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Abstract

The rapid development of generative artificial intelligence (such as ChatGPT, DeepSeek, and UPDF
SEIES .

XEG|F: BB, % 11RO R ANUEMERR 5% 5 MR AL 0]. BURIE S 2, 2026, 14(3): 172-180.
DOI: 10.12677/ml1.2026.143210


https://www.hanspub.org/journal/ml
https://doi.org/10.12677/ml.2026.143210
https://doi.org/10.12677/ml.2026.143210
https://www.hanspub.org/

R, M

Al) has propelled machine translation into a new paradigm centered on large language models (LLM),
in which human-machine collaboration is increasingly regarded as a key pathway to achieving high-
quality translation. Compared with traditional multi-translator collaboration models, this paradigm
demonstrates clear advantages in discourse coherence, semantic generation capability, terminologi-
cal consistency, and the presentation of logical structure. Nevertheless, in the translation of highly spe-
cialized technical monographs, LLM continues to face challenges, including instability in knowledge
precision and insufficient discourse consistency in long texts. In response to the paradigm shift in
translation triggered by generative Al, this study is grounded in the practical translation of profes-
sional works concerning large models, and develops a collaborative translation pathway integrat-
ing the LinguaPro translation large model, post-editing, and cross-review. The study systematically
summarizes the performance characteristics of LLM in long-form technical translation, with a par-
ticular focus on the core requirements of post-editing in terminological predefinition, sentence- and
paragraph-level revisions, chapter-level review, and overall quality control. It further analyzes the
restructuring mechanisms for role allocation, workflow design, and quality assurance standards in
human-machine collaboration. The findings contribute to the refinement of LLM-centered collabo-
rative translation models and provide a practical, actionable pathway for achieving high-quality and
controllable translation of complex technical texts.
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1. 518

KA (Large Language Models, LLM)/& 2T S AR I SRR B 22 IR, fE RS & A0 BE . 115
BUREDE « B2 0 S 20 A A e S5 0 ) e AL VR AR 3 24T 23R X KB AL B 4% OpenAl ) ChatGPT .
Google ] Gemini. ¥R K2 A 7] (1) DeepSeek LA B[] Qwen & . BN A AL Z I ILEAMNHISEL,
TR G HAE 5 AR5 M LN SOBEBIRI AR B U SO T TR I, g s B 2 2 7 R0 52
HORN T B S A TR [1] [2]. BEE A RN TR REAWT R R, KERAMY BN @ 45 4 H 3 5E ly)
T e, CREEIE SCRM . ARE—SUEAE IR WS T T B IR AR SOURE, NEIEESLEAE 7GR
E[3]. 7E LLM RERENTE 5 MBMES IS N, BHREstsid R 17 R pT ARG LS, AR a8 SEHFTERE
LA P FER R P SRR A0, RBEIFE T — 2 DAKBERU AL O« FERE I G 05 58 SCRRRE (1) 1) 8 18
WAFIYMERRAE, FIRFE T B SCRRIIR ISR 5 RS54t T il EEm B 5 ik 5.

2. XHkERIR

BEE NS BRI RS R R, M LRSS AN B B H s 2P mEH . a0
Wik Ny, MATERE TR KB o =26 REmailafse TR 1HENLH B# 3 (Computer-Assisted
Translation, CAT) T &, LK FETF AR ) A sl sl e T . ANFEZER P T HARRFE R EED . ANLIME
75 ACA 5 G 75 oK 55 5 T S AFAE 2. 35 22 5 [4]-[6] -

