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AAMT/JapioFF BRI E AR H &
PEFFINRENITEET N LHREM e > 2 — X —K
dH

B, =a2—I9 /%y N FEo B EEROERIC, HO7-0T, L LI NN
DN, —D i]ﬂﬁi_ﬂ)?%@énkkiﬁ ERR COSE T, IRV T LE
BRI CHFEFPALZHLIZEEDOZ L, 77 AUNE LD FHARIIT 7 AFET
ol 7T U ALSNDOZEZEIZEAT S T REE . BEERR S = b 0T, AFICK
DEEFA> TWRNWEDZ &, ZOHRFEBTOIXFEFHIL, FTA T TRERRE S DR
WD, RIFEERER DD o TWe, £0, RAY DT NV —7 L OILENFSE % HEfF L Ty
D Z L, D AEEEIRR THEER L Tk > CEREE, FA VENTOBLESDT-
HOLOTHSFEIL NA VEEOREEDL, AFTOEIERLT, HAaIZL > TEAEKZRL
OO DI TW2, ZD2006E, 7T 2 AFER A ViED b IFE~ O EIR
X, FEFICEREOENLDIC/>TNWEZ EERLTND,

WD OMEEN L VE A DX —TiE, FICHEEICASNTREZLE, Yoy
T COMBRIERZ > THERL, AFOBEZTHZLETRELTWD, 77V AFEND
PEIR E~OFIFRICHARD & RELTAFOBENLETH DN, KD AT THR
?éi@ﬁ\ﬁéﬂmi<\2XF%Tf%hé

BT, WEECOMREZEELT L7200, MHRENEORHAOI % B AGEOREED —
%%%ﬁbt_&ﬂ%oto%mﬁéﬁék ETNRVICHETX D, T2, ZhiE. R
XDOHARFENH > T, TNZ FHEICL CHEEZHA, BFETE TWDHDRE LTV,
ZIHOWNWIHHT, HEERERD &, DV DEEZ LRWE, PFREEEICIIFEL 2V, £
7o FADMEIE LT3 %, MR B ORGENH D3 A T 4 7 OWEFIZHE D & £,
KiEIMEE Sz,

ZORENG, (DHEARFENSHFE~OFRN, 77 AGE « A VRENLEEICHERD
LIXDDICHER SN2 & @QUFENFICET 2R IITHEMAGEORR R &, BED =

a2 —F VIR EF RN 2N L GRANEED X D ICHE T, 2o, MO T X
A N EDHEIRICIEERBITKTET 280035 0 | BUEOEMEIR O CiX, F2fRT
ETCWRNWZ e, EnWH ZEEmRLT,

BRI ICBIGR T D AT ORFZRICIE, £ 72, MR T REBENSZLEIR WD &
ZETHAI, bLICHLIARBEZTHEICTLL, MIFREROKENHAMETELH LD
WRLHD, ZOEROTZOIC, BERNDNLRVARBERREEOT I A MMRFEAELTL
FoLWVOfalREL H A 9,

AHEEL, RO 1FEHOFESHZ2E L OO TH D, EENE LVOEEIRR B2
SOIENTZHLDIZL TV D DHREXBE DB EIZLRNITFENTH D,
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2. 1f2 0 Z I HEEIZHK S T T v v g Uil E V2 = 2 — T VESBREIER

BERY MO L
BERT IR S

BRRY TEH %

I

2.1.1 ILHIZ

BRI L B RS EELIE OISR AR S 4L, BRA R FEDREINTETWDNR, i
FTIE, =2—IFA%y N =7 ZHWBEBEER (== — Z VBB 2 @VISE & AR
WERZFZHLT 5 Z ARSI N TWAD. FriC, RI—XNOHGEROBEREZIRZ BT
T3 3 v (Self Attention) & W\ 9 & A 7= Transformer (Vaswani, Shazeer, Parmar,
Uszkoreit, Jones, Gomez, Kaiser, and Polosukhin 2017) (255 < 57 V03 b VOIS &2 FEHL
THZENOLBAERESEESNTWDS. RO =2 — 7 VBRI, KE<pFsL, &5
FEOTRIRBLZ RO L EMEL LT, BHriA=2—TF /L1 v FU—7 (ConvolutionalNeural
Network; CNN) % A% = = — 7 Vi EIER (Gehring, Auli, Grangier, Yarats, and Dauphin
2017) ¢ HFfl=o2—F L%y U —27 (RecurrentNeural Network; RNN) # Wb =2 —
NEEMENER (Sutskever, Vinyals, and Le 2014; Luong, Pham, and Manning 2015) (2431 S
TW7=2y, Transformer [ZWVTHDOET NV E LR, KSEOHTRIKRIELFHET L2012, K
S WFRCEFEON) RCHMEEX FRESEOD) OT X TOHRGEDMAE DEITHT
27 T7vvary (AT 7vrvay) it E L CHBRIAEZ RO 282 KRERFHET 5.
Transformer Ti%, FHIECHIZERZR EAHIEOCRICHIT A EICET 2 F#RIL, (Exr =
—35 4 7 (Positional Encoding) % i\ CTHHFEDHOIALFII S TN D.

Transformer XR°HCT 7 v ¥ a Y EUEET H72D DO FENN DL INTEY, Strubell
5 (Strubell, Verga, Andor, Weiss, and McCallum 2018) 1%, =& EIf} 5 (Semantic Role
Labeling) (28T, #3CHEH (R0 2 #1E) 2HWCHC T 7> v a Y OERTTE2FET5
VIVT S A EE S, R AEEEACT T oY a VAW FIEEREZEL WD ZTRET,
AT HIREAIRR > = = — Z VBEEIER 1%, JRSFECREBISRESL, H 2 WIEE Ol O
W O(AAEECR Y Z T BIER E) Z2IEAT25 2 E THIRBENGKEIND Z LML TS
» (Ding and Palmer 2005; Chen, Wang, Utiyama, Liu, Tamura, Sumita, and Zhao 2017;
Eriguchi, Tsuruoka, and Cho 2017; Wu, Zhang, Zhang, Yang, Li, and Zhou 2018), Transformer
IZBWTHHEXEREZ WD Z & CRENWEIND Z LRI ND.

AfalL, JREFE, HOSHELOR Y Z SISV % Transformer O .7 7 2
3 NCEZXTIMT 28 L= a2 — T W EIER A 2R T 5. A5, EWEEMNETHWS
% Strubell © (Strubell et al. 2018) OFIEAMMEIFRICISA L, R ZIFHEICES<AD
TTrvay EEEEIROET VERIRICEE T D~ VT X A7 %R %247 5 9% (Deguchi,
Tamura, and Ninomiya 2019) Th 5. WENHRIC IV EON LBV ZTIHELZBCT 70 v
2 VDEMT—Z LRz, AT 7y a O R ZidtEEDES 2/ ST 51IK%H



B D—> L L THEATLHI LT, vAT XA FRELEBRTH.

AREBR T, BHAEMER SCOBEE D B AR S 7-XHRSUES Tdh %5 ASPEC (Asian Scientific
Paper Excerpt Corpus) (Nakazawa, Yaguchi, Uchimoto, Utiyama, Sumita, Kurohashi, and
Isahara 2016) Z AW THERRZITo7-. ZORRE, JHSFEL, BMSEXH T ORI
WEHCT 7y a r TERET HRETT /VITNEROMR Y =T HiE % B & L 72 Transformer
(Vaswani et al. 2017) X 0 @WERFREE 2 KL L 7=,

2.1.2 Transformer

Transformer (Vaswani et al. 2017) (X, A7 7 v a vt Witz ffolomra—x L5
I—HEPORER SN D = a2 — T MEEWEIRE T L Th 5. Transformer DMK Z X 1 1T7R-T.
Transformer (¥, = a—X LA YL TFa—X LA YNENENERIBAY v/ Shicoya—
Koo T a—FEER RO, T a—F Tk, AJSHIZRERED O PR BLZ G T 208N
Thivd., 7a—4#7TiE, PHEEBNLHNSHEXEZ TRIL, 1 BHEET ORRICH )T 508
PIThhs.

Transformer D= a—X &7 a—F L, £7, HUALE TATHEGES] (=2 2 — 73R
SREXOHEES, T a— XX HNSFELOHIES) 2 HHUALREL A RIITINC AT 5. £
Transformer (3 RNN (235 < = = — Z /VEEBRERRR & 135872 0 BRI 2 S 2 RF 7o e e
25?), Ml%jﬁ/ﬂm?‘% IR BHEEORIINEF R AT T D, BRI, ATEFES O
IABRBATHNZ G LT, FHFEO TR DMt By i@ iEHma = a— N L72ATHI PE 212
%. PE DFRIITE 2 JEHED sin, cos BAZHWTHRAIZEIVEH LD THS.

PE(pos, 2i) = sin (pos/100002/4)
PE(pos, 2i + 1) = cos(pos/100002"/modet)

22T, d BANHFEOMIAZIRIC, pos ITHFEDONE, | IXFMSORTEZRT. HEEHLIAL
KBUTHNCPE ZMZ272b 0N, 1 BEOTZ L a—F LA YT a—X LA YDA LD,
TrAa—Z LA YL, TOY T LA YRR, FEHFELTOHGEHOBRERZ 28 LT 7
yvary, fEZLDT 44— KT —TU—Fxy FU—2 (FFN) ® 2 SOH% 7 LA ¥ THEK S
NTCWb., Ta—XLAxiX, MOV T LA YrolElc, HESEEXHOHGEROREGRAE X
HYAXIMEACT T v ay, REmXOREEL HIEEXOREMOMREZIRZ 2T 7
vvay (EEHETTvaYy), MMEIZEDOFFN O3 50% 7 LA ¥ THEMRSA TS

BV T LA YT, FEESHG (He, Zhang, Ren, and Sun 2016) #{T->7-1%IZ LA YIERI(L
(Ba, Kiros, and Hinton 2016) 2% &b, LA YIESML %@ 9 5 B%% LayerNorm, F{f
DY T VLAY bDOHN%E x, BIEOY T LA YO AT 9 B4 % SubLayer &9 5 &,
LayerNorm(x + SubLayer(x)) NV 7 LA YD 1705,

>a§



EIEENEERS

TR EEL & Layer
Norm

R ZETEL: & Layer
Norm

Src-Target
Attention

TREERG & Layer
Norm

Nx\

REEL & Layer
Norm

FRERL & Layer
Norm

RAFVIFE
Self Attention

\

Positional Positional
Encoding Encoding
R=3E BIE:E
NG E BN E
[R=:E BNEEX

(shifted right)
1: Transformer &7 /L O E Y]

HOT7Triav e gEBllrrryaii~rF~y 7T rya VARV TERISNLTWA.
< ILTF Ny REAWALZ L1, HHOTT oy a VA OZ LITHEY L, vV F~y RO
helLiclE, ANERBERBZLY dIRITT7 bV d/h IRTCICHHE S, d/h RO~
M ER~Ny RIZET. 77y a U BE~OANINE x,,x, & LT2EE, K~y RIZKRO
Zy,, 2, HRTET 5.



n

Z; = Z al-jijV

j=1
exp(ei]-)
k=1 €xp(ey)
(xiWQ)(ijK)T
el-]- = \/_m
el WOWEWY IZENENASY REICERINDEMTINTHD. F~y FOH )Tk
I, EHTHIWO TRIEBG T 2N~ LT~y RT T a v Thb.

