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Abstract

In general, a word is polysemous, i.e., has two or more senses. It is important to
handle polysemous words appropriately to understand human language by a ma-
chine. Word Sense Disambiguation (WSD) is a well-known problem on polysemy
of words. It is a task to select one appropriate sense of a word in a context from
a predefined set of senses. WSD has been studied for many years in the field of
natural language processing. Recent trends in WSD apply supervised learning of
classification models based on neural networks using word sense tagged sentences
as training data. However, most of the conventional WSD researches suppose that
word senses in test data are always known, that is, appear in the training data.
However, senses of words are changed and new senses are generated day by day.
Therefore, it is required to judge whether the target word has an unknown sense
that does not appear in training data (new sense), rather than simply selecting the
appropriate sense from a predefined set of senses. It is also important to provide
some useful information about a new sense to help human to understand it. For
example, a superordinate sense of a new sense can be helpful to grasp a general
meaning of the new sense.

The goal of this study is to learn box embeddings of word senses. The box
embedding of a sense is an abstract meaning of a sense represented by a region in
a vector space. Unlike previous WSD researches that represent a sense as a single
vector, a box embedding can represent how broad or narrow a concept of a sense
is. Box embeddings enable us to determine whether a word in a given context has
a new sense and to predict a superordinate sense of a new sense. In this thesis,
we extend an existing WSD method, MetricWSD, to learn box embeddings of
senses. In addition, we propose two policies to create a small dataset used for
computation of loss in training of the model of box embeddings. Our proposed
method is applied to three tasks: WSD, new sense classification, and superordinate
sense prediction of a new sense, then the performance of the proposed method is
empirically compared with conventional methods that represent a sense as a single
vector.

Box embedding is formulated as a pair of vectors: one represents the center of
the box and the other represents the size of the box. Our proposed model produces
a box embedding for each word in a sentence that represents the meaning of the
word in that context. We call it “contextual box embedding” of an instance of a
sense (a sense appeared in a particular sentence). The box embedding of a sense
is obtained by averaging the contextual box embeddings of instances of the sense.

In MetricWSD, Bidirectional Encoder Representations from Transformers (BERT)
was used as a model to obtain the contextual embedding of the target word. In
this research, a fully connected layer (FCL) is attached to the final layer of BERT



to obtain the contextual box embedding of the target word. The input of the FCL
is an embedding of the target word in the final layer of BERT, and the output
is a vector representing the contextual box embedding. The half dimensions of
the output vector represent the center of the box embedding, and another half
represent the size of the box embedding.

The loss function for training the model is computed by considering the overlap
of box embeddings of two senses. Intuitively, the loss function is designed so that
the overlap of box embeddings of a sense and its superordinate sense becomes
greater, and less otherwise. A dataset to be used for calculation of the loss, called
episode, is prepared for each sense. In each episode, the model is trained by the
following procedures. (1) Select N¢ senses from all senses appearing in the training
data. (2) For each sense, randomly select Ng sense instances (sentences includ-
ing the sense) as the support set. (3) For each sense, randomly select Ng sense
instances, which are not chosen in the support set, as the query set. (4) Obtain
a prototype representation of each sense by averaging contextual box embeddings
of the instances in the support set. (5) Calculate the loss based on the output
of the model (contextual box embeddings) for the query set and the prototype
representations. (6) Update the model parameters to minimize the loss.

In the above step (1), we propose two policies to select N word senses. The first
policy is S,.. The target sense and its superordinate senses are selected first, then
the rest is selected randomly. The second policy is S,,. The target sense, its su-
perordinate senses, its subordinate senses, and sibling senses are chosen first, then
the rest is selected randomly. The policy S,, emphasizes that the box embedding
of a sense does not overlap with that of its subordinate and sibling senses.

In the experiment to evaluate the proposed methods, our methods are applied
to three tasks: WSD, new sense classification, and superordinate sense prediction
of a new sense. To evaluate the ability of the model to learn box embeddings
of different number of senses, three datasets with different sizes are prepared:
Diiving thingn.015 Dartifactn.01, a1d Dentityn.01- living_thing.n.01, artifact.n.01, and en-
tity.n.01 are senses in WordNet (called synset), and each dataset contains sentences
of subordinate senses of one of the three root senses. Deptityn.01 consists of senses
of all nouns, while Diiving thing.n.01 and Dartitact.n.01 consist of subsets of nouns. Two
baselines are prepared: BERT-NN , which based on a pre-trained BERT, and
MetricWSD.

As for the WSD task, the proposed methods outperformed the baselines for
small datasets (Diiving thingn.01 a1 Dartifact.n.01). However, for the dataset consist-
ing of many senses of all nouns (Deytity.n.01), the proposed methods performed
worse than the baselines. It indicates that the box embeddings of senses trained
by the proposed model are not always good when the box embeddings of too



many senses are trained simultaneously. As for the new sense classification task,
the proposed methods outperformed the baselines on the dataset consisting of
many senses of all nouns, which is inconsistent with the results of WSD. As for
the task of superordinate sense prediction of a new sense, the proposed method
outperformed the baseline in all three datasets. The parameter used for choosing
candidates of superordinate senses was set to 0.5, 0.7, or 0.9, and it was found
that the best thresholds were different for three datasets and two policies (.S, and
Sy). To sum, the box embeddings of the senses learned by the proposed method
was better representation than an ordinary single vectors for several sense-related
tasks in some conditions. Especially, the box embeddings has ability to represent

hypernym-hyponym relation of senses appropriately.
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HEEDSHEBOEK GER) 2FO 2 e ZHEEOZR M v S . B Ao FEE
MRS 2 FCHEEOZF|MELEYNCE DS Z L IFEERMETH 5. HEDZ
MBS 2 REA L AIFEICFEFRBEIRMEMAH (Word Sense Disambiguation; WSD)
MdHbH. WSD kX, D2 RICBI2HEOEKE LTHEHYILRDDE, HOHT
DEBRINTEROEGOFNS 1 OEINZX A7 THS. WSDIX, HASIENWHE
TEICBOWTEEICDOEZ DR INTE . JEED WSD D5, IEDFERD
MHEXNT-RHAREEZIT—X2 LT, —=2—F91%v hY—2IZXDFEBERD
DEETNVEHRED D FE T2 e DBERTH L. 12720, KD WSD OIFFLD
FeAYE, T —2ICHRT 28EROFLST AT —RIZBT S HIEDGE
BREFRTZ2ZE2HELTCWS. LIL, ERIEIHAZLL, HILVERDE
FhTW5., 2D, BIZhorUDERINLERESOTI YT 55E
REIZRDTIE R L, MREGEIII T — X ICTHB LR WRADFER (FRBk) T
HEDOMEHETZZ eI ROLNE. XBHIT, HEFRIC L, AMOBEEE B
F2E5RMAL2DFRL) ZIRTZ I bEELRFETH 2. HIZIX, Fik
FO MR EIRRT 22T, ANEDXZOHERZEORKELLREREFET 2D
PHIBZEMNTES.

AR, EROEHEDAAZFET 22BN T 5. EHEOFEDIAAL
X, N7 FVZEBICBIT 2B X > TRINIEROMREHTH 3. EEREM
HOHAATRIHTZ LT, BBREHE—DNRY ML TREREL TWHERD WSD @
WP 3B, SBROMEN R REXRRETE 2. 2tk b, 2 RICE
BHEEDHRER TH 2D HE LD, HREROEED LBER (LAFER) &
WET2ZeuEEr 725, KX TlE, MFED WSD DFETH % MetricWSD
ZEEROFMDIAAZFEE TS5 K 5HRT 5. 2612, ETVOEEZEIAT S
TDIZHWE/NEWT =&ty FRERT 2 28D OfEZIRERT 5. BEFIE
% WSD, #EBEZROHIE, FEEEO MFEROMED 3 DD XX ZITHH L, BR
BH—DNRT MLVTRBT 20ERTFE RIS 5.

FEDIAAZE, FHOHFDLEHADEIEZRI NI PLOME» SIS, KiF
RTCHETHET ML, ANXOEHFBIINL, ZOHEBEOXHIZEIF 2EK®KE
RITFHHEDAAZHIIT 2. T, 2he RFEDIAA ] L FER. FEFROHH
DIAAIL, FRBRMTE XN HEBEOXRFEDIAADFEIC I ELNS.
HOIABDIFEE X, FHOFHLEHIDOEIZRTRT LD ENZIUTDOWTF
BRI VNVERTETE I TRDOLNI2FEHDIAATH 5.

MetricWSD T, NRHEFED XREDIAAZES 720 DET /L& LT Bidirec-
tional Encoder Representations from Transformers (BERT) % W\ Tz, AR5
T, NREGEOYIRFEHEDIAAZIG S 7251, BERT OREKEDORICEEE
ZORTFIETAVEHVWS. ZOED AL BERT OXNREFEDRMKFDORT T
NEFHTHY, HNIRFEEDIAATH 5. EEEEOHTEEICHEIL, Z
NZNHOFDLELDORIEZRI AR ML T 5.



FEROFHMDIAALEH T 2TV EYE T 570 DEKBEEIT 2 ODFERD
FHDIAADER YD SHFHET S, ERINICIE, HIEROHEEDAALZ, B
H LI ENBEZOBEOHEDIAALER S X512, 2 IZER LW
koW EEEhE. BREHETZ22D07 Xty b (ZE¥Y—F) 2KERT
CICHEL, £ Y — FTCEMUTOFIETEF A ZFEET 5. (1)dl7T—&IZ
MRS 2EBROEEGOH NS N HOFERZIEIRT 5. (2) ZAZNDFEFRICOV
T, ZOBROAHE 7> X 22 Ng EEIRL, P R— by b2T5. (3) 1R
BBRIZOVWT, ¥ R—bEy MZEENTORVHABIOHF S T > & LI Ny i
DHFIEERL, 72Uty b33, QI R—-— bty MTHT2ETLDOHS
Do, HFERO TR b &AL TREAZHES. )72V ky MIWTEET L
O 7a b &4 TRBZFRIIBREFET 5. (6)BRE2R/MET S L5I1CE
FTIDNRT A —REEHT 3.

FEEDOFIE (1) 128 WT, N HOFEREZERT 2 2 00HIEZIRET 5. Bl
S, T, EITNRERL 2O LAFERTES, BOZ 7 VX LIGER. HKIK S, T
X, MRFEEFRE 2O LAEERICTMA T MIGERE WBBERICH 25ER T ES, £
DERFED DFERE 7 ¥ X LITER. HEE S, TlX, B 2ERDOFMDIAAD, K
TFERRL ABERICH 2RO DIAA L ER LW L REHA LTV,

REFELT WSD, FrEROHE, FERD LEROMED 3 DDRX RV
WAL, ZOBEERIMET 3. EBRICHWATFT—&Zty b LT, HllDAAR
HETIBEOBICEZ2EVERET 272012, MEFO WSD DT —X+t v +
5 Diiying_thingn.015 Dartifactn.01, Dentityno1 & W\ 3 DD T —X+t v b ZAERS 5.
living_thing.n.01, artifact.n.01, entity.n.01 {& WordNet (251} 55K (synset) T
HhH, FETF—Xty MIZNSDsynset & D FMLOBEEE b OHBI» SR XS,
Dentityn.01 (FHFAEETD D, Diiying thingn01 & Dartitact.n.01 (EHFADY 7Ly b TH
5. N=X74 2 LT, HFiFEEAD BERT TH % BERT-NN & MetricWSD
D2o%FHET 5. MetricWSD 1Z, R—ZXEF /N2 L TBERT ZHWTWA 729,
BERT-NN %2774 v Fa—=r 2 LEFEEWZS.

WSD DHEERTIE, =D ORI T — Xty MTHBLT 23BROEHD
BWT =Xty b (Dliving,thing.n.m & Dartifact.n.()l) “C“&i, REFEEIR—Z 74 v %
EElo7. L L, ZFekr RS NGEROBDZ VT =Xt Y M (Detityn.o1)
T, IBBTFIEREIR—2AF74 &2 REo72. 2L, BEROBDIEZLI DL, EH
DFEDIAADDT L HBEYNTHEE NN LB RET 23D TH 7. Hik
FOHEDFEERTIZ, WSD DFER L ITEL D, HAFL2RD SRS NGEZRDEDN
ZWTF =Xty T, MEFERERN—ZAF7A V& EAlo7-. RO ENGER
HeE DEB T, BEFERLERMNCR—25 4 % kAl o7, EAEEOBH
PR IALERICH W B EEX 0.5, 0.7, 0.9 DWITNhLRELRD, T—Xty
M RHIZIC X > TIHREDORERENE SN 2BEOREIZERZ Z e BbhroTz. M
LR S, IRBEFIRIC L > THEEINEROFHEDIAAL, EERSFICE -
TIEHE—DRY MLV TREINTZEBEROMDAARRIDDIERTNL Z, %
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F1E [FL®HIC

AFETIE, AMEOHREHNZERZ. LIHTHR, 128 CHNZANS.
BRI, 1.3 B TAG L ORE BN 2.

