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Abstract

This study investigates the application of pre-trained language models (PLMs) for bilingual transla-
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tion of the DJI Osmo Pocket 3 user manual. A domain-specific parallel corpus was constructed and en-
hanced using Translation Language Modeling (TLM) and Cross-attention Masked Language Model-
ing (CAMLM) techniques. A hybrid sentence segmentation strategy was adopted to address linguis-
tic differences between Chinese and English, yielding 130 high-quality aligned sentence pairs, which
were further expanded to 260 via data augmentation. Experimental results show that the fine-tuned
model improves BLEU and METEOR scores by 12.3% and 9.7%, respectively, while reducing TER by
8.9%. Human evaluation further confirms improvements in terminology accuracy and semantic
consistency. The findings demonstrate that domain-adaptive fine-tuning significantly enhances
translation performance in technical documentation.

Keywords

PLM, Fine-Tuning, Machine Translation, Technical Documentation, Sentence Alignment

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 3]

N ReBOAR IR AR R HES) B SA1E 5 AL B (NLP) Sl ES aC 8, e R AENL 2 B 3(MT) /7 T,
SETREEINRIE ARG CLIT T2 NIEHKRE. 20, REIANBEERETF 2B 5 TE
B, (HAE AR BAT o B ML PR A SOR IS 5 T e 1 22 Bkl 10, BORTME iR 5 Ll AR
ARG KEAREME ERIE, KRS SRR EAE RO o Lk Bia - Ty
RIMIEARICA, FLH 1 R B RS P 67 i D BE A BE AR 55 68 A 4K, DT Osmo Pocket 3 X AERY
BB T AR L ARIE D . A B4 ™ ke = DL, il i SR T B AL i 25
R, HOE N P8 A T OURE AR SO B R R, RTPRTER I — 2k SR AR HERYE, N
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B S EORARE, WHRNRAMIRRZFITE, BRI 5 A R € USRI AL 55
PRI, JCHARAESRSCOR R AR R i o, BASOARE —Fh i K A S . SR SR A
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TN 25 5 AR F R TEAR 2 e 2t AT U 2, 15 6 B AR 5 AL B (NLPY A 55 3R (AT RN o 2
2o TR B A R BR A L 0 AT R ORARE SO, SR A ATE F AR, R R A
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L5 A B SRR RS, o B i i S AR AT XA R SOl U RE ST, EBOR ORI IR
L H B 2 A S L3
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2.1. BERT &8

BERT [1J4=#% >4 Bidirectional Encoder Representations from Transformer, B[J2&F Transformer XX 7] 4
P8R RAL, HAZ OS5 K FE T Transformer ZERI I M 25 5 0 M, 45 5F 1 Transformer MIAFAGERIETE,
T SOR BN SCE AR 5 R AE . SAEG R mE S AN, BERT A5 N\ N 58 B 1 SUR 7
H, FEXAERE AN Token #EATVE SCRAERS, AR RN AN S AN ETFXER, SEMRAEIE
(AR I 1 SCIRfE

R she  R_got R_it R_by R_Wikipedia

Encoder N

Encoder 2
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she got it by Wikipedia

Figure 1. BERT model architecture: Bidirectional encoder representations from Transformers

[ 1. BERT &8 Z245(E T Transformer 4RSI W B 4RIZET)
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PATA] AZEAM 7R 3R BERT & Wi )\ Transformer 543 2 X Al gt R m (L E 1) AT
i\ BERT #%!J5, Transformer Zit# 23t 2 Skid & UWLHIRHEANRTER BRSO RgAT 8, R4
BB AR ECR) B SCIRAR R, ZIAERE TR E SRS R ORBME R . BLA]F “she got it by
Wikipedia” 1, ¥4 H 4 N\ Transformer 4ifid# /5, B8 2 ARV A SO0 B # _F R SC A& Rshe Rgots
Rit. Rby. RWikipedia, fA™ [] & (1) 4 5 15 9 A 45 802 48 2 OR3F— B30, 5 TS 25 Bel = 4 B B B R 768,
BRIV R SCERIR I3 768 4T .

#1715 2, BERT (Bidirectional Encoder Representations from Transformers) & — 13 1 Transformer 42
R ] T 2508 B B (2], HAx LM I T F5 ik Transformer [ %14 25 (Encoder) & 4 o #r ifE
Transformer 4t &5 %0 TAENLHI N : VIgEH A& E1, E2, - , EN &% JZ Transformer Zii eSS
REPRE, 5 Bh B EE R T(Self-Attention) ALl 42 SCA BRG] [A] (1) 4 J v SOORER, IRAHHBIE E R FEM
RSO E T, T2, ----e , TN (W7~ “she got it by Wikipedia” %% f’] Rshe, Rgot, Rit, Rby,
RWikipedia).

