20234E 12 H 12 M
Vol.44 No.12 2023

AN I G o S NV N

. DOI ;10. 20009/j. cnki. 21-1106/TP. 2022-0333
Journal of Chinese Computer Systems

MAELTHEEREMITEFNEXREMIT X
¥ WL ARE, AE#

(BT RS FETRS A3k, B 650500)
(BT RY ZmE N TR E AR E, R 650500)
E-mail ;jg. zhu. hit@ qq. com

W E AN ANRERAAEFLANATHENFNAZYRA T, IS TEEGAEMEES TONENEFLIAZ
2 FE A BEGEIFER A TR A AN AT AR BEFREAER P ANES T BAFZFW R, AR LB EY
BT P A EY B ANES B AR FEF I RTANFRERALERE RN oA B EREAG P AR E TR LT REE
A 6 AE 5 AR B AR AR RN B0 R B A4S AR P e o ik A R AR IRAN R AR AL AL 2 W) AR 64 B B 2 WMT2020 49 5
TR FART R Eog R RIER A TEALO AR TR AR EEA L5007 5B 2R SGMFERELITE
Ak, 5 A TR0 K REAR X R HERA PRI

X 88 3R BERTIRAGTT A R R R RS
RESES: TP391 ERARINAG ;A X E 4 2:1000-1220(2023) 12-2715-06

Quality Estimation Method Incorporating Unsupervised Quality Estimation Indicators
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Abstract: The purpose of quality estimation is to measure the quality of translated content without reference translation, which is very
important for machine translation systems that need high-quality translation tasks. In view of the widespread lack of labeled training da-
ta and the difference between the two-stage learning objectives in the model framework in supervised translation quality estimation,as
well as the problem that the final result of unsupervised translation quality estimation is far inferior to that of supervised model because
of vague task objectives and incomplete feature learning, this paper puts forward a method of integrating the estimation indicators in
unsupervised translation quality estimation into supervised quality estimation model as features,so as to make up for the shortcomings
between the two models. The experimental results on WMT2020" s high-resource pair and low-resource pair show that,compared with
the baseline supervised and unsupervised models, the combination of the two methods can better improve the accuracy of translation
quality estimation,and the Pearson correlation coefficient with manual evaluation has been improved.
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1) FHSUFE AT P14 22 I 2% ( BIRNIN) |, DS W) 455 H s 80035 15 00
B 1o 222 09X 4% 2 A2 P A o A 4R AL [ 3 ( quality estimation
feature vectors, QEFVs) , Fi-¥% QEFVs % A4 i1#% o ok F= A i
AGTE. AE LR _E BT AE WMTI8 (9 QE PEINAT 45 Hh 42 i
TRUE L R BRSO AE il O A SRR fil T
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E e 4R35, Fomicheval'® 28 A 53+ 7 — Fh 1 3
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QE ik s T HAr msscR , B2 v LU W B Y QE A=Y
AHIESE. MR BIPER RN ™ 5 bR THLAS B R AR B 200, 1%
TTIE NG BN R &AM BT R, B A S Pl e 1 A 11
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Fig.1 Neural machine translation model
P 1 RR T — M TE R I L 0 51 215 91 1 pf 2 Bl
v IR IRY | [ Pt 2 I M T Al T A i 95 s ol ) A6
B e AT x = x,,x,, 0, x,, , R IRIS 28 A il 271
Y=Y Yas vy I B N ARy BORE AT LA S
itk

[ Decoders ]

p(y1x.0) = Tp(y, Iy, x.0) (1)
Horh g (REMA S %, RGN ARG p(y,1y.,,0) H
AR AR AR R 2538 AT Softmax PRE™ A,
AR SR A Fomicheva % A (38 SCH 9 3 4~ J6 W B o
AR TRAE LA .
o T S X G A ARE R A OB, P R B K
SEREAT BT 5 J B

N
Seq = 3 logn(y, 1y, x,0) (2)

- {#i [l Monte Carlo dropout (MC dropout ) (9] BiBuR %
LKL %, T NMT B LG I8 38 i
AN 2 PR A 5 BRI 250 0 32 BT 32 0. X 4
ANFE5Id ] MC dropout #E47 T UCHERE, I 15 T WA 511 8%
R
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MC-Seq =7,§](Seq),; (3)

