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Abstract  Deep Learning has many applications in natural language processing. The main role is
to capture the deeper semantic information hidden in the language structure through the deep
network. The motivation of this paper is that we use the word alignment of the bilingual sentence
as the guide to generate the structure of deep network, and combine these advantages of the original
deep translation model. The paper proposes Hierarchical Recursive Neural Network (HRNN) for
hierarchical machine translation model. Compared with the existing neural translation model, the
model is a better combination of phrase-based hierarchical translation model and deep neural
network. It has two advantages of Recurrent Neural Network (RTNN) and Recursive Neural
Network (RENN). The procedure of phrase and formal rule induction can be simulated in
HRNN, and the model meets induction procedure. In training procedure, the objection function
of this paper include the monolingual word-level semantic errors, the monolingual phrase/rule
semantic errors and the bilingual phrase/rule semantic error, and the semantic effect of three
parts are balanced in statistical machine translation (SMT). In decoding procedure, the semantic

relation among sentences are obtained by the semantic vector of partial translation result, and this
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method, which the semantic information is added to the syntax structure, overcomes the lack of

semantic information in the original model. The experimental results show that HRNN signifi-

cantly improves the performance of a state-of-the-art SMT baseline system, leading to a gain of

1. 49~1. 84 BLEU points.
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sigmoid’ (z}) & %] [f] & zézW?zg FEAILE R T

4 FREESMSENERNILS

it B B Je A R SCRRIE B &5 B g 2 bt T
ARAT 0 T SC 1) 2 2 AR B [R) X 5 A S . 78 i i
o2 T Ay T/ RO A0 A 0 {2 22 0 S 3 3 0 4 2
AR T X DI 25 345 19 3 86 5 3/ 0 0 ) i 2,
Mz AL BHEAT ST A ORI SCRRL9 T 7 i+ i
BRI B S BLUCR ¢  Ls AE A U X 36
BREL ¢ 903 B, Kk

E c Xz,

e PE(fe

s an
c
(e DES e
Horb s (fveva) 378 8 A X 5545 R R TE /% %
A X TR R MR E X (faesa) R A R TR
(foe) UG 518 S iz, F 17 SR A, 4R A5 8 I A
R 56 AR B IRIE F 1 i 2z A SR L
TR/ H bR LT /LI T S 1) 2 1] A A AR RE AR S X
R/ M CF ) BT SCHRFAE Ay (fve) s IX HLUR
AW AT
Ny Cf5e) =(24 52, (18)
bR 7 ROGEE SCR RS 8B IE S M H bR E S
(¥ P A BABAE SURFAE A e CF T O F e (€7 e) o 3
AR T 50K AL 5 A5 2 5 2 A SR A EOR
() TR SO B — 5E 1Y 22 57 BATE TR SCRRLBE ¢
fIE ST R g B A 1 P BE.
T X G v SCn) e B — 2 DL SO A [ 1 AR
S AR SO A R SCUR TR O /R 1
SCRUBPERAE hy oo (fve) s AN

12|

Rpwen (fre)= *2 2y X long( (19)
=1

FUARTE & M0 T/ WU T SRR R IR A, o (f 1)
5 Z I AR Fn B S B, 1 18 S 1) i — 4
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A ] T A R 18 SCfE B CRIEE SC1a) & 1) 43 Aii i [n]
TP s R BTG X T TR R Y 3 SCAR AL
JE il B 5 BE R [ T 38 A BORR B /UL X
W SBREFE RFAE hiesen (f 00 30 38 38 32 IR0 5 15 X 1A)
itz FH bR R SR X iz I8 SORT R BE R IR TR
B E HARE F W e &, R A 5209 A
RLAIE AT TE 5 5 S 1 AR T 1Y ] 4 5 (0] vh Y5
& A H PRI T ) 2 ] Y

