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o REZR (Taxonomy) : E1RENEMESHEXRMER

— ETFAIk%& (Hypernymy) : “is-a” , 404k R BRI RS
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» BEAILEYE
- ANTTsEA: BEEHE, BRERREEM (FliTHearstF )

ID Pattern

1 NP such as {NP,}*{(or | and)} NP

2 such NP as {NP,}*{(or | and)} NP

3 | NP{,} including {NP,}* {((|)r | and)} NP Probase &7t ! fif
4 NP{,NP}*{,} and other NP FiffjHearsti =\

5 NP{,NP}*{,} or other NP

6 | NP{,} especially {NP,}*{(or | and)} NP

- HEWAEREN: BEBEYEE, B TR
- PXETAREEN: BHPRK, TEEI ZNH

Pattern Translation P(%) | R(%) | F(%)
wx[——™]h | wis a[akind of] h My ikitCilinE 9241 | 60.61 | 73.20
w[~1%nh w[,] and other h Mpattern 97.47 | 21.41 | 35.11
h, ][] w h[,] called w Msnow 60.88 | 25.67 | 36.11
h, 11w h[,] such as w MpaiApine 54.96 | 53.38 | 54.16
h, 155512 w | h[,] especially w MinvoL 49.63 | 62.84 | 55.46

Mpy, 87.40 | 48.19 | 62.13

BB SR

Wu et al. Probase: A Probabilistic Taxonomy for Text Understanding. SIGMOD 2012
Fu et al. Learning Semantic Hierarchies via Word Embeddings. ACL 2014
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Embeddings:
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dependency label

® direction average |
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pooling
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X/NOUN/dobj/> define/VERB/ROOT/- as/ADP/prep/< Y/NOUN/pobj/<  ~—=°==- g

Path LSTM Term-pair Classifier
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— S TALA R EACARIBRE, FIRRRAFEEE ®y
SRR, JRE “FICIEAL” o, o,
- RAGEHI0ESENE S FN

H 555 SR

Shwartz et al. Improving Hypernymy Detection with an Integrated Path-based
and Distributional Method. ACL 2016 7
Fu et al. Learning Semantic Hierarchies via Word Embeddings. ACL 2014
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HAE R AR (1)

o REMR: KHREMEMSBEHRIGR AR LT

R*AP Pooling att. matrix AP

Input
burst <—nsubjpass— caused —prep—> by —pob]-b pressure o)
w

Lookup Table

B . . ' l (_Convolution layer output R*
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Two-channel E fine- gralned
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o f LSTM =7 15w | [ tstw )
|
forwards | LSTM ,TSTM [ LSTM

/!
. 7/
O 8 ~—7 7 Attention based
Convolution 8 < / ! convolution input
(0000 ) (0000 ] (0000 ) L - Q/ |
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P softmax . —,1’_—1——-5 | '
Convolution 1e) ((\fa’.\‘\* (q%‘aé/et\ X\ F iz 2y ;I o P?
. € \
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o <\ S oo hc:,‘gzt X \(\‘? /\\\%’)
S : eal Q
Lp backwards | LSTM LSTM LST™ LST™ / — d'sae:;e ' aﬁésease o oo ®
Entity €1 i
1 1 l_ ) diab
Two-channel S [ LSTM | \LM_, fine-grained labetes Lookup table wf & wf’ 19 wip‘2 Lookup table \
LST™M SafimEEs Input S with marked entities: Fizzy [drinks]e; and meat cause heart disease and [diabetes]e, .

- R RBEXTE S TR ARHETHN, FEXREANLIRERHE

/I/\I/ﬁg
Cai et al. Bidirectional Recurrent Convolutional Neural Network for Relation Classification.

ACL 2016
Wang et al. Relation Classification via Multi-Level Attention CNNs. ACL 2016
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FFR R#EL (Open Relation Extraction)

~ ARGUUTR: WARIRERXIA PR “ EE-FE-RE G618, 1F
ARIERRTCH, TR SR R

- ZHARS: ReVerb. WOE, OLLIE%

[ Learninz TN e —

(W 1(“—

ReVerb !
Learning

l l Pattern Templates |
See.d.'l'.uples - o
EEE ./j\. [ 11

g

===1=+Sentence —Pattern Matching—>Tuples—> Context Analysis—>Ext. Tuples
L] ] ] L] ] ]

Bootstrapper Open Pattern

~
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Mausam et al. Open Language
Learning for Information Extraction.
EMNLP-CoNLL 2012
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Cui et al. Neural Open
Information Extraction.
ACL 2018
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select knowledge

American singers of German origin (Pre-modifier + Head + Post-modifier)

— ETZERIERABCCRME: LHEGRUEE—, HUTRE
SIBEN:

Phrase RELNOUN 1.1 RELNOUN 2.2

“United States President Obama” (Obama, [is] President [of], United States)
“Seattle historian Feliks” (Feliks, [is] historian [of], Seattle) | (Feliks, [is] historian [from], Seattle)
“Japanese foreign minister Kishida” (Kishida, [is] foreign minister [of], Japan)
“GM Deputy Chairman LutZ’ (Lutz, [is] Deputy Chairman [of], GM)

Yahya et al. ReNoun: Fact Extraction for Nominal Attributes. EMNLP 2014

Pal and Mausam. Demonyms and Compound Relational Nouns in Nominal Open IE.
AKBC@NAACL-HLT 2016
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Chengyu Wang, Xiaofeng He. Chinese Hypernym-Hyponym Extraction from
User Generated Categories. COLING 2016 (CCF-B)
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Rl wbl 1Zi — gl
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- ERRARGEFERLR

