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Metric for Automatic Machine Translation
Evaluation Using Universal Sentence

Representations”®
Hiroki Shimanaka

Abstract

In this paper, we describe sentence-level methods of machine translation eval-
uation and quality estimation (translation evaluation without reference transla-
tion). In machine translation evaluation (MTE) task, the machine trans-
lation (MT) hypothesis is evaluated by comparing it with the reference trans-
lation. In quality estimation (QE) task, the MT hypothesis is evaluated by
comparing it with the source sentence without using the reference sentence. In
this study, we propose and analyze methods for these two tasks.

The MTE methods with a high correlation with human evaluation enable
continuous detailed deployment of an MT system. The QE methods with a high
correlation with human evaluation enable continuous extensive deployment of
an MT system. There are two types of sentence-level MTE methods: one is to
evaluate the translation of one MT system relative to the translation of another
system, and the other is to absolutely evaluate the quality of the translation. In
this research, we focus on absolute automatic evaluation to enable qualitative
analysis of sentence-level in MT systems. In addition, we consider a method
that can perform absolute evaluation close to human evaluation to be highly
reliable automatic evaluation, and compare and analyze the performance of each
evaluation method based on the reliability.

Various MTE methods have been proposed in the Metrics Shared Task of

*Master’s Thesis, Department of Computer Science, Graduate School of System Design, Tokyo
Metropolitan University, Student ID 18860628, February 21, 2020.

iv



the Conference on Machine Translation (WMT). However, most MTE metrics,
including the current de facto standard BLEU, are obtained by computing the
similarity between an MT hypothesis and a reference based on the character
or word N-grams. Therefore, they can exploit only limited information for the
sentence-level MTE. There is also a method that uses sentence representations
to consider global information. However, since the whole model is trained using
only a relatively small amount of supervised data, it does not show sufficient
performance.

Therefore, we propose a sentence-level MTE method using universal sentence
representations capable of capturing global information that cannot be captured
by local features. Our method can be roughly divided into (a) the method that
uses sentence representations of an MT hypothesis and a reference translation
which are independently encoded and (b) the method that uses sentence rep-
resentations of an MT hypothesis and a reference translation which are jointly
encoded. These two proposed methods have in common that they use sentence
representations pre-trained on large-scale corpus as features and evaluate MT
hypothesis using a regression model that is trained on datasets with human
evaluation. We evaluated the performance of these two proposed methods and
analyzed pre-training methods of sentence representations, input methods of
an MT hypothesis and reference translation into an encoder, and fine-tuning
methods of encoder in detail.

In this study, we also propose a QE method (an MTE method without refer-
ence translation) using sentence representations pre-trained on a raw multilin-
gual corpus. It is possible to perform MTE without reference translation using a
source sentences and an MT hypothesis in different languages by using sentence
representations pre-trained on a multilingual corpus, Our method pre-trains a
sentence or sentence-pair encoder on a large-scale multi-lingual raw corpus and
trains a regression model that estimates translation quality score from source
sentence and MT hypothesis. We evaluated the performance of the proposed

method and analyzed the effect of cross-lingual fine-tuning on the sentence or



sentence-pair encoder.

The main contributions of the study are summarized below:

e We propose the MTE methods based on pre-trained sentence represen-
tations, and show that pre-trained sentence representations are useful
features in MTE.

e A detailed analysis of the proposed methods revealed that pre-training
methods of sentence representations, input methods of a MT hypothesis
and reference translation into an encoder, and fine-tuning methods of
encoder contributed to the performance improvement in MTE.

e We propose the QE methods based on pre-trained multi-lingual sentence
representations, and show that pre-trained multi-lingual sentence repre-
sentations are useful features in QE.

e A detailed analysis of the proposed methods revealed that cross-lingual
fine-tuning on pre-trained multi-lingual sentence encoder contributed to

the performance improvement in QE.

The structure of this paper is as follows. Chapter 1 describes the proposal,
contribution, and outline of this research. Chapter 2 describes human evaluation
of MT, followed by an overview of related work on MTE and QE task. Chap-
ter 3 describes the proposed methods for MTE and QE based on pre-trained
sentence representations. Chapter 4 describes an evaluation experiment of the
proposed methods using datasets with human evaluation score of WMT Met-
rics Shared Task. Chapter 5 describes the analysis and consideration of the

proposed methods. Finally, Chapter 6 describes the summary of this research.
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**https://github.com/stanojevic/beer
tthttps: //github.com/qingsongma/blend
iihttp://asiya. 1si.upc.edu


http://chikiu-jackie-lo.org/home/index.php/meant
https://github.com/stanojevic/beer
https://github.com/qingsongma/blend
http://asiya.lsi.upc.edu

OEET VYV TNFETHY, 2.0 HiTHRR 72 AFOMSFHliEMAE T -2 &y
NECTEHTLZHEIH Y FETHD. ZOTFHEE, WMT-2017 Metrics Shared
Task IZBWT, XHEALOD to-English 5 ThEMEREZ ER L TV 5.

Blend 3% < OZMZH WS FIETH 50, XTFHEALOREHRHEX HEE N-gram
WCEED K HE MR Y, XK Z2FRRHIZERTERWEAREROAIZEH> TW5.
AWFETIE, Z0sOHEEiD D FHIZED K KERTIETIIFEZ 22\ RIS 22 G852
ERTLFEEZRETS.

2.2.3 HWERBEE OO DOREHNAREICE D HEH Y FE

SCERDRIBI 2GR % BT 5 TEE LT, XONEEBIZEED < ReVal® [16]
MdH 5. ReVal i WMT Metrics Shared Task $ & O SO 0D 2= R H KA, H#E /€ &
22 [26] 2 B 1F B AF MR FEMER & F— 2+ v b ET Tree- LSTM [33] 12 & -
TXDORWRIZFEHTS. LrL, ML NV NET—N"ZADAEH NS T
OFDEMERE 2 ERTE TV [4]. AL TIE, KEERAE 3 — N ETHAT
FEHINEZXDORMERBEZMHTSZ LT, XHATOREFZHIZBI2DERM
Ex ke 5.

2.3 HWHBERMmEHEE

BEMRERER S EHE T 121, BHERSC L R % LR U BHER XY 7' 0 OFIERE DB IE % &
DREENREL T ENEHET 2 FIEE, BIERSCE FOCE ik URHER S O R 72 5y
HaHEET BFENFET 5. WMT Quality Estimation (QE) Shared Task T
IEETE A, WMT @ Metrics 8 £ ' QE Shared Task A® QE as a Metric Task
CBVWTIFRENREINTVS. 255 0OFHIFHEIZHE W TH AFHHE & DFHE
IZE 0 ZDMEREDFHEI T N 5.

UFR®D 2 DOHRERFIEIINRI—NAZHNCHAFE T 20, REFIETIES
ERBEO KRB =N A2 FHWTHAIFE T 5720, DEFEOSFENOFHHIZH
WIET B eNTES,

58 https://github.com/rohitguptacs/ReVal


https://github.com/rohitguptacs/ReVal

2.3.1 HHBRMEHREDIODHEL LFE

LASIM [10] 1, EEEHENOMNFR A — N2 LTHMFEH T LI L I2Lv BN
HXDEERITH S LASERV 2 W= #ffi7za LOFETH S, LASIM 1%, &
R LR X% FNEN LASER (2L 0 XDORWMEBAFF/L, ThooadAa
VBT &0 BIERC L XD FEBE 2 FH5R 4 5. LASIM 1&, WMT @ QE as a
Metric Task IZBWTAR—Z25 14 DO EDL LTHHINTWS.

2.3.2 HHBRREEEDT-ODOHEDH Y FE

Predictor-Estimator [19] 1%, $FR3— X2 ECHNSHEX DR MEL RS i
& HEFEXDXRP o #EE T 5 & 5 IHFT%E 7z Predictor &, Predictor 12
L 0o s FMED 5 AFFHME % #E 9 5 Estimator 22 SRS 2 ¥hiid b D
FiETdH 5. Predictor-Estimator %, FHERXAI 7 0 OFIERE DB IEZ & DFEE 4
T T 502DV T DOFMifET&H % Human Translation Error Rate (HTER) %3
ME5INZT =Ry V2BEiT—X T H2FETHH, WMT-2017 QE Shared
Task [I] IZBWTHwREMAREZRLTWD.

