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Style Bias Analysis of Neural Machine Translators
Li Chuang
Abstract

With the advance of deep learning technology, neural machine translation
based on deep learning was born. The translation model of neural machine
translation has achieved higher accuracy by becoming larger. As a result, neural
machine translation plays an increasingly important role in multilingual
communication.

However, large-scale translation models are usually constructed with a large
amount of bilingual data collected on the net, there is a risk that they may capture
the extreme tendencies of a writer's language use that can be contained in these
data, creating a problem of bias that can be reflected in translation. Gender bias
is one of them, this study focuses on biases in the style of language use, we named
it as style bias. It is necessary to figure out what kind of bias neural machine
translation learns which could change the impression of the receiver depending
on the style of expression, even if the facts and the expression are the same. In
somewhere, English, also called Linuga Franca, is used as the lingua franca of the
world, and there are different styles of people with different mother tongues
influenced by their mother tongue. Neural machine translation generates
different styles of English due to style bias, which may cause differences in
understanding and cause communication inconsistencies.

Therefore, we propose a method to construct a style classifier of sentences to
determine English style bias within a large-scale language model. Specifically, we
construct a large-scale English style classifier using English sentences generated
by native Japanese speakers and native English speakers as training data. Then,
the English sentences generated by the machine translation are input into the
classifier, the difference of the result from classifier is the style bias. The following
two issues should be addressed in realizing this method.

Construction of the style bias classifier

To calculate English style quantitatively, it is necessary to build a classifier

model of English style. The model can calculate the probability of belonging to

either English style for an input English sentence, the output probability can



determine whether there is a style difference between Japanese English and

native speaker English and can also detect the style of English sentences

generated by machine translation.
Analysis of style bias

A high accuracy rate of the style bias classifier indicates a clear style bias

between Japanese English and native English. With this in mind, we analyze

the classifier's criteria and visualize the classifier's classification process to
detect differences in style between Japanese English and native speaker

English.

For the first task, we use a manual translation corpus to collect sentences in
Japanese and native English, thereby constructing a Japanese-style English
corpus 1; then crawls the corresponding English Wikipedia web pages, builds a
native speaker English corpus 2, combines corpus 1 and 2, cleans and organizes,
and builds training data. And then finetunes based on BERT pre-training model
to train an English-style classifier. The results indicates that there is a style bias
between Japanese and native English.

For the second task, we visualize the attention layer of the BERT model and
record the change in the weight of each word in the classification process. It then
summary words and phrases that have a significant impact on the classification
process between Japanese English and native English, and these are the elements
that indicate style bias. The contributions of this study are as follows.
Construction of an English-style bias classifier
Construction of an English-style bias classifier

A database of Japanese English and native speaker English was constructed.
The database contains more than 600,000 English sentences and we have trained
classifiers for Japanese English and native speaker English. The accuracy rate of
the classifier reached more than 90%, proving that there is a clear style bias
between Japanese English and native speaker English.

Analyzing Style bias

This research calculated the correlation coefficient between the classification

criteria of the classifier and the sentence complexity index and proved that there

is a relationship between the output of the classifier and the sentence complexity



index. This research visualized the classification process of the classifier and
detected the style difference between Japanese English and native English.
Among the five machine translation tools, Google Translate's results are most
similar to learner's sentences, GPTv4native has the highest performance, and

Deepl(British) is closer to native than Deepl(America) .
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L, ZOBEEELIES L, B L RHFEOT L a—F ¢ 7 % AW TINEY
BawboTHZ =0y NEFEOT a—FT 4 7 xliisT 5, 772 a s TH
FEM OB 2 34 HBUICIE, K3 DT X 91, £9° 3 2OEALTHIQ,K,V)
ZHWTAN DY —0r VAT MVITBIEE#ZITV, EhEns =Y, F—,
EENIH LN =T AR PV EAERT D, FHGEOI7 YT MLe v
— T ARDEHFFEOFT—XT MVEENTRDE L 2 LT, HiEL HEOMO
BhEE A5, WIZ, ZOMEELY 7 b~y 7 ATEHEL, Bt -E
HEEEHTAEDLETEE L, TNENOHEEOH LWy a—T 1 7 &G
L., ZZETHELETY Ty yasid, B—DOANW X D7 7033 Thod,
H OS5 & &I 5 (Self-attention), BERT TlI~/LF~y R7F 3 g
BREREDNTWD, vV T~y K77 v a UHIRIE, SERORRLH CHEER
F1o % 1 OIERE L, RICER G2 L TR ERIT 5, #il21E, B
277 v a O/ output = (batch_size, max_len, w_length) TH Y, n
BT & F AL FHERE S NT-% O H J)iL output_sum = (batch_size,
max_len,n * w_length) T& 2%, max_len lZX DK KDE X, w_length [T HGE
D7 ML OR X, output_sum ZBfEAEE L TR ZHIET 2 OfERIT~
IWTF~Ny RT7TT v alrThb.

VIV F Ny REEHEHANT, TTARERIRENOEREREZ D Z LN
ABEIC72 D, &~y RIZMN L CT 7o v a v aFE L, ThENniEe 585y
DIERL R ZFEOREM AR 2 5. /L F~y FOBMNT T, EF/VITHEE
R7 L—AORRMEAE LIRS EMEL, ZOREE, BRSEEAIR Y 2 71280 T
~IVTFosy REBIDPREREH R LTS,
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wQ = Q

KT
Qlx =
Attention (Z) = Softmax( —— ——— ) . = /

vdK

X 3. ACEEIFREK

3.2 fllfET—4

PEBEA R A NG ERERT D00, FEFT—% & LTHRANE WIS
EHGENREREE BV TREEIUE L, TULEAHTTC, TV E W) DX, HEEE
FEEREE BV REEIC 7L 0 211, HARANEWZHEGESZ 7~V 1 2+
TT—H a—RAEHETD.

HANEF W 55351T TWikipedia H 5 BIESCEXFR = — /32 ) L) NF
iR — 2R Z2FHT 5, ZOa— SZAOFFRNS% L 72 -7~ Wikipedia itgid,
FAEBICBIT H2NAE A LIS, BAROFKR, $hE, HE, #iEy, fhE, A4, #
4, Rk, JERS, (A, SUF, B E RS, BES, AR, REE W) 15
SEEDN—LTND., a—2AOFRIT 3 A7 v 7 TirbihvE Lz, —kH
UL HARGEZREGE & T 2 BRE D HARGER LA R T 5, BRI GE % /)
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i & T ORERE D —REIRRSU BT SfF R OB B L OGS 2 F = v 7 L,
VB GARIIMEET S, ZREIFRIIAAGEZREEE L T2 F = v U —7 ZIRENER
XIZHR T 2 EMAGER LOE LT 2EMPHEORMGOTF = v 7 2170, LER
SEIMEIET 5.

AWIEDFE T —21F, HARANKGFET = NRALERA T A THRFEIT—/NAD 2
DDT —Z A= /RANBERISNTND.

3.2.1 BRAEE I —/1R

H AR NGEGE =1 — S 2% Wikipedia H 5% 50 B SCE XSGR 21— X 2 O — R R
DIFELZMH LT D, 77— 2O T, —REIERO SN TR IESERE
TN GENDT-, #HilziX, By contrast, the sanrinjin (Z#i%, "bodies of
the three wheels") theory, based on Amoghavajra's writings and prevalent
in Japanese esoteric Buddhism (Mikkyo), interprets Acala as an incarnation of
Vairocana.|, =&, "bodies of the three wheels" | <> Mikkyo) O X 9 72555k
XFH, BT NEFHTHANC IO DOXFINE T X CHIRT 20 ERHDH. Z
LD DLFHNE D BRI 72T UL, 35 IXET VAEOREE 0o T, BT L
HOREEIZ/2D 5D, Zo70b L, BT IVIFIGEAZ A VO3 Tl <, FF
BRCFFERIR o T LED . ED ) 2L, T —FN—ADWEEEHT 57290,
E& 3 LN O3SUIAIBRT 5.