-+ F-Measure
0.75+
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0.60

1 | L] L] 1
0 5 10 15 20
Iteration

LWEREFRRETE (5)

- BABER

- RAFERARE T A0 2 E
PRI HI 3R, BRSBTS R
- PEEEAREARR, H
AR “HE” FREEY

7

itk FUERE HAEE F{§
LA

Hearst [38] 0962 0.198  0.328
Snow %&£ A\ [53] 0.673 0281  0.396
CN-WikiTaxonomy [21]  0.985 0254  0.404
invCL [64] 0.485 0.581  0.529
Fu 2 A [25] 0.717  0.749  0.733
IPM S AR A

IPM-Initial 0.741 0767  0.753
IPM-Random 0.690 0.757  0.722
IPM-Positive 0.754  0.801  0.776
IPM 0.758 0.814  0.786
[PM&CN-WikiTaxonomy 0.788  0.847  0.816
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Chengyu Wang, Xiaofeng He, Aoying Zhou. A Short Survey on Taxonomy Learning from
Text Corpora: Issues, Resources and Recent Advances. EMNLP 2017 (CCF-B)
Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. Predicting Hypernym-Hyponym
Relations for Chinese Taxonomy Learning. KAIS 58(3): 585-610 (2019) (CCF-B)



ETHSFINETARRDE (D

» WEARFREEE
- AR A

» FNFHIES (ETFARR) MIEEF FELTARR) B
S, HITRRDR

» B EMURABRKFZERT 0 E
» XRFEE A HARRIEAN

BREANE 1 WEEINE |
| BRI R P EFORA |1 | bR
: HgzD" e ol L gD
WEREE [ i
! 4 4 !
| BTl | | e | |
i L ! | | !
------- 1 |
— 2 5] Y

Chengyu Wang, Junchi Yan, Aoying Zhou, Xiaofeng He. Transductive Non-linear

Learning for Chinese Hypernym Prediction. ACL 2017 (CCF-A) 21
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— TR BT TE o A PRI B A
ﬁ%ﬁﬁ dP(fBz-,yz-) = ||Mpfi - ?7z||2 dN(CUz',yz') — ||MNfz - 37z||2

TP score(xi,yi) = tanh(d" (zs, y;) — d” (zi, yi))

BRERE  conflz,y) = 1o Eot) — 2 (@w)

max{df (z;, v;), d™ (z;,v:) }
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THRIFINLETARERDR (5

— BRI HE R
] g FD BK
ik KU HAbE FA  KBiEE #ANE FA
Fu-S [25] 0.641 0.560 0.598 0.714 0.648 0.679
Fu-P [25] 0.664 0.593 0.626 0.727 0.675 0.700
Z; DY 0.677 0.752 0.697 0.803 0.759 0.780
T + Ui 0.653 0.607 0.629 0.727 0.656 0.689
T — Ui 0.719 0.606 0.657 0.784 0.607 0.684
IPM 0.693 0.645 0.669 0.739 0.698 0.718
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1. Bl = D (ziu)eDP ai i - 7 3. RY =diag(1,..., 1, det(UL) - det(VE))
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JINP RS

Boigds FD BK
Jitk RHERE AR FH ORI HABR FH
Fu-S [25] 0.641 0.560 0.598 0.714 0.648  0.679
Fu-P [25] 0.664  0.593  0.626 0.727 0.675  0.700
T; DY 0.677 0.752  0.697 0.803 0.759  0.780
T; + i 0.653 0.607 0.629 0.727 0.656  0.689
T — Ui 0.719 0.606  0.657 0.784  0.607 0.684
IPM 0.693 0.645 0.669 0.739 0.698 0.718
TPM 0.728 0.705 0.716 0.836 0.806 0.821
FOPM 0.713  0.698  0.705 0.825 0.812 0.818
BALRESR

F-Measure

0.85-

0.80+

0.75+

0.70+

0.65+

0.60+

M

‘—__‘—\\“

N -

-

D=

On -

-a- Dataset: BK

-%- Dataset: FD

(FEABKE—ZZ0
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BB AR SR HE XK RIHEX

Jiid: MAXHES, R
Ey eyl S P linE e Z 2
IR : g;;gﬂ 2% 5 3] B 73 KAk 2 HIFIR

a )

BRABRRE B
AR AT J Hi: RhE 0 RIAE RISk
PR ETARRFIR, 5

THBGEAR T IR

Tk KRBT % S AIXUE 1A 4L
Eﬁiﬁ* BT IRFOPMAR B ™ i 31| 5

h:l = %ﬁi > H,J f%ﬁ

1w\ ¥gEge. pP. DU, TP, TV

Z RRIR

5k R ISR BT P E
EZE (TEAL)

Fwa: HWE (399 £33+

\ X P12 ] J

ZEE

/ﬂ‘:ﬂﬁﬁﬁﬁa‘éﬂﬁéﬁﬂ N
( TFOPM) .