1.1 B=

ANEOSIERERTH 2. 2L DHEEX, ZOHENHAT 3 XRIC X b EEK
DEK GEFE) b0, fle LT, UTFTD20o0DXEER 5.

X 1 I can hear bass sounds.
X 2 They like grilled bass.

2 ODIZHNS bass £ W I HEEIX, 1T MEEKEOE, X2TE Mao—
) L ZNZPNEZIZBERTHOLATWS, ZDXIIZ, 1 DOHENEROE
EDOMEE 2] M) v, RS ABOSELERET 2 FTREREEY
o TWb., HEEDZFJMITHE T 2 R RIFFUICFEREREME (Word Sense
Disambiguation; WSD) 3% %. WSD k1%, &2 XARIZHBIF 2 HEOEKE LT
Wb D%, HOPUDERINIBROESDOHND 1 DFERRXRRAITH S
29]. I DBIDEE, bass DERD FEFRDOHN S, X 1ITHBIT 5 bass DE
Ry LT MEREREDOE), X218 2% bass DEME LT A0 2E&XZ
L HEE 5. WSDIX, [EEMER, G, HMEERZ o e LTfT
b T\ [36, 16, 9.

WSD 1 HAS B FICB W TREICHD DIFEX T E /2. TFED WSD
DR, EMORBRMMI G INTRHBIEGZIIT -2 LT, =a—1xy
MY =2 ICEDRBRODVEETNEZHAMBD D FE T2 BERTH 5. 72751,
PERD WSD DFEDIZ L A X, AT — X ICHIAT 25EROF LT A T —
RICBIPHEBOERELBIRTZ 2 HELTWVWS. LiL, ERIHLZEL
L, FILWVERDEFTN TS, 2D, BIZHOLUDERINI-ERES
DHFP LM T IEBREEIDTIEI R L, NREGEIIBT — X ICHBE LR WA
HDFEFR (FiER) THE2O2ZHET A e RDOLNDE. T HIT, FEERIC
MU, NEOHEBEEIT2 XS RMOEIrDTRL) ZIIRT 22 EELRE
THhs. HIZIE, FERo LU ziRrns2 28T, AMBZOFEROKE
PREREHEBETZ20EMIZ e NTES.

1



1.2 HHB

AR, EROFEDAAEZYE T2 HNE T3, EROFEHDIAA
LIE, N7 FVZERNICBIT AHEBIC X o TREINZEEOMRIRTH 2. ERE
FEHDIAATRIAT 52 Z T, @BREZE—ODORT MUTREL TWHERD WSD
DL IR D, BROMENEREIERETES. 2HUT&D, 5k
B ZHEIHERTHL2O00ZHE LD, FREROEZD LAV (B
B EMEET A AREE RS, K 1.1 ORITIE, z DFEDIAAD cat
dog DFEHDIAA L EHR LRV DIZINS LIZRRIERTHLenbhD,
animal OFEHEHDAAIICTHEZINT WS Z 2025 FEERIX animal TH 5 Z & e
ETZD. 2D XS, BROFHHDIAAX, TF X FANOHRERD HEM =,
WordNet[26] 7% ¥ OBEREEE O HEHLRISHTZ 5.

RFHX T, BEFED WSD OFIETH % MetricWSD[10] % FERDFHH DA A%
HET B LIRS 5. X511, ETNVDEREHET 2-DICHWA/NIWT —
Rty NEERT % 218D OAERIRET 5. BEFiE%E WSD, #HiEROfIE,
HREE D LNGEROMEED 3 ODX AV ICHEA L, EREBE—DXT MLTERE
T APERFIR L RIS 5.

living_thing
cat animal
dog
Wi
flower
tree
plant
living_thing cat dog o flower tree

X 1.1: FEROFMHDIAAIZ & 5 _ENFERDHEE

1.3 FERX DI

RELOMEBIILLTO@ED TH 3. 5 2ETIE, RIFFLICEET 3ROV
TibR%. Fh2, ZNOAMEELERZ Z 212X D, KIFFEOREERT. B
3ETIX, AMFEDRBRFELZIRT 2. T IHHEDIAADERHZHH 2 B,
RICFEROFHDIAAZFBE LD ZNEICH X A7 ICEHA T2 HIEEZIRE T 5.
BAFETIE, FHEEBRICOWTHAT 2. ZRICHWS T —&ty P E2BRR, W

2



L OMDRRAYTEBREITV, TORBREERTSZ. BHETIX, KFEOFL
Y SHROBEE RS,



F28 FEHERAZE

ARETIX, RIFFEOBEFFRICOWTIEARS. 2. 18T, NHNRSEET L
T®H 5 BERT 24/ 3 5. BERT 1364 I BASIENUEE Z 2 712G X, ARifgt
DOBEFETHHEDLNE Z s, T ZHUTOVWTHENMNT 5. 2.28iTlX, WSD
WCBES BHFFEICDOWTIER S, 238 TlE, 27 Y/ IEROMFRICOWTIENRS.
2.4 HITlX, TR AR DENERL, RFROREE RS,

2.1 BERT

Bidirectional Encoder Representations from Transformers (BERT)[14] {%, 35
ZHE TNV TDH % Transformer[40] DLV A —XERT P HIRZDBBETNLTD 5.
Transformer D LY A —X ¥ 7 a—XIZZNZH6 J8D Transformer Unit 22578 %
73, BERT\ZZya—&DATI12/8 (BERTpage) d LK IE 248 (BERTArGE)
@ Transformer Unit 22 5 E 5. BERT 3B KL TF AT —XZ2HWTH
50U O FiEDHEAN LG Z Y (Pre-training; HATFY) LTW5720, KE
THRERISE E Vo TREDZ A 71T L, PED T — X T¥E (Fine-Tuning;
774 Fa—=r) THRRTTEWEREL RIS 5.

HAFE T, WRERTXF AP T =R EZHOTYRZO7ED X R 7 & KX TR
RAZ#ZITD. RAZDTMEO R R 21X, XO—E%~ X 7 ([MASK] b —
JUWEIITAZY) L, SAZMMINTERTITICA B o - HiEL THlS % &
27 THb. —F, RILFUMNRAZIE, 20DLRHoT- &, —HOINRSH 5 —
FOXDRICHIT 202 THT2XRA7THS. FLOFEFI¥FEICKD, BERT
BERBOEARNZAGR LT EZE LTV  EZI LN S.

774 vFa—=r TR, BERT 2@ LEWE R (INR&RZ ) LR
N2) DINANET—XEZHWT, HEIFEE SN BERT E7 VD7 X X%
TRARZIZELETERT . FIZIX, BESHEARAZE, H2XB5260
722 &, ZOXDEIED positive, negative, neutral D 55 EAUIEHY T 2 0% T
W 2220 THS. BIEAMRXAZICBERT 27 7 A ¥ F 2 —=V 75L&
X, ANITXXDFETICH LL [CLS] b—2 %8BI L, BERT €7 /VORMEEDE
12, [CLS] b =2 x5 2 i AAKRE 2 AT, positive/negative /neutral 125}
832 3R bR TR TEBML, TOMNEIE#EI L
DAEZHRE LTETARKD NI XX Z2HHT 5. HOTRERZ O LT,



HARSIEHRZ X 21%, BHRCIRED 2 00X E 26 %, Zh oD%
NER, Wi, FEDOIBENCEHYETI0E TSI XA THS. £D=9D,
AR IRED 2 DD % [SEP] b—27 Y ERHWTCEE L b—=2 VH%2 ATIE L,
BIED T & FBRIC, [CLS] b —72 Y OREEDRIZIKITONY ML §5
AR EBINT2 2 TERE/HFIN/FED 3DOD T 7 AT 3 0 HiERE T
B2, RRERAZHDHEMED L %13 BERT ORKREORICEHEEEZBINT
2HEMNEZ VS, BERT KEMEEZEMNETICT 74 v Fa—=VIdfTbih
5ZtbdH5. PIZIX, XOBELEHE X R T, [CLS| b—2 Y ORMEEDON
7 MREEXOEREZEE L, UL TW23 XOEKREKHFE LT b L2ER
FETHEOR K2R T X EEEFT B (17).

BERT 1, ANNXDEHFBIINL, ZOHEOXIRKIIBIT2EKERIT NI b
WV (HEEOMREDIAA) Z2H 15 5. flZIE, asylum & madhouse D 2 DD H
FBOXIREDIAAZEE L35, K211, asylum & madhouse % & e H
% BERT 12 A1 L7z & & DX REGED AR DIAA (768 KIT) % 2 KITIIE
MWLAL L2 DTH S [11]. asylum IZBURNREHOEHR THWSN S Z &
MEZWH, FEHREE OBESEROEKRTOHWONE., 20720, K2.1I1IRT
£ 9512, asylum OXAREDIAAD X, FU & 5 REK% b D madhouse DX
AR D IAA L X7 MLV ETOEMEA TN, 2D X 512, BERT TlX, HEl
FNLUT1ODMEDIAAREETZDTIERL, Y%kﬁbtf&é@@ﬁ&%?
BTN TES. ZOXIRFKELS, BERT O XIRMEDIAAIXEA FKIHZR
RCRERBEIRMEE R C OHEEZ T 2 X2 R 7T L FHET N S.

y
e madhouse

asylum

| sometimes really do
wonder who is running the —

lunatic asylum. / .

In the asylum a kind of dark °e *,
Christianity repossessed "
Vincent Van Gogh. %, ‘. T
| arrived in Ve It's like a
England and
. madhouse
applied for asylum. o* in there
It is easy to understand why he is in the
. madhouse.

4 2.1: BERT IZ & % Xk DAHDH] [11]



2.2 WSD

WSD IZRFEIZH DRI NTED, INETIHEARTESIERINTE .
B TlE, WordNet[26] ISR S N7FBR D EFCRaERM O LA MR E v o
7= ABILA N DANERIERZ R $ 2 2 212 & b WSD OEER_E% B SIZen £k
TH5. 221 HTIFFERDERLEFH L= WSD, 2.2 2 HTIXEMKBEFRZHAL
72 WSD OFEIZOWTIRN S, 2.2 3HTIERINERE TV EFE L= WSD OF
ExRIBAT 5. WSD OBFFEICE, EFELOWZED X 512 WSD ET LD %2175
DA S, RERD WSD FiEDORIESICOWTHE LM s H 5. 2.24IHTII,
WSD TR E MY SN2 R 57 — X IOV TR S, 225HTIX, 20D
& O BT — X X 2B BE T b4 L L TIRE S 7z MetricWSD
YWD FEICOWTIRR 3.

2.2.1 EBEOEEXZFAL-WSD

Huang 51, FEFRDEFR L L BERT ZHWT WSD %2175 GlossBERT %1852
L7z [19]. BERT NOASNZ, MRHEGEDE E N HM & MRHEFEDFERDER L
% [SEP] F—2 Y2t NL—&RE LTHF L DTHS. EET I, HWE
HEEDFROBRDERIDELEIN TV BEEIE Yes GEFD , ZHLSMNE No
(Bff)) 3 %. GlossBERT D AN IEfRZ NNV DFIZFR2.1I1TRT. ZOFITIE
research 2T REGETH D, F/zresearch 4 DDFERE DD, Tz, ZOHBNC
B3 EROERIZI1IFEBZDT, 1 HBHDANNIHT 21EM T NUIX Yes, 4L
LA E No TH 5. GlossBERT Tld BERT DEAEDIRIZ 2 XTERZ b L% HH
TELEMEAERBINTS. 774 0Fa—= V70, A0 558
RONDHMRZHEL, FMOEROMWERr O£ LETEIN B EZHR/IMET
ZXIICETNDRIA—REEFTE. 72O, WNREENEGENT-H
Bl ¥ D RHEFEDERDER LD TR TDORT %2 ANL, Yes DFHIER D K =
WA DFERZIEINT 5.