3.2.2 1 T4 THEEFEI—/R

HARANFGED —/SAOQHELO by 7 (3 H S BB EE SCEXTR 2 — /32 D 15
Ny 77D T, a—RALEPMESLRNE T DD, AT 4 7555
I—RADELD Ny 7 HZED 15 NE Y 7 IZEENRITE R0, £ 2
CTARFZE 1L, BB SRR IR O — AN ST RTOY 4 F RV D H
A MVERL, TOX A MRS TR 5 HAGE—V AL, ZL T,
AARGEDR—T N OXIGT DFFEDOX—IZV XA L7 ML, Rohol-3G5E
DR=VFT XTI B —VEN, FAT 4 THGET— /" AZENT 5. B ARGE~
—VOHFIZIE, MISTDRBEX—=TU NN EDOLEH LD T, TD X D I HAGES
—UEERLTREE, ToEE b EICEMNIC /= 752 LT, A
T A T RGET— N ABRAIER L TN ZE N TE .
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https://en.wikipedia.org/wiki/Buddhism_in_Japan
https://en.wikipedia.org/wiki/Mikky%C5%8D
https://en.wikipedia.org/wiki/Mikky%C5%8D

3.2.3 JlET—2 O#MEE

AARASZE D — 32 20% 1111 HEOT7 7 ANRH D, AT 4 T HiEa—1
NI T 7 A VI 4622, KT —~OMEITIN 4 D@ Y TH D, LD
L, BiEY, (5, RE, B, 4, S, 08, N4, 808, EiE,
PRAALRA, A%, PRE, Rk s aRT.

Text number

4678 mm Japan

W Native

Count

2000 | = 1966

1061

1000

X 4. K AXAIVEFELEDO

TR 7)== T %, XENLLEME L THELNZIEGECOHEH 5
KmT.EKA%%3~AZKm FEX 410125 BN D, FA T 4 T HGEI—N
JITEEEL 161798 N D, KT —~DXEIIXK 5 D@y THS.

Sentences number
113422

e Japan
s Native

100000

80000

60000

Count

40000

20000 +

93638184

aT PNM RLW ROD SAT
Theme

X 5. %K% AXANVIFEL DR
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Al 1 — /S A DREE L T21%, £ OHIC BERT OHEE Y A MIIXZRV VR 72 HL
FENTE SABHDH T EITR DOV, Zub O EGE%S O0V(out of vocabulary) & IF-
. &2 00V IZxt L TIE, X7 MU EDEIZ[UNK] h— 27 A2 T 5 T3,
ZWIORPUTAARANTEGE 2 — RARKA T 4 THRFETA— AT ELELTH H
%, F7z, [UNK] h—7 AIBERIREIRDI2ND T, fiio TRV TS BRI

Lo L, ERLISAO OOV iZxt LT, il x.1L, lthereis atourist train in Hisatsu
Line of Kyushu Railway Company |, Z ® 3 ®D[Hisatsuli%, X7 ~ufbaihd &,

This) , l##ats] , [##u) 3 2D h—27 SIS, This] IFTEKRDOH 5
h—2 T3 DT, T lthereis atourist trainin his ##ats ##u Line of Kyushu
Railway Company] (27275, Thisatsu] OIFENLDOERNEZ 72, ZARX
2l 5 LIRS O MEREIC BT 5.

OOV ZEBINTT D7201T, AFFEIL 72—/ S ZANOEHFED HBIHE & OOV
DOMBBAE /et L. R 2 X3 — " ZANOMBBAE BT 50 if F TOHGEL R
L7z, 1T & A EOHGEILE U TR T2V, HiEO DML DOFIIZ 5 % 5
HEZEHALTHLRINWEEZD.

% 2. HEEMBUAE O 7 50

Native corpus word frequency Japanese corpus word frequency
the of and in to the of and in to

a was is as The was a is as that

by with that s for no by for he The

his from on were are with on from it his

or Japanese In at Japan In were which s at

which he it be an who are be He an

also no this their not or but not period had

who but had one have this family It Emperor also

This period He other first became Kyoto called clan Temple
Emperor has used into known after one such Japan Imperial

BA T OFELD BT XTD 00V % BT 5729DIT, A58 TlL Bert-NER £
T VA 572, Bert-NER [ XEARBHEFEZRKIMEZ D L2774 v Fa—=
7 &= BERT £ /L Coh VY, NER ¥ A7 Tk} L TR OPEREN $ % [10],
b b5 00V HEHE & ie, % (LOC), #ifi% (ORG), A (PER), £ Dt (MISC)
D 4 FFEOFEREZZ#T 2 LTS T D, R 3 1Fa—ARNO B
& AL 50 fLE TO OO0V 27 L, 50 D OOV 1 HIm L THDH. 2FV, 2o
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D a—sRAD OOV FFEAER N K E TIXR, SCHITEED OOV B8N 5,
SHERRIZF D OOV 2D 7 T AT EWIERTHET 5 LW 9 RIUTH 220,

#* 3.00V HIHE O B 50

Native corpus word frequency

Japanese corpus word frequency

stub fujiwara shogunate shinto
hideyoshi minamoto nobunaga
shogun heian ieyasu kamakura oda
ashikaga yamato kami genji daimyo
kimono toyotomi taira nihon geisha
kabuki satsuma takeda shoki kojiki
hojo yoritomo soga fushimi sengoku
amaterasu confucian muromachi
bodhisattva shogun jingti kami suwa
tofu retainers choshii shingon
matsudaira konoe daigo sushi koku

Fujiwara kamakura minamoto bakufu
heian genji kami nobunaga jinja
hideyoshi Ashikaga muromachi ieyasu
shogun shogun koku taira yamato
yoritomo Shinto daimyo taira kyo omi
oda enshrined ise dori keihan gawa
fushimi nihonshoki shogunate
hosokawa kanto vassals gon retainer
sengoku fujiwara satsuma Takauji
maizuru kuni noh toyotomi
choshu shogunate kiyomori takeda

calligraphy

OOV DB 2~ 7%, AHF5EIX OOV DA b7z, FEHILT K

MELTEtD b—20 VA ML LT —2 kY FhEanEIL, & h—27 %L
VNI BIT D OOV D43 2 i~ 7=, 6 16X 12 FTIEHEDORRETHD, =
D 7 OOV TESEFEEL LB, XO M7 BB ZNEE, XHO
OOV OFFEMNBEE IR D20 THY, b—27 N 60 LLTFTDOIE, 60 LA ED
I OOV L0 X ofkiE, HEE, SEORERREWVWTHS. HAAIGE= —N
ALRAT A THRGEIA—NADE M= L UnBE T X AIZ 1000 X
Z B, HEEH O OO0V HiE, #HEHhELs OOV FlG o 3XakT, ZD7o
DT T IMEPND LI, AT 4 T HEEa— RAL HRAFEEIT— /2D
OO0V OB AIT L EITEY, XHD h—27 5L 3R, o ROMmD
EUMIZR. R A T TEGE— /XA T, O0V 2 10%Hi# O SO EIE M &
DREV, 00V 28 10% L LD DOEIGITRE AT R b0,
BIRE LT, AT 4 TIEGEA— " RITE £ 5 00V OFNEILELEAYITAR 23,
BB B 50 fifE TO OOV ICHENLHEEIZEACITAARFEO R —~FT
HY, XA T 4 TREEIT T EENRNDT, 34T 4 T HFET—NADE|
BPENDITERDOZ L ThH D, a—/3ZAD 00V /34 xR Y 287210y, 00V O
DANTI AR D F NI REREE L G2V EIETE 5.
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Merged OOV Ratio Histogram
Total words 0~9