EREBEN IERZ R
£ (CITFOPM)

Hif: SCHESES BT AR R T,
FENREARZLITERT, ER/MERE
AL R TIR E

Jivk: SRMEHRFEITE, HRER
AFFCR R R AR TTHE R 5 X 7

MmNEEE: pf. DN, DE. DY
FER: W (A4 ¥+

Hi: BRI FHRC R R RN,
%guiﬁ’ﬁ]?l:%% (B ETARERD

Nk y

ZHRCKR

( HIREEBANLT (SphereRE
1%)\&1%: DU

FAEA: WE (BR) %3




TRE R BRAIRTPLFESIER (1D
.« EABES

D 9 D = SREHR EFRAREE
(apple, fruit) v o WikiTaxonomy ( 31 ) [19] 105418
(dog, animal) v Training (professor, job) ? YAGO ( 3EiE ) [8] 8277227

|:> (coffee, juice) ? WiBi ( %1 ) [96] 2736022
(tree, flower) X (food, sandwich) ? Probase ( JEiE ) [10] 16285393
(actor, desk) X Probase+ ( HiE ) [97] 21332357
J ~ CN-WikiTaxonomy ( H13¢ ) [21] 1317956
Training Set " Testing Set CN-Probase ( H13C ) [20] 32925306
¥ H B A5 I R85 Y 25 X 73 1 2 KRR I 2k
> HAEE/D > H/EKR
> BERER > BIEARE
> B S > BRI

- RHAZRTHREHZMERIRNTEIBAR, BorRERTHEE L
;%%%ﬂ%ﬂAﬁ%ﬂﬁ%M%¢,%%E%W%M%%%E

Chengyu Wang, Xiaofeng He, Aoying Zhou. Improving Hypernymy Prediction 31
via Taxonomy Enhanced Adversarial Learning. AAAI2019 (CCF-A)



RERWEHIXSPLESTER (2)

LA 22 R 2% B ¥ T A ARk
| MeRghRER GEUSER) A )
RO T oA L X} | W I w—
AANE  AARE O R i
Lo =Eq o |HE: 05,05 —g> &t L1 L

+ Eqp, g || H(@:: 0%, 85) — P i S

]
WNIIEE  EEOEE s m—
AARR  AARE —

it TN
— RARDFRHB
- ERERLIGSEEE, igsvm TR
) LT hrvs e B TRAS R WRE I B A P 2
. FEBINGETARGmEmy 1@ 000) ~ g (0,05~ gl
rRAE, WRFEIH “HELIEiL” = ”H(xthae D) — @/sz
(Lexical Memorization) &)@ H(Z;;05,0p) — 4 ||H(Z:;6p D 0p) — nyI
| H(Zi;0p,6D) — Fill2
WCIEIZ8%CHk: Levy et al. Do Supervised Distributional Methods Really 32

Learn Lexical Inference Relations? NAACL 2015
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o IIRAAR ZR I 5 2R P 28 1K) T
ali, #R{Teacher NetworkiKI1T N

Student Network:

XS24 5y A R R BRI I 45
(BARE/N) T BiRa
— zg"““ﬂ H_F {313 |
| ABER SRER :
A e [ FA RS ] a
HEAH N ' 3

1

[ ]

\Q

ERAARE | 4 RO R

48 (3)

Jl|Z5Student Network

Teacher Network:

K53 2Rk 2 KA

WIS (MR
BX)

- ERCARA KB
TR, K4
AR AR
BT R

e s

FI3

e[ VAT PO E RS
%%: %%T'ﬁziﬂ ’
X 52E BRI 3R A
] ] [ B A AR A4
2
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TrRAE R R X DL ISR (4)
» PXRRER

s FD BK

Jitkh R AR FMH  REE HhiE FH
AT T bt on 2k 5k

z ® 0.677 0.752 0.697 0803 0.759  0.780
A SCAERT TAER I HEES R

TPM 0.728 0.705 0.716 0.836 0.806  0.821
TEAL HEZRH) SR8 R

TEAL-S 0.695 0.684 0.689 0.788  0.869  0.827
TEAL-AS 0.721 0.736  0.728 0.791 0.870  0.829

« NH: X}Microsoft Concept GraphH]§ &
— ¥ bAiE, FAREEAE T Word2VecFIKNNE R, K75

BT H) AL
i DAL #IERIH BB dEBIR BA0E #IEM/H BB ERRAR
material 78/102 0.76 goods 20/20 1.00
person 17/19 0.89 sector 18/20 0.90
group 37/43 0.86 component 76/80 0.95
technology 12/14 0.86 individual  24/24 1.00
provision  15/15 1.00 location 8/9 0.89

£t 302/346 0.87




HETEBEINFIES L TFARRME (1D
+ ERVNERIEES LT XA

( (0 . .
D (apple, fruit) VI3 (thé, boisson) ?

(dog, animal) \ ﬂ (chien, ours) ?
(mars, mois) ?

(tree, flower) X J
(actor, desk) X ~ BHRESIERE (R
~ JRE S R UU

N
(poulet, viande)
(maison, eau) X

HiriESYIgkse (D)

— /MEM GEEE) ETFARABFMBRNGELE/D, HELEREIR
BEA ThriE

— PR IER A, G605 F AR (Bilingual lexicon
induction) FIRFETHSE>], SLIEES K ETARAB

Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. A Family of Fuzzy Orthogonal
Projection Models for Monolingual and Cross-lingual Hypernymy Prediction. WWW
2019 (CCF-A)
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ETEBRFINEIES L TR RHE (2
o ERHHIL :

ERREAER (TFOPM) BEAES

- BN JEIES E TR E T AR ARBIEEDSAIDS . HifiEE L
Thz/3E E T AR R B IEE D FIDY
- W EFS: BInESARENBIERUL

J(MP) =

: BIFIES AR 5
. BB L FAIR AR ettt
K AR
BN SR IME . SE—sgE > v BRIEETEAIS
2 event k1 Bt HiRiES BBl
OB R R

0 S ahmiE gl > B BN SR

(zi,yi) €D k=1 R (A

T

k=1,...

