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Abstract Variational approach is effective in the field of machine translation, its performance is highly dependent
on the scale of the data. However, in low-resource setting, parallel corpus is limited, which cannot meet the de-
mand of variational approach on data, resulting in suboptimal translation effect. To address this problem, we pro-
pose a semi-supervised neural machine translation approach based on variational information bottleneck. The cent-
ral ideas are as follows: 1) cross-layer attention mechanism is introduced to train the basic translation model;
2) the trained basic translation model is used on the basis of small-scale parallel corpus, then get large-scale noisy
pseudo-parallel corpus by back-translation with the input of monolingual corpus. Finally, pseudo-parallel and paral-
lel corpora are merged into combinatorial corpora; 3) variational information bottleneck is used to reduce data noise
and eliminate information redundancy in the combinatorial corpus. Experiment results on multiple language pairs
show that the model we proposed can effectively improve the quality of translation.
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Fig.4 NMT model after integrating variational information bottleneck
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Table 1  Examples of the combined corpus structure
TERE TR 1R EE7NT=RT N
JRAR1E R D, Dy,
BB D, —

P PATER D, D,
AR Dy + D, Dy + Dy

3 SRE

3.1 #HIE&E

ARSI AT A 0 B A 1 38 FH B SR 1 9 P AT
WERRIR, £ 2 BoR T PATE R IR RS B M
SARIONFEAEA FIFBEE S FER, RN
FIABE 1) B s 45 R AT X LL s 56, /N RS I SR Rl o
BE—Bk ., TE— R ORI BT IR R SR B TWSLT15
B4, AT tst2012 1N RAFE BT S 3R
PR e 4 1 FE tst2013 1E Il B8 847 I3k
IOUE. KAEUIZRok f WMT14 #d54E, irdef
MRREE S 7K F newstest2012 Al newstest2013.

x 2 CPATIBRR K

Table 2 The composition of parallel corpus

TR Mg ESE IS RirE k4
IWSLT15 en<svi 133K 1553 1268

NUEEEA7iER TWSLT15 en<>zh 209K 887 1261
IWSLT15 en<>de 172K 887 1565

KHBOE4TiER WMTI14  en<rde  45M 3003 3000

VE: en: JEE, vi: MR, zh: PO, de: fHIE.

# 3 WoR T RIETER A A L, SRR T
ohOH R R, SR AR A T T RL SRR T
GIGAWORD #4545, Bk 1 J7 1 Jy B X TR B
N RIS 25 -G A S92 1 M s i E iRk IWSLT
A WMT _E S — PR AT 55 b, 4 A i et
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AT R, A SO BB EAT PR AE AL TRAL 2R, A0 45 14)
ZJF N VRSSO R/ N N U SN 32 U i Tl
F45 R A0k +E BPE 1E N EUE R G, TR
A g )2 KN RCE N 30 000.

R3O SEIGA AR RIEE R A R, PR i
i A SR R I A R

Table 3  The composition of monolingual corpus, in
which Vietnamese was collected by ourselves

TREAESS BE HHEtE H (M)

en  GIGAWORD 22.3
en <> vi

vi None 1

en  GIGAWORD 22.3
en <> zh

zh  GIGAWORD 18.7

HAEER

en WMT14 18
en <> de (IWSLTI5)

de WMT14 17.3

en WMT14 18
en <> de (WMT14)

de WMT14 17.3

3.2 BHERE

ARSI FE LU B v R 4
1) RNNSearch #&8Y: Jfth 25 F1 #6545 70 71 K
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MR E AL A BRI CE, S E RN R B RIAR 3 AE BT A T BT 1R E
i3t dropout. HAS 7 PEREFETE. DATE IWSLT15 £ 4 L fli—
33 FEER LRI PE NG, AHEE Transformer FEU#E R S, @A
Pk e T T 0.69 A BLEU {H. [F] i AR 98 £ 55
AR RPN EAGUER) BLEU B 1 41F FHPRAT 55 45 T LI %3], BLEU 15 (42 7 FE B
Wrda s, VRO IENAS R F RN S AU multi-bleu. FH IR B, Bz R — ATl RE
perl. J T W Z M EVFAN BRSO BT &, A5 AR JRRR AR BRI T, 85 2 = 1 A F se 8 42
H RIBES #4774 BhFI. RIBES (Rank-based in- i 58 22 (R RAEAE B (AR SR AR X 5 J& AR 5 M)
tuitive bilingual evaluation score) J& 7 —Fh PEllHL FONEE. MAEREFEERNARET, AT ER IR
ZRFBETERE R 7L 5 BLEU PFIAS [ 1Y &2, RIFBIANGE RSB EER NG EE—T
RIBES Pl 7 12 5 % VE 9 SC A a] 7 2 15 1R A FERE AT G, AN RSB R AR T
4 SCIREEBAMR B, 1&%7)@%%??%@%??%*4 xﬁé%ﬁ%*ﬂr
RIEEBI TR, AR 5045 BIMSEAT 1 5 2 (M e 5 b
AT Jeil i WA B RE VPN TR AR 0T H H AR Y 1k,
# 4 BLEUEIPFMEE (%)
Table 4 Evaluation results of BLEU (%)
BLEU
B en—vi vi—en en—zh zh—~en en—de de=en ende de=en
(IWSLT15) (IWSLT15) (WMT14) (WMT14)
RNNSearch 26.55 24.47 21.18 19.15 25.03 28.51 26.62 29.20
RNNSearch+CA 27.04 24.95 21.64 19.59 25.39 28.94 27.06 29.58
RNNSearch+VIB 27.35 25.12 21.94 19.84 25.77 29.31 27.27 29.89
RNNSearch+CA+VIB 27.83* 25.61* 22.39 20.27 26.14* 29.66* 27.61* 30.22*
A +1.28 +1.14 +1.21 +1.12 +1.11 +1.15 +0.99 +1.02
Transformer 29.20 26.73 23.69 21.61 27.48 30.66 28.74 31.29
Transformer+CA 29.53 27.00 23.95 21.82 27.74 30.98 28.93 31.51
Transformer+VIB 29.96 27.38 24.30 22.13 28.04 31.24 29.16 31.75
Transformer+CA+VIB 30.17* 27.56* 24.43 22.32 28.11* 31.35% 29.25* 31.89*
A +0.97 +0.83 +0.74 +0.71 +0.63 +0.69 +0.51 +0.60

