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Semantic Representation Learning Based on HowNet
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Abstract: HowNet is a large-scale and high-quality cross-lingual commonsense knowledge base, containing a
wealth of semantic information. This paper employs the methods in knowledge graph field to disassemble
HowNet's complex structure, and obtains HownetGraph in the form of knowledge graph. Then Network
Representation Learning and Knowledge Representation Learning methods are applied to obtain cross-lingual
vector representation of different semantic units, i.e., word, sense, DEF_CONCEPT and sememe. Two series of
experiments (word similarity and word analogy) are conducted on Chinese and English datasets, and the results
show the proposed method achieves the best results.
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TEASCH, BATH HowNet H e SIS R RF1E SGEATIRE, M8 7 84 HowNet 43515 B I AR
Kk HownetGraph. Tk, FRATRIFH SRR 5] UL AR R R 5 2] 1975 15 . HownetGraph H 2 2] 14 |
BES (h3) , BECAAL (FiE. I, DEF_CONCEPT FIUJE) (IR XEoR, FET Tiaig ARl
FHAITE R L S25G . L3045 K H, HownetGraph A2 X3 B TR RSB HIAHIRE T HowNet FI3E X
2

BAR E TR -

(D ¥ HowNet EEHrfE, ME T —NEES (P30 , BIE XA (FF. X, DEF_CONCEPT
FISCED HE R 1R B3 HownetGraph.

(2) AR, FATE— AR5 F] T HowNet ({13715, I, DEF_CONCEPT HI LR 25 A
BESCBALEEE S (R RERR,

(3) AT IE wordsim-353 F1 wordsim-297 4 4, & B T 308 SUAH BLE ik &
wordsim-297-similarity, {9 wordsim-297 HHE 81T 58 4L, AI0RLEE VR A SCIR) TR 115 SCARBLES

(4) FAVHE 15 AHALRE ARG FE AT 58 LREAT T 9858, v S8 ST Ia) iE AR BARE AiA] 15 S LUAE 55 b s is:
BAIE T BT 5 1 R

ARICAEMUNTR . B TAER > (24 , #RJ5 2 HownetGraph (&R (55 3 4) , £
T SRR T4 A S BIRE R RCR (B4 59, BUERESTIERE (G631 .

2 fHXIE
2.1 HowNet

HowNet i S5 B3 S 51 TR 2508 1067 XIBESEHE H T HowNet FrRICIE SURHALLEE T
S AbAITRE HowNet HR A SCIR HE BREIR, 38t ¥ R SCI A SR A B B9 15 B3R SCHIBLIEE , S ae75 BI A4 3A]
TEAALE A R 5 NI B LUEURF &, AH T A A T a0 BT i LI ST, T A2 B S, Bl
Xt HowNet (19 SCUH IR A5 B I BA AR IR« Mg 37 22 4 i g [R) SCIA] el bR R B A1l B e — A U IR
SEHL HowNet 5 [7] SURIAIMR G155 Bt &P Sun 3 S92 3T HowNet FHh SR 34025, H il e ) 3]
Xt N SCIR R A SCIEUE A il BRI 64T A0 BET); Yan 2596 HowNet H /25 URZ kG5 K, BlgE T —4
SO R AT A R, BEGSER T HE T HowNet 19 AR SCIE SURAE 0T, A0 TEEALAREIR, JFARYE
HowNet {50 A b7 18 SO RARTE,  Sesbss Fbrr el sl 91.5%0); Liu 3 %42 1A HowNet 2B
Word AFBLEE T (9 & J2 R G 4 5 7R 135 /RS54 T HowNet 5 Hh SCHE & % 15 (CCD) B it 7 ¥4I 72
4 HowNet H1f)id] 55 CCD ] it ot A7 e 5110 Niu Y 2871 ) HowNet Fg SR THAE i) %R Zeng X
S BS54 78 HSC LIWC(Linguistic Inquiry and Word Count)i ML, iR TR I [ 9R1E & Ak B 451,
TR Z O, BT HowNet FIEZEME. 7518 LFRGUR, KA FEHEUZIZIT HowNet
TR AME S, T HowNet JZ A I SUIE SOFRBEARIFFI A, TiiX &0 1E /2 HowNet 35 S0
2. 2R EY

