JAIST Repository

https://dspace.jaist.ac.jp/

Title NEEEROWE KM 2 U /2= a2 —Z VB ENER
Author(s) =, AgE

Citation

Issue Date 2026-03

Type Thesis or Dissertation

Text version

author

URL https://hdl.handle.net/10119/20523
Rights

- Supervisor: i} &, Jolin Bl EEARM SR, &L (1
Description

AT

AIST

JAPAN
ADVANCED INSTITUTE OF
SCIENCE AND TECHNOLOGY

Japan Advanced Institute of Science and Technology



|

)|

REER BRI 2 ZH LT = 2 — 5 L BEIR

i
H
=
i

EHREHE I R

JERE SR R k2
SRR TSR
CEHRAE)

S8 4E3 H



Abstract

In recent years, the performance of Machine Translation (MT) has improved
dramatically due to methods based on neural networks. However, regarding the
translation of words with multiple meanings (polysemous words), challenges re-
main because polysemous words need to be translated into different words de-
pending on the meaning. Word Sense Disambiguation (WSD) plays an important
role in translating polysemous words. WSD is the task of identifying the mean-
ing (sense) of a polysemous word appearing in a certain context, and it becomes
possible to translate a polysemous word into an appropriate word in the target
language by using this as a preprocessing step for translation. On the other hand,
since current Neural Machine Translation (NMT) is a method that trains End-
to-End models, incorporating WSD as preprocessing has been disregarded. To
improve translation performance between Korean and Vietnamese, one of the pre-
vious studies identifies the senses of polysemous words using WSD, represents
them with different tokens for each sense, and provides sentences with identified
word senses as input. However, sense-level tokenization increases the vocabulary
size handled by the translation model and increases training parameters, leading
to the problem of requiring more training data.

The goal of this study is to explore a method to improve machine translation
performance by applying WSD only to translation-oriented ambiguous words and
assigning unique tokens for each sense. A translation-oriented ambiguous word
is defined as a polysemous word where each sense is translated into a different
word in the target language. For example, the English word “bank” has two
senses, “financial institution” and “land along a river,” which are translated into
Japanese as “ginko” and “dote,” respectively; thus, it is a translation-oriented
ambiguous word. On the other hand, the word “wall” has two senses, “partition”
and “social barrier,” but both are translated as “kabe” in Japanese, so it is not
a translation-oriented ambiguous word. By limiting this sense-level tokenization
to translation-oriented ambiguous words, we aim to improve machine translation
performance for polysemous words while suppressing the increase in vocabulary
size. Note that the languages handled in this study are Japanese as the source
language and English as the target language.

First, translation-oriented ambiguous words are automatically identified. A
Japanese-English parallel corpus is prepared, and then the word alignment tool
GIZA++ is applied for it to identify the correspondence between Japanese words
and English words. Next, by aggregating word correspondences across the entire
corpus, each of a Japanese word is associated with a list of its multiple corre-
sponding FEnglish words. Finally, post-processing such as removing words with
low and extremely high frequency is performed. Through this procedure, a lexicon



of translation-oriented ambiguous words is constructed. This lexicon consists of
pairs of translation-oriented ambiguous words (Japanese words) and their corre-
sponding multiple English words.

Next, WSD is performed on translation-oriented ambiguous words in the source
language sentences of the parallel corpus. The original words are subdivided by
sense 1Ds identified by WSD (e.g., word_senselD) and treated as individual to-
kens for each sense. After this processing is performed, the MT model is trained
using the parallel corpus as training data. The Transformer is employed as the
translation model. It is trained from scratch with randomly initialized parameters.

This study proposes multiple methods based on the definition of senses and
the WSD method. The first method performs WSD using the Iwanami Japanese
Dictionary as the definition of senses. This method is denoted as “JDIC.” An
existing WSD tool, KyWSD, is used for WSD. This method has the advantage
that WSD can be applied to all translation-oriented ambiguous words, but it also
has the disadvantage that dictionary senses are not necessarily associated with
translated words; that is, different senses in the dictionary are not necessarily
translated into different English words. The second method performs WSD using
the list of translated words in the lexicon of translation-oriented ambiguous words
as the definition of senses. This method is denoted as “TR.” However, the WSD
model used in TR needs to be trained independently. A dataset to train the
WSD model is constructed by labeling Japanese words with their corresponding
translations (senses) based on word alignment results from GIZA++. Three WSD
models are proposed: (1) a model that uses the pre-trained language model BERT
to obtain embeddings of target words and learns multiple Fully Connected Layers
(FCLs) to classify the sense of each word using these embeddings as features
(called TR-pre), (2) a model that fine-tunes BERT individually for each word
(called TR-ft-indi), and (3) a model that learns a BERT model shared among all
words and multiple FCLs to classify the sense of each word (called TR~ft-shared).
For the translation experiments, we adopted the first and third methods in terms
of computational cost and performance. As extensions of the third model, we also
train a model that classifies the sense as “unknown” when it does not correspond
to any translation in the lexicon of translation-oriented ambiguous words (called
TR-ft-shared-unk), and a model that classifies the sense as “uncertain” when the
WSD model cannot predict the sense with high confidence (called TR-ft-shared-
uncer).

Several experiments are conducted to evaluate the effectiveness of the proposed
methods. One million sentence pairs randomly extracted from the Japanese-
English parallel corpus JParaCrawl is used as training data, and another 4,000
sentences is used as test data. As evaluation metrics, in addition to BLEU, a



standard metric for MT, a unique metric called “translation selection accuracy” is
used. This metric approximately estimates the ratio at which translation-oriented
ambiguous words were translated into correct words. The method that trains the
translation model without WSD (called vanilla) achieved a BLEU of 27.9 and a
translation selection accuracy of 0.523, while the method that performs WSD on
all words corresponding to previous research (called JDIC-all) achieved a BLEU
of 27.2 and a translation selection accuracy of 0.523. In contrast, among the pro-
posed methods that perform WSD only on translation-oriented ambiguous words,
TR-ft-shared achieved the best performance, with a BLEU of 28.1 and a transla-
tion selection accuracy of 0.534. JDIC, which uses a dictionary as the definition
of senses, did not outperform the baselines (vanilla and JDIC-all). This may be
because the dictionary senses are not directly associated with the ambiguity of
translation selection. Other proposed methods improved BLEU or translation se-
lection accuracy compared to the baselines, but there were few cases where both
were improved, thus their effectiveness was limited compared to TR-ft-shared. Fur-
thermore, when measuring the translation performance of the proposed method
under the ideal condition where tokens were subdivided by correct senses, that is,
under the situation that the WSD accuracy was 100%, the BLEU became 28.9
and the translation selection accuracy became 0.689. Compared to the vanilla
and JDIC-all baselines, the translation selection accuracy improved significantly
in particular. This supports the validity of the approach of the proposed method,
which performs WSD limited to translation-oriented ambiguous words, subdivides
tokens for each sense, and then trains the translation model.
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W5, ZFBORERICB W CTEHEEREE|Z L3 OIXFERBEBR MM (Word Sense
Disambiguation; WSD) T®H %, WSD i&H 2 XARICHIA T 2 ZEEDOEK FER)
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DT —X 5%, £/, WSDDOETILE LT, (1) FRiEEFASEET L
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T 2EBOLMEREEYE T 5E TN (TR-pre). (2) HEBEHIZME@F]IC BERT
774V Fa—=vIF5ETIL(TR-ft-indi), (3) £HFEICHED BERT €7
N BHFBOERE THET 28OS E 2 E 3 5 €71 (TR-ft-shared) D
3SORERT %, BIIRERTIE, FtEaX b e MiEDEm» S 1 HZHE 3HBEHDE
TUERAT 2, 3FEHOETIVDILRET L LT, B ARGEEIRERGERE
FICBFZREOVTIUCHZY LWV E =12 Tunknown | WS 7 F 225 4H
%€ 7V (TR-ft-shared-unk) £, WSD E 7 ADEWHEEE CEREHETE R
W ET Tuncertaing W95 27 7 AT 2 €7 )L (TR-ft-shared-uncer) %%
H5 5,

REFEOANE TS 2 £ 2175, HIEF L a— %X JParaCrawl 5>
57 YR LM U7 100 T30 27T —& & L, Bl 4000 X2 T A T —& L
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1.1 B=

BEMBIERIX. H 2 SREDO e EER DO SEICHBMICRIRT 2 X227 Th %,
MBI R O B R S R ZE 0 B B 1) 2 FDI R SR8 T d - 72, 3
FETE, —a2—I %y b7 =21 ZED L FEICE D, BEWMBIER O MERE IR
WA EL7z, L2 L. XRICIGC TEKRPIZET 2 2HREBOBFERICOVWTIE, K
R LTHEIERIN TV, —fiRiZ, HEBEFEBROER®RZFSE, 20 X513 E
BOBEREEOHBRZRBLIFINATWE, fRICEFETIIEFRZROEK
WP BERAEIZ R B, il 21X, FEEED bank ¥\ D HEEICIE (BRERD) © (1o
JFAD ) WS 2 D0DEMDIH D, ZhZHOERIZHAGETIE T8 7] L
ik TEF) viREh 3, ZEIBOFRICBWT, WYIRFGEEZEIRT 272512
. SR S HEEDIE LWEKREZRET %2 70t AR A[RTH 5,

ZHREDORERICE W TEEREEZHH 5 D 2FERBERMEMETE (Word Sense Dis-
ambiguation; WSD) TH %, WSD L IXHFEDEK FER) 2RETH XA TH
%o FIFE BNz X D12, RIS SFEOHEEIXZ DRI U THER % HEEIC
RN 272, WSD ZREREE O LICEMT 2 e E X 605,