- 2438 15 MC dropout JE1TAHE M B AL, X [/ — 4~ 5
TRA) ST AR AN (R ) R AR AL R 1A [ B i =2 [ )
Z SR REAR R T AN 1 DA SRR A I B 2 T T —
ZH B H Z B Y AR 45

1 |HIHI
i=1j=

2.2 EHER

TransQuest & WMT2020 FJ5t i i TH4E 55 b 32 e i 1
JFIR QE HEAL i ¥ 248 5 T ZR5 R XLM-R 1o 1 8 5
TS 4RI T — AR QE AESR, AT LR 25 2 M Il 5
ANFE T BUE AN R SRS A SEBUR R BRI %
Z TR > 4 Hoh XLM-R BB R e — A KR i &2
B 5 BRI %k N CommonCrawl B35 4E H 2 HX 104
FiE A U8 A, 78 4% 2. STB AU SR AL {# F RoBERTa
RYHEIL 15 5 #5AY ( masked language model, MLM) H #4571l
R ZERAE TR T R SIS ST 55 AU T Ay
2558 RIBTE QE 55 RaRAS T AT BIRR.

b —FIHEZR AN 5] 2 B9 22 21380 3 PR, g D S0 S L%
SCHEBAE N AT B, AR5k XLM-R AR 35 IS &4
T ZRAE . ORE A I AR A5 A5 280 9 1 5 /MR
Z BN HEBRASRIG T2 2% (i o J2 | LR R R 4000 1 TN
) XLM-R FE71 BIRIf7 7 — SR 2. 5%, Tl 2k XLM-
R W ZIEF R HIETE R, &5 BT SR E M G T TH
P2 2T e 1A B ke, T ELAE R IE Y QE AR 55 h, Tl 2R
QE bric B 40, S A B Y QB RIENEF IR
SERE. X, T LA 20N i T 00 T8 W B BB A TR R A SRR AE
HHEMAZIAH B QE B4 T4 A By B, ) %5 1000 £% B Bt
XLM-R HEHI 2 5] R 7845 (14 ] B

3 BMETHEEREMIHERNRERITAE

%% TransQuest TAEM G & , A SO S5 578 1B QE
I JC Wi B QB S b Y A U HE 28 40 1412 iy 7 . B e R 2. 1Y
Qualitypredict score
t By
[ Multi-layer feedforward-network
/—Aﬁ 17
90 -0 + 000

Output of
[CLS]token

Unsupervised
QE features

’ XLM-R.

AN
| [CLSLx, " % [SEPLys"", 3y |

K2 BRI AHELL
Fig.2 Model overall framwork
H i 3R B T M B A U7 v 7R NMIT REL () 8 3 v
HAZMIESC x RSy FIRBUE PEM FE R UnQE; Seq, MC-
Seq MC-Sim, -3k 3 FhIFA 155 1 2 B2 BCHR D 1, B AR~ 4)

FAXF R — AN 4385 BRI 3 PPN TR AR Y VR R AE 43 B Al A
G RAZIA EE QE P TRMERL .

RN 2 AR B AR S x R FLBE y 19
RIBEPFE.S = {[CLS],x,,---,x,, [ SEP],y,, -, yy | FEHIK
51 ARIC A [ CLS ], S x FESC y R FRic b, i
FF Transformer TR ZR A A XLM-R, B8 751 S %5 Hudi
JyE B SUE B A B & PSR 1A ARICIR A
[CLS], B & RREBAITI R A R IEEf A
MV HN B — D RAF I ARIL , Z 05 27 51 T A4~ token 1Y
T B PSS 8 ad XLM-R A5 57 46 5 04 3 A i U1 A
FeASFHMA [ CLS Jtoken HYZRAE

[ CLS ] ypuiing = XLM-R(S) # [ 1,0, :] (5)

PEER[ CLS IHRic iRl A [l AR g B4 5 91 19 Bl 3
FEOE [, SRS TE PR JE B A T HE B8 UnQE flva 25, 1
H R R ARRAIE 1) 2 A [ V325 T30 15 47 1) J0 4 43, BV A
B BA BRIEZ AN tanh BTG PRELH) 2 BT 2 B 25 b
By iR 24 RAE A B AR BR AR, SR 5 20 4 B 1 5K B it S B8R
FNAER 1 RSk SRR i SOBT R A T4

QEScore = tanh( W # [ CLS ], DUnQE] +b)  (6)
Hr, @F7R Wik i E 47 3 3 A, Wb S ECER R AR T
YIgrrh2E 2T B0 43 B3R BCE Fie B ATk, o T RERE 7
FlHBHPER BT S RRAICKHARRAE [ B WU [ -1, 1 T TSR .