Ta—XOHCT T a T, T a—XONIRERINEHWTERZITS. 2720, #
AR, TR OHEEL VR CAERINDHELMDZ LITTERY. 207D, Ta—X0
HOT7rvarTliE, THIT2HELZNIVHBITICNET 5 HEEOMOBRMEEZZE L2
o~ AI7 LlcevAF oI T T oy aryra Hnd.

T a—2E, FKOT a—Z LA YOI hy, - by 1T U TRIBEREIL, TD%Y 7 b~
v 7 ARBAE T Z LIk o T, BWEIEOKHEIEOA MRS EIFD.

a’ij =

2.1.3 RV ZIEECESS BETT V¥ a v &V Transformer €7 /1

BB 5 CTHW SIS Strubell 5 (Strubell et al. 2018) O FiEZFBERRIZIGH L, 1%
DZTHEICEKSS ALY 7T vy a Y OBRBMIT EEBFROE T AV 2RI FE T 5w LT ¥
AT B BT,

Strubell & (Strubell et al. 2018) 1%, EWHEHIT 50X 271280 T, %0 Z I HEICHES<
HO7 7 vy a OBEMIT EEBRIROET NV EZRKICTEE T2 AVTF X R FEEZRELT
WD RBFRIL, O DOFEICHESE, EWEIRRO7Z® O Transformer = a2 —X &7 a—X D
WIS DOFEEZEAL, S5 T7TU— Rt 5Z %179,

Transformer D H T 7 > ¥ a & a;; OFFFIEFEICIT ¢ 13 2 HFEOMDIARR I T 5
WHRCTRHE I TR, NEOHEORD VIR TEINDI AL T 7 4 VEHEEITY, 2 H
FEMORERZ EE T E T 5.

exp(e;;)

k=1¢€xp(ei)
WU (WK
eij = Jajr
TIT, UL HEEROBMREZRTEHATINE 2D,

WIZ, RO ZTHRITERIC LIV BEONDIRVZTIEEET 7T v a VOHAIT —4% & LTHIZ,
RO XTI OFE 24T O . RV ZIIHEICH L, HiEw, B w ITRD5E, a;=1&L, £h
DS OEGEITa; =0 &35, BlZIE, X2 ORYZIMEICH LT, &;1EX 3 (b) OXL>7%RfT
b,

3@ FHCT T rvaya DRESEAORITRILLE— vy 7 ThHY, X3 (a)
De—hr~vy 7R3 () OF/RYZFHEECESS LHICHCT Ty a v OFEPMTbD.

aij =




~TA

I listen to jazz
X 20 £& D 52 T M
[ listen to jazz | listen to jazz
| | 0 0 0
listen listen 0 0 0
to to 0 0
jazz jazz 0 0 0
(a) BT 7 v ay a (b) £RV ZTHEE &;
X8 HOTTviay bR iiigs
| listen to jazz | listen to jazz
NN 0
| 'S§k‘$ |
listen \ listen 0
to to 0
jazz jazz 0

(a) 5575‘—:/?\/5 Vg aij

4 BT T v ia R 2GS

(b) 1Y ZE a

F a— RIEZIE, Transformer & 2 — X128 WT, RBICAERSNAHEBEOHD T T a v

ERFTH 2 L RTEARNLD,

E— b~y 7BIOMRY ZTHED~ A% AT 5 .

4 3T 23— F DOV AX U T ERT. FHRTREINTEEEN A7 INTEBY, vA7 Ihiz
BEOHCT T vy a rOHERB IO Y Z IS L OZESOFHEITITOR .



N\ »\f\/\/

listen i@@ s@@ ten

5: (R ZIIHEIED YT U — b

BED% L O=a— 7 )V EIRR XY 7 7 — F51 (Sennrich, Haddow, and Birch 2016) % A
NETLHHTU— MMEBITOILTN DA, R0 ZI T I HERAL TIT b o 7o), RETFIEIL
KL TE#HEY 7 U — Mz 2 2 LIXTE RV AFETIE, 77— MUlckhsc 35729,
R0 ZTBERICH D HGEICXIL, (D) MOBGENDOR Y HIF—FLHOF 7T I —REL, (2
HEEF O T U — ROBRY BITHEBEY OV 7 U —KREL, ) MOHEFEIHRDLIRY TIXASRD
YTV —RETHETHILN LT, 51% “listen” 2% “li@@”, “s@@”, “ten” LWHHTU
— FIZHEI SN2 HA O/ Y Z S OF 2R LT 5. XA EEERNALOLR Y 5 i 2 %
L, MAERAY T U — FEMAORY) ZTHELZRL TN D.

RRFIEOTFEIL, WHEROTE, = a—XIckl 2RV ZIMEDE, 7a—XItk
TR0 ZIHEEDFE KT 5 BRI A BIEMIH L2 T O TR SN LDHEAEE L 2 HHY
Bl L~ T X A7 L0ITH.

L = Lioken + MLencparse T A2 Laecparse
721720, Liken 17 XNV EHARZ T PR E—ICLoTROLNDFHRDOEK,
Lencparses Laecparse [ TENTNZFET Y brbE—IZ Lo TROHBNAD T a—4{l, 7a—F o
HOE7 7y a »r LR ZITREDH DI, A, 13ENZIL Loncparses Laecparse 7Y H HIBIEIC
WETLEANEZAL N — LT L5700 DNAI/R—=RT A =L ThHbH.

214 ER

AZEERCIE, FHEHANGR SCOBEE ) HAERR S VRS TH S ASPEC (Asian Scientific
Paper Excerpt Corpus) (Nakazawa et al. 2016) % T HZFHRZIT > 7. JE5ESCO HGEE
IZ Moses (Koehn, Hoang, Birch, Callison-Burch, Federico, Bertoldi, Cowan, Shen, Moran, Zens,
Dyer, Bojar, Constantin, and Herbst 2007) % f\>, &Y 5 J fi# #7113 Stanford CoreNLP
(Manning, Surdeanu, Bauer, Finkel, Bethard, and McClosky 2014) Z W\ Cir>7-. HARGE
I% KyTea (Neubig, Nakata, and Mori 2011) %\ CTHEESEI 217V, EDA % HW\ TR0 51
AT 24T > 7. %7 U — RF{biZiZ BPE (Sennrich et al. 2016) % fi\>, BPE OaE#541% 100,000
&L, T AOFETIE, AT — % o B 1,500,000 STt LT BPE A3 L7zBEo -+~
U— R 250 BUT &70 % 1,198,149 UM 2 L7z, WEET —# & LT 1,790 3X*f, 7 A T
—& & LT 1,812 Xxta MW,

EER T, BEE TV ENEKRD Transformer (Vaswani et al. 2017) Z g4 5. #R2E57 /14
PERTT INDINA 28— F X —H [T base 7 /L (Vaswani et al. 2017) (2, = a—F L5
A—EDLAYREEENENG6, TTrvarD~y FxE 8, HALRILE 512 kot L L.



* 10 EEREER

BLEU (%)
Transformer 27.29
RETT L 28.29

ETNOFEIZIE Adam Z VY, B =09,8,=098,e=10"° & L7z, FHBOLHA T Vo —
U > 71 Vaswani & (Vaswani et al. 2017) OFELFERIC LTz, I =Ny F ¥ 1 XL 224 T L
L, =Ry 781320 & L. ERET NV EREETT VOFROBLEE TH 5 7 VPRI A
= bt —0 e (Szegedy, Vanhoucke, Ioffe, Shlens and Wojna 2016) 1% 0.1 & L7=. ##%&F
By a—4, Ta—FZNETN4BHOBCT 7oy a iZxi LT, ~y R1 D% EE#x
HZEICRoTHH L., EETTAOHBBEBONANR—="F A =2 7,0 FEHLHE 1.0 &
L7, PERET NV EREBET VM FIZENT, BT /VOFBIFMRIET — 2 125t L Tl b IEE D &
WKy 7 DET NaT A N7 —Z M U CRIRRIERE 2 3F4f L 7. BHAREF I B — 2 ERE 2 W,
E— AR 4 & L7e. SCRIEAE/XT A —% (Wu, Schuster, Chen, Le, Norouzi, Macherey,
Krikun, Cao, Gao, Mache et al. 2016) 1% 0.6 & L7-.

FRAER 2R VIR T. FERMEROFHMEFEIEIZITE BLEU Z HWe., £ 1 L0, #EFEZHW
6’&ViDHEU@@ﬁ10T4/FLﬁLTw6 ERDND. ZORREY, R0 2T

T HHACT Ty a O E{T9 2 LT, Transformer 7 VORFIEE AU ETE S

el

2.15 ¥&®

AWFFETIE, REBRBIOCHNEHICRB TRV ZIMELZ BT 7T a v OFHRICHWD
Z & T Transformer E7 VA YGET 2 FIELRE L. BEFEL, RUZIHEZECT 7TV
TarvDEREBIT ZEICEY, RO FE L, o a—XOACT T a s DFEE L,
Ta—HOHCT Ty aryDRRERFICEET A NVNTF X AR EITH. T a—F A
TOHERII~YAF U T 2T Z 2k, FEHEET X NEOAREEZRET L. 7 U— Nk
ZxHGT D72, HEEHALORY 21207 U — REMLOR Y Z T ICERT 2 FIEERE L
REFIEDL, FERFIRY ZTEE LI 268 0 2T TSN LB L 22 D05, R0 Z U fffT
HRIRFICFEIND 2D, 7 A MRRIZIIHR Y Z T2 %8 e L., ASPEC 7 —%
(Nakazawa et al. 2016) % F\ 7= B 2&HHER OFH 528k 438 U C, 2L FIEIZ LV Transformer £
TNDOREEUGERZERTE D2 & AR L.
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2.2 Neural Machine Translation based on Multi—-Hop Attention
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2.2.1 Introduction

Multi-hop attention was first proposed in end-to-end memory networks[11] for machine
comprehension. In this paper, we define a hop as a computational step which could be
performed for an output symbol many times. By “multi-hop attention”, we mean that some
kind of attention is calculated many times for generating an output symbol. Previous multi-
hop attention can be classified into “recurrent attention”[11] and “hierarchical attention”[7].
The former repeats the calculation of attention many times to refine the attention itself
while the latter integrates attentions for multiple input information sources. The proposed
multi-hop attention for the Transformer is different from previous recurrent attentions
because the mechanism for the first hop attention and that for the second hop attention is
different. It is also different from previous hierarchical attention because it is designed to
integrate attentions from different heads for the same information source.