Frequency in 1000 sens

430

I Japanese English
[ Native English

0~10 1n~20 2A~30 31~40 41~50 51~60 B1~TD T~30 B~90 91~100
oov ratio %

2 6. ~—27 ¥ 0~9 DILD OOV EE

Merged OOV Ratio Histogram
Total words 10~19

300 4

200 4

Frequency in 1000 sens

100 +

429 I Japanese English

[ Native English

0~10 1~20 21~30 31~40 A1~50 51~60 fl~T70 T1~80 El~90 91~100
ooV ratio %

7. h—27 ¥ 10~19 DILD OOV EE
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Frequency in 1000 sens

Merged OOV Ratio Histogram
Total words 20~29

I Japanese English
[ Native English

21

T T T
0~10 11~20 H~30 3140 AL~=30 S1~a0 61~70 T1~80 E1~90  G1~100
oov ratio %

8. h—7 ¥ 20~29 LD OOV EIE

Merged OOV Ratio Histogram
Total words 30~39

4007 391 I Japanese English

[ Native English
350 A

300 ~

250 4

200 -

150 ~

Frequency in 1000 sens

100 4

11
T T T
0~10 1~20 A~30 31~40 A1~50 51~60 f~70 T~30 E~30 91~100
oov ratio %

9. h—7 ¥ 30~39 DLD OOV E&
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Frequency in 1000 sens

Frequency in 1000 sens

Merged OOV Ratio Histogram
Total words 40~49

300 H

250 ~

200

150 ~

100

426 I Japanese English

[ Native English

o~10 11~20 n~30 3~40  41~50 51~60 BL~70 T1~30 El~90  91~100
oov ratio %

X 10. b—7 ¥ 40~49 DX D OOV &

Merged OOV Ratio Histogram
Total words 50~59

350 A

300 4

250 4

200

150 4

100 +

I Japanese English
[ Native English

52
T

T T T
O~10 11~20 ~30 31~d40 41~50 S~ G~70 T1~30 El~30 S1~100
oov ratio %

X 11. F—7 % 50~59 DXD OO0V HIE
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Merged OOV Ratio Histogram
Total words 60~

400 I Japanese English
[ Native English
350 ~
%]
§ 300 A
(=]
S 250
=
£
= 200
=
g
g 150 ~
s
100 A
5,0 4
| 25 25
0 0~10 1~20 2~30 31~40 A1~50 S1~60 ElfLTO ?lfLSO EleLQG 91~I100
oov ratio %
12. h—7 %60 L EOILD OOV HIE
3.3 EXREAILEHR

ETNE ML=V T HENS, I RAOICHEME F 2N Z, BARADE
IR, RAT A THEGET—RAZT D, 200 a—R2AEEDED
& 571923 XN dDH, a—/3AUF 81 DEIGTHEIS N, 80%M hL—=27
Ty b, BOBPNYTFT—rarby heTAMNEY N ERD, FL—=2 TRy
ROy FOYA XX 64 THDH, LORKANNEIT 128 T, 82 72713810 £
THID. Wa#E TlX, Cross-Entropy Loss B%k % i > THEk % #4595, Cross-
Entropy Loss BIEUIITR T,y IZFEERED T~V (o £721F 1) THY, plI+®
FAHDOTRHHRTH S, ZORITTTIVHI ORISR & EBED T LD
ZERETHZENTES. GitsElOZR Yy 703

CELoss = — (y xlog(p) + (1 —y) *log(1 —p)) (D

0, FTHR Y 71X 7491 A7 v 7T, Mkt v SOBERKRPE/NNI /-7 L ZITFE
FIMEEEND. ZOFETILTIE, TR Y7 0 AT v 7D 0 OFRFICHEKIT

19



0.25, TRy 7 4 & DAT v 7 TOHEKIL 0.0645 THDH, NA MET /LT
Wy 71, AT v TR 14477 ODWRFIZER LT, N T —a vy FOEKIT
0.0638 C, 7 A FT—H DX 01778 T 5, CELoss (Z& > TLWRERTH D.

3.4 KO EXM

ZDOETNEGEZ ATIERT DB, ABFFEIIAREXE & v O &
WMALT. ROEXEEWS O, ETVRHMESRT MEH DT L X,
(51%,49%)D & 5 72 r — AN TL B, ZHUTRG ST SR B MR /a2 &
EEWT D, ZOERITE LI DEINTETYH, MR L DREHEA 72T
Hb, ZOXIRLEL, DEAREL AT, T I CROFEXME(45%,55%)IC
RIET D, RN 55%LL FOITIE, EIE LTH ).

20



%4§ 7 )UFEE
ESHASRIIT A Py P TOTHF 273 —13092.0%TH Y, BULEETIE

%6ﬂ TA My MIFEGEa— AN 0E SN0 THY, T A MY b
Ehlb—=27%y MILLBPTWD, XY —ABLFEL, 7A My FTRW
Aa7EHLENDE VST, TRTOLEL IS TE D LS TE .
T T TARMIZETIE, BT A b a— "2z MEL, £OT A Fa—"2z
TETNVOPLERROFE 21T o 72, Fl2ZNEITBEFOT A b 22—/ 2D
it A S D TET L OMRE 2 AR CIREE LT-.

4.1 M EEFEE
ETIVOMEREZ IEMEICRGET 272012, RFETIE, 77X 27—, Wa$E,
B, F1 227, F2 2a7 O 5 DOFMIEEZ W =, ABFEClE, 9555058

DAL A7 " HRNFGES AL R’ A T 4 THEEDFH2 DO X A 725 EIT
5. BT INEFMT D702, 200N EE AT D 5 ODFMIEE A Fh FnEl
B2, 020, AARNRGESES A7 OERIET 27 v—, ER, HHEER,
F1 227, F2 2a7 22O EFETR@)~A(5)D L HITRT, 7Fa
T3 2EOTHO S HLIE LS pHEINTZY T LOEEEZRT ; BAEFRIT
St & PRSI T AD 5L, HERIZGHETH LY V0BG ER T H
WRIFIEBEIZHBETHL TV D 5L, ET ARG E PRI CEX Y7L
DEIGZRT ; F1 2 a7 IR P EOE IR B R EDZ A7 1TBWT, ol

RNGFHIRR > AT LOVERE A T T 72D H SN D FRECH D, F1 Aa7
FEA R & HBROMFEY & L TEHHESNET, F2 A a7 EA R & fElE
Z[E CEAMNT LIZFHEEE CTH D, nF A7 oIz > T, WEERED b
HHERNPEHINDI LD TH D, BlziE, AXLBHETIEIEF 2 A —/L % AR
EFAHIE (FalsePositive) L CL & 9 & a—H =3 EHE/R A —/L & k4 mREME
W DT, 1EH IR A— /L OB E SR T 272 OIZHBLERNER I
5. AR CTHRERT, BEEEZEDDH Z E THARANIGE L XA T 4 T HFED A
BANNAT A& LVHEALLT T2 2 RSN TWD, 22T, A%
TP & 2ITHEIN, BBROEAZEEGED 2 (FI2T5H. A7 4 7 4Gk
HHS AT DAL TP % TN IZ, FP % FNICANEZ D.
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* 4. FHEFEEREOR RS

TP : HARANFGENELLS 5 EINSD | FN: HARANEZENDN XA T 4 I
b
FP: R A 7 4 7T HGEN HARNTGEIZSy | TN « ’A T 4 T HZENIE L A S
HIhb 5
o TP + TN
TX=T YT = S T ENTFPATN )
TP
I
TR TP + FP (3)
TP
A —
(i TP + FN )
2 AN B
Fl A27 = *Lﬂﬂé‘*ﬁﬁi‘ (5)
BHFAHEF
1 +B?) x BHEF FHHH
B2 27 = ( B*) * 5 FE * B )

B2+ A+ I

4.2 TR bPa—/RR

BT NVERAMICEHUET 272512, RBIFETIE, V4 X7 4 TSN T
— X ENEEL, WL ONO/NUET —H X— AL TET NV EFHIT 5(Z
CCHEELIZDIZT A a— "2 THY, T —2nonEl Szl T A
cey N THD).

