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Abstract

The existing method has simple style representation, and cannot be adapted to datasets with
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large differences in text style. The article proposes a style representation method based on at-
tention mechanism to increase the amount of information carried by style features. The text style
conversion model of text includes the following steps: firstly vectorize the word sequence and
part-of-speech sequence of the input sentence, and then calculate the content and style feature
sequences of the text through two Bi-LSTM encoders respectively, and apply the content se-
quence to LSTM decoding. The generator generates vocabulary, and the style sequence is ad-
justed by the style adjustment method proposed in this paper to adjust the output vocabulary
probability, and finally output a sentence with a specified style. The experimental results show
that the model performs well for different types of data, indicating that the proposed model has
good adaptability.
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[FEAEIT 2R AT LA 2 BhAS R 77 203RIE, SOA IR RS e 46 B K ) 1 M i () ik 77 QR e 380 ) —
P70 IR R Rt ORUE R IR ) N B IRFFA R o SUR RIS e RGREE R TV 2 5, filtn 1) xTiE
Fhg AT, B RIRE EASCHS; 2) MERCH A EREE RS, WOl LE R, 3) ¥
P R R T A AR, R

ITEetESk, % LSTM (Long Short-Term Memory). GAN (Generative Adversarial Networks)25 i %
TRBE 27 ) 7V 10 L s, n ey e R Tt v B8 A 1 ) 1 OB ORI VR 2 N BIBIEFERE SR [1] e 0 T~ ey 5
IS RS (He, BET AT 2 AEMTE R ER . Xu SN2 7 BN E#:, T —Fh 3T 55N
BLEZS B B 3 G RERE 2 10 5 1F A AT e 48, 06 I i PR 3R 3 ) R AR B, JRAE R 4R S AR ¥t L
VA% Ja SCAS AT AR - 72 W 2 )5 5 Jang [3] LA B Jhamtani [4]%% A\ 43 5138 i 2 F 2 F Bi-LSTM [1] seq2seq
FHPEBL A DL R NN coverage MUK G L RUR o IX I3 V205 o) AR Dl PR AL, 7% AR K &P AT
kL, FEHEST N T2 5 52 B A PR o S SR AR I 45 G X P 4ok R B T AR AT I R
b, (SRR ZRET “HHIEK” Bk, Singh [5]5 Zhang [615%F Ast B T ol BIHLAS BRI 7 vk
BB BOCA R T SCER[7] [8] [91% KU () 7n HEAT 285, i Shen &5 A [714 9w i & 51 th I BEUIRES
ARG RFAE,  TT[8] [ R AE MR AD I XT B A% B NN one-hot ZEHIFRAE, K SUAS T J& S8 A XUk
FHIE o

AR B “AR” 5 M TR, A 175 1 7 =l [ 00 1) & R 55) R 7 U RFALE
KA BT R, FMGERRE M RAG A, ok, X BERR ] R — AR 85 25 AN [F] AU 11
SCAS, SR AARRY S A5 [ o S AN [ 43 A0 (0 SCAR KR, DRI 24 A [ S0 6 ) 1 22 S ORI, X 2R Y
TR )1 ERIAE .

BEXT LA B R, AR — e T Rh 22 R 2 1 KU B B A28, 4 SR IUA) TR N B S KRS (E 5, &
I RAGERUAEAN [F) R ARG N IRE IR L o A5 2 I i J5 1) A1) 4 U A7 B R SO B XS 5 N &
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HEE, BN ITHLIS] SRR KR AEAE, 35 UK 12 SV L R R O R, g 22 P 072
WA T. 205, SIREATIE, MSCA R AR DRSS A 797 TR BT IEA, 20 BIE I
SR RRAE E TR LR

2. XTIk

AR, E WMV Z R T SOR RS F I T . W07 QI A L, 3K T AR T 73 o L4 o 2
i A B TRV A P RS AT AT MK A\ [ XU B BRI R 41 seq2seq 578, T 4 3 A2 24U
) (R BROPR A R S TR e o

