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Abstract: Is it possible to learn the word representations using taxonomically consistent discrete codes that
reflects the hypernymy relation? Specifically, is it possible to represent any word as an M-ary N-digit code
while the hypernym and hyponym share the first n digits? Once such a representation is learned, hypernymy
relation detection can be done by simply comparing the codes of word pairs. Motivated by this concept, we
propose an architecture for transforming distributed representations into hierarchical code representations
and a differentiable metric that quantifies the degree of inclusion relation of an arbitrary pair of codes. Con-
cretely, we present a methodology for training an encoder that transforms any word embeddings into the code
representations with continuous relaxation while considering hypernymy relations among words using large-
scale hypernym-hyponym word pairs extracted from the lexical resource as a supervision signal. Accordingly,
we applied the learned hierarchical codes to solve the hypernymy relation detection tasks. As a result, we
confirmed that the proposed method outperformed existing methods based on Semantic Specialization and
Order Embeddings in the hypernymy classification tasks. We also conducted an ablation study and confirmed
that the auxiliary task of reconstructing the input word embeddings from the codes and negative sampling
using non-hypernymy but semantically similar word pairs contributed to the performance improvement.
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Fig. 1 Overall schema of the proposed method. 1. Train the
encoder using lexical knowledge and word embeddings.

2. Convert the word embeddings into hierarchical code
representations using the trained encoder. 3. Detect
hypernymy relation based on the inclusion relation be-

tween the hierarchical code pair.
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Table 1 The 16-digit 8-ary hierarchical codes obtained by the
proposed method. Proposed method enables trans-
formation of any word embeddings into hierarchical

codes.
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Fig. 2 Encoder architecture. Rectangle indicate functions,

Rectangle with rounded corners indicate variables, and

dotted lines indicate no back propagation. Refer to the

body text for definitions of symbols.
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Hb (ERFEICZOWTIE 35 HiTilkR5),
FHEFHRIICE T 5 H B Licconss V&, BEE I — K2
STME L 20MERL, F) YV FLOSBEHLED L2
AL LTERT A, 72 Lo ICIZgELn
HOADEGTAH L) IHIFT 4. BARIZIE

Lreconst = Z ||{)w - vwll (16)
weV
N—-1M-1
b= htﬂmﬁﬁ o = &) uCi.a (17)
d=0 a=1
d—1
o= Cda <H(1 - ék,O)) (18)
k=0

CEFT BT, 1L VIR, HESMEHOERTH L.
72 eqq td, dHFTHOME a(# 0) I2EI ) BTN 2 b
Thb., HLERY FVIFIMMOETFTILINT A —F LRI,

F 2 FFELMTRMERTOER. 15 v 7 FEERS NG
)
Table 2 Generation of the non-hyponymy word pairs. Italic

face indicates the randomly sampled word.

i AEE (s)  TRLEE (b)
1EHl animal dog
NEFF: B dog animal

FAREE B2 S5 EAR dog_food dog

I AT FEELIRHNE T S dog dog_food
THRE % Rf 2 5 FEIR animal captain
FAZREELAR T BOfin captain animal

ELEZUS IS P H e

FEX OB & B O M ARG WE 10§ 2 B
Ly &, WEa— F25KE 2L OMEE, B
BeoMEFHEL LTERT 5.

L= —I(length(C’); V) (19)
1 w
HV:vMﬁw;%Mv:U} (20)

7272 L length(.) &, RERE 2 — FOIEX oMz R4 BT
HbH. 2F Y length(C) 1&, {0,1,.... N} OWFhrz
BIERERTH D, 72V IE, HIESHEH T £ IS
Bcanh, RESATENT .

M EASHEZ KD 5 720 1013IEX OB & MBS
FKHOMERIA M CTHIFHMEZ RS 2 LED S %707,
Hi# 2 TSRO 5 2 LIZTE R, 2T R T
ot LA, R (10) TER L RS P(C) %
AV TEBMICEET 5. sEMl 836 A2 12
Y.

3.5 FEEMTAEERT (Bfl) DERK
EEBFEISHONDLDIF M FRERT DA, 2F
EBIDRTEDS, BN { TIIEIREEE S F < dfbd 5
ZLiITELRW, ZITIEFRERE L OELIRE W, A
MO R TALFERT 25 5 DO LML FALRERT & A5k
5. NEFE LS RS O A, BRI OMHEE 5
LG T T LIRS B EETH B, EAR
1, 30%DHESR CTHEEBADRERE 100 FE2 5, T0%DHE
REEFEREPOT T v 73568, Zhicky, BER%E
ICZ LVWHGERT 217 Th <, BEREBIEZE VAT AL
TR TR WEFERT AR SN L) 1275, JELE
NFRIFERT OERGI TR 2 1I2RT.

4. FEER

4.1 FHMEL2ZXV - TF—%tv b - HBHE
JATIRSE [21], [28] IS B\, 455 A7 3HHB LU,
FrXR VTR LEEERGWC, EACFARRRIZ A 712

TR ERT w PSP RGERIRT R A LT,

© 2021 Information Processing Society of Japan

Bl SRR BB X TGRSR 5.
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R 3 ERTULOMEED L OBATIIR L OILEL RETFEEW ST X — & 222 T 5 92k
L7236 L OB RZAE (7 v aNOBE) 2. KBTI EORIL Z Lln 2 $i4)

Table 3 Performance of the proposed method and previous studies. The proposed

method reports the mean and standard deviation (numbers in parentheses) of

five trials with different model parameter initialization. Bold figures indicate

the proposed method outperforms the best result of previous studies.

