RO AN A) 77 <2 5] S ARG 0 aE 71, S EWLE % 1FE B
T AR LT — 8, AREE SO IR EE AL, 2O SO E AR, KA B L M A FEANEE[15]

5] 4 Asingle piece of software oversees the entire production line, which is capable of pumping out 130 cordless power

tools every hour under the supervision of just seven humans. The assembly line it replaced in China needed up to 40 workers
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and rarely produced more than 100 an hour.

NMT #1iF: AL > B — AR RARE, A0 7 ABESOHALT, st > 130 L% ws T
Ao CHBRGFTEAFEEZ 5K 40 T A, @ LA~ 2R A 100 4.

AT BEFEFEH—ERMR—FE, RETLEIAMLT, I 4 130 LR EHT R, mE
PR EREF L, RS BHAI LITA, F 007> 23k AL 100 4.

1 4 o NMT @IFEAGRE 1 ESCH A TIRFM 2GR, e Ese B Il &isiridie. HEE
—LEAATALEE |, NMT 85 N TRSH AR Mtz T, NTRSFENERE . Ll HEMEE
LB BARTESE, B R SR Lok R AR TE A

3.2.3. LB RERH SR

KA Fh Z 2B IR MRS, DRSO TS SR IBa & (5 B, AR TR Las se e 2.
AT RIS YIZRET, TR NG B . el SRR TERE SR R R I IR, 8 2RI SRR A KRR
FIE— ST A, 3l A 2511 2 HE SR S TR 7 T X s K ) 7 R RS L 4% MRS RO HE IR A 0, T S 8tk
FAR PR A 6] KA R SR AR B =, LR R SR SCER IR PR YE, S BRI 4E AT R
IS SRR (5 B VR BOE U ZE[1].

#] 5: THE LEFT-HANDED have long struggled in a right-handed world. But they are over-represented in one field:
one-to-one sports such as fencing and tennis. The conventional explanation for this is that the scarcity of lefties (around one
person in ten), means right-handed athletes lack familiarity with them as opponents.

NMT &% AMFERMAR—AAE—ANULEF A ZHHR P I, BA LN, A6 B 2780 25—
MR EFE MBEF - —HEBHRA SO BRFFERL: B TAMTAZF WSt —), FF&TFHzE
L F 3t A 2%

ATMEE: A—AAEMTFALFHERE, 2MFRODEH S B2 A LA, AMT 09 eb 20 2%
B oES MBREF— R ES T, AMTFRAFAAFT L. SROEABEL, AMFARG V(W EEADH
110), $BURAAF69353) R @AM T T, 2 52RO L%,

B 5 ZEALFRJFSC “they are over-represented in one field” IFf, NMT AMUA%iE T “over-represented” [
T BRI RS TA, fFA TP OCRIA s e, NIRRT T I
L7 [ 7815 (LR 3).

Table 3. Correlation analysis summary table

=3 BXOITLEE

B4 IRARA SiEERA &
BI1(...used gold...without the - @ €M Bk L B B UK
BAL(FEEENE b n . e,
need for SWIFT...) 58 AR S T
AL )
1 2 (Large-scale...requires RIS % (5 B8 %
ge-Scale.  TOQUITES- sty 51 BALUE WAL IR K, R AR R
and... and...)
B,
NMT 55 HH BB P A1l
1 3 (A DECADE AGO ALz WEE e m P e 4 OB I AR B 4
Amazon started to...) ¥ 55 B 3t T S REHRTHERL R
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gk

RiEELAWE; B
WK R W% HH 5K

R E N R B e F)7k

B, AL PR Gy i b SR

] 4 (In a factory on the
Carolinas’ border...)

e Ak Y
1 5 (The conventional AL S 1E BHE R T IR ER S R fahe, 5
explanation...) A S RRE R - Hx L BRI e iR HE .

4. IT#F NMT BAREFRIRBEEIHIEE
4.1. EXHTEHEEMERES

ALK NMT (Neural Machine Translation, #ZeHLas #1E) IR 5 B HERE 25 AH 45 &, @I I8 5
SIS PR Y REIVEF , d8 0 TR R AR s AT S E R R SO S HERERE S (L] 2). TEIZAE
Zaeb, X B T RN 4% T T I sR R A ) B R SCHER AR, GBI SN UREAS, A A e R B R A
), REEMESRER THERES RN, SRR S —RAE, (AR A2
L N B O P Y A

al R T B AU S A B P o ATEREGEER
TSR HERE TR0 R B PRSI T . RS Scp
Y T )
Y
v 1 T
e E B ST R LT KR 25— m%ggﬁﬁﬁggfm PORA TR A ot

Figure 2. Flowchart for training NMT cross-domain translation
B 2. 12k NMT ESugiEniERizE

T 2 5] I IR AT QU RN AR BT A, A RO 5 1RO AE B U R P R IE R RE T, (R
RE 5 PRI U 2 I B B RIS SR, 25T TR EAER . SIS FUREAAE IR
BBy, AR BE A £ T AN E PN S e I AR, TR R T A ALRE D), WROR T AEZ REL
FIBH I 5t P AR SR BERS TR e B PR RE R B