TR IR IR FON RS R B AR ) . A SCRORFFER 52 HowNet (35 SUE R, B i
MR o NT I BNE LRIR, AU T W4 R85 SRR R R 5 ) T %

W 2% %7~ >] (Network Representation Learning) , F5 ¥/ P48 (454 75 2 =) BB 25 4k 1 1) 2
Fon, ITHEAFAE RS I 2 b AT PR i AU BB O P BB . HAT, AR P (I 2 R 2 SRRy
FHE T2 90 405 IR JEE 2 51 140 J7 1= . DeepWalk ARAL IS — Yol TR 2 51 I 5 R 51 NS 3R 2 1 U, 1855
word2vec J7VETEM 4% EBEHLIEE 2R U751, AT AT LB HER] FH word2vee J7 %% S BT fi kR LINE 8!
ST, 30 3oF ot 417 o5 160 FR) 585 — 2R M VAL R 585 - G ADURE AT RS A, /MM 3 A N4 36 43 A 2 T ) KL
PE BRI (4 %R node2vec MRS 4 DeepWalk HEAY (9, Sl AR B AL B 7 ) AR ik 5 2ok
AT SRR . A, B4 GraRep BRI, GCN #AILE, TADW iAIIIRT CANE fi 204

HIHRF R >] (Knowledge Representation Learning) 8 F 72 R iR B v (0 5 a3 Aid 2 3] B H Mk 4
Ml RN . IR T R ERRIG, E A UEE T ) i om 2o e 1R PR 1 AU A O R T A5 AT 5%« T 4Rk Bl
BIRFES I HARMAWT K E, WS T — REVEETIRE % SRR R R % 21 J7i%: Bordes A S5 H



T R H 2 4 e (AR TR A R R ) SE AR DG R i B4R e R R, AT R A IR RN
TransE BRI, [ j5, Wang Z 4% T % TransE #E4T AL 5 (6 TransH RER02, 4k T TransE % %t
%, ZUL—Ll R B X5 RACBEACR AN K B 19 8. TransE A1 TransH 74 BRI SRS 28 4k A0 [F] (35 S
A, MHEL L, —NSERHZFBIEA G RN LGREE, NERRIETENAFE @, Kk, LinY 5
PR T S SEAR RN SEARBERS B 56 22 25 18] op PR AR 6 TransR B2 7401, 28 shaLRk b, J54: OB T TransD
KR4 TranSparse 8412, TransG #8128, KG2E /P75

3 M HowNet % HownetGraph

3.1 HowNet /148

HowNet & —A> ABGE A EE 1R 15 BT AR I LU HR R 5, AR IS T2 8] DA & TR
A B2 A 56 RONFEA N A H AR . 78 HowNet 1, SUSJRERIEAN . A5 T F2 2R E X
BN, T SCIRAL R, S SR E . #E HowNet i ScfF3rf, JH4 118347 AFCial, 104027
ANGECIRE, 212541 A I, 2468 A XJFE CEAESZAR. F4E. Bk JBMEE. BAME. TEARMKS 7
KIE) 116 N ENAM G, FTEATZ1108 HowNet 115 SLZH 2R

‘ 23

A A

XIit: e X2: AR
L I

p— PropertyValue | #§44: {&:scope={protect | {# ‘

tpatient={Environment | {5 -host= {entity | 5244} } }

1 HowNet iFiE. XIRFMXRAHITF

NO. =103130

W_C=#tn

G C=adj [lv4 sed]

S_C=PlusSentiment | IF [ ¥F 4

EC="fdh, THIE, THH, TWES), TEEeMEL T3 TdAdar, TN, |, TAA, B THRE
W _E=green

G E=adj [3 green adj -0 prepo 1 ]