7 2.1: GlossBERT @ AJj & IEfiEZ ~oL i [19)]
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Blevins & Zettlemoyer &, SREFENEZENZHHIZ > a3 — FF 2 Context
Encoder &, WRHEFEDFERDER L2 LY 32— FF 3% Gloss Encoder D 2 DD
T Y a—X%zZHWTWSD %2175 Bi-Encoder Model (BEM) 2424 L7z [7]. BEM
OWEZM 221283, NREEZ w, NREFEIZINLHBIO +—2 V5%
c=lc1,Co s iyl L, i BHDOHEEEZMRHZE (OFD, ¢;=w) T 5L,
B c 12 BT 2 W REGE w OXRIEDIAA 1, 1F, K (2.1) IT7RFT X 51, Context
Encoder D1 T.(c) D i THEHD R b iz .

r, = T.(c)l] (2.1)

BT, MRFFEw DEROERXDEEZ G ={g1,8,,8n} £ T DL, Kb
ROEBXDEREH r, 1%, X (2.2) 1IT7RF L5112, Gloss Encoder DT T, (g;:)
DI DY bLr 7%, Context Encoder & Gloss Encoder 1 & 312 BERT T
D210, mHD =27 NF[CLS] =27 ThHbh, ZHIHILT 2HDIAARK
B (RZ MVRID) DEROERLEROEREH L LTHVWLNS.

rg, = T4(2:)[0] (2.2)
w ¥ g OMLE ¢(w, g) &, X (23)ITRT XS, 1, &1, OWBTIEENS.
¢(w, gi) =Ty - Ty, (2.3)

w DFEFDERND g, TH HHEHRIIN (24) TEHEINS.

eXp(¢(w7 gz))

Pw,g) = == 2.4
(v, &) Zj:l exp(o(w, g;)) (24)

w DIEfRDFERDER I g 7285, HERIFK (2.5) TitHEIN 5.
L= —log Plu.g) (25)

ZDERZHE/IMET S X 512 Context Encoder & Gloss Encoder D7D 85 X —
REHEHT 5.
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Barba 5%, NMRHEFENZ ENTHGIE HREFED TR TOFERDER & H
fL7edbDZANE L, EBOERDERXDA R 2T 22 & TWSD 217
5 ESCHER %% L7z [4]. ESCHER OB # X 2.3 1273, NREFEE w, xf
REGENEETNREE W = [wy, wo, ..., 0, ..., w,] & L, SREFEDFEFRDEFHRL
DEEG%E D ={dy,dy,....,dr.} £ T2, ANNIATDXS12725.

m= <s$>wy Wy ... <t>w <[t> ... w, </s>

d1 d1 d1 d2 d2 d2 dk dk
wit wht L wig W wh L wig e Wit Wyt ‘d‘</s>

<s> & </s> ZHABI L BROEBRL 2T 21200k =27 > ThHD, <t> ¥
</t> FHBIFONRHFEL BT 2D DOFRk s — 2 > ThH B, ETLOMME
\& Transformer[40] ZRX—ZX & L7ZETNLDRIZ2 DODEHEEEZEBML7ZH D
TH5. Thoid, ERERIBROERLD AN OHIBAE LK TIEZ T
B3 27DIcHWsE. ANRVIOEX %21, Lito2o02a ot h%
78 = [Z11, Ziay s Z0) & Z° = [ Zo1, Zog, ..., Zog) & L, IEFRDFEFRDEFR L DB
(% start, WTHER end £ 55 %, ZhoOFHHEREZA LN (2.6) &
K (2.7) TEtEEHh 2

exp(Z;)
S exp(Z3)

exp(Z;)
> exp(Z5)

BRIZING 2ODMEROEADWNHMILED L THEIN, ZArR/Ne 3 X
SIWCETILDRIX— R HEFT 3.

P(w; = start|Z®) = (2.6)

P(w; = end|Z°) = (2.7)
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2.3: ESCHER D% [4]



2.2.2 EKEFRZFAL-WSD

Kumar 513, FERDOERXIZT TR GERBOZEKRERDHFHL TWSD 217
5 EWISE Z42%& L7z [21]. EWISE OB 2 X 2.4 12773, EWISE 13 (i) Hf4RH
ety a— K3 23720DFT /L (KD Attentive Context Encoder) ,
(ii) MRHFFEOEROERL L aA—FFT25720DET /N (KD Definition En-
coder) , (iil) FIFk 27 7 7 OMDIABLKBZ1H 272D DET L (KD Knowledge
Graph Embedding) ® 3 DDETF A HME I NS, (i) & (i) & Bi-directional
LSTM (BiLSTM) T® b, (iii) i ConvE[13] & FEZN 2 HF 7 7 DHDIAKE T
NTH5. Wik 7 713 head, relation, tail D 3-D# (h,1,t) DEFE LTLIXL
IEFRIAXN 5. head & tailld 7’7 7D/ — K TH D, relation I3 head & tail ZFEN
Ty I TH5. EWISE DEE, head ¥ tail ICIXFEEDFZY L, relation 1Z1E_EA7
TMUEAFRS® part_of BfR2A55%%4 3 5. ConvE X, multi-layer convolutional network
ZHWTHER S 7 7 DHDIAAZFE T H5FIETH D, entity 72 5 NI relation D
HHABRBRZH T 5. 7L (1) DFHEEZ, €7V (i) & (i) OFH L 3HIh
Thbihs.

3, BTN () OFFZOVWTHAT 2. MREGEL v, MREFEIEZEhT:
% c, MREFEw ORBERDOERLDEEZ G = {g1,82,...8n} & L, Aflcic
B 2 MRYFE w OEKRER (£E71 (1) OHHIRZ ML) &1, SBBROERY
ZFhZENOEH®RKRE (E7V (i) DHIIRTZ b)) Zr, 8558, T ()&
2.2.1 THT#AR7- BEM[7] L A U HETHEEEINS.

iz, BTN (i) & (iil) DFBICOWTHHAT 5. NREFEDIEMDIERE h,
h DEZRSUIHT 2 ET (i) ODHMTINT M L% q, H5EEFt & relation [IZRS
5ETI (i) DRI MLk e e T 5L, hktDrelation2 ] THB R
713X (2.8) THHEIN 3.

vih,t) = f(vee(f([q; €] * w))W)e, (2.8)

Q72T TR e HETN (i) DHEINTEDBEZZERTE S0, ETL (i) DFtE
77 7DH A XEWMZ Z72DICET (i) OB EFHALTWS. qeegldql
e % 2XTCUICHHE L2 DTH Y, widBAAADT A VETH 5. WRIZ Yi(h,t)
W7 A N o ZBH LK (29) TREIN 3.

81330 (2.10) @ binary cross-entropy TEIHE 41 5.
L = —d-logP/(h,t) — (1 —0)-log(1 — Pi(h,t)) (2.10)

SIF0OB LT 1DEZ L 2EHTHYD, hltDrelation 5l THBHEITL, Z
NN DZEITIZ 02 5. ZOERZRMET S X 5ITET V(i) & (iii) DT
DRTRAXA—REFHT 5.



7B, BEERBMRZRA L7z WSD ofthoFiEE LT EWISER[6] 233 4. EWISER
WX EWISE 2R L7-FETH 5.

Sense Embeddings Definition Encoder
BiLSTM neckwear consisting of a long narrow piece
he (@@ BILSTM "F’OF’OF‘O—*‘OHO—“O
S 09—-0—-0-0—-0-0-0
wore 'OO Max Pooling

Sense Embedding . . necktie.n.01 embedding

Self- Prediction

a ' Q Ok Head Entity Triplet Training
II Tail Entities necktie.n.01 Scores Labels
tie () O @
Natural l(@
= rjri:ge Q) v neckwear.n.01, hypernym of, necktie.n.01
Context Embedding Scores Sense X fastener.n.01, hypernym of, necktie.n.01
Attentive Context Encoder Labels Knowledge Graph Embedding

X 2.4: EWISE O#Z [21]

2.2.3 RIETBLEFILEFALI=-WSD

Bevilacqua 513, RINEMRET LD U DTH % BART[22] IT &K DEERDEF
xRS 5 Z & T WSD %2175 Generationary Z8Z L7z [5]. AJNIHABIHF O
MREGEZ (define) & (/define) D 2 DDFFIR M —27 Y TRRAZ S DTH 5. Hlz
X, “I scooted them into the dog run” & \»5 B H D, NHREFEDS scooted T
H %5, AJE “T (define) scooted (/deﬁne) them into the dog run” £ 72 %. Hi
TNINREFEDERLTH 5. MREFEDBERZHE T 5HITIE, FEROEFRK
DEEG ={91,92, -, Gm} DFD 5, DETJI/#HjjJ L7ERDER L § L DLWV
bOEES, ZIUTHICT 2FERLZHEINT 2. 2070, 2 XHOBLLZFHE
TERENDSD. %I T, Sentence-BERT[35] ICX 5T GHDITRTDXE §D
N7 MVERZREL, Z060ad 4 YEMUEPRAL R 5HEREER. 2O
BF9ETlE, WSD OMfRez M X2 27213 TR, BIFOBROERLLD B IS5
WRWERXEZANT S I, FitReHiHT2 b HNE LTWS.

2.2.4 AHEET—XHEE

Maru 51%, GlossBERT, BEM, ESCHER, EWISER, Generationary % &7
DOREMNL WSD OFEZID EF, ZRoDFENWSD D7 -ty MIH
J2EERDIRD 2 6321F 3BT OWTHNT [25]. WSD DF—&+t v MiZid,
(1) HEEO MBI & (i) EEROHBBHED 2 DDIR O BH 5 Z e 5TV S
BAGE @u%fﬁ BHEDORDIX, SHEOHEI D HMEEDOHFED A2 0ITZL,
VA &JZJ FNHOBHFEEDOHBHE DB RVED LSR5 TS Z L ZEIK
T5. BEROHBHEEDRDIX, T—2ty MHODZHFEDERERDIZLEAEN
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I DODFERTH 2 I ZRHRKT 5. ZOFEFRIZTZWVTY, WordNet[26] THRANCEH
PITVE (b XHONTWVWD) GERTHD. ZOWHETIE, TODETLT
~NTT, WordNet TRANCEPN TWVWBERTRVIER (KHEEER) MNIEMT
B HGEN, ERBEPIKIBIE TS 2 Z e dfEIhTtns.

2.2.5 MetricWSD

Chen 51, Prototypical Networks[38] & X3t 5 X X~ EFEZF|H LT WSD
#4795 MtericWSD %4228 L 7= [10]. Prototypical Networks (&, s73HME % # < €
TN ET DDA RYFEFETH L. K251 Z2DMEZRT. Prototypical
Networks {Z BT 2 EE DOFIEZ L NIRRT

1. 807 FRDAIMT —2%ZHR— bty b7z Vty MTHEITS.

2. ¥ R—bty MITHFT2ETN fy ORN OGNS, B3 72D T 0
Mg TEREZRS.

3. 7x Uty NIRRT BETIL fpb Ot T+ &4 FERE 2 BIEKEET
B35, kORI AT b &4 TRE%Z C = {c1,c9,...,c} £ T 5
&, 7x Uty MO DIEMRS Z R I ERITA (2.11) T
tEX N, BERIFK (2.12) TEHEIAS.

_exp(=d(fo(v'), )
> exp(—d(fo(a), ¢5))

L = —log P(z',1) (2.12)

(2.11)

4. K (2.12) DEEDENE R D XDICETIL f DRTA—REHEHT 5.

RO, T — 2o R— bty v 29 ) 7332 Trr b &
A TRBEERL, TANT—X%2 72ty bed25287T, R (211) BRK
BT RIHET 5.

MetricWSD & Prototypical Networks 2 WSD IZ#H L7=FIETH 5. 7Y
T RAFFERTHY, Tu b XA TREADGEBRORY MVITEYT 5. JlfT—&
EEERMTER X N2 () OEETHY, TN f (3BT ONREZED T
AR DIAAZ AT 5. MetricWSD TIXET IV fy £ L TBERT ZHWTW3.
MetircWSD 1%, FEFEDTEERXLERME D BN FABER 2 W\ o 72BN ERER %
FHuWianw WSD OFEOHTIE, RdEWaEEREE DD,

21HiI TR X512, BERT 2774 ¥ Fa—=r27F 3L %, BERT DR
JBOBICEHEEEEBMUEZETAZHAWEZ DD, ZOMETIE, DX
TAEHEN) 72 BERT £ 7 WIC & o TRERDOBEKM: 2 #H 3 2 FiE (BERT-classifier)
¥ MetricWSD & DL HIToTW5E. K261k, 774 >Fa—=VI%1Th

11
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2.5: Prototypical Networks DHEE

FICHAFE X N7z BERT €740 515 60 2 R A A % F W 72 k-Nearest
Neighbor 7T WSD %179 BERT-kNN, BERT-classifier, MetricWSD @ 3 D®
FHZOWT, WSD OIEMREEZRLTWS. Fiz, BFEOHBIHER S NICER
DOHBBEEICE > TT R T =X %273, @FHEF I 3ESEE O BHEE 72 1355H
WAL T3 DDOFEDOHREZHIRLTWE., ZOXD 56, MetricWSD 13 FEARIC
BERT classifier X b @WHHHEREZ O b b, Kz, HEEEEDKWE
FERRERIC LR EDNKRENWZ b bh 5. £7z, BERT-KNN & HESHE D
ﬂib\ﬁﬁ RFEFICIR o T, BERT-classifier L ED 3 FEMRER SO Z 2 D3bn 5
BERT-classifier ® & 9 IZHZ BERT % 7 7 A Fa—=V 7T 5T TIEHESE
FE DR WHEERFERICN L TEWVWIEERME LNV T 21X, Maru & OHYE [25]
THRLNTWHEE —HT 5.

