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BHESEZAODEEZEETT IV EEW = 12— 5 JLEWEIER"

IEAEFEEIER OISR IZ B W T, GO E W25 615 = 2 — JOVEEENER
(Neural Machine Translation: NMT) 23 AJIZHFSEI N T WS, NMT IEJH 558
X & HHRICZE# T 2K (Encoder) & FhfERIELD 5 HINEFEX & £k T %1%
# (Decoder) @ 2 D055 ETIVHEEARTH L. NMT D35S NihD 72 441
[l —a2—F )%y b7 —2 (Recurrent Neural Network: RNN) O&IZ & - T
MR EINTED, [HROMEHIBEREIER (Statistical Machine Translation: SMT)
&S U TR ME DS REERIZ 17 B U 72, £ D%, Decoder @ HJ1HFIZ Encoder D
TG 2 AT 2 EEHEN (Attention i) OBIGIC K D IHSFEXOFEHRZ & 0 IR
FUZZBIRRZ2H N TE2 5512572, LAULARMBS NMT IZIFERLZH %24
KT 2L DMESFELTED, IHRAMENTHLNTNS.

ZD—DIZFHEETNEHVEMEN DS, SEETIVIEIZOZES LWl %
TEHHECTHY, HEETHRI NS ZOBNREGRE 285221 TE 5.
—a—INVEETETNVOMIEIX NMT @ Encoder ¥ Decoder & [A U RNN 23—
MTHY, WENFLWZO NMT HEFHEET VL LTOMEI 2R >TVWEEEX
5ZtdHTEDH. —HT, Za—JNVEFHETNVERELLTHETSI LT, #
—SBICRHE U N2 PHIT AN TER EDITRY, BRRETILEADET
FIFTHZ Ik, KOHENEES LWRIGRIEIVAREL 5.

BRET VRV LTI TIE, BN S SEEE T VEBRED 2 D2 FHR LN
SO RERNS. W OEMED FHZFERES U EERIZEAMN U THIIHR
mETHITAZ LT, SEETIVOEREMRCGEEADLEL LD, SEET IV
DF R R0 SRR OEHRZ 5 A TIREGDE S Z LIC k> T HEEZ Tl
TEHIEDREDVDHL. ULnLURHBS, BEWMEERICE W TIERGHED M B2 Tk
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KZUMAZEHRTEZ e ERODOEND 2D, BIFREEL SFEETVEBO THlIZ H
MIZRE ALY IRETHL, MO RZIEH L S5ET T IVERE O % 4
BIFNZFH WA R ETH B0, LITMEDIZE A IR DGR % FE) THR D 72 E A
ERWSRY, B2 AECREADE THAEGEEZ THILTWS.

AT, BREE L SEETVEEO 2 2>2HE L LT, BREEL X
& USREE T IVHERE 2 WiBIIZIE I $ % € 7 )L Dynamic Fusion 2 2%9 5. K
ETNTIXEREE T VEBOMNIN TR O 72D SFEE 7TV O F RN IXFHRBERE O
WIT G20, 7z, BRBEEOEREZ TICT 5272 OEEEENIZSEE TV EIG
M2, £9, MFBERORNEY S £ HEE TN U THEE Attention % W& HiEE
DEEEZRKDL. TOEREEZ SHEETVEKO TR ZHWTEAMIT 2.
BALINZ BB AN N2 EEE % 512 Attention Z2FH L CTET IV 2KE LTOH
hzERETZ. 2k, BIIREHEOERIZZO X £MA—F Lz ECTEEE T VR
BWOBHREIEHT I N TE, Y2 HEMAL 2 ETHRIGRE DV TEEICRS Z
EAEEI NG, AT, BAMEICBWTIRERRE L O FHHEZHITIEDLES
FHEEH D ZNTNOEED B LU TWDBBREMEDRD 5720, BETFIEIIBVTIX
Attention (2 > THHTRIZE X E->THED, HEHDAANEIETE S E 0 F
REERE & SREE TV OERL BT L BRI > TV B RBED R,

BEUEZETIVROETHIEDE T DOWT HEZSESIZR U TERE T,
FBRUZL2TORECSVWTREFEVPEHTHL I L 2RT. MAT, LT
TEATRETH > EHITEVWHREIZEWTH, SEET I &2 AWV OEEHEIR &
HELTEHTHS Z L 2mRT. KX TIEZOHBFHMERERZRT & & I2FE
DI Z T D 2T > ERRIZOWTRT. /2, SHETFIUEHEO TR
T3 Attention ¥ EEEOH W E M T B LIk, SEE T ERMEE %
WCTFHIZMT 272 OICHFARERTH RN E W L 2 5bETRT.

AL DEREBIILATO@ED TH 5.

o KX TIXEFEE T IV %2 MW NMT: Dynamic Fusion % #7212 %E L 7=,
RZETFIEIL Attention Z IV T SEET VO FHIEREZMAGOESLEDT
»H5.

o JifE-HAGEIZB 2N ARORRIZEBET NVEH WS Z L TiRG»DF
WP RETH B I L 2R LT
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e Dynamic Fusion 7' & D BIFEITEWHEIZEWTH A RIS EL W LT
52 %mUTz.

e Dynamic Fusion IZB8 U T Attention D E A% HUMIFIER M LIZHF S § 5 &
FKNZDWT M 217 o 7=

AESCOMEBRIZIRDED TH D, 1 ZTIHAMEOER, BE, HcoW\T
WARZ. H2ETIE= 2 — IR OE RN MG ODVWTHANS, HI3E
TIEFEBET NV EHWZ= 2 — FIOUEHRIERICBI T 2 B{TM5EIc DWW TR S, 5
4 BETREEBET IV 2 EERBIICH W= 2 — JUVEESMEBIER O FEIC O W TR R
. BHETIEE 3, 4 ETHRRAZFEEZHVAZERIZOWTIERS, 56 HETIX
EHOMERB LOCZOERIZOVTARS. BB, BT HETAMEDOE LHIZD
WTihR 3,
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Neural Machine Translation using Language

Model of Target Language”®

Michiki Kurosawa

Abstract

In recent years, in machine translation research, neural machine translation
(NMT), which can obtain highly fluent output, has been actively studied. NMT
is based on a model consisting of two mechanisms: a mechanism for converting
source language sentences into hidden representations (Encoder) and a mecha-
nism for generating target language sentences from hidden representations (De-
coder). When NMT was first studied, it was composed of a recurrent neural
network (RNN), and its fluency was dramatically improved compared to the
conventional statistical machine translation (SMT). After that, with the advent
of an attention mechanism (Attention mechanism) that gazes at the informa-
tion of the Encoder when outputting the Decoder, it became possible to output
a translation with more information on the source language sentence. However,
NMT has many problems, such as generating duplicate outputs, and further
research is being conducted.