S_E=PlusSentiment | IF & ¥F 4

E E-

DEF={PropertyValue | $#{#{8 : scope={protect | {#$" :patient={Environment | %% :host={entity| £k} }}}
RME=

B2 HowNet P “HE” HRF. Heh “NO.” RAIXANIHHIME—FRIRFF (id) 2 103130; “W_C” F|RHEFHICIAH “&

&” 5 “6C7 RREPHAMRKEER; “S.C”° TnHPERERIRA “PlusSentiment | EEIFMN” ; “EC” FiRiF
BERBETHOITF; “WE" RRHERIEA “green” ;5 “6E” RRHICAMHMEIR; “SE” RFHEHINERIFRA

“PlusSentiment | IEEIFMN” ; “DEF” RRASAGMNIERAEE KRR NIAKIEN .

WE L PR, ‘g7 —iaf 2 A, LRSS, SO 2 SRR G AR, U1 )E
SRR, R LANEERA SR “green|4k” 1 I 2 (5 SUBCNE AR, B Z A M AR SURIHRE R
Z: BANE AR S 2 “PropertyValuefRF AR, 2075 i . scope ” KRG i, Skt — 35 .8 “ PropertyValue|
R, “scope” HIEiEE “{protect/{f4":patient={Environment|{% % :host={entity|SZ1A}}} 7 : KIMEH)
A 52 “protect|fRI 7, BNAS A€ “patient” Rz, &1 UG “protect| (-3 7, FiE 2 “{Environment|

3 2012 MR A



5 host={entity|S{k}}” ; IRWEMFEA R “Environment|iFol” . sha& M€ “host” TRfgE, Bif
& “Environment|I&Ht” , SAEE R “entity|Sk” o @ g, I 2 (58 SR SEE—FMREIEE,
TXFURFALE (0 L PR Y B2 — R LR AP, XA R P IR S22 — ROl X AME LI T8 2 Sk, B T iR
€ (DEF) , A LIEA — L HAR I SC RABYE, 40 I 2 FEAuE o R i 2.

3.2 HownetGraph 33&

FR B — A% {8 RDF(Resource Description Framework) a2 OWL(Web Ontology Language) =& &
HiiR, J5& LRl & IR NIE LRIERE /1. T HowNet 18 X &5 WA K 8 24 HE B AN, #eFRAT15% F RDF
Feg AR EE HownetGraph.

3.2.1 KikigiE

AR E R AR B B 58— AU 8, T DR AR R R B AOAE SR . B AR B AR LIRS SR IR
JEBYE JBHEERE, LR KRRE I (Domain) ME&EE KK RES (Range) &% . 7£ HownetGraph
H, BATE SOBES EAE R SCREE  SECiE . XI. XJEA DEF_CONCEPT (EMZhAM A E, N
T XA 8D 3 RREFEAFHEZME. L THAEREAM instanceof ¢ FR; HowNet H I & — AN X
AT EGR S, BYE R A rdflabel JETE (HAbJEMER 2R .

protect | ff47":patient= {Environment | f§
Hi:host={entity | 54k} }

~.._ patient
L

Environment | {§

:host= {entity | SEfd}

/
dcfitypc// host

=

B 3 HownetGraph fr “Gfa” MIFEIRR. HFIERNEH, MERRFABMES: BGRRPTE,
BRRREINE, KERRN, FERRNE, LERR DEF_CONCEPT, JAFRRKFR: we TR IR
BIT3CIA, we TR XIAHIZEICIA, def_type Fm X IREL DEF_CONCEPT HIE A X R, scope. patient F
host 43 Hll% 7/~ X 513k DEF_CONCEPT HISEE, FEMBEXR.

3.2.2 ER

M Fad A, JATULLIOAMEE, @il )2 ZH5E DEF, 831 7 a& A G LEALK) HownetGraphs
el LA 2 g gkt [, AT DU R 3 R ISR, BARERVED IR

1) HownetGraph # H 4L % HowNet 4 A ik 15 SCEAZ I W_C. W_E. DEF #B4r F SR 2 [8] I BT A
KHFR, MLE G_C. E_LCHHNE.