(zi,y:)€DE (zi,y:)€DE
, K
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ETIEREINEES L TR ARMI (3)

|

RS LT AISR R 22
— HIR ] B AT LR AL UK B 4E Wahba 7] &
— ETSVDKIARM CGERNBERERRE

L Bf =P Z(mi,yi)EDé’ afkfyfk - (S3) - (Sf@')T +(1-5) Z(mi,yi)quE afky_; : 'rf"?

2. UPSP(VEYT = SVD(BY)

3. RP =diag(1,. .., 1,det(UY) - det(VE))

|Z;|—1

4 MP = UPRE(VE)T
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ETEBRZINEIES L TR RHE (4
EESIE L T AR R

= p L s
TMY) =2 ST S ey - sz - sil?

1-8 K
D S A

(zi,y:)€DY k=1

T
st (M) MY =L ) alal=1 ) af=1

(zi,:)EDE (zi,yi)EDY
k=1,...,. K

J%%/%L-Fﬁiysﬁlki—ﬂﬁ%f% R ZR

(MPSZ; — S7;) @ - - - & (MEST; — S7:), (x4,4:) € D§ U D

/)
( KHIESE
(MIYSZ; — Sy;) @ - - - & (MYSZ; — Sy;), (x4, v:) € DFUDY

\(M{Vfi — %) @ ® (MEZ; —45), (zi,4:) € D U DY 13




ETEBRFEINEIES ETARRME (5

EAE BRI ERR AT (ITFOPM)
— RHFBEERESY, YREWBESHIIZGE

Algorithm 8 ITFOPM {)l| & ¥

I FIHEYE 7, 7ERE4 DE. DY, DE#1 DY Fil% TFOPM
2: while ZH RIS do

3:  for B—NHIMESTARIEXS (2i,v;) € Ur do

4: if conf(z;,y;) > 7 then

5: if 2288 f W (24, y5) N LRI R then
6: ¥ DE = DEU{(zs,y:)}

7: else

8: E,%T DY = DQJY U {(xza yz)}

0: end if
10: B Ur = Ur \ {(xzayz)}

11: end if
12:  end for

13 FIHEW 7, R4 DL, DY, DE 1 DY ¥ TFOPM

14: end while
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ETEBRFINEIES ETARRME (6

BARSLIO T

XERIBE— fr zh

ja

it

th

fi

el

— HIHE: MOpen

# AL RAR 4,035 2,962

1,448 3,034

1,156 7,157 2,612

Multilingual Wordnet 11X
A B SRS

- % —: BiES BTk
R FTR

« ETAIRRvs. R E AL
K&

— £ BiES ETAR
ZR
« FTFAIRARvsIELTAL
KR

#dE FFiXEER 8,947 6,382 3,203 6,081 1,977 9,433 1,454
Jik’ A fr zh ja it th fi el
'ffﬁ' : %In mi?fl%/?ﬁmﬁ%

Santus 25 A\ [66] 0.65 0.65 0.68 0.61 0.63 0.70 0.62
Weeds 2 A\ [74] 0.76 0.71 0.77 0.76 0.72 0.77 0.70
Kiela 2 A [160] 0.67 0.65 0.71 0.68 0.65 0.70 0.62
Shwartz 2 A [50] 0.79 0.67 0.71 0.72 0.66 0.75 0.66
TFOPM-N 0.78 0.71 0.75 0.76 0.73 0.76 0.71
TFOPM 0.80 0.72 0.76 0.78 0.75 0.78 0.73
ITFOPM-N 082 0.72 0.76 0.78 0.75 0.81 0.72
ITFOPM 0.81 0.74 0.78 0.81 0.78 0.81 0.75
5% : BEE LA XA

Santus 25 A [66] 0.67 0.63 0.67 0.62 0.64 0.62 0.64
Weeds 25 A [74] 0.74 0.66 0.68 0.71 0.62 0.68 0.69
Kiela 2 A [160] 0.70 0.61 0.65 0.68 0.57 0.61 0.67
Shwartz 25 A [50] 0.72 0.66 0.69 0.64 0.66 0.69 0.70
TFOPM-N 0.72 0.67 0.70 0.70 0.68 0.71 0.70
TFOPM 0.75 0.71 0.76 0.72 0.69 0.72 0.71
ITFOPM-N 0.72 0.74 0.77 0.74 0.67 0.71 0.72
ITFOPM 0.76 0.73 0.78 0.74 0.72 0.73 0.73




4

o ITFOPMZEZEE4HT
- ITFOPMEERANMEE S _ L TR ATWESES _EREARNZR8R

Accuracy

0.85+

-a= Zh
- - ja
-t

0.80
7?‘—” B
/._./.—_._—._—‘_. -=- el
0.70 ] 1 1 1
2 4 6 8
lteration

(a) 1% : BiEE LT AR AR 00K

0.80~

Accuracy
e
N
(3]

o
N
=)

ETIBEINEES ETFASRRHAE (7)

- fr
| e o
"
- it
- th
- - fi

- el

0.65

| | | | | | 1
2 4 6 8
lteration

(b) ££55 : BEE L MR R
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ETEIRFEINFAICKRATR (D

» NZRRARFRBZHALKARTR
- WILKRFR: ETFARR EOARR. RUARR. BhEHI KRS
- W WICRRKRSHERMMR, BOERERRIK, BEEAN

ik LB R
— FR: BEEMHELEAIC SRR BIAE N LS RIFEER S 6 T AT AL E
A A
y Ly
ZETE (9%, 3B TR
g\ |
C\)_\\\\‘\* Py ; '. O : x>
gl Ve, te . _
1 & GETEN (7. %)
“ A N ‘~~° ;'
‘TR OS%F FR) .. | .. 5% &%
(@) 1AEE=E (b) K ABIKZT 8]