As such, language models have been investigated for incorporation with NMT.
In prior investigations, two models have been used: a translation model and a
language model. The translation model’ s predictions are weighted by a lan-
guage model with a hand-crafted scale in advance. However, these approaches
fail to adopt the language model weighting with regard to the translation his-
tory. In another line of approach, language model prediction is incorporated

into the translation model by jointly considering source and target informa-

*Master’s Thesis, Department of Computer Science, Graduate School of Systems Design.
Tokyo Metropolitan University, Student ID 18860627, February 21, 2020.
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tion. However, this is limited because it largely ignores the adequacy of the
translation output.

In this paper, we propose a “Dynamic Fusion” mechanism that predicts
output words by attending to the language model. We hypothesize that each
model should make predictions according to only the information available to
the model itself; the information available to the translation model should not be
referenced before prediction. In the proposed mechanism, a translation model
is fused with a language model through the incorporation of word-prediction
probability according to the attention. However, the models retain predictions
independent of one another. As a result, it is expected that the information
of the language model mechanism can be used while retaining the information
of the translation mechanism as it is, and fluent output will be possible while
ensuring the adequacy. In addition, in previous research, there was a method of
multiplying the predicted probabilities of the vocabularies, and it was necessary
that each vocabulary be the same. In the proposed method, it is used only by
Attention, and the vocabulary of the translation mechanism and the language
model mechanism does not necessarily need to be the same as long as word
embedding can be obtained.

Experiments are performed on Japanese-English language pairs leveraging
the proposed model and the model of the previous research , and it is shown
that the proposed method is effective in all settings. In addition, we show
that even in practical settings, which were impossible in previous studies, our
approach are more useful than machine translation without language models.
In this paper, we show the results of the automatic evaluation and the results
of analysis based on actual output examples. We also show that the language
model is likely to be effective information to assist the prediction by analyzing
the Attention for the prediction of the language model mechanism and the
output sentences of the model.

The main contributions of this paper are as follow:

e We propose an attentional language model: Dynamic Fusion that effec-



tively introduces a language model to NMT.

e We show that fluent and adequate output can be achieved with a language
model in English-Japanese translation.

e We show that Dynamic Fusion significantly improves translation accuracy
in a realistic setting.

e Dynamic Fusion’ s ability to improve translation is analyzed with respect

to the weight of the attention.

The structure of this paper is as follows. Chapter 1 describes the background,
proposals, and contributions of this research. Chapter 2 describes the basic
structure of neural machine translation. Chapter 3 describes previous research
on neural machine translation using language models. Chapter 4 describes a
method of neural machine translation using a language model as an attention
mechanism. Chapter 5 describes experiments using the methods described in
Chapters 3 and 4. Chapter 6 describes the experimental results and their con-

siderations. Finally, Chapter 7 gives a summary of this study.
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B1E XLOHIC

1.1 =a21—JI)VEWEEEROREE

A, BEWEIEROMFEIc B W T, RGOSV 2/ o5 = 2 — J VRN
iR (Neural Machine Translation: NMT) DA IZHFEE N T WS, NMT )5
SR & PREIRBIC AT 28 (Encoder) & HIRBLD» o HINSFE &2 AT
% M (Decoder) @ 2 DM 6RZETFINREARTH S [1,2]. NMT Tldkla|lFEHE
—a—7)%v s 7—72 (Recurrent Neural Network: RNN) 2 & > T 1
THEY, [HROMEHIBMENER (Statistical Machine Translation: SMT) & Lhi#g

THMGEA R B U7z [3]. £ D, Decoder @i J1RIZ Encoder DF#H
%Eﬁ?é&%%%(AWﬂbn%%)@%%K&DE%%Y@%W%&D&%L
RERZH I TE B K512k o7 [4,5].

1.2 Za—JI)IEWBIERICSIT2RERDNE

NMT (ZIZEE LU ZH N2 AR T 27284 OMEREMET S, -1 TH NMT @
FEIZIEZ S OXNRI—NADRRBETH Y, RERI—NADERITITI A MDA
D572, ZOMERBRTZTHEL U CHESEEI— S AZIEATIMEN T
TW5. BEGEI—NAFHBNASICINENTRETH D, 72, SMTIZERHE

NTW5 [6]. MEHEI—S2EAVBHRBEROT T0—F bR TH Y, §
SO FRTEE [7], HAENBEHODIL [3,9], MBI & 2 RELUR T — 3

ADER [10] 78 EPGEIET B, ARLTREFETNVEMNET T0—F [11,12]
CHET .

1.3 BB ETINICE 2 RBGHEOSRE

NMT O H SR TH AHEEIZH 55, B2 FET T B3EI2IF A XD
DANEZ 6Nz, HISHEOSHERNEZERT S LIFHL W [13].
FITEHEETNIZEHT A, SHEETIWVIIZFDOEES LWH 2T A3EETH



D, BEETHKI NS 72O BTG R 128252 TES [14. =a—
FIVEFEE T IV OEIEIZ NMT @ Encoder ¥ Decoder & [H Ut (FHb b Z &
NEL, BENELLS NMT HEHEET N LTOEBE2EOZ L AABETH b,
F7- R SEETVEHOENIAETCHLLEZSLILETES. LrLads,
Za—INVEHBETNVERKE ULTCHESTS I LT, Bl hz ¥
MTBHZENTERLSIZRY, FERET LV EELETHATEZ 2I1I2& D, BR
DIFHREZF TR EBETNICL DM EFHEOEMEEET LI LATEL LIS
b, XOHRADEFES LWREGRE I AgEL 5.

SRETNEMND KR TIE, BN SFEET VRO 2 D2 R LN
HDEHREHAWS., WAEOEEOFRHZFRNES U IZERICEA T U THIIHR
HETHTEZ L TCEHETNOEREMICEEADEL LD, SFHEETNOD
THRIRE RS S BRSO 2 5 A CTREAGLE L Z L THNHEZ THIT 250
2N BH 5. Shallow Fusion [11] Ti&, M OEHED FHlfERZ NFCREE L -H
ATRUGDHDE. Deep Fusion [i1] Ti&, WHOEMORENE%Z, SFEETIVHE
ME2IITIZUEATRLEDES Z LICL > TEEADEZ. Cold Fusion [15] T
i, SREE TV T B O BN CULEE & N Z 7212102, BIRIZIRD 72 EA T
AGHE 7. Simple Fusion [12] TIX, MADHHZEALUICHAGDEZ. L
MU S, BRI W TRmGMEom B2 Cld Sz HR T 2 &
HERDSENDE 72D, PR Y SEETIVEEO T2 BMIZEETAEDLELIRET
7K, BRSO AT U SET T VEEOIER 2 MBI HVWERETH D
N, BATHZRIC B W TN ADERZEEGOE THAOREZ FHILTWS.