4 LWHEHH

4.1 ZWIRE

QE #79% 3 ¥ . H 42411 ( Direct Assessment, DA) ™7, 5
BT AL BRI Z28 R SO (M) S B BE 15 9 N L B R
( Human-Targeted Translation Error Rate, HTER ) PR, &4
AT DA S8 Tl i B IE N R HEAT R IR E A 3 A
Ll B 5L XTI s B o AT 4 1 SR e, e —
BLARFESCERBEALE O ~ 100 (30 il N #EAT — T8, 85 % DA
U z-scores FRMEAL. A HTER 238 FH A 135 0T
TR bR ALBFFE N 50X 3K —F s 4 T S 42 1 T R 5E
1M DA J5 ¥k C S WE B AT LB AN TS T #R B 7EAl 3
BraEfliTh RGP RE I SN AT R O A Sl T AR AL T
AISE AR UE. A SO R A T WMT2020 BT s AG THE 55 1
R AR , 3% 1 S rh SC-SSCHdIR AR LT — 1> DA Bl 7.

F1 AT HEEST I EAE 61T

Table 1 Example of direct assessment data

Original Many butterflies flutter among the flowers and grasses.

Translation 4 22 W M 76 46 72 (B] 32

Scores [50,75,58,93,90,95]

Mean 76.833333

oscores [-0.5485432,0. 5715456 ,0. 7163991, 1. 1256175, 1.
0690328 ,1. 4257850 ]

Z-mean 0.7266395

HEAL 3% R 0k T 0 R BT A A TR AL 48 AR B RS 4
NMT #5584 4 B3 o 32 BN Rl SR B0t s BN 2 ) [v) g
WL BHE bR, 1 IX 5 22 57 A SO TS 15 5 %47
T ST S RIS B, 45 9 1H-7515 ( English-German , En-De)
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YL - ( English-Chinese , En-Zh) , IR OX 15 5 X, U F5 {34
% - 1 ( Sinhala-English, Si-En) FlJE JH /K 1H-9E 1 ( Ne-
pali-English, Ne-En ) . A i) & BEE AR BT IR ) X302 F R I
25 NMT BB P ATIE RO SR 19 2 /0 i FT IR Y fairseq
THN 4 HEF XYL T 3T Transformer 17 NMT BIHY. £t
X B IRE S X RS NMT AR R AR UAERY) Transformer 2244
TR FEURTE 75 % MT 2GR 3T Vaswani 5 A 1838 3C
HE LY Big Transformer 444 #E 1711 25, A% 7 432 B FLORES
B E D TN A R MT R4, 1% R
geg sy s a) £ BIRCRIRE 5 R R I A M (R 1) B
B GS B AR 801, IR BR8N AT 8
PR E W B MT R G0, o @ 5468 FRIE 5 M B bRy
TFHEAT PR AR B8, 3R 2 Sy S8 vh B 0 R A5 i) LA 4 e
5L A R 0 ) SR AR B A 3R P AR B IR R B R Y

SR7RIEICIEN
F2 FLRBIRERE

Table 2 Information of experimental data sets

QE ‘)% Kiw

AT R L

TR S I B0
Pl Y e AT S

7000,1000/1000

En-Zh  2.75G -2.5G

115,585/16,307/16,765

7000/1000/1000

En-De  2.58G -2.83G

114,980/16,519/16,371

7000,/1000/1000

Si-En 49.6M - 21. 1M

109,515/15,708/15 ,821

7000,/1000/1000

Ne-En  38.4M - 13.3M

104 ,934/15,144/14 ;770

TETC B iR X6 F 3 F MC dropout FYFEFR , A< SCfifi
T =10 ML R R IRAR IS WA 040, X T 5 — 4R 5 X
Y DA FRic s, #0540 & 7k 4000 QE Fric BuE FH T %k,
1K 28 T 383k P S 1K 45 7 003k, 4 48 ok I8 T

WMT2020 ' QE 1155 WA FFER 5. 1Lsh, A T REME

LEA T

el

WA TR A TTRRAE G W ) BT A Ak 1 4 L AH R A9 QE
PRiC B E AT %k, batchsize 150 8,/ Adam fifb &%, 2%
S N 2e-5, [FIBF L% & dropout B 1E i & (rate =
0.1). bR T JC W B o A 11 A 452 78 R R B8 #E Fomicheva