Fi PR IR AFRICH W 2 EE4%  BLESS-hyponymy WBLESS BIBLESS HyperLex
Nickel+ [22] WordNet SN VAN X VA - 0.86 - 0.512
Athiwaratkun+ [1]  WordNet BB VAN X VA - - - 0.59
Dash+ [7] Hearst Patterns  Ff7 MfZ 0.97 0.91 0.87 -
Nguyen+ [21] WordNet S (VAN VA 0.92 0.87 0.81 0.54
Vaulic+ [28] WordNet, Roget i A7 - /3% - k5% 0.96 0.92 0.88 0.686
g WordNet R 0.984 0.919 0.886 0.539

(0.004) (0.004) (0.007) (0.012)

B 2RETFEOUREZ T 5.

3% A 7 1%, BLESS-hyponymy [14], WBLESS [30],
BIBLESS [14] ® 3 ###i% H\\» 5. BLESS-hyponymy (& I
MTFRFERT D) b EL LD LAFEDO 2 H55H, WB-
LESS (& EAL FAZEE4R - 2 ofiod 2 {4546, BIBLESS (&
FALFAZEAER - ML EAZEIGR - 2 o fliod 3 il 53 4EH & i <
YA ThbH. Hamix, X (8) TwEF L7z LA FAZBIR
2 HHERE P(s < t) # HVT4T 9. BLESS-hyponymy (&
P(s=t) & P(t<s) I L TREVE % AR & 2,
WBLESS (& P(s < t) 28 L & WL E 7 513 A F A2 BIAR
EHI%E, BIBLESS (3% 9 max{P(s <t),P(t<s)} L &
WIS I L C, LEWELLEZRSIE P(s <t) & P(t < s)
B L CEM T2 T 22 HET S, LEWHE
EBR T -y R b 5. EMET -5 - TANT—
& orEN [21) LIRS, T—F kY P EREN 2%,
9%\ T ¥ ¥ LorEIT B0, FHERREE T A N T — 5 DIk
% (accuracy) CTH 5. 7272 LT—Ft v FrElcBlr
57T AAADKE T 720, WHIET—5 - T A
b7 — % 53 1,000 MR L TFEEEZ KO 5.

F ¥ 7y A7IE, HyperLex [27] & JH\ 5. Hyper-
Lex 1352 N HFERT % LA TR S LS OEWIE
CIERA LT, 7/ 7= M5 LR & o—3%fE %
HliT 55 A7 ThDH, Hdwmd P(s < t) OEAKE VIEIZ
NEREATIT$ 5. SHIfEREIZA Y T~ >~ DNEMAHE TH 5.

4.2 FEHE

Mefd o — FAOEHEE (o a—%) 23IET27-00
R B X OVHLER R B, AT [21] 18 B o
T, WordNet 254t L7z B FAZRIfRB L O, Haises
T A fastText ET N & HW 5.

*9 AT — 7 1L LWz, BT —% « T ANTF—F DM
HETIIT IV, 2 BTHRRZZEBY, KDy X 7 #5%E13,
R LR A E I T B PR R T 2 L) T
H%. xBLESS =%ty &MWL ZIHT b T
7%\,

© 2021 Information Processing Society of Japan

AR EMRIE, WordNet | Tl - [BHED “is-a” BRI
HHITRTOLYIOXT it 45, 72 213 (animal,
cat), (mammal, cat), (carnivore, cat) % & DHFERT H3%
bNb. D) ZXT, iy A2 DF—% -+ b (xBLESS
B L O HyperLex) L EHT LT 2HIBET 5. 07N
Bud, %F7 972,158,824 1, BFE T A 162,706 {1 &
oz,

HAEE 9 A fastText €7 V&, Mikolov & [19] 25
Mg HY 7T — FERNSEET VO TS, RoCHIT
300, FEHET A XX 100 FTH 5B, L 2<h o Hafr gl
NOEUL, KT - ML TFEXBT S, £72 “dog_food”
DIV IIDPEBORENS 255613, EHEOH
Mz L 5.

HW BB oK@, I =8y FIC X 2R R % M
W5, EAEFRERR) Ly O I =Ny FH 2 VUL, IE6D
200 fF - £161 1,000 - T 5. FHESAER Licconst B & O
HEABHE L O 3 =238y F9 ¥ 7 VEIE, 1,000 T
4. W b7 )V I X 21d Sharpness-aware Minimization
Optimizer [9] Z 2% . Gumbel-Softmax Trick D& /¥
FTA=FIZ1.0 T HM, RBENRTA=FIDATrVa—1)
YA LW, X (14) TRLULABWERO EALM E
M a=5003=005¢ 35, BWeEa— MR M B X
UMiEe N &, 8 16H LT 5.