421 %BEI—/R

ICNALE (International Corpus Network of Asian Learners of English) (37 >
T DEFEFEEOEERNEMET DD T —2_X—2AThH 5. [EHEMLFE
TRVl MZEoTER S, TIVTOFEEEND DFFEOFEY T L
WEL, o752 &M E LTS [11]. ICNALE =— SR (21%, HIH,
HAR, HEER EEEOT VT O % OIGEFEFEERVTCIGET v A DMUEE
SINTWD., TNbDa— "L, BpDFHm, FEHANY 7 7T 00 R, JGEL
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SN EFFOFEEERBFL VD, AFETIEIZOa— 22 HNT, FEED
T oA BER], FEEELVBNIOEERD LT,

4.2.2 =a21—RXO—/\X

VA FRT 4T OFRFIIEECEREEMET O AN E LTS, BA
PR ERCEE 28 7, PR TRBNZSIGNLEIN TS, SBEOEHE
PEITEHE T & D RO STV RIS DN TN D Z ERRD BTN S.
Fio, ERe/etEma it 2720101%, PR S EMRIOFANCHE->TT7 +—~
VTR A X A NV TEIND T ER I THD. =2 —ADL T, Hal
BRI T A # — OWLE Z R LT2RHilie = A b, HRFOBRANEEN L. =
X, HOEEBAST A X — DN EE ONIGRE R EZ RS B D T2ODFEE
D%, Fiz, =2 —AIXT I ZBERL, AT 708, mEOEREE5(<
TODLTRNDD. V4T 4T OFRFELE =2 — R IE BARHFEHOLT
HDHTD, AW TIE= 2 — AFLHFZIUE LRI 400 XOT A Fa— 2%
REFLC, &% &E2RBIERY —/1(Google, Deepl, GPTv4)% fif > CHFEIZEER
T 5.

4.2.3 MXT—HF2—/\R

ST, U FRT 0 7 L0 QRS P EEEORmWICENE £
THRL, MAIW LI & T —~ OFEWOIT B Th . gt s LT, K
WFIE CIISLMEE RFORE & 72 0B O/ X DT 7 A N7 7 W LEDT-ZHA
FEOFM L HWTHARGE ML 2 — S AZWE LIz, £, EFIHHRBETSTH
RINTZHARANBNIGEmSCANE L, FGRER T — % a— /A ZE LT,
GO —/RREL 5 HH 400 INEFENTND.

4.3 MEREFT(

BT NEHIT 572012, ETARFETITFET —FhonEEn-7 A K
Ty NOSFEEFEAELZEE L, M13 05K 19 £ TIE, &R
% OO0V E[EDHBERTH 5, 13, 14 5305 X912, HLOHFEHR
20 L FOBAIFFHHEN L VK, —HFEARE IO THEARMIZ AR
FEOHERIT oA ETHY, HEEK 20 A EOXTIE, 1ZEAEDODRAT 4T
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FEEOFBFEIL 90% L ETH D, fiame LT 20 3BEANG O LITHBWTIE, *A
T4 T HEE L HARANTZEORICAZ A VAL T RT R B8, 20 FBLL EOSL
TIERA T 4 THGEE ARANTGEICALZ A NNSA T ANDDLZENGND L
7-.

Recall compare(same Token nums range, different OOV ratio)
Token nums ranges: 0~9

98.3

Recall %

0~10 11~20 N~30 n~40 A1~50 51~G0 61~70 T1~80 Bl~00  S1~100
OOV ratio%

13. SCHEEIL 0~9 &% OOV HIA O FELE

Recall compare(same words_num range, different OOV ratio)
Words_num ranges : 10~19

B Japanese English 100100. 200.
4 956

977 917
[ Native English -

Recall %

0~10 1n~20 2~30 3n~40 a1~50 51~60 a~70
OO0V ratio%

T1~30 E1~90 91~100

14. SCHEEE 10~19 4 OOV E& O FHLE
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Recall %

Recall compare(same words_num range, different OOV ratio)

Words_num ranges : 20~29

i TN, [T TTIT] .
100 - " || Japa_nese En_gllsh
I Native English
80 -
s 604
T
)
[
o
40 -
20 -
0 0 0o
o~10 1n~20 A~30 31~40 A1~50 51~60 B1~70 T1~80 E1~90  91~100
OO0V ratio%
D A /\ 2
X 15 SCHEES 20~29 75 OOV G O FFH=R
Recall compare(same words_num range, different OOV ratio)
Words_num ranges : 30~39
100 A 077 L% japéh-ese English
[ Native English
80 -
60 -
4_0 -
20
0 0 00
0~10 1~20 21~30 31~40  41~50 51~60 61~70 T1~80 El~90  91~100
00V ratio%

16 SCHEEH 30~39 45 OOV & & D =R
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Recall %

Recall compare(same words_num range, different OOV ratio)
Words_num ranges : 40~49

100 A g o976 BE BVL 1% s Japanese English

80+

Recall %

20+

60+

[ Native English

00 00 00
T T T
0~10 11~20 2~30 31~-40 A1~30 S1~a0 61~70 T~80 El~90  G1l~100
OO0V ratio%

17 SCHGESL 40~49 % OOV & O

Recall compare(same words_num range, different OOV ratio)

Words_num ranges : 50~59

100 ~

80

60

20 A

100.  100. 100175 .
. B |japanese English

[ Native English

00 00 00
T T T
0=~10 1~20 ~30 31~40 A1~50 S1~60 Bl~TD T1~80 Bl~90  91~100
0OV ratio%

18 JCHiEEEL 50~59 4+ OOV HIG DIl
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Recall compare(same words_num range, different OOV ratio)
Words_num ranges : 60~

100 - o7 Ao 383 6955 100- 10000 200 s Japanese English
b1 6 1 L. - B o Native English
80
£ 604
e
[=
1]
o
40 -
20
0 - 4] 1] o 0 o
0~10 11~20 A~30 31~40 A1~50 S1~a0 61~70 T1~80 E1~90  91~100
00V ratio%
19 SCHEEEL 60 LU B4 OOV HI& D3R
Accuracy(same Words num range, different OOV ratio)
Words num ranges : 0~9
99.6
100 A 962 osp 966 98.3
92.5 93.0 93.1
8.8 B9.9
80 |
ES i
~ 60
w
e
=3
u
1)
< 4
20
0 p
0~10 11~20 N~30 31~40 A1~50 S1~a0 61~T0 T1~30 E1~30 G1~100
00V ratio%

20. XHFEH 0~9 &£ OOV EIEDT F 2 L —
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Accuracy(same Words num range, different OOV ratio)
Words num ranges : 10~19