BERT-classifier & MetricWSD DN REFED BERT D EAAE DT b LERHB
(T68 KTL) % 2 RTCICHEME L CRIBUL L2 D EKI2.7T RS, A£22007 7 7%
H5d note, £ 22D 7 7 13HE provide DX FARIETH D, BOEWIFGER
@E%L\ 373, ZODOXKH» 5, BERT-classifier IZkERT, MetricWSD D523, [ET

FEREDONT PARBDIIEL 22 XD CETADREHINTWB I bbb

BERT-kNN BERT-classifier MetricWSD
75 100
89.3
68.4 1 68.7 894 . 8
66.1 ; 65.5 78.4 787
65.5 73.6 76.6
59.6 60.8
56.1 56.1 57.2
54.4 50.6
50 40
1-10 11-50 51-400 401+ 1-10 11-80 81+
Word Frequency Sense Frequency

X 2.6: HIFFEERID 32D WSD FiED EL# [10]

12



BERT-classifier MetricWSD BERT-classifier MetricWSD

¥

-
)

word = note (v) word = note (v) word = provide (v) word = provide (v)

[ 2.7: BERT-classifier £ MetricWSD IZ & 2 #EZ D DiAAD AL [10]

2.3 X220V =5k

A RARARD SR 2R 7R Y ) IR &7 Y 7 U, H#ED

LTI EHICTEHTE 2720, Ve 7MBESPHES X708 THHENS
[23,18]. &2V 7 I#Lik (Taxonomy Expansion) &%, H»2%27YV/3It, £Z
EFEhRWHRE SR GZ bt &, ZOMRDOR T Y ) IITBT D
B LS GB) 2FREST 22 R0 TH 5 [8]. IR, 1.28THICZEITFK
L1OEDZZ 7T, FHLOBER 2 OFIDPHER animal TH 2 L FFESN TV S.
WSD E IR, ®27 Y 7 IR BEAICHIEINT WS, KEITIX, X7V 7 32
PLROREN L FEL WL DR 3.

Shen 51X, 79 7=a2—7/)L% v 87 —2 (Graph Neural Neteork; GNN) % H
WTR 7Y 7 IHEER%ZA1T S TaxoExpan 1R L7 [37]. %27V 7 JFEMIFER
757 TH2RD, 77 7%h5=a2—5V%y bV —2TH2 GNN ZHAIH
T % %. TaxoExpan ODMZE %X 2.8 12779, TaxoExpan (& (i) #rL < BiEh 3
B (7)) OPFOEFE» 57252757 (Egonet) #L>a— K32 GNNET
e, (i) o UDEEINZI7 TV ORY FVEBL L, EET V() ITKD T
a— N &7z Egonet DX bVRIA hg & OBIEE ZFH T % €7V (Multilayer
Perceptron (MLP)), £WoZ2DDET A6 EINS. EF V(i) 1F, K28
IZB1F % Matching Module IZHH3 L, ZDOANIE hy & hg ZERE LD DTDH
5. 7x V%t 7Y ORE, BREHETIERICHWS - FORE
X ={ny,ng,...,ny} &L, EFE220DFETNZHNWT/ — FEOBEE %X 5B
Bz fedal, n?Znt OF e THIT 2HERITA (2.13) TEHAE I N 5.

P(n?,n?) = f(n?, nf) (2.13)

a Zi\il f(ni7nq>
ETNADOFEER, X (2.14) TEHREIWEREZR/MET 2 X5ITETIL (1) & (i)
DRIA—RZHEHT 2 TITbNs.

L = —log P(n?,n?) (2.14)

13
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Jemb—
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p- “room”
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\ b
Egonet of Anchor /

hospital _—""""
Concept a; room”
d ——Gemb:
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uopeusiesuo)
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&

Graph Propagation Module Graph Readout Module Matching Module

2.8: TaxoExpan O#EE [37]

Yubid, B/ — K26 — FETORE CX (mini-path) ® 5 BXfR — K
MEZIWNETE20EEE T TR Y 7 IHLREITS STEAM 28R L 7=
[42]. 291" T & 51T, TRTD mini-path 25228 E%2H 50 CHEIFL
ThEE, zhzdEeiEncHw 3

Nuisance

Mini- paths
Pollutant e e C

Atmospheric
Pollutant D °

2.9: mini-path O [42]

dangerous
substance

inflammable
product

FEHOBX, 3, K210RT X512, WL DD mini-path £ ZNHICEE
NRWER G EZEURAMNE 2 515, £ LT, mini-path AD SR \.OL\“C
ZOWEN GO THBEAa7%2EHEHT 5. A2 7%, mini-path NOEBER
WZDOWT, ZOBEEDE 7z Al SIRIER RS G R &2 B fﬁ%‘ﬂé
i?ﬁ_, G DD mini-path ITBIF 2 ORI ZE LRV ZED R a7 bEtET
L RRIZ, TRHD0Ra7hoHEREHEL, Z0oBEKER/MET S LDITE
7'“°/I/0)}\°‘3)( R HHT 5.
HEEmDRRIX, FrLlBEmshsbe (7)) ¢ DF%Z 3T X TD mini-path Z Hw»
TTHIT 2. HEDX Y 7 SHNOMEZEpIZOWT, p23E& 4172 mini-path D
G P, ={P,P,...P,} 2L, BIZBWTpBqDBERZRaAT7 % yp £ T3
&, pAqDR L R BEMANZRa7IIN (2.15) TEHAEI N 5.

1 m
= _ 2.15
yp |Pp| Zzlypz ( )
R (2.15) DRATHRARTH ez 7 =) oFle THlT 5.
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Insertion Situation: 4

carcinogenic 2
substance None?
D —0 G

D

4 2.10: STEAM IZEB T % _EABEEO Tl [42]

Jiang 5%, FHHOIAAEHWTER I Y 7 ILRZ1TS BoxTaxo 2R L 7=
20]. FHHDIABIZIANZ PVZEH FICBI 2HIHTH D, ZHo0HELD 2 68ER
D AL MBIRE BRICKRHTE 5. Z2D7®, TaxoExpan[37] % STEAM[42]
YN, KD EBEWREEI SR 7Y ) IIREITD Z AR 72 5. Al
ABIE2DODNRZ Flc oDRT7 b= (c,0) TERTES. clIFHOHD, ol
HOHDEIRZRTNZ ML THS. ETMIBERT O [CLS] b —72 > DRA&E
DI 2 DD Multilayer Perceptron (MLP) #2727z DTHH, 22D MLP D
HMhzzhthcr ot 3%, ZOBERTNDANEZ, 27V INOHRe &
ZTOEFRL s h Lo THFELZDD (“ICLS] e, s [SEP]?) THS. #H
@%m,ﬁ@@ﬁ&@k%ét%&b#%%%%ﬁﬁb zhzemMed s X5
WCRIRXA=REEHT L. FEPIEDLL L, ETME, B0 DIAAD
Fuﬁu®ﬁ@®ﬁ&%@a?5ij&?@@ﬁ&%%&?é.

i DIAA L FE T L, BN FABEHRERET X 2 9DAATH 2 WA DIA A
EHWTXR Y 7 IEREIT SR D H 5 [3, 24]. AHHEDAAL, 74 T 1%,
2=V FEBD X572 F o3 SCRZEMTIERL, T o 722/ T b 2 Wimze
MTRET2MDIAATHS. ZNSDOHKTIE, MMEMDUVEOTHSERY
YA VIR [31] Z R DAA Y L THOWTWS., K7 ¥ H LERE, Ao <
FEIEIRDE S BERH - BIRANCKZ2 W O EDIAE N, Hbd HiEEH 51
IR < BERAY « BRANT/NZ WS O3 DIAT NS,

2.4 AHAZTEDHH

PERD WSD DIFFEDIZ L A XX, FBRBVLUITERESUHEIZ RS ML THR
L, ZHERICGEROBEREZME L TV, 2L, AIFZETlE, 8%
DHRRB L L TH—DOXRY ML TR FE DAL ZFE T 5 SUTHHREL D
%. EEOHMEDIAAREE T2 2T, BEREO LA FIEGRE BRICRE T
L2 eMu[Er D, ROV IPRBERARBEIGHTE 3. /-, &
DFHDIABL T VWS Z e TWSD OffREZ M LXE 5 Z & HIHS. Jiang & D

15



7% [20] HFEEDIAALZ AW THERZ R T 2 FUIAME L il LT 553, A
¢TI, Prototypical Networks[38] 15D &, BER D SARFEH 8IA A D15 %2 B
DFEHDIAA L F 2 HDBRIL 5.

ERD WSD ORERE Tld, 7T — X ICHB T 2588ROT L6 T A M7 —&
BT SHEORBRZEINT 2 2 e 2EL TV, ZAUTHL, AIFRE, 7
AN T =X DOHGEOEEITFERTH 202 HE LD, FEERO LAERZHE
ETHZEHHME LTWA. Bevilacqua 5 DL [5] dFEER AT 2 %
HIE LTWBRTABIZE W, LaL, ?ﬁ%@ﬁnf@ii%@ﬁ%iﬁi?é Z
LI DHEER T HHT 50, AR TE RAEERZHEE S 2 2 i K D s
DREDIZRERZ BT 2 KRR 5.

16



F3IEFE IEERF

ATETIZ, FEROFMIMHDIAALFE T LIEBRTHRICOVWTAENRS. 3.1 HITEF
T — RNDFER» LRI NDFEFR S 7 7 2R T 2 HEERNS. 328iCiX
FEHDAADIARN LS E AT 2. 338 TIREROAEHDIAAZEE T2 E
TADT =X T 7 F v, ZDETNEELET 2BEOEKLERICOVWTHERS. 34
HICIBREFHE T ZBICHVE T =22y VY2 7Y U 753 kRS,
3.5 HITIEHE LR O DIAAZICH A XA 7 ICHH T 2 5E 2R 5.

3.1 EBERITTDBE

REFECRIERS 7 720 E LT 5. BRI 7713, HiB0iERE / — T,
ZFNSH DO N TGREY Y2 $5 7577 THS. BROFHDIAAITGE
BN Ea—0Z, TROBIELVERMIGSNAM (B0 OEE2HFE
SNs. BEENEZa—ZREZNLLE, 7, ZOa— 1 RfIEaNT
WAHEERDPOMNINDFERS 7 7 2 MR T 5.

WordNet[26] 1%, Princeton K2 & o THRBE I N KFIRRER T — X X— X
T®H 3. WordNet TlX, #ad (noun) , B (verb) , &G (adjective) , HlIFA
(adverb) OHFEXFE UM Z D OERICELHOLN, TOEEIRIBIORME
RERPMOES L DRRI LA E N TV S.

WordNet, TIZEFER DRk 4 BRI LA XN TN B 25, ZoELMEKROVED
WAL D 5. FRMEOBRICH 2 HEE (FIFE) &, R GER) Zx
T2, ZLOYRTRIATEETH 5. [FFBEDHIE LT, shut ¥ close, car &
automobile 72 ¥03ZF S 5. F72, WordNet T, [FIFEFED S 5585 % synset
R, EIFE DHITIE, shut & close I close.v.01, car ¥ automobile t& car.n.01
WS HLHETD synset IZJBE L CTWA. Z 2T, synset DLEITOHFD v & ny 13,
Fheh@Ed e Haa e BER L TW 5.

WordNet 121%, £ synset I L, ZNDRITHEROMHFLRER (gloss) HEH
Bl (B HEE XN TW5. WordNet 3.1 1281 % synset D gloss & HI D%
K31LITRT.