1.4 AXWBXDEE

AW TIE, BHRER L SEETVEMO 2 D2 HE U LT, BHEREEN % i
& USREE TIVEENS 2 /i BIIZ7EH 9 5 Dynamic Fusion 28%32%. AET
VTIEEFEE TV MNLIN FH D 72 555 7L O FHNT IS IR O 1 #Hix
27w, 72, FEREMEOEHZ T2 2720 BN SEEE TV EEHT
5. £, BIEREHEORNED S ZHEEIT U THEE Attention % WA HFEDE
HEERDD., TOEEEZSHEET VMO TR EZHWTEAMIT 5. i



PNZE AT SN2 EHEE % 5012 Attention ZFHUCET ALK LTOHE %
WETS., Zhizkh, BEREEOBRIZIZTO X ML ETSHEETIVEHED
HHREEHT 2N TE, ZUMZHERALZ ECRIGREB NP AEEIZRE Z L
R EI NG, AT, BRIV TIRELRA O PHIERLH T SHESLTF
FEHODZENTNOEEN —BLUTVWEIBEMEND - 1208, REFFEICBVTIX
Attention IZ& > THHATRIZE X E->THY, HEMHDAANEETE SE 0 H
REERE L SEEET VS OGERPLT U BRI > TV B RBENZ.,
BELUEZETIVROBITHIEDE T DOWT HEZS IR U TERE T,
FBRUZL2TORECSWTREFEVPEHTHLZ L 2RT. MAT, LT
TEATRETH > EHITEVWHREIZEWTH, SEET I &2 AWV OEREIR &
HELTEHTHS Z L 2R, RiixXTIEZOHBTHMERERZRT & & I2FE
DI Z T DW 2T > ERERIZOWTRT. /2, SHETFIUEHO TR
3% Attention ¥ EBEOH HZ DM T B LI2& D, SHEE TN IEMMEE %2 H
WT Tl ZMiBIT 572D HFHRERTH AEEENPE VW L 2HbETRYT.
KX DELRERIILLTDO@ED TH 5.

o KX TIXEFEE TV %M\ Dynamic Fusion 2 #7228 L 72, BEF
X Attention Z W T SHEET VO FHIERZMASGDLELEDTH 5.
o WEE-HAGEIZBII DN ARORRICEFEET VEHA VD Z L TiRlG» D%
MR I HRETH B L 2R LT,

e Dynamic Fusion 23 &k D EFNLREEIZEVWTEARICHTREER M LTS
ZeERLUT.

e Dynamic Fusion IZB L T Attention O HE A % UM FHER[A EIZF 53 5 2
RUZ DWW Tt &7 - 7.

AL DORERIZIRDED TH 5. 52 HETIE= a2 — T VEERENER O AR 70 i
WZDOWTHRRS, HIHECTRSEET NV EA W= o — VMBI T 2 %fT
HRIZOVWTHRRD, 4 ETIIEFE T IV 2T EBENICH W= 2 — 5 VR
FIRROFEIZ DWW TR S, 5 EHTIEE 3, 4 ETHRARZFHEEZ HWZEEIZD
WTHRRS., 56 HTIHEROMEREB L TZOERIIODVWTHRRS. REIZ, BT
HECAMEDF L DIZDOVWTHRRS,



F2E —a1—F)LEEEIER

2.1 Encoder—Decoder E7 )L

Sutskever & [1] I% Long Short—-Term Memory (LSTM) % FH\ 7z Sequence—
to—Sequence DETIVZEE L. ZD#, Bahdanau & [4] & Luong & [5] I,
Attention 2\ 7z NMT Z#2ZE U7-. AHiTiX Luong 5 DE 7V % UM HERK
ULImR—=ATA VAT LIZOWTEHHAT 5.

ZOETNVIZEEFEX %2 S Encoder & HWZFEX % )19 % Decoder 12K
B XN 5. Encoder TIEA M LSTM %, Decoder TixH A LSTM % FHW\WT
W5,

Encoder TIXRSFEX ZRBNEAN LT 5. JWSFEXIEAT Y 7 i I
I, ATy 7 i OMDIARE e 1%

es"¢ = tanh(Wyx;) (2.1.1)

eRIND. T TW, (V x|h]) 3HFEZHDIAAE AN LT 5 EATH] %K
L, %ﬁxT/7z®$;%§¢mwhmmﬁbwf@é

WICIER I QREAE 1, WHEOEAE h & The 2 abEkg&AT Y 7Ok
NE hIZFENTh,

hi = LSTM(e5™, by 1) (2.1.2)
hi = LSTM(ee™, ;1) (2.1.3)
hoo = hy + g (2.1.4)

Decoder Tl Encoder TR IN-ENEEZRHA L THIXZ2HEKT 5. De-
coder 2B BRENE h; X

%
hi = hy + ;1—1
hy = LSTM([efS5 hy—1), hym1)(G # 1) (2.1.6)

ERIND. 2Tl 31 ATy TN I N BEOAAREERL,
hj_1 1& 1 A5y THID Attention ZZEU-ENEEZET. £/, [¢;b] 1Fa X b
DR MLOFEEERT.



Decoder D BB IAAREL edec 1X
ede® = tanh(W, ;) (2.1.7)

k%%é:h% ZZTW, (V| x |h]) 13HEEZ DAL AN L BT D EATH %
, V] & || EZENTNEEREBENEOR T AERT. /2, i ATy T
@%Mia%%b ZERIIFELWHEZ PHITE 2 UTIRAT Yy TORHE %
75720, 1§ ORO D IZIEMREZE ¢, ZHWS
Attention % %58 L 7zahE h; 1%

hj = tanh(W,[h;; c;]) (2.1.8)

rRINS. ZIT, W, Qa|x|h]) F=a—=FNxy NT—IDEAERKL, ¢,
IX Attention DFRNE % £ T. 4B, Attention DFFHE GIEIZ DWW TIXIKEITHA
T 5.

