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Abstract A hypernymy (“is-a”) relation is an important concept in the field of Natural LLanguage
Processing (NLP) and computational linguistics. This type of semantic relations is often used to
describe the subordination relation between two semantic concepts, such as “(dog, animal)”,
“(rose, plant)” and “(sofa, furniture)”. The accurate extraction and prediction of hypernymy
relations from massive text corpora is extremely important for mining the inherent hierarchy among
semantic concepts and entities, as well as building large-scale semantic networks. ontologies,
knowledge graphs and other knowledge-intensive information systems. This task is also beneficial to
a variety of downstream NLP tasks, including natural language inference, personalized recommendation,
query understanding and so on. Most traditional hypernymy prediction algorithms rely on relatively
fixed language patterns, such as the Hearst patterns in English. These approaches have several
potential drawbacks such as the low coverage of relations in texts and the high degree of manual

intervention required to train these machine learning models. In addition, the textual patterns
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used for hypernymy extraction are highly correlated with the characteristics of the target language
itself. For languages with low regularity in text expressions such as Chinese, pattern-based
methods are not sufficiently accurate. Distributional models for hypernymy prediction are more
precise and can avoid the occurrence sparsity problem of concepts, but likely to suffer from the
“lexical memorization” problem. With the rapid development of deep learning techniques in NLP,
word embeddings which learned from neural language models are frequently employed to model the
semantic relations between words, without a lot of linguistic knowledge. Especially, word embedding
projection models learn how to map the embeddings of hyponyms to those of their hypernyms,
modeling the representations of hypernymy relations in the embedding space explicitly. In view of
existing classical and latest research, this paper introduces the development process and the latest
breakthrough of word embedding projection models, in order to predict hypernymy relations
accurately. We give a unified mathematical framework of these models and discuss how these
models are developed, including the improvements of projection learning based on deep iterative,
transductive and adversarial learning. Specifically, iterative learning methods consider the situation
where hypernymy relations from different domains have diverse representations, and employ
iterative, semi-supervised learning technique to learn multiple projection matrices from the
embeddings of hyponyms to hypernyms. Transductive models learn the projection matrices of
hypernymy and non-hypernymy relations at the same time, and consider the semantic differences
between concepts in the training and testing sets. Because there are a large number of hypernymy
relations in modern taxonomies, deep adversarial models learn neural network-based projection
models over taxonomies and training sets, and train adversarial classifiers to make the two neural
networks to learn from each other. In the experiments, we evaluate all these projection learning
models under a unified framework, including multiple general-domain and domain-specific
benchmark datasets in English and Chinese languages. We also compare the advantages and dis-
advantages of these projection learning models under different learning circumstances. Finally,
the future research directions of this work are discussed, which focus on domain-specific and
long-tail hypernymy prediction.

Keywords hypernymy relation; word embedding; word embedding projection model; relation

extraction; Chinese language characteristics
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W A EART R A ) B S8 Rk
EE A EE N REEAL T 3380 2 e >1 B D
YIZR AT X DY rf (8 A A v BE 3 X8 2E 47 B0 )
BF s 1) o SCER B o 1103030k S AE A % DG PiC A 56 1R
B WG T B R AT E M BN RS
X AR Ry 3G IR B . E56 « DIk Urp, Sk Y
B B AR Sy D I S5 B A A AE N R TR RN A
D'<-D"UD . B EdE4E D" )5 IPM o 1 5 555
HEMBH W e/ " NE e AERE e NP
L FHH I
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¢,V <—c t+2A

R >

DM EED"
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1
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DO DO AR T b RIS A AN
B R TR R0 T A I R KA R 5
BEA T oone SR A ML A b BB (. 24 25 R S5 R
AT A B3E I DV (2 P R R,