2) DEF H7r RIRESLH, KA ONEIEH, OGS T RDF o “BRk” gy, AT a—
BEHE RPN 21— DEF_CONCEPT s/ (K 3 harLiJHE) , % —4> DEF_CONCEPT Sl A &5
FEARTE HowNet 204 (IS5 MR AETT, IS M B ARER (U patient, host F1 scope) , SJE AL N AE B
1 SO S5, DEF_CONCEPT SEGIK) 25— AN USRI TE BN & A 23R, % T 12 X537 7 DEF_CONCEPT
S B BT B R, AKX TG R E A def_type.



3) we e FAPIE HowNet il W_C B4, 26 SUTURPRE Ik SCiAl. we e FRATIE HowNet 4ot
g W_E #4, Fo ST B3]

4 X4

TEIX—#R55, AT HownetGraph F M3 7R % S F AR R IR S #EAT ISR, I8 1715 AL BEAE 5
(Word Similarity) AlialiE2& T4 (Word Analogy) SKASI& FATTHIE UERBCR
41 WIREFMLWRE

FIBMUEAE S, R BIIRATE 2 2] 3] 7 PO MiaiE£oR, saREs: 7 584 wordsim-240
(W240, 132 . wordsim-297* (W297, §132) #1 wordsim-353° (W353, &30 . M4k, N T itEIFRA]
5 2] BTG O EE T8 SOMBLEE I 4F bR SORMLLEE , JATMEE A 1 % 48 wordsim-353-similarity(W353S,
HESO) , FEARYE W297 F1 W353S A T A SC IS SCARBLEE F £ 4 £ wordsim-297-similarity (W297S) .
TER AT S, BATESE T Chen X 25 A A SCTE S LEEARED (AL1125) A0 3R A2 =1 B A3 15 17 2 O i
EAAUIARE,  FIREERE P 095 45 HowNet i A 55, RS HLng 1.

®1 BESHHER
BingE iBE  ARNEEE HowNet 7 & AN AR

W240  H 240 235
w297  Hi 297 274
W297S  H1 169 165
W353 L 353 335
W353S B 203 196
Al125 L 1125 1125

ISR G A TS BEMERE R, BRAVEIATRIR R R Z MM TR0, HIEHT
HowNet 1) W_C K&, W_E KR, DEF MR RM R ZRIMA KRR, EHXRRMEN* NEHiZid
o BAME TR B IR TR S0 55 HRAL ) RN R 252 S ARAL AN 9 45 R 5 1R

N T IE B HownetGraphZ5 i 2 /s i U 26k, BRATEEL T B SR B EAT 5 3] . I E8 IR 2]
ff1H T node2vec. DeepWalkFILINE=F1/7¥%, HHAKRZEIMEH T TransE. TransHAI TransR=F /7%, if
SCRAR I ) R PRI T 50 1001200 = ANHEFE

4.2 1aEME{LE (Word Similarity)

H1 T A SO ABLEE 43R SCIBURHABLIEE 43 #7 (4T 2585 2, i AFRAT TSI 370 38 A B E 43 A A 55 KT
FEERAT 5 2] i
4.2.1 &%

TV AR AL AT 45— AR SR I L e S 2 25 > 38 () 1T 6T £ 4% 52 L 2 R 4 5000 2 1 s 004 1 2 R g
FHOR WA (R B ST, BRANARAK 73207 S8R 4E B IRATESE T Niu Y S5 APE 4 oy ik (fu
FEEAII T AEAE:, FCHR4E EIRATERE T Neelakantan A 2 Ny 4 Fhosid (s LM 720
TERLEL. Sebss WK 2.