In neural machine translation, hierarchical attention[2, 7] can be thought of a multi-hop
attention because it repeats attention calculation to integrate the information from multiple
source encoders. On the other hand, in the Transformer[12], the state-of-the-art model for
neural machine translation, feed-forward neural network (FFNN) integrates information
from multiple heads. In this paper, we propose a multi-hop attention mechanism as a
possible alternative to integrate information from multi-head attention in the Transformer.

We find that the proposed Transformer with multi-hop attention converges faster than
the original Transformer. This is likely because all heads learn to influence each other,
through a head gate mechanism, in the second hop attention(Figure 1). Recently, many
Transformer-based pre-trained language models such as BERT[5] have been proposed and
take about a month for training. The speed at which the proposed model converges may be
even more important than the fact that its accuracy is slightly better.

2.2.2 Multi-Hop Multi-Head Attention for the Transformer
2.2.2.1 Multi-Head Attention

One of the Transformer’s major successes is multi-head attention, which allows each head
to capture different features and achieve better results compared to a single-head case.

QWK WT
a®™ = softmax <—> vy ¢))
Vd
m = Concat(a®, ...,a™)w, )

Given the query Q, the key K, and the value V, they are divided into each head. Here,
h(=1,..,H) denotes the index of the head, where a is the output of scaled dot-product
attention, Wy is a parameter for a linear transformation, and d is a scaling factor.
Finally, the output of multi-head attention, m, is input to the next layer. The
calculation of attention using scaled dot-product attention is defined as the first hop
(Figure 1).
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Figure 1: Multi-hop attention

2.2.2.2 Multi-Hop Attention

In the original Transformer[12], information from each head is integrated by simple
concatenation followed by a linear transformation. Attention is refined by stacking the
combination of self-attention sub-layer and position-wise feed-forward neural network sub-
layer. However, as layers are stacked, convergence becomes unstable. Consequently, there
1s a limit to the iterative approach by layering. Therefore, we propose a mechanism to repeat
the calculation of attention based on a mechanism other than stacking layers. The original
Transformer is considered to consist of six single-hop attention layers. On the contrary, in
the proposed method, some layers have a multi-hop (two-hop) attention. By experiments,
we have established the appropriate position of the proposed multi-hop attention in the
neural machine translation system. If the number of layers for encoders and decoders are
six, then there are six self-attention layers in both the encoder and the decoder, respectively,
and six source-to-target attention layers in the decoder.

The first hop attention of the multi-hop attention is equivalent to the calculation of scaled
dot-product attention (Equation 1) in the original Transformer. The second hop attention
consists of multi-layer perceptron (MLP) attention and head gate, as shown in Figure 1 and
the following equations.

ei(h) = v}'tanh (W,Q™ + Ugh)agh)) 3)
(n)
w P (ei ) A
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First, MLP attention between the output of the first hop, ai(h), and the query Q, is
calculated. Attention is considered as the calculation of a relationship between the query
and the key/value. Therefore, in the second hop, attention is calculated again by using the
output of the first hop, rather than the key/value.

Equations 4 and 5 are head gate in Figure 1. The head gate normalizes the attention score
of each head to [)’i(h) , using the softmax function, where h ranges over all heads. In

hierarchical attention[2], the softmax function is used to select a single source from multiple

sources. Here, the proposed head gate uses the softmax function to select a head from
1(h)

multiple heads. Finally the head gate calculates new attention, a;"~, using the learnable

parameters Uc(h), Bi(h), and algh). The second hop MLP attention learns the optimal

parameters for integration under the influence of the head gate. Although Vaswani et
al.[12] reported that dot-product attention is superior to MLP attention, we used MLP
attention in the second hop of the proposed multi-hop attention because it can learn the
dependence between heads by appropriately tuning the MLP parameters. We conclude that
we can increase the expressive power of the network more efficiently by adding the second
hop attention layer, rather than by stacking another single-hop multi-head attention layer.

Table 1: Best position for multi-hop

Model 2nd hop BLEU
de-en

Baseline - 36.96
Multi-hop Encoder, 1st layer 37.53%
Multi-hop Encoder, 2nd layer 37.35¢
Multi-hop Encoder, 3rd layer 37.367
Multi-hop Encoder, 4th layer 37.27F
Multi-hop Encoder, 5th layer 37.21%
Multi-hop Encoder, 6th layer 37.16%
Multi-hop Encoder, 1st to 6th layers 36.48
Multi-hop Encoder, 2nd to 6th layers 36.91
Multi-hop Encoder, 3rd to 6th layers 37.10
Multi-hop Encoder, 4th to 6th layers 36.98
Multi-hop Encoder, 5th and 6th layers 37.06

+(p <0.01) and $(p < 0.05) indicate that the proposed methods significantly outperform
the Transformer baseline. The encoder and the decoder each had six layers,

respectively.

2.2.3 Experiment

2.2.3.1 Data

We used German-English parallel data obtained from the IWSLT2017! and the WMT172
shared tasks. The IWSLT2017 training, validation, and test sets contain approximately
200K, 9K, and 9K sentence pairs, respectively. There are approximately 5.9M sentence
pairs in the WMT17 training dataset. For the WMT17 corpus, we used newstest2013 as the
validation set and newstest2014 and newstest2017 as the test sets.

For tokenization, we used the subword-nmt tool[10] to set a vocabulary size of 32,000 for
both German and English.

! https://sites.google.com/site/ iwsltevaluation2017/
2 http://www.statmt.org/wmt17/ translation-task.html



2.2.3.2 Experimental Setup

In our experiments, the baseline was the Transformer[12] model. We used fairseq?
toolkit[6] and the source code will be available at our github repository. For training, we
used the Adam optimizer with a learning rate of 0.0003. The embedding size was 512, the
hidden size was 2,048, and the number of heads was 8. The encoder and the decoder each
had six layers. The number of tokens per batch was 2,000. The number of training epochs
for IWSLT2017 and WMT17 were 50 and 10, respectively. In all experiments using the
IWSLT2017, models were trained on an Nvidia GeForce RTX 2080 Ti GPU, while in all
experiments using the WMT17, models were trained on an Nvidia Tesla P100 GPU.

2.2.3.3 Results
Table 2: Evaluation Result

Model IWSLT2017 WMT17
de-en en-de en-de
Baseline 36.96 30.57 20.03
Multi-hop 37.53F 30.80% 20.69%
T(p <0.01) and £(p < 0.05) indicate that the proposed methods significantly outperform

the Transformer baseline. The encoder and the decoder each had six layers,
respectively.

Results of the evaluation are presented in Tables 1 and 2. In Table 2, the proposed multi-
hop attention is used only at the fourth layer in the encoder. In the evaluation of German-
to-English translation for IWSLT2017. the proposed method achieved a BLEU score of
37.53, which indicates that it significantly outperforms the Transformer baseline, which
returned a BLEU score of 36.96. For WMT17, the proposed method achieved a BLEU score
of 20.69, indicating that it also significantly outperformed the Transformer baseline, which
returned a BLEU score of 20.03.

In IWSLT2017 German-to-English and English-to-German translation tasks, various
conditions were investigated, as shown in Table 1. The best models are shown in Figure 2.
The baseline training time was 1143.2s per epoch in IWSLT2017 German-to-English
translation, and the training time for the proposed method is 1145.6s per epoch. We found
that increasing the number of parameters did not affect training time.

2.2.4 Effect on Learning Speed

4.000, n
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\ e i
3.950 ' - Baseline
7 Baseline
A K / & 3.925
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2 | 2 3.900
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3 https://github.com/pytorch/fairseq




(a)All learning curve view (b) Enlarged view

Figure 2: Validation loss by each epoch for IWSLT2017 de-en

Figure 2 shows the validation loss of models for the IWSLT2017 German-to-English
translation task with the second hop layers in 1st layer whose dropout rate is 30%, and both
models have 6 layers. Figure 2(a) is apparent that the models with the second hop converge
faster than the baseline model. Figure 2(b) is an enlarged view of Figure 2(a), focused on
the lowest validation loss for different models. We find that the validation loss in lower
when there are fewer second hop attentions.

2.2.5 Related Work

The mechanism of the proposed multi-hop attention for the Transformer was inspired by
the hierarchical attention in multi-source sequence-to-sequence model[7]. The term “multi-
hop” is borrowed from the end-to-end memory network[11] and the title “attention over
heads” is inspired by Attention-over-Attention neural network[3], respectively.

Ahmed et al.[1] proposed Weighted Transformer which replaces multi-head attention by
multiple self-attention branches that learn to combine during the training process. They
reported that it slightly outperformed the baseline Transformer (0.5 BLEU points on the
WMT 2014 English-to-German translation task) and converges 15-40% faster. They linearly
combined the multiple sources of attention, while we combined multiple attention non-
linearly using softmax function in the second hop.

It is well known that the Transformer is difficult to train[9]. As it has a large number of
parameters, it takes time to converge and sometimes it does not do so at all without
appropriate hyper parameter tuning. Considering the experimental results of our multi-hop
attention experiments, and that of the Weighted transformer, an appropriate design of the
network to combine multi-head attention could result in faster and more stable convergence
of the Transformer. As the Transformer is used as a building block for the recently proposed
pre-trained language models such as BERT[5] which takes about a month for training, we
think it is worthwhile to pursue this line of research including the proposed multi-hop
attention.

Universal Transformer[4] can be thought of variable-depth recurrent attention. It
obtained Turing-complete expressive power in exchange for a vast increase in the number
of parameters and training time. AS shown in Table 4, we have proposed an efficient method
to increase the depth of recurrence in terms of the number of parameters and training time.
Recently Voita et al.[13] and Michel et al.[8] independently reported that only a certain
subset of the head plays an important role in the Transformer. They performed analyses by
pruning heads from an already trained model, while we have proposed a method to assign
weights to heads automatically. We assume our method (multi-hop attention or attention-
over-heads) selects important heads in the early stage of training, which results in faster
convergence than the original Transformer.



2.2.6 Conclusion

In this paper, we have proposed a multi-hop attention mechanism for a Transformer
model in which all heads depend on each other repeatedly. We found that the proposed
method significantly outperforms the origin la Transformer in accuracy and converges
faster with little increase in the number of parameters. In future work, we would like to
implement a multi-hop attention mechanism to the decoder side and investigate other
language pairs.
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A liquid level detecting device comprising:

a sensor housing;

a holder which is held rotatably by the sensor housing;

a float arm which is fixed to the holder;

a float which is attached to a tip portion of the float arm and varies in position following a
surface level of liquid stored in a tank;

a magnet provided in the holder; and

a Hall element which is provided in the sensor housing and detects a displacement of the
magnet of the holder,

wherein the magnet is a plastic magnet in which magnetic powder and a resin are mixed;

and

wherein a surface of the plastic magnet is coated by a coating layer.