TE B BFFE TR L FR A X o SO 5 00 e

1€ . A8 SO F B B RS M AE A R
T AR LA R R M R Ak 4R I A
Mgt i, 3R 2 512 T — &40 3B F B, Ho
Is-A F1 Such-As #5 2h W A G0 - 72 B R 2%
FARME T E TR 5 [F)F 473 3¢ R AH B L RAE
XA ME A AT AR R M S 0y T s iR BRI AR AT 2
(4% A T REANFAAE BN AR R X T E % DY h
WX Caeyo o) R AR E R 8 A T R Y e 0 4t
HWRIER AR PS (v M50 NS (s y0).
M DY R e Dk — 56 FR e £ 0 o AR Bl A Rl
JAS 1Y B K7 55 (8] 231 (Budgeted maximum coverage
problem) ™ 33 — [] AT D)3 o 57 00 359k i A7 30 R
PeAl. TR R 52 B A0 15 35 2 B Sk 11 .

x2 IPMABRAMPIEETEXTE

=2 il
Is-A Fi xRy,
FE X MRS () ity Z—
Such-As 5 y;—miﬁmﬁjl v
s S XN
B B AR (030 (53 Y :”f%v i
x5
et e 2 BTN
CEALPES -V A
BT — SR (o) oWz,

3.5 HEINGHiZEEJTPM)

Hi 7 PPM 1 IPM #RR F g & X 07 % B R
LR RICHIATRE I DB XA
By At 5 RN RE AR IE 2 Ry fe AL, T /& Yamane 5§
AP JTPM J5 ik BE 8 75 i % 33k 7 A4~ 25 B i
TFEAatE. Hd, — A E M RRITTH (2 y) 5
B Co g ARABLRE SR F N AR5 i SO

simp (x;sy) =c(Myx,;*y,+b,),
Horp,o(e) &2 Sigmoid L. 4, JTPM K FHL 2%
B 3l A B P 0 D Otk B A7 2] i A R K H AR
BRIV T yren WR TR

1 K
]» =
JTPM K; )

M
D log(1—sim, (s 3 )
m=1

Horp T A BT AL RRRX (s y) SHEH A B
A MAS PG Caoes i) ooy (s D)0 X — H
P AE AL TE 145 52 27 2 B[] B, 188 T 1 431 R 47 45
1 X 53 B
3.6 #HEXFIYER(TPM)

AR AT IR R 2 T bR O AR A A A4S [
ES'S AN (SN EAiUENS AN T R A S |5 T EE 'S -
B A A L. B, iR e e e E - E K L

E <logsimk (xisyi) T

x.y)€C,
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ALSE A TS A0 R SR AL AE
T R o SR 7 2% 0 T A DR O - T R T A
KA A AT AL T ZORE SE [ R gk
P8 38 AT [ (LR S ) i 0 e S 38 ol K ) ]
li ft. AL FEBUA Y rp g ) AEZPE B 20 e )
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TPM Ji kR T2 I OHE SR B T BT
115 R LB R AR Rk W3 ¢ &L JF B e vk
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KA RS
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= BRI BRI
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e E 2B

B3 e U R R e A

TEWI AR 27 2T B B, 2390 2 21 A VRO I
X T () € DT R HIREAI y MY x =~y ;X T
(ziay) € DY LR, FATAH MY x. ~y,. iG]
B AR AE B MR MY L FRATT X R bR 1 ME S X
(x;sy) € DYHATHUN TSy s, € (—1,1)

s;=tanh(| M x, —y. | = |[M"x.—y. ).

Horrs s, B [ MY, — s B [ M —y |/
KRR o f y B BTG R AT BE MK

TEHE 27 > B B FRATT ] oy 25 P& 25 4 A 1 4R
HHE X AR BLEE. 3 pi = (s y) Fl py = (s )
WA BE T 5 SCHE B A6 56 R I AHABLBE Oy

. cos(X;5X;), yi=y;
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HI AT W sim Cpiy py ) W LA AEE 36 [ - |5 K7 FI
N R - B G O AR TN Hh 2 1 N AR G IR