2 NS SCH R
4.2 ZHHER

HRAE BRSO T RE A B BORFIE 18] 4 [ CLS 00, TG

SEUAE Rl B B9 J0 M B TR AR BRI UF EE T LR PR

M

- Concatenation - ¥ 1] 5 3 H 4L BEHEAT BRI DR 422
H=[[CLS], i ; UNQE]
- Multiplication - ¥ [5) ft HLI¢ ,
H =[[CLS],,n * UnQE]

T EE R R A PR RN AS [ Rl G SR e T B 2P R Y
Wi, T AZERRIE RS 1Y) QE AEZR P A SCHE P s iR 42 kAT
T X ISR B RN 3 R, G5 R R SRR AR R A

AR S FIJG W QE 5 h5 MC-seq HEATRILA .

K3 PIRNELE R AL R

Table 3 Result of two fusion strategies

Strategy Pear Spear MAE RMSE
Mult 0.5294 0.5134 0.8076 0.9766
Conc 0.5458 0.5512 0.7925 0.9618

KT ASTTBHCE N R AN T R GE R BE 8 i B R A
= Z %0 ( Pearson correlation coefficient) | T j /R & AH ¢ R %L
( Spearman correlation coefficient) Y4 %1% 2% (MAE) fily
TR 2% (RMSE) . J2 /R #hAH OC RECR IR T A 4143 581
% B BT 73 Z A SC W BTN 845, [RlB o T R lix
PN T o3 a1 i (9 B 1) o A e & — B R T e R &
A REORAGTT A ST 34 5 AN TAT A Z R HE4 4
AT AHSEE. MAE Fil RMSE {5 U B pF 4545, 5 DL L Brid i
PFITEM A —FE BB E0RAR AR RGBT

MR 3 g IR LLE th SRR PFEE A SR WA T B
FEARTE I Rl G SR X AT RBJE R 2 1024 2 (19 Bt 2 ) 12t
VL2 A 1) S s, 5 300 0 245 % 1) v B 1 R U fR B R
B, FEELA S R 2 AR IETOA. 2R, BECDHE R A
Jr ARG AR RO A ) i B PR 20T RN B R AR
PAE (T2 B N 25, RS RRIE T 5 5 BAS B R 70 3835,
AEAR B 2k 22 [ (1% 18 e M A5 AR A1 5 1) 2050 SR B o AL
I FE T S SO FHASCR BT SR IR RL A I R
SEPEREHEAT T LLECRN 43 AT, L4 W] B il 24 TC B I 4

BRI AR B PR 7 1%

Bk

=

5 i

R0 T BTG B A T HE SR il B SR 1Y

BRI AN [R)REAE 25 0 5 B h A T A s i, A SCHE 4

PF AT T LN e, TR s S e 45 R 0 A 1

TR REAREREAY S M. fE 36 4 P, baseline /8 Xl H]

B B TR AR UnQE M IS B e R B BUREAG TH IR S H A A7 7B A9 TransQuest JE R B R |+ 75 S T JLE AU BT il 5
# 4 DA FIHLES A SRk T3 802 0] i) B 2R AR ST B2 IR 8 RH DG4S

Table 4 Result of pearson correlation and spearman correlation between DA and machine automatic evaluation score

Pearson Correlation

Spearman Correlation

methods Low-resource High-resourse Low-resource High-resourse
Si-En Ne-En Si-En Ne-En Si-En Ne-En Si-En Ne-En
Baseline 0.6362 0.7866 0.4353 0.4875 0.6092 0.7656 0.4601 0.4813
+ Seq 0.6133 0.7805 0.4775 0.5173 0.5905 0.7544 0.5138 0.5176
+MC-Seq 0.6520 0.8022 0.4841 0.5458 0.6178 0.7783 0.5171 0.5512
+MC-Sim 0.6364 0.7823 0.4686 0.4948 0.6139 0.7566 0.4998 0.4906
+MC-Seq + MC-Sim 0.6512 0.7857 0.4765 0.5477 0. 6286 0.7657 0.5236 0.5441