1(a) KEEFZFOZEREOH (US20180348037A1)

Flussigkeitsstand-Erfassungsvorrichtung, umfassend:ein Sensorgeh&use;ein Halter, der
durch das Sensorgehiuse drehbar gehalten istjeinen Schwimmerarm, der an dem Halter
befestigt ist;einen Schwimmer, der an einem Spitzenabschnitt des Schwimmerarms
angebracht ist und seine Position &dndert, indem er einem Oberflichenstand einer
Flussigkeit, die sich in einem Behélter befindet, folgt;einen Magneten, der in dem Halter
vorgesehen ist; und ein Hall-Element, das in dem Sensorgehéduse vorgesehen ist und eine
Verschiebung des Magneten des Halters erfasst,wobei der Magnet ein Kunststoffmagnet ist,

in dem ein magnetisches Pulver und ein Harz vermischt sind; und wobei eine Oberflache

des Kunststoffmagneten mit einer Beschichtungsschicht beschichtet ist.

1) FAVEZFOFEREOH (DE102018208795A1)
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T K2 TRTEOIC, HEERE [ThoTl & NeBWT ) e i, HAVITEEHHRT S
BANDHDHH, TOPATHMOHENIT—2 LngsE Liaw,

# 21213, HREREOHEGE 27”7, R T, MHIEIET) & HDOIF, BLETO 550 XTH Y | 4RO
100 XL EDLETRLTH D, AR K2R T X512, AOSENIEHET G LR VWEEREREIT.
DENCHFGT HIIETR & & b ICHDNHINT ST TH Y | FRELED, ZOMREHEL ST
CBETCE R NFlIEAR oo DT, ZORNLIE, HIEE TIZOETH o7, AOFENZLID
B IRWEBERE DR EHIE W TH D,
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Th-o7T, A [El 26 4
B 167 25
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(b S1ANEN | 51 4
At 214 25

(b) THHE T %] ORE

M) &\ 9 REIE, A RIFEA L7z 100 XIS 89 FlHIER L, Z O _THEH% D4 A ORI
BEINTZbDThoTlz, TDHH, TR ET 21 (X876 (205 HT, TR ET 2. L)
T, mBEOLFNORNITERR DD O 26 TFHE Lz B2l Tholz, £<1%@T
AR [THoT ), BT ) EWVWoHRERBEEZ > TV DN, T X TRINLEZHEI O
TIXRNWZ L IE, WEROFAE L FIE LR, BEREFEE O b IZ OV TIE, 4 itk 5,

(o) BhE ML) Tk 25 S

B & TR OEEB KRB T RER R TR L,

BEENSRAE D RIS FE S W TCHITFLR R FBIC L 2 RIECIXIRN O ZE B R R OB 2 15~ 5 Z BB 4R
FrRFEL,

RIS D B 72 5 IR A2 8 S H TR DB XN EFTE D RIFIZE SO TR ENT 2 B H)
KA B EHBEIRA VX 2GRty mXOD 7 &b —E LRI E R TEICER RIS
L OBERFELAHIME L., AL BBGE R FRIC LV BBRRORBOIERB R ENT L &
(ZIZATREBEN R A Z R A T 4 7 LTV DRI S KIC BT 2RI U 7= BB iERE T
AL AT B R FERICABIE R SN D K O FErnTEAZ T 2 ZoRHE TE L,

i 2 5 WEH .

X5 Bhid &) iz Xk 2A5REEOF] (FFBE 2003-181040)

M 1 bR Lic kDS, Ao FifE 4 BhE [ &) THb® 55REIEZ V. 4 RFHE
L72100 XX TH, KD 52 L Z D Lo Bz, TO—2>061%K 5271, 20
BlIL, BERERE D THFEL D& ERWIERME LWWEITTH 203, Bhdd [ &) ¢, 5D bl B
RSN TS, TE ] DBRTEITLTWDHIL S,



(@) BFIC & 5 WFIHEE

BEBAE NI STVOARME L | & OAREERISHT L —RI723BA PABERSIC K > TBHPH ATREICER Y A1)
b, MAUASPHIEREREIZ o TR CIRBBICIREF SO PHPABE & . i, ATRCPHPBEIZIE, Al
FLIF B DU B A B TRE R N BB S D & & biT, OB AEZ ZECEPAR AR
FoN TV DR TH - T

ATRCAEEHAR AT & ATRCZE AR 1 & o> K] 0> FREE 2 SN 4 2 BB 0 =B 2 i 2 T Bl

X 6 @EhEalc LA WIEEEOR (%7B 2003-181085)

WHIREEIS, MEA D). AT 510 FEEEZR EOBEERED > TV LD HEE IHFITE N, X
6 (2. BEC &k 2 W HIEE OB 2 oRd, AEIOFATIE, 100 X 0K 7 B8, B 23S O
B> T, TOE<IE, B &) LB L THWDEARZ,

(e) YATIC X B4RV =T DOHRE(L

T TITR LTZE L OFITIE, EBETOXEY OFSIZ8ITEZ AND Z EICXk - T, 20 %I1TE
BREWRIZL T DHALZ N, SRILIK 2~6 251 85 NN T 5, Hicik, &fT
HYIZHWD Z LIZE o T, 22> TRV ZTEZARHEIZL TV AEAEbH LM, <X 0
WMEMNDZ EIZE-> T, ELWEKRBROITIZH 5T 2 Z LB ARETH D,

0 TR LTk s EEE

TTIZEDOWS DD TRLIE L HIC, THTFE 2 HW S REHEE D2V, 4 EFIA L7 100
XL X 2~6 ZETe 9 FIFEA THiIFE) ZHEEHWTWD, AT, (3% X TR tuvola®k
BlibhE0 Aonihnot-, 7272, 3 Clald_=Xk oz, Mgl LW o RBZ, HJobo xS
FRLILTHEDILDLIDOT, & 2IEM 1D L DI, HFED “the” & O3 I Z FHICAT
DIRVIRY | SRR R R REE 2R B 1 B D,
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HERERE & [ OfLAE DR R Z =2 2R 3R T, £T, MHIEIET) &iF, ZhE TICH
A L72 300 LUTOWTOFRERTH 5, A ENE HT721C 100 U DWW THA LIERE MR TH 5,
2O TRULIEARZ = EOEWVIIRO LS Thbd, bbb,

- [&FA Al Tho T, ~EFHEE T 5 [4Eh) Al
- [HFAT Al IZBWT, ~& R 35 [4Eaa) Al 2
T, %AOLFRIOERN, FHMET 5 IZhoTnDbDE, £30 My OFlichy v L
Thd, ZITHE HEE L2 T Uy T, BAICTHAD DN R ET 5. T v
MIANTH D, TTIRLEM 2, K32 M) [ZHYTD, £2 LR3I TLHE 4H
KL LIz op ¢, #BFI7Z28 TR E 325 B0 oik, TTh-T) T6, NIBW\WT] T
155, £, THZ bERERS FEET 5] 220l (M5,6) M4HD, ZhbiabiElk
11 BI23FE 3D B EET ICh v FERTWD, KEREENZRL . ML T5) BNEEhn 546l
FAEORIGTIEROD, M UNLZ OBNTHY T D) (X, 10 Fld D03, FIUXZ ORI ¥
N LRV (R QYRR

TNFETHRARTE 2D LFERIC, FEREOEPHENR QD K 5 7o F—r &Ffo TN D,

2.3.5 #bbhic

ANF TSI ZIT S 2 &IC ko T, RET — X OMEFHLEE TITRE & S B n
BRDDLRREMRPATEDL LEBEX THREEZToCE T, SHILT—F¥ERBELT, 77/ Fa—
=V TR EOMAICERTE RN EEB X TN D,

Fo, 1 HIGERARTZ L 512, T U 77 U — EHEEIER & O ESHR B R R HAULIRTT o
THTZ,

BE R

(1] BRI S — - B SGEREN S O BRI — o OfhiH L FRZE, 2018 42 AAMT/Japio K5iFEl
SiE#E (2019) pp.25-32,
http://aamtjapio.com/kenkyu/files/kenkyu05/AAMT_Japio_20190422.pdf

(2] A~ © = 2 — T MBI O R—RINEHE T L O & Z DISH—, AN THIEE Vol. 34,
No.4 (2019) pp.437-445

[3] Alberto Poncelas, Gideon Maillette de Buy Wenniger and Andy Way: Transductive Data-
Selection Algorithms for Fine-Tuning Neural Machine Translation, PSLT2019 (The 8th
Workshop on Patent and Scientific Literature Translation) (2019)
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2.4.1 ICBDIZ

BERT (Bidirectional Encoder Representations from Transformers) (Devlin et al., 2018) X H
CHEEME O 2 H L7z Transformer - X— R LT 5NHEERHAETT L THY ., HwHITHH
REBUIRL AT T 7 A v Fa—=r IT5Z L TEL DI AT ITBWTHERET L LD &
PRRATRTZERMBNTWND, LNLT7 7 A v Fa—=U ZIZHWD T —Z &ER+4 TR e
TITZEDORY TIERV, AR TIEHETE G 278 EF OFRERE )N TF1% CSSER 12k
757 %A N A BERT (2 & 2 0 ¥aas 2 W CHEE T BRI, BEFOFHMIIE AT ¥ A2 N &0
EBLUERERIZ > TTF—# R LTz & & OZRIZHOWTREF LT,

2.4.2 WIEERLBH

I, HEBRIGICCERIRFEHOBRBEENFEMENTETWD, INEEKTDHZHD—D
DFHELE LTINAN—=TT =PRI A6 TEY, ZA—7 U =7 B8 eb
b THHOFRENSBOBERBZ 2 T2 LAV, MADLGRMIEENTZT AT 0 T 2L
OO REITHIRE O @A Z A5 B TED EiF T <58 (55, 2008) OFRER L Hh
%o WRTFEICBWTIIEBEDO A L ARA—=TH I LTH ELFELED H720OI12IE, iREMRIEE
SRR DI Lo AR ERAOTEE L T — T A L R— [ D NIRRT EE T B I A 4T D 4
SREENHENLE L 225, CSSER (Collaboration Scenario-based Scale for Emotion
Regulation) (Oshima and Oshima, 2015) £ Z L5 OFHFEERE ) % 5435 72 DI BAFE S viz ik
Th b,

CSSER Tipi¥E TR 2552 F U A&~ o WX TR GE IR, VT ) A0k
EORBUICBNWTFEENED LS RBEBERLRKE LT 20E2T7F A M TRASE, 2L —7
Uy ZIZHEASWTAFTHET 2 Z &I L0 iBindisEe ik L O ERTER H o 2
SO HFHMEAZTT 9, X112 CSSER D37 U Dl L e AT H_EREH LART,
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¥ 1 CSSER ® v U A4

CSSER IC X2 HEDMZ 7 NV—T"U— 7 OFH] & FHRIITHIZET, HBHINV—TT—
7B HFEERE A LRV ROMELCHEDLBHEICTH LG T2 LR ENIIfFEN L8, — 5 Tik
ﬁ%%%ﬁ%74ﬂFﬂy7#é®mﬁM%A$Tﬁ5t@®%%&nxb#%l%@%é