100 - wy 972 067 100.
92.7 93.9 -
gg.z 0.3
85.1
80 -
® ]
>, 60
o
C
=3
¥
b
40 |
20 -
0~10 11~20 A~30 31~40 41~50 51~60 f1~T0 T~80 E1~90 91~100
00V ratio%
= N2 e /\ S e
21. CHFEE 10~19 % OOV EEDOT F 2 L v
Accuracy(same Words num range, different OOV ratio)
Words num ranges : 20~29
100 7 95.0 949 95.2 s B
903 92.2 93.3
80 -
ES
2. 60
w
g
=
o
b4
40 |
20 |

0~10 11~20 2~30 31~40 A1~50 ~60 B~70 n~a0 E1~90 91~100
OO0V ratio%

22, WHFEEL 20~29 % OOV EEDT F =2 L v—
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Accuracy %

Accuracy %

Accuracy(same Words num range, different OOV ratio)
Words num ranges : 30~39

100 ~

80 4

60

20 A

1] 1] a

T T T
0~10 1~20 2~30 31~40 A1~50 S1~60 61~70 T1~30 B1~90 G1~100
OO0V ratio%

23. SCHFEH 30~39 % OOV &I DT F 2 L v—

Accuracy(same Words num range, different OOV ratio)
Words num ranges : 40~49

100.
100 gy 970 985 979
93.2 ; 92.8
80 |
60
40
20 A
0 0 1]
T T T
0~10 11~20 N~30 31~40 41~50 51~60 B1~70 T1~80 E1~90 91~100

00V ratio%

24. HFEHL 40~49 % OOV EIEDT X2 L v—
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Accuracy(same Words num range, different OOV ratio)
Words num ranges : 50~59

100.
10049 973 98.1 97.1 97.5

80 4

60 1

Accuracy %

20+

0 1] 0

T T T

0~10 11~20 A~30 31~40 41~50 51~a0 Gl~70 T~30 E1~90 W~100
0OV ratio%

25. SCHGFEH 50~59 % OOV HIE DT ¥ = L —

Accuracy(same Words num range, different OOV ratio)
Words hum ranges : 60~

100 ~ 975 9B5 100.

80 4

60

Accuracy %

20 ~

a a a a
T T T T
0~10 11~20 N~30 31~A0 41~50 51~60 E~70 T1~80 E1~90  91~100

OO0V ratio%

26. WHFEH 60 LI EE OOVEIEDT 2L i—
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Precision %

F1 Score

1.0

0.8

0.6

0.4

0.2

0.0

Precision compare

I Japanese English
I Native English

(S

10~19 20~29 30~39 40~49

27. A5 HLRESHIDH O &R

word_nums range

50~39

F1 Score by Word Num Range {Japanese English vs Native English)

B Japanese English
I Native English

28. DO F1 Aa7T

0.94  0.94

30~39
Word Num Range
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F2 Score by Word Num Range (Japanese English vs Native English}

0.96

0~9 10~19 20~29 30~39 40~49 50~59
‘Word Num Range

M 29. 4fEERD F2 227

4 20~26 1%, FHEEEOFHA OOV EIG KT 2 0HaRD 7T Fa L —%
RLTWD, HEEED 20 L FOXE 3T 2 OFER & AT, BEEEDS 20 LA
bEE, SHEBROT XL =LY RBNTHD. K 27 1 INMERDOEAERE R
L, BRI SCOHEEE A 773, OOV HIG Z & @ Precision AAFFETITFHE L T/
VW, R E LTI 2L, &2 HEEEREFAN, BARANRGEN 503, RAT7 47
PEFEN 500 XD, MGTOBHEELZ 0% LT 5L, ZORHARANEFED
Precision 1% 47.3%, A 7 «4 7 955D Precision 1 98.9% T&H 1V, OOV D434
XA ORISR A 5.2 D AlREMENR B D, T OO A%E, F1, F2 2Aa7
Z 00V EIA Z & OFHMEAMIE TIEZ B Iz, Koy ilkb e, AARGED
AP A7 T, XOEIN 10 UNOEE, HERITEVNR, 13 12 kg,
AARNEGE S A7 TIEHBRENRE S, ISR L THEEGE KL 25D
TR L THD. 28 LXl 29 1%, NWIHETNDOF1L AT L Fe AaT %
RLTWD., XEOEIN 20 L EOEE, T AVORaT 0.9l EE7o5T
WET, —J5, 20 LFTOHE, A3 71X 0.9 ITELRWD, £ THRBUVWER
NEF- TN D, fEim e LT, ZOTTIVIFRED A X A VGEY A7 I8N T
ENTRNZRELTEBY, FEEEOCD LB REREEL TV 5.

U EOfERmZ REET 272012, AR TIE, FRERA 7 4 703 E 7z SAT —
v A LICNALE 22—/ AD HAR NEGEFEHA RRAREW T v A 25 T,
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DEIRT2 OO0 a— RAZHHL, TORMRELR5ITRT. 478 LD HH 73 L
MARNOFFELHESNE L. ZOPh TROFEXMICEEND L 8 Ldh
LN, FNLENSFERIE 2T L, BARANDTE L HE S IO
13.6%I 2 X7V, — T, HARANFEEOTZ v A D55 88.5%01FE L < A S
NTVD., ZZTORFITHBRLFELHAELTETHD. EHoDT vt A 1T
L CHOEGDOHERII 8B ETH S, EFRDOEmIZIEMRTHD.

* 5. Ty A R

HARANKRE  ROMEKXEE TR Elkey R ¥ X [E %
HIEEL Fru7-H&
SAT 73 8 478 15.3% 13.6%
s
EEY =4 11929 317 13123 90.9% 88.5%
T vkA4

ICNALE “2EFH a—/ 32|25\ T, ARIFFETIIFEENEN-LEFEHED
B EREETIN—T %0 CTENENSHEL, ZO/RREER 6 O IR
L LB D CEFR O L)L %R LT Y, A2_0 1E TOEIC T 545 mLL
TIZAEY L, Bi_1 % TOEIC T 550 /iLh Lk, Bi_2 % TOEIC T 670 &Ll E,
B2_0 iZ TOEIC T 785 ;/ilh LIZHYT 5. R602bonb LIz, FEEDOL
NANENRDIZONT, BARANDOHFELHESNDHEEN T2, ENS &3
FERA T A4 TORERTY, SINIZY U HR—1, EL50EELENDIE, £
LDFFELRAT 4T L THY, ZHEDEGHNELLDBELENPLTH
5. o C, DO REEIFHEDO LNV T ORBELEEL TN &Wn
IR E TR 5. BRERFZE 2 TS &, SUR SIS S O REITERE
L0 I TPRIT S, SEBEOEMESICOWTIE, BRDHEEORD S, B
ICE > TEEXFERXBITEDH13]. B72D L OFEEFOMICITENZXOHE
MESIZENDHD ZEBHALTRY 572, LT, RFZRIFEE T — 2 )b oyE
L7=T7 A Rty b & ICNALE 22— SR ZH D AARNFEEOT v A ZHNT
SCOBHES L IR ONFERUEL OMBIRI R AT o 72, TORRITER 7,8 (TR
T T E AT RN CORBEN S EMERICEEL TV 5.
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* 6. FEET VAR