2.1 ETEIFERNANIBRESR

AR T IR PR B SEBNTF T ANTHE XUS B3R, WSk [2] [3] [4] [5] [6]whde th A F HLas i i
(RIHE ST SE (1 KRS HEAT $ i o X IROC R ELHOR S0 e SONMLAS B, Pl “i5 57 AR
BRSO, Hix “IEF 7 BUVESJEH AR, Hd, Zhang S5 A [6]5% IR TH5 MR 564, T Kb
RZPATIR R AEIIZRZ AT I TN ZR T8 5 BRI O & AP AT TR A B D8 ~1-47 Bt TN 2R A Y
FHEE X PONZRE T AR AR I, Harsh 55 A\ [41H] Seq2seq #EAT 75 FL VMR A RRAS R e 4t
XA LSTM 2 it 3K 78 70 REUE 60710 1 N STE 2, IFIIATE R JILH BL A Pointer Network /2 i X
JEU ) e AR RERNC R RTEARRE s T Singh 45 A [S]UFE i i 2% 5 ARS8 AR LSTM, 5 4% LSTM
o E P 9 BN 25 R I SR EAT KT Wang S5 N [12]18 F BERT % 14 AR AL BRI SR 46 5 T-He 3 e
WA T (g — KNS, AR IESE).

2.2. BB B A e

—HE BT T E MR AE U B BR A T, R SO R AR5 B I NSRBI 25, ATTT SEBLXT X
IR AR R . IR PO I A2 AT A 5 2 1) 2 7 R S T XU R 4

Bowman £ A[11]#2 14278 F 4fih RNN, G JE S0 1 8 OSCARAERS 23 0] B A 2R, SEEI SCAR
BEE. T Mueller SE[12]7E BUAEERE L, DI 7 RS BB U BR S I AUHEWT R 22 5, £ BT, T
SCAAE B2 8] (R A2 RS, R AT R 2 06 B (A R R B BHL 1 R i A A . T IE 243 2
HIXMARAC I VAE iR a3 E OB S 17, 8RR LR REIT 5 IR IR P S E AR Bl Fu 5%
N [LOTH H 4 2 i 5% i R RS BEAR DR AT B, FEUIRIN TN L SRLE G B 25 A SRR TE R R FaE i, T
TN T R RT 25 S 10 ARG o) B ST AR e At Y A N[ L3151 175 SRR R 3 31 A7t AN TR] 14 175 1 A ]
SCARHIE R, TEGRAS I A B TSR BT 57 1n) Lk g 5 28 A U BTE SR M BRRAS ,  adad AN [R] (1 175 1E8E
WA ) i ) P BT

3. IRBESR
3.1. 1RBVERL

AR R S A 1 o, AR RIERA R, WEDIR, REE DRI o 3T RASOR,
T SEiH  \ (Embedding) £5 21 €0 8 15 5 S 1A PE AU RIRAERE, SR I8 SR LSTM 23 Al HUA) 7 (1A
HEREEE, ZRHRETE, L MBRMBUEEUARER, S i = 5400y B AR R IS
U SR AT PRI o

1) fINZ: B SR GRS

BN R AN B SR A6 SOA B D 1) B3R o A RV RNEAE AN R TR S5 R A AN R R S, 9 7R IBCL
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Figure 1. Our text style transfer framework

B 1. AR KA RIESR

PRI fr i N LA S 1) ) DA BSOS LRI e 471 o 1 b TR AR SO (RS 5037 A one-hot 4wfidy, it
il % N\ (word  embedding) #4 1) 1 H K B AN DK 4E R R O — A k dEE, WA AT RTRR AN
Xy = (W, Wy, w [ e R, Forb w AR H AR | AMARA R, n AT x K.