"https ;. // github. com/facebookresearch/mlge/



12

W1 AR R TG PR A TR AR A SR A D vk

2719

HIRHESFR. R4 1 T N T4 4 DA FHLEs A sk 11534k
Z ] ) B SR SR AH S R HT B IR 2 AH S PR B S5 2R ZEXT 4 FhiF
FXTRSEEE 4 BOSTR A TG B QE FRAE AN R 4L A #R kA T
TRETR. 5A AR IS AT L A NS R
4 B TR R ER AR T — 2 el AN R SR R A A Al
AL JEH R AE B FlS MC-Seq I, 45 R A2 THIR I B oK.
4.3 SLIEHH

RE LA BN A [EE S 5 Z M B 2 5 AV XA
[R A HREAE A A Rl A SRR G, 2l A m g 6 4 Hh i
BRI, 2 Aol Rl A B AL MC-Seq B, 3 28 1 2 T+ 3% 3R B
K, B AL 13 S B A 3 A TS o v Sl LAy
B, AT LA R IR, 7 B2 JR 38 AH OC R 4807 1T, BRI MC-Seq J& 19 &
G FAUER T Seq B{# MC-Sim ) R 4.

Hrft MC-Seq T Seq 19 i H & IR 24 78 3K B MC-Seq 1Y
S AR R T S s P 1R ) MC-dropout, 3 i 75 78 #1455
]| S PO RS Avia el S P Ry 2 e b e S 7
of BB B ) — Se R 2T, SRR A TN R Rnp Al 6 —
YR AR BEHLBE R i — Lo 2200, H BN ZR4E5 TR, B
TN ZE IO AL BT W 2, B LR B AL YIRS [R] A b
Lo BT A, R (92 AP AR Y B AR 9D RS
T RLZ AN HAE T, R R B AN AR T 5 2 Ry BT, O
BT DA LA S, (A dropout J&5 , B 1) AN
FEPE LR T HLERHT 40 5 N LT 4 A G, 5 AlA Seq
AHLL, BlG MC-Seq ST #5717 145 5. 56 B M4 1 S i3s3 5 1R
W E Z R B OGR4 F A5 B 8% S0 BT i A 1
P VR 2.

MC-Sim Fahr et i THARL T S 407 B KSR
BT 22 [ 8 AT A P A 3 2 ) — 9 S 2 AN [ 128 SC =2 T )
AR, VA X —F8 05 1T LI T 6 W B o s Ay 3 R 4 998 SO
i (H X —FRE A B SR T S AR, P e
FHIEAR B AN RETE SR LAY (0 BB RAE ) B Al b 42 = 1S o
BAEH AR, T Seq F1 MC-Seq Z [H] Y15 BILAY, i #R
R SCT AN ML 4370 BT EE M, {H MC-Seq IRUR BB 4F, BT A
PR T P P HERETE L1 MC-Seq 35 MC-Sim A1 H 41 & BF
BERbA. S5 {UE R A& MC-Sim A1 L, 45 A frok s, =
SR 22 T B A Rl A MC-Seq, 3X 398 IE T 500 £ B &
MC-Seq MBS ERAT , HAL A LU AR iRl G U T 22

& 3 rf AN IS T SR T SRR TR 1000 A4S AL
i BT80S N T IE5r DA 1143 Z (B AH SC . LLE
FXF En-Zh S, B 3 il R iR SRR VA Rl AT AT
R, 1B 3 T BRIl MC-Seq J5 1494315 1A~ 180 ]
T N T DA 743 (z_mean) #B 52 — £ BRI AR B &
PR 4 A e T 7 Y.

Wit LAY B 3043147 43 (predicted z_mean) 78 P>
B R o3 A, ] DLk B Al ad il A B i 4 fiE MC-Seq J& , pre-
dicted z_mean )57 B 12T z_mean, B IILELCT z_mean. X
HE—2ERH BRI MC-Seq J5 152 B 4145 1 0 4350 5 N T
DA J3 8B T i 1 AH DG, 4 TR A

R R 043E = xF B ER 4 FE T X Z BN R, &
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Fig.3 Scatter plots for the correlation( En-Zh) between
machine automatic evaluation score( predicted z_mean)
and standardized DA score(z_mean) for baseline( up)
and + MC-Seq(down)
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Table 5 Taking z-mean =0 as the boundary,

the 1000 sentences set are divided into two parts

Low-resourse High-resourse

Z-mean

Si-En Ne-En Si-En Ne-En
493 416 564 617

>0 0.5148 0.6631 0.3186 0.4348
507 584 436 383

0< 0.5142 0.5310 0.2247 0.3088
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