4.3 EBRER

® 310, RETFEOMRDB L ORATHIZE L O iK% R
. RETER, 2EHIAZICBVTEWIEREZRL.
¥#12 BLESS-hyponymy $ & O BIBLESS T, Dash 55
LU Vulic 512X 2 ATHIED IR AEE %, ThEh 1.4
KAV IBIV0.6 KA v MR-z, EBRICHWS N
AR OEVE FBICANTHEKL T, RETFHILE

*10 https://fasttext.cc/docs/en/english-vectors.html
*11 1.0 1%, PyTorch:gumbel _softmax B$t®»7 7 + )V METH 5.
BB TIMERTIE, RE/ST A= OFBIESTH 7.
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e
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-

I ground-truth
I prediction $

T11

SEER FWE TR LA(4) B2 FhEA(3) R

e [-Tiva
o
N

3 HyperLex 7— % t v b OEIEKE{R
BREAFR D A v IO AL EARE

TFhirEf(2) FhrEfi(1)
ERBIR

& DML, WA Y T VECERAE. B
FHAMOA y THE RS

4
+
! '

+
4
+
+

M%E b6 Fa(1) b FAL(2) E6T T hz(3) L Faz(4)

Fig. 3 Distribution of the ranks grouped by each semantic relations for HyperLex task.

The ranks are normalized by the total number of samples. The number in paren-

theses of semantic relations indicate the number of hops of hyponymy relations.

TR L TR D H B4R IC R o T D, BARIYIC
I¥, Nguyen 5 [21] 2SEBRTH W 72FERAGRIT AN & 13
ZAEECTH B 05, o DOFPH L BT 5 LREFHE 5 »
L 7THRAY OB ELZRL TS, 72 Vulic & 28]
DFEERTH W ZZRERAFRI AT L ) L v (Vulic 51
FREFRE2Z TR, M - J#mERDHTW ) 77,
Mo OWELIEL TH, REFHRIIARED LT 12
52K Y FOEBBIEELRL TS, TbOFRIT
RETLEIEG 2 O N-FEENHE L 2B AT 5 80%
DV & ZRIE LT 5

TRV ITHARY (HyperLex) TiE, #ETFHE Vulic
SRS L REHEEL 10 KA Y U ETRI-7Z. 20
R E LT, e fbicHw2 BB OZE E 2 5
H, |MEFHEEG /7oAy boE—#EEE2R/MET 572
O, IEFNE 1, BBNZ0ICEEST L) EFE. 2Dk
O, FATVERS LS o RIE T Ledwv. 2

WAL T, Vulic 5OFETIE ‘/V?E%O)ﬂ%/]\ﬂﬁ%ﬂﬂ

b (Thbh, v—=VVUTOBEIHRESND) 7
iR I wEEZ NS, F 72 Vulic %@ﬁﬁ
&, AR L7zEBY, KLY % L DF fri’ﬂl;&%ﬂﬂw
TWHZEIZORABIPLETHA.

5. E=
5.1 D¥ERZXTDIR) DR

WBLESS # & 0" BIBLESS O 7 — % £ v MI&EN 5
I EALTALRET (BB &, [N - sz s, b

R R DA O BERBIR Z RO HEER T TR SN T 5

Lo TIELCABIEHE TS HERT OEGEE ﬂili
PR ICHEHTUE, X EWERET EALF AL
FREBALRLT VO ELIETE L. ZoBMIIEDE,
ERBR S L ICIEMR 2 ROEREZR 4 1R, BE
F:1%, BIBLESS O&k-&h5 R B & OB 5r— R 1R
2 B HEERT ORI RN L2550 5. §

© 2021 Information Processing Society of Japan

&4 5% A7 (WBLESS 8 X UF BIBLESS) OEWKEHRI L0
A
Table 4 Accuracy by each semantic relations for classification
tasks (WBLESS and BIBLESS).

WBLESS BIBLESS
EUREAMR B I A IEMEER B2 I A IEMER
B A O AR G YA VA 0.901 S A VA 0.893
VA X A Y 0.976  ThL kAL 0.907
kA Z DAt 0914  Zoft 0.873
Ry 2 ofh 0.838  ZOf 0.843
-k Zofh 0.966  ZOft 0.805
AN Z DAl 0.930  Zoft 0.915
ERONE - 0.919 - 0.886
% b BIETF T (fox, mouth) X (radio, wire) ® X 9 7

HEERT %, FTMEBREEBELLTVWOTHL. &
B WBLESS O 0— kBRI EI GV L5, H
SRR PAREGEM O A IEERE LIS W LG s. L
7230 T, EREEB L U EREE £ NS IEIRRERE O BAL
GEEuliiigrvy) BLOTMN GEEOiifinR) 72L& b
RBZERFTETVDY, WHIZEMTRERS RN &
FEH2Z6NTnEnwEWnZ S, ZOERE LTI, JEL
ﬁTMHAT%E&TéW,/W$%ﬁ%H#&ﬁL

AW EPEEL TS EEZONL, FERM TAFER

T HERE, e Ezidd ) *ﬁ@ﬁﬁ%@ﬂ‘%i’ﬂ%#
HEEAR S ifLZ:. C D7D BN TALEERT 1L, ERIIBI LR

B, FEERNEDEDS SV AOWTIAICR Y
VAT, i‘%*ﬁfﬁﬁ‘ﬁ@% ILTLHBELBICHFY LA
W THb.