AR TlE, BERT 12X 57 7 AGEICLVFEHEDORIET XA NOBABREELZITH 2 & T, 7F
ERERDORED 7 4 — RN 7 % A[HE #6 LxERbH, ZIZT, FEICHWALAT—XIZEN
FTICAFCTHEEZToFEEDRET XA NTHY, BERT D7 7 A v F a—=2T7IZHW
L7 =2 L TUT L HaREOT —FPNFELR,

T, AT ELEFERIC L 23 W2 ZHOIE (Sun and Zhou, 2012; Mallinson et
al.,, 2017) 12XV ML —=ZIZHWDLT — X O &R ATz, T OFHEOR]FITHEMEIRR O
FUHN KR T — R AR EH/E N L THNL L EVARBLA/OND L TAHAIZH D, 72751
BWEIARZ 2 [BEH T2 2 12k D, S0X S1T0 220 SCRSHEMIZIE L < 720 30 H A% %
BohsZ Lithd, LNLARZRAZIZEBIT L7 — 2RO BIL, BEFEOT — X 28 £ 5 E
BORBUZK L TBERT OX—RXAET LDOHLTIFHONRNVEWRIRELEZ 7 7 4V F o —
7@%@@7~&:Mzé;kf&0\%TL%%%%itii&%’E%&=W@K%ﬁ%ﬁ
DMBTIR, T, ARTEFVRLERICE > THROLNZT F A NEEHBET VLG
DNAN—=T L X T AWKV T AN E ) T LT —ZIRRICHNWD Z & & LT,

2.4.3 BERTIZKBATXA DI 7 A5

H AGE Wikipedia ;i3 (/) 1800 /7 30) I L > CF L hb—=v 7 aniz€7 /0 (4EM 5, 2019)
Z AW T, BERT ~®O AJj%& CSSER @ L) £/ %5 OF7 %A b, )& +Ea78
AT & 7o I TR BEROMIE O 1~5 SOFEEE L, TNENT TANFEEITI L2774
Fa—= U T EITD.

HAGE Wikipedia ;e FO 7 F A NI, PAXTEZE2ALTICERI L JUMAN++ T B EX
1ol A vXT = a—F ¢ 7 (Sennrich et al., 2016) ZH LY 7 U — Ric4yEl &
n, 7V hL—=U M TbnTWnd. 77 A Fa—=TOBEOAN GRS, 2307~
D IEHAE#%IZ JUMAN++ (Morita et al., 2015) THnbHEE 21TV, 'L L —=r 7 ORRIZA
S NTFEFEY A P EHWTH 7 U— Ria#ISi, BERT E7 VAT &SNS,



BERT OV T ABFAX AT IIBWTT A ST —XOTFPREERITENENDO 7 7 2 kLT, &
NEEFDI TAL LW EWI BENH TSNS, KX A7 T, 1006 5 OFKFEEIZONT
KOTZRENFKRKTHLHELE, BEFEEOMEL L THHATS.

2.4.4 WORLBEFUCEDIZTVEZT X R M DAERR

Google FIFR API ® v3NMT €7 W1z FH L, CSSER OK[RIET XA k& HARGEN O w#EGE
~HRREATY, BEZNENHAARESTHREZIT) 2L TROEET XA MOFVHR T XA M
AT D, ek, TIRERE L CHREL LOHEREZ I LT 0 IR LR bAITo 7225, #HERE
RWTZIGECT — ZHLRO N R b T T2 D AR CIIREERE A5 L7,

T, BAREBLELTHARITVIK LIRS A F&&i74 5729, BERT as Language
Model2Z R LT 0 K LEHIRR STl # OF F X MIxt L T—=Fb¥ T g 2R L, <=7
VX7 4 DRI NS W T F A 2SS0 TF A & L THWS. BERT as Language
Model (28 TH, [EERIC HAGE Wikipedia 25 (£ 1800 5 30) IZX>TF L FL—= 7 &
NizE7 0 (RHG, 2019) 25,

2.4.5 FEBR
2.4.5.1 EBR®RE

TN—TT =73 E LR D EMRFOWHE RiHERO 2015 FEND 2017 FEDSZHAITH L
T, WIEGERO BB LUK BEEROEEHO 2 M CSSER #FE i L, LofF] & 185 6
HT 10293 hDRIERHE LN, ZbD YT U ARDEIET — 2B LA FTTOFEE % Egxt
LT —H LT 5.

R LD T — 2% 3111 OFETTIVHF L L—=2Ty b, RUTF—=Taty
b, 7AMEY MZHEIL, 5 DEIRERGEEZIT). N—AT7A L LT, Lo & 155
DT % A k% Doc2Vec (Le and Mikolov, 2014) TX7 kAL L, =¥ A VEPEN RS KE < 74
HHOOELEHEREENEE L THRAT A FELHET LS. SWHRXTFA M2 ML —=07
F—H B LESAOREECE LTI, F—=0 2ty MO AERLESVVHZTFA LD
HSHLR=FLFR T 4 DEO/NENEDNBIEIC, 25%, 50%, 75%, 100%DEE TR L —=7
FT=RIZEDDLGEE L, B EDRVWEA THMEREITo-.

MRS & LC, Cohen O—Eff¥ (LAF k fRE&EMES) MWD, w REIE, 2 ALLEODRFE
EHDOFEO—HE2RITHRETHY, ZOFEEEOEHEMLZRDL LN TEXLEETHD
3. BERT O F 7/ XT A—X—L LT, gV A X (77— &) 32,000, /N> FHA X 32,
TRy 783 HHW .

2.4.5.2 EBRERLEE

1 https://cloud.google.com/translate/docs?hl=ja

2 https://github.com/xu-song/bert-as-language-model

3 Fleiss (1981) (2 XAuE, 0.756 WA 5 w ECHEREN - —BZRT LWV ) HLER RS T
Do



BERT £ X Doc2Vec % W=7 7 ANFEIC L HEFEED k 25 & Lk L=/ R A2 FR 1 1R

ER
# 1 BERT & Doc2Vec 12 & 2 FHEOREEMERE (« #7250
SEAM 5 FykE SFUAL | vFUF2 | vFUF3 | vFUut4a | EH
e BE BERT 0.409 0.592 0.408 0.408 0.454
i AR T Doc2Vec | 0.091 0.289 | 0.132| 0.137| 0.173

Do | BERT | 0.332 | 0.346 | 0.333 | 0.386 | 0.349
Doc2Vec | 0.099 | 0.115| 0.150 | 0.088 | 0.111

Cane % BERT | 0.457| 0.350 | 0.475| 0.376 | 0.415
SR B9 Doc2Vec | 0.143 | 0.239 | 0.173 | 0.135| 0.162
LoOF | BERT| 0.409| 0.392| 0.334| 0.377| 0.378
Doc2Vec | 0.102 | 0.069 | 0.145| 0.127 | 0.113
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2 PRIV T — 2 & (RALEIE) LRPEMRE (< 750

ETORRIZEB VT, BERT IZ L 57FEIL Doc2Vee IZ X AFFE LV b EWERE L 72 o 70, 2R
EEE LT, DOFIVESOHFNEWERETIEETE TV,

BERT I X > THHEND 1005 5 DEFEEIZHOW TR TREE SN D LEIERE T — Z i
T2 H Y, —OOFEEITH L THEFITEOWEER S bDOMNG, EALOBEEOFEN T
BEOXEICRDGELROND. £2C, 7A ey hoHRTHI LIZFEE DL E TRIAIL Y —
FZ2ATV, ENLDEET — 2 OB T k RO E AT o 72, e « 4R5, B c REEHEH
THDOIFHA LT —20EIGE LT, v UA 2ORST — % O ENAIEO T — % % H
WCRHEZITo TR ZK 2 12T, LEXEWT XA MIKDITE, BWFEEEENSEOND
LWz b,



£ 2 M—=UIT7—2IBNT 57— 2 OEG EFEENMRE (5750

| - #E DR

X5 BIEE | oFUAL | vFUA2 | vFUAS | vFUAF4 | FUAL | vFUA2 | 2FUAS | vFUA4

AR 0% | 0.457 | 0.350| 0.475| 0.376| 0.409| 0.392| 0.334| 0.377
kY 25% | 0.446 | 0.389| 0.460| 0.349| 0428 | 0.382| 0.336| 0.342

1R 50% | 0.492 | 0.433| 0.496| 0.352| 0.459 | 0.339| 0.331| 0.345

75% | 0.509 | 0.382 0.504 | 0378 | 0.429| 0.392| 0.348 | 0.380
100% 0.444 | 0425 | 0.549| 0.351 0.414 | 0.329 | 0.342 0.419

e 0% 0.409 0.592 0.408 | 0.408 | 0.332 0.346 | 0.333 | 0.386
SR Y 25% 0.379 0.592 0.421 0.383 | 0.355| 0.360| 0.339| 0.357
(] 50% | 0.437| 0.646 | 0.435| 0.382 0.342 0.333 | 0.372 | 0.380

5% 0.383 0.638 0.426 0.368 0.346 0.373 0.340 0.341
100% 0.364 0.611 0.429 0.404 0.346 0.367 0.327 0.357
WIZ, SV TXANE N —=0 7T —XITBM LT GEORRER 2 1T, (258
A, HSEEREO W THOMEIZBNTE, Z<OREICEBNTEWVEZ T F A M b
L—=V 77— LTEDEGAOTNEW e R3Sz, £, 2RI v LE
D 955 Perplexity D REWNWT XA MZIVRS Z LA THL EBELZLND.

2.4.6 ELHLEBOBE

AR TR, BN TIThN 5 REIESE) 7 o & 2 (231F 2 FHERE /) 0 F1: CSSER 123
BT XA MOHBREES 2 7128\ TC, BERT (2 X 255884 W 7RI 24T\ £ 7247
DIRLEREZHWEEVMAT XA a2 hL—= 0 77— 2 BN L 5E O R 2 e LT,
EEROFES, BERT BN T 2 LERENT X 2 MIOWTIEATFIC L 258 & RRED « 155
ERDHZENTER, 2, FIVRLFREHAVES AT XA MBI XY o R tkE
THZ LR TET,
SRITETNOREFICLVFFERREDO S O 2M EZHIEL, AFTORE L AT 255,
LT ¥ A b OFREOFE SR OMRBICE L TH A% LT

SE 30

Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. (2018). BERT: Pre-training of Deep
Bidirectional Transformers for Language Understanding. arXiv:1810.04805.

Fleiss, J.L. (1981). Statistical methods for rates and proportions (2nd ed.). New York: John
Wiley.

Le, Q. and Mikolov T. (2014). Distributed Representations of Sentences and Documents. In
Proc. of ICML 2014, pp. 1188-1196.

Morita, H., Kawahara, D., and Kurohashi, S. (2015). Morphological Analysis for Unsegmented
Languages using Recurrent Neural Network Language Model. In Proc. of EMNLP 2015,



pp. 2292-2297.