BERT % 0L FAAE T KRS e AR 78 ORI, AT AR BGHE L X a) BT SCfF B g i 1)
FoR——IX S5 GE A7)/ P42 32 LR SCH) ELMo FERA R X 3 . BERT A28 X0 m) i SCHHERE /1 508
FAE 22168 7, U T LI GRB Be i R AZ O AR 55 1) i, B RS 15 5 B2 (Masked Language Model,
MLM)-5 ' —#] Fiiill(Next Sentence Prediction, NSP). - MLM AT 5538 izt Bl L XS SCA A (19358 43 18] I 3304 T
FERD AL PR, AEARLE T bR SO e TR U B AHENT IR AL SR A FE RS AR, X AR SRR IR N 2
A TEEE bR S0 S NSP ARG W LA A1) 7 9 N B AL, LEASE RS b — 3 R 15 il R EE B) X
AR RERE LA A 2 ) ) 1 R M8 ORI Sk &R, i — A sl 48 1a] 1) & 1 AR AR

FET I 2543 20008 15 X387, BERT Al @i 53 (Fine-tuning) BURFIEH2 HX (Feature Extraction) ¥ /7
PR AC %28 5 ARE T B S5(3], SN I R AR SR 2 T, ARG A SRR
&

PAf)F “she gotitby Wikipedia” J9f, AN 4] 46 #k A\ [ & Eshe, Egot, Eit, Eby, EWikipedia
2 BERT Z it (5580 = 45 B2 5 0 768/1024) 2 A5 J= , it 1 | F 3C 1) & Tshe, Tgot, Tit, Tby, TWikipedia
BEAL & Bl A B 0TE S, ARG A RA I R SCE B (i “ Wikipedia” 5 “by” “it” BRI, “she”
ERAG]FIAE UHR5E), X 2& BERT AHE T4 48 B )il 5 4 7 A A% 0 50

£ BERT B (TR ZRA T, Foiml al B 32 AL RFE R B AT 5 0. BB — REHIIES
14 (Masked Language Model, MLM){T:45: 74 A SCAS T 41 v Bl LIk HGES 73 1) {1 gE AT HE AL A 2, ABE73 =5
T BN S0 UG BHEWT I E A FE AL A, X — i B AT AR A 2 BR A R S B A I A R AL
3 2N R —A) T (Next Sentence Prediction, NSPYFE4%: M H/NE)FIERMN, FHW —HRZE
P RCTE S FSE B A F0F AT 55 BSR4 A1) 1 (A 15 SOREE, ki 2 — P AR 3 25 1] 1) 2 1) A2 ik
A

2.2. RERIA

FETRINZAE S A 30/ (fine-tuning) B B, LA BERT ALy, Hoaz 0o i Y s /E v B R SO
FIRFIE PR AR : S SO B R S N TR 25 56 B i BERT AR, ) B EL 0 1m) v 2 oL il 2B el & R SRy
A A ERAL; FRIZRAER N FHES T BB (AR 7 88 5B T 38 58) e T 5 2 45,
2886t 5 AT 25 UG HC 19 73 S 2 B T 45 41

XEEN A R ORBET, HRIEHAEE AR, MRRKE L N OER A ENRBEEE Y
T SORCER, PR EAE T A 45 H DR YR B AV A B AE SURFIE (22 SCiA] “bank ” 7E “river bank ” 5 “bank
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card” "PHIZEFARAL), A RGRANE S AR IC G RO TS A SR, 3R R T N AR SR A T e
R AEMHER M2, BERT FIROREFEIFARDUE B MRS R B S, M0 A2 R K& S5 AL s ms -
TiiIl%R BERT B (3870 2402 5 N i AR 55 MR S B0 R BaRAE Hr, ad E HE AR R A 55 101 SURFIE 20 A1
IR AP G AR 55 5. VIS ZHCE WA BERT (£ HUBETERL F 2 >) 21 13 F 1 SCRFAE (4],
S IE O BERT S 808 B IR0 T FWAE S BRL A 2% 2] F (0 N AR 555 S RN 1e—4, BERT 4%
RN 2e-5), LAMCSPH “AESIERCHE” 5 B MRHEORE 7 BOR . BRI, Gl ERA BT L
PSS . B dg om0 AR Bl AT AR AN I e P S R ARG IR A B . RO AR
5T R B L R AT P B BB . BALSS 2] IR IR 2 A RAE S, DARTHER AR % AMESS
F R AR

3. ST 5ECI
3.1. BURSEE

AHFFELL (DI Osmo Pocket 3 FI M) 1 93 2 riL -0 i L IV B0 AT 55 TR VR . AT PR SE 58
SERMMES IS TR, ERNE T RERBOZ T M R R SCROE A, FE T R R UL B 55
.