FE GEHL 3580 3 32 BARFE MR XS B 2 BB R ZR I & I 26 71k, LR IR 2R 748 NG A4 28
28 RILARAR . BRI 2% B HE T Transformer ZERM B IEE, I HABDATAE 2 BSHL S 8RE. ARE
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[ A ML AS B 1% DA N 218 S WA B 0E 70 7 M [7]. 76 FEAE B #EAE F) Google Translate. DeepL 25 #H1Z: 4L
SR LR, FERTE TS RGARE M7 TH R IR, REE B H i L 38 FH SR RIS BRI 5 75 K .
SR, TR BN AR B 55 %0y, TR K SCARRS A5 0. IS H) B G DA R 1B 53Rk
— PR SE T TR IHAAAE — e IR BR A A LA 78 20 42 Ml PR A 5 SO AR B 7 2K

THEALH B3 T E 2 a8 e B M B AR T B, AR M4 SDL Trados.
MemoQ #1 Wordfast 55, X T HPIEHE S ANPMER A, BBz ESARIEERN RS
BB, A RAOR IR B SCHE AR TE PRI R T A — 3, JF BB RIT E S A AR . A, CAT
THEARGARE B FAERECIGES, B MEBEL S5 @A 5%, R E e R AR Rk
THEMIET RS T 5 I S R 1) B FE 5]

IEAESR, DL ChatGPT. DeepSeek % AR A BN TR RERNIX T B, TG EHIRE SIS
W, BESESHONEOE A H R, EE SCHERR . 1555 AR BN ARE S R T T S BB .
SAGMANEEEE CHARLE, X B CE BIME . 1B 5 BRI R RRRE ) 77 T S e N LR K
#E, RHEHTRAEE. EEERMHEARER. Aif, WEPRRBRE, KERTEE VRS s
TN RS FEANARUE AR 1 15 4 LA K SO TR R — B RS R R, L AR it SR wf D B e P A
HR R 4 A [6] [8]

ZEDABABEIE S TS, AT SRR B AR SR T AR A MIERT, 5INN T4 rR
FEFT. i EAEMES T, BETIE—En EHNEARECAR R, A TG 5 MR RE
I S BB R BT R AL S B 255

3. Wit
3.1. MEia)ER

ETEEZ SR, A FRENT =R 1) S ERER: WA LM #
THRHECSCAYIRE B R S5 A AR . 2) AR . /£ LLM RSB ET, afix
TR AN RIS, AT RBAENL a8 ¥ se N TR S AR . 3) M50 THul: £
FREXERT, WSS TERAEEN . SUELR KRS T, UISCHLRIEES i TR &
G

3.2. IEMIERE

AW TP it T RO 58 AU B = AT VAR U L E 1, BN ER bR 2 5l 5 o R AR .
HARE3H5 Unlocking Data with Generative Al and RAG , Large Language Models: A Deep Dive P& LLM Design
Patterns. X ={F(ENAERBES, FERET RN TG, R LLM %0 5 #3551
kR, AR LLM Bt B BB R T ), SRV PESR . HoR

FR=EEAE R 1370 T, SOAMKER, SiMER, BEREKA). IREN G EmER LN
RFR, XTBEENEF AES) L AR DR & 2 IR ae /55 1R 2k Mg R,
AR LB A S SRR, ETHRES FEARER —BWEAR R ET 1, B B2
T MBSO

RLtE, A7 =M A BRI R, RS BN AT M R W R A 2 5 N R K SOAER 128 1) S bR
FHIES R 2R, BRI EIRE . VRS Y48 2 W 7] B3 B A A L B AR 2 R v A B2 AR AR 1 17 IR s
1 S BRI AL
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3.3. THRiE#E

AKWFFAET 12 JABF IR HL % DB 3 T H (40 Google Translate. DeeplL. FJEEIPREE) LA [, A&k
7€ ChatGPT 5.2, DeepSeek L1 &% UPDF #ffrh i) Al #l1 THAR AW AL T H . B KIEan T

1) ChatGPT 5.2 HL& 1B s S FR Al 5B AE BRE 77, TERRIETE 5O R IR 7 R I s SCFF
LR HSHBBT, AT 2052 5 g B AN RH 1R A i AL [9] [10].