BRI 7 TR EEE g 13,

y; = argmax softmax(Wgh;) (2.1.9)
y

yREND, ZZTWy (B x [V]) B=a2—F0Fy FOEAEET

2.2 Attention H4E

Bahdanau & [4] & Luong 5 [5] 138D Attention M ZRFE L 72, Z O
BEXOMERIZEWTANMOERIPFREINENONDE Z & 2l 57-0IZEA
INHDT, HORHZBEIRANXDBREEZFEHRT IHETH L. 20D, B
RRCTORNEZ GIILE R (A7) M2z HT I eNTEIMELEZLZ
EMTE 5. R TIE Luong 5 2RE L 7z dot Attention Z %

Attention B4 Encoder D&BEBNEOEATEHEZHN2EDTH D, Atten-
tion DFENE ¢; 13,

| X

Cj = Zai]ﬁi (2.2.1)
=1



LERIND., TIT, a BEBOWEOEAZRL, V7 b~y 7 ABEKEHWT
MW 1Ic2 k5 CER I TED,

- T
hi' by
i = eXp( ) (2.2.2)

Skl exp(hi hy)

LRIND.

2.3

FHER DRI IZ D W TIE AT & 23l & HERE D 2 DT Kl 5.

AT & 2 5 T 1 & 2224 M %2 eIl fHMii T b Z &A% v, iR X
DA% N RICH I FEEE UCORGHEZ M 5. Z4MEIZ AT LDONED
HAOUI KX NTWE 22T 5. UL, AFICXBEHEICIZ T A b23FE
T5.

H B R 13 IS RERE D T HBICRHMETd 2728, K3 X b TiHiid 5 Z
EWHRETH D, KRXTIZ2 OOEHFFMANEZHNT WS,

1 DHIX BLEU [i6] TH 3. ZOREIFSHERE H XD n—gram —HK %t
WM A2 RETHS. BLEU I,

N
BLEU = BP - exp() _ wy, logpy) (2.3.1)
n=1
TEHREINS. ZIZTp, Engram FE'2EXKLTED, w, 1F%& n—gram OEA
ERLTWD., —BIIZ N =4,w, = + KZEINTHY, 4-gram F TOHEM
$%%ﬁ%b1mé.it,BPu@mmﬁimw&%»%féﬁb,
)1 (c>r)
BP-_{eu_”@ <) (2.3.2)

TitEINS., ZZTcl3HAXDOXERRL, r IZROXEEZKRT. ZDFHF
lREIZIZREDOBROAEEZETERNVE WS RAEAL HBED, EWMEIRICBIT 5
FLALDHMXTHHINTWS,

PBIAFRAIZ B L 72 3EEI3 1 L 2D N Z2VMELE n—gram %l $ 5.

6



2 D HIX Rank-based Intuitive Bilingual Evaluation Score (RIBES) [17] T®
5. ZORER, 2RERe >z iE U THBLY 5 BEEDEE & IEALHBA R T
P 2 RETH 5. RIBES I3,

RIBES = NSR x P“ (2.3.3)

TatEEND. 22T, NSRIZFAE T vV OIEMMHBEREE [0,1] OMEICERL
ZEDTHD. Tz, HEHELDLRVEEDRF LT 1+ L LT PYMRFEL,

P*=n/hx«a (2.3.4)

TRENB. TITn FIHAXORTHRACE BT B MEKERL, bk
XOMBERERT. £72, o RERERT ST A— XTI a = 0.25 AL
5NB.



B3E FITHE
3.1 Shallow Fusion

Gulcehre 5 [11] (%, B SEEETVEEOZNZNO FPHIZ CICHIERZ
175 Shallow Fusion #{8£L7-. ZOFETIX, HAOSEMOHBSEI - A
THEUSHBET NVEED PR 2 THEHEO TR Iy S5hbE 528 T
HHEREST S, FEICBVWTEHEIMCFEINEZSHEETVEHY, SEETL
DINT A—RIFEE U7z ECHEREM O 2175, 20720, FiEE T IVIEER
DEBFIHEINT, HIZZTDEES LWHNZ2TFHIT 5.

Shallow Fusion Tl%, FHIHEE § 1

9 = argmax(log Prm(y|x) + Alog PLm(y)) (3.1.1)
y

IZ&oTREINDG. 22T, x JESFHEXDAN, Prvm(y|x) ISBIEREERE O HEE
HiER, Pou(y) ESEBET VMO RETHHREZRT. /2, NIISHEETIV
BHE2ZRTLIEATHD, NFTHROONIZNTA—XTHD. 4, HKimXT
A DfEIX0.001 <A<01THELTED, BIREEORBHREZEHL TWS.
Gulcehre 5 DEBRTIE 5 DOHE (4 FFEH) 12t U TEBRET, "= T4
VEHBUT I ODOREIFATTARHEELEZD, ZOMOFETIEASEE UL IKE
fbd a8EHRE o7,

3.2 Deep Fusion

Gulcehre & [11] 1%, Shallow Fusion & [FIRIZ 5 FEE 7 VHHE IZ BHEREEE O 1R
ZRENETRE S DY % Deep Fusion 288 L72. ZOETITIESEE TV
W & BHERBERE (XIS I HRTFH L TH 0, NI RBEDO PR 7210 2FEH L T
W5, ZOETNIBFLEFHETINOEEBEIGIZOVWTIEFHEET NVORNEZ
TCIZRE SN T WA, Shallow Fusion & I13#E4 D, ZEMEIIENERLZMEET 5
Z & TR BEET 258> T\ 5.



Deep Fusion Tl&, FHIHFE g 1%

9 = Waate SLm(Y) (3.2.1)
h' = [Stm(ylx); g - Stml (3.2.2)
Sdeep = Woutputh’ (3.2.3)
y = argmax softmax(Sgeep) (3.2.4)

y
WKLo THRING., 22T, Sum(y) & Stm(y|x) IESFEE T IVEEHE & BIEREEHE O
BENhfEzZRL, g 3ZEETIVEREOZEEGE2RT. £72, Wae (|h] X |h]),
Woutput (2|8 x [V)) ld=a2—=F 02y bT—2D&EA%, LT [a;b]lda & bD
azeRT.
Fulcehre & @ 5%EER T 1% Shallow Fusion & [FERDEBRZITV, 1 DDOREZRE
A7 %M EIEmRT2HRA VY MEEOM EE RS Z N TEL.