Chengyu Wang, Xiaofeng He, Aoying Zhou. SphereRE: Distinguishing Lexical 42
Relations with Hyperspherical Relation Embeddings. ACL 2019 (CCF-A)



BT EREIFFENCRR TR (2

SphereRE: #ERFZRIRAFES]  J(O) =Jr +MiJy + X2]0]°
— B|REA (%) BREFHICKRRr KRR B AR RANZAREE

RAEFEIEy; |D|

Jr =YY I(ri =rm) | fm(&) — Gl
=1 rm€eR

— IR FRZES] . AHEFEREICRRRAR G EBER T N EEERME,

A A FRNC R R IR E X 22 BR8] Y BE B /M

DUU

J, = Z 5(ri, i) g(fi(&s) — T, f5(5) — &)

. B RIGAE o SiE: AR
h/ OV ;;:<';,
E - f V(/'\,$ %) 3 /‘1. ' '-_ ': :
VR, Eiﬁ) s (nE éﬁb) >
. E )

158 i) R R IR i) RESCEE 43



ETEIRFEINACKRATR (3

SphereREFLAI 52 3]
— RALHERRAERE N 1 BARR R ST
| D|

m—ZI i = Tm ”mez @||2+N”Mm”%

— & Logsitic Regression 7238 (x;, y;) € UTRIL R RIRER 540

Flwsyi) = (MiZs — 4i) @ - - - ® (M|p)Ti — ¥s) %?ggﬁ

— XA (x;,y;) € DU U, %3SphereRERIET;, RIEHRRIENX
» Snode2vectBftl, ¥f%>]SphereREq] & Al B4 N B R\ 2
>

Jo=— > log Pr((z;, y;)|7%)

(%4,y: )EDUU (x,y5)ENb(z4,y;)
44



ETEIRFEINFCKRTR (4

« SphereREFAIZ2] w;

- mempe g (vl =

ol w;,; WIUE
(xzayz) GD,(SUj,yj) ED: 1

r; :’f'j

(xzayz) ED?(xﬁyj) ED, 0

7"7;#7"7'

(xzayz) € D7 (xj7yj) € U>

%pj’m(COS(Mmfi — .’1_7’1', Mmfj — 3_3"_7) + 1)

i =Tm
(zi,yi) € U, (z5,y;) € D, 3pim(cos(MnZ; — Ti, M T; — Z;) + 1)
Tj =Tm

(xwyz) S U’ (xjayj) S U

% D rmer PimPim - (COS(MmZ; — Ti, M T — T;) + 1)

- LR AR RAR

OOO0O) #HE

EEAE

O00-0O

...... QQ...@ @QQ...@
*
ETIREMNHE SphereRE[E&
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ET@ERLANAILKRRTE (5
-« BASOER (UNMATFHESR

ik K&H+N BLESS

AHRE HAEE FE O AEGE HANE FH
Z; DY 0.909 0.906 0.904 0.811 0.812  0.811
(%5 ® ¥i)n 0.983 0.984  0.983 0.891 0.889  0.889
T — Ui 0.888 0.886  0.885 0.801 0.803 0.802
(Z; — Ui)n 0.941 0.942 0.941 0.861 0.859  0.860
NPB 0.713 0.604 055 0759 0.756  0.755
LexNET 0985 0986 0.985 0.894 0.893 0.893
LexNET, 0.984  0.985 0.984 0.895 0.892  0.893
NPB+Aug - - 0.897 - - 0.842
LexNET+Aug - - 0.970 - - 0.927
SphereRE 0990 0989 0.990 0938 0938 0.938
ik ROOT09 EVALution

AwE HAEE FHE A HANE FH
Z; DY 0.636  0.675 0.646 0.531 0.544  0.525
(Z; ® Ui)n 0.712  0.721 0.716 0.57 0.573 0.571
T; — Ui 0.627  0.655 0.638 0.521 0.531 0.528
(Z; — Ui)n 0.683 0.692 0.686 0.536 0.54 0.539
NPB 0.788 0.789  0.788 0.53 0.537  0.503
LexNET 0.813 0.814 0.813 0.601 0.607 0.6
LexNET; 0.812 0.816 0.814 0.589  0.587  0.583
NPB+Aug - E 0.778 - - 0.489
LexNET+Aug - 0.806 - - 0.545

SphereRE 0.860 0.862 0.861 0.62 0.621  0.62
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TR T HACERAL (6)

SphereREZX R [A & Ht-SNE A A#RAL 27

10.0 1

7.5 1

5.0 1

2.51

0.01

-2.51

—5.01

-7.51

10.0 9

7.5 1

5.0 1

2.5

0.0 1

-2.51

-5.0 1

-7.51

e COORD }“}
3° '\
o““ ‘? L

Q.y) I g }.{

e RANDOM
® HYPER ﬁ'\
)
~q

-100 -75 =50 =25 0.0 2.5 5.0 75 10.0

(a) ROOTO09 ( ¥lI%dk)

(c) EVALution ( %4 )
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e RANDOM

‘e
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e
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. >
-2.5 ’ 'r
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-5.0 1 i
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-1004 . . .
8 -6 -4 -2 0 2 4 6 8
(b) ROOT09 ( W4 )
d
7.5 1 [
d .vr. L4 P .. K}
0] off ‘Nt ° .
L]
2.5 3.?. ".. ¢ ”:g. °
0.0 4 .'h © ".o
o
—251 < ’~ [ o H:sProperty
o8 0' e e MadeOf
_5.0- ° s. ® HasA
" ) L ® Synonym
1 Q@ ©®¢o° ." '4 ® Partof
=7.51 e IsA
*. ® Antonym
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75 =50 -25 00 25 50
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ORI R R 1298 518 X