2) DeepSeek 1E A — LLM 7 R EEARER, TEH AR SUIECE Be P AN AL 3 52 2% STA 25 1 7 T AR 24 B
B, FERAMEA) K e B R NI L R SO BT R — S R R TR BUJC H R 1] [12].

3) UPDF Al TERM SCARBHIE R R 12, AL AE i EAC IR A8 7050, RN & RIFI A8 B R
B VR I AN 3% I G A1

4. 3t 5iTie
4.1. &3t LinguaPro #iFR R LR ITERSHIRE

7EXT L ChatGPT 5.2. DeepSeek 5 UPDF Al % T H 4 A MRE/G T LUK B, ChatGPT 7Eif s
fift BARAEEE DL KR AR A R B AR S T R I B R AR #A [10] [13]. S HE AR H PR R
4, ChatGPT 7E 15 jm B 5 5 AR AE i 7 T R B T A TR, [R5 8 s B 38y ik 2 A RO
RFEGH,

MRESERERE. 1%, SAERREESCIAT AL, REMBEL ARG FHFRE T L
Tt A A oA 2 T ) A RS S 0, i N T F s pdf SCPF, ChatGPT 5.2 25 [ Bhiihlr pdf
A, RRARE FE A TS R A E ChatGPT 5.2 i, Sl it #E ChatGPT 5.2 i id 7 il 2 %6 1 FH
R GRS, FRAREFRMER AR e . R, X C AR e R B RE iR (agent). [F] B JE
J RAG &5 G\ EVERT RGBT, ChatGPT 5.2 it Fahkial oo 81, RS MIERLEE, NE
SR RS B AR IR SR R SR

LinguaPro ##%I0 B I#E & . 7£ ChatGPT “F-&#5 & LinguaPro B KBUINH , JfEIZ S A CE#L
IENRE S ERE . RREF S, BRI DO 15 e 5 1) R G te A BT T AR, W OR R SCAE
FLAUE A Tl 5 U — B . HEFRIR AT

“RE—BEEIEIT, FEPAT RSP EIERES . BN SO R, R, RAG. ME
B P AR RN TR RERAREE

eI A R LA R

1) IREFFERGHARSERSS, EE™E. wil, B85 1EhRIA;

2) DUBRONRALZATRIE, #RIR bR SCED, B iEh) BiE;

3) M OARIERAT G — PRk, BN AE 4 SO AR — 2

4) Wt ERBARE G FE R, AR SCE R

5) e B SCHR-S 25 R e s AR R 0A 5

6) #JF SAFE KA B 5 B A A5, IR O & L a4 ST A B R S E A

7) WAFEBCERZ PR ARE, e BUE N TR RS vH LU 3 iz ek

#it LinguaPro B4R TRETAER . 7€ ChatGPT [ @ B KRR, dy44 4 LinguaPro HH1i%
KA, fEiZIH S, “LinguaPro” HIPIES/ 4. Lingua J8 B H7 T &, =N “iB5 7 ; Pro £ “Hilk
M7 8 “BR7 . ZFHES, B ETER” K CRINEFRERR” N, BERHZAETEER
FE AR AR AT S5 Ll . AU DL = R = 4 R
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4.2. FRRENREE
FELAURSE e, AT KB 2 N TR RET s 0 E A 53 (LU R iR Al-literate A 53)Kf

R0 A FA% A LinguaPro HHi% KRR,

PLEE T N BT BT R SCRPR . BE)S, Al-literate A 536330k

AT W O, T SCA R 1 5 T B AN MR S AL ) AU T A [14] [15], BAR AR LR 1 TR .