AR RS o) AL = RSERHIE, BRI T

() 5 G5 By b3 v R A, WA 7 1) 0% B0 336 2K
PS5 1] 3R]V AR L 5 J0 i 5 B AL , 1) B8, R AL
JE A JE TR 1A H 25 AR

(2) 3 SCHRFAE. U i SC A L (Bilingual
Semantic Similarity) , 4~ BL1E 15 X AH L E (Mono-
lingual Semantic Similarity ), X & & X 5 & &
(Bilingual Semantic Sensitivity) , B 4~ 5815 & X 4
J&% % (Monolingual Semantic Sensitivity) ;

(3) i i R AIE. 8 430 O3 3 3K T 300 k) R AE
%5
il B 7 ¥ SR 48 M i R B2 M AR B (Log-
Linear ModeD) , Hif# 3 AT .

N(F.)= argmaxy A h(F.,E)

N(F)SGENF)

= argmaxy E Ajhi(F E)+
N(F’.)Q(}EN(F’.) Jj
P

standard

D Ah (Fi E)+ 20,0, (Fi L E) (20)
k l

e NFOREEANEIES A1 F AR
N-best 25 5, arg maxy & F 2 5K fi# i 25 [8] f7 N-best
R0 6 B PR 45 SR L A AN ] i, R (F, ED J2 IR )+
F A J 0 e 1t B 4] F £ 22 ) B R AE 1] =, B)
Gt SCFE AR J2 Gl A B0/ g i SRR AR (IR
A T ARAT . KB 14 A ) 2 DS 3k S B AR S
KPR N-best (1) CYK #4735 U5 . HL7E fif i
1R JE R AR R RN 647 5 HEJF (Re-ranking)
TXRE AT LA B KA i B 22 ) R A7 i i LA 2B B
i i 25 5

YRR 48 40 232 8 1 B 2% (Bootstrapping) i M
AT

(1) 45 78 PSE BE  Z 8w i AL b il SRR
Abicphr s A f-phr s Aephr » Abisen s Aesen s As-sen BB K 05 BHIE R
GEARPE AT 15 B A L N-best B3 1 5

(2) [ 50005 AT SURFIE Aviphe s Apphe > Acophr »
Abisen s Ae-sen s A ssen BB A 1 SR L4 25 (L-BFGS)

XPUR BE M 2% b A7/ JC W B AR 3 B 3K O s O, F
Oren AT Al 1. 3 26 [ 5 25 19 28 19 25 1 4 =
(Derivation) AT DL i 52 ) £ 4 380 3 52 B, oA 3 =X
ULCL5) FI(16)

(3) [ 5 TR BE Pl 22 28 () Z 3K Orec » Oy T O »
TEFF R AR BT RRIEALE 2= 2. i TASCH R
TR AR B A AR HE AT U0 2 B DA RO HE ) A
A (Pairwise Ranking Optimization) #4751 2.

5 £ I
5.1 B5igE

J2 R AP 22 I 2% 2 1) 1R A 1) 1) 4E A
n Ay VB 4E R 50,100,200, L-BFGS )2 3]
o P BB M SR IR 25 SR 38 R 0. 01 % TR (1)
P Z o F1 B LA 0.05 AT 0.1 3] 0.5 i#
77284k, Hop o=0.2,83=0. 15, i I A M B B i 1
s ke 3 5 FE AR D YO TE B B g R 2 L AR
Fe/N & RTNN RS 5 A8 42X (8) DL K H:Ath 85 44 5
B 8 AN IEMAL R 2 CEA R IEE N 107 3] 1077,
HKN 10D 2R A M 4515 38 R fE L kA
L TE WAL 2 5 B Aw, = 10770 2y = 1077,
Ayt =101, Ay =101, Awl = 1077, Aws = 1072,
Awt =107 1Ay =10 FRAT A BUAE U = O A U
L2 BB/ T B AR BB T 5 0 I 0 A2k
AIAE AR B/ 2 B R0 5 T I B A S fih 2 vh
EAE RSB 2 RNRE 5 00 15 S 1) &7 A
RURERFAE A T kA 31 7 n i A A .