e} L~y TR AARAZE HARAFEFBHER #E6% ROBEXKBZR
FEHIERK RATEXH WEEIE %
CHN A2 0 1406 1137 798 80.87 56.76
CHN B1 1 6704 5157 3537 76.92 52.76
CHN B1 2 3153 2358 1530 74.79 48.53
CHN B2_o 376 261 165 69.41 43.88
ENS XX1. 1802 804 386 44.62 21.42
ENS XX2. 821 258 108 31.43 13.15
ENS XX3. 1009 343 158 33.99 15.66
HKG A2 o 32 17 9 53.13 28.13
HKG B1_1 831 638 474 76.77 57.04
HKG Bi_2 1380 956 653 69.28 47.32
HKG B2_o 448 289 187 64.51 41.74
IDN A2 o0 834 698 588 83.69 70.5
IDN Bi_1 2246 1998 1731 88.96 77.07
IDN Bi_2 2369 1886 1457 70.61 61.5
IDN B2_o 68 38 25 55.88 36.76
JPN A2_0 5066 4648 3676 91.75 72.56
JPN Bi_1 5974 5414 4213 90.63 70.52
JPN B1_2 1522 1378 1048 90.54 68.86
JPN B2_o 569 494 368 86.82 64.67
KOR A2_0 2323 2041 1627 87.86 70.04
KOR B1 1 2189 1947 1587 88.94 72.5
KOR B1_2 2046 2470 1949 83.84 66.16
KOR B2_o 2268 1830 1341 80.69 59.13
PAK A2 0 615 552 468 89.76 76.1
PAK Bi_1 3018 2559 2063 84.79 68.36
PAK B1 2 2793 2304 1856 82.49 66.45
PAK B2_o 107 97 78 90.65 72.9
PHL A2_0 44 22 12 50. 27.27
PHL B1 1 248 174 128 70.16 51.61
PHL Bi_2 4407 2528 1549 57.36 35.15
PHL B2_o0 317 142 79 44.79 24.92
SIN B1 2 3026 1048 519 34.63 17.15
SIN B2_o 1492 380 164 25.47 10.99
THA A2_0 3496 3065 2596 87.67 74.26
THA B1 1 4963 4424 3678 89.14 74.11
THA B1 2 2742 2377 1933 86.69 70.5
THA B2_o 64 56 44 87.5 68.75
TWN A2 o0 783 682 519 87.1 66.28
TWN Bi_1 2380 2006 1536 84.29 64.54
TWN Bi_2 1633 1257 879 76.97 53.83
TWN B2_o 572 417 288 72.9 50.35
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K 7. AT A TGRS NDOMEREBMESTRIE L OA T < AHBIRIE
BRE(TA N2> M)

Variable Correlation (r) p—value
HEEE(W) 0.052906 0.0177
SCE(S) -0.03873 0.0826
it (VP) 0.01191 0.5937
ffi (©) -0.0656 0.0033
T ==k (T) 0.000978 0.9651
R i (DC) ~0.07527 0.0007
HET 2=y b (CT) ~0.04308 0.0535
A1 (CP) 0.085829 0.0001
#HE4 5] (CN) 0.077414 0.0005
LOF-HJFES (MLS) 0.060212 0.0069
T 2=y hDFHJES (MLT) 0.148919 1.97e-11
D45 RS (MLC) 0.257667 7.88e-32
LT DOHE (C/S) ~0.02899 0.194
T 2=y rH7-vOEhE A (VP/T) 0.078483 0.0004
T 2=y k70 OHIH (C/T) 0.03871 0.0828
Hid7= ONE R Hi¥ (DC/C) ~0.0345 0.1221
T 2= b0 O R Ei# (DC/T) ~0.04107 0.0657
XHT=DD T =y M& (T/S) 0.011747 0.5987
BAWIR T 2=y OEIE (CT/T) ~0.00262 0.9066
T =y hb7-0 D FEi%%k (CP/T) 0.127538 9.67E-09
Hid 7=V D FEi# (CP/C) 0.149392 1.7E-11
T 2=y b=V DAL 7% (CN/T) 0.148009 2.62E-11
Hid - DA 4 E (CP/C) 0.237712 3.326-27
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# 8. AT A TIFEIINHSNDMEREEHESIRIE L DA T ~ HHBERE
FRELACNALE B AR NZE H =0t A)

Variable Correlation (r) p—value
FAFEE(W) 0.184151 1.5B-100

3K(S) 0.024511 0.00496
Bhadh) (VP) 0.112128 5.08E-38
i (©) 0.131432 1.06E-51
T 2=y (T) 0.091994 4.336-26
PERS (DC) 0.105917 4.35E-34

AN — -

#a T a=yh(CT) 0.085712 7.51E-23

A7 1| Hi (CP) 0.067848 7TE-15
#5451 (CN) 0.155313 1.02E-71
LD X (MLS) 0.176728 1.25E-92
T 2=y DOFHJRS (MLT) 0.143297 3.25E-61
FiOFHEX(MLC) 0.063377 3.58E-13
XHT=0DEiH (C/S) 0.122439 4.72E-45
T =vrH7-0 D& A% (VP/T) 0.069528 1.49E-15
T 2= hHT-VDOEIE (C/T) 0.087619 8.25E-24
Fid7=0OntEHi% (DC/C) 0.079177 1.01E-19
T 2=y rH7-0DOUEJE %L (DC/T) 0.089433 9.65E-25
HT-0D T = & (T/S) 0.078739 1.6E-19
HEW72 T 2= OE|AE (CT/T) 0.063617 2.92E-13
T 2=y ;H7=0 DO FEi%L (CP/T) 0.056994 6.28E-11
Bid 7= D Ei%k (CP/C) 0.032762 0.00017
T 2=y &0 DA 4 FEL(CN/T) 0.132111 3.19E-52
7= DB A4 5% (CP/C) 0.092449 2.47E-26

ABFSETIE NeoSca 2 > T OMEME S FRIEA5HE L7c[14,15], % 7,8 (213,
BEt 23 DIFENH S, BHID 9 SOREII THEEOEMMEZL, 0D 14
DOEIEITSEDOEMENEEZ R L T D, KIEEOFEMII k2 2R 5. fRE
LTI, A EORENE/FOMREBEEL TSI L E2RLTEY, oF
Y SRR DSYRIEISCOEMNEIC ISV T T TV L E2 7T, Zib
DIEOH TEHANE VDL T & CN/T ThHD, EbLLOMEEESL 01 &
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> e
AIZ.

4.4 T EBRD 5 H

AFFET M b—=2 F LT SGEA X A VSR, 77 v a U2 TE
LIZEET LV THY, BRIMEREFFSOLEEXD. ZOFT VL, HEX R
ICBWTEVEEZRB L TV, ZOEWVEEDRKRZ 08 572018, A4
TRILET ILDSHET 1t A & Ak LT,

4.41F T2 avafiie

SPBER OVERRITEE IS DS SLONE EE LT 5 2 L MBAEL TV D.
Moickds, 7740 Fa—= %179, £7 /VITREEIZ[CLS] L W
> b= v OEBNEM AL, OFV, s E[CLSIOEEMEIZHES ToH
MERC5H. [CLS] & SCH DD HFE L LT, ZOERORW R —27 30 A
AL OKHFEOBERIERAMA L, LV RBROIIREROEKREZRL TS, B
RAIICIE, B OEEEEIISCTOMOEGEZFMH L TH—7 > MHEFEOERE
Bamib LETD, =7y MEGEREROBKRIIEAR L L TEHERER LD,
Z D7, BERT ® 12 J@%i#%% 2 & T, HHFFOMDIALIT X TOHGEDO
WEEEL, BOOEKRE IV RSKRET LI ENMEE 25, —J7, [CLSIIZ
BN, 12822 TP T vy a VEOEREDINEYE 2155 1=,
fhd h—27 L LT, XOBEKE LY RS KBITX 5.