—7 T, BED = 2 — F VFEMEIER (Neural Machine Translation; NMT) 12380
Tid, WSD@E2 S LHEHEBEHINTVRY, ZHuk. NMT 7N XEIEDE
WAEHREIR (N7 FLRED) 1AW 28T, XRICIE U 72 IR O #3 H3HE 2R
AT ONTVE EEZLNTVWEDHTHS 1], TR L, BIERENCIHRN
IZWSD 2170, fl 4 DFERZMEAD v —27 > 2 LTS Z & TNMT OMERE % [
LXEMAED DS P, LA L. ZOFEIE. BERRETADS b—27 VO
DIEZ 27012, XDZBLDIIT -2 Z2ET 2 Vo MEND 5,

1.2 BH

ATISRIE. REEEIR ORI H LT = 2 — 5 L AWMEIER O PEAE % 1] F X
B RBML T3, FEEROBERE L 3. EEHEORBICHET 2 EH0OER
BB SR B MR X3 2 L 45T, B3, FEEO bank 12132 D
DEMADH Y. HAETIEZAZN BT THF) 0510852 HECHR S
N3 70, FEERROBEKIED B 2, —F. walicid (U1D) & (EARREEE) 0



2 ODTMAD 5, HABTIIL Iz By LERENS 0, FERRIOMEHR
PERS IRV, RTIETIE, BEE T BV TER 2 MIRCHRE N5 S5 E TR
EREIRG ) L ERT 5. FERRIROBIIED S B BRI - T WSD 217\,
BRI L — 7 VRN B LT, RO b2 VHENZ OO, BIEEEYIC
AL B L &I,

1.3  FERX DB

R DRI T D@D TH 5,

2 BECIE. BEMIZE ¥ A ORI BICOWTIHRR %, 3ETIE, FREEEROBEK
M EH UBHMEBIRROMREZ M L X8 2 720 DIRETEDOFMICOWTIRRN S, 4
BECIE, EFEOFMER, R, FERICOVWTHERS, RRIZ, 5ETIE, &
X DE LD SHROFEICONTIENS,



F28 FEHERAZE

2.1 Za—ZI)LEHEIERICE T D ZREDEIRDFRE

= a2 — 7 UEEHEIER (NMT) 1%, Encoder-Decoder f#i&=<° Attention £ % F
% Z T, XEKRERIZRIMNZRE R Z R L -8R RIEETH 5 3, 4, 5]
AT XD, TERDIETHIFEMEIER (Statical Machine Translation; SMT) ¥ ErHg
LT, BRRoBEIRERMICH ELz, ZhUucffvn, 2REBORLTIRES. T
OB EBOBRZFOHFELERIIIO U CHYIRERGECHER T 288 h b EH S
nTns,

L2 L. NMT E7VIRA L LTEZRFBOMARICBWTIERD 2103 Z 25
HEINTWVWD, FHZ, FE T - XN THHRBEEOEWEEFR (Most Frequent Sense;
MFS) NOBRZBWENEILL TLE S HHADID 5, Rios Hld. KRR
A b+t b (Contrastive Test Set) ZHWT NMT O WSD gE/1 =5 L. X%
EIRT 5 L RSHE OFEFRIIHICT 2RGENEHYITH 255 TH. NMT D3 3AR%
MLUTEHEERZH T2 —A0H2 Z e 2L TV 1, ZOEBEER
226, NMT 7 MINRIEHRZ TIEHTETEL T, ¥HT—XICBI o H
FEDIEETCHHENAL 7R BB LU THERST 22 3H 2 e ELEL TV 5,

X512, XRZFHLUTEREZEEL LS &3 2R AICBVWTHEIRI N
TW5, Rippeth 51F, REOWXRZFFOXFLRNLVDTFT—Zty b (87 L La—
RR) DIERDPHEET D 2 L WO BB Z, BIZRWXARZ A1 57200 TiEHEl
FREEN TR Z e Z2iEfMLTVWa B, 2L T, BULLXRZFOXZED,
RLCEZER L, 20F00 sy 7 2RIBEHFEZIHRINCHB L., Z4h
Zb 2 b UTRIERS 2R DI 55 2 2 T, XRIE@RZM5E L. WSD
DFEEZ A L XE,

¥/, IEERIRICHERE L TV 5 KB SEEE 7L (Large Language Model; LLM)
IZOWTH, WSD DRENNICIRADH 5 Z e fEffiX LT\ 5, Basile 5%, LLM @
tryay MZkd WSDRESZFHE L 724558, LLMIZ—EDMHREEZRTH DD,
AR UTREHFD WSD IZRHUL L 2 FER 7 7 4 ¥ F a2 — = v " ENT/h~Ffifs
ETNVREBRIEBWT —A03H 2 Z e ZME LTV [, ZHd, LLMARET
LZHEICBVWTYH, ZBREBOBERIRLUDHTF L L7 WSD 23R e L TEE
Thd IRl T\,



2.2 HAEEIEZ AW 21— 5 )LEENER

NMT I EEWEERERE R 7% 2 — /AT, ZOMREL KT 5 72DITIIRED T L
LA — 2N Y 3, Koehn ¥ Knowles 13, 228 T — X &N T2 2 NMT
DOMREDRITHILT 2 Z e 2R L, REHFRFICE T 5 6 00O NMT Oif# (Six
Challenges) O—2& LT MERSEEFEORERKEE) 22T T2 8,

REFREICB T 2 NMT 7 L0 MRER A L X8 272012, AEHEERZ W T
FERICE T 21 E NMT €7 MSHAADFELI VL O REINTWS, Z
NBHFHERDEZTIZE > TWK O OEEICHETE 3,

2.2.1 BEBHRIBHAAEFAEITZIFE

Rios 51X, FEFR L ZDER D SR L EFRMDIAAS, XEANTEWE,HE
WAL= HEE 2 BT =38 8HH (Lexical Chains) O ®HAA%E NMT ETILAD A
HeLTEX2%ZeT, FICEHEEGEICEBIT 2 WSD EE R\ EXETW3 (1),

Pu 5%, BEOERZF ARG #HFAZNRICI T AR ¥ 7 R—=Z2D WSD
FHEEREZREL, TARCESWTEE INZEREDIAAZ NMT EFLAD AN
LLTHEZ2 e TRFRMEREZ M LEE TV (4],

2.2.2 HFET S 7 PHBBEWIC K BREBEROME

B DIAAR T Tl L, Mgk 3N R EFH T 25 f7bn T\,
Zhao B, HIFZ 7 7 LOFEREGRE NMT 7 LICH DAL Z 2T, ¥E 7 —
REPVIRVEERAPZHREOMFBELLETE 2 2 2R L TW5 [10],

F 7z, AEREEEOREEMEZIER L, BINGERZIE 27 e —F8H 5, Ma-
heshwari 51, FFEFICD 2B ORGEGEMZ TXTIERRL. 2OFroXRICE
b DEFERET NVEHSIGERI B2 FELREL TV [0, REEEMHZRDIA
FIRHEZEH L T2 ToRBEMZIHRIICET VTG X 5 2 8T, FEARR
FIERPARERE B Z e 3T E %, 7o, FENORGEEMOHIEYZ b D23k
W L7250, BEREHA L TENTERRT 2 205 i s alaEic L
TW3,

—H T, ELWVIGEREAZIERT 2D TR, XRICEDR VIR - F2EREED
H %22 RS 2 B DREEFIFY (Negative Lexical Constraints) & FHIN 2 7 71—
FHH 5B [12,03), LrL. ETFTANZDOHEDHIOIERECIRER 2R L TL
F, ERICHE T ORI TREX A2 L WO RIS %, Jon HIZEDER
FFNCEHE D FEORBEHER LTV [14], 7F R MER T B2 2 DHERFAY
T =R BT A FER CEROFEEL R L, X 5 ICHFEDFER L ~ULTHI
EPFB LT, BIEXNEHENHLWIRAEMN LA LTHET 20%
i FHERRELTWVWS, ZHTED, ADRBEGIRNIGER L THEEI R XN
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5T D AREERE I NN, 2L D7 —XATHIOT hIRIF IR YL LTH
ELTED, NMT EFNMICBWTHREDHIEDAE N 2 522 HER T 3 2 & DN #E
THHZeHERLTWVES,

2.2.3 EBEEHMFEEZINIBLY 5= 1—5 )L

FEMBIERE T MIC AT 20, AU Y LTWSD 217\, AN b—2 V%358
EHIHE L TEZHREOR LT OMREZ A LEE 57 Fu—FdH %, Nguyen
SIHMEEFTH 2 #ERE—N b F LGB OBRRICB W T, AL LCHSHE (8
EFE) O WSD 21T\, gEEZ & WZfilBlo b =2 v ID 252 5 2 & TRIERME
ErmbXxei P, £z BULAHEEZ LT 258R LY VU —27 %HE
LT BT, FHFRBRVHGEOERMA D AIREICL TWVWS, ZOFEIF. #ER
ETIUDIEERINCZHRIEDEREME T 22 HEFR L. AICEERZHEE L CHY
RETNICEHEZ2HDTHY, ZEFEBOFHROMEERA EXE 2, &DEHENR
RIS D—DTH 3,

F—2 Y EBEMSILT 2D TR, WSDIZ &K D RE X NTFEREHIe 7
Y7 he LTHER vt RICHE T 2 FESIFEFH I TV S, FEEDHGE
I —H =R E O EM D IR X E 2 8iE, FERGIRIAT 2 EEIER (Lexically
Constrained NMT; LCNMT) & M X, WSS TWVWS, LA L. 1ERD
LONMT TlE, ZFRiED X 5 ICHRBOIGERMOFEET 255, BRI Ok
FEEIEIR TR E D 2 WS BIRMERRE OED B - 72,