99 https://github.com/facebookresearch/LASER
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F3E BRFESINLXODEMKRITICED < HEWEIER
DOBEEFHES L OmBHE

PERFIEICE KRS ND XFXRHEFED N-gram FEMEIZHED < BEWREIER B ) 3T
FHIZIE, X220 KRB LERE2ERBTE LWz, S EXERIZITE RS
DIEIRINZTIZEIT W B FHFR U U CEMERFHEiA T E RV WO MEVH S, —
FT, 2.2.3 HiTHAAL 72 ReVal I XD HERI % W T RIS RIERE ERT 5
73, WMT Metrics Shared Task D5 —&X t v b7 & D/ T X)OUAFE T —)%
ADIHEHNVTETNEEKEZZEZEH]T L7280, XEAMTOTFRREBHLZHANVTETH
BN, TTAMSETIE, KIBRRIERE ZE T 2o EFRMEZ Rk 5720
I, FHETFE I N X ORI D < BEWEIER B BhiTi A 2 IRE T 5.

Fx DRZETHIX, RUSE & BERT 12 & % BB A 81540 H & OF BERT (2
X BBEMBIER W EHEED 3 O TH B, £9 3.1 HiTIE, XONMEHZRFHAT 25
WENER B BIEEM D 72 b DEIFE TN TH S RUSE IZDWTHAT 5. RIZ 3.2 i
Tk, X2 AR 5/6T % BERT 12 & % BEbENER B BRI D W T T 5.
212 3.3 ®iTlX, £ 25 BERT 12 & BB EHEE IO WTHT 5.

3.1 RUSE: XOORFRIRFICED < #mEIER B 5D 7= 6 D El)F
EFI

AT, HATFE I N X ONIRE % #Z M L 3 5 [0E)RE TV RUSE (Regres-
sor Using Sentence Embeddings) (Z2WTEHHT 5. £3 3.0.1 fiTlk, RUSE
THHT 2 3FEEOXDMEIUZOWTHIAT 5. H\W\WT 3.1.2 HiTlx, B
REBF O 72D DEIFE TV T OREMEMEIZ oW TR S,

3.1.1 ERREEINEXDHEKRER

KRB 72 3 — R A% AW THAFE SN2 XORBERIE, CESFEP XD
BROELUEHE R ELDIRHAZAZ (] I2BVWTEWEEEZREL TWVW5.
AARZETIE, Hhfid D FHIZED < InferSent [§], #hfiZz L FHIZE D < Quick

10



| p(BE) |p(¢ﬁ)| p(F/E) | |0
| éﬁﬁ%é.‘)%?sctlﬁi/7l~vv7w§ | — HIEH |
0 1 k
| @y la-vLuxv |
/'\ _
(SEEed |[ puEas | | oBAL || swERi || o8E8g || 6k |

ﬂ Max-pooling ‘?i Max-pooling E : - %§§%1t?§ - - :
: [ meiE | | B-GRU(S) || Bi-GRU(9) || Bi-GRU(g) | -] Bi-GRU(Y) \

[ BilsT™ i BidsT™M |

[ xu [ xv ] ARX SR ¢ e, || mexe,

3.1 InferSent OHEEX] 3.2 Quick Thought OFFEX

Thought [22] 8 KT~V F X X 27 ¥ IZH D < Universal Sentence Encoder [6]
D 3 FiEEFAWTXEEO KIS REHE2EET 5.

InferSent* %, & =BFRIRFD 72 D Stanford Natural Language Inference
(SNLI) ¥—%&+%v b [6] ET Max-pooling %\ 72X A LSTM v k7 —2
BT LD D FHIHE O FHETH L. KB ITITRT LI, XubkUo
EENTNRFFL, TNOoONMEH @B LT T oz 2T L, SREBEFRR
WO 3HEAFEEBEL TXO/SarzeFET 5. GEEREHRE X, 5 0XND
Btz &=/ FE/ W 3HEAET LR AT TH Y, EROE UKL XD 5
MEBENFEONE Z L BHFTE 5.

Quick Thought™id, KK E T =82 LT GRU v b7 —2 % HAW
TSR T A Z 21k, Bk L TCXORBAFEE 21T FIETH 5. X 3.2
WRT LD, i, TOXARE, TDMDL CGFEESO) e, co, ..., e BEZX SN, 2
HEHOX O/ T f BV g B ENETNXZR/FET S, ZL T, ASIXDIH
KB & DRADONRMEZ RO DMERFICHIGT 2 XL UTHiET 2908
MmEAWT, BT E 2T, IWHZ AT TR, 50X % 2 D051k
wmfBET g zHWTENENFTFEILL, SRS,/ 6 N5 5 HERM % His
TRILIZE>TXDRHREAZERT L. BEUHERX AT 2B L TXDOREL
MEFETLHILITL-T, XHNOBBREZER L -AHERANEOND Z &Py

*https://github.com/facebookresearch/InferSent
Thttps ://github.com/lajanugen/S2V

11


https://github.com/facebookresearch/InferSent
https://github.com/lajanugen/S2V

TZ 5.

Universal Sentence Encoder*id, 58 % H\% Skip-Thought [20] D & 5 7%
BEEESCHERE, FEFHINEHE B & OERBREARD 3 X 227 &2 W T H AR I
BEOAv MU =7 B &< VFRAZZEETHFILTHS. Universal Sentence
Encoder Tl SCHEE R FKEHREHTC DD DFE T — X & LT, Wikipedia,
Za—X, QAYA b, BV FREDERRL Web V—2ZZHW5. ZRRA KR
AAYDIA=NALEDIINVFRAZERIIE 5T, BEVIGHXAZIZENT
HRZXDRBERAPFONDE ZEDVHIFHTE 5.

3.1.2 MWEEREEBFMED/HDEIFETIL & RitE

BEBREH AR D B BYREAM 1, BHERSC & S MCH © BIERC D N T3l iE & HE € 9 2 (1]
REAAZ L UTERBDZLENTES. £ZTRUSE (K 1.2(a) &, A5 O8IER
Xt B r 25 300 OB EREHCTOBRKRI LB LT 7 2EEL,
InferSent [8] 12725 > TEAR D 3 DO GIETHF L 2R OBFREMIEL, Th
53 D&KL DEREL UTEENN— 7 oy (MLP) IZEDERET
NVeHET 5.

o ik 1 (I 7)
o WHM : xT

o B |l 7

HIEETIIZIE, NS0 3 FREOEM % #iE L7 4d RGO EEN A I NS,
270, dIIAHERTIBEIOFORTHTHS. RUSE TIREIFETILDOAE Y
B, XOBENBROFEEE TR,

3.2 BERT IC & 2 EIER B 21570

XE L O EAL DRI Y H €TV Th s BERT (Bidirectional Encoder Rep-
resentations from Transformers) [9] A%, SO ORIRKBEMEHE LR L < DX A

ihttps ://www.tensorflow.org/hub/modules/google/universal-sentence-encoder-large/2
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Ticts) || To || = || Tn ||Tisery || T2 || oo || T'm ||T [sEP]
T+ F 1 T ¥
X DFES{LEE
t t t t 1 t t 1t
[CLS] || wy oo uy [SEP] || v, see UM [SEP]
1 {
| BERXX | | BRX |
33 BERToOXETY VY (u,v: AN N=2 2, T)T : A N—=2~
WZX9 B ERE)

s CThEMREEERL, HHEZEDTWS. AHfiTlk, BERT % W THMRIER
D HERH 247 5. BERT 2 & S HWEIER O B &R X RUSE [ U<, ST
BINZXOSMEREZFHAL, MLP IZ& > CAFFHifEEHET 5. 727201,
B 1.2(b) 129 & 512, BERT (2 & 2 BHEIER O BB T, BIERC & 2
Dy fj % SOF DR SAb# CTRIKIZRF 563 5. AT T, RUSE & @ EHE[ T
» b BERT IZ & 2 BBIER A BIFEM ORI T H 5, FEFEBEDSGIE, SCHETY v
7, RS sOBEEE IOV TR T 5.

3.2.1 BERT L& 2FEr%FE

BERT (&, ASUEZ4 T —/ 82 OO E OIS 2y h 7 —
5 [34] VT, BUFO 2 FEOKAZ: U HFES % FRH TS .