WordNet Tl synset I kA4 RGO EAR S N TV B D, £DELREFRIE L
7 FAZEAfR (hypernym-hyponym relation) TH 2. & % synset IZ¥ L, Z4L L&D
b LI OBESR%E Z D synset D hypernym, NMIOWEZZ hyponym & FEX. ] 213,
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7% 3.1: WordNet I2B81F % gloss & H DA

synset | close.v.01
gloss | move so that an opening or passage is obstructed; make shut
F 41 “Close the door”, “shut the window”

synset | car.n.01

gloss | a motor vehicle with four wheels; usually propelled by an
internal combustion engine
B | “he needs a car to get to work”

bed.n.01 & bunk.n.03 @ hypernym T D, bunk.n.03 (X bed.n.01 @ hyponym T
H5. EALFEARIZH 5 synset ZDR1F 5 Z & T, synset DEFITEIKE LT
fEEfEZ 0. AmDGE, HAmzRT synset DEEZ, entityn.01 ZHR& T
% 1 DODAEMEERS 7 71> TW0Wa. DF D, IXNTOHLGFNE, EFED LA
& (BAEER) ZWZHEREDIRT Z 8T, RN entity.n.01 1EET 5.

AHFETIE, FBFRD _EA MBfRZ BUCRER DM OIALZ R T 5 728, Word-
Net D synset & / — R T 25ER 77 72 V5. 72720, 2L 0%E, T —
SATHIBS B 5EFRIEZ, WordNet IZBT 2 TN TOFRERTIEEL, ZO—HTH 5.
ZD7®, HHFEROELD LA (LAEEER) 2RI %, ZOERN
AR T — X ER S, MHEmRBIBEoNRVE VIR REIDSE. Z20
O RMEZET 272012, FIT — X ICHTT 2BROATHER Y 7 7 2R
55, ZOFNEZ Algorithm 11739, fEICHAT 2 &, Fl#fT — X ICHRT 2
HRETDEERIIOWVT, ZOLAFHREZIIGL, TOHRL 2D EFERD
iy P2 R2BEZEDIRS. 2Dt %, WordNet 22 HEUS L7z FEERD
BT, (1) AT — R T BRI L DEE ST TICMAS. (i) AT — &
WFETE LR WVEEFRIZ Z DFEFR D _LA75EF+‘ T WordNet 22 HEUR L, (i) & (i) D
WF 21T 5.
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Algorithm 1 537 7 7 O

1: S + SYNSETS_IN_DATASET() > JIf T — 2T 25E%
2: G + MAKE_GRAPH(S) >R 7 7 (ARIHMEERS 2 7)
3:
4: function MAKE_GRAPH(S)
5 G0
6 for s € S do
7: H < HYPERNYM_IN_DATASET(s) > s D _FAEER % HUS
8 for h € ‘H do
9 G+ GU{(h,s)} > 7T 71Ty Y RENM
10: end for
11: end for
12: return g
13: end function
14:
15: function HYPERNYM_IN_DATASET(s)
16:  H<«+ 0 >R T 7B B s D _LNER
17: T < WORDNET_HYPERNYMS(s) > WordNet iI281) % s O _E(iFER
18: for t € T do
19: if ¢ in S then
20: H+— HU{t} > t DI T — 212 H AU H B
21: else
22: H <+ H UHYPERNYM_IN_DATASET(Z) © R IFAUX ENFERZEM
23: end if
24: end for
25: return H

26: end function
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FEFRS 7 7O LT, animaln.01 2R e 355687 7 7 2 X 3.1 1TRT.
%/ — Fidsynset GEFR) ZEWRLTEY, =y FE#HD VS (EAFER) ,
TR (FHFER) OBBREZEKRLTWS. £/, ZOHERS I 7HDOTART
DFERIE, FAFERTIWZBIEZED RS Z 2T, ®EIIZ animal.n.01 12T X5
{. ZOKITIF, (i)BEROTEREDOER, (i) B LAFERL b OER,
(i)l DL LAFERE MIEERZ DR VERLDH L Z e bbb. (1) 1FZLD
FEFRICZY T 5, FHZ mammal.n.01 % bird.n.01 \IMDFEFE X D % { D NMIER
ZH . (ii) 1& puppy.n.01 % chick.n.01 72 D Z K —HDFEREI XY T 5. Hil X1,
puppy.n.01 DEK (FK) 2 pup.n.0l DEK (4 XEFHYDOFHE) & dogn.01 D
B (R) OMAIREZINTVWE I 2EKT 5. (i) DZ L DFERITEY LT
W5. WordNet TIX, FFERR1DOTH2 3L H20, FEFEI 1D
THBHZEHELRWV. LArL, AT, T —XICHIHT 258EEDA
TRERT T 7 MR LD, TEEREZ 1 OLrDLRVEERDZ L.

[
#

inseC¥A=01

3.1: animaln.01 B T 2ERT 7 7
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3.2 FEEHAA

FDIAAIX, 74 T %7 MLVZER ETEEAARE U THEEBENCRI S 23
DIABTH D, IERNFRRRERE BIRCRITE 2. R TIE, SEITH5E[32, 20]
Wi, FHDIAALZ b = (c,0) ERHT 5. cl¥FHOHLD, oldfoUDOEZX %
RIXRZ ML THD, MEDTTTEBIIF—TH 5. K3 21ITHLEHADEXI TR
N7-FHDIAADHER 2 RT.

A

3.2: FHLDAA DA

FHDIAATIE, BE—DRZ MLERLD, 200747 AMICK33D &L 5 7%
3ODKNMPFEIET 5. X 3.3a D enclose lF—FT DR D 5 —FH Oz w2 AE
LTWRRHTHD, REVKHDT A T LDNZICFHD T 4 7 L% B - Bk
FICEELTWA Z 2 EKT 5. X 3.3b D disjoint (X2 DDFNE -7 HiL >
TWRWIRHTH D, 22007 4 7 LBNIHERH - BRIV BRI W Z & 2 Bk
5. [X3.3c D intersect 1% 2 DDFHADBHTHNCER > TVWBIRIMTHD, 200D
7 AT LDO—ERBBESH - EIRANCHBL TWE e 2EKT 5. 220074 7 4
D—EOBERH « ERANIZHE LT 2R ofle LT, 3.1 8T 7% pup.n.0l
¥ dogn.01 D X512, 2 0DBERMILED TFER (ZDHEIE puppy.n.01) %
bOLGENDH B, ZDEE, pup.n.0l DFFE dogn.01 DFEIEITHNCERD, #
DHEIL - 7=78HDY puppy.n.01 DFIIZEZHET 5.

b, b,

b,

b, b,

b,

(a) enclose (b) disjoint (c) intersect

X 3.3: 74 7LD 32>DHE%
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TAT L OFEDAAE Db, 74T Ly DFEDAARED, TR, 74T
LT AT Ly 2wlE s AHEREIA (3.1) TEHREENS.

Vol(b,Nb,)
Vol(b,)

d@?@%ﬁ%ﬁﬁ?é%ﬁf@b‘wx b,) ¥ b, & b, BEL->TWV3
@%ﬁ%a%?%.ttL,Wﬂ®ﬂ—%ﬁ%ﬁ1m2o@?#iﬁofmﬁ
m%ém@ﬁot&b,:ﬂ%%%%ﬁtbf%f»%?%biit?ét,@
B2 RBTDIZFEHTERVE WS HENEL S, 2D, Vol LTY
7 NREBETHCIREDND L. ARFLTIX, FATHE (32, 20] &R T < Gumbel
Box[12] 12 & o TR Vol ZEFK T 5. Gumbel Box T, FHOMEFEIFZ (3.2) D
Gumbel FAIZED ZFHEINS.

P(by|b,) = (3.1)

1 — _e—p
ﬂauﬂ)zgam(—x E_e B) (3.2)
p & Bl Gumbel THDINT XA —=RTH 5. 2DDFDEKRD ZRITT FLtid

X (3.3) CRHE NS,

A

t = —fBLogSumExp (—%) — BLogSumExp (%) (3.3)

ph e pv X, EEh 2 DOF DL DFAAIE T EAE L d D & T ALE 2 A
L7d0%ERT. 2Fh, FOXTBEdL T2, e p OXeEIE2 xd, t
DRTTENT d &%, Fiz, HOWHEIZK (3.4) TEHHEINS.

m(t) = 28Ky(2e %) (3.4)

Kol3F =230 O 2Ry VBT H 5. 3K (3.4) 1& softplus BAEZ W T
(3.5) DL S IEMTE 3.

m(t) ~ Blog(1 + exp(t/5 — 27)) (3.5)

YEAA T —DER (=0.5772...) TH5.

3.3 BEBHEOMHEHAAFDFEY

ARETTIIREROFMDIAA L FE T 2FEICOVTIHERS. BREFEEZ, 225
TH TR 7z MetricWSD[10] ZFBRDOFEHDIAAZEH T2 X5 ITHRRL72H DT
3.

AR THEETEET VI, ANXOEZHIEIINL, ZOHENXHFTED X
IWCHOWOLENTWE P ERTFHEDIAAZH 1T 5. DIT, Zhve RFEED
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AA) ERER. X 3.4 D AW T XURFEHDIAA & FERDOFH DIAA DR Z #t
S %. FEEplant.n.0l &L 1205 3 DHAI L FER plant.n.02 &L 4025 6 D
Rflnd D, Zhe 0B OXTREGE plant (FERED) O XIRFEHEDIAAIZE D
1225 6 DFHEHDIAAL RS, —F, BROFMHDIAAIL, BiEEIMNGINLH
FEDOXRFEHDIAADEIFIZ I D BN 5. FHFHDIAADFEEIE, coDZER
ZRUTOWTHERY MLV EFHET 2 TROOLNIFHDIAATH 5. 3.4
WZBWT, plant.n.01 EFRRINTZARVFEE plant.n.02 L R INTFOVEIZE, £
NZNEFEF plant.n.01 & plant.n.02 DFH DAL Z KT . MetricWSD DEHE & 72
% A R %P FIE Prototypical Networks[38] IZEWTIX, 1526 6 D38 R— MR,
plant.n.01 & plant.n.02 371 s X 4 FRENTFEHET 5.

1 <G 2

plant.n.01
1. They have decided to site the new plant in this town. s /
2. ..
3. .. Model

5
s,

4. Many unusual plants grow here in the mild climate. plant.n.02

5 . /
6. ..

6

3.4: WRFEHEDIA A & FEFR DI DIA A

MetricWSD[10] TIX, NREFZEDOXIREDIAALZIGLT2DDET N fj £ LT
BERT Z HWTW7z. AR T, NMREZOXRFEHDIAALZHR L7012, K
3.5 DRFRDOPNIZTRT & 912, BERT OFfEEDRICEHEE (Fully Connected
Layer; FCL) 220X IJ7=EFAEHWVWS. ZOEDAIIXBERT OXFREFED K
BEDOXZ FARETHD, HIERZ b THB. SBITH5E [32] L RIS, b
FEFITHEEN, T ENct ot b, Tbb, ZOoEMEREIcLD, H—
DY L EFEHDIAARICELT 5.

35D ¢pldr7 VR Tu &4 FRE OFLERFET 2B TH 5.
MetricWSD T, MREFEDFERD 0 b XA IR 72V RI L OFELE%
X (2.11) TEHEL Tz, RIFFETIE, EFTAEREETIHCE, 7 VKRB
#7708 s &x A4 TREDRT (b,,b,) T2, FMEZEZK (3.1) TEHAEL, HEkEX
(3.6) @ binary cross-entropy TafH 3§ 5.

L = —d-logP(by[b,) — (1 — d)-1og(1 — P(by[b,)) (3.6)

SIXIEFDIZEIT 1, BRDOGEIC0DERZ E 2EHTHS. Z ZTOIER LI,
K 3.6 1 CRTEIIZ, FERy iR s LRALT D L ILFER 2 O EMHEE (fHE) T
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-

N¢ A D

e '
Ffﬁ///fx\\\ﬁzziau |//TI-?\»D

Xl 3.5: XARFGHEDIAAZRIGET2DDET I fy

»Hr%a, ablidzhAoGE2iEd. EBINCE, H2EROHHEDIAL
i, BES LR VR OFERE OfEDIAA L ELRS X512, £l
BRLBEVWESITFEINS.

living_thing
to LRS- - - -~ -~ -~
Eas e _ - - _ AU LIES
SR ELORE

cat dog flower tree

3.6: HBRFTREICB T 2 IEHI e afl GRIER, FHEM)

3.4 IEY—KODIERK

—RICHEELZHBE T 27-DICHEEINPBOY > TArsikisTr—Xty b
WENy FE XiE¥N 523, Prototypical Networks D & 572 X X EHTIE Y — K
XN B. 225HTHAR] X512, MetircWSD T, 1 DDHGEIIHLT1D
DIEY—RFZHEL, NREEZZUOHINICE>TZY - F2ERT 5. &
92T, FEERMEOBREYEE T30, 1 DDERICHLTIOOIEYY —F%
FAEST 2. BRI TZ2EY — FOERTFIEEZ LLFIRT.