3.3 Cold Fusion

Sriram & [15] I%, Deep Fusion % f&/& ¥ 7 Fik & L T Cold Fusion % ##%
U7z, ZOFETIE, BIREHEE ST T IUVEBEORBHREZ B E L 72 gate B4R H
BEINTWA. Deep Fusion & DEWITZAEL 2 SFEHET 2. 1 MHITSHEET IV
BEOHNAETHE., ZOFETIEEEET IVIEEO FHIHERREZRD-DHIZ
L —ERNVEIZRLUTHHALTWS. 2 SHIX gate BEDZET 25 DDEW
Thd. ZOFRIISHEETNVEREOHEREZE T 2EA AL, BEREEORNE X

‘EREET VB ORNEON DGR E TCICEFEETNVOEANREI NS, T
NIZE->TERBETNOERT 2EEGZROBEHRE VRV SIREL T WS,

Cold Fusion Tl%, FHHFE 1

hrv = Wimlom ( )
9 = Waate[STM(Y[X); hrm] ( )

W' = [Stm(ylx); g - hiwm] (3.3.3)
Scold = Woutput ( )
(3.3.5)

) = argmax softmax(Sco1q)
y

Lo TERIND., TIC, m BEFBET VOO Yy MEE N7 Hi5E T IR
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THY, hy FEFHETNVORETFHMELZHD TRNVEIZEBLEZEDTDH
5. Stm(ylx) EEEREHEORENETH D, g XSEET VEHEOZEEHGEZRL,
Winm ([h] x [V]), Weate (2|h] ¥ |R]); Woutpue (2/h] x [V]) &=a—=Z b3 » b
J—JDEAERT.

ZOFHEIFEERBMOERE UTERINTWED, RINEBODFIETHS7-D
WAAZIZHEEHMPAIEETH 5. IRHI TR 5 Simple Fusion DK FiEE U T
Stahlberg 5 [12] A% Cold Fusion DFIERERZ#®RE L TWS. TOREIZLD &,

SR CHEEZ 17\, Shallow Fusion & B LU THEMAT HHER L o7z, 12
B, Sriram O PHE L TWD E RO EERTIE 2% FE (F— R XA Ii2BiT5

HLEEFR D BT D) OWHEPR SN TNS

3.4 Simple Fusion

Stahlberg 5 [12] % Cold Fusion % Hiffift, L 72 Simple Fusion Z$2% U 7-.
Cold Fusion & %720 Z D FETIX gate B2 AW EE L/-EATREESGOYE
5. 7z, SHBETIVEMHSEMAE TR —-DOETIVHNTERT .

Simple Fusion (ZIXEEGHOE 2 HIEDED 2 DOM7ZFIETH S POSTNORM
(3.4.1) £ PRENORM (3.4.2) 2% L7z. PoSTNORM & PRENORM IZ5 I} 5
FHIHEGE § 1%

§ = argmax softmax (softmax(Stm(y|x)) - PLm(y)) (3.4.1)
Y

g = argmax softmax (St (y|x) + log Pom(y)) (3.4.2
y

Lk o TRING. 22T, Soulylx) FEFEHOENETH Y, Pou(y) &
EET VKR L 2 BEETHIERTH 5.

POSTNORM TIXEHFREEHE O HEE T HIFER & SEEE TV O BEETHIFER 2 #1 &
bbb Z & TN EEEEZ THT 5. ZOK, TNTNOMRIIEAZHANTIZ
FHZINS.

PRENORM TIIE 5T 7 IV O HGE TR B R & BRSO Rt n b
MOHETHHER 2 ELELEL 2 L CRENLEEZ FTHT . b, ThT

~—

ull

VEBUE I TR0 72 D FEBUT TR T2 WAMEE _ERER L Glid 3 5,
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NIFEAZHNVTICHHINTVED, TNETNDOAT—VEZEZHES Z L
HEINV.

Simple Fusion € 7 VI M TH 25, R—A T4 VR SFEE TV EMHHT
HMDOFHEEL LU TH LD EW BLEU 289 Z &GS NTH Y, Stahlberg
5D o7z 4 SENOEBIZBENWT, SHEETNLVEHVEVR—=ZAF14 20D
H#TH 0.4~1.8 KA > b D LD, SEEET IV EHW D LT L OHETH
0.3~1.6 R ¥ FDA EARINT WS, 4B, Stahlberg 512 KB EITHWNWT
Shallow Fusion &% Cold Fusion lZRX—Z2F 4 VL DHEBETAIT7 DM EZEIFZE
AMERBZEWNTET, 72, Simple Fusion @ 2 DD FIEDEL I —E MW ITFE
22NN
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N2s

F4EF FEEEEETINEZAWVEZ 2—F)L#EHEIER

4.1 REZF% : Dynamic Fusion

ARG TIEHT 7212 Attention % i\ 7z Dynamic Fusion % 8% 7 5.

Shallow Fusion ¥ Simple Fusion {28 W TIXHFTIZIRD SN/ EAIZIEDINT
BB SREE T VBB OBmAMAGDETWS. LrLADS, BERicBW
TANEHEOEHREMRFFT A LIINETHY, HEBERN THAGOE 2EAZH
BIRNETH5B. Cold Fusion TIFFIIZEAZREL TWEH, SFEE T IVHEHE
DFPRH U TUEZIMAT WS, ZHIIHZ U THEESI N SFHE T IV I
UTHIDHHRZEGATLE > TWA70D, MGEEEMHLUZSFEE T VML 72
Tl TERLIRoTLELTWD. AFETEHEHEET VRGN Z ED 5720
ZAHBIINZR iR 2 5- 2 2 7=, BB & IS PHIT A2 2 &9 5.

T oI, BT VWTIFRETHIEZEDE DL Z WL, KL 5

FEET VIS OEREZR T 20BN H 5.~ /T, AFIETIX attention & U

EMETNEREES-O, PR L SEEE T VORI —I T vl
THERTOHEMERS 2R TES. TDD, HigdHFEXY) D20 5EE&EMHTF
FI3RAWDZEDNTE, ~HBIIABHIN TV HEFIEEFEASHEET LT AL
HIEDNTE 3.

ARFETIEFIRBERE A HEE Attention ZHLD, ZTOEA%Z SHEE T IV O HEE
TR BT ADE S Z L TR OFREHWS

£9, SWBETINVOHRETHESE Pov(y) 1&

P (y;y = word) = softmax(Spm(y)) (4.1.1)

TRINSD.

IZEE - NRWGES, Ebollb8En5bE %LA%#M*E%‘M“CIJ&?
2ﬁ%£@b AAGED & 5 mBEERADPELELRWEEO X 2 HEEIZRY 5 Tk
FEEITMETIR « OO BEHEIE I S 37201247 5 Fik.
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F4

_J@ ®
sle

(753
c Pim
0.6
htm 0.2
s 0.15
™ B B 0.05
<BOS>
B
SLM
“._<BOS> i i
EEET I

4.1 Dynamic Fusion O#E#EX].

RIZ, EFEETIVESREIZH LT Attention 2 Bl - 72 DENE Sapry &

exp(€gora STM (Y(X))

Qword = (412)
ZwordEV eXp(evTvordSTM (y’X)))

Cword = Oword€word (413)

LM = Z Cword * PLm(y; y = word) (4.1.4)

word
hrtm = [STMm(Y(%); cLm]

Sarrn = Whrm

TERIND. TIT eword THFBEMDIAATDH Y, cyorq (A HEEDHER D HEE
Attention 229, cpy 1ZHEE Attention D EAIZ S ZEE T IV D T E R %2 #
T AEDELRD Attention ENE ZRL, W 2/h x V) Iid=a—F 1y b7 —

T

1525 Attention 1 2.2 #i TR X7 Luong & ® Dot Attention ZFHWTH Y, h; Db D IZKHEEH
DIAARE edec EHWCEHRAING. 4P, SHETVEBO THRERE o 2L T GbE N
5.
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K41l SEATIR L RETFIRDLE.