B IEER B, K] Python ZmfEiE 5, 454 Requests J& 5 BeautifulSoup /%, H 2zl H AR T AR HEEL
P SO . @ IEEA UG 0] 2SI E, - 58 B4 3 SCAAE B R & AR .

3.2. BIETALTE

HOHE TAL B 1A% O H A5 @0 R B SR AR TR T I e SR HE AR R, s 3 A & A B )1 2R )
SERMICE . AR SEIS T BEAE B NLTK & B AR 5 A T HEE, SERbric (i) i FHEE. i EE R
15 A MBR 5 — RANRAE[S]. Hdr, M A TRAC BB OB IR T, AR R 46 SR 5 o A
MSZAE RN e IR A oA 7P 51, B G AT R A AR B, R B AATE S HHLEHE F M EZP IR,

T A HERPE S R, ARSI R T W I i i, R FE P 5% T English
Wikipedia. BookCorpus. Common Crawl. WebText 2545 #iifi k1 FIRFIE M3 [6], H K H WordPiece. Byte
Pair Encoding(BPE)s =i 70 18] 8 58 BOCAR B 7010 5 [n) AL AL B . IR T7 iR OR UL 21 1R v5 RLRE S K i
S (DJI Osmo Pocket 3 F P Y HISCANRAE 538 L. [FIE, FIF CountVectorizer #4431 Ji5 )3
KEAR M ERIR, NG SRR RRAE 23 A 5 )1 25 55 € kAt o

3.2.1. AFYSERE

TERE LRI B, A1) 7 U070 i A s o B XGE AT TR R D IR . b T rh S e A 45 0 S b
RATH ERR 2R, S8 B0 g e LA A 3 e i AiE 5 .

SIS 2R B K H NLTK [ sent_tokenize /75X H S SCSUARHAT R — 0] RN RE, 1%
TIEX A SOCARSCAFAN R s WO AR 9 1 ANR)1, TIESCR) 7808 572, FEILERAE ERBEMI A
RAPR Ny = 0)o X —551RW], FTIOERNIZR R 7 0) TEAE b SCHORSOR Y 5 AR W] 2 R IR,
o R AT 7T BB B 7 oK

BExS BRI, ARSOR 2 Al 5] 100 50 SR

PESCCA: 4§ NLTK [ sent_tokenize /73T 505

WA SRR TR 7, M IEN Az ) R bR “. 1?2 7)Y 5.

ZITERE AT ROEICE AR SR TP S5 M TG B R T I SCACRRAE - AT ORIIE 73 R 45 R AE I 1 5 —
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3.2.2. AFXFEIBRIEE

TER)JTF XM B, SR 3T AR LU 29 SR 1 JE R A 55 85005, 0 e S ) - EATILAC . BUAAT
TR AR LU BITE & R IX AT P.(0.5~2.0), FRE%E 1 SO RLOG RER A )T o Bl G RE— DT KL I8, fR
FAKEAE 5 & 200 ERFZ MRS, DA BRI EE S5 R REA . e MR s AT IR, TR 4G A%
BEN Ny = 130,

3.2.3. BRI SERHTR

NG RIBIE BHIA R 8 @ IR TR 2 AR T, ARSI N S o SR g o iRl AT Y R . B
R SORET

BN D (H T B0 TLM/CAMLM Y Z5-4F55):

H) B SRS,

g JE R Y 2 Ny = 260 MUXT. MGETHRFIERT, FOCTIRIKIN 38.43 F4F, 301
AN 6327 FiF. BAMERHERRK A AY0 XS 55 & SBT3 2 BOR SCAR BT 55 1)
IZRTE K

1) HEEFESXGER T g

ASHIF S F 24 A0 90 B 255 = B8 (0 BERT. RoBERTa %5)E N SEMEAEH), FHEH BT 45 T
SRIFATIE MACE S04k . ISR ) BEE S XS RE ST, SO0 T R BRI R XE AR N

(1) $PF1E 5 @ (Translation Language Modeling, TLM)

5 A R RN BERT AE, TLM RAXGETFATIER, EFFES 5 A[MASKIFRIL,
SRS [ I (R AR 1B 5 1B SORIN D718 5 B4 SOME BORIEAM B R T A MLM BT A B —
W, RZBOEXNFERE ST M TLM B R & PAT IR, A RNE T IR AR R e 8 76 3 205 S (Aot
7o

(2) A8 XF 7 J1 SIS = @ 4% (Cross-attention Masked Language Modeling, CAMLM).