ERER, )75 B R PR 41 2833 one-hot A & Embedding J& & -

X, =[P Py Py €R™

oo pi RIS AN A VE R R, HERER/NN | R RS SRR A DR, 1S BB BUE
IELPNZTITR
KA Et s e 2T — )2, SRS S N AR

X = [wa Xp] c Rnx(kﬂ)

2) FiLE: KR LN SUMEBUANE 5 N B RHE

NT BT RIRIEE R, Rl dmisZRBUE A FIRNES S EE. 5UHTERR, A3
i PN G A 25 23 T B P 25 5 A ARFAE

AT P28 5 U T 208 75 AR R SR, AR AR AT RERIUT A R SUE R, SR XA
LSTM SRXF R I 1 ) g 4ERFAE

LSTM [#4=#K2 Long Short-Term Memory, ‘& & RNN (Recurrent Neural Network)fJ—Ff. 5 T1%
Ziff RNN, LSTM WHSIA Ticiz e, B 7o B AA B KBz oiag. sl 2 fros, LSTM &L
SN BT TUA SR T SN, AR R I AR S Y L iR .Y, B YT 2
X, SRS S SR AR . e N T, BRI R

i©) = o—(wi [h x4+ )
O = a(wf [h(, X0 +b, )
o = (f(W0 [h(t’l), x® ] +b, )
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CO _ D g £ 40 5 &0
h = o o tanh (C(‘))
RTH, o FEMET MR ITEEEMT, CYAF AN CMILRE, BRI IO S 5851
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Figure 2. Structure of LSTM
2. LSTM AR5

FeeRash (1)

LSTM R Jemi RS Kt F—ANRES, BRI 70 ESUE B XU LSTM R Bet% [H] i 25 1&
P ER, HEg—E2EPaE T —Aarm LSTM 5—/N 51 LSTM, AN ZIPIRZS B 8B A~ 5 Tl
RSB EED), ML RmIDaEE & b T ST, ARG, t 1 ZURES hOfiH 5 9T hY
g apkas W gasiin, B a0 =h0 4 a0,

ASCAE PR LSTM R A Zmtsas, MASFE RN A 3E 4T 9 b5, DLy Sl HREA) 1 N 45 BLROX
15 B ENC, LA ENC, 43 3l 7 R LA S A A b o, h, :{hS),-.-,hg”)} h, ={h§l>,---,h§”>} AR
XIS 5 N2 HRRIE 51 o {E S B850 F, PO ZRRRE he Bl N B A nt 28 A 28 Balie, T XURHRRAE h TN
FH T VR B R VMR A A

h, = ENC, (x);h, = ENC_(x)

3) VLR ML

SNV HURI I E BOE T R R 7 A W R e B A St P B 10 b T e . iy
PORFERFA, TERRRDAH R — AR, P A eI 4 RO 1D (query)Q 49 T 5 4 I 8
BB (O, 02 - WO} BB ey)K T ELARHE, (3205 MRA E(value)V IBUE R t N 216
SO TR ¢ 45 R
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j
c® = Za(it)\/(i)
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Hrr, aV FoRG t IR BT | RSO ERE. K Q, V INEH N IR & h
S FIBNK AR, f (%) W R AR . SO R o R BRUR A 1 0 LT 4

4) FHEE: 5 IR R

TR Z 1 H BFE TARIE TR0 SR ) (M XU RHE TR B8 . O T LA R RS 3R 2 PR B XURS 1R SO, AU 7]
OO AN B RS RE e, BIERE— IR, AR A A R STk AN R o A S Al
Bl AL A ENCs 4t O PP SIS IBUXUR RS AL, AL AR T SR BOL AN AN R 51 50 B oe2
WHTHI key A& EFERANLEIF, query 55 key BN, TIBZIIE O R £EAE AN A XU (8 FI, A6
R AR R FP 81 D TR I E Rl B 24 i 225, DR SR 4 7 2GA5 38 2 XU T P ) e 2 K

KO = o (W +b) M,

Hh BN ER RS ISR, B E SRR M e RYC s AN REEHEREH o /1> e 4E R M 1A &=
PIEZIMEG, o NIEFIEE, e NBRRAERIT: BE KRB @t srfAE, e 770U
RS AT AR gD R AR, ERAAKEN o« AR, BAEENESLT01], &
TRAT MR B PR