AA Iz W B . . Al E A
i AlE 5Tk
Tk LA — = (TM : LM)
Shallow Fusion fife =R T AFTEE (EE)
LM %tz
Deep Fusi =N e . .
cop TR ik e gate BEHIATE BT H
ek TM & LM % 7242
Cold Fusi wE . .
¢ Tusion B AT 24 4 2 i gate BEHEA E T TEH
PosTNORM fife R I HARL (=1:1)
PRENORM =g gl HARL (=1:1)
LM : fE* o o
Dynamic Fusion M - é‘ﬁ f = Attention  Attention A HBT¥H

I DEALERT.

X (4.1.4) 128 WT ey EHEE Attention & Pry(y;y = word) ODNFETH 5.
AFHEICBWTEBETIVOFHNIEZED b —2 VPN H D S N7 BEED A% B &
TE5. AT, PR ST T IVEBIIREKRD Attention Bl % FH W T
ICEHRE I N BEE TR 2 GDE 5.

BRI FHRIEREE § 1%

§ = argmax softmax(SaTrN) (4.1.7)
y

TRINS.
Dynamic Fusion O#BERNIEK 4.1 1279 . TDETILTIE Attention % FH W
BE T IVESHE DG Z BRI 3 5.
ARFEOFEFIE L Simple Fusion 25 LU TIRO@ED TH 5 -

1. BEFEO—RSATERBETIVEFET 5.
2. FHARBEME & Attention W2 835, (SBEET VEMIXEET 5.)

14



4.2 HITMEEREFFEOLE

AT E REFEITIIRELS 3 HTRLDEADFLET D, TOENVIZDONVTE
4.1 1R7.

1 REHIFESICHWA LA Y —Th 5. LT TiIfERE LIERNEZ AV
THUVA VY —TOMEEITR>TWED, EFETIIELL LIV —2HWT
W5, 2 BB GOAETH S, HITHFEIIEWTIERE - fl - #G 2 o 72 Bl
(EAMNZZED) ITHERIT>TWEDIZH L, IREFHETIX Attention % AW
G2 {TRoTWVW5b. 3 MBEIXEMAEGOIRE[IETH S, BITHRICITEE X
NTVWEREDELHETEEINDGEDDH D, IREFIETIX Attention FR4 A3 HH)
THEHEZETR-o>TW5.
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BH5E XK

51 7—%
5.1.1 J—/%R

RS TIFREFE-HAGE R THAGEHGED 2 SEEAMIIIOVWTEREZITS. K
EERIZBWTIRBREZEHOANS UL I —R AL SHEETFIVEHAOREE T —
NAD 2 DWMBETHSH. I T, the Asian Scientific Paper Excerpt Corpus
(ASPEC) [18] % 2 D2 THEBREITS.

Z @D ASPEC FHAFETEPN R EEMGRX DT 7AMZ 7 &2 DT
HLYFEMXEXT FAA Y W THBTHESI D THL. TDED,
XT T4 AV NDOHEEIMEN U D W TIEERIERIZZR > TOWARWXRBFEELTE
D, FET-XEeR2THD 23— RIZEFENLW. T I TRMRTIE, #EHT—
RIZEENDH 300 HXHND S HHEA I T HE 100 X &2 FRFEHDO AT L
VA—=NZE UTRAL, DD 200 X x2SEET VEEHHORSFET — /A
ELUTHWS. 4B, HHA I 7 MEVWCHHEEFEOXE LTIEHRIZLTH D,
MEFEI— N AL LTIIAWVWS Z LD ARETH 5.

HARGE TR U CIFEREE N8 MeCab' (IPADic) % H\WTCHEEDE % 1T\,
PEFE ST X U Tl Moses” (tokenizer, truecaser) % JH W CHIMIE 2T > 72, £
7z, WIDOHE LFET — X0 S HAREL E 7 IXRGEXD LD S PP HRFERD 60
ZHADSCHEHIBRL, FRET— X 3T -2 ZARDT X 22D EEFAL
Tz FEBRIZMM U 7 SR 5.1 2R T

=

a5=

711

5.1.2 X E

aul
an

FERIIANT LIV = RZADAEHWTERS 1, SHENEWIEIZ 30,000 &5 % &
g L TEHL, MEEDEIXZOOVAE UTER ERMGEL L., TDD, BE

'https://github.com/taku910/mecab
2http://www.statmt.org/moses/
300V :=a—J ity bV =2 OFtHEOHA EHIRE NAGERBIZED S 2 L O TER\VGRE
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fg A — /N ADAIHBLS B BEEIIMUITHEHEETH 722 LTH OOV &b, TA
MRAZIZRAGEE L THRbNS.

A CTARFERRTIX, FEREMTEL UTE L HAWSNTWS Byte Pair Encoding
(BPE) [19] 2 V= 5B 575, BPE ML TIR/ST LV 3 — S 2% BTk S
[ % 16,000 FNIEE L, RTCOERZMHT S, ¥, BPE IXHAGE L RElix
NZENHNHEAT 5.

52 RNR—A54 Y RUVHEBRFX

ek D AttentionNMT [4, 5] B & OF Simple Fusion (POSTNORM, PRENORM)
ZIRETFLTH 5 Dynamic Fusion & KT 5. R—ZXF 4 VETI) & LT Bah-
danau 5 [4] DE TNV & Luong & [6] DET I ZITLI/EK L7ZE TV [20] ZFHW,
fliDEFIVIE I NZ TITHMBAIAER L7z 6 D2 HHT 2.

53 /INTA—%

HD-ORTOERTRUNTA =X 2HWS., FFEIZOWTIEE L2 TR
. HAFYHRIZIEEETVEEOAZEZE L, SEETIVEHELZ R WR—
A4 VTR ZOMIIZET LR,

5.4 FHiAE

AR TIXEABFHIIFE L LT, BLEU [16] & U Rank-based Intuitive Bilin-
gual Evaluation Score (RIBES) [17] 2\ 5. FFEBIZDE 2 [\ DFEHEIT
W, TOVEEE L B, 72, XR—AF 1 V- Simple Fusion & Dynamic Fusion ®
[f]C Travatar % F\\ T 10,000 FIO 7 — b A b T v FIRIZ &L D AREMEZT .