RS RDT T v a T Y VDA XJ[12, batch_size, num_heads,
sequence_length, sequence_length] ChH 5, 12 1FET AN 12fgD=r a—X %
FH, 12 BOEENIRHDL LN WA THS, batch_size 1%, ET /LB —FEIZ
B C&E 5 XD % # T, num_heads I~/ F~y FEEHEET,
sequence_length XX DK & #3K 7, [sequence_length, sequence_length] &\ 9
DITHFEPMLO T X TOHEEITK L TR OEE N 2R T b3 281, 12 &
~IFosy REBRNDEZETRLELETES, BEOEEIILICE RSN T
WA, . X 30130 THD. b= UNHRWIEEELBENTH D, HFEET VI,
FICHRE & Rk E CEREMEET S12], F5ENG 128E TR L, 7
WIRT T via LTS BEEITIZITEG L 45 CTh 5, £ 7,8 12 & &Ehail & 445
(ZBhET HERIE T N TIEDOHBEN & 5, #lz21X, VP/T, CN/T, CP/C. Wi# D
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ML TWD

FHIAT T japanese
B 0.20891185104846954 , 0.7910881042480469
[CLS] she started because she heard her uncle kevin playing when she visited his house
[CLS] she started because she heard her uncle kevin playing when she visited his house
[CLS] she started because she heard her uncle kevin playing when she visited his house
[CLS] she started because she heard her uncle kevin playing when she visited his house
[€LS] she started because she heard her unclé kevin playing when she visited his house .
[CLS] - started - she heard her uncle kevin playing when she visited his house .
[CLS] she started because she heard her uncle kevin playing when she visited his house .
[CLS] she because she heard her uncle kevin playing when she visited his house |
1 she because she heard her uncle kevin playing when she visited his house .
[CLS] she because she heard her uncle - when she visited his housel
[CLS] she started because she heard her uncle kevin when she visited his house .
[CLS] she SEBMEEE because she heard her uncle B8l playing when she visited his house .
[F3Z]She started because she heard her uncle Kevin playing when she visited his house.

FHHT I native
FEER: 0.9023649096488953, 0.09763513505458832
[CLS] she was inspired Td start when she heard her uncle kevin play during a visit f his home
[CLS] she was inspired to start when she heard her uncle kevin play during a visit to his home
[CLS] she was inspired to start when she heard her uncle kevin play during a visit to his home
[CLS] she was inspired to start when she heard her uncle kevin play during a visit to his home
she was inspired to start when she heard her uncle kevin play during a visit to his home .
[CLS] She was inspired to start when she heard her uncle kevin play during a visit to his home .
[CLS] she was inspired to start when she heard her uncle kevin play during a visit to his home |
[CLS] she was inspired to start when she heard her uncle kevin play during a visit to his home |
[CLS] she was inspired to I when she heard her uncle kevin play during a visit to his home .
[CLS]

(il Sl el i |

CLS

was inspired to when she heard her uncle K&Vl during a visit to his home |

[CLS] was inspired to when she heard her uncle kevin during a visit to his home .
[CLS] was ﬁ start when she heard her uncle - during a visit to his home .
[E3Z]She was inspired to start when she heard her Uncle Kevin play during a visit to his home.

30. EE LA
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B5E RFAMILINL T RS

ARETIE, HHEEROFIERIERZ DT L, RO ole AZ A NVASA T A543
T4 5.

5.1 B EAER
5.1.1 = 2—5 )LHERR

= o — T VMBI I MBI B o —fETh Y, EFEO=2—T %
v N =7 2 L CRASEMORAIT ) HiiTh 5. I, NMT TR

REALZ RS, K0 RDWICOEMER SUERMIE IR U TEN MR 2 R L, 555
MOFROME LM ESEE L.

BUERRR Y — V32 < o1 H Y, &b A4S DI Google FIFR, Deepl
FIRR, = L CHRIEARD GPTv4 TH 5. b OFIFRY —/VDFEN 2T A kL,
WFFERDORAZ A NASAL T AEGHT 572D, AT I OFERY —
IVOFER T W%

R R EZ DI T 572012, WAWADAAGER LA A& Lz, HAGE Wiki
R=Ya—RRA, FFTNVOINFET—H LiEST, o< BOa—"AT¥ ; H
AiE—ma—Aa—RA, YA b Dabt— Lzt a— R ; HARGER
T—/RA, AR R LICE LT DO DT T A D a— /A ThH 5.
3 ODIA—NRAEFFERY —/VTHERL, ZOMEEZSNT 5.

Google FH#RI%, Google Neural Machine Translation (GNMT) & U9 HiffrZ fE
HLUTEIERZ1T 9. GNMT I 2016 4 11 AITRFE SN2 = = — 7 WVAEEEIRR ~
AT LTHY, =2—F /3y hU—7 ZfH LT Google FIRR DIt X & 1 1E
A ESELZEEBET.=2a—I Ry NU—ZTEIL2200F Y 2—)L,
Tra—F LT a—ZTHERINTEY, EH 06 LISTMEEZHA L TS
DeepL /X Transformer %ffifl L C\»%. Transformer &7 /L ORI EMELF
BRSO SCRIE SR &2 RIRFICALBI CTX 5 2 & Th Y, ENT-WATUBEEE ) 2 > T
WHT2D, BWIOFRTHENT-MERELZET 5. Deepl 1T hL—=77
m*EXTj(E@xiﬁR:T*/\X 2R L, B2 5FEHO~y vy VR ERE
FHEIZE>TFEEL, M ERRFRAER L AR L T 5. Deepl i34 F U X 5G5E
ET AU DFEEED 2 MHDKGEZ LT 5 Z ENTE D, MRDITTHERIC, K
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WRZETIZZ O 2 FFHOMRm ST &6 547 L7-. GPT (Generative Pre-trained
Transformer) (%, OpenAl 2BR% L7z HASELEH O 7= D DOREFE €T /LT
» 5. GPT IE Transformer DT 23— X 2 _X—ZA|ZLTEY, KEOT—X %
WTHHTEE SN, SEISERARSHELHEOZ A7 |[ZHIGSEDH Z &N
TE 5, iU, GPT FHCHEIFRET V& LTRETSNTEY, TFA M4
T BRI ED T F A MEFIH L TROBEFEZ THT L. 21U kD
S OFHERMRCSUER 72 IEMEME DN M) 95, GPT-4 13X OpenAl 2387 L < ABH L7z,
FROSNVFE—=LZNETNTHY, HRaRARSHUIEDOZ A7 2B\ TE
BH)MERE R R U, SCEARL, BRUSE, BER, BRREDSEIERZ AT
FIETE 5.

5.1.2 GPT IZ &k AR

GPT THIRRDORCV 51X, GPT IHaR& 52 DM BN H D . AWETIZLL T D
o fffED T 7 N EHE R L7z, 1-2HE You will be provided with a sentence
in Japanese, and your task is to translate it into English. ], —->®|% [Youwill be
provided with a sentence in Japanese, and your task is to translate it into English
as a native speaker.|, %A 7 47 L THRT DI L2 L THDENE 90
DEWDRH 5. ZOFFRAERIZE CTiTvy, B2, Fs0x NXEER IO, 3
K% 1000 fEH LBLUREWRTT O 72 < 7g > T2 2 & BNELEA~DOTH T
MmO EL. ], ﬁﬁ%@n’% 1% 1t was found out through an interview with the
police that about 1,000 peaches, just before harvest, had disappeared from a field
in Fuefuki City, Yamanashi Prefecture. |, % O 213 [Tt was discovered through
police investigations that approximately 1,000 peaches, ready for harvest, had
disappeared from a field in Fuefuki City, Yamanashi Prefecture.|. Z® 2 DD
RiT, HEEOBRDR > TN 5.