F R R HARA) 75 AR 2 ROk, U attention f9 7 20xE LIRS H bR XMUBS AR [RILTE
234 attention il HUXASRFE G » AR AL CA) T80 H AR AR B0 0 H G5 R I R A 17 5 B, o S RITI
Z, VRS I BIREAE SOV SR

s!!) = attention ({hs}, th))+ B,

5) )=

PR 1) L PR R K G i 5 PRV REALE ) B PR S R STAR o 55 bR S (R AR AL 2 DAy P 2 ARFAE LA B XU REAE 7 A
woy, WARFEA TR0 ET2ERG 1 XSS AL 52 SO G R AT TR . 1 S AN R ) 0 O 3 ik
AT, PR 4 AR e A HH R TR R

SCAKFAE R RASIEIE — A LSTM S, %0 t 4 i W [+ S0t 2 4 F B -

q® = LSTM(h(l),[C(I), )A((H)J)

W = softmax (O'(Wocd ®4b, ) / y)
Hoebt R g R AN Z0 R A e, dO A S I, W AU T A A R B AR
NI FERE, T AEVIZRINT B NE =R ()i R .

H T KU R P AE it A R B AT B0, gl St Bt SCAR L 7 MR =y T, SR P 13 . 14
FBOS LA RS 2200 — 2 A5 P20k XU AR AR B R A, el softmax 5 i .

WY = softmax (a(Woss(‘) +hy, ) / 7/)

f e AR O A KOINBCTS,  BROE P T IO o i T KRS ARFAE A e, B
MR GRE 7 > 15 21
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W = o) +(1-a) W, @ e(051]

3.2. KRH

N VAR RES X B R RRE 7T, AR ZRIDRE TP ARYE BT BE 1 s i 2k iR A

1) B iR 22

RT3 A [ 1) XK L R 5] 3 A ) T (R AR 2R TR . 2SR S i N SCASAH RV XU S 80, Y
%%M?—ﬁaﬁﬂﬁ,E%W@EE%%Y$Oﬁ?ﬁk%@%w{ﬁ%mwﬂ,%ﬁiﬂ%ﬁ%%
ZBkR, H

e =~ 109 PO ()

P = DEC(%",ENC(x),6}" )

ot PO ¢ i 2 BRI AR (OB, 4 o I UK SR A 6
AT ARE B, 5 By ZITHFAEATIRRL (X y) e X it flfb — %%ﬁ?%ﬁZ:ﬁﬂEﬁ)Lﬁlﬁﬁi/9%Xiﬁ%ﬁ”ﬂ£TrUH§?

l, == (X log p(y|x 5,)+ > log p(x|y.5))

2) B 1) 0 5%
Wk, MFEAERGT, WA AR AAHIT, 2 A E .
ﬁﬂ&%ﬁ%ﬁyﬁ%&%ﬁﬁ%ﬁW§$%ﬁ,ﬁﬁﬁ?ﬁ@xu&%ﬁ%%i FERS 2 A%
#FNEIREFP AT 52 5
l._gm = f4e (ENC, (X),ENC, (X))

c—sim

X T AN FE AR TXF (X0, %), BAERE, BB bk R s Pt FH R,
l._gs = fus (ReV(ENC, (%)), Rev(ENC, (x,)))
I _/lc(lc sim Ic dist)

AT XML, Sl om e RAE P, TS A AN R R e iy s F . DRI, AN Hah B30 —
KA o EXF TR BN S, R AT 1 XS IR, T 3 B RUARCIR A 3 91 B 24 A A1
FRIARLLRE s T ARHABAE -

Is—dlst ﬂ“s f5|m (ENC (X) Cs ()2))
l_gm = 4 T (ENC, (X),ENC, (X

s—sim

S
I :ﬂ’s(ssm SdISI)

KT, fyq (ab) = [a-b| HEMFEZ TR, T f,, (ab)=cos(ab) HEmRAIUL.

3) W

{25 VMR AT VR b B 6 4 TS (R L AR, T AT I 3%, o U
1 PR S R SRR S B O BB . KB R0 T R =[ @Yo 40 ]
BN/ 91, TR WO R AR P (35 . o ST F AR SR R language
Model Xt 442 Fe U4 & JAE S REN P 1, 6t R PSS D S R85 24 T 5 2

L = LSTM(Emb(LM(XIW v""w(t)>))

S LI B ST NN
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4. ZWM 55
4.1. BIEE

RIS FITHE AR B AE A [ BB 103& S, ASCHE LR J LB AR X AR AT I 2R 500t
A RA IS AR, NSRBI IIZEZ, DU yelp HAS RS BB A (R iEA) . & 1 JBR T Frfd
FAEIREN SIS S .