4.2.2 TWHER

T SIS, AT TG Ve A Hh S S I SORLLE s 4 b, JRATTIR 5 s B T Sl R
Horp w297s %44 I, DeepWalk (100 #) #7%! A% T 67.0; W353S $#E4E I, node2vec (200 £) 5
BAE] T 71.1. 740 UiBH T HownetGraph T LU A 33/ 3K 2] HowNet 1935 XAE B 10, W297S A% it
IR, BRI Al Hch 2.66/5=0.532, 1 HownetGraph 231 8120308 0.879/1=0.879, MiE X %
J&, HownetGraph 2 >] |1 73 BUEFF & AT B -

* https://github.com/Leonard-Xu/CWE/tree/master/data

S http://www.cs.technion.ac.il/~gabr/resources/data/wordsim353/
® https://github.com/thunlp/KB2E

" https://github.com/thunlp/openne



BEAh, FRATRIEIRFR R 5 T R S AL, X228 HownetGraph ¢ R B> (A ILTHFD
LA X R Z SR, SEAm M T REmMAE T X 0.

£ W297 1 W353 fli 4 |, HownetGraph > B RTER R AR, 2PV s
EHREIET LN SCHAERHE, JEE D23 H 7 e B T RE, AT DR 4 2% =7 311815 2 8]
EFSCRIAERE, {2 HownetGraph H )L F %A LR CEE.
4.3 1aiB &Lk (Word Analogy)
4.3.1 THMEAE

A1125 FEHEHAR A2 3 KK BB T R B AR B wy s wos Wy Wy b B 4N By Epy By Euft
Xb I R ) B, wy Flw, R R 5w Mw, MG RARL, A, Ep-Ei=E4-Es, BMSHIE;. Ep. E3, FRAUE
A LB Es-E +E, 5 B A B E,, Wi E,ME, [ cos B R IEA 27 =) B 11 1) & 1 5 &

BTATRA 2 Fopflifatsr: (1 Accuracy, BRRFE, I cos B 5 K[ Al &6 B I 9w, *, - Accuracy {H
B9 A R EE B Fw, =w, KRR . (2) Mean Rank, $HBE, FIRI% S i) & ¥ cos {2 K E/NHES, 15
B F5S(w), Mean Rank {8 Bl i IR RE B rhw, 78 S(w) HH AL AT 2918 o JE28 75 1K IO Niu'Y S5 A
Py 4 #5775 CBRERARIITTIE .

2 hECTFRMNEEZIRER

F Yz W240 w297 W297S Y il w353 W353S
CBOW 57.7 61.1 / Huang et al-M 64.2 /
GloVe 59.8 58.7 / MSSG 300d-M 70.9 /

Skip-gram 58.5 63.3 / NP- MSSG 50d-G 61.5 /
SAT 61.2 63.3 / NP- MSSG 300d-M 68.6 /
TransE 50 1.6 14.6 19.5 TransE 50 22 7.3
100 18 22.4 33.6 100 5.2 12.3
200 -11.0 20.2 30.4 200 125 18.8
TransH 50 -3.5 234 29.8 TransH 50 195 30.7
100 -4.8 154 255 100 171 294
200 4.2 29.0 38.1 200 121 23.0
TransR 50 19.9 38.2 49.9 TransR 50 28.5 44.0
100 15.2 37.1 50.9 100 30.9 50.0
200 25.2 41.4 50.0 200 30.9 48.0
LINE 50 171 284 40.0 LINE 50 35.6 46.4
100 19.5 39.3 46.3 100 314 43.2
200 29.8 40.4 48.9 200 351 475
DeepWalk 50 39.8 54.0 62.2 DeepWalk 50 53.8 66.0
100 42.9 57.5 67.0 100 55.1 68.3
200 37.3 55.2 65.7 200 545 68.4
node2vec 50 41.8 57.4 65.0 node2vec 50 59.0 70.5
100 40.3 575 66.7 100 57.6 68.9
200 39.3 56.4 66.7 200 57.3 71.1

4.3.2 LIGER
BRSSO, BATRIBATRIILE “H#” 240 1 mean rank B Fik 3 T BUFHACR: 3.4, miEhf
THEL T AR I G K R IR %=
LM R, HowNet FIBHEIRMEAM HownetGraph R4 3] (0 iRk 45 A H HENFE R XA,
(1) EHEMBOREF, KON E R IR B —, JFH DEF H70 & Wi i B 7 FIE KKK R



(2) PRTTRAPRALE, H HowNet HIFRA IGEI TG 0y [ R, Ik, FRATTS H )
HIORP AR, B, M. g% 605 MR DEF 2 —FE, %4 DEF={place|i:
75 :PlaceSect={city| 117 },belong="China|+ [& ", modifier={ProperName| % }}.