4http://www.phontron.com /travatar/evaluation.html

17



£ 5.1 a—RZADLH.

SN
i
X () K PR
SIETIVH
(BEET—2) 1,909,981 60
FEM RERa—R) 827,188 60
BAFEH ORFERa—/3R) 1,790
P OERa—s3R) 1,812

52 NITRA—XBE.

BE
HAT¥H epoch £ 15 epoch
BARFE epoch # 100 epoch
B AL R AdaGrad
FER 0.01
ITURT 4 Y ITIRIEE 512
BRI T 512
Ny FH 128
FE5 (w/o BPE) 30,000
BPE # & [H5K 16,000
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BOE EE

6.1 BHEFHMICED oM

BLEU & RIBES iZ X558 %2 £ 6.1 (RFE-HAGE) 23K 6.2 (HAGE-HREE) IZ
AT, EHbODAATEEBOBREZE L T—HENFMEL, N—ATF A v LK
U T Dynamic Fusion i& BLEU & RIBES 2’88 kX ZM ELTW5E. R—ZXF A
> ¥ Simple Fusion % lLiK$ 2% &, 1Z& A Y DF%E T Simple Fusion (ZX—ZF A
vEE%ES U IXE T AR L 572, Simple Fusion £ Dynamic Fusion % Lt
#8395 £ Dynamic Fusion |& BLEU & RIBES 23665 ELZ. 26D
Exs, REFEVHEON LIZHFSLTED, SFEET IV E Attention THWS
ZENEBETHD I LWRIND. 1B, HEE-HAFEOMSFENIZH W T Simple
Fusion O F{E% I d % &, PRENORM OMEENENZ L obn b

HHBERIZBWT, SHEETLVEHWSZ 212k b BLEU & RIBES 23 E3
52 LRI Nz, F£72, RIBES /& Dynamic Fusion TX SIZ[M EXINTED,
RETFEVPZLAMEOEH N2 TETWEZ R OR D

N—2 74 & Dynamic Fusion & O] TD BLEU & RIBES Of ZAME (p
< 0.05) ZiTo7-. "2 DFER, HERERDO BPE 2 H\WARWERE CTlEABENFE
Ui o7ehl, ZOMDBEIZBWTRAERENMR I N, Thid, KiEzHW
ERBICT ARIFRIIHAEXHMNZFEOL G L L T, WA —NADATHX
HEHRZERTEHILIZEDDDEEHRERINDG. 72, TN > ThRITH
KTIIHRI =N o EH I NSRRI U CEBET AN/ A XL 8-
TLESTWABEZDIZAITHETRLEZEDEE XS, 748, Simple Fusion &
Dynamic Fusion OFIZIZHERER CTIEAREI MRS 020y, FEHFIERCITMER
SN iprotz.

MATE SITBFENZZREL LT, BERETIVIC BPE 2 BEH L EFEET VI
BPE %t/ U7 WEER R E CEREFT R 072, ZDOREIZE W TH BPE 2 iV 7:
&~x54y%rwam%bfﬁﬁﬁ§®ﬁﬁ%%é_tﬁﬁ%ﬁ

VEREND - 725 DIZDNWTRIZFTRT.
2Simple Fusion 2B W TIIFEREZRHIZ D BEN D 5 7-DFEREZTS ZLIZTERL.
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6.1 JEHFHERFEERFE .

e, TM w/o BPE w/ BPE w/ BPE
REE IR
LM w/o BPE w/ BPE w/o BPE
BLEU RIBES BLEU RIBES BLEU RIBES
R—=AF7A04 YV 31.28 80.78 32.35 81.17 32.35 81.17
PoSTNORM 31.01  80.77 3243  80.97 N/A N/A
PRENORM 31.61 80.78 32.69 81.24 N/A N/A
Dynamic Fusion 31.84* 81.13* 33.22* 81.54* | 33.05* 81.40%*

#* 6.2 HIRIERFER R,

T™ w/o BPE w/ BPE w/ BPE
LM w/o BPE w/ BPE w/o BPE
BLEU RIBES BLEU RIBES | BLEU RIBES

R—=—ATA Y 22.64 73.57 22.80 73.54 22.80 73.54

PosTNORM 21.49 73.13 22.09 72.77 N/A N/A

PRENORM 22.38 73.65 22.71 73.36 N/A N/A
Dynamic Fusion 22.78 73.74 23.45* 74.01* | 23.08* 73.73*

6.2 HWHAX%ZITICLEMRFTE

TNETNDOETINVOHIHIZEK 6.3 & 6.4 1ZRT.

K63 DHNZHENWT, R—ZF 1 LKL T PRENORM & Dynamic Fusion
DFGME A U7z, XA T Dynamic Fusion Tl A SCHNIZAFIET B HAEY E5E
ZRGICEERT 22 TE L2 e b0 d. FEELIFRLRD, HABIZIBWTHE
EVEFEEHEOMHHINLNZO, EHFHFRIZE W T F@E 0 OFFRIZ I S5
DRFEGEHIZE o TAHRIZE L TUE S, %28, PosTNORM (F T#r&E| % [H
B CRERLTHD, ZHMEMETLTWS.

# 6.4 DHNZHWT, PRENORM BZHAMADFMG AL ZRLTWS. LrL%
5, Simple Fusion ® 2 DDEFIVIEIR—A T4 v KL TZ Y2 RS HEH
o TWA., IAMIZ, Dynamic Fusion TIZ AN XDONE %SGR EIZIEL
CEIERLTWA. 235 55 Dynamic Fusion (&% 4% b 312G 2 H 1 %217
STEMTEBILHRINSG.
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# 6.3 SEEETIVIC K Bk L.

ETN (1) X

AJIX responding to these changes DERS can compute new dose rate .

SR DERS i Zh o @ 24k iz s U T 7z & fim R % 57 T& 5,
R=AFA YV e O Z T whe 75 0 &, frLwv fjE X 2 FlHE TE5
Simple FUSION - 0 gk (2 S T 5 I I BLW R R £ AT TEB
(POSTNORM)

Simple Fusion
(PRENORM)
Dynamic Fusion Z#5 @ 2L 2 s 56 Z& 12&D il s R %2 §1H T35,

Ins O 22wt 9% &, HLv fiE R &2 §HR T2 5,

#* 6.4 Simple Fusion 128 1F % Z 4D K FH.
TN (1) X

the magnetic field is given in the direction of

ANIX

a right angle or a parallel ( reverse to the flow ) to the tube axis .
SR s 1% B BT EA A PAT R A 2
NoASAY W B A R0 AT (W) © BT 5X Sh B FT T 55 .