ELFER: Keith 5 N[1LH4E T 4 2 P A [F A 1 25 4 I8 H T SO WU 36 e AT 55 B 42
(https://github.com/keithecarlson/StyleTransferBibleData) # Ay H %} 55 J5 ) 8 N AFFIRAS, 24 F iR H i A ]
FIARARE BE R E T =AM AN R B2 B 56 5 - KOV 21 ASV, King James ¥4 5 36 [E BRI, BLEU A 68.72;
BBE #| ASV, AT S EEARUERR, BLEU 4 22.75; YLT #| BBE, Yong [R5 3A JEE MR,
BLEU 4 9.42. X =Fi-FATiERI 3L 18 i sk

BEHTRE: ZEIEEE L RE Wei Xu [2]2 AKTAE, MMk (http://nfs.sparknotes.com/,
http://www.enotes.com/) 8 4E T JLit 23 Hivb -t FEE R ) SCA, AE S G gl 5 IR PEA P PR A, FEILAD
T AP EATER, MAHAT] 4 AT SEIR AR VR S RS B 1) TAE A

Yelp ¥Fi&: VFET 2 a2 M gnih 7 i TAEEGERE yelp VRSB0 SR BT I 2Rt . A SR
TEAR N N (4T 0 250 X 4y SCA RS B R 3743 4 & 5 BN NRRESSAS, 2 B KLU R AR
Wit G T EEEEATE 63w Bl . T PATIE R, i 4 S S 1 77 O B R AR I
(% ¥ A o

Table 1. Statistic information of Datasets

F 1 BEEKERRI

W KK TR TR A
W 2 42,150 12 19,387
X% 5 186,416 27 51,529
Yelp ¥ 2 638,943 9 10,000
4.2. EERA=E

IS AR SRR S5 R ARABA ) AR N B 2tk AT LA

CE-S2S (Copy-Enriched Sequence to Sequence Models): Harsh %5 A\ [4]1FH 2 18] 81% 11 5 ol HEAT KUK %
AT 55, K B @ WL R0 e 7 v LR ARR I 0 — M o i TAR [RIAER U] LSTM 7R 952 g i 4%
LSTM 1E MRS 2%, JEAE 4N attention AL LA A pointer-network K3 sk R 301 .

Style-Embedding: >k H Fu [101% A\ TAE, KB A 948 1K 7 VLT S A1 55 B R 2R T
GRU M) gmht 35 5 A 2 2, A8 P X Brl ZRik g 45 A XK TE ORI A 25 1) &, 3 Ik 0] 7 25 ) EE 42 AN
[F7] 14 PR i) 8 ok 503 A B ) 1 ) XU

Ours-SE (XWER /11 Seq2Seq): {EASCHEAY () JEAMl -, M5 X gmbidds, SCARE E 775 XS 1 %1
YER TR —AN RS 741

Ours-DE (Wit #% (1) Seq2seq): (EA IR (ALRL 1, R I 5= 15 46 D9 T[] R 1) AR H ) B ORAGS
KA FEET 21 (i attention 45475, DRI AN BF 22105065 4 H 10 1) A 25843 A1 U K A O [ o
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4.3. & TEHR

AN F AE[2]-[13]H K2 DX o i ) o v 5 A K P 25 O B R P88 0 5 T VA AL R O

X EA AT IR EE AR, KR Keith 52 A [7189757%, Al BLEU 5 PINC 73 %7 1) i & 3 e 45 R )
MR SRR )15 BAna) 700 BLEU #is, o fedemfi iy, mAs) 7 55E4) 1
(K] PINC iy, ACRAERA) T OUFTRR R S, Z W5 R AL BLEU tH4500F