Zhang 51X, FHHIZ WSD Z1T > TXMRICHE R 1 DOFREEREL. 2%z
NMT iZ#iA 3 % D-LCNMT 28R L7z [15], 24Uk D, H65E LZFREEDIEL <
HAEHN 2R, 26 NITXEERORERIEIETH % BLEU S COMET X 2 7 3[H]
FUEHELTWS, Tran 5% LLM Z WM EERICB W T, BIERZ21T5
ANC LLM R ZEED WSD EF L2 HWTZEED WSD 2170, FlHldhi1
DDFEHZRE Tury T b LTHAADFEZIRE L, iHMii%EERIC X > T BLEU %
chrF 237 2\ o T HEIER O FEIE A3 A | L 72 & it LT\ 3 [I6],

S DOWFFEIE. NMT S LLM @ NERULENC 16152 2R5E D E BRI D fE 2 B4
5D TIFR L. BBEYE L TWSD Z2HA, sBR%Z 1 DI > T HHEMEIERE 7
MZEST 7 Ta—FDBRENOFNTH S Z & ZE I TWS,

{1

2.2.4 NIINFRRAUVZFZICLZEBHBDRS

B & LT WSD R FRBULH 217 5 FIRISH L. B & X 7 L Mo F 3BT
RRA =Dy N7 = NTRFFHIZES S VF R RA7FEHO7 Tn—F Hig
REINTW3B, HlzIX. Niehues & Cho &, HEWMEIER 2 2 7 & [RIRFIC GhER & 7'
MR DR R DT — X WTHRET V2 EE X85 Z 8T,
ETF M EBIAREHAAL < IVF R R 7R FEREERRE L [17, UL, Z
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DESBNT RA7 B ZETNEEP TR D 2T RO LR D
BHREDANS  ZOFBPHE LV E WS HELD S,

2.3  AIAZTDHHS

AWFFETIE. Nguyen & 2] DBFFLICHEV, FHRTIZ WSD 21T TEREDER
PREL, BR2EEZMEANO =22 LTIRS T TEHEXELLRLY
FB37 T u—FERERET D, L. B TOHEIIN LU CERBICN—27 V%27
F2DTIERL., BESEBIZBVWTHOHEEISGRL DT oS HEE, T4hbbER
AEEEIRIEIRGE D A% I WSD 21TV, SBRBIC N —27 VDT %, ZHUT LD
NMT ¥ A7 LB D WO RZFEZROEZEMO T Z & T, T — 22D N EZ
Wwoo, BEROMREZ A EXxE 3 Z 2 2H S,



F3IEFE IEERF

ARBETIIRBEFEOFMIIOWTIARNRS, 2B, ARFETIEHIEMEIER 2 5t
RET 5

3.1 HE

REFEOMEZ KB IR T, RETEROFIIKRE S TFTIRBIIITS
méo

1. REEEINEBHEHZDEE

FERF LA — RN LT, HEET 74 A2 MY —)L GIZA++[18] ZH
VCHIGEZ A XY M RITS, HEBET7 74 XV b eid, REBOHENHE
SREOEOHFBICHER SN TV A 22X 32 2 27 Th D, FHEFEDOH
D HAE S RO HEEICHER S N AR 2 HEE 3 2 W 2 58, GIZA++DH
TR I D ZARGEEINEIRGE 208 E L. R EIRNERGEFE 2 MR T 5,

2. WSD £7I/LDEE
AGHERBEIRGE IS L, ZAUSHIR S 2 HIESFEOHGEZER L ER L. 78
ROBEKRMEZ N T S ET L (WSD ETIL) %8 T3, WSD ET LD
T —2IE RT LV —RRZBITLHET 74 X2 FOREZHEIC, J{
SREDXIIBIT MR HFEDER (LT 5 BIESEOHEE) 2 HEINIC S
NIRRT

i

3. NMT ETIILOEE
WSD & 7L CHGEERBERGE OFER 2kl L. 35881 b —2 v &Ml
T3, UTFOHITIE NELWV) WS b—2 VOBREHE L., ZDFER
ID(02) # F—27 Y5322 Th—2 &ML TV S,

B, KEBHSIE LW, — KEE 25 IEL W02,

WSD I & » TEERMBIC b — 27 Y 2llliME L7 T Lova — 22l T —
& ¢ L. Transformer[l9] ZX—2X & LCNMT €TV % RT T v F 0 HHHE
EIRAE

ZFNFNDRT v TOFME X2 HFAS %,

7



FRARIEAR B BATE

HFET TA A o

IELVY: “true”, “right”, “accurate”

KERZSTELUY, KER A3 TELW 02, Taro is right.

3.1: BRFIEOME

3.2 GEREEEIREBEREFHZEDIEE

AT ARG BN R GE R S OMERIC OV TN B, 2 OFFE IXFRGEEIRIERE
K LT — ZR—=RATH D, REEERBERGE & 22 2 HEESFE D
FHD YR+ DEMERD, AGEERBERGEHZIZHE R Lra—X250 6 HE)
WS %, HEZ L ILa— & JParaCrawl(v3.0)[20] Z W5, BARRZRF
I 2 LU RS9

1. BysLIE

RTLILT— o2 L CHEENEl 2 L >~ b (GO HEE % I A
T HILH) 2175, HARGETIX MeCab|21) (FERESEMMTREE £ L T UniDic[22)
ZEA). HEE T NLTKR3] 2w 5,

2. HETSAXV
FETHIHEE Y 74 X ¥ b Y —)L GIZA++[18] Z FHWT, B Z T 57285
L a— 2% 6 BEER OISR ZHEE T 5. GIZA++[I8] &, a—,%%
RICBIT 2 HEEOHRAEE ICE D | HEER T O HBHEE SHRROMEE

PRTEERERAPEH T3, a— X 2ROBEONICEBREEN L. LUF
D7 +—~<v MTHET,

J J. E E E E
Wi oy: W1,1 P11, W1,2 Pios -
J J. E E E E
W3 oy: W2,1 P21 W2,2 Paos e



T, Bl 5OEMKIILIROBEY TH %,

W/ 1% i % H o HAEHEE
ol WX W O MBI

WE i FRHEHER W (SRS 5 % H OIEHH
pE A WY S WE ICHIRR & h 5 R

| REBEIREERREE iR

2 TR L7 BEEDOMIGRFRD 5 REEERIERKS & 2 DaRGED U R b &%)l
L. AREESHRIERGERE 2R T 2, EHIRMFRUTOED TH 2,

EREI:I %?RHEH*ED a)kE_EIJ 7|<1q:

o HFIBHE ~ > 20
o BERMBEAHAY 2 8L LD 10 LT

SREBDZERISR M

o FHERMER o > 0.1
o IABERMER YL D% 5 < 0.2

Ple LT, ARGESERBERGER S 2 MR 2R 2N B2 £ B3R Y, KB2
FRTLHE OB ZR L THE D, FEX GREEDEE L o~ {LoUFZ21T-
7eXTH 5, KBBFFGEENERGEDER 2L L T\ b, RERIZEIERAER
23 a AKdifi (0.00232672 > 0.1) TH 2 7= DHIBRENIEREEZR L TE D, Hf
IR RBIERIER © 072208 B DIE (0.317704 — 0.107704 = 0.21 > 0.2) TH %
TDHIRENFERER LTV D,



The infrastructure that the world’s developing countries need  the infrastructure that the world * s develop country need to
to build and the infrastructure that developed countries need to  build and the infrastructure that developed country need to
upgrade will require astronomical amounts of money. upgrade will require astronomical amount of money .

HRDOBITR EESEE T REA T REER Ty i O B & b E 2 EE 3D L AT L S
TU—RTREALTTHEZ DL, WERESITRILF W BTy 7T TV—R 42 XL A T7T7 2 BExH L, LB
TR0 ET, e I RLXEMEHF ISR ET,

3.2: AREREIRIEIREERFEMRIC BT 2 ATLE O B

SO

5
Il

2 proﬁt 0.317704

palpas income 0.235048

) %k interest 0.207055

alpas benefit 0.129335

FHEE retur 0107764
= Fa :)623%6%_
NI TICVYCLILLG .