« MESECA: ETAIRR

— PEMSK. PINITEREZN. RRERG
« FTEEEAY

— MR BT R TR E
REFXAR: FELETARRA
— BUMIRYEREEE W, “4RER”
— 1964FEHA: “HAE”
- KICHZERERR: “Bilk”
o HR SO SO AR i PR A
~ BX LT XHE. RERE. B KEVIFHHIE

DR FEREFERABIMEREA | 1964FHE | EHAY | PERWR | FEARKNECZHER | KRR | IMNIBEARERK

UM BT TR | UMITEAZEN | siEFEXALT | PEARRKNERWER | EERRZAZRERL | BAEAAY | MEEEAY
EEAEAY | INIEWER | FEERRITE | FERTRERER | KIIEFERREK | IMA | BXA | T’RNA | D
BEABAOFERALRERWER | AEXERSREE
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ETHRAFZIAIRRHE (1D

o« HOCE XA KR RE XA TEH
- RAMEXAEATZHIRE R R B
- FIHBEREZEFEEREIR R T
— FIFHE SR E s e Bk &R =Judl

HRANHEE LR
BEGLHREAE TN\ g, R
BYE B
S SRR
e ERY
) | AEER | BERR
3 | ww A EEEFAER -
+ | e ER% oo
s |RRAKK | BGANNE
6 | BEEBHN | BIREBEREER ;

Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. Learning Fine-grained Relations from
Chinese User Generated Categories. EMNLP 2017 (CCF-B)

Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. Decoding Chinese User Generated
Categories for Fine-grained Knowledge Harvesting. TKDE 31(8): 1491-1505(2019) (CCF-A)



ETHRAFZHAIRRHME (2)

Tk YU pk
- FUREAERHESLE
POk RBLHIRE v. WA p
BEWE 2 B L A TR [E1 A1
=y =“ANTH#8”
JURKR F LR T [E] &M%
= y; ="FIBLEE”
- BMRATREESEE  supp(p) = [By| - In(1 + length(p))
~ \
WA PRER R THHE BHAKE
- B AR ’

- ks WHERER (WA RIERRTH, 4. RiERRTTHE XA

LB oy 5 S A B S

1 | RB-ER R %
R 2 | R AR | BERK
[ERkEE 3 | 2Rl £ E R LY

4 | sk R %

5 |45 AR MG t

6 | BRI | BIUREZRESYE




ETHRAFZHAIRRHEE (3)

o PTFRARIUAME
— BEONER KON ER R ZE (Maximum Edge Weight Clique Problem)
~ EPFEHARSIANEZ K, NP E

max Y w(y,y})
(v7 9% )€EL,,
s.t. L; C Ly, Vi, y; € Coy; #95), (Wi, y;) € L;,
— RHETERF RSB AR LR K
o RARMIMGTIE
~ BREMTFRATHESBHELURRATHBRIEFE, FHinAHhE

o RABRST
- RASHARAMUARXREA BERA A TEMiER R
_ BARARAR= M EIgtx

()4 AT
[E] g6 B




H TR AIZH IR RAE (4)

LT

— SEIGHYE. PCERTER, 460754 SCSRAERI240 F AN L s2E
SRR, TANLIRE

— BEIRSEIGAER

KRR REHEE BEHE BEEE  BABHERG

Fall 44,118 98.0%  22.9% -

R F 29,460 072%  8.5% gfw — ?}‘iﬁﬁmﬁ
je:ava 20,154 95.0%  31.5% —~on 2
A 11,671 908.3%  41.4% iﬁﬁ'mﬂ 3‘7‘20//0

¥ 5 8,445 96.0%  4.2% 470

= H 8,956 98.2% 21.6%

1 5,597 100.0% 18.4%

B 3,262 90.0% 27.3% T~
" HBUEKIERECN-Dbpedia V2.01 E#H %,
ANLHEZ (REEZRRRHIUHEKRRAET ®ENovelty,
AT RR B b2

— HAWSEIO TS W83 Wang et al. Decoding Chinese User
Generated Categories for Fine-grained Knowledge Harvesting. TKDE




BB IR RIZH (1)

o BB B P SO RIZHAESR
- BRI RAFRREE “KRESMG” , “KE” KiEXCRATIEEITH
FRA S

— =AM, BiESURKEESE (MPS) | HEERKXRITTHLER (CRG)
g oI R15 AN (MRPD)

£R | KE RS BF
L AEER | ZA% B T 10HERTH (BMAT) TR (BHA2)

2 | B | 1012 B B TERR BT W (i)

CRG

(HBER, #F, KAZREEH)

MRPD  wmseg, 7, EZERS M)
(B /R, BT, 10H4)

(FBER, T, FERK) (FFEE/R, BT, 10iH4L)

Chengyu Wang, Xiaofeng He, Aoying Zhou. Open Relation Extraction for 53
Chinese Noun Phrases. TKDE (CCF-A)
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- BAHER

BN
{(x;, 1)}

MPSHLER

H3C53H

HAAY

O\

. } . }
|

CRG&ﬁE MRP Dﬁy&
o BREERRER R RHLR
] /\
BUAKEARR | | Solomss
. \ /
s e LS 5
pir| T
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e
i S AL
sEEL R T4
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BRI HIR RIZH (3)

o« BUEBURREIESE (MPS)
— N-Gram 78| (NSG) #8: f#

FH7E I B SRR 8 SCA BT v BE R V)