Simple Fusion REBH 13 45 fullE 0k AT (RIS B ) BT I BR S 7
(POSTNORM)

Simple Fusion
(PRENORM)
Dynamic Fusion 3% 1& , % Bl 12 A £7203 BT (WA 23 G ) o A 52 6hd,

BEBh A 03 VA (MRS A) © B IS BR SR T,

IS oflr o FEE T NVORMANE T OFEER EIZFS T &2 mL, &
52 Dynamic Fusion TIXFE/TH%E & R U TEN - Z Y2 Mk 9 5 Z & D3RR
Iha.

HEMERCIREEFIRIIEEESTEB/ETNEHVWARTOFRETE 6L D&
DIREZEMITHIETE TS, HAGETCHEEIREZ (i U 3Bl C#E 2T 5
FHEABHARBEOWXIZBWT—BRARAETHD [21], mRUEHID XS IZEFEE
FNVERNWSZETIOEMIIHIETE .

6.3 EEETINICLDHE

BMETIVEHWS Z LICKOFRIGHERZIT TR ZYEEZMH S HEDHFIET 5.

FOHIWFARNVIADIFMETDEANIZBIFBHTHS. —BIZATILIZAR)

31

21



# 6.5 BEALICN S L EfdME A g,

TV (H1) X
AIxC B 0N BE SGE I RE L TWDE N Hho i,
SR it was found that the deformation gave effects to
the pairing density distribution .
R—=AFA4 YV it was found that deformation was affected by the pair density distribution .

Simple Fusion . . . . . o
it was found that deformation affects the logarithmic density distribution .

(POSTNORM)
Simple Fusion . . . . TR
it was found that deformation affected the pair density distribution .
(PRENORM)
Dynamic Fusion it was found that the deformation affected the pair density distribution .

IANGFIET D56, RANOHIETH B 7-OHEYRFRETERWIGEBEET
5. ZOHITIX “temperature” % “temperture” £iEto> TW5728, R—ZAF7A
ETNVTIERMGEE LTI REINTULED. TOFEL UTIELVWEERRH
TEHRL<Hm>TWwWA. ULH”L PRENORM & Dynamic Fusion TIiX &k % 5t
U, ZUMEERSZERBRSEULLKFERTA2 2N TES. ZNIXSEETVIZLD
BB P ST REFEEZ FHT AN TERZILIZEEZBLDTHEEERS
ns.

6.4 Dynamic Fusion IC & 282
6.4.1 iM%

Dynamic Fusion ® /1 & B5E Attention DEMA (EAL 5 HFEDHKKE) %K 6.7
IZRY.

SEHDFEZFR\NTY, HEE Attention I$HEN S LW 2 &A TV S, HilZ1X8H
R (D) Iz EL 725G, 80 (1) THU LS e 93l R s N 5.
X510z, [F@E] CHFEIMZBAU A Z SIELEFE LAWY, K BEETIE A T
HBETFULTED, TNETOHNEEZERLZTFHNRTETVWS., Tk, AN
X DIEHRE MR L A5 B Dynamic Fusion it 2 WET L e NTcE 528

SEEETNEAIOELCORBLISHELZTHUTEEDOTH Y, XHALES (<BOS>) LADHERA RN
XHHDFEIEFRAALAEETH 5.
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ZRLTW5.

HiGE Attention DEAIZDWTIE, HEOHEOEANII—THD5E5LRED
HERIZEADKE o TOWBHAEIAET 5. EICHRERO % L% < ORR
FEPEET 25AICH—REAZRT I ENEN. ZORMCELTREISRDS
IEITOBERHDEEZD.

6.4.2 Z4UM

SHRIIZ SEEE T IV A M 2 B 12 U C Y 2 iR 2 Tl 5 Z & 139FH
WHTHD. TO-OREDHFEOEANMBE L TIEEZNITEWEBETH- T
H, ANMXDOFEYMEZEIER S 5672 Y Dynamic Fusion & UTOH I fFEH I
BWGBERDH 5.

B, K67 TRXIEHZIZLHE UTEFHRETVOHANNER I N TN WHEE
NN L FET 5.

COMHD 1 DICEHREM L SFEET VRO EBEDRVWAH D LEZ 5N
5. N (4.1.4) OEBELITH % FHRER L SEEE T VO ITIIIC AL, &17
51D Frobenius / )V ALY %G U 72458, BERBERIESEE T VEEON 2 50 HE
METHBZ e bhr o7z, ZDxiE Simple Fusion 7 & D[EE U 7z EMA THAES
OB HETIEES ZENTERVWEDTHS.

6.4.3 SEETINDEE

BE, MEOSHEETIVDIFZLEALIFIANXDERZRHAL TWRW. Lzh->
T, EBETNVOHRGETFHNC LD ) 14 X2 BT 5-0121%, SEETIVEF#E
FHERBERE IS U TPl 217\, BHEREERE 22 5 @ Attention Z & E L THW 5 g
Eswn, 72720, SEETIVIIHASEEICE ) 2GR I BT 215
EROTWA WS HTHIRTHS. TDRD, ANIXDBDH 5L THFGED
MWD ZEHTZ L IFARETH S.

4Frobenius / V4 : fFHIOKREI R KTRED 1 0T, /Zi ; a?’j THEINS.
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BRI EFIEIC ST 2 FEEE T IUEBHEOKREN, FHEREHED 1 L o fiis
EWETL27-DICHNEEOEHREMMBT DI LIZHD. TDOORGMEE M EX
TZUEZRPBVGEICDAR, SHETVEHE» ORROA 7Y a v 2 IET
5. ZTHIER 6.3 DHID & 5 IZUROMYD < 2 HHEIZ T 5 ERL Gk Aled Z &
HTE5.
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BTE BbWIC

AL TIE =2 —F VMBI U CSEE TV EEATAHZRETILTH
% Dynamic Fusion Z#8R U7z, BIRFEBRIZE > CTHHBERICBWTSEET VL E
WA Z iFAa7om ElEwE U, REFERCEVWTEHERRIZEWTH A0
THMETHI L E2R Uz FRETHREDOKRIZE > T, SIEET VA HBHMIC
AMEIEEDOTIIRSBEFEDO LD ITEEBENICHWS ZEWEHTHEZ L
ZRUTZ. SEETVEEEREHEOEAZEE T A2EFMEL LKL TH, EE
BRI SEET VEHWTZYE2ELR S Z el RiGtE2zm EL3Es 2 2 izHFS
LTWwWdEE%x%5. ZHIEBLEU % RIBES O X 57256 BRGS0, EOEWE
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