1. AT — R ICHIRT 2EBROESDOHN S N [HOERZEINT 3.
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2. ZRENDFERIIOWT, ZOBEROMGIZE 7 > X 202 Ng fHEERL, HKR—
My bed 5.

3. WMRFEFR L IZOWVWT, ¥ R— bty FMZEETRTOWARWABIOF S F &
LT No O RBIZERL, 72V ty T 5.

FROFHMEDRT v 7 1IZBWT, NolHDFEREZFEIRT 2 2 ODHIE RS
5.

HEg S, t &t DELED EVEEE (EAFEFR) ZIEFE UTGEY, R OFERE Z
VRN TV T B 33T XD, t OHICEY T HEER
Iz & ZXER, FhlLANIasle b,

HBg S, t ¥t O EAMEEREIEN], t DEFRO M (MgEE) ot 2FH
U FiiER % 0k (AR H 2EEFR) ZAMIE LTER. S, LAk
WD DERIITI VALY TS 7T B,

BEHE S, TlX, ®2FEROFEDIAAD, FHT FEEFRC BRI D 2 FEFR D
HOAALERLRNWI L ZEHRL TV, WRERL 70O FMiER AR
IZH BREFRIIMEEHNIE WD, Z00 OFEDIAAIINREBERDOFIHEDIAA L
PRV, EROBDZWEGE, BIK S, T, 7YX LIGEINZFEROFITHT
RIBEHZRD FIRHADENETNR VI LI D 5 5. ZOEE, WRER
LENSDFER L OEZEIEE INZ W (N5 DFERDFMDIAADERL 572
WX IFEHIRRY) L Wo MENEL S e A THEENS.

ATy F2ERT Y FITBWT, Bt k2 APO-BZNZENR Ng & Ny &
DDl ngGE, B2 2HfEIRTYR— by b LIy b E
T3, 7xVty FOPAL X0 THIGE, NWEEFRIOIR—1+Ey 251
DEZUVEMIKEHR L)y T3, ZHUTKD, HREZRt DY R— |
Yy POV AL X056, tDTa b &4 TRBEIMER S 0.

3.5 HEBEDOMIEDHAHDILA

AT E T, FEROFHEDIAAZEYE T 2FE, EECIEEROFEDIAAS
XHRFHEDIAAZ LK T 2 ET NV EEE T 2 FRICOVTHNL. KREITIE, #
BEXNEETNAVEHEHATEZ3O0D0HZR Y, ZOXAZITHLTETLE
WH S 2 BRI FEEHHT 5.

3.5.1 WSD

WSD &, &2 RN T 2 REGEw DFEFR L LTHYRbDE, 51U
DIERS NI NREGE w DFERDEE Sy, = {51,952, .., 56} DFDH, 1 DFERXK
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A7 TH5. S, DEBRIIHL, T —200 7w b X4 TREEZERL TH
SN2 HEROFIEDIALDEAE B, = {b?,b?, .. .bt L L, WMREFEwZE
LT AT —=XORH 2 12812 w OXRFEEDIAAZ DI & T 58, 2 ITBITS
DREFIX, X 3.7) OFUEIRARL S s LTINS,

P(bg, [b?) P(b?bg )
P(bs;[b?) + P(bi[bs;)

1 (3.7) 1& P(b2 |b?) & P(b?b? ) DFFIVIGTH 5. P(b? [b?) DAZFLE L
%, b2 b ZEUELTWREHEIC, FORE ZICBfRR CHEMENL 2
720, FHORZIDRELERIGETD s, D w DFERE L Tio TEIREN S
AJREMED D . P(bi|bk ) DA ZFLIE L 258 I b RROMEI LS 2. M
PUEZFRAEE L 325 22T, 2200 EDAADTUEHERICH D 1 OFOKE X
PIFEFE L & ZWHLEDELRD EDICT 2L NTES.

sim(b% , b?) = 2 (3.7)

3.5.2 HEEDHE

Hragm oHIEE, D2 BN 2 0 REEE w DEFRDHEER D L D 22
ETBRAITHS. TRXTDHERITONT, m&nﬂt®EUFmMWb%#
BIE o & DN WGEEHEER, ZhLUMNIFEER TRV EHIES 5.

BIE o 1%, FRT—ZZHWTHNREEZ CICRET 2. H¥ET— XM

AEEEZRET BB, N (3.7) PIRARE R IFERLIESN, ZOHELEDOTHEE o
YL, BRBEUEDZOFGEL I L THERI S0 ZHET 5. E%m
IRETETERUTOMD TH 5. MREGE w BEENLHIET — 2 DA%
% Quw={q,0 - am}, ¢ TBT5BwDXRFEHDAALZ 7 L) R bg, j]tﬁﬁ
FRDIEMRDFER s, D70 X4 TERBZ b L35, bt FAIRET — X H SR
NbDTHL. alFi(3.8) IR X5 b? & b DML sim(b? , b) D
£95.

=— ZSlm (b?., b) (3.8)

FAFET — ZITHB L2 WHEE &J]‘L“C&i TR TONRHEGFEDELE D V35 % B
He 3 5.

3.5.3 #ERDLMUFERDHETE

HRER O LNFEROMHEEX, 2 HFNCHBLT 2HEERICH L, %@Luma
DB T XY I T ERAITHS. JIT —XCHBT 2 TXTOHZED
NTOERDO v s &4 7R % B = {b,,,b,,,...b,, } £$5. ¥£7, B@$#
5 P(b? [b?) 3RIME 5 & D REVEERZERL, EMFEROBEHOESESS. X
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12, TS D% Vol(bl ) & Vol(b?) DZEANIWIHIZY — 35, LEWES
GBFT -2 EHOTRET 2 Z e EE LW, 4F TR 2S5 TIIBA%E
T—=ROEDBFELTNEZ DS, BEHLLUDRDTEL DD TS. FHD
{K#E Vol(b) 1%, K (3.9) WKWRT LI, BEXLOADEXDETIHEINS.

Vol(b) = [ [ 20: (3.9)
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BAE  FH

AETIE, IREFEOFMERICONVWTIARNRS . KEBRTIE, EROFEHDA
AEHEEL, ZhE 35 TIRRZ3DoD&X A7, WSD, #iEZmO¥E, HiERD
FAFEROHEE, ICHEHT . TALDXAZIZOWT, IREFETHIERD
FHDAAEH WS FIEERN—R T4 Y FERHKT 2. 41HTEERICHWS
T =Xty MZOWTIER S, 428 TIIREBEFEL KT 2720DDR—2AF57 4~
WZOWTIER S, 4.3HITIFRERDFDIAAE T ILDFEFIZONWTHNRS. 4.4 i
TIXFEROFEHDIABLZICH X A7 ICEHH LR ERE L, 2OEEEZHNS.

4.1 T—=AR2tvhk

EERZIZBEFED WSD O 7 — &ty b ZHW5. Raganato H DIEE L 7= ##H
& [34] 1IZHEW, SemCor 3.0[27, 2] ZFll#f 7 — &, SemEval-2007[33] ZFFET — &,
Senseval-2[15], Senseval-3[39], SemEval-2013[30], SemEval-2015[28] %7 & b 7 —
ReTh. ZNZhDT =2y MIELWVERMIG INT-HBIOEETH 5.
¥z, WINOT =&ty b TH, FEFRIE WordNet IZ & - TEFRK X4, WordNet
2B 5 synset BgEFRE L TG I TWS.

FRDOTF =&ty DS, Diving thingn.o1s Dartitact.01, Dentityno1 & D 3 DD
T =Xty FEIENRT 5. living_thing.n.01, artifact.n.01, entity.n.01 (& WordNet
WZBT 5 synset THH, T =Xty MIZNOD synset & H FMioBERZ b O
MBI SRR SN 5. Dentityn.01 BHFRERTH D, Diiving_thing.n.01 & Dartifact.01 &
ZFAOY TRy FTHS.

AT — %, BT —%, TR MT—XOfiET 2 zhehK 41, K42, K431
RT. K41 XD, Diving thingno1 £ Dartitact.n.o1 Ditde DBUIFFEEE, Dentityn.01 Dib
ROBIMLD 2 DD TIETDH B Z D3O 5. £72, Diving thingn01 & Dartifact.n.01
T, HEEOBDEROMEID 2. T, 31HTHENL XS, EBROK
% synset DEEFL L, 1 DD synset IIFEHDOHEELET LB H57DHT
H5. HlZIE, carn.01 1 car, automobile, motorcar 7% ¥ DRI D HEZE D> & HEAL X
N5 synset TH 5. R42ITRT DI, X T —XRDEROBIIFM T — 2D
100 7D 1THD, R4A43IWRT LI, 7A T —XOEBROFUIFIH T — &
D107 D1TH 5.
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® 4.1 JIfR7T — X Difiat

Dliving,thing.n.m Dartifact.n.01 Dentity.n.()l
FEFRA 1,713 1,938 12,757
BAGEX 1,809 1,993 11,026
FH 5% 15,835 8,704 84,944

® 4.2: FFET — X OffET

Dliving:ching.n.Ol Dartifact.n.01 Dentity.n.Ol
FERK 17 12 125
BAGERL 17 12 127
R 25 20 159

#£4.3: TA M TF—ROHE

Dliving,thing.n.m Dartifact.n.01 Dentity.n.Ol
ALFREN 194 132 1,704
HAGES 202 131 1,515
FABIEL 628 273 4,186

RIZ, RBASIWRLET A N TF =205 2HET 2 22T, 3.5HiClhR7
JODRRAIZDT AT —RENENT 5. ZDIERTTEELINICRT.

e WSDARRIVDTAT—4
RAZDT AT =205, AT —XICHE T 25 E#RL 2 EM L O
B (2FKiEE) T, »OZOIEMOERDIM T — 2B T 2 HloEs
WL TR S 2. ZO#iEt 2 £ 4.4 1R F. TALL) 37 XA FF—&ZFTRTC,
[<10) ET R VT —XD 3 BAlllT — X281 2 HEMEED 10 B R OE
FOHHITH 5. BEIIESEEDFEFISHTT 2 WSD OMERERHI 2 721 H
W3,

# 4.4: WSD 2R 7 D5 A b5 — & DRI

Dliving,thing.n.OI Dartifact.n.Ol Dentity.n.Ol
ALL <10 ALL <10 ALL <10

FAfI%EL | 190 66 78 40 2,514 992

o MBHRHNEXRIDT AT —%
RAZDT AT =& 5, NREFEDGFIRT — 2B 2 FB 2 Hibe L
TS 5. 2o OHBNTH L, IEROFERDFIRT — XITHE L TWwiz
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FAUE THEERY, 7O TRWLWEAIE THERTIER V] 2 LTI LT
T5., TOTAMT—XDFEI 2R A5I1TRT.

£ 4.5 FEERHEER R 7 DT R b7 — X DB

Dliving,thing.n.OI Dartifact.n.Ol Dentity.n.Ol
HataR D B 20 12 295

HEEFR Tl W I8 500 221 3,379

o FEEBRD LMNBEHEEFXIAIDTA T —4
RAZDT AN T =X 5, JIT —2ITHBRE LR VEERZ EMR L 3 2 6
WL TIER T 5. RASITRITFFEERHEX X 712BT % THEER O
B 38D, MREGEEERIET —XICHBE LR VEBERORAD & %
N3, ZOTAMT—ROMETEFK461TRT.

£ 4.6: PR FAGERMHEEX A DT A b7 — X DB

Dliving,thing.n.OI Dartifact.n.()l Dentity.n.Ol

FABI%L 107 32 658

4.2 RN—X714>2

H—DNRY PNV TERERATIFEER—ZAT7(4 2 L, FHHEOAARYEY
TRRBEFHEL KT 2. BRI, UTO20D0FEER—XTF7L T 5.

BERT-NN
T7A4 v Fa—=r 21T, FHIFEEAD BERT 2 AW TEERD UK
HDAALERZFE AT — 2B 2 TR TOEROAMIICONWT, *
DYRHEDIAAE BERT THER L, ZDFEEIRT ML EBERDOHEDIAAEKH
&35,

MetricWSD
MetricWSD[10] 12 & o TRERDOHDIAAKRE (F'a + &4 TERB) 2H%H
T5FE R—ZAEFTL L LTBERT 23N TW\W3 728, MetricWSD &
BERT-NN %2774 v Fa—=VZLEFELWVWZS.