Ziui
— #m: Uni-gram. Bi-gram. Tri-
grama§

- WREL: YaReetE (ET4

THE B AEIRA)

— EHE: NSGHI—MRKEXF N —F

P53 753

— EFEREERYS: BORUNER
( Maximum Edge Weight )

¢) B RLIR (wyw) HINSG

a) FLIRMINSG b) BAEFIAIR (wyw)HINSG

o) B ERLIR (ugw RIS
AR (w.wHINSG

AT w1 w T BIE R AR

5% 1 : POS(w;”)=VERB H.POS(w;’"")=PREP
#y3 2 : POS(w?)=CONIJ B POS(w”)=CONJ
%ﬁ 3 - w§]+1)=scmss

T w? fw f sk

z/gﬁ—{l : ng)zcsé'g”

BT CE S AN ALK



BAEWBNHIR RIZH (4)

. {RiERRITTHELER (CRG)
- Wi FERH KRR AT, RIIEIX R

— 1Efii: EBMARNEER, AEMPSEH E XA ERIE
O, |ILKRRIFARAZR

- il RPABIKRIEH

B  EE X RIFE FRRRREE
i) DEP < VA 19474F

( )

19474F BT B {TBX K]
ii) DEP ti335) 4%

!

PR fifiZ % i it

DEP BIR fE AT AL S

L 1
ERATHAME A B HEEsERE
i)  BEAFH {EfhFE ? B RKF (Italy)
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BAEWBNHIR RIZH (5)

» BRRRARFIARN (MRPD)
o FT DU SR b E R SR 1 R R SR

., argmax
vt = ey Pr) Pr(riv) HUERRSH Stk v SChi SO
FF ] HERFE LGSR
SRR DURPEELEY HUE B Aes
2] VERIRIRAL 1944 SN 5 iR A%
Fh2E, 8 T ERS
sRRe BANREERTR —
Pr(v) = Ay Pr(v)MEE £ X, Pr(v)C5 + (1 — Ay — Ay ﬁ

PR, ZETHEE (Hyper-graph) HIBENLIFEREL

Rk EBERRITA: RKRFHECH
fRiEH R RIUA: RRBARM
I FRRIBH

PrELAE: M@%@m%%%ﬂi@@“ﬁ
>R R A

V1',.-»'

=65l
O BE=EXATH
O BESD*RTA




BAEWBNHIR RIZH (6)

)

—

TR LR R

— JURBE: R PSR SR, KA RRAEE

itk #XFH  HEFAEE Yield |#XFH  HEFIEE  Yield
D, i BiG
CN-WikiRe [33] 87 7% 41 84 571% 48
CN-RELNOUN [174] | 31 93.5% 29 35 88.6% 31
ZORE [34] 28 75.0% 21 34 76.4% 26

Cui 2 A [172] 52 51.9% 27 51 43.1% 22
PNRE 193 94.3% 182 193 95.9% 185
DNRE 289 92.7% 268 314 93.9% 295
i +49.7% +473% | +62.7% +59.5%
B IR gz
CN-WikiRe [33] 102 392% 40 76 53.9% 41
CN-RELNOUN [174] | 42 88.1% 37 34 82.3% 28
ZORE [34] 21 762% 16 32 81.2% 26

Cui 2 A\ [172] 54 48.1% 26 44 56.8% 25
PNRE 204 95.1% 194 188 96.3% 181
DNRE 324 92.3% 299 274 94.2% 258
i +58.8% +54.1% | +45.7% +42.5%
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B

RIS RIZH (7)
o FER AR ERRABIELS

Jitk A%E WA (M) Yield (AW G )
CN-WikiRe [33] 165K 58.6% 96.7K
CN-RELNOUN [174] 65K 92.8% 60.3K

ZORE [34] 42K 82.3% 34.6K

Cui 25 A_[172] 89K 51.2% 45.6K

PNRE 357K 97.4% 347.7K

DNRE 554K  95.4% 528.5K

e +55.2% +52.0%
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PR ETE XEE (D

o N iEH (Idiomaticity) Tl 5k RHEH
— FXEE4iE (NiNy) KISEHs2K

« #EH] (Transparent) : N fBifiN,, RN, K—MEMHE
o R ETARR:  (EEREL is-a, BED
- WHREMH: (EEPARL, has-property, [H4)

o R ( Partly Opaque ) : N AN, Z [EAFBHEMERR
o Bl AR
- S ETNRR: DAHM, is-a, HME)
« RIBNXFR: H2AHM, used-for, TpA)

o H4>JiEME (Partly Idiomatic) : N, A REMI& X
o il EZ@/A\E
- R ETMNXRR: (HERAF, is-a, A"

- BEEM (Completely Idiomatic) : N,HIN,5EEANA 45, RIEFEFRES
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RO TETE XA (

3T

- (Idiomaticity) TR

2)
)

— BE 1:359 Ny RN, FESEAEN N, B 1B HEEE AR
“BEERIREL” o “HERRREL” BEHR

— DR 2: EEHEPIAEEM (Compositionality) B CE 544 E A AL
S EEREE

o “EMERAELY B AR FOCRRBL” B XAHE R B

” AEBAL1EH

- HiRE%

T=) slfiuf)+XA >, mgul(fif)

z;EL zi,x; €LUU

* Supervised Loss: 73R#%R, FKHAETIESHEARIRHE
* Unsupervised Loss: E#RK, FAHLIH S EFEEE RN AR ZSEAE L
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RO TETE R (3)
. BTG ST
SEMREE TN 2 K35

