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Abstract Machine translation quality estimation is an important task in natural language processing.
Unlike the traditional automatic evaluation of machine translation. the quality estimation evaluates the
quality of machine translation without human reference. Nowadays, the feature extraction approaches
of sentence-level quality estimation depend heavily on linguistic analysis, which leads to the lack of
generalization ability and restricts the system performance of the subsequent support vector regression
algorithm. In order to solve this problem, we extract sentence embedding features using context-based
word prediction model and matrix decomposition model in deep learning, and enrich the features with
recurrent neural network language model feature to further improve the correlation between the
automatic quality estimation approach and human judgments. The experimental results on the datasets
of WMT’15 and WMT’16 machine translation quality estimation subtasks show that the system
performance of extracting the sentence embedding features by the context-based word prediction model
is better than the traditional QuEst method and the approach that extracts sentence embedding
features by the continuous space language model, which reveals that the proposed feature extraction
approach can significantly improve the system performance of machine translation quality estimation

without linguistic analysis.

Key words machine translation quality estimation; sentence-level; word embedding; recurrent neural
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SRR AR, B Z WG T HIL AR P S R R 9 S T
MY SZR. S T 20 B SO R B L — 2R gAY
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ATTASE FH 28 U b 22 X 238 1 5 A BRI = A 1
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4.1 KIGHEE

R T BRI T R 2% I 4 REAE 19 1R SO A TR
L FRATIE WMT 15 QE fil WMT'16 QE 41 1 ¢ 5
BRSO AR T AT 50 LT T K. WMT' L5
QE 1T 45 VEA 35 15 21 75 PE 5F 38 J7 1 (% 13 5 L il
WMT'16 QE {F: 55 W 4y 9 1 21 78 15 J7 1) (19 8 0% o
L SCI A R S AR T AR R R R AR G i
WL 1 R Hoep 2 W 28 B AE I 2535 B WMT
PRI 7 % A U0 SR GE 1T HLA8 B0 2R G2 1 RUE 17
TERE % BB LR O T a0 E AR o 1 R 43 1
K YN S5 1) 1 09 3R 1) B R 0 AR 2R N 45 0 R .
FE BT A TR FH A 386 L #E 4T T 455 1k (tokenizer)
b B

Table 1 The Corpus Statistics
x1 BRAEST

WMT'15 QE WMT'16 QE
Corpus
English Spanish English German
Number of Sentences 3.8M 3.8M 4.7M 4.7M
Neural Net k Feat
curel Network Feature Vocabulary Size 715. 6K 875. 5K 927. 0K 1786. 3K
Training Corpus
Number of Tokens 102. 0M 107.4M 119.5M 114. 1M
Number of Sentences 11271 11271 12000 12000
Training Set Vocabulary Size 23.1K 24.5K 9. 1K 13. 9K
Number of Tokens 232. 7K 251. 5K 196. 8K 205. 6K
Number of Sentences 1000 1000 1000 1000
Development Set Vocabulary Size 5. 4K 5.6K 2.9K 3.3K
Number of Tokens 21. 1K 22.7K 17. 4K 18. 9K
Number of Sentences 1817 1817 2000 2000
Test Set Vocabulary Size 7.8K 8. 3K 3.8K 4. 6K
Number of Tokens 37.3K 39. 9K 30. 7K 33.5K

4.2 EIWHER

R T HCEEAN [R) R R AR X 136 SC o Ay 1 A9 P B 5
M) S5 5 H G — R FH SR 1] o 18] 05 J 32 A T B o A
TR, PR BE PEHr 09 35 48 bR 4301l i Pearson Al
Spearman p, 2% 545 i MAE, RMSE f1 DeltaAvg.,
H: 1 Pearson r,Spearman p 5 DeltaAvg {H# K , £/~
PERE AT s T MAE 8¢ RMSE (B8 K . 7R Mg il 2=,

TG S5 R AR SO H Y BT S B ] 0 A8
YR B 3 fife A 28 i JBCm) - [ i R AR 09 O 1k 1 3 2
23 W) o A B YA R AT T XL 8 T 5 Shah 48 A

P T IEE AT A T E VRS R B bR E
Vi 1) 1] ek 24k B8 Ol 256, SR BB R SF 1 05 1k SR O
BEE AT MRS AT . R 2 Mk 3 4
B2 TR R Y A ] ARAE A WMT 15 QE Al
WMT'16 QE £ 45 I (9% SO & Al it ae, 311 &
P FH bR S BRI TN AR AL (word2vec (256)) 1A
B4 43 FR AL TR (Glove (256) ) $2 BUR) F 8] f2 BRI 19 7
TE Pearson r fl Spearman p A CHEFE bR L3 T
T 4123 (8] 18 5 B )7 B (CSLM(256)). T 1% 2% 25 [6]
WS B v T AE S R softmax TG BRAICK 4%



I s T 45« 0 2 0 4 AR AT 114 /) R0 9 SR Al T

1809

PEABE R 2 2% 58 v 49 i) () Sk [ 22— . 347 H
32K AAR] ) o T A L R AT (1) iR /N TR R
TE B R 7 WMT 15 QE 5 Il 2535 kL B Ar o
NC A 1/30, 17 WMT 16 QE "X il ki At
A sy 1) V3t 7 1/56 3% 5 B8 19 PR RE AR, R

Table 2

FAT 75 R T e A0 v B oA 2 g ) i) AR AR B9 5
i AH R B R AR B B S R B A A
K AR B TR SEVERERY B THABR. O T L I
B0 22 S TP s SR T LT SRR ) 00 A TR i I
ERGE S