WMRAAEFETIV: EI—NAD—HD ~—2 % [MASK] b—2 VIZE#HL
= ET, MAROSHEETVIZE>THD =2 v 2HETS. ZOHAILLDHE
AI°##12 & 5T, BERT O SLBIEXNICE T2 b—2 VOMKREFHT 5.
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WBESOHERE © BT — N AD D2 AR IO SUTER L 72 £T, s
% 2 XHBHEL TWSON &GN % 2MEDET 5. ZOHBAIR L ORIMFEHIZL -
T, BERT OfF 5 st ofRE2¥E T 5.

3.2.2 BERT ICBIIBAXNETY VS

BERT T, B e aBBERAMREDOXNEHR S XA DLDIZ, &
X EMNIZHEAT 20TIERL, INERRIZHST 5. XIZEEFNEEX
%, ANRAOEIEIZ~EDHEMEI NS [CLS] b—2 vBIUECRIGEMS N
% [SEP] h—27 viZ&oTKEAIE NS (4 3.3). &MEHIIZ, [CLS] b—2 YIZHE
THEMOBNED, IO HFEEE KT .S

3.2.3 BERT ICE 1725 LEOHEFEE

BERT Tl&, fFEAL@TXELIICNONEBERI 2G4, Thir A LT
MLP (2 &> THEPHIFREDIAR A7 2. 8, IWHEXAI DT ~)Vff
ET—Z%EHWT MLP 283 58, XEEFSONONHMEKIEZRD 7DD/
LA e HFEET 5.

3.3 %ZEHE BERT (L& 2 WERREHE

AHiTlX, £ 53 BERTYZ O CHWEBIERO MBEHEZ1TS. £9, 255D
TNEFNTRBBARET—-NR"ZAZHEL, H£EDE TV T BERT OHEIFH %217
5. ZUT, B - B - IR EA 270 3 2fl2 VT, FXE L OCFIERX
DXL SBRGEZ2HEET AMFETIVEZFEE TS (M 1.2(c). ZDkE, £
St BERT OO 5{bas ® FRFIZHEE T 5.

FEMRENER D VB HERE X A2 D7=1Z, 3.2 Hid BERT 12 & 2 BEMENER B B 2EAM

p=(10}

il

]

SHIMED R O —X &SRR DDIL, IHTRAESXERZETLEILbTES. ZOBA,
9 & CRIZ [CLS] h—2 v & [SEP] b—2 v —EFDEME N, [CLS] IZXIGT % Rk Dl E
WX DRHERRERT.
Yhttps://github.com/google-research/bert/blob/master /multilingual.md
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(B 3.3) OLLTFD 3 HE2ELET S,

Y %, = =h

% SRED KB E 2 — A ECHAIFEEIN/-4 SEE BERT 2 H\ 5.
o BIER XX & 2D TIE AR, RS & FIER XD SO % W CEIER 5 %
E9 5.

o HEEHEDERITIE, NRFFEXNZ1T T S MR 4 E 58N O NFFHbifE A
ET—REHNS

%27 BERT Tl¥, 42803 — ALK TY 77— Rz O @D ERE
T2, WEOFEELILADETIVEHAVWTESiED I —/XZ T BERT 0%
82175720, 25EOERE2E—DRT MVERM ETRE/LTE S, ZHhiZ
XoT, MBHEXAZOFHEFILWT, NESEBNUNDEE SO TF— K &3

=3h

Sab OVEREUGE IZHEN S 5 Z BT E S,
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B4E FTMERK

AFETIE, £9 3.1 HiB L0 3.2 i O RAFREFIEIZ OV T OREHREIER B B F
il B 1 2 M FERZ 17\, KW T 3.3 Ji Tl R 2R ETIRIT D W T OREHERIER &
BHEIZH T 2l Rz 175 .

4.1 IR B BT IC D W T DOFMER

AfiTlx, WMT Metrics Shared Task (Z 8 1) % A F Ot 2Rl & 57 — &
v bEHWT, MO to-English F#ExHZ 517 2 BEHEIER B BIFEAHIZ DWW T D
REFIEOEMEZMHGEET 5.

4.1.1 =EBRRHBT

#4112, 2.1 IO FNEIZ & 0 ER X iz AT O FEiEN & T — &2 &2y b D
SN DX ERT. TNS5DT =Xy MIBIT S AT OHMFEAMGE 1L,
1 —1.95~%91.65 DFEFMETRINT WD, REBRTIE, WMT-2015 [31] 8L
WMT-2016 [4] ® to-English 53/ 0 &7 5,360 ST % EAI AL, 9 8% ¥
HH, 1 Z2BRAICHAT S, £/, WMT-2017 [3] O3 M FIHT 5.

RUSE O FEMIZE, ThENEZESIZI>TAMIN TV EEHFEAD In-
ferSent, Quick Thought # & U Universal Sentence Encoder (Z & 0 1§72 XD 53 #
KB ZH WS, BERT 12X, H#ESIZL o TRAHEINTVWARFEEFEAET VDD
%, BERTBasg (uncased)™ %\ 5.

FHBFHETFIED A XFMD 7212, ANFOMFHiifE & O 7 Y v DR
BRI, AT~V OIEMNMHBIRES E O 2 |iREEH WS, €TV Y OERK
BAfREUEX, WMT Metrics Shared Task THWSNTH D, £FIEIH I3 2 5
EDHXS 72 A R T E B4ETHB. LA L, BTV v ORERMHBEREIIN

*en : HiFh, cs: Fr aFE, de: FAYEE, fi: 74V FVNEE, Iv: I METEE, ro: V—< =7k, ru:
Oy 7 EE, tr: MVIFE, zh : PEEE
Thttps ://github.com/google-research/bert
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# 4.1 WMT Metrics Shared Task D% 5 5B & 1F 5 N F Ot GEAMAE S & SO%k

cs-en de-en fi-en lv-en ro-en ru-en tr-en zh-en en-ru

WMT-2015 500 500 500 - - 500 - - 500
WMT-2016 560 560 560 - 560 560 560 - 560
WMT-2017 560 560 560 560 - 560 560 560 560

NP FE L 2B G A Y Rl 2 R T L WO RN FEIET 5728, RERTIIAY
7 Y DNEAAHBEIRENZ & B A ZFHlHAT D . 7 AMIETIE, HEHEHER O B BhE
fiZ [EEFERE & U THl> TWa 720, & BERHEITED & 0IE & AT OFHIEEIZ 8
WEZE LU TWEPIZDWTHFHE L 72\, £D7, KX A2 Z[MEHE#EE U
T#h> T3 Blend, RUSE 8 &0 BERT IZ2WTIE, AFOFEMfE & &FED
S D1 2 ERAIZ KD X XFHETE 1T S .

4.1.2 WBFE

ARIFEERTIX, WMT-2017 Metrics Shared Task IZHIFEXRX—A 51 ThHh b
SentBLEU & X O EAL 3 FHEEAREFIEL LIKT 5. IR FIED A X M2 1,
WMT-2017 Metrics Shared Task* TR S 11T\ 5 & F 15D FHfifE 2 FIH U 7=.

REFIERIIODVWTIE, HAFHI N XOABRIIZLDEREZIHSNZTE7
®, RUSE OF#M & U THEDIMET OIS ML HWEERETS. RUSE
& BERT (2 & 2 HHEHER B B AEA %2 ik § 2 720, BfEHIIZBA T D 7 DDFE T
FhER L 7=.

MRUSE with GloVe-BoW: 1.2(a) DX DO/ EEB & LT, HaEHHER
GloVe [28] (glove.840B.300d%) M FH X2 M LA HWS. Z D 300 RITED R 2
MLZEXDONEFEFE LT, 31280 AECEM 2T T 5.

BRUSE with IS:  SNLI 7—X%t v b [5] @ 56 T XB &V MultiNLI 77— X & v
~ [36] D#) 43 XD Fj & W THEATFE & v/ InferSent (2 & - T 4,096 1T

ihttp://www.statmt.org/wmtl?/results.html
§https://nlp.stanford.edu/projects/glove

17


http://www.statmt.org/wmt17/results.html
https://nlp.stanford.edu/projects/glove

DXDDHKRB2HESL, 312 O GIETREZMT T 5.