Table 1. Common problems of machine translation at the professional domain level

=1 AR E A EEEECE

5 W2 SN
TEE M AERI RS, LinguaPro AT RE H IR SCA SR — MG S Bilhn, i35 K& token,
1 RiBESELH4EHIE tokenized, tokenizer Fl tokenization 25 A&, H:H token ¥4 “i@JC” , tokenized %A
“WIeibJE” 5 tokenizer ¥y “IA T/ ATER” , tokenization FE N “IEITIL” o
RAE FEARIE LR SCHHTIX 4 fild:
1) Memory fEFSHNUIRIE RAH R TRIBEN “WAE” , TERBERIAHDGES TR EA
2 L g o
2) Context fERBANESE T &N “ L R” , fEHAMSFPIEN B ;
3) Interface 7R TREIESS FRFN “B:01” , AE VI X HIGS NN “FHHE” 5
4) Token fERMBANEST FiFN “IAIG” , ERALEVHIER FiEN “SM” .
A UERI IR FIREAELE . BN, framework B %9 “HELE” , architecture B
3 SN T PEJy “ZEKg” , {H LinguaPro fI# framework R 1%A “ZEK)” , M= AL 4E R,

Transformer /£ 5 AL AESE, FOHRFEN “DEMR” o %7 Lk, "r@EdE
ChatGPT Hi%8 2 rid484, 515 LinguaPro B KA IR 15 48— 4b 3,

R A& BIREY JOE 5 5 R A (BURTFR TS-Ling Lol A R)1E ChatGPT %} Al-literate A
ATERFESCHT AR, R EE B IUAR S IR P RN KR A TEEHR[16] [17], AR A A &

2 Frik.

Table 2. Common problems of machine translation at the linguistic level
# 2. BEFREERNFIEFEERR

eyt JEC G [RAS ik N3 FR R U B
BlF 1. JE: s
Furthermore, advancements ﬁhﬁf’i}\I%’Hbmﬁ JESL, 1958 fi John HLESEIE(LL R G — MR MT)H
in artificial intelligence were SEPRGPEILIAIT  McCarthy BI&E ) ChREMEHAILT” BT A%
marked by endeavors such 1958 F£J# « Z2R4¥ LISP 155 LA L AL W, BE T AT B, ARt
as the creation of LISP by~ B LISPIES, M MANLEEA é*;f’AW\‘*ﬂt E’&ﬂﬂﬂﬁ”%;%%’rﬁiﬂ -
John McCarthy in 1958 and DL KA A VA E AN ELIZA BIFF R S5 %2@%;3’“%552%%;57 A; E’Juiﬁ
the development of ELIZA, JfiL 2 \fiy ELIZA ) sty 7 AL o000 RO EE
recognized as the inaugural TR W, BT, AR R R
chatbot.

ﬁ‘%‘ Tuned LLMs sometimes

JUR  exhibit undesirable behavior ZI R LLM - MT # “hallucinating false

Zit AR LLM

even while following e
B 7EIE G e A B AT 2

instructions. For example,

the responses might be RIHARITH, i
hallucinating false AR B R PR R R

information, using harmful

B, A TFRER

B A A2 TR 15 4

I, AR
HARAT N, Wk
R R A

information” ¥y “A: BB B AR
FR7, Hd “HEMam” fo“rEms
M7 FER SR A ES, RN H
BETUA. B, WEN “Ag