5.2 54T

# 9,10,11 |[Z4% 2 — /S AFFCCO pHaRE Rz m 3. BRERSC O R 2 75
&, Google FHRROFMERAE RA> A RGBS NDFNEDR R bEWNTHS.
GPTv4native DfERIIRA 7 4 T HFEICHR BTV TH D, O£V, GPTv4 native
OFIFRAE R, HEEN KD EE T, XHENRLEMETH D, Deepl 23T 5
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FREOFIFRIL, British English & America English © 2 2D %7225 2 % A L CTH
D, BIEOKEICHSUC, British English BI5R LD 5% America English X ¥
bEMESNE L, o/ BARDHEOK B LN TH L. GPT-4 DG, WH O
ny 7 R EERLTS, Google BRR=C Deepl DFE R LV &R A T ¢ 7 HEEITIT
WTHD, TNNETAMROENTHD. WFE LT T FafEd &,
GPTv4 O/X7 r—<AFMELE, BUEER S T 7 vy MIndin
Hb1XDL LT AREDT, 4 ORRIE GPTvg O FIR TV AREMER 5.

7 9. Wiki 2 — S 2AFERFERD5FE

A AR NS JL— RoTFAX %

Wiki =1—/%% o8 PERHEH 2 ES RN ELS

Google FHzR 3000 1750 70 0.583 0.56
Deepl

(America English) 3000 1474 65 0.491 0.469
Deepl(British English) 3000 1199 69 0.4 0.377
GPTv4 400 179 62 0.448 0.293
GPTv4native 400 162 58 0.405 0.26

#10. = a2— A a— S ZAFERGE R4 K

BN NN A% R [EZ

Za—Aa—/ R o EHESR = Eie BB

Google FHaR 393 227 40 0.577 0.476
Deepl

(America English) 392 146 67 0.372 0.201
Deepl(British English) 395 100 39 0.253 0.154
GPTv4 447 259 73 0.579 0.416
GPTv4native 447 240 83 0.537 0.351

41



11, G — X AFRRAE R D40 3E

EF NN A% K53 ’fﬁ[:ﬁaﬁé’

L — A e FRHIESR Y —u K #E RN E

Google FER 319 172 38 0.539 0.42
Deepl

(America English) 319 120 43 0.376 0.241
Deepl(British English) 319 110 43 0.345 0.21
GPTv4 319 168 56 0.527 0.351
GPTv4 native 319 161 52 0.505 0.341

53 RHINF-XEZAILILT R

ATEE ORI LAUE, XHOBEERA TN EE THIULH DT L, £
EPEMETHNLDHDITE, 3T 4 THGEE NFESNDMERPEL 0D £7,

[She started because she heard her uncle Kevin playing when she visited his
house.] &9 X4 R IZ(native 7558 : 0.209, H A ANH#EE 0.791), [She was
inspired to start because she heard her uncle Kevin playing when she visited his
house.] 12725 &, Z3¥EMER X (native Z<3E : 0.902, H K ANFGEE 0.098)I1272 V) £
L7z, “wasinspiredto” Zfifi 5 & STHEHES WS ODOFEIEDS 3D £ Lz, W,
MLS, MLC 23 14 7°5 171272 >7=, VP iZ 4 75 51272572, MLC 23 4.67 75
5.67 [l o7, MHERENORLE, TNOHOEEOEALBENTHD. i
2, Ta=y b OEELFH (CN/T) LWV ORELELNENEVD
& 753"7?—\/51/ \7‘:, Z OFEIEICBET DR SCE WO BRI H 25, Ak SIS
DEBERCRFENHHEADOLTH D, XOFEITEFLFTHD, CN/T &xfi
T5. 22T, AR TIEN L O DR T Z 3 L, £ ORIRZ K 12 187
10 CH 7 UISRA T 4 T HEFEIC IS, W, MLS, MLC, VP, CN/T, Z
O DIERIT AR IR E B 5.2 5. JEEEREERLF 13l s L 0 72 3C
rEZ, XPTHEHNDHEEOHBLL N THD.
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F£ 12, A SO p5ERE R

[ 4% 3T FAT47  HAAN
W JCAREE

His passion, playing the guitar, is evident in every performance. 0.72 0.28
Our goal, to create a better world, guides our actions. 0.79 0.21
The belief that hard work leads to success is widely accepted. 0.52 0.48
The fact that she speaks five languages impressed everyone. 0.32 0.68
The rumor that they won the lottery turned out to be false. 0.17 0.83
His dream, to become a professional athlete, drives his dedication 0.77 0.23
to training.
The idea that education is a lifelong journey is embraced by many. 0.74 0.26
The realization that time is precious changed her perspective on 0.86 0.14
life.
The hope of finding a cure for the disease inspires scientists 0.98 0.02
worldwide.
The discovery of a new species, the rare blue butterfly, fascinated 0.91 0.09
researchers.

5.4 F%

FEMFIER OMERBIZE B35 &, & ORI R T, ICNALE =2 — SR ZHEN
% ENS X° SIN DHGERA T 4 7 BEWN 2L B AN U/ S DRI
20%~30% CTH Y ; HMEFROFE R TIL, & OLMERED BV GPTv4native 28 H A
NIGBEICTFE S LD MEZRIT 30%~40% Th 5. GPTv4native DPEREIT—XAY 72
FRRZ 2 71 ZxH5T 2 DI+ Th Y, Google X° Deepl DA 1355 R 2 157214,
2—PF—PNHSTHEWBETZHE T2 0BRSS, 2155 LR O
EREET NVOMRER M ESEDIAMAE I TV D,

4 EOMM T, DFEOSFEREIIFICLOEHEIITES N TNDS 2 &
MIRENTWD. 727121, DOV DO EBRTIE, XoEMESTZIT TR,
Al DOIRPOHGE DN 23 FERAE R B2 5 A Db H 5 L) T LR
ENTND. K13 ORTIEY, RKPIDO 3 DOLTIE, HFFEOERILF LT,
XOEWKRBFE LT, —FHOXDERRIIRERENEZRLTND. KED 3
XTI, “meal” 2% “dinner” ([ZE XL T, SEEMSRICKRERENVE ST
5Lz ZNDOEEISTOBMS 2B 25 Z 137200, MhiEW 72 < 5RO
SIIIERE RIS B a5 2 1. ZOBGORRITE, /I & WG R RE O B
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HAGEER IO B 72 5 3L XATAT HARN

GOEEMER  JEERMER
After finishing his meal, John went for a walk in the park. 0.839619 0.160381
In the park, John went for a walk after finishing his meal. 0.479854 0.520146
John went for a walk after finishing his meal in the park. 0.449491 0.550509
After finishing his dinner, John went for a walk in the park. 0.372732 0.627268
In the park, John went for a walk after finishing his dinner. 0.430854 0.569146
John went for a walk after finishing his dinner in the park. 0.015795 0.984205
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DOHERENFF->TWAH. AUFEOEBKIZILL T OHEY THD.
PFEAZANNA T AFEBORELE

HARNRGEE XA T 4 TRFEOT — I N—AEEE L. ZOT—FX—
AL 60 T EDOFFEXNEENTEY, BARANFGEE RA T 4 7 HGED
DEEEARELE Le. HBEROIEMFERIT 90%LL FITELL, T A ha—
NALLT, 22— RAa3—/"RAL@mMLa— "AZHE LT, ARANEGEE R
AT 4 T IGEORNCIAMEIR A Z A NSA T ANHH Z EDGEH LT-.
RABEANWINA T ZADHHT

SRR Dy FEILUE L SCHIME S OFREE OFBMR S A B L, RO ) & X
BIME SFREEDRNZBEME N B D &) Z EDFE L7e. gD E 7 vt
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L7=. 5 DOBMEIRY — /L OHF T, Google IR DG RT3 F DI
H LTV %, GPTvgnative [d&m OMERED N FF> TH Y, Deepl(British) (%
Deepl(America) LV & R A 7 4 72V TH 5.
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