T SxAEHEMUNESRIE

BART ] e
S KT %
R _ = > Skip-Gram§j
i L RKAMRT M M %igjtﬁtitﬁﬂﬂ;fﬁﬂ
r T = tinode2vec
R AR RS G ARRR

~_

X, MARBXE A&

AR AR HHIE A& AU & X
® BiFE%HE ( “K” ) 1 , ;o
® AR Hij = 5| cos(U(N1N2), (N1 + N2)) — cos(U(N1 Np), (N1 + No)))|

® 1% LA FEINRFE
® J B (FTWord Embeddings
RIEHT R
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PR TE R (4)

— CNCBaike. CNCWeb##E£E: M EHE BRI LER EREF
XEE4E, #HITFATIRE

— SEOEER
B e CNCBaike CNCWeb
Jitk MHE HhE FA O FEE #BhE Fi
N, + N, 0.622 0631 0626 0512 0.508 0.510
M & N, 0.663 0.657 0.660 0.508 0.472  0.489
N, — N, 0.567 0.606 0.586 0597 0.478  0.531

King #1 Cook [198] 0.664  0.691 0.682 0.563 0.582  0.572
Salehi ¢ A\ [202] 0.675  0.663 0.669 0.705 0.648  0.675
Cordeiro % A [204] 0.704  0.693 0.698 0.723  0.652  0.686

Pattern 0.770  0.766  0.768 0.745  0.687  0.715
RRL 0785 0.776  0.780 0.762  0.703  0.731
RCRL 0.801 0.783 0.792 0.784  0.733  0.758

HARSEI i FE fiBaseline L8 3



PR TE R (5)

+ FICE T R BT
— BRFRSCMGIER R, IR A TR I E AR B A A

Jitk Rl 1 Rl 11 2 11 X IV
Pattern 47.2% 33.6% 15.0% 4.2%
RRL 53.1% 31.2% 14.2% 1.5%
RCRL 51.1% 34.6% 12.2% 2.1%

ATAEHE  (49.2%+1.4%) (38.1%+1.5%) (10.8%+0.4%) (1.9%+1.4%)

o CHEMESPLARBIEAED SR

—- BB ENERER: JEUEER, HPHEER

HETEE Bl BB RHIOI 350 IV
Google Translation  98.2% 92.6% 75.0% 64.2%
Microsoft Translator 97.4% 90.2% 78.2% 58.2%

— %@J ﬁ:}‘ﬁ A% Google Translation 45X Microsoft Translator 451

RFERH Couple lungs Couple lung slices

WEHENVE « Mr and Mrs Smith (Sliced beef and ox organs in chili sauce)

R84 Bamboo book year The Annals of Bamboo Books

WEHERVE : Bamboo Annals (A chronicle of ancient China)

BRI Private teacher Becoming

WEHENVE : Citizen-managed teacher (teachers in rural schools who do not 64
receive the normal remuneration from the government)




G
o B TP SCECR KRB S E WK

RMBE R BEEN

- NEEXHET ETUEKREZIRE
— 5 FH A R A 2 B A P SR SO 78 X

- BEGEIES AN, HBriES

B SCAFZ IR FR AT IR
- RE B RE S BRI LR

- BWEKLLR: TIRAFZR

ﬂzmﬁ(’ﬁ%

R

1R B IAMERIELS

R FIRMERR, B

X
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o RBA R RTVRIE R A 0K R AHEL

« ETHEMBHIBIRENKR B3R

- WIRERRHRAEI SRARME

o ZRhGK

1CTE T FRIR BT E R 24 A

gl
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FHIE S F R -2 X

Chengyu Wang, Xiaofeng He, Aoying Zhou. SphereRE: Distinguishing Lexical
Relations with Hyperspherical Relation Embeddings. ACL 2019 (CCF-A)

Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. A Family of Fuzzy
Orthogonal Projection Models for Monolingual and Cross-lingual Hypernymy
Prediction. WWW 2019 (CCF-A)

Chengyu Wang, Xiaofeng He, Aoying Zhou. Improving Hypernymy Prediction via
Taxonomy Enhanced Adversarial Learning. AAAI 2019 (CCF-A)

Chengyu Wang, Junchi Yan, Aoying Zhou, Xiaofeng He. Transductive Non-linear
Learning for Chinese Hypernym Prediction. ACL 2017 (CCF-A)

Chengyu Wang, Xiaofeng He, Aoying Zhou. A Short Survey on Taxonomy
Learning from Text Corpora: Issues, Resources and Recent Advances. EMNLP
2017 (CCF-B)

Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. Learning Fine-grained
Relations from Chinese User Generated Categories. EMNLP 2017 (CCF-B)

Chengyu Wang, Xiaofeng He. Chinese Hypernym-Hyponym Extraction from User

Generated Categories. COLING 2016 (CCF-B)
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FHIR W ICH R -8 3

Chengyu Wang, Xiaofeng He, Aoying Zhou. Open Relation Extraction for Chinese
Noun Phrases. TKDE (Accepted) (CCF-A)

Chengyu Wang, Yan Fan, Xiaofeng He, Hongyuan Zha, Aoying Zhou. Idiomaticity
Prediction of Chinese Noun Compounds and Its Applications. IEEE Access 7:
142866-142878(2019) (SCI)

Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. Decoding Chinese User
Generated Categories for Fine-grained Knowledge Harvesting. TKDE 31(8): 1491
1505(2019) (CCF-A)

Chengyu Wang, Yan Fan, Xiaofeng He, Aoying Zhou. Predicting Hypernym-
Hyponym Relations for Chinese Taxonomy Learning. KAIS 58(3): 585610 (2019)
(CCF-B)
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THANK YOU!

Questions & Answers?