BRUSE with QT: BookCorpus 7 — &t v b [39] ® 4,500 73X & UMBC
WebBase [17] O#J 1 {& 3,000 /33X D /5 2 W THATZEHE & 117z Quick Thought
I2& 2T 4,800 IRITDXDRRKBE 2 AL, 3.1.2 M0 GETHELE 2T 5.

BMRUSE with USE: Wikipedia, —a2—2Z, QA ¥ 1 b, @iV~ MR DLk
72 Web ¥V — 2 % FH\W T HAi%3 X 717 Universal Sentence Encoder 1Z & - T 512
IWITTDXDEREEZESRL, 312HOGETEE2MET 3.

BRUSE with BERT: H—X% AJ12$ % BERT @ [CLS] b —2 »IZxitd %
BEDS S, mlk4EE2EELZE D% 3,072 RITDXDHHFEIHE LT 3.1.2
HinfjkTcHEMEEZHE T 5. 727U, BERT OfFSLEE 0D IZFHFEE L.

MBERT (w/o fine-tuning):  XXf% AJi& 3% BERT @ [CLS] b —2 Y IZXit
THENED S bR AR LA S0 (3,072 %00 %, M 1.2(b) ® MLP ®
ATTEUTHWS. 772U, BERT O/ SLiDEHD IZFHEE L 2.

WBERT: 0X% A& T2 BERT 0 [CLS] h—2 Y15 d 2 BH&BIAE (768
ot) 2 1.2(b) @ MLP O AJJ& L THW, MLP & & %12 BERT Off5{kdzD
Wb HFEET 5.

RUSE & BERT (w/o fine-tuning) ®&/37 A — X &, LLTFOfMAGHLEDHH
570y Ry —F12k b, BT — X827 2 FIEIR/NDE T IV %R
5. 0B, ETOREIZEWTENBEILX ReLU 2{H 7 5.

o Ny FHA X e {64,128,256,512,1024}

o FHHE (Adam) € {le-3}

e TRy I e€{l,2,..,30}

o KOy 77% & € {0.1,0.3,0.5}

o MLP DRENEOR € {1,2,3}

o MLP ORENEDUE € {512, 1024, 2048, 4096}

BERT O&NTA—=&I%, FEHESIZLE>THRIEESNTWAHAGLEDF NS S
Dy RYy—FI2X 0, BT —RIZB 5 2 FEBEIF/INDETILEENT 5.
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# 4.2 WMT-2017 Metrics Shared Task (to-English SEX) 1281757

Y v DB R
cs-en  de-en  fi-en lv-en ru-en  tr-en  zh-en avg.
SentBLEU 0.435 0.432 0.571 0.393 0.484 0.538 0.512 0.481
chrF++ 0.523 0.534 0.678 0.520 0.588 0.614 0.593 0.579
MEANT 2.0 0.578 0.565 0.687 0.586 0.607 0.596 0.639 0.608
Blend 0.594 0.571 0.733 0.577 0.622 0.671 0.661 0.633

RUSE with GloVe-BoW  0.475 0.479 0.645 0.532  0.537 0.547 0.480 0.527

RUSE with IS 0.556  0.568 0.706 0.650 0.626 0.649 0.634 0.627
RUSE with QT 0.599 0.588 0.736  0.690 0.655 0.710 0.645 0.660
RUSE with USE 0.592  0.596 0.681 0.621  0.598 0.645 0.620 0.622
RUSE with BERT 0.622 0.626 0.765 0.708 0.609 0.706 0.647 0.669
BERT (w/o fine-tuning) 0.645 0.607 0.780 0.727 0.644 0.704 0.705  0.687
BERT 0.720 0.761 0.857 0.828 0.788 0.798 0.763 0.788

# 4.3 WMT-2017 Metrics Shared Task (to-English S§EX) 2B 5 A
7 < DIEALAHBE FREL

cs-en  de-en  fi-en lv-en ru-en  tr-en  zh-en avg.

SentBLEU 0.429 0.424 0.555 0.362 0495 0488 0.532 0.469
chrF++ 0.495 0.518 0.655 0.474 0579 0.593 0.570 0.555
MEANT 2.0 0.561 0.550 0.685 0.549 0.601 0.582 0.616 0.592
Blend 0.578 0.564 0.713 0.547 0.609 0.644 0.638 0.613

RUSE with GloVe-BoW  0.468 0.474 0.641 0.504 0.513 0.530 0.482 0.516

RUSE with IS 0.525 0.551 0.699 0.627 0.621  0.624 0.605 0.607
RUSE with QT 0.600 0.593 0.734 0.690 0.673 0.693 0.627 0.659
RUSE with USE 0.591  0.588 0.681 0.603 0.585 0.621 0.595  0.609
RUSE with BERT 0.637 0.622 0.759 0.701 0.609 0.692 0.644 0.666
BERT (w/o fine-tuning) 0.645 0.619 0.791 0.731 0.650 0.706 0.697  0.691
BERT 0.733 0.760 0.854 0.824 0.777 0.793 0.755 0.785

4.1.3 EER#ER

&= 4.2, £ 4.3 BXOEK 4.412 WMT-2017 Metrics Shared Task 12 81) % EER
MRERT. 428 LK 43 &0, BERT 42 TO to-English SFERIZHE W
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# 4.4 WMT-2017 Metrics Shared Task (to-English S&Exf) 1Z851) 51 2 FEiE

cs-en  de-en  fi-en lv-en  ru-en  tr-en  zh-en avg.

SentBLEU - - - - - - - -
chrF++ - - - - - - - -
MEANT 2.0 - - - - - - - _
Blend 0.242 0.219 0.184 0.291 0.216 0.206 0.194 0.222

RUSE with GloVe-BoW  0.317 0.251 0.231 0.284 0.241 0.247 0.257 0.261

RUSE with IS 0.259 0.222 0.192 0.229 0.213 0.198 0.195 0.215
RUSE with QT 0.240 0.213 0.179 0.208 0.198 0.170 0.193 0.200
RUSE with USE 0.246 0.212 0.213 0.237 0.217 0.200 0.207 0.219
RUSE with BERT 0.229 0.200 0.174 0.187 0.214 0.174 0.200 0.197
BERT (w/o fine-tuning) 0.225 0.220 0.154 0.176 0.209 0.168 0.174 0.189
BERT 0.222 0.194 0.105 0.117 0.194 0.123 0.190 0.164

TAFFHI & OFEmOMEERT. FRkIC, £ 4.4 kb, BERT 28 zh-en YD F
FEXTTR/ANDEAEERT. IO ORRIE, SO EERICH ST 2 REEEET
VT % BERT DSEEMEER A BFHE X A 2 128 W TH A TH S Z L 21T

BREDOTEREHERT 2L, HFHINEZXDOOHREREZZEL L THW 2T
@ RUSE € F7IVH, HEESHEREOFEHRY MLz FEMEE U THW RUSE with
GloVe-BoW & 0 & @ WHEBEB KNSR EZRLTVWEZ b hs. Iho
DREFRIE, XKD KIGH 2GR E BT E D XDMRIITIHED S EWED, B
PEREEFHMIIC E > TERATH S Z L 2 ERT 5.

%7z, Quick Thought ¥ BERT @M% % RUSE with QT X U* RUSE
with BERT 7%, B— DRSO K IEFEOF THRICE WHEREZ R L 7.
Do, BEXHEDHEMLUFEHIZL > TROND XDOEERIN, Hik
FERDOFHMIZ B W TRICARITH 5 £ F X2 51 5. Universal Sentence Encoder ®
RNVFRAZZED =L U TBEXHEE 217> TS DY, ZHid Quick Thought
% BERT 12 5 \F 3 BB scifesz © 1233 h %7 5. Quick Thought % BERT 125
VT BB CHEE T, e bdR & BRI AR E VW T ST 2 a0 %
53¥89 %. — 75T Universal Sentence Encoder (231 % Bf CHfiE Tld, 51k
MEEEHREAVCTANILSBEEXEERT S, TDD, HIHIEX AT ZfiE<
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= DIEHREFSBEVERT D, BEIFSMBLESHOMAIZZ AT %
RS 72O DERPEAET S EFEZ NS, ZDEVDZDIZ, Quick Thought X
BERT A HAMED @S WX D3R 2 #RTE /-,

T oI, BB DA K o THAETFE 7z RUSE with Quick Thought &
Db, WHAERRTE TV LBEESHERE O 512 & > THATFHE S /2 RUSE with
BERT O 57, < DEFFHEFITEVTEHWVERZRLTWS IR DRS. ZDZ
75, BERT OfFSERIZH T 2 HATEE D HIRIZ X SMEANDLEN LD 5.
2% Y, BERT DK E LMDV LD THDMNAMSIEE TIVIZ LB HFTFEHE I,
BEWEHAR O HENFHIi D 72D I BRI TH R L EBEX 5N 5.