5.2 FLXLTEITDBEYHH

HyperLex ® 7 — %+ v ME (xBLESS & [AkklZ) S F
SELBERBEREFOHERT ORI NTBY, &8
HOBEKREITR L1 BT S L EDEAVIZ—ED
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x5 RETHEL, TFEOEENLLBGEORE. 77 V- a3 YHNEELL 720
RERT. Ay ANOFAEIIRETFE & D accuracy DA W, FHFTEEESY

A7 D accuracy 7= DT EIE %= iy

Table 5 Ablation study of the proposed method. The leftmost column indicates the

disabled method or subtask. The numbers in square brackets report the dif-

ference in accuracy between the proposed method and ablation. The average

contribution is the mean value of the difference in accuracy of all tasks.

T7L—vay BLESS-hyponymy WBLESS BIBLESS HyperLex P E G
PRERTFE 0.984 0.919 0.886 0.539 -
- H R R P SRR 0.988 [+0.3pt]  0.918 [-0.1pt] 0.870 [-1.5pt]  0.556 [+1.7 pt] 0.1
B H BB R A AL e 0.980 [-0.5pt]  0.921 [+0.2pt]  0.880 [-0.5pt]  0.539 [—0.0 pt] —0.2
-GG Bt 2 5 AR 0.979 [-0.6pt]  0.913 [-0.6pt] 0.869 [-1.7pt] 0.530 [—0.9 pt] —0.9

WA H 5 LG ENTWB [27]. L7zds> TR L 72 JE
KLk, 75 —% 5 L IERONEN & F W E SR
BRI LIZ7 V=7 L CHET UL, & X9 R ERER
THeF & EfFOR PR EVCODEZRTE L. Z0O%
MICHED &, BERER T & ZNEN 056 & AL L 724

3 IRY. REFHEE, BT - % F—EAF
2oV TIE, FWICITIER & FERDIEFFIF AT E T
AN, LIFLITER LD BIF 02X R EWZ L0905,
FoREgMARICOVTIE, AT S LS 2l KRR L <
WAL EWGNE, TORRELTIE, SHY A7 DED
ST L RARS, FE BT FALEEA T O AR T R AT
Licd wa ez 605, Vulic 5DEBRD L H 12, &
FAREIIRM ANV S 2 & T, MR EO LMD
HEMPD LN,

5.3 REFEOEIES
REFLETIE, BEI— FNOLREETFEHT 57200
TR LT, MiBhHMBEES X O LA TARER T DA
THWTWE, IS DOFED LA TR & X 7 Ok
WHEGLTWERE ) DEFRRLIZDIZ, 77— 3
X DEMUES T EERT A, RETEL, FEO—I
AL LA L OMREEER 5 IIRT. ZOKEL
5, BOLBED S OFIRIC X 5 IE LA T FERT O RS,
FALTRLRRR S A7 ERECAHR TH L I LA, F72
BIBLESS |ZBRE T 1L, BEfg 2 — M2 5 nor#ki %
B SEL 2L, HERBEOM LA THSL I LD
A, TRHIEVWTILG, BERAEDE D E VR
LT, B%5a0— FOELTEZREIHEIHL. ZHIZX
D, ERETREEIR & 2 Do BEREROMIICEF ST 5 b
DEEZ NG, EEIZ BIBLESS TEMREER I & Ok
R A (F6), WP HWBEKE 2 E3REE»S
OEARZ LT 5 &, FMERB & O ak-ERa R0
PEBEAT8.0 25 124 BA ¥ MET$TA5—HT, 75 L0%
HWEEART TOVEREAIL 2 KA~ FRIETH B Z L DT
&7z, LN o THIROERIIZL7ZE VR D,
PSR STH 5 2 L 13, Order Embeddings

© 2021 Information Processing Society of Japan

& 6 BIBLESS 2B 2HRBRI L0, REFELFHEO—H%E
AL L7239 G & OMREA:. BUBIZRETE & D accuracy D
= GEALEARA v b)) 2is

Table 6 Detailed result of the ablation study highlighted by

each semantic relations for the BIBLESS task. The
numbers indicate the difference in accuracy (in points)

between the proposed method and ablation.

EUREMR TR R HELIR
LT -15 —1.7
St VAR YA 0.7 0.2
A A 0.5 -0.5
[EEDA -7.9 —12.4
N —8.0 —1.1
-2k —4.9 —1.8
A —1.9 —0.2

FHFELE L THE I - FRBIZEH WL Z DR L bR
T & L. FHEE4ES L Denoising AutoEncoder DFsH A4
THEATEL20, Bifhd (Zra—%) - ik (7
A—=%) T=XT T X ORFPLETHL. a—- FRY
DA, Shu [25] RAMIEDIRETE X (17) 0 X9
12, BHIOMIZHEA DR PVEEBEATL I ETEY
DR ET T & 5. — 5T, Order Embeddings ®
BEAERTFE CUEMESR 04 [1] RBE IR [17]) 2 &2 A5 F
EDPREINTNDDS, TNHORBUTT 24350
xEMHE, a— FERHADLAIZEERENTIIZ V.