3.3: ANGEEIREIRGEREEMEIC BT 2EREEDIER| D

EASHNCAR B N7z AREEEIREIREEFFE DR 2 RED IR, K7z, ARERERE
k&G & Z DEREED A Z K BA IR T,

7% 3.1: ARGEEIREIRGEREE OB

FREEIFEIRBERRGERL 10,009
SESL A BRAE S 949.86
SERERREL 3.44

Wik

T4t 2989: forecast 0.283593, expect 0.373676
fE#l1'E 642: unique 0.191506, individuality 0.195296, personality 0.203853
HF]4% 5769: benefit 0.129335, interest 0.207055, income 0.235048, profit 0.317704

3.4: FRGEEINERRAEREE (M)

3.3 WSDEFII

RRFIETIX. FGEBEIRBIREEICH LT WSD 217\, EBREBIC N —27 V20T
LU 21T 5, AREITIE WSD %?zwﬁﬁﬁic:omf‘ﬁ«\%o
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3.3.1 BEXZO WSD EFILDEH

AR RBB R EDFER 2 IRE T 2 72H12, WSD v —L KyWSD[24] w3,
KyWSD (35 ERERF 2 FEROER & LT, FHFEICERID 2155 2 23R
FHRBERMEIE S AT L TH %, THREEMNH KyTea ZRX—2 LTE D, I
HEEZRME L LTHW S SHEEIC X D, TERREMN & AR ICK HEEDER T #
ET 5, fle LT, TZLDADIETES, ] &WH 3TN LT KyWSD T WSD
2TV, BERBIC N — 27 Y M b LR 2 DURIOR T,

ZL DADBIETEH S,
l

%< 5174-0-0-0 @ _0 A _43399-0-0-1 750 JE_31804-0-0-1 T_0 B _7225-0-0-1 5 0, 0
KyWSD TIEXDHFERE HITH, AR—AIHFEOXYI Y 2HK3, /2, 5174-
0-0-0 LW o 7250 B I FNFNDOHGEICN L THESINZERDOID 2 £ T, EFH
D% ) CHOBELHEETAZZILTr—27 vy RERBICHMELLTVWS, &2
B, o] 23 TT) 2wnozBEER 15 2nwoziERR ¥ OEREEICOWTIX
WSD i3 fThwn, IS DHEEICE XNz T0) 2 WD EERE ID IIFERERE IS L
THE5T3XI—DERIDTH 3,

3.3.2 EREBEZFBEHEL IS 3WSDETI

KyWSD I35 K EFEF I EZFERDOER L L TWEH, HEEDBRIZTGZEANDOE
REBHEBARLTWE DI TIERY, Thbb, BHHICBI) 2Rk 2ERNEGE
DR CHFBICHREINE 2 b U, FLFERTHRIOFEHFEICEERE NS Z
352, LizhoT, KyWSD ZFHWEGEREBD b — 27 > OMILIZEREEER
BERRRE DR LT oMEREm FICEBR L 22 WaTREMED & 2,

ZZ T, HESEOIRERIER L 35 WSD 217\, b—27 v &5 3 W 21T
Jo TibbH, FREEEIRBIKGEICN L., ZA0BRINENEHHFERIERE L
THETAWSDETILEFEEL, Zhxd iz b —27 2t s %, AHETIX
Z D WSD ETFLD¥EDFMIZOWTIANS,

AR T — 2 DIBFE

RIVLNALA—RRAZBIIBIHET 74 AV MERDP S, REGEICH L TIEM
DEBREMNG LT -2ty NEMHEET 5, 3. FGEEIREKENSZ 507
YE,HERILLIA—RZADNSZNEEOHAREXERRET 5, RiZ, MRX
N2 HAFE L & T2 o TW B HEEITB VT, aREEEIRBIRE IS § 2 @D
PR GREE) D5 b —D2DANHBE LTV & &, JEEEIREBKEDERI R
EFEDEIRELT, HREBXICZDEBRZIEME LTIUIFT 5, ZOHME
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% ANGESHRIEIRGE B IR D IR T, TRbb, 4 OFRGEEIRBEIRGE M IC EfFDE
DT NIUTENTFAIRT — X2 RS 5,

FEEOFHEZ DR, XHIZFR— DX SR BEEDY 2 [BIDL B S 2 SUIFIRR T — &
PORNT 2, ZOMEZ, XHICEBRONREENFET 256, COHE
B D HEED ¥ DIRFEIIHIE L TV 20 DOX LR E —BICRE S % Z L 23R #E s
72D TH5, ITOHITEZZ L, 1HEHD H2E) L 2%&KHD THIZE) ehz
A “profit” & “income” D EH HIZXIG L TWE 0% HEIFNZHIWT 32 Z 138 L
. BRoiBRZMNG T 2REMDDH 5,

H3C: Mm% B3 D, MR D Eddo 7,

Hi3Z: Profit margins increased, and net income also rose.

WSD DOXREFZEDRTE

WSD EFIVETFRIT 227 7 2 (GERK) PHEBICER L 2729, HEEEICEA D
WSD EFNEEETINENRD D, Lo L, AIZHICET 2 iRGEBRINEIRGERE
TWEB XL Z 10,000 FEDOFRGEEIREBKEL DD, ZOE2TIIXMLTWSD EF L%
T ZORNETH L, 2D, WSD DItGRE § 3 HEERREL TWSD £
TR T 5, BRI, £ 3 MGR SRR REERE L RN 3 2720, %
Z UL a— R 2B B HBIEE 2 200 Kb L < 1 20,000 & b K= WVEREEEIR
BEHEEE R RN T 2, R, AIROFRE THoRBOII T — X SR TE 28
sy BRINCIEFIE T — X D > OB 500 DLE D FRGE SRS GE 2 35855 %,
ZAUT KD, 1725 HiGEZ WSD E 7V E ONR & § 2 RGEERERGE : LT
E LT,

WSD EFILDOEH

ARIFFL T, HALKTHEER - NI TV 2 HARGEFRTYE %A BERT[2H]) %
R—ZAWZWSD ETF NV EMEET S, £/2. WSDETILE LT FD 3 0% 5T
% BETNOME (7—F727F %) ZKBRITRT,

e BERT-pre: Hhi%#% %4 BERT I FCL/B%ENM L. FCLEDAXE L7
E7 N, FCL JBIIHFEMICHE L, HiEMICRRIBR I A 1EE S
bz, HEBICEBEOEREYE X5, BERT D87 X R ITEHHE T,
FCLED R X XRDAEHT 570, FERRNIEEERPE W,

e BERT-ft-shared: ®HEICHBEDHR|EH A BERT ICHFERD FCLEZ
BATL TH¥E L=ET L, BERT-pre 2 1ZE74 D, BERT D87 X Z % WSD
D¥EF—RICE ST I 7 AV Fa—=VPT 3, ZOD¥RICET 21
M EL 25,

12



e BERT-ft-indi: HFEHICHATFEEABERT + FCLEZFE LET L,
BERT €7V & HEEBIZEAR DS DZHE L. WSD D¥ETF—XI2K5 77
AVFa—=r7bIT5, BHEEBICELINADETLVERE TS0, &
BZEICRHE L 7212 R 3 2 Z e SHIFF T & 25, WSD E7 L2k
TELDT A RAVBFRBEDLEL L, FEHEEOEWEWS TXV v b 23H 5,

B
DEE

BERT-pre BERT-ft-shared BERT-ft-indi

X 3.5: 32O WSDETLDT —FFT7F %

3.3.3 unknown 7 7 XDEA

B3AJECitH L 7-FREEZFEFR & 3% WSD Tld, FREEZEIREERRGE N U CTaRGEE
EREREFHEICTENIBRID OVWITNL 2SI NG T2 0ENH T L
L. EEOBERX X 7128 W T, NREDIEMRDFRGEERBEREFEICEEN
%% %@m?hu% ZH LW — R (HEENOER) BHEET S, ZDLS %
=BV, REEEREKREFSNOMFDOFER ID ZEflincft 535zt
. BERET VTR - 2EER OB 525 2 e ki b, BERE T LV EEITEB
574Xk 55,

COMBEZMRIRT 2780, HFIZEENRVEEFRZ KT unknown 7 7 X 2
AT %, & 2IRGEERBEIREE w D3 FFOARGEEINEIRGE R EF CER SN EROE
BE Sy = {51,82,...,8,} €T 5, TZTETDODWSD XA w % S, DI
PICHHETA2HETH 72Dt L, unknown 7 7 R s, ZBIMLUZEEEROES
S =Sy U sy} BERL. wk S, DVWITNHLDT FRIHETERAZ 2 LT
ERET 2, ZHTED, ETADPHZFANDERD. HE52VIIFHENOERI %
XA L TTHIT %,

Unknown 27 7 AZ#EET 2 FiEE LT, 22007 7u—F2RET 5, 1213,
(1)unknown & 7 25 U723l 7 — X Z4EK L. WSD E7/LIZ unknown & W5
ML 7R LTHEEHE ST 557 H 9 1201 (2)unknown & & F 72\ E
HOT =Xty NTETAZEEIE, #HGmFICET LVOMEEN—EDOMEE
A5 72856 % unknown & €T 2 /5TETH 5, AL TIIEEZE 0.65 L EET
%, (1) Dt %=, FGEERNEBIRERFEINDFER 2D Hfil 2 JParaCrawl[20] 2° & 5
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K1000 X7 XA L. icibR7= WSD ofllir—2BMLz7—&+t v b
PYER L. WSD EFILZIIMT 3,
(1) (2) DfIZ LIRS,

o FHKF

DITMIEHEE THIZE) O WSD ET V228 T 2570037 — 2 2RbDT,
RED [ | THENRLHFIFFERIDZERLTED, 7L La—RIZB
L BHERICEDOWTIEOERID K5 6N TWS, T 5NN T
DFRFXFRFEEREHRERFENDER ID TH 2 Z & &, unknown DFRFHIRGE
BEIRERGERFENDERTH L 2 2R T, (1) TIFFERID M5 S hfl
a2z, unknown M5 XN 7=HbrEatrT—&ty EHWTWSD £
FNEERT D, —F (2) TIEFEFE ID M5 X N7z a DA TR NS
FT—Xty FEHWTWSD £E57 1282835,

WSD HfREGE: ik
(1)
a. THUIFHBRIREDOMMICEZ2HDTT, [3]

b, EHRAZEIZEE N 7 BEEDBFHEACICH S TREE(LFICI D, Bk &
DE L7, [unknown]

|

(2)
a. ZHUIFICHIBRIREDOMMICEZ2HDTT, [3]
o HEFRET

DIMIE#E U WSD 7 V2 FIWTHEE THla ) OfERZHET 2i6E%
3, (1) DHEIE. unknown 227 7 X L THER, BROMEMRIRD
EWHDEHIT 2, (2) DHEIE. FEBROHEEMRIRD EWVH DT 0.65
Kii T 585, unknown & 13 %,