The System Performance with Different Features on WMT’15 QE Tasks

K2 ERATFRMEIEE WMT'LS QE £5 £ REEHIEEE

Scoring Ranking
Feature Sets
Pearson r MAE RMSE Spearman p DeltaAvg
CSLM(256) 0.198 14. 253 18.722 0.182 3.293
word2vec(256) 0. 300 14. 495 18.116 0.287 4.780
Glove(256) 0.329 14. 487 17.970 0.320 5.699
Baseline 0.229 14.733 18. 394 0. 205 3.659
word2vec 0.332 13.613 17.745 0.311 5.645
word2vec+RNNLM 0. 354 13.564 17.602 0.329 5.907
word2vec+RNNLM -+ Baseline 0.357 13.564 17.573 0.330 5.940
Table 3 The System Performance with Different Features on WMT’16 QE Tasks
®3 FERATRREMHFIEE WMT'16 QE % ERGH HaE
Scoring Ranking
Feature Sets
Pearson r MAE RMSE Spearman p DeltaAvg

CSLM(256) 0.167 14. 663 18. 960 0.175 3.316
Glove(256) 0.328 13. 827 18. 474 0. 366 5.964
word2vec(256) 0.351 13. 642 18.209 0.391 6.388
Baseline 0.367 13.353 18.055 0.396 6.679
word2vec 0.412 13.160 17.600 0. 443 7. 445
word2vec+RNNLM 0. 441 12. 891 17. 353 0.468 7.955
word2vec+RNNLM+ Baseline 0. 454 12.766 17.197 0. 482 8.109

R R FH B A B ) ) e 4k 45040 6 ) ) A
fECHE G 22 4. 2.1 /AN R 4. 2. 2 /N b ig) ok 3
SR T S HE A 17 A FEMEFRRIE (QuEst J7 AR ELE
FROED HEAT T HhAL. SEge 45 R R W] spali R H] bR 3¢
B JE) T 000 AL TR R A ) - [ R RRAE (word2vec) , 7E
WMT’15 QE #l WMT’16 QE {45 % i E A5t
BRI 3 B 2 AL T QuEst FE MEFRE (Baseline) (1)
PERE. i — 20 A [ RO S 0 T A 2 TR
FEAVEAE (RNNLM) 254, 78 WMT'16 QE £ 4 -
T4 A M R % Pearson » [y 0. 412 #2753 0. 441,
P T 7.0% . T HE 45 AH & P &R 4L Spearman p H
0.443 #EEF] 0. 468, #7557 5. 6%. 3 id B 3 )9 #
2 W 2% T 5 RS RRAE R 8 v 1R S T A T M RE R
RRMVEN. 55 J5 ¥ Baseline F#1E 5 #h 28 () 45 5 1E

HEATRLG R GMEREAE WMT 15 QE 14 FiR @A
B3 MAE WMT'16 QE {E: 55 147 40 A 56 Pk & 5k
Pearson r FIHEZ A &M R EL Spearman p 435Il 42 5
T 2.9% 8 3.0 %, 33X 654G % e B L AR SCHE Y
it 25 0 £ REAE B8 08 5 A 1l 415 3% 78 455 1) Jo & {6l 1)
LM IE R G PERER: QuEst kA T B &R,
T R TFA#] 54. 6%6(0. 229>0. 354).
4,21 Ja) ] 5 AEHON P RE HY 52 R

R T 7 ] [ e R OG5 SO A TR RE 1 R
M) S5 4 H ) ] g AR 2 A R 1 1k
5 YRR F 1A ) 4R BRI E AR R IR 1) e 4RO
(] B, AN BT 185 o 4 BC(E, SE e a5 R an 1 TR, 7R
WMT’15 QE AL 45 >4 ] &= 4 5y 1024 BHAEST 43
1155 FHE AT 55 AR HUAR T e df 45 51 . % WMT'16



1810

HENM R S KB 2017, 54(8)

QE 1145 b 2 [ FE 4l 2 048 F1 1024 I 20 B AE T
G AT 55 FHE P AT 55 U T Smchif i 45 8L

a4 WMT’15 QE
| e WMT’'16 QE

0.412 0-416

Pearson r

Dimension
(a) Pearson’s correlation coefficient

0. 45
a4 WMT'15 QE
e WMT 16 QE
0.40 f
Q L
£ 0.35
;
2 0.30f
w
0.25
0. 243
0.234
0. 20 1 1 111111 111111 11111
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Table 4 The Performance of Different Sentence Embedding
Feature Extraction Strategies on WMT’15 QE
x4 FEAFEEFHMERDKME WMT'LS QE HijiEaE

Scoring Ranking
Extraction
Strategy  Peamsonyiap o pyse PO boave
r I
mul —0.001 15.113 18. 857 0.020 0. 331
min 0.227 14.711 18.433 0.222 3.980
max 0.247 14.799 18. 366 0.238 4.165
tf-idf 0.269 14.414 18. 185 0.295 4.753
mean 0.300 14.495 18. 116 0. 287 4.780

Table 5 The Performance of Different Sentence Embedding
Feature Extraction Strategies on WMT’16 QE
x5 FEAFEEFHERDKMEE WMI'L6 QE HijiEaE

Scoring Ranking
Extraction
Strategy  Peamsonyiap o pyse P boave
r I
mul 0.048 15. 115 18.962 0.057 1. 180
min 0.238 14.513 18.473 0.253 4.511
max 0. 245 14.278 18. 482 0.297 5.337
tf-idf 0.248 14. 421 18. 419 0.269 4.715
mean 0.351 13. 642 18. 209 0.391 6.388
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