5.4 PEEI— FOEIYTEHMEODHT

REFHL, HEESHER % M N HoRE I — M
2 5. FEBRIIEEMIGEERA S Tw 5 (3 8]) 75
RICEHTCIRRMEZ & 2 BEFR 2 ERTIUL, HiEE MY &8
DOWTIDPIZENY LTS, VIAY) U D—FE Rz
&%, —J T WordNet |22\ T, #HEF (Synset) %
WLTHHFEOITAY ) vV ERBRE L. Z 2 TARET
i, METHICLABE - 22525 ) V7V FPEER
YA, O L) BN T A OO EGHTT 5.
BAKMZ1E WordNet DFEFKICL D7 A% ) 72Dt
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RT7T WEa— 7725 BL0 WordNet #5387 7 A% OFS THHEEOILE. FEa— FE
WIS T A= %2 T 5 IEE L7255 L OB (7 v aNORE)

Table 7 Comparison of the clustering characteristics of hierarchical codes and WordNet

synsets. Hierarchical code reports the mean and standard deviation (numbers

in parentheses) of five trials with different model parameter initialization.

EIRPEE B EALE (WuP)

SrERRBUEDE (cos)

75 A% 7RSI HEEK ARI
" IIASN U TAYE VIAYAN s TASE
WordNet 3 70,959 1.64 - 1.00 0.23 0.62 0.32
P 71,564 1.64  0.0024 0.53 0.23 0.73 0.32
(7,120) (0.15)  (0.0011) (0.11) (0.00) (0.11) (0.01)

MBIV, BEa— FOMER - HIC X 2 2B ZHR5.
5.4.1 HiiAE

7T AYN) YT OMNGET HRkEIE, REBRTHCIZRE
FeAlEk (WordNet 2 B3l L7z AL FRFER T O4EA. &f
MiE 4.2 Bi2SR) ICHHET LT RCOEFELZHS. 72
ZLEZLMEAIERELHFEE LTS . 2L 2ITHFH
D “play” LBIFIO “play” (3% A HFEL T 5, YA
213 116,510 1 (%375 105,048 1, BEIAY 11,462 ) T
H5b.

ek 2 — NICX 227925 OHELTIX, £ Tk
KEZ EDERZERT L. $ bbb s I3 A5 1D %
2021 ... 24...2n—1 & LT

zqg = argmax, (mgqla € {0,1,..., M —1}) (21)
EEID KBTS, BB mgld, dFEOEED AT T AL
DATDINT X =5 TdhE (X (7). WordNet DFEFEIZ L 5
7T AT DELTIE, Synset ID %7 T A ID & $5. 72
PZLEZFEDY AL, 17 HD Synset (VDWW % WordNet
first Synset. first Synset (XIS A b & & HWIFE S
NLFEFRTH S [13]) %EIRT 5.

H Y THEEOFHIIREX, 7 9 XY Oftit=, 77 A%
)Y TOREE, BEXO IV ITASN - 75 A5 MO EGERDL
FEO3SHEYHWD., 7T A7 DOFEIEIEE, 7T AYEB
LU A POFHHGERER D, 7T A5 ) Y T7D
FEEIX, WordNet 7ige 7 7 A% Z1IEME L T, Adjusted
Rand Index (ARI)*?[12] Z H\2 5.

HEEHUL, 7 7 A NOGEEFE—27 7 A5 05,
7T AY WO RLR L T AIHNE, FRENE—5
FlDOHFERT 2GR L CEHiiT 5. > 7IVEUE 10,000
THA. HEEHUEOREX, WordNet O _EAL FAZEEERD
FEFEREEIC BT AP B LU, HEEs iR OFEUE D
2 V5. FHEREIZZNZN, Wu-Palmar (WuP)
FELEE 3 [31] B LY, cosine HUEZ V5. = BARET
DUEFREE NN, EIRFERE IEBLE B X O FzeBUED,
12 G EATHEANDERY TH DS % & 52 DIRIE. Too%HE

BT HIE0, Bea—Hebldl Lhb,

3 OKHEEICBIT S /) — RO S % & 5 2 2461, fElfiZ 025 1
DT, —Hno X1 %5,
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wth WordNetEs

104 e fEEO—K
g1
NS
Rhoe :

10" 7

4 7 IAYNHFEBDE A NI T L
Fig. 4 Histogram of the cluster frequency distribution based

on the number of words in cluster.

~10 — 1.0
e~ B WordNetiE#E B WordNet:Es
2os == gEI-F 8 . EEI—k
" | )
= P % 0.5
53 523
oy =
g . § 0.0
®
1 N ‘ !
DS A9AN IS A5ME DS A5A JZA5E

5 HEEEMEED M. AL KRB B AE (Wu-Palmar) ,
A HEBEUE (cosine)

Fig. 5 Distribution of the similarity between word pairs.

Left: semantic hierarchy-aware similarity (Wu-Palmar).

Right: distributional similarity (cosine).

LT 5.

TNV ORI EORE Y LET L7720, BiE
I—=NIZE2 7 TAYDOELTIE, ETN/NT XA =5 DF)
WE* 22 T HERITT 5.