; NS e BERELEME BERER” ., Bes
or offensive language, VEIE . RIS ﬁ%zaﬁﬂﬁlu R fE &) ‘
misinterpreting human /%EE?MTH@E%QE 5. RMEAIIES “hallucinating” (EHAER)E X,
instructions, or pursuing a - - BHATHAATSS . XFFEHCRIA S, k.
different task.
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gk
MT A B IT A :
DA RAR G B — 248
For example, imagine a base {5 fy1, AR NEERE  SCA SR AR LA “BefE” , JRSCHIIE S,
LLM adept at mirroring the | | \p 481 5% R LLM 951, BT ZRER, hCESF
cltrioution of ntemet (Xt ses i, “eifighhse LML LB “STHERIL” CLREIABLE e
captures the cacopony of y, puse 1y jemms FiaFfEE,  Tm SN ASEA,
the internet in its entirety, = He L &R RAasalH:
replicating valuable and B, SHHAEN BEREPEME R B " 5
undesirable aspects alike. ERﬁK Eﬁgﬁﬁa B‘JV‘]%?" mﬁﬂﬂuT “7‘7@” T%EE)HL%’ ﬁ&ﬁﬁ’pﬁj\j
ARER. “BHMHEMAE “AREE”
BOEAS 87 SR Lo
W& “that” 31 SHIRE
TEEBNA], 5 RRE
MT JEAIEE T 5L 1)
“EA) - TIBNE GEEAT
g, AT “RIMHHE,
EBR T A, B
{HESG R TUK . RIS
“enable LLMs in zero-shot language
Owing to the unprecedented T T Il R MUAR T By . .. task competencies” HIk% 05 B
scale of pre-training, these ey, P2z frst, Eiﬁﬁlfﬁﬂgyi “LLM JRILH I FREAIE ST 5
learned patterns often enable s (s | | M 7524 ;Eﬂ#zﬁﬁzﬁﬁi 871”7 BREAMENERE, fHida)F
e e oot rduade Jkigr e fE% LBt o e T BRI, B
outcompgtesmaller models @, JEMLTHLL é%?l‘]iﬁﬁﬂ%ﬁ] 4 “that often outcompete...”
that have been explicitly I TRAZAT 55 T ) s FO e /MR (Brown X — BB MR AL EE A
fine-tuned for such tasks /M (Brown &%, %, 2020) “fﬁéfﬁﬁ’ Té%;ﬁﬁ%zﬁg
(Brown et al., 2020). 2020). w7 ’ FIEERE, W T RSO B,
g, A% oG &R E
RS COMERTETY L
“PURTITAR ” B A
i PS8, “RRBL RS
b B ffineneffeeeeee FRHLHER”
R I . R EAE AL
Fik, FEKANIZEZIKEEW,
FERFA H SO IR SR K
MT E#¥ “There are many dimensions
The helpfulness of an output s
goes besond its mere P ﬁtﬁﬂ@\ﬁ ﬁﬁ‘ﬁﬂﬂﬂi N \ tg%hgg;uuggeszéegﬁ
accuracy. There are many  fE T HHAEMAE, LM Xy ok ik op 4 e TR AR
dimensions to a helpful WAEZAMERE -, B M, a45% R “’,EJ/*\%AQE;*;- o
response, including a TR S MR R oY e
T E S a2,

balance between explanatory a4 . i 2k
depth and breadth, overall KR, fegt. Rk
length of output, formatting, e %}\%%A

P 5 A5 H AR

creativity, similarity to T rE o
human output, the ability to MBZL iy '?EEME%
ask for any necessary P f M S e
additional informationto ~ /J, PASUGIFR
complete a task, and H—iFREB AT
recognizing and pointing out = i1 iR IR E B/ AL
when a given request is H

infeasible or ill-posed.

5T A P
fiir, H )RR K
B . g
PEy RAE. BREL
W ERNTEAE B RE
71, DAL 4R
HANFTAT B R A
HiERMfE

{FIBE TG HMT

CIRB I SRR T AR 4T
o R R R EAEHE” P EIE
TG PIREL,  “RHE—iER”

5 “m@RR” EEL,
HOREN R0 AR AT R
RIRARHERMBES”
BB BB “ER”