BRAZIZONWT, B—DR7 ML TRINZEROMDIAARE VWX —
274 VFHFEEIUTD LS ICEET 3.
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e WSD ZRIDR—R54 VFE
T A M T —=XORBNZBT 2 REFEDFERIE, NREGEOERDOIEMD S
5, ZDOHDHAARI » MGEHFED R DIAA & DIREED R b T VEEFR &
TS 5.

o IBRHERRAIDR—RAFHM4 VFE
WREFED TR TDBERDIEMICOWT, FEROIHDIAARE L WREGED
Y%@mﬁ&%ﬁt®Wﬁ#%ﬁa%?@01mé% RS, Thlt
WBHRER TR VW HE T 2. BE o OFREHIEZ, 3.5.2THTHRNHE
YEILTHB. 727701, iR AGOELEDFEE 2 DDHEDIAARITD
HLENS 2007 MLVONRBICEET 5.

o IBRDLNBRHEERIAIDR—IF1 VFE

AT — XTI T 2 TR TOHFED TR TOERDMDIAARE %, MR
HEED IR DAA L DEEEEASTWVIEIZY — R L, EA7 10 [ADEE %2 05
HAGED FNFEROEME 3 5.

4.3 ETILDEH

BERT-NN, MetricWSD, #2R{FEoVnINnd, HAFEEABERT €718
L T bert-base-uncased[1] ZfEH L7-. IRRFEOHREL LT, HHDALZHT)
T2 7=DDEREEEDOIITENE 256 (¢ ¥ o DXRILHUF 128) , ¥R —F ¥4 X Ny
x5, 7TV H A X NGgld20, ELEY — FOFERBOB N 1T 128 2 Lz, HR—
R A X Ng & 27U %A R N i3 MetriceWSD O3k [10] L [A—TH 3. %7z,
MetricWSD DELEY — K DFEFEDE No IR HFEDEROMTH 5.

EROMMDIAAEERT 2 ETNVD IRy ZHEHFET — & %AW Tt
T3, 5T Ry IZH5 100Ky Z7ET5 TRy ZORRETEE LEET LVEGRE

L, ZOHDPOHREBOETVERET — X2 RICRET 5. BRT— BT

LBRDERT S = {51,5, ..., 5m}, SPH2DODFERTEATIUANRSIEFIDOES
P35 (R (41)).

P = {(817 82)7 (817 83)7 sy (8178771)7 (827 81)7 (527 83)7 (XY (8275777.)7

vy (Smy $1)5 (Sms 82)5 -y (S Sm—1) }

(4.1)

THIZ, ZOHDD s; s, D EMBERE Lo TWBERT (s;,5;) ZHIH L, Puyper
35, s; s DEFHED FBERTH 255G 0THRL, BERT T 7 1B 50
JEREE 2 LIS Ts, 200 5 ICENET 2HE D EL. Pryper NDERT (54, 85) 12
OWC, T —&roZzR6D 70 b & A TEBb,, & b, Z1EKL, P(b,|bs,)
ZitET 5. 2L T, T FE%E, 7N 5 B MIBIfRICH 2565k
MO¥EERa7e 35, ZOFEERaTIE, ETNMIE>TEEINFER
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DOFFEEDIABHFEFR D LA FIBfRZ E 2T EYNCRBLT &2 Tw» 2 0 23l L
TW3., ZOMHEPREINZITRTDETILIZOVWTITY, 2a7HRKDE
TNAERFERL, Zhe T X MTHWS.

Dhiving thingn.015 Dartifact.n.01, Dentityn.01 DZINEIUIDWNT, TRy 7 DIEINTHE
SHBHERa7 DX %K 4.1a, M 4.1b, M 4.1cITRT. T =KLy D Phyper
DY A RF 15, 2, 52 L8272, Diying thingno1 CIEFEDHETICHE > TR a7 D
TOBMEANCD 2 Z 8, Dartitactnor CEFEZHIEDITHE - TR a7 25 L 2 {HH
252 Z Y, Dentitynot CREENEATH 2 TITRKRELREMPEL RN LD
D%, Dentityno1 C2WT, EHEZ7PAELZVDIE, TOTFT—Xty b
BT 2EBEROBIMO T -2y FeHNRTEZL, 1T Ry IRRVIEDD,
IR 7 DRINIFE LIERP TRy 70O TAHAE TR CTETVWARWVE
DEEZHND. Diying thingn.01 £ Dartitact.no1 DIEWVIZDOWTIE, FEZRDEDFFE
BTH2Ienb, TRy ZORIPFERTIIZL, FERS 7 7 OMEPHAET —
ZDOEDENIEIDETCZEZOND. £72, Danitactnor D Phyper DI A X1
2THY, PRD/PEINZ Do, WUREFHER a7 BREETETWiRnwalelE
BHb. Fl, &S, &S, ZHET 2L, Divingihingnor £ Dentitynor TE S, &
D S, DIFBERINC AT DENN. —17, Dantitactnor TlE 2 DDHIE TR 2 71k
FRETH 5. RELORRER, 7R MIHWSET ML, Diying thingno1 CTL& S, 23
TRy 715, Sy D5, Datitactnor Cl& S, D385, S, 5360, Dentitynor TIE S, 235,
S, M5 &izole.

4.4 FERCER

4.4.1 WSD ORERER

HFED WSD DIEfER %K 4.7127RF. ProtoBox S, & ProtoBox S, 1%, {1l
ZNS,, S, BH T Y Lz EOREFEERT.TALL) 37X b7 —
ZFANRT, <10 ET R T =KD BT — 21280 2 HBSEE S 10 BT
DFEFRDAENNRYE LIz EDIEERTH 3.

FALL) OfiR%E R 2 b, IREFRI MU T — 21y M TH S Diying thing.n.01
& Dartifactnor CBBORNR—RA T4 V& Lo 703, #HFeiEo7r -4ty b T
B % Dentitynor CER—=R T4 V&2 RElo7. MR T — &ty MTI, FERME
D_EA RBROIEHRD WSD OMRED M EICH 5T 2 e bhrsb. —7F, %
ARKDT =Xty FTZED XS BRMRPA SR VERK Y LTI, 4.3H TN
72 £ 912, Dentityn.or EFEBROBDPMD 2 0D F =&ty b IRTIEFICZ W
», BEROFHDIAAZHEYNIHFETETVWRWIEREZILNS.

[<10) DFERZRS &, Diving thingn.01 & Dentityn.01 CIEZ 15D MetricWSD %
FEo. oz ens, BHEEERICOWTD, EXRBO EA MIBEROERS
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(C) Dentity.n.()l

B 4.1: EACFBIfRIC D S EERMDEEE R a7

WSD OHREDM RICTHFE T 2 Z D05 5. —7, Denitynor TE7 74 ¥ F a2 —
= 7 ®{Th% W BERT EF L TH % BERT-NN 23R b mWIEMER L 72 5 7=,
YT TS, S, kiR, T—Xty FREROHBSEEICX -
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T, 220DIBDBELHIIED L Ze03bh 5. LD L, Deitgnor CRo T, TALLY
¥ <100 DWW THEEE S, 23S, & EEloTW3. 348TdR~=L512, S, Tld

TLDFERCMBRRICH 2FERR Y, BRI 77 LTIHWNEIZH D ERD L

TWARBROFFETVELR LR VLI ICFEE L TWED, ZOHIEIFER DN
ZWEHEICENTHE VRS,

7 4.7: WSD OffHR (IEfRER)

Dlivin thing.n.01 Dartifactn()l Dentit n.01
Model sme - i

ALL <10 ALL <10 ALL <10
BERT-NN 81.6 7277 744 T71.5 579 60.2
MetricWSD  82.1 77.3 859 92.5 73.3 57.9
ProtoBox S, 83.2 80.3 87.2 875 628 572
ProtoBox S,, 784 81.8 84.6 875 63.2 583

4.4.2 FHERYEDRERIER

BFFEOFRERDOHEDF1 227 #FKA8ITRT. F£4.7 1R L WSD OFEHR
CIERRYD, Denitynor TIHIBEFENR—XF74 V%2 LAY, HDD2ODT—
Xty FTIERE o=, 22008 7Y Vv ZEEEZ T 2 2, IS, O
HHS, b dEWFL Z2a 7.

K 4.8: FREEDHEDHER (F1 2a7)

Model Dliving,thing.n.m Dartitact.n.01 Dentity.n.Ol
BERT-NN 16.4 10.2 19.5
MetricWSD 15.2 17.7 21.2
ProtoBox S, 14.5 14.1 25.1
ProtoBox S, 10.9 15.5 22.5

HRERDHEIX TR TOERDEDIAARBLE 7 X b 7 — X DHHIORE D
IABDOELEDIRE o XD RKREWVWD FRERTIERVEHE) /hE v Bk
CHIE) THIEL, ZoORMEIXFFE T —XEHWT35.2IHE 4.2 fiTh =751k
TRD 2. T ZTIEFEBRICHRE S NBIE o DFRRIZOWTIANR, 2ROV T
BT 5

BIE o VIO REGE Z L ICEBNCRET 203, BT — R ITNREGED AHID 72
mt%m¢«1wﬂ%$5k0m1®$ﬁﬁkﬁé ¥ T — 2 ICHID DD, A
ANZ o ZFE LI HEEDEUE, Diving.thingnor TV 15 M, Dariactnor T 10
QMMMTMLBWT@ok.ﬂﬁiﬁizk SE L7 BUED 0 % X 4.2 127K
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(2) Diiving thingn.01 ((N—AZ7 4 ) (b) Diiving_thing.n.01 (FERTFIE)
4 2
3
2 1 g
%000 005 010 015 020 025 030 % 0.0 0.2 0.4 0.6 0.8 1.0
(C) Dartifactln.OI (&"—X 7 ’f \/) (d) Dartifactn.Ol (*%%iﬁ)
40 8
36 7 E BB
32 6 [ . A
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16 3 H
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P TGl ol
. Hlkk.: .M I i
0.00 005 010 015 020 025 0.30 0.0 0.2 0.4 0.6 0.8 1.0
(e) Dentity.n.Ol (/\\"—X 74 ‘\/) (f) Dentity.n.Dl (j:%%q}.{i)
(a),(c),(e): 7°23 BERT-NN, 2% MetricWSD (b),(d),(f): FRDHKME S,., HH S,

X 4.2: BIfE o D531

T AKNE 62D 75 7120 T 5%, FBAZ Diving thingn.01, TEIE Dastitact.n.o15
FBUE Dentitynon DFERTH 2. £/, LlIN—=RF4 > (BERT-NN) & Metir-
cWSD, FHIXREFE (HEE S, » S,) DR THZ. K4.2a, 42¢, 4.2¢ & D,
FTRTDF—X+t v b T, MetricWSD @ a & BERT-NN D a X h/NEWZ &
D%, WSD OFER T MetricWSD D /5% BERT-NN X h BEWZ &5, Met-
ricWSD 2327 TV KRB (7R b7 — X ORBIOMDAARIL) L IEMEEFRUINDFE
#ZO70 N RA TREOHLENMEL 22 KD ICRERDO T 1 b X4 TREZ Y
L, CHUCX VBB o DIELARESI N2 L EEZILNS.

4.2b, 4.2d, 420 R LIRBTFED a DRHiERZ L, IRTOTFT—Xt v
FTC, BEFEDaZ 20D IR—2F7 4 Y IDBELFHLTNVWE I L
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Whhbd. FHHOIAATIE, H—OXRZ MLEERD, HORZTIDEVRITH
WX THMENRELSE (T 2D EILNS.

FRITIHIRTZz K 912, BFET — XICHBE LR WHGEIZOWTIE, $XRTOXSRHE
FEICOWTOETE a ERELTWVWS., ZOHEZFRLIITRT. TORNPL D, &
ZZFE ProtoBox S, £ ProtoBox S, DEIMEIXE < BE SN B EADHEZETE 5.

£ 4.9 BZET - ZICHBH L BROWHEEIINT % o

Model Diiving thingn.01  Dartitactn.01  Dentity.n.01
BERT-NN 0.159 0.167 0.156
MetricWSD 0.091 0.092 0.107
ProtoBox S, 0.254 0.580 0.322
ProtoBox S, 0.256 0.423 0.289

4.4.3 FEERD LMEREEDRERER

FEER O FEEROMHE O R 2 £ 4.10 121”7, 3.5.3THTHB-HME 5130.5,
0.7, .9DWVWITNDLERELT. ACCIET v 7 MO ENFERDEMFR (Ac-
curacy), MRRIZIEfED _ENFEFRD 7 > 7 DD (Mean Reciprocal Rank) ,
WP 7 ¥ 7 D3 B BAEER & IEfRDFERR & @ Wu-Palmer FHUE [41] TH 5.