5.4.2 WordNet 525 & D b

kg o — NI 5 RE5E IR, WordNet 720 & fili
L7z b TREERT TH A, Lz->T, BEa— Fod
24 CiE, WordNet @ _EAL FAZRIFRO B S & BI#§ % &
EAREEI NS FEHRIZD, b L ERRE A 2 B
AV HEEICA— O 3 — N5 1) 24T 5 N5 HDHERET
EIUL, (AR [RIAL BE AR Rk B T REE 1K 9~ 2 /R 12
bbb, Z)LEENS, BEa—-FNCE5772%Y
> 7 DOF %, WordNet DFEFEIZL 7 7 A8 1) 7 DFF
PEEHET 5. WBHERO—8%, RTIRY. £727 7
AYHNHEBROCA NS %#K 412, Yo 7FY o7 LT
HEEART OHEHDEO i 2 5 1I2RT.

77 Ay B L OCPH R, g o — NS
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F8 [ —OREI— FPEI) B TONHEHROH. 77 X5 NHFEKD {2,4,6,8} D~

T Ay & WAL

Table 8 Examples of word clusters assigned the same hierarchical code. We randomly

pick-up the clusters with {2,4, 6,8} words in the cluster.

79 A% 1D HiEE

L

Noun-a 2 goldfinch, limpkin

Noun-b 4 Rodentia, Cricetus, Choloepus, Sarcocephalus

Noun-c 6 genus_Tympanuchus, genus_Pyrocephalus, genus_Rhyncostylis, genus_Streptococcus,
genus_Eucinostomus, genus_Stenopterygius

Noun-d 8 positional_representation_system, ship-towed_long-range_acoustic_detection_system, concentration,
localisation, genetic_marker, feasibility, naval_tactical_data_system, fixed-point_representation_system

Verb-a 2 come_upon, look_upon

Verb-b 4 cause, raiment, be_active, evict

Verb-c 6  solemnize, compartmentalise, analogize, allegorize, sermonize, literalize

Verb-d 8 derogate, enounce, posit, indite, reveal, declaim, attaint, outguess

WordNet fEZR DML L —F L7, 728 2 IE TP HGE
¥, B — F& WordNet fEZOWT NS, 1.64 &
ol2. —HTEANSTLADOHENSIZ, FEa— N
—HD 7 T AZIZEY THOER T B EMAR N T & A
Mol e 15 HED EYWRBT A2 9 A5 ik, B
J& 2 — Nl 284 7275, WordNet ;B Tld 5 O AT
Hotz. THEI— FICX 575 X7 ROEEREIZT
Bo#10%TH Y, M7 (Thbb, LEBEOREL) 12
LAHEEDEDRRRKENVIEEZREL TV,

WordNet 3535 & OEY THO—FHELFTIRIETH S ARI
i, 0.0024 Tho/z. ZOHKEIE, THELOREHTLY
LS PICEWHS) Ee—FIIME N L W) KHETH
b, Tebh, Y)Y TRREI— FOR—MEE2RmE LT
FEEREHERT A L, SbOTHETHL L VWD,

HEERMEL, 79 XAy NOEREBIEDEZR S,
Feig o — N O$EEAS WordNet FEF O & X < —FL7-.
I 7oK R B & R BIEDE OV iz owT
L, 7IAFMED L 7T A NOHEBEDITH A\,
Thbb, FA—OEa— F3E ) 4 To5N5HEFIE,
B BRSO — RHEND) YT HNDLHGER L T, Eik
Felg L ORE & HEE S EERIATE b Ils L b, L
7eSo T, B LTI — F8—3T 205 01%, B
FEM O FZRERL MR EZ RN T 2 T80 122095
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BIU, HEREEENEUEA 053 TH Y, FHZER (0F
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b (4.2fi) 720, BOT L OHMFEHEMESIEHL 250
PEERTHS . 22004 E LT, FMBERIER S
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Cricetus) (XD RN EIFR (WuP=0.625), Noun-c Hiif
#ED (genus_Tympanuchus, genus_Pyrocephalus) (ZEHD
FALEARR (WuP=0.875) TH 4. bHAHATNTHFNME
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RO EBBIUHEOEE. 7AY ) ZR7 (¥) 3774V FRE L DD Welch @ t FE
(MfiEE) 120 p<0.05 THE. RIHLO “C” 3“7 7A5” OB

Table 9 Effect of the number of digit and ary. Asterisks (*) indicate that the difference

with respect to the default setting is statistically significant at p < 0.05 by

Welch’s t-test (two-tailed test). The “C” in the header is the abbreviation of

“cluster”.
. . HURRERE D s E LA ALRER & A 2
B I ASH THEER  ARI WERR T A - "
CH CH C CMH  B-hyp WB BIB  HLex
77 F ) b
71,564 1.64  0.0024 0.53 023  0.73 0.32  0.984  0.919 0.886  0.539
(M =8, N =16)
Hie 2 5 N = 32 103,914* 1.17*  0.0008*  0.48 0.24 0.69 0.33 0.984 0.916 0.873 0.519
HE 2 %5 M =16 101,835* 1.15% 0.0036  0.60 0.24 0.83 0.33 0.985 0.924 0.889 0.540
Mg N =8 6,150* 19.43*  0.0007*  0.42 0.23  0.53* 0.32  0.984 0.925* 0.887 0.564*
ERCE M =4 19,333* 6.15%  0.0009*  0.41 0.23  0.54* 0.31  0.980* 0.921  0.880 0.538