B R

e Rk .
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ak
JEC R AT A
('S ” = Va v H - F >
With these perspectives in - £ [k, F %?LJ\Z‘SX)Q,@, 7: %:'L) E?;ﬁﬁiﬂim Zﬁﬁiﬁ
s A e SO EIEEARYE, PR RSO
mind, we can look at an 24 7l 32 i ~
' , ZEOIBEHA FTERIE Ly oo g TR AL B . (H MT 203
b Xt H AT AR f x
example of the benefits of e ar ORI SERR R
helpfulness tuning. In this Eﬁfﬁ&‘]\" Ez':j?&ﬁ AT R 5 SR A W, BRI A , Rt
and subsequent sections, we Beih oy 4%[:[:?(’ H i Llan;a-z Sy BT %k&“‘jii%)ﬁ%ﬁ%}(%
compare the outputs of the  Llama-2 SRR s o0 W BUSHAZSON A SRS
Llama-2 base model and the #il 130 142441 SH Llama-2 g B ” Gl L
Llama-2 chat model with 13 Llama-2 5l K 17 ;E*Eiﬂ - B MR S 3hiE i st R s 7
billion parameters (Touvron (Touvron %%, 2028)ft) 4y UL Oer . A, hASZA S, L MT “ 1t
ool 2020 Thelater | it areeis T TR e K s ki
e . ST o e b
wilgl ask the basgmodei to ?6’ Fﬂ%ﬁﬁﬁ@@@ g%mqiﬁgﬁégé gxgﬂaggﬁg{ig??ﬁm
provide useful suggestions KT U SR RA T S it AT B LK o T A gy H;ﬁ?
. - (G F R RATSEY B, DRI RNAS S DU SR A AR 2R
for an upcoming trip. R AT ALK RL ", WIBREh R
O, FEEE R,
i MT 55 0 BRI LERR S o IR
he o RBE” BTG AR
. FRRM RN AEER)” , FEETEE)
:(Tct)la”t%e ”r‘:aagelgtgofzr”?rfe ], RELFEARFIGE TEVIRRM B, %6 gzig% ‘j‘:ft‘fg”ﬁt: })gﬂy@iiggl;%
Optivn:al pachAst{]eUagem EEARSE I AROEEARIG g, E SO, SO AR
explores the environment, it . &g%ﬁ@ﬁ:%% TJE?%{%%?EU\%D; “BT (IRIERE), R,
encounters different states qﬂ%ﬁ%;%tfﬁﬁ %’i%j’%ﬁ‘%’ e MT H=H ;ﬁiﬁfiﬁﬁi‘l%iﬂf’ﬁiﬁ
representing its position ﬁ%ﬁﬁé"fwfﬁﬂ@ iﬁijﬁﬁﬁﬁ—ﬁ‘ 1?%%@%&\?‘]5 FEFOH e ﬁ}'&f/’\
within the maze and takes ~ AFEPRZ, FHRIE EHAERAFER ZoEE, SHEILEE “frs
various actions that lead to  FHEIfEHEAFIIR &, FHRICZECAR BWETT” , JFESCREE “AMEBIIZRIL
new states. Iteratively &, B RESMIXE SR AFE  H7 EETIE, B2 MEBITAR
rewarding orpenalizing it (P RERAE . PekEbfEE 00 OB Ak O fEEAT
tnese actions will influence gy, giwm{Caitesy (1 RAEMBEY] SODKMAET " EBIELE,
assigns to each possib?e ARARTS PR R RE IR AEA \%%iluﬁéi M-I/- I *ﬂ%ﬂk%ﬂ:
tion in each given future  PVRERNEATRINE SRR FippeR R TATAESIEDRLHORER" o,
atc thﬂ In each given tuture $ ﬂijyﬁzﬂ"]ﬁﬁz ﬂi%ﬁﬁ «ﬁj\mm%n B‘]EE’MS% «1')‘
state. - H IR o oh -
7, BETCRR R, (Hitib
B, FEmANFE BRI, R
ey “CIEBEAFEDEREE” .
JR3C “they were the wider public’s
firsttaste...” #1, “they” $8fX “the
achievements of these platforms” .
MT BN XL 5 B iR
Although specialists in Al - SROALVE D A R
WhO Wgre upp to Speed on EETJ‘ Al @ﬁij'?ﬁ%% }i%gj\-@?& Al @ﬁiﬁ ?}E ” 1’57’335i3§, Ei-?ﬁ:_tﬁj‘*%%; 'TE
recent developments may B?i%ﬁﬂiﬁﬂ‘]%%ﬂ]% B‘f‘i%ﬁiﬁ%ﬁ‘]?%ﬁ SR, WoE R A, K
not have been surprised at  MEEIRVE, (XST oy gy g oo SFAIIGEIRRHOY RN (]
ZEAPE the achievements of these | 2 AAK UL, IXLL ﬁ“%ﬁ‘ﬁiﬁ‘ (% “the wider public” ), #N “{H¥E
#Hzt  platforms, they were the ¥ & st 1 1 ‘gkﬁzélia’ﬁ?;’; RAREDE T G oo, FDAE
wider public’s first taste of {755 — B fil 13 %?U‘ﬁ%iiﬁ% THCAF I EE, AT
the revolution occurring in -z e gL s - /J% DT, SR L TR “first
oty U AWK et . U
: AU R W, AR
TAATEE — IR AR E]” 1R IR AL
Tk MBSOy “AHE B R AR 2
HRGEE]” , A, RS
HSCERIE ST
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MT BFJBREAAER AN EZE 8.
%, ©¥ “The legality... is being
adjudicated” (&2 IEAE Wk o) 5
el 7 — AR AEBE R ) “ R AT
HATZ kR TR BTk ” , 208 1 R CRR
The legality of training Al 20T DU T ICE UL FLECP A R B ERAR 7 RS HX,
LLMs on scraped internet ~ FOEEBEMEAR AT U 2E4T LLM UIZRAT “A1” 1RRE T 582, 0 T8
data is being adjudicated in £k, EFEEIZRYF AEMREKVF  SCRHE %k LLMs” X — B AR4T
numerous lawsuits. AT R W, IETEHER Ho NLEEIUET “HiEtt” 2
ik FZ O R, FRm <o
T AN R R IR X —
ghby, EESEEHIR R T RS
RAFEESE, 98 “Upn” g
T R B RS