Wu-Palmer Z28LUE X, 5B T 7 7 ETOHRINLEHEINS 2 ODER DL
ETH5. FBK s1 & so D Wu-Palmer FHBIE X0 (4.2) TEHEZI N 5.

d(les(sy, $2))
d(s1) + d(s2)

2T, d(s) R — R 5iER s T TORMIERE, lcs(si, sy) 1FiEFK s, & 50 D
BHITWHED FAES (Least Common Subsumer) TH 5.

FEERDOFER, ACC L WPIZITARTOT =Xty MTREFEIPIR—XF4 V%
Ello7z. 2oz rid, BEFEC X 2EROFHFHDAAFLE D LAFEROHEE
(2277 IHER) WWHAMNTH S Z L ZRBT 5. Deptitynor (CBWVTIE, #BE
FIEDOMRRAER—RA T4 & REloF. COFERE, SvFrr7onge s b
NMEERDIEH DOBEFTEDENVCL 2D EEZ NS, 353HTRREZLI1Z,
RRERTFIETIZ P(BE |b?) > &\ 5 Sefh 2l TR 2 _LARER O & 5 523,
NR=ZA 74 Y TREIRTOFER T LEROEME LTVWS. XHZLDERE
TR & 5 2 Dentitynor TlE, HD EA7FEFED P(bY|b?) > B D&M/ X F
WD SR SR, ZOREER MRR OEME RN Lz e #HEN S, Lo T,
FAFEROBMEZ R DIADKRMEZTM T 20BN D 5. £72, Denityno1 SBT3
R—=ZA 74 VERBEFIED ACC ¥ WP DI, o207 —&ty &b B/
Lo TWVS. ZhUE, WSD DIFE LR U L, Density.no1 DiBFEDEAHMBD 2 D

WP =2 x (4.2)
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DF—&REty b LHRTIEEICZ VI 256, BEYUREROHEEDIAAINT L
HEETETTVWRVWEDEEZLNS.

# 4.10: FrEEFRD EHAREFRHEE DFER

Model 3 Diiving_thing.n.01 Dartitact.n.01 Deptity.n.01

ACC MRR WP ACC MRR WP ACC MRR WP
BERT-NN 150 259 754 94 150 56.7 6.8 11.3 46.0
MetricWSD ~ 10.3 223 765 3.1 151 475 79 13.2 50.1
ProtoBox S, 0.5 374 515 86.3 125 156 624 59 125 52.6
ProtoBox 5, 53.3 59.3 8.9 94 109 626 6.8 12.2 50.8
ProtoBox S, 0.7 51.4 589 88.7 18.8 18.8 649 6.1 11.9 54.2
ProtoBox S, =~ 53.3 55.0 87.1 3.1 4.7 59.1 6.7 114 50.8
ProtoBox S, 0.9 53.3 54.7 8.6 94 94 65.4 10.0 12.7 525
ProtoBox S,, =~ 346 346 76.2 3.1 3.1 603 4.4 6.0 47.8

4.5 FEROFIEDHIAHDERIL

WL ODDFERIZONWT, FE SNFEROHEHDIAL FIFRT — 20 SR
Ni=7m v kA TRE) BT 52T, BEEOBEFZREELLFEETETY
0BT 5. AIFLICHVWS ETLVDOFEE DO TR Y 781X, Diving thingn.01,
Dortitactn.015  Dentityn.01 P INXTTI1I5 & L7

F9, dBRO L MIBREZELSFEETETV A2 ZHET 5. Diving thingn.01
DT =Ry M HEEE S, DIRRFIRIC Lo THE LN FEFE animal.n.01 £ dog.n.01
DOFFHDIAALZ K 4.3, Dartitactnor DT — XL+ HEEE S, DRBETFEICL -
TI$ 5N 72553, structure.n.01 € house.n.01 DFHDIAA KX 4.4 17T, XD
T FEEE D AA DRI, MENISERITOLDOXEERT. FXRTOAD X EIE >
7EA FEBUTED 0525 1 OFFOMEICEII N TV 5. LRI, R
H, HEBFLZNLTHO 2 DODFHHDIAADER > TV HHHZET. ThbDN
725, animal.n.01 DFE2H dog.n.01 DFFE ELE L, structure.n.01 DFA house.n.01
DFZTEELTWS Z e 2iAIiL 5. WordNet T, animal.n.01 1% dog.n.01 D
IS, structure.n.01 1% house.n.01 D ENVHEZ L ERINT WS 720, ETIL
3 ZNS DFEEMO LA MIBIMRZEL S EEHTETWS e bh 5.

Dentityn.01 DT — Xt + 2 HHIE S, DIRRTFIEIC Ko TE S M /ziEFR animal.n.01
¥ dog.n.01 DFHEDIAALE K 4.512, Dentitynor DT — XL v b h SERHEE S, DFE
HFIRIT X o THE SN T25E3K structure.n.01 £ house.n.01 OFEHDIAAZ K 4.6 12
RY. FElEE L FERRIC, animal.n.01 DFHIE dog.n.01 DFEZTIE L, structuren.0l
DFlX house.n.01 DFEHUELTWS. LAL, K4.61XK 4.4 1HNTRUDGE
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4.3: FBF animal.n.01 (Ff) & dog.n.01 (F) OFHDIAA (Diving thingn.o1, Pro-
toBox S,.)

4.4: FEF structure.n.01 () ¥ house.n.01 (F) OFHHEDIAA (Dartitact.no1s
ProtoBox S,.)

2 house.n.01 DFWHEHED HY .2 TWB Z 205, Datitactnor P& = X D IXIEHE
W BN ARG EEE TETVRVE VR . 43HICBVT, Doitynor Tl
BROBDZ VWD IEROFHDIAAZHEYNIFETE TRV E RN, Z
CTORHIELTHREDZ P NZ D, Tz, K43, K44 OFHDIAA Y L
T22, ALZRY ZBTH¥ELTD, Denitynor DHPBMHLD 2007 =&+t v b
X DFEDIABDY A4 XPKREL RoTWS. IBEFHEIIK (3.6) DEKEHF/IME
T RLDICHHEDIAADY A X2 KRELTHMHEALDD, FLEBEBZROEDZ VK
BER T =2ty hTIEZEY — FOEDEZ, 1 DDERLY > TV I7EN3
M2 27200 EZ N3, X5HIT, 4DDERDOFHDAAICILE T 2 K
LT, 02561 200RKMEE T A2RILHZWN. W RtidFERM OBFR%E
RIT 5 LIQEERLRV. £, RBIBEM FIZZRESH, 2D
EPEY)RFEROFHHDIAADFEE ZH L LTWAER > TWAAHEND
H5. Jang 5O [20] TH, FHAHDIAADRITEII 4 KT 6 KILD K 5 72/)
SWVEICRE L7 APERED R W Z 3G T3,

iz, BRI TEBRVEFREEETETOVE2EAET 5. Diving thingno1 D
T =Xty ML S, DIRBFIEIC L o TE SN 725EFK tree.n.01 £ dog.n.01 D
FHDIAALE K 4.7, Dartitactnor DT — XLy Mo HEkEE S, DIREBEFIRICL-T
B o N7FEREK art.n.01 & house.n.01 DFFHDIAAZ K 481" T. TNHDOMH) 5,
tree.n.01 & dog.n.01, art.n.01 & house.n.01 DM/ DT, —FHDFENDH 5 —HD
HraaltunhnwZ edbsrsd. WordNet T, treen.01 & dog.n.01, art.n.01
€ house.n.01 DN BN IR H 5 L ITERINTOVRWED, ETLIE
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4.5: FEF animal.n.01 (GR) ¥ dog.n.01 () DFHDIAL (Depsityno1, ProtoBox
S,)
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4.6: #EF% structure.n.01 (3) & housen.01 () OFEEDIAZ (Dentityno01, Pro-
toBox S,.)

IS DFERD ENL BRI W L ZIELLFEETETWE I ehbhd

l
0.0

B 4.7: FEFE treen.01 (FR) & dogn.01 () OFEHDIAAL (Diying thingno1, Pro-
toBox S,.)
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4.8: FEF art.n.01 (F) ¥ house.n.01 (F) DFHEDIAL (Dartifact.no01, ProtoBox
S,)

2, BRANZENDY EAT MABIRICRVGEROMICOWT, ¥ SN FEROH
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HOABDHNIZRT. K7, BIES, & S, DEWVZOWTHERT 5. Diying thingn.01
DF—Xtw + o HEEE S, DIERTIRIC X > THE SN 723EF cat.n.01 £ dog.n.01 D
FHLDIAAZ K 4912, Dartitactnor DT — X M HEE S, DIREFEICE-T
15 5N 725EF hotel.n.01 ¥ house.n.01 DFHDIAA XK 4.10 17T, 7, cat.n.01
& dog.n.01 DFELE, K4.71ZR L7z treen.01 & dog.n.01 DFFL D BEHEZ D HRKEWL
Zebrs. WEDERD ZERINCHHET % &, P(cat.n.01|dog.n.01) = 0.17,
P(dog.n.01|cat.n.01) = 0.20 THH, HATHCEZ>TWE e WR 5. ZOHEL
LT, catn.01 & dogn.01 OBERHREEEE (GER 7 7 7 L TORE) 13X treen.01
¥ dogn.01 &by, 34HTHRAREZKSI1Z, ¥EE S, TlkohsofRz
WYNZHETERDPoTZZEPEZ BN S, hotel.n.01 & house.n.01 DFHITDOWT
%, P(hotel.n.01house.n.01) = 0.01, P(house.n.01|hotel.n.01) =0.19 THbH, Ty
BIEHNCER > TV 3.
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4.9: FEF cat.n.01 GR) & dog.n.01 (F) OFHHDIAA (Diiying thingno1, ProtoBox
S.)
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4.10: EF& hotel.n.01 (F) ¥ house.n.01 (&) DFHEDIAA (Dtitactno1, Pro-
toBox S,.)

Dhiving thingn.01 DT — Xty D HHME S, ODRBFIKRIC X o THE SN FER
cat.n.01 & dog.n.01 DFHDIAALZK 41112, Daritactmor DT — XLy b2 HEK
f& S, DIRRFIEIC & o THE S 172557 hotel.n.01 & house.n.01 DFE DAL %
M 4121”9, ThoDeX49, K410 ZHET 2 &, TROLEEES, &
S, T 2L, HMBOHBHOELZD /NS W ebhrd. WEDOMGRE
TEBMNCFEG L T3, P(cat.n.01|dogn.01) = 0.06, P(dog.n.01|cat.n.01) = 0.04,
P(hotel.n.01|house.n.01) = 0.01, P(house.n.01|hotel.n.01) = 0.05T&H b, HKHE S,
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toBox S,,)
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ARBFFETIE, MetricWSD %955k L, Prototypical Networks % U CREFR DFHH
DIAAEEE T TERIRRE L. X512, FEROELEZHE T3 -0ICH
BZINEVWT =KLy b (Y —=F) ZERT 228D DHEZRE L. Y
L7=E7 V% WSD, #EROHE, FRtRo LAFEROHEED 3 0D X X 71256
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FULKHED %2 T VR LIGERAT. BIE S, TlX, H2EROFMEDIAAD, R
MEEFC BRI D 2ERDOFEMDIAA L ELR LRV L R EHA L.

WSD OFEEETIX, —HOHiA» ORI T— 2ty MTHBT 25ER DD
YT —&ty T, BEFIEEIR—ZX54 % EHo7. LrL, &A%
K2 ORI NEROBENZ VT — &ty FTIE, BEFEEIR—XIFL %2
[lo7z. ZHUX, EEROBMNZ LD, EROFHEDIAADLT L HEYNTH
BINBZWZI e ERBTE25DTHo72. Tz, —HOT—&XEy bTIE, R
FIEIC & D RBEEFER IS 2 WSD OMRER M E3 2 2 L bR T &7,

HREFRHIEDEERTIX, WSD DR I3R D, Hiekr ok X g %@
B2 T —Rty T, RBEFEEIR—RF7A V% Ao/, 72, Hiib
P DEHET BRCHCAEED M Z A2 &, FATHIED MetricWSD Tl
CHFIFIZOMA L TV L, BEBEFETILEVHEHPHIIZOMLTWS Z e
Doz,

ﬁE%@LUa%ﬁﬁ@%%fi REFEEE2ERITN— X74/%iEo
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