I I LA A, ) ik i) ) o SR FH O 20 4 28 ) 2% 3R A7
NS . FATTAE I JF U6 T2 A2 ranlm™™ 78 K #L
BOEE & AT I %R, A48 5. 2 5 iy SMT Bk
YIGRIERL B A 5 3 R Gigaword 15 R 1) H 3 ST
gy Ch 3 & A 30 M A H1 1G Ry ia], e SO & F
7M 41 FFl 238 M (1))

5.2 SMTig&

ARSLHAE NIST rpb A7 96 S0 BHRAT: 55 vk AT
YL IE R LDC2000T50, LDC20021.27, LDC2002E18,
LDC2003E4, LDC2005T10, LDC2005T83, LDC2006ES5,
LDC2007T09. XL ifr ik & A 0. 99 M 4] %, 31. 3 M
i SC TR AR 32, 4 M B, f# F Gigaword 35 8 F AL
HINZRIE R B AR E 5 U1 2tk 5 B8, {1 4 4k
WA B (Feature Decay Algorithm) Y 33 3 X iE
kL T & 4R R & NISTOo2, i 4 4 % 1Y 2
NIST05,NIST06,NIST08. Xf F AU & #} ) 7 kb B
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BT SR I KA A 347 v SC533m) ] tokenizer.
perlChttp://www. statmt. org) 473 43 1A]. 48
i F Berkeley LM™ T HI %5 5 JC 1 & BAL, %)
57K GIZA ++ #E 47 B X 55, SR J5 i H Grow-
Diag-Final-And Ji§ % =X # W 38 1% 2 % £ (% 6] X}
FF.h T IR AE OB RS R R B R KRNSO
By 5 ¢ BLEU™ 3 47 3F #, JF R F 8 R #
(Re-sampling) Jy ik % B 45 Rk 47 48 11 w5 b
56 (Statistical Significance Test). %3 15 i Bt % H
3+ Hadoop Hi AR M JF IR 2 48 Thrax ™ . fif ith 2% %
FHZ WAL B 1 52 8 FF 5 R 8 Joshua 5. 0% 1Y figk i
i

g 1 2 e R 2 I 2% B U A Ok B
AR S0 i i 25 A I 5 BGE A 6 B 3R AT g, H
LA T 20 7 2ot 2 /R D0 X8 ke A B R B i 2 ) 2%
AT N F T REXT 1. 37 ML TS BENXF 2. 13 M, Jf
ol FH 330 2 5 0/ R I0 6T % A AR S A R R/
FLINRE AT 38 8.
5.3 ZWRERESW

(1) 18 SCRAE R 2. Sy 1 H s SC 1) 600 i3
4 BB 1 52 M 12 Ak ol 22 0 258 1 A A AR A 43R
PINFER R 58 A AT IR SCHFAE ) baselinel F1AN
KB RAL RN baseline2. baseline2 (1 52 i i 72
FEA S HRNN A [A] s H o 780 2o /% v A 25 08 X
FE LR UG S N H AR TE S0 T /R i 2 R
b, SR UG 5 M H AR5 5 00 3 22 043 19 75 B e r
FELTR / HL T8 SC 1w & [F] I baseline2 w4y XLik i
SCAHAL P P AE .

T B AERAE A AP AT E S i A BLE
AE - WS SCA L SR AE (bssm) » XUIE 18 SRR E
FFAE (bssn) s BRI BB FFAE - A TF 1F SCH LR R AR
(mssm) , B i SCRUR M FRAE (mssn) . fiff FRL 4R 3%
IRTERS IR FE AR (p<<0. 05) N B EF MM T L R 4.