N
BLEU = BP~exp(Zwn log Pn]

n=1

Hrf, BP(Brevity Penalty) &t & EST K F; log(Py) it H AT 5% 511 n-gram 350, w, & XN
n-gram 7> £ AL .
1M PINC 73 B+ 540 F Fros:

pINC()A(’X):1_ii|Ngram(x,n)ﬂ Ngram (X, n)|
N & |Ngram(x,n)|
AT, Ngram(x, n)fXERA)F x [ n-gram 1|58, SZIGH n BUETE[L,4]2 8] PINC 0 BUAR AL T 02
HIRA) x H5AERA)F K HE SR N-gram FIEE IR AECR R S HPIME, 2448 a5 R A B R L,
73 B A o TR [AAAAE 22 5%, PNIC (1% 52 2 H AR5 i A) 2 [P B 5600 o AR SCR FH AR
PNIC it BB Y X Ji A1) F) OR B2 R

p =%ZiPINC()?i,xi)—PINC(yi,xi)

i p>0, ULEHRIRGENS A B N2 FEE R AR A0, p < O DR AR o A6 i) £ BR A0 1 3

TETCHBAE R, 8 7 VPAR AR L 2 75 MK SCAR A —Fh XA e 7 21) 57— XA, e DV ) 7 3252 %
A BSOS B AR T Je8 AT T Zhirui [51558 AR — AN SO 43 838 N FIW ORI e a5 2, HAESREe
I3 IR (AL 25 FIWT 5 N RV 45 A AL . RN AE DR yelp ZREH, ASCRA RA MR HT
TN ZRor ek, X SAFR ) XRE e Be e ST ATl . X TR — S8R, @i H A ka7 5 5 )
F ) BLEU 0K S e

44. BYSKRE

P R 8:1:1 R Nl e AR DA IR EE . T yelp 55 Shakespeare, ) F#% 8 20 1
KA LR R ABHEAT BT, FEf A /ANT 4 ISCAR 264 ORI 25885 35 ANl R84y o B3SO0k
Gi—/N5, ZJaRH Keras $2fL[¥) tokenizer FEXf SCAMEAT 7pinl HigpHE &, AL T 5 Mid Bl

“<unk>” o ZJERRHE A id BB SOA, KA1 one-hot JwAS R 1. EAR, I NLTK ZESREUER
RENA) T RIRVE S, R B ERL R, FA y1AE id R A

KT SR, 1A H B S E R /NN 128, XUH LSTM LK LSTM Fazsal K/ 256, %
H B 25K, IRt B WG IR 2% 4 100, batch size 4 16 X4k 32 46601 A SHUKINAL R
Fi ADAM 532, i Pytorch BRAS%. ik, 7E7b LTS XS5 dEES, SRR EIAE
Aee =05, 4, =10, A4 =02, 2, =02, A, =0.1; WM yelp #, HURMNER N A, =06, A4, =02,
4,=02, A, =05,

4.5. EWERS S
1) WEGRE S XAETEE
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I SAEAS [R) B 8 b 3 AR BEAT I . 7 Je 7T M BB R A 3 B 1 A DR S e H R D) 2
SR 2 PR« WER B, A SCH B WA OREE 5 AR T 1 T B 2658 StyleEmbedding,
HSEREEH N (W mhidas + ShAHEBE)VNRIEAM, X705 Ui LR RAUF e me )15 0RAF N 2 1)
Be1. Hik, RS 4E(Ours, Ours-DE)7r HHHR-ELA 2 5 XK, #H LG T B 2w 5 25 45 28 (StyleEmbedding,
Ours-DA), REMSTELFHILRAE B TVELE; T34, MR b, AR SCHR I IXUR 1 8 7 A LG T [ 5 1) R

1% I 5 (Ours-DE, Style-Embedding) F A7 5 4 I #2508 .