RUSE with BERT & BERT (w/o fine-tuning) % lt#3 % &, BERT @ 3%t
ETV UL BMHEADKENRDPSE. ZDFEHIZEVT, IR L SR
XEMNIIHFAT 2 LD H, ARSI T 2BEDOARE OV EREEZRD.
RUSE Ti%, InferSent 2725 > T 2 DO XD #RE 2 MlA G LY 5 FE MM %
120720, TN BEMENER O B BT 128 U 72 BB O HETH 5 IR S 72
W, — /T, BERT OXHET Y 7%, FMEHIEZBI2T5 2 &4 < SO 0Btk
EHERELUIOMEB %M TS, BERT TlIBEEUHEEIZ X 2 FHeE 0z, E
FLXNOBBREFEHTETC VWA AHEMENH 5.

BERT (w/o fine-tuning) & BERT ZL#$ % &, fF5{baiDHEEIC & 5 M6
NDHEN LD D, FHRIFE I N OR TR o FMEHE 2170 MLP O &
%% #9 % BERT (w/o fine-tuning) & 0 &, OO #EB %2 HE ML L MLP &
EHIF AR EHEYE TS BERT O AD, £ TOFENIIH W TKRIFIZEWH
Bz U, zh-en DAADEFEN TRNDFEZRT. DXV, BERT OKE 2K
DV EDTH B 5L DHEE L, FEMEIERO BEFMO7ZOIZE AR TH 5.

4.2 HBWEERREEHTEIC D W TOMESR

AHiTlx, WMT Metrics Shared Task 128517 5 NFD#xf 2Eflifaf; & 5 — &
y FEHWT, AN OBEMEIER S EHEE IZ DWW T OREFIEDOE M % MEE
T 5.
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4.2.1 FEERFERTE

AEIZBEWTH, 4.1.1 Hi & FAREDO AT & M FHiifE A & F—2 &2y b2 HW
B8, ARERRTITBMERIER S EHEE (S0 R U722 O EEHER BB (2ow
TOBERZITS 720, BRXZBRWZ, FEX, BRXE X OCATFHMED » %
HAWa., RA4TIZBIIZLEEHIBWT, WMT-2015 8 L WMT-2016 D& &
6,420 SO & JEAERIZ A EIL, 9 #2728, 1 #E2ARHICRATS. WMT-2017
DE S A ICRHT 5.

% 55 BERT IZ1%, FEHESIZE o TAMHINTVEIFEHFEAETILDD b,
BERT i (Cased)VZ& 5. BERT D&/ T A =&k, FHSITL > THRIFX
NTWBMAELEDOT NS TV Yy RY—FI2k D, BERT—RITBITE 2 R
PEDBU/NDETIVEEIRT 20, AT HRY Z7EOA 20 IZEHL 72,

AERBRIZBWTS 4.1 fi L ARROHEED S, & HBEHHFIED X R0 72D1Z,
ANFOHMAFHMfE & DTV v ORERMBARE, AT < OIEAMHBEGRES LU
g 2 A A WD, 2 AT L D A RFIIIZOWTIE, AKX A Y %R
M & U T > T3 Predictor-Estimator 3 & O BERT i (2 WTDARITD.

4.2.2 HBRFE

ARFEERTIE, 2RCE VR WEEMEIER BB FZE L LT, WMT-2017 QE
Shared Task THmilhRE % 2L U 72 Predictor-Estimator [19] 3 & TF WMT ® QE
as a Metric Task DRX—ZF A VFHED O & D TH S LASIM [10] & REFIEDHE
R U 7-.

Predictor-Estimator 1%, IERX 0 7 0 OFHERE DEFE %2 £ OFEEBLE L T B0
DWTCOFETH 5 HTER G535 =Xty b2 T—X2 & LTHL
LFETH 2D, AFFETIEEHERC O ZRRA 72 GBI DWW T OO FEMNIC B %2 Y
TTWB72, ANFIZ & BHMIGFHEEN & DT — X+ v b % Predictor-Estimator
DHEIT— X & UTHWTHKT 5. Predictor-Estimator (238 1J % EERIZ 1,

Yhttps://github.com/google-research/bert/blob/master /multilingual.md
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Kepker 512 & 2 HFEETH 5 OpenKiwil [18] ZF|HT 5. Predictor D Hii# ¥
IZ1%, WMT-2017 Translation Task™*IZ 51} % & S EMTTD News Commentary
v12 WG — "2 % FH U, Estimator & 1Z1%, WMT-2015 8 £ & WMT-2016
DESFEN T L DEF 1,060 X & EAERIZHEL, 9F2¥EM, 18 Z2ARMHIC
FMAT 5. Predictor DK/ T A =R, THRY 7B ITFEERO AV O E
EPSPARNIZEEL, Yy RY—FICL VR T —RIZBITE23-T L FT 7+«
PE/NDE T IV % FER L /2.

o THYIHE(L,...15)
o FH#E (Adam) € {2e-3,1e-3}

Estimator D& /87 X — &%, TRy IZEBLOFELOAWMOHZEMEH? ST
WWEHEL, 7V RY—FIZX DR T —RIZE T 5 2 AP T/NDET IV
ZIEIRL 7=,

o TRy ZH €{1,..,30}
o FH% (Adam) € {2e 3,1e-3,5e-4}

LASIM 281 2 EBRIZIE, RAIN TV S FHFTFEH B A D LASERH
(bilstm.93langs.2018-12-26.pt) % FIfH L 7=.

L7, MEFEFSICE M T 2 BWEIER B Z3E0 FE & L T E O
DUEREZRETWE D E2RT 720, UTFOFELEDHEEIT>7%2. WMT Metrics
Shared Task D X—ZAF 1 > TH 5 SentBLEU [3] & U chrF+5 [30] & WMT-
2017 Metrics Shared Task (ZEWTEWIEREZ /R L TW5 Blend [24] 3 & U 4.1
fiilzs 1 % BERT 12 & 2 WEER A B)#Efi TH 5. SentBLEU, Blend 281 %

S e O FFAMAE I 1E A R IE, 4.1 fi & FBRIC WMT-2017 Metrics Shared
Task TRMINT VWS EFEROFMEMHEZFAHL 2. cheF+ 2B 2R T, #F
FHEFEIZL > TABIN T WA HEEE AT WMT-2019 Metrics Shared Task [za]

I https://github.com/Unbabel/OpenKiwi
**http://www.statmt.org/wmtl7/translation-task.html
ttNews Commentary v12 X{FR 3 —/S2AE4ET 5, cs-en, de-en, ru-en B & en-ru =G5}
Hhttps: //github.com/facebookresearch/LASER
§§h‘ctps ://github.com/m-popovic/chrF
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https://github.com/Unbabel/OpenKiwi
http://www.statmt.org/wmt17/translation-task.html
https://github.com/facebookresearch/LASER
https://github.com/m-popovic/chrF

# 4.5 WMT-2017 Metrics Shared Task (28 1} % &AM F =D NFAM & D
Y7 v DORERMEBERE

cs-en  de-en firen  Iv-en ruen tr-en zh-en enru  avg.