55 DL E TR IESE, @it R ChatGPT #2AZHE /R iAA H R4, {# LinguaPro % KARAIETE 5222
THI IR B — B AL HE

43. tMERBSRENEN

St KM, (EE IR T — &R AR RS, ZBRETSAEAMEORT: BB
LinguaPro #Hi KIEEBIYIBE(EDL 4.1 J 4.2 715), BRI SERE T HAIERIPE, Al-literate 5 TS-Ling f&
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FELEIATTH, A ChatGPT R E M B SUAFAE K A e A . T AE R SO U DL A3 5 AU A — 8055 11
18], PEF SHAREAL N T H S0 BOE UGB HABIT . B — B0k DL R B A B P ] 5 B UG R )
JRFFIME, BOREFESCIE T M S v it 2 ML P . 25 = BON R $ R, ARSCRAHE & R 540
B R IR L], X BESCHAT 2 4R AT, T R e 4 = r] 3%

R TR Gt 2 N B AR 2, A SCHRE HE A LinguaPro 1% KRR + BEJEgmi + 28 RS
REERE, SAEs TSRAERIFT T BN, FIbkRT, BE RER R SCALEE, M
BN “CTREEEE” 5 “ORE” o KBRS R8I TE S AR E, RN GRS T8 T
SO EARAL S KRS SRR, 3 RS R L AE AR [19].
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AT M AT 1 18]
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BN AR BB SRR BAT TR ROE ST, RIE— 2 @AEEMTIR S, R E B I TSR 2 ANUMER
X EUFERAEREANZ . S B SCARE VAR E USR5 RIATT M ; 2) BLE &
JRERFR. RAG MR REMH M R TERLE, il LinguaPro Bl 4R/ TRE TRV . 2B RS
AP AR AL L R P SR B R S8 IR AN AR DR, AR B KRR R R 2 SHERR AR /3R ICE 585 3) alid itk
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AW FE I ¥t LinguaPro #PE3R TRE AR 22 HaURIIEE . TT eV Ja w4801 B A 70 T2
PMEREE, ANBONERSCHRAN L P EE R R SR AL 7= T v, S SKER R TS0 1A
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