BODARTH o7z, Lizho TERB L UL, K5 A
TICE BT HNTA—=F TR VWEWVZ 5,

Dlbomiic o &, @ #EHs L O RERET 5
FEEEGET L. IR EALTAERR 5 A 7 DREE D A DI
LHEOBE, 5 HIEOEEII/N S WD, THIL 3SR
THERIINSVEVWR D, —HTREI— FOFL T
% WordNet @ FAL FAZBIFR O RSB D175 2 &
DELFOGAE, EEB L OWEE /NS ZMED» S50 T
FAICRKELLTWE, 79 A7 NHFERT O Wu-Palmar
FWEDMETICHE % 28§ 2 BLE CHRE Z 1L 5 O3
SRV N

5.5 EENLE LA TMENRT OFENH

Bl 0 — AL (Y a—%) OIS E
PLFAZRRERTIE, - BRI ho BT ALERZ S F
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B - O “s-a” BRICHETRTOL v DORT & ffi
32 (42 f) L) RECOERBREZME L. —
BT, REFEIUEHREERTHELBE I - Fowv)
FKHEHWA720, FEMIZIE, EEO “s-a” RO RS
Z TR UL, R 4 BT A2 BIFR % HEfs C© & 15,
L7255 T, T — 71280 5 W3RN % LA P RERT
ERKACHIR T 23600, B FALERR & A 7 OVEREDS
EDX ) REEEZTLONE, BRECIINTH S, K
B 72 LA FALEERT 2R LT T MR E &
N5 %513, JFICE T 2EHEAM ORI, HEREDE
B 72 FAL TR T OGRS 5 ER OB E G5+
5720 TH L. FRHRBEOBIMIL, MEESRIES N
BEMCAY 72 UK [10], [23], [33] iR & T A%E12, FEMM
WCOEETHAH. Lo TARETIE, IBT—5I12&50

A5 JE R PR BRICOW TR T LD 29 TlEh v, 284518,
IR (IR A T ALRERT & T BB, ARSI B 722 BT
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Wk, RRHLVEHIITH H I E I,
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HAr oy aNOEAEIX AT HS

THRE. AH Y INOBMEIZT 7 4V b%E L D accuracy DE. TAY ) A (*)

1% accuracy D775 Welch O t #E (il
Table 10 Effect of the indirect hyponymy word pairs in the trainset.

E) 12X p<0.05 THE

The numbers

in round brackets of the setting names are the ratio of the number of word

pairs against all pairs.

The numbers in square brackets are the difference

in accuracy between the default setting and each settings. Asterisks (*) in-

dicate that the difference in accuracy with respect to the default setting is

statistically significant at p < 0.05 by Welch’s t-test (two-tailed test).

* v TROHM BLESS-hyponymy WBLESS BIBLESS HyperLex
MR % L (100.0%) 0.984 0.919 0.886 0.539
1k 7 (14.2%) 0.952 [-3.3pt]* 0.808 [~11.1pt]* 0.710 [-17.6pt]*  0.447 [-9.2 pt]*
2 &y 7UF (27.9%) 0.980 [-0.5pt]  0.858 [-6.0pt]* 0.783 [-10.2pt]*  0.501 [—3.7 pt]*
3Ry 7T (41.8%) 0.983 [-0.2pt]  0.893 [-2.6pt]*  0.838 [-4.8pt]*  0.526 [—1.3pt]
4 Ry TUT (54.7%) 0.983 [0.1pt]  0.904 [—-1.5pt]*  0.857 [-2.9pt]*  0.537 [—0.2 pt]
5 &y 7T (66.9%) 0.984 [—0.0 pt] 0.910 [—0.9 pt] 0.868 [—1.8pt]  0.532 [—0.7 pt]
7Ry TLT (85.8%) 0.983 [—0.1pt] 0.917 [—0.1pt] 0.879 [-0.7pt]  0.536 [—0.3 pt]
9 &y 7LT (94.9%) 0.982 [—0.2 pt] 0.923 [+0.4 pt] 0.886 [~0.0pt]  0.546 [+0.7 pt]

R 11 FEBEL S OFIICHT DA /8—=8F A =5 OFE. 45 v INOEEIZT 7 + )bk

FR9E & D accuracy DFE. T ALY ) AT (*)

MiEE) 125D p<0.05 THE

13 accuracy D770% Welch O t #iE (1

Table 11 Effect of hyperparameters of the random sampling from nearest neighbor

words.

The numbers in square brackets are the difference in accuracy be-

tween the default setting and each settings. Asterisks (*) indicate that the

difference in accuracy with respect to the default setting is statistically sig-
nificant at p < 0.05 by Welch’s t-test (two-tailed test).