WSD MR HEGE: Fla

(1)

NSIEIARERH Y B DX T 2 I12BD B HIRZT TR <, T EH
AFFAIH B A F T, [unknown]

FEFRDOHEEMER {profit: 0.30, income: 0.10, interest: 0.15, benefit: 0.10,
unknown: 0.35}

(2)
£7- 25 OHMTH AL A EAEE S, WRINCHREIZL TS,
[unknown]

FERDOHEEMER {profit: 0.40, income: 0.20, interest: 0.25, benefit: 0.15}

14



3.3.4 uncertain 7 7 XDE A

unknown 27 7 A TIFERGEEIRBREFZNDERTDH 5 Z & 2HEHN X 7203,
EEORR 2 X 71280 TiE, REEEIREREFZENDEBRTH 25872513 TR
. XARIEHRDI D72  BBROFIEDXWEERIGE L. HBOERDIZRUT 25E7%
Y. NREFEOERL 1 DI 2 Z L FEPNELRFEHG H 2, ZOLIRHE
Bl L, I —DoDFERID 2HID Y TH 2 id, BERET TN L T, 4 X
HZBZIhBEEZOLND,

COMEZ RS 272D, ETVDEEEIMENZ & 2K T uncertain 7 7 X%
BAT 5, REEEIRERGE w DFEFRES S, IXT L. uncertain 7 7 & Sypeert 218
MUz 8" = Su U {Suncert} ZEFET %o T T THELRKIEZ, uncertain 27 7 AH3H
N—TF2HFTH 5, ETIANEEER TRV —A 2L, XIRPHFETDH 255
WA, EAEFEICE ENTORVWES (unknown) b & EN 3, KERS, IE
FROFEREZHOBRVET ML, MIEFOYDERIINLTHIEVWHEEEZR>Z
MTERVWDLOLTH S, L7zD-> T, uncertain 7 7 ANIFER DB DR 72 55
¢ unknown 7 7 AZNE LZIL#KZ 7 FRATHDHEF R b,

ABFFETIE, uncertain 7 7 ZDOHERNCITE> T AH e Fay 777 b (Monte
Carlo Dropout; MCD) Z W3, MCD &, #&#FIZ3 Dropout ZHMITT 5 Z
ETETNLVONEBIREBICERNZIEZ R 5.2, ZOMhZEHZEHHT 2 FE
THb, bLANIH L TETAD T B L2 LTB Y. HERIEMIFEET
272013, Z2LOEIRND 2EZTHFHIFERIIZEN LRV, D #H L WE
FERARMDBRIINLTIE, Fay 7y Mo TFHEERIRE XSO
e TRENL, MCD DEMKRLFIILLNO@ED TH 2,

1. [A—®D AJIXIZx LT, Dropout Z#H L 72IKRET N [HOHERRZ1T S0

2. NEOHEFERZEG L. &dZ SRS NFERO BRI C,. ZHH
ERRAR

3. Craz DHME T K CHIUL, ETNVOHBEIMEVE AR L, RN Z
Suncert Z j— ZD0

4. Croe > T THNZE, ZOFERZEECTZ LTI LTHAHT %,

ARIFFLTIE N =10 & L, F—RERD S EILLE (T = 8) FHlaNind - 2856
uncertain & ¥E T %,

3.4 EEREFILOEE

#ERE 711X OpenNMT (28] % W T Transformer €7 /L [I9) ZX— X & L7z
NMT 7283 %, OpenNMT[R6] & i, ALH, 28, #iwme WS NMT
DDA T 74 22 UM T 24 —T Y —2ADY—1F vy I TH 5,
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AMETIE. BEOHENEEEAETALEHWEZ 74 VF 2 —= 0 7 Tldk
(. BETFNWVEBARAZ v F0BHEET 2, A7 7y FEREITO ERBEEIZ. WSD
ETNMZE > THEXNZHEDFERD ID Z#EUNUIE T 272D Th %, FHiF
BEAOFEREF I, — B — S A THRIN-EEOEENEP - T
W3, LL., AP TEAT 5552 ID(unknown 7 7 A% uncertain 7 7 A % &
L) Ik o T LS b =27 id. —BRIZEIERE 7L DFEREICIEE F R0
RSB =00 ThHb, R FPLFEEZITH5Z LT, ZHLHOMA =72
VEBERICED, FIRRETADNENS ZFZMI VLN TES, ZHuckh, #
RETFIFFERID L iRFEONILERZ b —fRH 72 HEE © [k ICH DA AR
LTHE L. XHRISIE U 7 AREEEINEIRGEORRGE R R T2 Z e 3T & 5,
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F4F Rk - M\

AETIHREFEOFHERICOWTIARR S, FHMHEEICHN-F—&Zt v b,
EERRE., EFBHEREER, ¥ —RARAXT 4 25 —PHIZoVTiR 3,

4.1 ZEERETE
411 FT—=42tvhk

FERE 7L %8 L FHiiICIZH % L b a — %R JParaCrawl(v3.0)[20] Z
W5, JParaCrawl 205 7 > & L3 L 72 100 T2l — &2 & LTES,
RETNOFEDPIEFITTE TNV B HERED 72 DRRGEET — & 5000 3, #FHIH D
7 A b7 —& 4000 X B [AFRIZ JParaCrawl 206 7 > & Ak?ﬁﬂﬁjﬁﬂé

WSD &7V D% LMz, MR E 725 1725 FEOFEEERNEIREE 2 5
EHH LT -2ty b2V, ZOT—Xty MIBIAHTHENRLFETH
Y5, £y Lo 27—ty FZ2HET %,

e Standard: FRGEEIREKGEFEENDOERZFF OO ATHREINS T —
XY b,

e Unknown: Standard {21, FREEERBERGEREF I OFER (unknown 7 7
R RO B 2Fo AFZ K 1000 SGEI L7z 7 — &2 € v b,

o012 WSD Jllfl 7 — X OFEHEIRZ R~ 3, RAPD TEEEEREY I REEED

FFOEROBOIETH Y, NEGY > IE X1 HBFED D O @L@mém
T2XDVEETH 5, £ FHEHD T A P F—XIZOWTH, T —&2FEL
JIETHEER L, SHETIIFT — &2 L IZEHE LRV 200X E 7 VR AICHHT 3,

* 4.1: WSD FAllfR 7 — X DifiaHEHR

T—Xtvy b NREGER CPERERE PV Y IR

Standard 1,725 2.58 1,799.62
Unknown 1,725 2.58 2,792.91
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4.1.2

1. BRI B3FE
WSD 7LV Tlk, UTFD 3 FERHKT 5,

BERT-pre: Hi22%5 %A BERT IC FCLEZEM L. FCLJEDA2EE
L7zET N,

BERT-ft-shared: £HEEICHIBDOHFIEH A BERT ICHFEHED FCL
EEEMLTH¥E LTI,

BERT-ft-indi: HEFEHICHA¥E KA BERT + FCLEZ¥HE L-E
VaUZ

HIERE 7 LTIk, AN D 10 FRZ T 5,

Vanilla (Baseline 1): 70 5FXDA[ToRETF A a— X 2H
WTHIBR L 72 NMT €7 b, WSDIFTHORWV, R=Z574 DU ED,

JDIC-all (Baseline 2): ®HFEIIN LT WSD 21T\, EREBOD b —
7RI a— "2 THIBL 72 NMT €71, WSD & KyWSD
TIT9. FEATHHE D) OB, R—XF74 DU ED,

JDIC-amb: FREEZEIREEIREEICN L TDA WSD 21TV, BRI - —
7 BTl a =AW L7 NMT €7 b, WSD & KyWSD
ZRHW3,

TR-pre: REEERBERZEICH LTDA WSD 217\, EREBIZ - —72
YRPIT2a— A FHWTHI L 72 NMT £7 b, WSD DOE 7L,
HHIFEEABERT ICFCLEZENML, FCLEDODAZE L-ET L%
Fuwz,

TR-pre-unk-train: TR-pre ZHEAHFREL L. WSDDZ 7Rt LT
unknown Z3BAIF %, unknown 27 7 A3 X T X FIE T — & (R
E0ZBF % Unknown 7—&Xt v b)) 226 WSD ETLE2EHT 5,

TR-pre-unk: TR-pre Z&ARREL L, WSD D2 5 A ¥ LT unknown
BT %, WSD OHEDEFHEIEN & 212 unknown & HIET 5,

TR-ft-shared: FREEERBERZEICHT L TDA WSD 21TV, FEREIC
F—2 BRI a— R ZAZHWTIHIFE L2 NMT €51, WSD OE
ToUE, EHFEICHE O HERTEE A BERT ICHEEG D FOL B % B
LTCHEEHLEET ARV S,

TR-ft-shared-unk: TR-ft-shared ZEAFZEEL L. WSDD T 7 A &
L T unknown 2813 %, WSD DOHE DIEFEE MEW & =12 unknown
CHIET B,