SR L O SEHEE

Predictor-Estimator 0.337  0.163 - - 0.272 - - 0.441  0.303
LASIM 0.327 0.403 0.415 0.465 0.364 0.423 0.467 0.352 0.454
BERT uiti 0.548 0.506 0.695 0.693 0.592 0.643 0.460 0.648 0.598
SRS HED < B BRI -

SentBLEU 0435 0.432 0.571 0.393 0484 0.538 0.512 0.468 0.479
chrF+ 0.523 0.531 0.677 0.529 0.592 0.609 0.595 0.612 0.584
Blend 0.594 0.571 0.733 0.577 0.622 0.671 0.661 0.578 0.626
BERTgAsE 0.720 0.761 0.857 0.828 0.788 0.798 0.763 0.741 0.782

# 4.6 WMT-2017 Metrics Shared Task (28 1} % &AM F =D NFAM & D
AT < v OIENLFH BRI

cs-en  de-en fi-en  lv-en ru-en tr-en zh-en en-ru  avg.

SR L O R EHEE

Predictor-Estimator 0.327  0.176 - - 0.286 - - 0.451  0.310
LASIM 0.361 0.404 0.463 0.464 0.351 0451 0.482 0.313 0.411
BERT usi 0.551 0.527 0.699 0.682 0.579 0.656 0.457 0.660 0.601
SR HD < HEFE -

SentBLEU 0.429 0.424 0.555 0.362 0.495 0.488 0.532 0.487 0.472
chrF+ 0.493 0.513 0.656 0.484 0.581 0.592 0.571 0.604 0.562
Blend 0.578 0.564 0.713 0.547 0.609 0.644 0.638 0.563 0.607
BERTRAsE 0.733 0.760 0.854 0.824 0.777 0.793 0.755 0.743 0.780

CFRRRDRE 2 FIH L 7.

4.2.3 ZERBRER

# 4.5, R 4.6 B LUK 4.712 WMT-2017 Metrics Shared Task (25 1) % FHERE
RERT. 45 BLUK 46 O EBEOREMHEIZE VT, EFIED BERT i
1% zh-en DASAOD S 35X T HUIRFE D Predictor-Estimator 3 & U LASIM £ b £ A
FRHlli & OEWHMEZ R U2, [FRRIZ, £ 4.7 O EBROMEHEIZE T, REFE
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# 4.7 WMT-2017 Metrics Shared Task (281} % &AM F =D NFAM & D
S 2 IR

cs-en  de-en fi-en lv-en ru-en tr-en zh-en en-ru  avg.

SR L O EHEE

Predictor-Estimator 0.344  0.350 - - 0.342 - - 0.343  0.345
LASIM

BERT juiti 0.292 0.270 0.197 0.216 0.241 0.231 0.322 0.267 0.255
SRS HEED < HBYEHT -

SentBLEU

chrF+ - - - - - - - - -
Blend 0.242 0.219 0.184 0.291 0.216 0.206 0.194 0.277 0.229
BERTBASE 0.222 0.194 0.105 0.117 0.194 0.123 0.190 0.208 0.169

NEEBENTR/NDHEELZ RS, £-KRAFPBIVTR A6 IZTBVT, TROBEX
WCED K HEEHEFIE L iR T 5 &, REFIEELZ < OFFEFITE VT SentBLEU
BEO chrF+ & RI%LL EOMEEZRZER L. ThoDFERL S, HrE s
% S RED SO FF S AL B DSBEMEHER D S EHEE D 7= DI H R Z L Db h .

nE, KEBRIZBWT lv-en 8 & U zh-en D EFEMICIZFFHH T — X BELEL
20, lv-en D E R TIX LASIM & » £ BERT i DS WHEREZ R — /T,
zh-en D XN T BERT it & 0 & LASIM S&WHREZ R L TW5. AKER
THHAL~Z%E3 BERT 13Y 77 — Rt O &2 SHEMTHAL TWAB A,
BRIZHSCPEELIVE STV NFILEIL S NETHEOINFET —RIZEE
NBMOEFELDOILEDY 77— NE2LGLI LD, ZOEVOERD) L DT
HhdEEZONS.
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BOSE O

ARETIE, £9 3.0 8ib &0 3.2 fi Tl N7 FRETFIEIC DV T ORI E B3
liic B2 EMERZIT, DTS, BNT, 33HTRENZEEFIRICONT
DR EH 1B 1 28 NFERZITV, 2T 5.

5.1 #EWEEROBEFELMICDOWVTODONT

ARETIE, 3.1HiBE X032 HiTRARZREFIRITOWT, BHEIER B BRI
B BFEET = RO MEREDOBLR, W FPET — 23D R WFFENTH S
from-English S#EIZE T MRS K CREFEOHDHNUZDOWT o 21T S.

5.1.1 2BF—9 D& MREDREIR

AT, WMT-2017 @ lv-en 3 #ExF D 560 30 % FEfifi 7 — % £ LT, RUSE
£ BERT 22 WTH¥E T — RO EROBEGRE 23 5. WMT-2015,
WMT-2016 & & " WMT-2017 @ to-English @ lv-en S §EX U D EEF 8,720 X
0 % SEAE 22 EIL, 8,160 SO 2 FE A, 560 SO Z2FFBHICRATS. 2L T,
FPEMT — &% 510 XA, 1,020 SO, 2,040 SCHf, 4,080 3¢k, 8,160 LD 5 D
DREITENETNIELAMBL, BFHT— &% LFMHT — XI2B 1 5 AFFHfi
i DTy v OEKRMHBFRE, AT~ OIEMMHBERES LY 2 FiiE%z
S 5.

RUSE O FEMAZ1E 4.1.1 Hi T X7z Quick Thought % i\ 5. RUSE D&/
A= F a1l HiOMAGHLEDOHRNS Yy RY—FI2& 0, BT —XIZBY
2 2 FREEDBUNDE T IV EEINT 205, Ny FH A XOAUFIZEH L.

o Ny FHA X € {16,32,64,128,256,512,1024}

BERT D& /RNT XA —&RL, FESIZI-oTHIEINTWABHAGDLOEDOFNS S
Dw RY—FI2XD, BRT—XIZBIT 52 FHRELR/NDETILEERT S
D, X FH AL XL TRy ZVEOARLLFNIZEHL 7=,
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1.0 1.0

7Y v DIERBEFREK

2 ET < v D IBRIEBEHRE

0.9 0.9
0.8 0.8
0.7 a 0.7
0.6 @05
0.5 ® 0.5
z
0.4 M 04
B o3
0.3 S 0
0.2 N 0.2
~ B}
0.1 <RI s il N 01 <-FI% il
0.0 Y 00
510 1020 2040 4080 8160 510 1020 2040 4080 8160
A7 — & 8% AR T — 2%
5.1 RUSE (/) & BERT (£5) iz i33%8Mhig (AFilfliorryy v
DFE R MBI RE)
1.0 1.0
0.9 0.9
0.8 0.8
0.7 0.7
ot
0.6 & 06
0.5 ® 05
oo
0.4 5 04
0.3 =
e0.3
0.2 N 0.2
0.1 <-BA% 8 i F’ 01 <-EI% - T
0.0 3 0.0
510 1020 2040 4080 8160 X 510 1020 2040 4080 8160
AT — 2% T — x5

B 5.2 RUSE (%) & BERT (£) (281 572HM#H (ANFiHlie DALT <
> DAL AHBIFRED

o Ny FH1 X e {8,16,32}
o TRV I e {1,2,..,6}

5.1, 52 B LUK 5312, RUSE & BERT O ¥ 7 YV ¥ O RMHEGRK,

AT < v ONERAHBERE S & O T REGE I 2 MR T TR T
RUSE 0% E ke & U BERT OFEMFIENT, FE T — KZEH 510 XD

BE L 8,160 XX DGATIXIHERO YT V v OMKRMERBE LA T D

NEAZAHBE FREUCHY 0.1 DA D O, FEAMiRF DT 2 FFRA T IEAY 0.05 PAE DD D
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0.3 0.3

- -\‘\-’—’\- -

B RN B
i T S @omee ik
w e e 1
o~ o
B 01 B 01
=-FF L il B9 % =
0.0 0.0
510 1020 2040 4080 8160 510 1020 2040 4080 8160
FiERT — & % ST — % #

B 5.3 RUSE (%) & BERT (£i) (ZH1F5%E kR (NFFHl & O 2 ihE)

L. ZoZ ks, RUSE B &0 BERT 12 & % BRI R B B 24 0 i T3 12 3 W
T, FEHT XL BMBEDE DR RENZ L0 b, £z, K 51 &K 5.2
B LUK 5.3 &0, BERT I & 2 BEkEHER 5 B FEAT X538 7 — X 008 510 S0 D
B4 TH, RUSE @ 8,160 XK DZEEF — 2B ToOMEEE L > TW5B Z &b h
%. 510 XD T — & cHEPF I N7z BERT 12 & 2 BEMEIER B Bha oM aE X, #&
422 FKA3ZBIOERAAIZBTZ20VTNOHEKFIEL Y EE%ES LU IE@E0ae
ERLUTWS., BLEDOSHD2S, BERT ZADBED IRV E - A2 HWEE
BTehbmWEgEz T 522 bn 0, ZEHT —XHE2WOTILehgETHN
i, SEICEEME DO S ORI B R EIC R e FE R 6N D.