(D FREFNNBERALE, JR K f& HowNet FHAETER 2 bnid A —BURESL, B0 5 2 S0 (0 55 — N4,
“B . . BT, ‘L B4 Xk “daughter” , HEZ “5HE”7 A “son” BN IH.
BEAh, HowNet FFERA SVERIFKEA QBN ZER, BIMFERXRPW “Pigy” o “IR” . “WE” . “J5
W7 %48 AN LI E X WHEGE —FEM, $4 DEF={human| A :belong={family| % £ },modifier={female|
ZH{lineal | E & Hsenior[ K #E}} .

5 /=15l

AT FRATT 53 Gt %ok 1] 5 A ABLBE AT 55 R R 9 28 LU AT 55 45 AR 81, 9 ol 34 B T S 6 8 43 A SR LA )
DeepWalk F node2vec J5i%.

:3 A125 BIEETAR

Accuracy Mean Rank
WA e \ ‘ ‘ ‘
HHES W KERR ps) R Wl KERR g}
CBOW 49.8 85.7 86.0 64.2 36.98 1.23 62.64 37.62
GloVe 57.3 74.3 81.6 65.8 19.09 171 3.58 12.63
Skip-gram 66.8 93.7 76.8 734 137.19 1.07 2.95 83.51
SAT 82.6 98.9 80.1 84.5 14.78 1.01 1.72 9.48
TransE 50 0.0 0.0 0.0 0.0 35693.6 590329 438942 413119
100 0.0 0.0 0.0 0.0 443852  46997.8  38601.0  43392.2
200 0.0 0.0 0.37 0.09 34284.4 477644 189521  32672.8
TransH 50 0.0 0.0 0.0 0.0 514145 61803.4 523321  53254.0
100 0.0 0.0 0.0 0.0 53299.8 580053  41186.3  51101.0
200 0.0 0.0 0.0 0.0 43089.6 56424.4  43943.0  45372.3
TransR 50 0.59 0.0 2.2 0.89 877.0  10178.6 2928.6 2821.7
100 | 1.03 0.0 0.74 0.80 3185 5671.4 4104.3 2068.0
200 | 0.30 0.0 0.74 0.36 14025  10065.6 8137.5 4381.1
LINE 50 0.0 0.0 0.0 0.0 19902.1 17101.3 175944  18907.6
100 0.0 0.0 0.0 0.0 19334.6 214524 176935  19267.2
200 | 0.03 0.0 0.74 0.36 12605.0 145205 117713 127015
DeepWalk 50 6.5 0.0 0.7 4.1 87.5 1092.2 370.2 312.3
100 | 10.3 0.0 1.47 6.58 55.9 670.1 256.6 200.1
200 30.4 0.0 1.84 18.8 17.4 718.1 217.2 174.9
node2vec 50 72.9 0.0 14 44.2 34 486.7 206.2 127.8
100 61.4 1.1 25 37.8 4.4 928.9 189.7 193.2
200 | 51.4 1.1 1.1 314 9.2 900.4 200.5 194.3

5.1 {AEHELE (Word Similarity)

R 4 4T JLA DeepWalk J5i2 S FIIE L Foromfl. Bt WEoRml, RATTUULI, (1) %)k
U SR B T R RIE SO A 2 IR (R s, G5 SRELB AT, (2) S b SCRRIZESCial, A S B
T (371 K 2 0 % ) SO, et <% AT “ Money” SXFIANRBI, 3 AN HCECHEFEAR, K 97E HownetGraph
W, TEE RO SO R, T CAE BB AE (I, 1RRE A RS i IR, e DR AN S ) AR AL
15 o