4.2. RAZEUHEI NMT S

FHEE T 20— 30 FHASAY, SR A0 F B 22 A0 NMIT RS ] LR 25 3R T35 1T SeAR B B B (0L 36 4)
— 7T, SUSAYLE BLEU S5 BV EM IR B 7L, EAN TV, BESCEEARE R
AR — UM DL O A P R S R R BB B Lo N TS SR T AR O NMT A7
P T FIERZGE 2 AT RSB R RS0, Ui SUOERS O 2457 NMT A 785 52 Br v
() SR T T 2 —[10].
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Table 4. BLEU score improvement of NMT models
Fz 4. NMT 128! BLEU 12HHIEE

Pk EF#A BLEU FiH4 A5 BLEU RAIEE
[T 4k 21~23 27~30 +6~8 BLEU
IT B AR SCHY 24~26 31~34 +7~8 BLEU
RS ' 22~24 28~31 +6~7 BLEU

W e (OF FH 4i4K) %) 26~27 26.3~27.7 +0.3~0.7

B ReR . /EE 4R Chu & Wang (A Survey of Domain Adaptation for Neural Machine Translation, 2020) % #

Ak, 24U SN IR AT LA @ T 2 A R R R 2 AT AR AL AR 1 T 3, SCHE R GUAE AN R AT 2 T
BATBHAS U . AR REAN U S5O ) AR 38 BTG L2, 7 B 1 I AR 4% AT b 2838 28 sl AR
[l SR AR, WL PR R AU P RS B 11 R ) S 2R SR B AR (1) T ™ R M 5 4k A« AHOGIR SRR, IX 2R
2 ST SR A BB A% 7 1 AR VR AT 45 TR IR T i BRI, IRRMA “ —ANBEBIME AR AT 45038 1A Mg
9]

LR AR TR MR AT, BERL AR 2 ) BIATUEAR A ARE . ARG R R AT, T
P& = 0 O R AR
4.3. ZEE MoE Ki#t

ST ASCE R RO M8 R, 5 SR TR BT G54 5 1| R 0% 22 T P 2R 2 ) et 77 1] (L
Kl 3).

N
M BA
7| MOEALBHE+ ARSI A AR (R e/ S B4
J
v
(- N
BB
AR I PBER (FHEEME)
\ ),
v
'S N
Mrec
PRAG AR
s J
v
i

Figure 3. Training the multilingual MoE to improve the flowchart
B 3. % %iES MoE eIz El

ATEIA 2 AT 2 il _E DL Transformer A4S, SINERZESIHLE], 18I O b 28 A2 B SE BILES 40
WHNRMEROE R ML T4 - PRI PN E R HERE X 2%, S TR0 ek 7= S i e i, JRae R
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16 2 R 5 2 ORI A TP ST 4, R AT R TR SIIIG, DI RR R A (B T
& TR ATE— O 1 B AL URE P I LR

BN FURE R B, DASSICHE 2 RE R AE AT h T 40 SRTHISVE TR 5 — Bt fEdkd
Fep, AT e L 25 4 SO 4 A B S HURTE O B FL A, SR ) BRSO 25 T I R
KU S BRI B T A RB SRR, IR IR TS RAER, MY RELRMHE, St
LSRR HILIGT TS 255 (1 U

TERR G , STRTIPARESS, SINASCHR I “HRRA - GRAEHRIE” AOTHESL, xRS
VRSRUAG tHILAEE . LG 1 10 5 48 6 DL R S S R AT S, AT B P B P Al R it
X B8 4 191 5 G R
5. &5

ASCLL (2235757 N ) 2018~2025 SR 23R iR}, I REIpHr5 5 7 L as Bl A 400K
PR R BEFUR L NMT BENE BRSO S SR S BT A6 13 30, (BRI 2 SRR SRR
EEEL . IR AR, TV R R AR B AR RIS IE ORI UL
RIEANEE S W, XU, NMT R 2 SCRRI R b B BOR AR B (B, (5 MR S8 A2 vy o B
SRR ER

gi ey AR RBIRE, ASFSRRLN 085 1 5 g SRV Z B AR € X NG R . T, ARIERIE
AFEHCA 2l 5 7 E 0 B R B IE, 5 Bt A AT H AN R AT AL 75 S 1 #h =R i R R 58 3%,
VB AR )92 A A ) B 2 5 20 SNSRI BRI . X UMY, 1 e G AR AN DR X B ST B A
t, FEADREIL T MR DU X R AR A BT B E [ IR .

METEADI, AXRET (BFFEN) MECR, IHEFRFET TSI “HHRER - 4R
BAE” AEFL Mo AR, NMT Ha& S F I 28 SCASHI I A SRl S A R R, T e o B TS Y
AR TR HAEARTERIE . @AM L BB IR AR AN RRATHE— PG RIEEH
REEN G oA RE 1, ARSI AN R SOAR Y vh R ST 5 G5 4 45 A1 2 (8] B SR TR AN A

SEEk
[1]1 S, KL, . FT LM% RN EIED TR 0] HHEN TR SN, 2025, 61(22): 36-54
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