A RIREINCA+VIBJEAHE M RGMBLEUERF, * FnHF| Hbootstrap resampling® HHAT T W EMALE (p < 0.05)
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IR SRIGE R T AR SCHTRR 7 AT AR AN [FIHE
ZRAEH, AR T SR IR AR IR R
JEHAEFAT BRI Z MR BRI R, Al 78
G3 R AR N 26 % 245 BRI K5 &, R @
FRENGE S B R, IR S s
SPATERE A RS

MY WSRO B[R] N B R S AR
SRS G EAS F R 37 17 | BLEU {E 3 T CR,
AR T oy 2 Bl 2 A A R R R O VR SR A
4 s TR g R DL IWSLT15 £ 45 i
UL — R 3 9B, FEXT T Transformer 2:4E R 48,
S B 2 R IR E B3RS T 0.33 4
BLEU {E T, 1M Bl i 22 0 (5 B &=
0.76 I~ BLEU &, &5 & MM &G s T
0.97 4~ BLEU 4.

TH R S0 25 AR BH AR ST ER PR M 7 VB AT LA
M7 N B T B AE S b AT LGS A . Uk
RN IS 250 B R — 5 ORIk A AO$ T, T 4E &
ER MRS, WERTS 7t — 2 m$e Tt Rtk
TN, 456 S 2 E R ST (5 B SR
TEA BUN KA B2 1 R 3 THR 3 o

BEAL, B ASCRTIR )ik S Zhang 50 $ H 3
FEE I S B A IR 7 VR AT 7 X EE st 1%
T ARG 52 21 5 3, e kA i Je R Rl ik
BN PATEARL, K BN 5 18 i B AL SR A
THAS B ARACIR R H b A B Fr 205 0 B Y se
TR R R BRI T NIRRT — B, SRIRE
BRI S B 1% 53CR B SFATER Y WMT14
FEABYIZEE (4.5 M), FIEIEREILE News Crawl
2012 (8 M); H RNNSearch AFEREAY | 2 #f
AN BN 1024, RN GEEE R E N 256, it
WR/INBESE N 128, A7k, [FIRHER T 8820
VAR IS iR TIN

WL 5 HSEIG S R TT DO E B, AT X b
T i, ARSCFT IR AR S N -5y m) R EAS T
1.13 A1 0.67 > BLEU 1 H#2 7+

25 SIAERE IR (en-de)

4.2 RIBES {&IEM

ACHFH RIBES 7755 IWSLT £#E4E 4 2
ANE X PPIN 25 B 6 B, Herb it R AL Ry se
WZ W EE TP Transformer #4. FR A1)
DAL S 2 AHEIEUE R Ge, BhNES E R P 5
TEFTA B BT 5 L35S T RIBES {HM#EF, H
HRE— R S5 b, $2 T T R 1Y 0.69 4 RIBES
B, 7EULIEAE B AT A AR 05 B S B AL, W3kAG 1
1.45 4~ RIBES {H 132, Rlbseh et BB, M
FEMER G, NS 27 = L AT 5835 PR S0 )
SHME R, BRI TR FRACKIER. 72 2
A A FAR A5 B EI J v8, AE R R SO 2L B A
(A .