Table 2. Model performance for unsupervised datasets

F 2 RIEBHETHRER

it M2 RFF(BLEU) AR (ACC)
StyleEmbedding 21.10 87.34%
Ours-DA 22.92 92.06%
Ours-DE 2331 91.69%
Ours 25.68 92.34%

3 R A BRI SR, SR EEIEA AR E LT A AR P &R
B EL R WAT S5, FRAY) BLEU {H 1410 F %2k CE-S2S (S2S + attention + pointer), it B 54 58 4 (1) 8%
Behe 71 AAN, ASCEAFXS PINC 5 E AR T 3L 20, e re &) 74 e L ARXS R, BIVEE finfi

0 R A AT D B ek, REFIEA B
2) EMRE STV R

Table 3. Model performance for supervised datasets
3. AEBRIETRERY

A5 it H #r¥:4: BLEU A& P(PINC)
CE-S2S 30.25 35.73%
Shakespeare Ours-DA 32.46 28.98%
Original & modern Ours-DE 3251 24.13%
ours 34.14 20.21%
CE-S2S 64.43 15.85%
Bible Ours-DA 65.23 0.73%
KIV & ASV Ours-DE 67.96 -0.57%
Ours 68.41 -0.11%
CE-S2S 30.01 6.53%
Bible Ours-DA 33.62 5.87%
BBE & ASV Ours-DE 34.41 5.03%
ours 36.01 -4.25%
CE-S2S 22.18 14.17%
Bible Ours-DA 23.01 14.18%
YLT &BBE Ours-DE 23.45 12.89%
ours 23.92 12.64%
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& B F AR AP (BLEU) I Z AL B AR R R AS R R XS R SUA . 35 4 BoRSRAEE T, Al
TS RRSE B R HIE N A FE: PRS2 8] TR A AU S (KIV & ASV), MUAS(E B TR, W

LEPO A ih)-2

ARESROE T 0.820%38 50 MIREH 7 728K, AT B0E 2 (10 KU (5 ORI B . 9 B R AR

Wi, {EFR 5 FO S AR R B o 4 A SRHAT o

Table 4. Weights learned from data with different similarities

4. FRIXBHETHARGERNE

KJV & ASV BBE & ASV YLT & BBE

0.822 0.719 0.510

Table 5. Transferred sentences by different model

5. EWIBEHIERRHG

B AR Y SBIET BLEU PINC
I will never go here again.
Yelp styleEmbedding i will continue go here again . - -
Ours i will definitely go here again . - -
Source Thou chid'st me oft for loving Rosaline.
CE-S2S you chid'st me often for loving rosaline . 36.56 5.00
Shakespeare
Ours you scolded me often for loving rosaline . 68.04 12.74
Target You scolded me often for loving Rosaline.
Source | thank my God upon every remembrance of you,
Bible CE-S2S i thank my god upon all my remembrance of you, 100 0.00
KIV & ASV Ours i thank my god upon all my remembrance of you, 100 0.00
Target I thank my God upon all my remembrance of you,
Source Be on the watch against dogs, against the workers of evil, against those of the circumcision: - -
Bible CE-S2S be on the watch of the dogs, beware the evil workers, beware those of the circumcision : 32.23 —33.48
BBE & ASV Ours beware of the watch of the dogs, beware of the evil workers, beware of the circumcision : 66.90 —13.97
Target Beware of the dogs, beware of the evil workers, beware of the concision: - -
Source and Saul saith, "Hear, | pray thee, son of Ahitub;' and he saith, "Here |, my lord.'

Bible CE-S2S and saul said , hear , I pray you , son of ahitub . and he said that , here I am, my lord 35.30 —14.36
YLT & BBE Ours and saul said , hear , | pray you , son of ahitub . and answering he said , here  am, my lord 48.39 -13.11
Target and Saul said, Give ear now, O son of Ahitub. And answering he said, Here | am, my lord.

5. LR

ARSI T — P TR AP W 28 (XA e T 0. AEAR ST seq2seq HEZE B, SBIEMXUA LSTM
WA A FESRIUT HIUAE 2 CACREUA) 319 A AR5 KRS RFAE s R 5N KUK LR 55 AR O BB, X AR
SIS I RE, AT B e XU TR B U RIA RE 77, BRI AN [ XURS RS B o A2 A [F) SR Bl SR g S B R
X LU B 1 5 BRI AR S5 T 1%, ASCIN T A ie 1 5 W R R R B B IR s, T —
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