18



e TR-ft-shared-uncer: TR-ft-shared #FAKEEL L. WSD D7 7 R
& LT uncertain 7 7 X %8BT %, WSD OHIEDEHEEIR VL =
IZ uncertain & HE T 5,

e TR-gold: FREEERBEKEICHN L TDA WSD 217\, FERBIC N —2
G a =R HWTEI L 72 NMT €71, WSD & 100%1E
LT 2 2HENZETLVEH WS, 7 X MXXDOHARGEIIN L,
ZANTHIE T 2 HEXDOHICEEN 2 REDEREM L F =v 7 L, IED

ik (FGE) 21k 5,
LR 10 HoOFEOFHMER A ITE LD B,
* 4.2: LT A2HRET LDF LD

iE#  WSD=E7F01 PRO UNK UNC
Vanilla — —
JDIC-all WEE KyWSD
JDIC-amb S KyWSD v
TR-pre ANGE BERT-pre v
TR-pre-unk-train | Rzg BERT-pre v v
TR-pre-unk FREE BERT-pre v v
TR-ft-shared iREE BERT-ft-shared v
TR-ft-shared-unk | RE& BERT-ft-shared Vv v
TR-ft-shared-uncer | fRgE BERT-ft-shared v/ v
TR-~gold ARGE - v

FEFR) 1X WSD £ 7 L OFERDERDEEE (KyWSD 2R L T2 5
WEREGF) & LWFARGEETH 20 %R T, TPROJ IXERFIE ThbD
HEAGEEIREIRFED A WSD ZATWEERBIC N — 27 Y it 5271
%%, TUNKJ, TUNCJ iZZNn24 unknown 27 7 A, uncertain 27 7
ARBALTVWEZEE2RT,

2. FHMImEAE
WSD 7V DOFHIEIE Y L CIEfEREZ W5,
FERE 7L OFHIIIZLL TR D 2 2 DIEEZ FH W 5,
e BLEU([27]: #EROME % BEEHME S 2 KRN RFEETH 5, S8
(IEfROBHFRST) & =7 LDBIER L2 X D HEE n-gram DEEZH 2 Z &

TRa7x8EH$ 3%, AEETIZ SacreBLEU® ZF\WTBLEU 227
PEHT 5,

https: //github.com/mjpost/sacrebleu
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https://github.com/mjpost/sacrebleu

o SREBEIRIEMR: FJEEEIREIHKGENIE L WIGEICBER ST\ 2 02l
% 7=, MEOFHEEREE W5, RFHETlE, AREEEIREKGETEE I
FREINEENY 77 LY R (BBR) CHET S L %, Z03EHR
Efge AL, BT MK 2HNOHFICZ DRI E TN TV, Z
DFGEEIREIRGEDE L S BRI /- & A4S, REEEIRIEMARIE, 5
ARANTIIIE U IR X N7 ERGEEIRERRFE O EIGTH 205, [EfROHIE
FUEN BRI 2 2 O DFEIE R W 3,

— IEfRZE: =7 LMz, FHICERINTWVWEREBER D11
FEDAZENTED, 2OZDEEVY 77 L Y ADFERE —HL
TG A RIERY T 5, BERE T ADSRD 5 IE L WVEER Y —RICH
ETETCWEEH2I6ETH %,

— EFMR: TTOLOHNIXHI, V77 L ADEEPETHATY
GERIEME 35, ZOE HITCHRICHEEEICDH 5 hDFEE D
FIZEENTVTH, [EROEBRITENTOVIUIEIEM L A2
o HHECAREROBEIGENTVTSH, IELWVEREZED 2I1F
XTIHRTE TV 202 2fEETH 5,

EfR, YEIEME, RIEROBIZLIFICET 2.,

AR SRS TR OEEIZ H V. |

HEICDHZ [Hv OFRGEERM: [“sweet”, “naive”, “lenient”]

IEfE (V7 7L Y R) OEHEE: “lenient”

— BB

E7IVH T “His advice is lenient.”
— HEIEfRO

E7 VI “His advice is lenient and naive.”
— RIEfROH

E5 LH 1. “His advice is sweet.”
F 72, ARGEEIRIEMRICEB T 2N REEE DU O 2 I FE L., &F
%4795,
— Target Words: WSD DX ¥ L7- (WSD 7 VEEE L7z) iR
FEIEIRERREE D A 5 2 GREEIEIR (F R
— All Words: WSD E7 L D¥FEDEEIZO»D ST, £ TDRGE
EIRBERREE IS 2 BREEEIR i
3. YN A—H
BIRRE 7 I EARMNCIE OpenNMT 28] DHENHE - THEE 2D T2, Tl

BRIk b, WSD EFTLIZBWT, BERT 2268 5N 3 IAAD HEEFRD
7R TFHITEZ2EIS2— L2 LT1IEDFCL & 28D FCL % Ll U 7223,
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28D FCL Z AWz 7753 WSD DIEfEZRBE Do 77z, REBRTIZ2ED
FCLERHA L7z Ny FH A4 X ABLRED T X — ZIFHEEROHI &
YEROREWEERB LU TRE L, FOMDT X —RIZOWTIX, —&HN
RETIVFE TR WS TOWAELZERH LTz, 8 87 X X D% DL
TIRT,

e WSD EFI/L
IRy Z:8
Ny FH A X 8 (sentences)
LFECERE: 4
FER: 2e-5
HAREE: 0.01
FCL J&: 2 (768 Kot — ReLU B8%k — 128 Xt)
o FMERETIL
A2 7 v 78 50000 27 v 7 (40 TR v 7 FRE)
VA —LT v TRAT Y T 8000 AT v S
Ny FH A X 4096 (tokens)
LJBCZAE: 8
ILVaA—K—+TaA—X—J&: 6&
FRALEH 4 X: 512
v N 8
R 2.0
Fay 77w 0.1
i b FiE: Adam
FHEBDR Y 2 —1Y ¥ Noam Decay
Z ~OLEER: 0.1

4.2 HRERFRCER

4.2.1 WSD E7 )LD

HIESEOHEZGEFR L L. AU THEICHE Lz WSD 7 L OaHli 217 -
Too RERZRIZICORT, EROMBE, WTho7F—Xty MicBWTH, Hil
HEBEABERT 22D EEHWSET L (BERT-pre) & H, 774 Y Fa—=V
7' % 4T o 72 7V (BERT-ft-shared, BERT-ft-indi) D /5238 W IEMER %R L 7=,
Unknown 7 — &t v MZEBIT 24K %2 A5 . BERT-ft-indi 5 BERT-ft-shared
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%032KA4 > ERA->TWS, UL, BERT-ft-indi D#EZEIE WSD X5 & L
72 1725 HEED BERT £ 7 V2 AN EE T 2 083 H D, WRZREIHEKR R 223
%o Unknown & —&+t v F TOHEIZB W T, BERT-ft-shared ¥ DFEZEIXZF L
FERELRL, FE X MCRAE S RiERMEREM X RiAD v e Hlr L7z
». Standard 7 — Xt v b TOFEEIEML o7z, U EDORKEREREE X, #
REFILDOFHIIZEE Tl BERT-pre £ BERT-ft-shared 2 W3,

7 4.3: WSD & F L0 2ilifs 5

ETIL Standard Unknown
BERT-pre 0.8278 0.6755
BERT-ft-shared  0.8488 0.6951
BERT-ft-indi — 0.6983

4.2.2 EERETILOFHE

FERFEEBROMER 2R I ITRT, Tz, RFGEERERGED L 138 U723REE
HEIRBERFE D A2 MR & U 7GSRI MR - EIER 2 75 7ITR LTz d D%
B0 L EAWRT, B2 DRT DD, EiRGEEREKED LU 1358 L7-iREE
HEIRBIRFED AT MR E UTARGEEIRIEMR DAL R LT T 7 2R A DX A1
LA2IENTIURT, REDE RS L, JDIC-amb S N—2F 4 > ® JDIC-all 1%
Vanilla & ERT, BREEZEIRERRIZIZILAEEDO WS DD, BLEU XZN1 2
N0.7KA VM 09KRA Y P REIoTWS, — /T, REEEIREBKREDORELER
DEFE L7ZWSD EFLEHAVEET L (TR-) IE—E L TRWHERSH TV S,
BE7D WSD » — L KyWSD % Fiu 7= JDIC-all % JDIC-amb O FFRIEREAME N D
&, KyWSD @ WSD D IR MRNATREMEDSE 2 515, KyWSD 23 LB SCIE
FNCIE LW TR S LTV B DI L. AWFZE TR L 72 JParaCrawl [20]
T ENRRDRW R, RV TREPZENTED, KyWSD HIEE
WEEREHETE R bR IN S, £/, KyWSD IXFEELEBROERL L
TW3 D, FHEOERITRICE T 2 RGEEIR OB & EHNCBEEMT &0
TVWRWZ EBFHEE Bbh s,

AL T, WSD 2175 BRI, 553 7 ~NLDIAMZ unknown 2 7 A2 uncertain
7 2 A%EA L, WSD ETIILDHEFNIER S NZFERDMHIDT = VIRt
L&D LD, ZOHDETIMILEBNMODERD 7 7 A% H 7 TR-ft-shared
KD HMHEEDMED o 72 T2, unknown 27 7 AR EHANIHIE a — I E5 L
REETHIMR X € 72 TR-pre-unk-train (FERFEZEIRIEARTIIRE D REEIMED - 7,
Z AU, unknown 7 7 A ¥ uncertain 7 7 ADEADREFRINTIXRWI 2R LT
W3,
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F 44 BBETERSVITR— R T 4 > ORIERE 7L DO

Target Words | All Words

Model BLEU | girict  Semi | Strict Semi
Vanilla 27.9 0.523 0.676 0.522 0.674
JDIC-all 27.0 0.527 0.671 0.522 0.674
JDIC-amb 27.2 0.523 0.670 0.520 0.669
TR-pre 27.9 0.530 0.680 0.524 0.674
TR-pre-unk-train 28.1 0.520  0.668 | 0.520 0.671
TR-pre-unk 28.1 0.527 0.678 0.522 0.674
TR-ft-shared 28.1 0.534 0.686 | 0.531 0.683