Oshima, R. and Oshima, J. (2015). Collaboration Scenario-based Scale for Emotion Regulation:
Measuring Learners’ Agency to Regulate Own, Others’ and Group Emotions. In Proc. of
EdMedia + Innovate Learning 2015, pp. 796-801.
Sennrich, R., Haddow, B., and Birch, A.. (2016).
with Subword Units. In Proc. of ACL 2016, pp. 1715-1725.
In Proc. of ACL 2012, short papers, pp. 38-42.
75,

Neural Machine Translation of Rare Words
55 25 [ R 7 K m SUEE, pp. 205-208.
ZERIFEA. (2008). WA 7R & AL N TAIRES:

Sun, H. and Zhou M. (2012). Joint Learning of a Dual SMT System for Paraphrase Generation.
ey, WECKEE, BAERR. (2019). BERT (2 X % HAGEME SUEHT OFS LR . 55 0EE
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3.1 WMT2017 & —Z 28T D HFEONMNBETE#R & R HRICE S <

A BRHIE DA IEC SN T
LR AT B

3.1.1 iIC®»IC

I, =2— 73y MIROZEZRERIZHEV, BERHMEEICES O THIEROREH 2R

WZEDSL T 7o —F PO HEGER AT MVICESS BERIEHREFAMA LT 7a—F~LZEDY
205 b, £ OMEMILERESE Second Conference on Machine Translation!!! (LARE, WMT17

LEeT) OBREREHEZ A7 (Metrics Task) RIS L TV 5 BEREHMEENO B R TEND, =
D &5 2RBITIBN T, ARG TIE WMTL7 O BEEHE S 27 OF — 2 2 VT, 1R IV RE
LTV HEEDOAEER & o BERBICIHES < BB FHIEB 2 5 o 7 kk 4 72 BB FEEAIC L 5 A ¥
Pl 21T 9. £ LT, RIBHEHRIZES < BEFHIE & thoBWRERAZFIA L7 B 8REliE & ot
B EED & | EFEOFIEIC O N TR RS,

WMT THEHAERLY R—2F7 4 LT 7 2OXRBIFERICE S BHFME (BLEU,
SentBLEU, NIST, WER., PER, TER, # LT, CDER) BMEHINnTW5, £7=. WMT17
ZBEWTIE, T 2DOR=2F A4 K LT 9 DOF —ANRET 2 BEEHEIEL M A T, A XFT
i3 Tt lz, ARG TIEIIN OO HBEFHMHEICNA T, ZRHETIZREL TS 2 SO HBFE
iz & D7 A 27l 21T 9, 1 DITHFEOMBEIFTR & HHERBUCES < BERMEERTH 5, 2
FFETIE, RXESHRPOBEGEL HHERBUICERT 5, £ LT, BHZEORIT L SHRE 2
DDA EHRIR L, 2 DDA DR KR % Earth Mover’s Distance (EMD) ZHW\2% Z &

TRILLEBHRBOELELZRD S, £/2, EMD 2V ABICITHEEOMNEFHREZ XS5
CETEBRXCHEEG SED, b o —2FFREHFRICES < BEEHEE TH 5 IMPACT (Recursive
Acquisition of Intuitive comMon Parts ConTinuum) 4C& %, IMPACT (3R & S MEGRE D3
@Ry e db@ili e Fr 7 L L, T ORIICEHADT 2T O, 612, Frv 7 OHHEAL
%@iﬁi—i&gf/\7)< 2T HZETRIBOENZZAITICKBEES, ARRETIEIINALOBEE)
A 2 & O TRk &2 72 HENRHIiEILC & D A 22 WMTL7 © B8 2 2 7 7 — % 2 v TT
W, ZOFRER IV EBRFIEORENEIOWTERD,

3.1.2 HFEDMERFR® L oBRIAICES < HBFHEE
3.1.2.1 Earth Mover’s Distance (EMD) D=

R FIETITIRC E SRR OMBREFELY BEEO D BRBET NV E RN TRY MVICE#RT S,
FLTC, BMEDOIE 2 5O5040 & Hde L, EMD IZESW Tt Ol ko 5, EMD 138
EMEICB T ot E WORK % f/MbT 5 7 u—f;%2Kkd 5 2 L THLID, (HFHE WORK I
UToR (1) IvELND, dil IFEEMORBEL =T,



WORK(P,Q,F) = Z;Z; dfy O

Fo, 7r—HICH LT 4 0HIKART LTS, hthz (2) 22630 (5) (2
/j——\‘—a—o

fijz0 1<ism, 1<j<n (2)

n
_1ﬁj5wpi 1sism (3)
J=

m
Z_ 1fi,-quj 1<j<n (4)
1=

m n m n
.. = min w. .,Z W, . S
Z!I:l j=1f” (Zt=1 pi j=1 qJ) ®)

X (2) BT PHL QICEETSHZLE2RLTWVD, &K (3) 1% PIch 5Ll Bt T
Ehwnwzizrl, X (4) FQOFEV EIIZIMITHZENTERVWILERLTWD, F
7o, X (5) kRO LRI PL Q@ OWMORKED/NSWHERHZ LA RLTWD, £ L
T, &7 PE Q@ OHEEILITONX (6) ks, L (6) X EMD »MEFE WORK % #
IMET 7R —%2ROHZETHLNDLZEEZERLTNS,

min(WORK(P,Q, F))
rig} n
i=1&j=1 ﬁ-}
RN T, EMD OFEFNZHOWTRR S, Z 2 TlEdi 2 f@ilg b+ 572010, 20054 P& @
ERERR T DR BE L 2 RT BRI OEE(x, &5, i PL QIITNETNE1 LR 27T X
DN 2 RITCERE - FFBEICR D, TN ENOREMEIZITEARA w5 ST 5,

EMD(P,Q) = (6)

F 1 2WITZEMITEBIT 258 E P DR
P P2 P3 P

D1 Wp1 Dbz Wp2 D3 Wp3 D4 Wp4

(1,5 |06 (5,5 0.6 (1,1 |06 5,1 |06

# 2 2WILEMIRIT DM E @ DF
Q1 Q2 Qs
q1 Wq1 q2 Wq2 q3 Wq3
(2,3 0.8 (4,3 ]0.8 3,2 |08
LIFR 1 LR 2 OFEEL xih Lyl 2 ROTEIEIZHHATTR L, BEAEZIHIOH OEAE T
RLTWD, AR PORME. 7L —0OHNDTH Q@ DEMELRLTW\5,




f1750.6 f,=‘-06>

B
YN,
&/
o
oR

—0j2 /™ R [0
2 /XJMQQ“:S;
1 b @ 04 | fi04 \O_E)
0 P-’ P,

1 R P& @ D 2 RonZEMICH T 5 7 m— D

il 1L, PE 0.6 DELEZFF>TEBY, @2& @:2FNF £1=0.2, £1=0.4 DEHZE /7 LT
W5, DFED ., FHX (3) 2L TWD, £72, @21 0.8 DEEEZZITFITAIEETHY . Pe
& PiipbZNTEN £2=0.6, £1=0.2 DEFH 0.8 DEHLZZ T TS, Lizhi-> T, 4K (4)
T LC05, Fio, EEERCOWClE=2—72 U v REBEZ W25 A0 TR 5, Bl 21,
Pt Qe ~D 7 v —f12\ZxF0T D IEBE diz 3 xhiE 1, ylid 2B EICH DT, =2 —7
Uy NERE dielE 2,236 (V12+2%) Ln, RS, du de don ds LT, debEis
2.236 L7025, Lo T, tEHFE WORKI 5.366 (=2.236<(0.6+0.6+0.2+0.4+0.2+0.4)) & 7¢
D, X (5) OfEIX2.4 L7579 EMD Off & LTIE 2236 NG5 ND Z L1 D,

3.1.2.2 fMEBRRICESSHEEBETSA AV
BEEFIE T, JADITARC & BB CHER O EURAH & (B RICESSHET 74 A~ |
21T 9, HEMOXISERITEEOSBER LAWY A VEUEICESS 2a 7L ikE
T2, AaTidat A VPSR LT HEEOMEFREES L LTHE5T 52 & THLNLD,
X (7) [CHEBEMO R a7 oHEE2 7T,

align_score = cos_sim(t;, ;) X (1.0 — pos_inf (T, R]-)) €))

A (7) D cos sim FTRLDOHGE T ESHEROEFE ROZNENDO R ¢ & roOMo =
A VHEVE T, F72. pos infIIiRXOHEE T L 2RO EFE R O HBINLE O 7291
ZRLTWD, pos inf OFHFERIZLLTORX (8) L7ed,

. T: pos|R
pos_inf(T;, R;) = ip";(t D _ TE j')| (8)

K (8) D pos_inf DIEFZHIULE DX HIZTHAREVELE 1.0ITEVRESREE 25, X
2SRRI EZIRBOT 7 A A > b O BB ZRT,



Word positions : 1 2 3 4 5 6 7 8 9 10
Translation : Are there topics that you think should discuss world ?

0983] |0473 0.833/0:534-"" 0445\ 755 \\\

Reference :  Are there tOplCS you want to get the world talking about ?
Word positions : | 2 3 4 5 6 7 8 9 10 112

X2 HBETITA AL NOH

2 DFEBORENIFHSBIRBEIL L TWD Z L 2R LTV D, AR O RENT RS BIFR AR AL
SNTCHDHZEER LTS, o, EHEIEFX (7) LvBons 227 Thsd, Bl 3R
D HGE discuss (IS MEFR O HEE talking EXHSE L TW5D, ZOEEO A7 E 0.445 ThoH, HiE
discuss & HGE talking & OO 214 AL 0.460 TH Y | Z OEIXFRSCO HEE discuss &
ZHER O HGEE topics & ORI a4 A FELE 0.477 LV /NS RfETH D, LichoT, 2t
AL D F % W T2 8556 I I HLEE topics 23 HiGE discuss & R ST D HEEIC/R > TLE I, Ll
REFETIHILHICK (8) OEFRAESL L THETDHZ LICL D HEE discuss & HGE
talking O] D A 27 O FF A3 HEE discuss & HiFE topics IO A 27 L0 @< 720 L0 @OEE
TOHGET 74 A2 FRATREIC /2D, £7o, RXOHEFE that [CBW TEIZHROEBHFEOH T
you & DA AT N bmEmMNoToN, RXOHGE you b E-ZHERFOHGE you &L DA AT M b
Enol, ZOXSICHEEOHBENHE LEGEIITA AT OBWEEMBELE SN 2D, B
RO BEE you & IIFRCOHEE you & xfhift Tﬁ)?ﬂbﬂ RO HEE that 1IxHE T 2 HEEDFE
L2RNZ &2 %,

3.1.2.3 XVR_AVD tfidf iz L BEH»

BEFETITIEMD 2@H 4721265720 B EEICITHEEO SRR, EAIZIIC LD thidf
HWS, BEOSHRIIIBEGFOET ANOERET S, BRI TONX (9) 2@EHATHZ &
&\—J:@/fﬂ:éo