5.1.2 from-English SR ICH (T 5 MHEE

AEITIX, BERENER B B2 12 3 1) % to-English SR DA DFHE L LT, from-
English S OHFTHRH LK DT NIV E I —RANRFET S en-ru S I H
I AMREER AT S, WMT-2015 @ 500 3065 & O WMT-2016 O 560 L D&
g1 1,060 SO & fEVE 22 o EI L, 9 B2 2E A, 1 #2RBHICHHAT 5. A
2%, WMT-2017 D 560 XA 2 W 5.

RUSE o #Miz1%, v ¥ 7EED Wikipedia ETHFTF#E U7z Quick Thought %
FAWwad. RUSE O&NT A =X L4101 HioHAEDLEDOHFHNS T Y v R¥—FIC
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# 5.1 WMT-2017 Metrics Shared Task (en-ru SZEX) IZBIFTBAFITE S
MXTEHIT e DTV v OFERMBERE, AY 7T ~ > OIEMAHBERES X O 2
P

en-ru

¥rYVy ATy F¥y2 g

SentBLEU 0.468 0.487 -
chrF+ 0.609 0.601 -
MEANT 2.0-nosrl 0.636 0.637 -
Blend 0.578 0.563 0.277
RUSE with QT 0.594 0.603 0.268
BERT 0.741 0.743 0.208

L0, BRT—XITBIT Y 2 FBFEVPRNDE T IV EENT E0, Ny FHAa
A& MLP ORENEDIRITTD AL FIZEE L 72,

o Ny FH A X e {16,32,64,128,256}
e MLP OFENEDWRTE € {128,256,512, 1024, 2048, 4096 }

BERT (21%, FZSIZL> TRAMINT VWS L SEO KB T — N2 ETHATE
#HEI N7z BERT hui (Cased) Z VW22 HWS. ZOFEHFAETIVIL, BRI
ROMBEHEIZE T BMETFIETEHAVDE D, SHSCE AW 72 BEENER B B FEAM 12
BIFEARFERTIX, PIERX LSO 2 AT L TWAZOBRFFED L LA AT
I\, BERT O&NT A—&IE, b0 fi& FARRISERT 5.

i FiE e U T, WMT Metrics Shared Task D X— A 7 A > TdH % Sent-
BLEU, WMT-2017 Metrics Shared Task (21} % LA 3 FIETH 5, chrF+ [30],
MEANT 2.0-nosrl [21] $ & O Blend [24] 2\ 5. 4.1.2 i & FkkIC, &HEET
RO AT T WS FHME %2 W TE T ERED X RG22 17 - 72, AFaFfifE &
DET YV v ORMBEMHBEGRE, AET < v OIEAMHBERES & 7 2 T2 X -
TRFEZMT 5.

A OFERZ R 5.1 ITRT. Bid b FEEIZED< Blend & RUSE % k9 %
¢, RUSE O A3 mWEREZ /R L TH Y, to-English SEESUNDOHEIZH VT
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HATFE X N/ XD RRBDFEEHER O HEIFHIIZ & > TR ENETH D L F
Z%. UL, RUSE &z UEEIZ&E DO < chrF+ 8 £ U MEANT 2.0-nosrl
ORI IZEIX . FIEiO 26, RUSE (%8 7 — 28U L 2 MERED 2 {bA
REWZEDHERINTH D, en-ru SabIZEWTH FEKOBH THREAME T L
TWBHEEZLNS.

— /T BERT I, fioFiEL D& KRECEHWVHEREZRLTWS. HU L FTHO
a5, BERT RARDT— X TEEWHEEEEZRIET 2 Z LRI N TE D,
en-ru SaIcPVWThbmEMEREZERLZ. 202295 BERT I&, 2EDI X
AT E 3= RADFIHTE UL, B4 22556 e U 72 BEREHER B B 3T 51512
nHEEZOND.

5.1.3 HAfI

WMT-2017 Metrics Shared Task (28T XHALD to-English & 55 Tt
BEZEM L7z Blend &, IRETIETH S RUSE B & O BERT (2 & 2 BEWEIER 5 )
PR D ) & b e B NFREMiAE & & FIE O FHME % Mk 2 72012, b1l i
& FBRIZ WMT-2017 (2 81F 5 lv-en 5 iBxF 560 XRHZ xS 5 AFFH-ifE S & %
FHEOFMMEZ AWz, R 5212, B E ST T 5 AFiHifEs L UO&F
& DR % R 7

FEINH 1128 WT, SIS E FERPRE IR 2P ERIUT VS (ANFFHMiE
AE) BERZx U T, Blend TIHMEWEZ DI TLE > TWADIZX L, RE
Fi£TH S RUSE ® BERT (2 & 53 Tl Blend & D @\ MEZ/RXLTEDY, IEL
WEEHIAM T A T\, £z, BRI 2 128 WT, S EREPEXDILLT NS A
HKRA 22 (ANFFHMfEAME) FIERSZH LT, Blend THEEWEZDIFTL
FoTWBDIZX L, RUSE ® BERT IZ X33 i CIFfEWMEZRZRLTED, [EL
WREHi 23T A TWB. 2D Z eh 6, RUSE ¥ BERT (&, HTRFEMEICHED<
FHETH 5 Blend TIEBEA B WK 2 EHREZRB LU ZFMATETVWEIEFEAS
ns.

KIBHNZIZE VBRI OMER D B LEZ 6N, YOFIETH AT L 0 KW HE
ZDIFTCULE->TWVWA. Blend IZ X 25HiiTlL, SV IZLE2REDOAR—FHDR
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# 5.2 Blend, RUSE & & U BERT (T & % HtHaR B B3 o & 41

& 1

2L ‘Needless to say, there was no disrespect intended and I'm very sorry.

BHERSC Needless to say I hadn’t meant to show disrespect, and I was really sorry
that it happened.
AFfMifE A FEEAM : 0.901, Blend : -0.186, RUSE : 0.321, BERT : 0.798

J& 1 2

ZMX Vaino comes from a family of Soviet party elite.

BHERC Blame comes from the family in the Soviet party elite.
ARffifE A FEFffi : -0.634, Blend : 0.298, RUSE :-0.366, BERT : -0.446

SR

23X Information providers will remain anonymous.

FMERC  the information providers anonymity guaranteed.

JEAMfE  AFEE4M0 : 0.418, Blend : 0.0544, RUSE :-0.116, BERT : -0.219

BIZXDEWMEDRDITENTWE EEZX 55, RUSE ¥ BERT (12 X 53 TlE
NERDENVHZ DGR EZ ETFLEZASNTWRWZ8, ﬁmm%o&fbiof
WheEZOLNS.

5.2 MHHWEEROGRBHETEICDOWTODH

AREITIE, 33 HCTRRZBEFIEOBWMBERSEHR BT 2EET—XIZ X
BMEREDZALIZ DOWTHONT B728, LFD 2 DD ETEKT 3.