T BLESS-hyponymy WBLESS BIBLESS HyperLex
774V (¢ =30%, k=100) 0.984 0.919 0.886 0.539
i HEART B (q) 24T
q=0%*16 0.979 [—0.6 pt] 0.913 [ 0.6 pt]*  0.869 [—1.7 pt]* 0.530 [—0.9 pt]
q =50% 0.983 [—0.1pt] 0.918 [—0.1pt] 0.880 [—0.6 pt] 0.525 [—1.4 pt]
q="70% 0.984 [—0.1pt] 0.910 [—0.9 pt] 0.871 [—1.5pt] 0.531 [—0.8 pt]
q = 100% 0.985 [+0.1pt] 0.904 [—-1.5pt]* 0.857 [-2.9pt]* 0.501 [—3.8 pt]*
TP O WA (k) & A
k=10 0.988 [+0.3 pt] 0.922 [+0.3 pt] 0.888 [+0.2 pt] 0.532 [—0.7 pt]
k=30 0.983 [—0.2 pt] 0.922 [+0.3 pt] 0.888 [+0.2 pt] 0.535 [—0.4 pt]
k =300 0.986 [+0.1pt] 0.922 [+0.3 pt] 0.890 [+0.4 pt] 0.541 [+0.2 pt]
k =500 0.981 [—0.3 pt] 0.919 [—0.0 pt] 0.876 [—0.9 pt] 0.540 [+0.1 pt]

R FRA Y A 7 OMREICBET A EEZONL., $72
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7 OVEREZFHIIL, R=2 54 Y EDFEEDEB LV, #D
WA A B2 5T 2. BT TV O
DEELERT L7280, HFHBIFLTETVINT A—F
6 q=0% OBEIE, RIS OFRIROENLEAETHS. =

D7z, TT V=2 a VX DEMESH (& 5) O “EBIER;
T A B ELIRY OFEERE G2 A L 72,
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'Yff = Z Cd,acd,a (A5)
a=1
5cslt = C?l,ocd,o (A.6)
LEMETE D, By ORERICBIAHET a1 H
SInE AN, &M 15 £0ACEH£0 27291213

a=0%,LDZHNVTOTHD.
hzd=01,...,.N-1#HHZFT
P(s<t) &

EHTBILT
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N—-1 d—1
P(s<t) = }:ﬁﬁt< 1T 7?); =1 (A7)
d=0

d'=—1
LEHETE .
RIZ P(s =t) 375 RELATION #°0 %3612
DWW

N—-1 N—-1 d—1
Ps=t)= ]+ o ( 11 v;f> (A8)
d=0 d=0

d'=—1
LRHRETE 5.
W, JE AT RIBfR ORI
P(sAt)=1—(P(s<t)+ P(s=1)) (A.9)
LRMHTE 5.

A12 FEOHRESHERENEBLIERE

€ utirsh & S E R OMEEHRE I(length(C); V) 14,
I OB ORI P(length(C) = n|V) B LT, 7k
FEHOWEG P(V) 2RI AU CTE 2. ¥ ok
MOMES L, SHEBEELHREI AT LTSN DR
B — FORRSMD SRS SNL 720, FEXOHiEE
MEBIIME KT LTV 2.

F¥, MR & R & iR 2 LTl
F 7ol & g L 5 720, LLF O T length(C) = S
LYERT L. MEMBTE, T bo¥—, FElbsdos
#LY

1(S; V) = H(S) — H(S|V) (A.10)
N
H(S) ==Y P(S =n)InP(S =n) (A.11)
n=0 N
Iﬂam:}%)ggmsznwnm%szmm
(A.12)
P(S=n)= E [P(S=n|V)] (A.13)

P(V)

b, $hbL IS V)L, FEEOHKIconT, e
TR AT B & ORI & 5 SRS DTk
Q¥ —DETHA.

RIS, XM BOERGA % ERT 5. L OHE
ne€{0,1,..., N} ZIZ U THEI LTI BHTALE 15 L
WV (EBEITEESEHELZTNE =N I2%5). i
RGO & & MRS, BEE 2 — FOMES % P(C)
(X (10)) Z#HOWTEMT 2 &, dHfHOMEAE T % BT
I g0 DT

P(S=n|V =v)~ P(S =n|C)

n—1
=éno [] (1—éa0)

d=—1

72720 67170 = 0, éN,O =1

(A.14)
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LEHETES.
WIS, DHERBROMEERS 2 EHT 5. TS
fi % T

fKVE:v)%]%TEZIHv::vw} (A.15)

weV
EEBPS B, 2L VI, HEEDHEIOERTH L.
Dbz fAatbesl, L (A10) TER L LB
b E Y —B L OB

N
waqu%EZE:pww:nﬂnmSw:m

weV n=0
(A.16)

mszmerE%wazm

CEPEIHTE L. 72720 P(S =n|V =vv) & P(SY =
n) WERLL 72,

(A.17)

KA %

- 1984 4EH=. 2007 SR B RS T2
b Bl - 72 TR SE, 2000 4EHRETR

o - SR T AWFEAMEERE T
M GRBERE AT, 2015 AEbR A v
£ MY oo A ERSTELEENC X
5=y )V AT 4 TADILHIZEC

GEE. 2018 A HUR TS S T LA A2, B

FEIZED. S PREE.

(FAXEH)

g EE5

1979 4. 2007 R FURFRFBENE
ISR RHE L RRAE T, 2007
KA RFBEERIE L R FE R -
FAEAFZE B, 2011 FEHIL K KFRE
TH B AR FE BHE % . 2017 4R BT
TERFERIL L ez, HRSE
WPLOWFEICHEF. SiEUIHT %, NLHREY S, ACL %

=H.

(IE%R)
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