5.2 1aiEZEE (Word Analogy)



FRAEFRATVE A AR 77 AR 2 HowNet 7531 (117 [/ 2 57 618 LI, IR IRIE S L B 3RAT 1A
SRS, LUF R node2vec (100 4) [I4:
# 5 45 T JIAS node2vec 75125 S BIWTE LRR B IBIEEORE], FATAT ORI, 207V R
LF AR B T AN RIS LB (B TR RN, IR 2 e S AE s IR LA
F4 DeepWalk 753k (100 4t) % JBNMIENFRFRHI.
ALAFSKREEN: 1 RRPXA, 2 RREXA, 3TEXNH, 4 RFNR.

PN P S5 N AR FE B9 5/ 10 NEEER (BEES A
wmt Semantic®, & ¥|semantic®, & X |meaning®, 7% X |meaning®, meaning?, ##|meaning®, &

Y |meaning®, i X |meaning®, & Mk|meaning®, 3 |meaning®

Money? # T Imoney®, i Mimoney®, 44H|money®, &M |money®, “4klmoney®, Mi|money®, %%
Imoney®, #R#E|money?, |money®, 4% |money?

H #&moon® 52 KMlmoon®, moon®, H3%llunar®, HE|moon®, lunar’, HEkmoon®, KFA*, T
E|moon®, KM [lunar®

2 |female® 2t Atklfemale®, female?, “lwoman®, MElk|female®, biifemale®, Z|girl®, H|female®,
4tifemale®, £f|female®

flower|{ * 1 flower®, ZE[flower®, flower?, #1453, FlowerGrass|{£ %L 4, A4 |herbaceous plant®,

A5 1€apricot flower®, 7¢|flower®, il A% |cactus®, %% % %ilknapweed?

&5 node2vec 753k (100 4E) % I BNAYIAIZHELLRH.
BELAFEREREN: 1 TRPFE, 2 RREXE, 3RRNIA, 4 RRE,
PN P S o N TR B S /N (1 10 NEE SR CREBSTHT)
Mg, AL, EIA T | EU%IAIBAGDAD®, [i%ik|Baghdad®, [i%ik|Bagdad®, /43t |Iragi®,
$i33 %, Irag)ff4i 5 4, British Commonwealth of Nations?, 7.5 3L A1E *,
spana®, Balkan|E /RT3 4

Jemt hE, At HAL &3S AL o H|PRC?, H 4 |Nipponese®, Grenada?, %% i¥: [Japanese®,
H A [Japanese®, #4:(Sikkim®, H A |Nippo®
BT Eal g8l fmlma®, &4 B}[father-in-law and mother-in-law®, {% % |brother’s daughter®,

LU mother-in-law®, senior|[K3E 4, 13441, 441, grandmother?, mother?,
collateral|5% % *

6 Z5RIE

ASCIBEIK HowNet & 2= (A5 A5 2 IR BEE HownetGraph, H 0k ANER i35 SCRE 19 T 4544
EEARN Gy R BRI B GG, AT DU FH 2 0 X R0 IR B 2 o0 1 7 155 2 31 HowNet [ SR, A HEREN
FAWTI T B PR AL A . AR SCIR A FH I 4% e 7R 5 SRR 3R 7R 2 2] R AL HownetGraph HH 14518 SCELAT
OB T RAFRAER A ERR, BTSRRI R R R, R T IR EREERR
HowNet 1A %M.

Niu YA HowNet FATE SCHIBLIEE 25 16 1] i) B 8 (0 LA AT Xie R4 P 3] i 2 Aty R AU SR 5
T HowNet S LAE#S R LEBUF S & T b R SORBMEANE SR BMER TAE . FEm s, JATSRE
PN — R AnfAT T HowNet 2% ) B S AF1E XGRR: & W e T HowNet 73 21 i) fia i SCR UM
1 AR AN T R W B R R 22 2 B f b R SCREAUME I R g Atk . A BB UL T B ARTE 5 AL B A
B AT S AR
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