TR-ft-shared-unk 27.9 0.526 0.672 0.518  0.667
TR-ft-shared-uncer 27.9 0.531 0.682 0.526  0.679
TR-gold 28.9 0.689 0.860 0.630 0.793

Strict {FFRFEEIRIEMR %2, Semi |FFRGEEIREEIEMR 2K $, Target Words & All Words 1%
Zh, WSD E7 U EENNG e UREEEREKEY . FEOEMIIH 2D 5 T2 TORFEER
BERREE 2 AN REE & L e e R T,

TR-ft-shared 1¥fF/&z d BEWHHEZ /R L TWA A3, Vanilla & FERTKA =2 M6EM
RN o7z, L L., REEEREREICN L, BR2ICIERD X 7 21T 5
17z TR-gold & Vanilla & tbX, BLEU 231 KA ¥ b, WSD E7 V%2 H L7:3
FEIEIREIRGE D AR X R & U 72 3REEEIRNE R 16.6 KA > b (¥931.7%), ¥EIE
FRRD 184 KA ¥ M (F27.2%) M L L. RIEREBEV RSN, TDIZ LI,
FGEEINBEIRGE IR o T WSD 21T\, BRI b —2 Y 2/t Lz L CTHRERE
TFNEHE T VWIRRFEDO 7 0 —FREUTHEI 2 RmBLTWES,
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Accuracy

Accuracy

WSD Accuracy by Model (All Words)

10
I Strict Accuracy

I Semi Accuracy

0793

0.8 4

X 4.1 EFGEEERERGEZ N R & U 72REHERERR - HEERR

WSD Accuracy by Model (Target Words)

10
I Strict Accuracy
I Semi Accuracy

0.860
0.8 q
0.676 0.671 0.670 0.680 0686 0.668 0678 0672 06s2  0.689
0.6 4
0.523 0527 0523 0.530 0.534 0.520 0.527, 0.526 0.531]
0.4+
0.2+

X 4.2: U 7-ARGEEREIREE D A 2 MR & U aREmERIE MR - HEEfRR
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BLEU Score Differences
(Vanilla, TR-ft-shared)

600 -
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400

Count
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VoD ol o AC AT B 0.0 % 0,0, DA 0,600 B QO B 00 A o -]
APl PACAV P> SRV gD DA AR A AN R PPPAPRFRIPEFPAAL PP

BLEU Score Difference Range

4.3: il &£ DLI2 BT b TR-ft-shared & Vanilla ® BLEU 2 2 7 OZ D73 4h

WSD Heatmap

TR-ft-shared
Incorrect Semi-Correct Correct
150
g
£ 4 489 25 170
g 100
1=
-50
£
£ E B
‘E 8 . 30 259 34 -0 a2
2 £ E
&
--50
E -100
L 36 924
5]
—-150

Correct (I 1Efi#. Semi-Correct IX¥EFfE, Fail IR EMEER T, HEIINRE. REFEL. BIEZE
b Lz2RT, QORI M EDOZIE2RT,

4.4: Vanilla & TR-ft-shared D FREEZFEERBERREE XT3 2 AREED IEAHERE R D
PUIINE S



ZKIZ. Vanilla & 18R FE TR D ERED & D2 o 72 TR-ft-shared ZFEHIC LLEG S 5,
X B3 1% TR-ft-shared ¥ Vanilla X Z ¥ ® BLEU 227 DZED SR L= D
TH 5, 7213 TR-ft-shared ® BLEU 22 7 %5 Vanilla® BLEU 2a 7 Z5|\WTH
HLTW3, #Efild BLEU 2a7D#EZARAL VP ZRXKY-725DTH D, it
NI AHEEICZY T A2 XOMTH %, HEDOHEIFIX Vanilla & bR T TR-ft-shared
DN BLEU Xa72&E <. REDOHBITMEWI 2R LTWVWE, ZORD» 5,
TR-ft-shared %3 Vanilla ¥ FbXT, BLEUDS 02025 8 KA >~ bk L 7= XHFE U <
0~8 KAV MEALEXIDZLL HE I RENTVWS, —H T, FHllED
BLEU O ZIZOWTIE, EAMCEMLZXDTNZ W e R TE S, Ly
L. M7 BLEU O, B bhnwz e s, BRFREEWERLI VL. B
FENCERGEEIRDIR D 2 WE T 2 LE L -FETHE L E R 5,

X 2 38 DFRGEEIRBEIREEORERAE R 2 TIEfE ) (1IE L WERGEIC—RICHIER X
NG E). HEIERR ) (IE UWAREEICHEIER X 7z 23t o EREEMRR & R X 255,
IARIERE) (IELWERGEICEIER SN TRWIES) D 3 DI Lz & 2D Vanilla &
TR-ft-shared DXJEERTH 5, F/z. & DFEMATIGRZ (8RN ORI B3 ITRT,
TR-ft-shared X 1Ef#E L 7253 Vanilla &R IEfE?Z - 72X A3 170 . TR-ft-shared 137
1Ef#72 5 722 Vanilla X IEfE U720 144 85 b, R Y LT TR-ft-shared DF5
DIEED XD 26 FZ N2 e 3bh %, —J5 T, Vanilla TIZHEIEM, TR-ft-shared
TIXIEMRD X DD, TR-ft-shared TIFHEEE, Vanilla TIXIEAED X DEE 2 1
TEI>TW3, %7, Vanilla TIZFIEM, TR-ft-shared TIZHEIEMED X DE D,
TR-ft-shared T AIEM, Vanilla TIXEEROXOEZE 5 A > TW3, 2K
FIEIZ Vanilla & EEART, BIEEOSUID IR ODIERDO YN ZE L H5 Z e REN
TEDY, ~RIGESEEMETI2OICHELEFELLEEZ 5,

4.3 EHERGI

AEITIE, EBROBEREIZ MR e L@t athi 2175 2 8T BRFEVE
RENC & D & S ICAHRFHERBIAGE DR L 0 1 Z22E L, 28D & 5 2ifkiE
DHBDHE XDRSEET 5, BRI EES R oNTHhZz 0 5 —
ARART 4 &, Y DFEREZINT L7 =0 ZiT 9,

4.31 T—RRET~4

N—2ZF A ¥ (Vanilla) TIZIE UWIRGEICEIER T 27200 o 7253, 1REFiE (TRft-
shared) TIZBIER T Z 72l % 3 0F1F 5, LINDHITIE, Ref IZBMERZ KT,

1. NFREAGE: HUG|
IEfEDFREE: trading
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HX: @k 3 i T, WEE R X N 72 &E o Bl & 3. #9E 400
EHE‘/C?O

Ref: Over the past three years , the highest trading volume achieved in last

year , estimated four million shares .

Vanilla: The best deal reached last year in the past three years is an esti-
mated 4 million shares . [BLEU:20.4]

TR-ft-shared: In the past three years , the highest trading volume achieved
last year is an estimated 4 million shares . [BLEU:56.8]

B

Vanilla Tl “deal”, TR-ft-shared Tl “trading” & FIERENL TV 2, ¥5 5
b THG) OFGEE L T—HI7E25, “deal” IMEANHOZEHPL LY AR LD
R CEDN 2 HFETH D, Vanilla OBERICGE . T—EOEEG [T 400 Ttk %
oLl EWVWH=a7 Y RIZKE, 22Tk FHOBEZRT THEIE
(trading volume) ] &5 HFIHFRICIRT DABIEL W, “trading” D3 Y]
Thd, ZOLSIC, BEFEIERM N XA VRADanr—v a vy 2E&
L. EMHEZIELLHETE TV

. RPRHEGE: <
IEfRDEREE: soon

H3: #KH BR &2 3 L AW i 2 thids &0 RSBV O XD
H AIE DA 20 HE S 23 9< 12625

Ref: The train leaves the city from Akita Station and the landscape soon
opens up into the countryside , where rice paddies outnumber houses and
buildings .

Vanilla: When you leave Akita station and exit the city , you will see a rural

landscape with more rice paddies than the number of houses and buildings

. [BLEU:12.8]

TR-ft-shared: When you leave Akita Station and exit the city , you will
soon see a countryside with more rice fields than the number of houses and
buildings . [BLEU:15.0]

EE ZOFEHITIE, “soon” 3D BB WDLIZIIENE LTHDH, ZOfth
@$E WBIRTRLTH D, ZHUI BREBIC =27 Y 2XHlT 22 RFiE
DIERR 72 HEE 2 W UNCRIER 3 2 721 T <L BRIRT 2P < 2 I FRINT
HBZEHRLTWS, Thbb, BREBIZXFIENL =27 Y2 /RET
]I/Z’)ligﬁf@mh‘ﬁp C\i LTWUE&L ﬁ%%t Lfgﬂggﬁ)ﬂjjjéh’%)?< ALS)
TWsEEZEZHN 5%,
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3. NTREGE: 1L
IEfEDFREE: recovery
HX: # 725 TNPOBA F—2a 3K LEJ E. ZO2HA KK

Mg O0Fbh) B no=2 b ) bRy, EBEH O 20, 2
LT EA LMK D iz, G2 & T FL Ko

Ref: Two months after the earthquake , we launched the Fukushima Sun-
flower Project and have worked to bring recovery to Fukushima .

Vanilla: We , the NPO team Fukushima , launched the Fukushima Sunflower
Parent Project two months later , and continued activities for reconstruc-
tion and [unk| measures . [BLEU:10.8]

TR-ft-shared: Two months later , we launched the Fukushima Sunflower
Parent Project and have continued our activities for recovery and mitigation
. [BLEU:32.3]

ZE.