N
w=tf X (logd—f+ 10) (9)
ﬁ(9)®N&i®ﬁ tH3H HEBEOHFENCHICHBET 2B, £ LT, d3HHEED
FENHELT A3 E R T, B AEEOHEN—OOSTUTTE S BT 2 ARt IRV 72, &
K%_iﬁwmimé<\$%: WCREEWVTAE TR, Lv L, dFIi3EREE ENRGE L C
FEIFER 2D EEZ NS, Thbb, X (9) ITBT 2 wEITHREEIT/NS <. AEFEIETX
< hpLEBEZOLND,
Fo, BEFETEX (10) X (11) ZHVWCTESRELT D, BEMICITSTFOEEED
HAORIN T 2l 2 OHFEOEADEIG L KD D, Lo T, XHORHFEDOELDKRFN
X 1.0272 5,



—_— wti
Wy, = =—— (10)
' glwti

= (11
W‘r I - };=1 er ( )
3.1.2.4 PEHERE
EMD % 3K B BEDHZER OMEEHILI TOX (1 2) Z2HWTHET S,

1.0 — cos_sim(t;,1;) x e Pos-inf(TuR)
dij = if T; corresponds to R; (12)
1.0 if T; does not correspond to R;

X (12) O cos_sim FHFE ¢ & HFE r OOBEBMO a1 VHEBUELZERT 5, RICOE
FE T L ZMIROEFE RVMISERICH 2HE1CE, a1 VEEPEICK (8) TRLUEHBME
DRI R TINCES BEAZHT 2 2 L THElEDEWEZ EMD OfEICRMmEE 5, 51T,
1.0 22551 < 2 LT K O XHSBERICH D HEERIE EHEBE d OIS < 72D, £z, RIXOHGE
TESWEROMEE RVHEET 74 A2 NOFER LV USERIZ 20 Il S =512, BERE
A2 1.0 &35, LT, EMD Tidk (1 2) 2V CEEGER O 2 335 &4 2 HEET
&S, X2 THWZIRICE SRFICKT 5 BB T84 X 3 1R T,

Reference
Are there | topics you want to | get | the | world | talking | about ?
t | Are 0.017 1.0 1.0 1.0 1.0 10 10| 1.0 1.0 1.0 1.0 1.0
; there 1.0 0.033 1.0 1.0 1.0 1.0 1.0 10 1.0 1.0 1.0 1.0
n | topics 1.0 1.0 0.04% 1.0 1.0 10 1.0 10 1.0 1.0 1.0 1.0
T that 1.0 1.0 1.0 1.0 1.0 1.0 1.0 10 1.0 1.0 1.0 1.0
a | you 1.0 1.0 1.0 0.154 1.0 1.0 1.0 10 1.0 1.0 1.0 1.0
:: think 1.0 1.0 1.0 1.0 0456 [ 10| 1O 10 1.0 1.0 1.0 1.0
o | should 1.0 1.0 1.0 1.0 1.0 1.0 1.0 10 1.0 1.0 1.0 1.0
" | discuss 1.0 1.0 1.0 1.0 1.0 1.0 1.0 10 1.0 0.555 1.0 1.0
world 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 | Q139 1.0 1.0 1.0
? 1.0 1.0 1.0 1.0 1.0 1.0 1.0 10 1.0 1.0 1.0 0.0

X3 EREEITAIOB

3.1.2.5 MEFEDRaT
R FETITRCEZBIRM O EMD ZH W T, LFTORK (1 3) K ORKR AT 2155,

min(WORK(T, R, F))

A3AF7 =10-
ie1 Xj=1fij

(13)



EMD OfElZ 0.0 226 1.0 DfE & 720 | FEEESITVIE EEIT/NES L 225, LavL, — ik B
FHEETITEP L TWhWAIEE R a7 Rn&EmL b, Lo T, & (13) T 1.0/»6 EMD @
BEBI LTk, RLEBHBANP—HTHIZIEZaTNELS LD I HOICES L, — B H

AL & —HSE TV 5,

3.1.3 HREFHEER
3.1.3.1 ZROFIH

FEFIEL IMPACT % & O 7-kk % 72 BEFHIEICISWT WMTL7 O HERHE X 2 77— % %
AW A ZF M52 1T 720 WMT TIEL AT AL AL E BT AL FL~ULD 2 OOBE LY A #
Tl AT > TVDR, KRETIIV AT A LUL LY bEHEAEEEE S TWDHEZ AL b L
wko%f@ﬁ%&ﬁﬁ%ﬁotoWMﬂ7@T 2y MId=a2—AFRZ 27 THEHR SN
727 —%% v b “newstest2017” & “EU project HimL” (2L Y Al =472 “HUME Test Set
Round 2” %7+ v FThH? “himltest2017” O 2 BN H D, “newstest2017" D SEET 1L
958 (en) EHEFE (zh), = =25E (cz). 747> RgE (fi), FAVEE (de). 7 hETEE
(Iv), 27§k ZLT, bvagh (tr) OXTTHY, EORFMIZEITHRERCE S
FRARZ W T BEEHMIEIZ A 2 7 25 M3 2, “himltest2017” TldL—~v =7 FHICOWTIE 2
ODT =Xy hWNMEHINTEY, 1 DIZEENSTF = 258 (cs). KA VEE (de), A—TF

E (p), —~=75k (ro) D4 OOFEXTICEENTNDHT—Xt v b “himltest2017a”

ThbdH, b ) = DIIEENDNL—~=TFED 1 DOFFEST DHDOT — 4 v b “himltest2017b”
Th b,

Fo, BEFIETITHBOSBRBE LB L OICTFEBEAREIBERBET VEH W, 4F
FETOEFBEICB VT fastTexeBI O HEES B FEHRTT V2 H -,

(ru) .

3.1.3.2 EBRER
TR TFIEL IMPACT 2 &7 A X FHEFEBR O R Z/RT, £ 3 L3 412 “newsteset201771Z
B DL EENOIFELEENLESE~DEINENDOE® T A v N L)V OMBEREE~T, #

5 121X “himltest2017a” 2B T 587 A ML)V OHEGEEEZ T, £/, £ 6 121X
“himltest2017b”IZ31F 5 7 A > b L~V OFBEBR 2 7=d, R D“Correlation” (2 % | r| 1L
vT Y OB O EE R L, 13T F—bt 2R
# 3  “newstest2017” IZHF DL E N O RGEDIR L& H T2 EBAE R
cs-en de-en fi-en lv-en ru-en tr-en zh-en

Human Evluation DA DA DA DA DA DA DA
n 560 560 560 560 560 560 560
Correlation | | | | | | | | | | | | | |
Proposed metric 0.547 0.493 0.692 0.550 0.564 0.602 0.589
IMPACT 0.494 0.489 0.630 0.469 0.505 0.581 0.570




AUTODA 0.499 0.543 0.673 0.533 0.584 0.625 | 0.583
BEER 0.511 0.530 0.681 0.515 0.577 0.600 | 0.582
BLEND 0.594 0.571 0.733 0.577 0.622 0.671 0.661
BLEU2VEC_SEP 0.439 0.429 0.590 0.386 0.489 0.529 | 0.526
CHRF 0.514 0.531 0.671 0.525 0.599 0.607 | 0.591
CHRF++ 0.523 0.534 0.678 0.520 0.588 0.614 | 0.593
MEANT_2.0 0.578 0.565 0.687 0.586 0.607 0.596 | 0.639
MEANT_2.0-NOSRL | 0.566 0.564 0.682 0.573 0.591 0.582 | 0.630
NGRAM2VEC 0.436 0.435 0.582 0.383 0.490 0.538 | 0.520
SENTBLEU 0.435 0.432 0.571 0.393 0.484 0.538 | 0.512
TREEAGGREG 0.486 0.526 0.638 0.446 0.555 0.571 0.535
UHH_TSKM 0.507 0.479 0.600 0.394 0.465 0.478 | 0.477
newstest2017
# 4 “newstest2017” IZHT D HEEN O L FEEDORL L H T2 EBHE R
en-cs en-de en-fi en-lv en-ru en-tr en-zh
Human Evluation DARR DARR DARR DARR DA DARR DA
n 32,810 3,227 3,270 3,456 560 247 560
Correlation T T T T | 7| T | 7|
Proposed metric 0.399 0.322 0.552 0.407 0.524 0.490 0.754
IMPACT 0.292 0.264 0.423 0.304 0.500 0.433 0.719
AUTODA 0.041 0.099 0.204 0.130 0.511 0.409 0.609
AUTODA-TECTO 0.336
BEER 0.398 0.336 0.557 0.420 0.569 0.490 0.622
BLEND 0.578
BLEU2VEC_SEP 0.305 0.313 0.503 0.315 0.472 0.425
CHRF 0.367 0.336 0.503 0.420 0.605 0.466 0.608
CHRF+ 0.377 0.325 0.514 0.421 0.609 0.474
CHRF++ 0.368 0.328 0.484 0.417 0.604 0.466 0.602
MEANT_2.0 0.350 0.727
MEANT_2.0-NOSRL | 0.395 0.324 0.565 0.425 0.636 0.482 0.705
NGRAM2VEC 0.486 0.317
SENTBLEU 0.274 0.269 0.446 0.259 0.468 0.377 0.642
TREEAGGREG 0.361 0.305 0.509 0.383 0.535 0.441 0.566
newstest2017




#5  “himltest2017a” (2351 2 FERAE R
en-cs en-de en-pl en-ro
n 879 891 1,020 354
Correlation | r| | r| | 7| | r|
Proposed metric 0.476 0.394 0.428 0.453
IMPACT 0.387 0.351 0.378 0.351
AUTODA 0.391 0.445 0.442 0.127
AUTODA-TECTO 0.400
BEER 0.400 0.428 0.442 0.508
CHRF 0.383 0.454 0.445 0.477
CHRF+ 0.395 0.451 0.445 0.474
CHRF++ 0.400 0.445 0.444 0.477
MEANT_2.0 0.479
MEANT_2.0-NOSRL | 0.473 0.463 0.489 0.479
SENTBLEU 0.347 0.338 0.329 0.261
TREEAGGREG 0.323 0.374 0.450 0.481
himltest2017a
# 6 “himltest2017b” (2351 2 FHRAE R
enro

n 350

Correlation | 7|

Proposed metric 0.320

IMPACT 0.281

BEER 0.293

CHRF 0.305

CHRF+ 0.314

CHRF++ 0.310

MEANT_2.0-NOSRL | 0.370

SENTBLEU 0.254

TREEAGGREG 0.244

himltest2017b
3.1.3.3 B8

K 3DLEFHEN DEFEDRILE MW ERFERICB W TIEak L L TIZBLED 3% < ©

=:h

=N 1=]
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&b WHBIRE 2R L TR Y | BEFIERIIMTIE & A~ TRE S WOHBEREZ R L Tiavneun,