#* 6 RIBES {HFIZE R (%)

Table 6  Evaluation results of RIBES (%)

s gy VG BEUE s P EER 1+
TR LR 1 =1 e ad
FEEA I SERET R Y e R A4 B

en—vi vi—~en vi 74.38 75.07 75.83
vi—en en—>vi en 74.29 74.70 75.64
en—>zh zh—en zh  72.87 73.33 73.83
zh—en en—zh en 7181 72.25 72.55
(I\ifnsZiim de—en de 7981  80.14 80.96
(IV(\lfeS_I:;IiE)) en—de en 7848  78.88 79.61
(\;ETde‘) de—en de 80.15  80.40 81.29
de—
(WBM;&) en—de  en 79.33  79.52 80.07

Table 5 Comparison between our work and different
semi-supervised NMT approach (en-de)
kit MR SEREEIREEAY  UEERL BLEU
en—de de—~en de 23.60
Zhang et al. (2018)
de—en en—de en 27.98
en—de de—~en de 24.73
this work
de—~en en—de en 28.65

4.3  RAITFLEHIERK )RR

T B EDWHL IR RN B R A I 1S R
Re (e ik = 2 W 48 I A)vk g5 b (s IR s, (R B 56 IE fik
N BRI & BA A EEERIEH, &
AR DR RS R R ALE L T 300 A BESL, I
XS ot E AT 4 BT

F TR T /MRS (TA CAL CA+VIB
SRR EGERE T BEEE I BEEE I
G BRI E): ¢ W SCIRA) K ZER R
GIE T, FARERAMN LG R IR 4
f11% N “Found that the train had gone”, A
SR/ T QBB IS BUA) TGS M A E R RS 2
VERSIHLEE RSN “It was found that the the
train had left away”, #KHKE R F B M4, A
FEMR] T 5. X4 EE 300 A)EESCHEAT 4
MroR B, BN S 2 B LG = A R iR 5, 4G
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S 48 %

) e B G 5. Rk, SEESIEN], AT ES R R
JINL, 782 =T B S W 2% P 7= AR (R 1) i AR 2 )
TRRFAE [RIIN 68 27 30 v J= I 86 Bl 7 2 1R AR S F e
AEB BA e, A B TR T ) 7 S5 i e BE 1.

RTP-IERES

Table 7 Chinese-English translation examples

[TA] Found that the
the train had gone

[CA] It was found that
the the train had left
away

[CA+VIB]| It was found
that the train had left

KEW KB It was found that the
BZ4JF7E T  train had already left

4.4 HEFEIFLI

ML BE D, PomiE R R A EE T
B R R L A R R B IR 5T, A
Bl 3Ry @ Dy AT TR SR B R 78, (H il T/
FEF ok = R I EE S, SBOREIEY e K[F
AR T AR S, R g1 A I R R I i
55 4.3 WHISEI A DL, BUONES EVE = UL AT BLEE
fifp A 5 S R B R T AL, ER BE T R ) R A L Y
AEE. R 7 RREIT LW R FIHIAE S
THEAR RIS, “the” #EERIE T —k, MAE
fEHEERER A, RN “the” A #LHFE;
[FIF B AR “gone” BB S EL “left”, (HH™
AT 2RI “away”. B, B EVER IHLH] 5

mgﬁ@®~5ﬁ &
s 3 2 2 28 £ % % E
E EE EBEEBEBRE = 8 <

KT -

B+

KAt

a4t

Tt

T.

(a) WS 20 5 VA7 A P 1) it

(a) Excessive translation problem still exists after

integrating cross-layer attention

SRAENS 4 FH 5 22 R RREAS EORIRTH ) 1 (1) e 8
P, AH I AR e B R A R R L X A, AR
FERIN S Z 0 = 0L Ja R A2 4015 B Ss A,
FEXF G R EATATALAbHE. WE 5 s, BT LU E2
F|E 5(a) FICRE “the” Fl “away” 7EE] 5(b) H
2B, BRILLIAR, 7EE] 5(a) H, T HEA{E R “the”
F “away” L, 15 “train” F1 “left” 53 3CH
RYF FEARXS 48 Tk B 5(b) nT DAMLER B, 7ETH
bR 7RSS G, BSOSV AR .

4.5 FEXKE

ASCK MR S S A THRKES R 8
S, SRS VTR R = AR 0 AH B 1R ST I R D
BRSSO RPN S5 SR an ] 6 BT, AT 6(a)
g E, g E T W b, R R R
B (CA) J&, BEAlBIRAE R A= AR 0 1R SO K REAR
TAENEEHE R A ML G (TA). TMAEILEER
A o1 BOER fG (CA+VIB), 7£ X [d] [10, 60]
IR SCK B = TR HE R 4, TR R K JE X (A I
TRWERY. LR, BETE YLD 5
%2 ZHFE, fef Rt T SCR)K. AE R A2 505
SRS R AT e PR A B RS, BECKE TR RE,
BAE PR SCHE AR XA [10, 60] PIATIHE T3k R 4.

4.6  SEIHERREME

AR A5 B AR S50\ 0 52K R SR A A=
ELAE NI, RIUEASCAERR 4 B AN R 0083 7
[ JETF 5256, 7t 17 A O [RMEL I ORI ORI 7

E - =1

@ = < 2 = < =

= =2 £ & B & £ 3

J(E- f
wi
R
[REZ4
i b
T.

(b) 25 EIMSNZ A 13 S 5 ) it
(b) Variational information bottleneck alleviates
the excessive translation problem

K5 EIERCRTTHAL

Fig.5

Example of translation effects
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