5.2.1 WREBHDHTEEH

@%%@?—&%W%Té@%:OVT@ﬁTékbﬁ,ﬂ%%%ﬁ@?—ﬁ@
AEHAVCTHEHREOHFEZ1TS. BARNIZIE, WMT-2015 8 X WMT-2016
DF—Rtwy hDOHN5, cs-en - de-en - fi-en * ru-en D FFEXITHEWTIX 1 0603(
X370, tr-en D FFERIZEWTIX 560 L 2 AL CHEHEOHZE 2175,
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9+

# 5.3 WMT-2017 Metrics Shared Task iZ 8 2IREFFEOFEEF— X
LMEgELLEE (Y7 Y v ORERMHBERED

cs-en  de-en  fi-en lv-en ru-en tr-en zh-en enru avg.
SR L O SEHEE
Predictor-Estimator 0.337  0.163 - - 0.272 - - 0.441  0.303
LASIM 0.327 0.403 0.415 0465 0.364 0.423 0.467 0.352 0.454
BERT it 0.548 0.506 0.695 0.693 0.592 0.643 0.460 0.648 0.598
BERT mue: (w/o fBE7E 0.474 0.442 0.638 - 0.424  0.533 - 0.599  0.518
BERTwuii (Zero-shot) 0.512  0.482 0.697 - 0.552  0.631 - 0.530  0.567
ST EED < B EDFEA
SentBLEU 0435 0.432 0.571 0.393 0.484 0.538 0.512 0.468 0.479
chrF+ 0.523 0.531 0.677 0.529 0.592 0.609 0.595 0.612 0.584

# 5.4 WMT-2017 Metrics Shared Task 2B I3 REFHEOFH T —RIZ L
e (AT < v ONENAHBIRED)

cs-en  de-en  fi-en lv-en ru-en tr-en zh-en enru avg.
SR LD EEHEE
Predictor-Estimator 0.327  0.176 - - 0.286 - - 0.451  0.310
LASIM 0.361 0.404 0.463 0464 0.351 0.451 0.482 0.313 0.411
BERT nuiti 0.551 0.527 0.699 0.682 0.579 0.656 0.457 0.660 0.601
BERT i (w/o 15735 0.487 0.454 0.643 - 0.436  0.526 - 0.607  0.526
BERTmuisi (Zero-shot) 0.520 0.484 0.699 - 0.556  0.634 - 0.549  0.574
ST EED < EHEDFEA
SentBLEU 0429 0.424 0.555 0.362 0.495 0.488 0.532 0.487 0.472
chrF+ 0.493 0.513 0.656 0.484 0.581 0.592 0.571 0.604 0.562

728, lv-en B & zh-en O FFERIIFEAMH T — X UDFLE L R\ 72 O ARG ER O X
KL TH., BEHHOT— X%, 42fficFUL, ZhEzh 9#EHz2EHMH, 1 8%
FAFE R SEE 20 HI L CTHW 5.

£ 53, £H54BLOKLL OEBFRLD, MEFHEOT -2 BEOTHREHED
H¥E %175 BERT i 28, IREFENDOT — X DA THEE T 2 BERT i (w/o
MEZE) Kb HEIZEWVEREEZRLUEZ. ZO0H»S, HiEEINEZLEEDOX
WS bR %2 S FEHEEIRICHYEH T2 Z L OEMMED R T E 72,
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# 5.5 WMT-2017 Metrics Shared Task iZ8F 2 IREFFEOFEE T — X
BHPERELLER (CEYg 2 T|RE)

&

Y

cs-en  de-en  fi-en Iv-en ru-en tr-en zh-en en-ru  avg.

SR L O SEHEE

Predictor-Estimator 0.344  0.350 - - 0.342 - - 0.343  0.345
LASIM - - - - - - - - -
BERT uiti 0.292 0.270 0.197 0.216 0.241 0.231 0.322 0.267 0.255
BERTmuiei (w/o fhE8E)  0.324  0.297  0.225 - 0.295  0.248 - 0.286  0.279
BERT uiti (Zero-shot) 0.292 0.306 0.194 - 0.278 0.206 - 0.296  0.262
S EED < BEEE

SentBLEU

chrF+

5.2.2 Zero-shot &

HEI D95, NRSFENLUADT -2 Z2HVCTHEHREOHFEZITS>Z L
DEMENHS DR 5Tz, ZTDTD, NRESFEND T — X %2 H W72\ zero-shot
EHEENOHRNR TS, £ I TAEITIE, WMT-2015 & &K O0" WMT-2016 @
T—Rty bOHENRS, RESESUNADTF—R2DOAZHNT, THZTh 9 H %
FHEHH, 1 #Z2EBHICEIELDEIL T zero-shot TWEHEDERZITS. b,
lv-en B £V zh-en DEFENIEZEHZEFEHHT — X BGFEE LR WO RER DX
KN T 5.

# 53 KRHABIUER LS OFERBRERLD, WREFHENOT— XL EHEDHTH
BHEDOHFE %2175 BERT u 1213525 HDD, zero-shot #E D BERT i
(Zero-shot) %% Predictor-Estimator & & OF LASIM D EEFIE L D B IZE W
B2 R U7-. £72, BERT i (Zero-shot) IO HEFMETETH 5
SentBLEU & ML THEIZEHWEREZ R Lz, 200 o, HiirEsn:%
SEO AT EbER L, WRSFEADZOD T RV E T — XDBFHEL RWVRIT
t, MOEEND T NV ETF =X ETOHEEIC X > TEMERER B HE %2 F25
TZDHELEAD.
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F6E BbWIC

AL TIE, (SN O W CRAL T OM Y 72 BEIFEHM 2 17 5 728, HfEE
NIz XD ERERBUZTE D < BEWMEER B BRI R 2 R E Uz, T~ id, RBIBRAE
I— N A% W BB SCHEE R NS EEE TV R UEiiEEIc k> T, B
WEER O HENFEM O 72 DIZE AL X DOFSEiFons Z & 2mliz. Hx Dk
KRR, FNRBRMEICE D KERFIETIEBA L WK EREZERT 52
EIMTE, BERX SR X OB OREH L —ERIZ L &b\ EER B BEEl %
AREIZ U7z, £/, Z2EEORBBERAE I — N 22 HWEHEFEHIZL->THESN
LEXOFEREZ WS Z & T, BMBEERSEHE (SRCERA U RO BEHEIER
HE)F) 2 ThD T 2R LTz,

RUSE (Z & % $$bRENER B BIEEAM <1k, WMT-2017 Metrics Shared Task @ 7 —
Rxy b HAWEZFMERIZEWT, XHBEAMD to-English SFENTHRDO E D
RFIEIVEEVERER R U7, 72, BERT IZ & % BEHENER B B3l < 1%,
WMT-2017 Metrics Shared Task D57 — Xt v b &2 W23 HIiEZEBRIZB VT, X
BALDORTOEFHENTRUSE 2#E, HEMREEZEHRLZ. £5iEBERT IZL5
BERBIER S HEE T 1%, WMT-2017 Metrics Shared Task @5 — Xt v b % W

BB FERIZBEWT, XHEAMDE K OFFEN THMOFiEE KIFIZ EF D &EtEiEz
EHF L, SR AW BERE BRI S T2 R—A 5 1V FiE% LA 5 ME6E
U7z,

FER R T DFER, FHETFHE S N2 SO S0 ER T & 2 BEREHER o B B3 1,
HEFHO AL, XHNETY VT, FEABROHEED 3 SBnEnT kil
WEBLTE D, DEOI N E—N2DAEHVTEREWIEREZ T 5 Z
ExaRUTz. F7z, HATFHE I N OHRF S X D BMEER O fEHE X, £
SBD KRB I =N ZZ X0 HFIEE T L5721 T, BEHOBREEKSETD
TRV ET — R & SEMBINIZHWS Z e TL D EWEREE2 T 52 & 2R
L7z

ARRFET, FATFE I N7 XD R BLOBMREHER B BhEHE 2 A 27 B X O EH#E
ERAT NDILHADFEETH S ZEWRINZDT, 5BIEINS DX AT
U7z FREE R EEE GEICOWTIHIE 2T W2 WE B TWS,
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MEGITR D £ U7/NTSP BRI R G U £ 9. seATE 2@ L T, EWNZTT
BBHTOERFEERA VR =L LTOREORE LY, EHIZL OEELR
fRETHIENTEE LR, 72, FHAFEEDENPSOA VX - UTHEELTL
I oRIR I AT, PRI EITET RN AL OEZHREFIEFIZZ LD
ZEIZDVWTTEIHREL TWEZE, RYITEH#HLTVWET. HREOLEL
i L OBREOE X AT, B2 2RGH CHBEIZE > TW/ZZW D BT Twiz
72E, HOVRLSTIVE L. mEBIZ, BIEZ5EZITTWAEZW IO FEE
LB I G L £ 7.
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