1 i ag i T AR S A5 R ALL KR 8 B
A B TE BT — &2, AT K B baseline2 1Y 14 fig
FEAFN baselinel —#F , FEA AT FRAFIE A5 B LAY
o B 25 L. HRNN 19 45 3 23 B AE 3 A~ 48 A
ALL I 34k baseline2 43 #2785 T 1. 31,0.9,0. 85
A1 1.56 BLEU 4350, W] 7 X 5% 5 B 76 s it A%
) T SR FRATTA e B 0 DU I SORR IR RO
R B R AR AE T RO B TR T G 1 SRR
ARG E B — 2, BRI SO AR PR T B0 E R A
T B PERR LT B A 52 00 o PR ot 33 W9 fin A BT 15
SCARFAE RO SR R AE i HRNN A 2 5 2 vk
AW ST B AN R L B T OB SRR AE AY

® 1 TREIENHEER M

U5 NIST05  NIST06  NIST08  ALL
baselinel 35.98 33.88 30. 17 35.12
baseline2 36.02 34. 22 30. 17 35. 27

HRNN (bssm) 36. 82 35.83 30. 80 36. 22
HRNN(bssm-+ bssn) 37.22 35.09 31.02 36. 82
HRNN(bssm+ bssn+

37.33 35.12 31. 02 36.83
mssm-+mssn)

R T BRI SC ) 4E RO B PR R RZ e, 1
T3 SO R 2E RO R E 7= 50,100, 200 £ 52
. n=>50 &% 1 ff HRNN(bssm+ bssn—+ mssm-+
mssn) PR, CER 1 P EIIXBEAHIE. 76
# 2T LIE R, A 0 BUT 248 AT BUE F1HL
W SCRRIE RS HRNN 87 [ 25 54 g # T 3L £k
Z 4 baselinel fll baseline2, [ B} fE n=100 ;x5 T
HFPERE AR 3 IR A A Bk AR T 0. 22,
0.54,0.64 F1 0.28 BLEU 4%, th 3t =& 56 n =100
FE 08 B - 1, IX 53 4 1 RR 1) B R 45 2R

x2 BUYREBHHENTEFEEMNZW

VRPN n NIST05 NIST06 NIST08 ALL
100 37.55 35. 64 31. 66 37.11

HRNN
200 37.52 35.52 31. 64 37.08

(2) B/ X0E B Gihh s X T RS B m. 1
M3 BB S5 15k A (Mono-lingual Phrase Embedding)
RS 45 15 #x A (Bi-lingual Phrase Embedding) , 7F
Y SE S 43 1 1 5 25 MPE F BPE. 548 5 1 ik
R T7 125 00 2 48 1T 50U 1R S 1) i TR A
B R AT TG MR I s X T AR ) B T A fi
WA B AL, & 3 P 45 X — 28 3 il P B
2% 5 (0 9 SCHRLTR 19 43 A 8 B IE RE R EE CERRAE
B (e’ s e) BRUED HE BT =475 T ok . & 3 MPE
A L) JEL T I T 3R SR 0T BPE A2 iU 48
HAERENEE U] T BRE # i HE S i
AR T EIE A L.

R3 WEEEBRANMBEEIERANRE

Phrase MPE BPE
1. do for the office 1. work for the official
2. work in the 2. do something for
work for the
government government the government
3. do and work in 3. do things in the
the office government
1. an official worker 1. staff in the office
an office 2. an office employer 2. employer working
worker 3. a government for office
worker 3. office staff
1. the same thing 1. simultaneously
the same time 2. in the meantime 2. concurrently
3. same meantime 3. meantime
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task. Many effort is devoted to this direction. Current machine
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target function includes three parts, which are the word-level
semantic errors, monolingual phrase/rule semantic errors and
bilingual phrase/rule semantic errors. In order to measure
the semantic information in the machine translation system,
the decoder join not only the bilingual semantic features, but
also the two monolingual semantic features of the source and
target language.
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