WITER By X T-PATIERP RS S A MRS B, 155 A PRIMASKI R el 155 B IfE R
KiLJFE, HE B FHIMASKIAGEETES A MEERIEE. X—ih B el s BittFs, BIpbsiny
BHERBAES B S0 LN ORI JE RS . 8 X L, AR 5 5] TR IR IO 1 R 5
(semantic alignment), M) EESLIE F ] X 75K R .

F 2] CAMLM H AR UGE AT 78 B 75 SR EBOK, T 9% FL— 400k ) 2 B0 P AT 1R X A Bk,
ARSLERHA CEITPATER + A ATIER 7 M ST Y REREGENR 2.3 ). AEmE, B
I Python CHL (1) K58 B 7 OB E KL AL, R H B BRI TR o, TERIEAT A JGEN
T IMASKIfE A BFRIES B IHERSALE, FIHTIZE CAMLM BAGHHERGIEAT & eI 78, AR vt B
PIONFAT IR By R, B iia) 7 A R s in i dE T FERS AL B, AR S AE D AT IR R B HEAT
AR . WX — 07k, B R T XOE AT BRI, BRI TR B R RE e M S I 2R .
3.3, BRINESBESHRE

A SEIG DA R 0 O XGE-PAT B RO, X HOIZRIE 5 AT e v 2 i U s Il i, 2R &is
F TLM. CAMLM X5 75 H50 AR S 05 19 s SR AR A o ZE N grad R b, BORCR GG T skmg, &
EESHE N : BOIZRIE S BB (PLM) IR 73 % S 280N 265, (R 55 )25 S A 1e—4, IER/NA 32,
WERHCN 3 2 55, LI KA AdamW, FFRH G ) Bl Rm o [FI, 05 2 s #h 47 BE LA
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569, DARTHERLZ LR
3.4. WHHEZE

AT PR R RE R I, A STMANLES B B PPAS AT T PP Al P AN R FE SR A M R . B BT
>R F BLEU. METEOR #1 TER {8t &R R 2. N LIS, 815 3 L B AR5 2T R1
WA K 1 BENE AR FE S 5000, WARIBHERF Y, 8BS 185 R AL aE vk g4~
YEREEATHT /- CRA 5 43 HIVF i) e N PRIETPAl &5 i el 581, KA Cohen’s Kappa 2306 VAL 5 8] —
BT, 25 B OR — B KT B A 52 Y5 (> 0.75).

3.5. SKBAR

SEEGEE RN, O S BT 2 R R ORI S5 R LR 38 F: BLEU. METEOR 4§
Fr e 12.3%F 9.7%, TER 4845 B 8.9%, 1AL ILHCL 518 XG4 )5 fe /1 Kigsg . N Ty, RiE
HEFPE S TS T TN I 2, &AM ST RIE RIS HE— 2, BRI E 525 — 8y
IR B F R R

3.6. FEERE

[FI, SEIGW R BUBRIAAE S TAE : 0 /N W ARTERIF AR MR Z, KABEEAEF
@, BRUAMCRZERR BB K. FEM AT ERIER. R SOREE, 5 R A #E
=5 — P et
3.7. &g

ARYR SEEGBGAE T A R AR TE T ML B AR SCAR R R A R, DA B H AU P ROE B R SR AL T
AT INEEAR T % .
4. B4

W AR, BAID ST P ZRE F A RO, RS E Ha R IS T BRI R
BEERATE . XONEE— PR AN PML et 75 St mZ% . [, AR IGRE], fEschri
AW B S 4, DUE NS BT AR  FR)1 5 PSRN T /5K

FERRAIFTFEAIN I, RATRE DR SRR T 2 et (9 AGL BRI %, #E— P 5T+ BB 1 1 g
AL RIS, Rt — 0 B AR RO Ak, DU o S8 02 B b AU B 37 55

SE
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