Vanilla Tl “reconstruction”, TR-ft-shared Tl “recovery” & FERE LT
%, €653 MEH | OFRFEE L TIPS, “reconstruction” FEYIS
AT IREDBERE VI LIRBREKREVTHES 222 L, “recovery” 1%
FEFEERHEFRDEE & v o 74 R - AR 72 [EHE & v 5 ERE W TE S
TEeDZV, ZO—XTIRFHARD FEV INPOEAN ® TEHE, THL
TR Lo 7 HEED HREMI R ERE LT MEE) v Rt 3
728, “recovery” DY TH 5, ZDEIIWC=a7 ¥ RAZwiAMNE DHHL
WX THIREFRIGEYZEFEEZ I TETW S,

4.3.2 IS—9H
N—2ZF A ¥ (Vanilla) TIXIE UWERGEICRIER T 2 7223, $#25FE (TR-ft-shared)
TIEBER T E R o % 3 0%F 5,
1. NREGE: iz
IEfEDEREE: intoxication
Hz: W it &E) 13 R o 3E 2 X2 PE 0 JEIR T,

Ref: Vomit urge is a symptom of intoxication due to the development of
the fetus . [BLEU:74.0]

Vanilla: [unk] impulse is a symptom of intoxication due to the development
of the fetus .
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TR-ft-shared: The vomit urge is a symptom of poisoning due to the devel-
opment of the fetus . [BLEU:67.4]

=1

Vanilla Tl “intoxication”, TR-ft-shared Ti& “poisoning” & FHERZ LT W
5, ¥65568 i OfRGEL L T—RINZ2, “poisoning” IFBHELH
YIBER Y., Ao DEEWHICL > TIERIIhs [HE oz %
fE L. “intoxication” {ZEMRN TSR EDKEIZ L > TSk Z
s THE] b EKREGVTHEbONS, 22Tl TREDORE) 1TX
523HDeEIPNTVWS =0, “intoxication” LI TH %, FlIfT — X TlE
“intoxication” Z &L IX 76 X L2272 <, “poisoning” DF53 LR \W\WTz8,
%95F§§§T@ % “poisoning” ZFER L1z & %K N5, ZDOEIWIELWVIR

FEDBIUTEEETR R X A VAR ELHGERICB W TR, HEORMYED S
ZeZERLTWVD,

. NRBAGE: 2T
1EfRDEREE: deformation

H3: Zhid. Z et X i b3 2 B Lr BE L kv &
» TT,

Ref: This is because only a small amount of deformation occurs during the

nitriding process .

Vanilla: This is because only a slight deformation occurs during the junk;,
process . [BLEU:44.8]

TR-ft-shared: This is because only a slight variant occurs during the junk;
process . [BLEU:36.2]

B

Vanilla Tl& “deformation”. TR-ft-shared TlZ “variant” & FHRRZX N TV 3

EE568 ZF) OFGEL LTI, “varlant” 13V 7 F Y =7 DN—
Va YN ERE R RTINS TR © TERK) v EKREG
WTHDLNS Z 2 0ZE L, “deformation” IZPHEI 2 JTRBUT X - TYIHRD
FEIRDZED 2 A 2 [HB) o tBEREWTHbNS, T ZTld.

Z2{7mnt 2] 2V MERESEE T OHMHEIHATW S 720,

“deformation” 23] TH %, Vanilla & TR-ft-shared DFHERIT Z D T4
1 ICY 2 HEDA LPEVLRVL, ZLT, 563 [Eh) tnwHHE
REOBERTETVWRWZ S, ETABMEEZED RX AL VDX THD Z
EETHICEBETICHR L EZON S, LAAL, T ZTEREZDIZ,
“variant” O DMBEEIEWVDIZH D 53, Vanilla 1E “deformation” %
FEIR L 72— T, TR-ft-shared 13 TEJF| OFERZIELHHTZTVWD
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WH b 6T, “variant” ZEIR L2 TH 5, BHEFLETIE. ZOFERZ
RECRE-TELT., SEROFETH 5,

O REGEE: RS

IEfRDEREE: exceed

H3: BEFE & 2 RA BT T, #ik 2 il 2 8lh& $2 29 12
52 axbid, o X5 #&GE . WF Pt 2 EBl% © TL &
PRV

Ref: When does the cost of creating new value for current and targeted
customers exceed the expected benefits ?

Vanilla: In what cases will the cost of creating new value for existing and
prospective customers exceed expectations 7 [BLEU:38.1]

TR-ft-shared: In what cases are the costs required to create new value for
existing and prospective clients 7 [BLEU:9.5]

ZE

Vanilla Tl “exceed” & EYNTERFR X T W 523, TR-ft-shared TRk IF
DFEL TV, RETFIEDPWSD ZEA L, HEEZEREBED N — 7 VITH
UNCEHL . REEEREIRGEICEE T 2 (2 BN E 7 MCEYNC AT T /2
CLTH, HDEIEEORKITIZS Z N TEZIIEZIOLNED, ELRI
Fic 22 ETERVEWVWI ZEERLTWS,
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EHE HbHDOIC

5.1 ZEAFHEXDFEH

AWFFETLE, AREEEIRIEIRGE 2 0 SUCEEREIRERE 21TV, BRI =2 ¥
T THOOERRET VRS T2 2T, BIRE S AL FE 2 Y72 3REE R/
RTBEENZ A LS FEERRE L, 3. NI L a— %R L THEET
TARXY MEEML., EFRBICHESFED RO HGEICEIER X0 2 iREEEINEKEE
ZIEE LTzo KT, AREEERBERREEICN 3 2 WSD BT VR MR L7z, ARGEEIRE
REEGEZBICBIT ARERERE L. NTLALI—RARXBIBZHETSA X b
DIGRP SIERDGERD 7 NN ENT —XEy b EHEEL, BERT 2 X—
R L7320 WSDETNLEFE L7, X512, unknown 27 7 & ¥ uncertain 7
I RAZEA L, FEEERERGEFEN ORI TZX 2 X5 BT RZ1To 7 &
BIT, T L a—RRZBITBEFIEOUIH L, L WSD E7 L2 HW
THGEEINEREOEREHC L, BROID %2 b —27 V55 % Z L TiEERE
W h—=27 %50, ZOUMBEIT-7237 LoLa— 82 5 Transformer 12 & D #H
RETNVEEE LT,

FEROFER, BEFREER I > T =27 V2R R0OR—2F 4 OFIER
ETFNEHART, BLEU Za7T02HKA > b, FREEEIREMERTH LIRSV D
M ERRE SNz, Tz, REEEIREIKGEDGEFRZ IE L S HEE T 2 AN 28R €
7UE, BLEU Z2 7T 1 KR4 ¥ b, FRGEEERIERETH 16.6 K4 > b OKIER
MR SN, BEFIEOBIENBRAENEP RSNz —J7 T MEREM L2 HfF
L CEA L7z unknown 7 7 A8 X f uncertain 27 7 A&, 222 > THEEER T 24
KR o7z F—ARXRT 4 BIUOZ T =02 X 2 EHERFHGTIX. 188
FIEIZ X o TR AL VHIEEZ ML 78R, SR ol i =27 > X
DFERDFIREIC R 5 Z e R LTze ZD— T, @ER KX A VHEEA DG
. WY WSD Z 705 XN TWBIZdhhb o TIRMEEDEFENERT 3
HRDOBHNSHROME L L TR I,

5.2 SEDRE
SHROFEE LTUTRD 3 52T 5,
1. WSD EFI)LDORER L
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FEEFAERIC I D, [ELWVEER X 7 DT 5 X 17z TR-gold I3 KME 22 PEREA] L3
Ao, BEFEOT u—F 0oL MR I N, Lo T, WSD
ETLOMREREICA LEXE S Z e EERET AV OMREER M LX B 572D
JEEE LTEETH S, —77 T unknown 7 7 XX uncertain 7 7 A DEA
SRR I NI R E DT 2 Z e TERD 0Tz, SRIT. TNHDTFTRAD
ERPHEEEZ RET Z & T, FANCER S NZFER GREE) UM HEIER
ENDZ T —RIZIELL MBS 208D H %,

. REBEIRBIREESHEDOWE

ARG T - 7= FREE R IR R E R E13 GIZA++D 11 E D  BiGEHNI O
TIAAYMRRHEL LTW3, LA L. GIZA+HIZHFED 14t 1 O hsEE
REHTE T 2720, EROBET—ODEWRE K THGENDMIEHA+5T
b5, BIZIX, BIEDFGEEIRBRGEFE X, HO< ) 2WVWIHFBIX LT,
“base” & “on” MENZFNHIDIRGEFERM L L TEERSINLT WS, ZD7=H, &K
KD ER CHERRFETIXR WHEE AREEERBEIRGE L TERIh TV D,
FREEEIN MR TORYIRFHES TETWARLr-720 T 5, LEA>T, &
BRIFBGER 7 L — BN TOMEEBREER Lz, LD ERN»OERER
HEDHEELNETH 5,

3. EEE - fth F XA DALk

AW T HEBIER COREBRE T o 7205, B2 5557 (. Hrb, B,
HPE) . WM TORER (EH) B 2MEENPDETH 5, T2 EWD
FricBnwT, BESCHERE Vo EEREMAEREZET 2 M XA »Tld, #
)72 ARGEEIR S N WERIDHER X Tz, BEIREE DRRERSE KR 8% N
T INSDNFICBVWTHRESLVOEAZED 27-0121F, XA~
FHba — 2R Z W B X A4 VIS ZITWV, FEEDTHTICE ) 218EFE0F
SR REES 2 BN D 5,
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