L= o T, ZEEN O EFEOFSUIKT 25 MR IZ DWW TR BIFHRICE S < BB EEMEIC
f LTI E W, FEICE S BEFMIEICB W TR+ B2 b b,

Fiz. R4 OHEFENP DL SFHEOTRLE AW EBRERICB W CUIRFIEAT ORI FIE
L2V HBERHEE D 5 720+ 07 Wi IREECTH 503, 2T OMBERENABZE LTV D
HBhREME IR E L 72 i B WO CIIIRE FIEOHBIRIIE BB T 5, £ EST O
DN HRDT= & Z A BREFET OHBERENTE DTV 5 B B3 IMPACT,
AUTODA, BEER, CHRF. CHRF++, MEANT _2.0-NOSRL. SENTBLEU, TREEAGGREG,
Z LT, BEFIEOFTIIRETIEO T 0.493 TH Y. MEANT_2.0-NOSRL ®F#J 0.505
ICIRWTEVWVETH - 72, FFIZ, enzh DFFETIZB W TITREFIEOMHBIFRE 0.754 & i
bEWEZ R LTz, Lizndo T, BEFEITIGED DL SFEORLOFMEIZ B T HEA E
FMREEEZFE LTS EEZLND,

# 5 L& 6 O “himltest2017” 7 —XZH1F 2 FEFFEFR Tid. MEANT_2.0-NOSRL 235 b &
WHHBIfRE A2 R LT D, $RETFIEOMBIfRE MEANT_2.0-NOSRL OfHBIfRE % ERl->7-F
FET X encs 72T Tholz, FFIZ en-de DEFET OFBIRED M FIEIZ A TRV MEANC &
Do LIENRST, ZORIZOWVWTISHRBEET 2L ERNDH DL EEX HND,

3.1.4 £L¥

A ClE, WMT17 O BEIEHI Z 2 7 7 — % 2 W7o A ZFEHlC X 0 L2 FEOF IS
W7z, EBROFER, “newstest2017” IZBIT D HEFEND Z S FEOR LI T DRIz B
T FYE & AT @ OMBIRE NS 67z, LU, “newstest2017” (2B 545
FED D IFEORRSTUCH T 2 FHmIC BV Tk, BLEND, MEANT (2R TERWABIRE & 72> T
B, LOEWEECOFMEZ FZBRT 52720 DUERKLETH D,

S%IEZWMT18 X° WMT19 Z W= S 5705 A X5l 24T 9, E£7o. KV @WVEHliRE 455
TeODYURZAT O TETH D,

BE

[1] Ondfej Bojar, Rajen Chatterjee, Christian Federmann, Yvette Graham, Barry Haddow,
Shujian Huang, Matthias Huck, Philipp Koehn, Qun Liu, Varvara Logacheva, Christof Monz,
Matteo Negri, Matt Post, Raphael Rubino, Lucia Specia and Marco Turchi (2017) “Findings of
the 2017 Conference on Machine Translation (WMT17),” Proceedings of the Conference on
Machine Translation (WMT), pp.169-214.

[2] Ondiej Bojar, Yvette Graham and Amir Kamran (2017) “Results of the WMT17 Metrics
Shared Task,” Proceedings of the Conference on Machine Translation (WMT), pp.489-513.

[3] Hiroshi Echizen'ya, Kenji Araki, Eduard Hovy (2019) “Word Embedding-Based Automatic
MT Evaluation Metric using Word Position Information,” Proceedings of the 2019 Conference
of the North American Chapter of the Association for Computational Linguistics: Human

Language Technologies (NAACL-HLT 2019), pp.1874-1883.



[4] Hiroshi Echizen-ya, Kenji Araki (2007) “Automatic Evaluation of Machine Translation
based on Recursive Acquisition of an Intuitive Common Parts Continuum,” Proceedings of the
Eleventh Machine Translation Summit, pp.151-158.

[5] Edouard Grave, Piotr Bojanowski, Prakhar Gupta, Armand Joulin, and Tomas Mikolov.
(2018) “Learning word vectors for 157 languages,” Proceedings of the International

Conference on Language Resources and Evaluation (LREC 2018), pp.3483- 3487.



3.2 a— AW AT R by FERBRSLOERE & ot

76 - ALK TR MR
(BR) &L@afgepr Rl Akt
3.2.1 LI
BEMERRRGEM O— FiE & LT, B2 — VRIS ARG SCA E L Tl &, Bl RICR L
THIET DR AT = NI FLRENTND I L EZEVRA Y N CF v s TD [T kY
RNEEAf) MERENTND DD,
EHOIE, PEEHT RO HEEMERRTM O DICT A by NOBEEITV, FEEREE
TIZUTOZ &Ex%EhE LT,
BRSO T 2 — S A DR
T A M hOER
< MY A S O
T A REY NOERE
T ORGSR WEEEE £ TIZ 1,151 XORBRLEXIET HDRER AN Z — L AEETE 2, L LRDN 6,
T D ORI OFINUNE L7 TH AR ST — SR b BRESNTE LD TH Y |
T — 2 L OBEBFIZOWTITBRE SN TRV, RS E G EBE L TV D LRBRO AN
R TE LS RDHTOEBILEIT H2OPEE L, SFEEIT, JIT —& & I3BNCINE Lz
RS — S ARF AT RRIC R o 7o To D, Bl A BRE LB Lz, AXTIE, 20
BTk L BRERER DT HON TR RS,

3.2.2 RBRXOBREFE

SRR ERIC 72 o 7o B SCa— S A%, k%, BR. Wi, WEOSSEND
25 5 30065 100 530k O B RFFRICH) HRERL S LTV D, R BOFEH & LTk, 2
#I(ABS)2Y 2,509 3Cxt, FER#IPH(CLM)AY 10,751 Sk, #AIFLA(DES)2S 986,740 3Lk Th 5,
A DOAFTITIIAR 2 — S ZATIEE TV,
MEEEECICHERELZFHRAT A My MAEE, B7 X My b EMES)IL 1,151 XOHEFER
BRSC L HFIERAERICE EN L5 E BARBEBRBFIR NS — )bl ST b, Filzid

- PEFERERC - 70— Fh BA 6T R RO NR G S A M IR,

c HAGERB: A9 5 HEMT 5,

EWVWIOIREBRT— 205D, ZHIXFERERBR SO BEERERIC THT 25 42065 %, EWvwWoH
KERBNDEGEENTODENE I »ERBRTL200THAL( [ +] ZFEHEHRTHY, 1 XFULED
EEXFINEERT D), ZOHTA M2y MIFSHICHFEFERALEEN TN D, ERLoflT
3 MRt —FhEA 489 DTN TH S,

FROBETA MYy hOT—=2ZFHA LT, Hi7 A My MIEDLIXEHBR LA LLTOFIE
THELF, BBl LT, FEBF o — S AOREBLSNDPEEERICGES L, AAE

%

e}

WO

1 SRS, 25 SEFE ) B SRR 30 4R D AAMT/Japio HaFElIER T Ze Sl £ 4



HANAABERBCEAT DT — 4 28E0 5, L, ZOBREICBWTEEXTH 22 TOX
FHIE LI TIX#EEFHEN RS L e b7, MFLR(, . LS OSIFHI L LTHRA Lz, £ OR
B, EFEOFITIE 100 3Tk 7 SCREA Lz, Bl IXROTHRIN D 5,

EZE S 7E—Sesoii R, TR A S B R e — b B S 7 B ML RO,

HAGESC : B E DO ESEIIE TlX., BHAD 7= DN BANE T, ﬁﬂ&7w—w74/7%ﬁ
TOPURE RIS 5,

WICHE ZBRE L LT, WESNET — 2 2EARE LTz, F— BT © & 7 sexhididdi ©
642,938 L THY ., THHETXRTHRBRLETHITELTESL, £ T, @A L7Z3CED 2 X
UTFRbiET_XToXEHRA L, 3 X ETHIUX, 2 CFELIL 3 IVERETE 5 L9 ICERBIC
51T, EORER. 2,007 SO 3 ERE T E 7o, [FA— OB L TR DR Z — 3%t
THEAELHDLID, BB CEFR A —0xtE LTI 2,128 T —F e oTz, 7ok, HT A
hzw MIFEETH0HT A My FTIHBRETE R IR A — 13 139 X F — v B o 7=,
Bl % 1%

W EF %ﬁ VR

HAGERE  BESN-W

N5,

BETET- 2,123 7 — X OERRER Y E DBFOFKEFHIZIE 1O LB TH D,

F1:H7 A My NOERGES & SBORE

TR 50\ 0 B {b5 R T Wy &t
& BH D4 FR(TIT) 0 0 0 0 0
ZEHI(ABS) 164 3 6 3 176
aa K& (CLM) 93 13 14 10 130
FEMER A (DES) 616 295 471 435 1817
&t 873 311 491 448 2123

3.2.3 BEREOHIT
BECE7- 2,128 7—XICBAL T,
ZATolz, FIRIFZLLTOEEBY THD,
1. 2,123 O EFERBRCE 5 B HEEEIER > 2 7 2 THIER
2. HRFRAER (HAGE) 1Tk UL TRIRR AN Y — > (ERER) Lo~y TF o r7a L, v v TF T
LHb0% 10], v vF LWL DA [X] & L TFHMm
3. =0/ — NN TV D EEORB L OFHEIZIH N T TO) & X Ol ELE
T2 RE =AW, Gl h D JRR A A

FERDOH HEEEIER > 2 7 A K 2 TR R 2 -V Tt

2,123 O EFEHERCIC
F U T OREREE 2ITRT,

BITD, T AR AT DMK DWRER LR A — o~y



# 2 WRICRHOHMR Y —> L O~y T IR

TR EE (%)
~ v Tk (O) 1605 76.0
~ v TR (X) 508 24.0

Alal, R SCERBUCHW IR AN Y — o D2 =— 7813 945 THHN, 209 H 139 13~ v T T
HIFRSINROMNS o Tziz, BEITE Tz 2128 OTFT =X IIEGENDHNRE —rDa=—7 it
806 ThH D, &/ F—ITiF 2 72V L 3 XOMEBRILAKRIE L TWD, Rl—0D 32— 2D
R SUIFRRE RO NS — o=y FRERBFRI U TH D EB 2 LN H0, EERICITFHmA 200 5
BINZER SN D, ZOHEEEIGITRIDEBY Th D,

* 31 HER N Z — 0 T L OEHEB S OFEAT

INE— B EE (%)
T RTCORER L O AE U 536 67.5
BRI K o TEHl AN v 5 270 33.5

BEE /3 O =0T, T HEEORB ORI 5 E WV fERIZ -7z, LTI
Z ORI HOW TR D,

> BRIV VORLREMICEBZ LD

[El—DOHERERBUC L TR U U RRR D AARERE M NT 2560360 [6 UFER N
B —ANCHHT B EE OB ST OFIERAE RO M 50N B FKIZ /> TWD, FIRR= YD
RNEEMIZEIDbOTHY | FIRTE B BRSUIHED & 5 D) Tlidleu,
BlziE, TrRofITiE, RBR) &) REERBICR LT, Rl Tk IREShZ2WV) &
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