B F I ZR4E DT DY FI 4L DY b B A A
X AETE BT LG R B SR 4TI 1) i 4E BE
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[—1.10.8 J& %) & B A 1] &5, %F T A% — BE & X
(x:»y)€D"UDNU DY, 4 Il 2R dh 79 N Lo I
SR MR ) L O FATRE N T -

1, (x;yy)ED"
s;=<—1, (x;yy)EDY,

tanh( | MVx; —y, | — |[M"x, —y.|) . (x;,y;) € DY
Forb o W T 9835 I 25 K4k A ik 5 90 7Y AR X A
LR JEHE T F 5 H 0 00 1) = GER W R

0. TPM 3R AL B A5 02 e /MEan T eR 5 {E
Jrem = HW(F*S) ”2+ HFiRHZ_’_
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“po E .

B, 0 e HEUE L IENSEL @ R
FF TransLP MEZL (1 26 v F W4k 40 14, Hop
@, =sim(p;s p). X—HELRMRIE F i 2 0 @
() 2 YE Wi sy A L, IEW I Fr @' F DL 2%
AT B A6 R A AR LR B AN R
EHHE 4 DY b HE S AR 2 G BL T, 1 fig S AR
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IEAh  fE TPM o, | F—R, (9 47 7€ 7] LA fe 173X
AR AAT B RN A5 40 % T e 0 AR
53 B ABE 3 X8 DR L 3l 0 - s 7 A > R A 5
g% fi=0. 7. R}, X —E& X VS AL T A i 1 A
DU SR — AN A 2 4 Hp L TR A S — M AR T A
ETFRRR” HEFESSHN r=0.95(— AT LLAE
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A4y BT 0. 95, A 2R I 3K 4 e — A X R
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R IARES IRV E = 'q NI ]

3.7 Multi-Wahba % 28 (MWPM)

MWPM 254 T 43 Be 8% 8 R il TPM X F
IE ) ) 5 B ik, S 4 8 Wahba [n] 1
(Wahba’s problem) (3 J&"*' . B AFE H MR . b
ALK R AR BT A R AR Z AR OE R
A T B TR R AL 5 IPM AP R B R R
KAF L TE MWPM o, I 254 v 9 5 A4S A8 28 %0 Xf
T a3 5 B N R A

DR I S N VAP S W UK 'S A K N E I ) |
K-Means 535X DY I E X R L oo W £ A
R L. X (s v) € D& T2 b AR AL
HH

r COS(x,'_y,'vck)
a;,= .
E cos(x; —y;sc)
(z;.yp€D”

ZJG sMWPM 2£>] K AMERIBE I MY -
My 0T B AL R B, deah Sl Y i i & 3
— Ak SRR A O IE S L B R R T
R IH— AR BT LA FEAR T TAE S FRATIA
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SRR M, (=1, KD {HRI ]
TE N B0 80888, 5 3 A ) AT LA B B — 4 Wahba [7]
B (Wahba’s problem) 7E & 4 25 18] 19 37 52, Al
iR SCik[54 T 3T SVD A%, an sk 1 iR,

ik 1. MWPM BUEH R A L.

WA BT (v € D3R il it Cx oy WAL af

i B AL MY

1. B,= 2 afiky,x,.T

G ovpen?

2. SVD(B,)=U,X.V,

3. R,=diag(1l,+,1,det(U,)det(V,))

4. M{=U,R,V}.
X — B0 A R A 1R I BA O L STk 23 .

5 Z KAWL MWPM R B DY o (4 4 & % R 47
BRI G EX (0 y) € DYYALTE afl,.
Zla B R BTN R R R K B8R

N 1 N N :
Bam=5>) 3 aldmix—y |’
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sot. MY MY =I(k=1,,K)
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HRAE T S 1T Swona FORE SC AR (e y) € DT
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NEEIE 4.
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Mi’x,*y,M"'x’iy’ My %y, Mx—y,
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1 o L) -
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Eiﬂﬁ)\ﬁiﬁ:x TR
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2

ERfK AR
LRI

3.8 ETHEMZHTLER (NPM)
Wit 255 TR 2 > [ 3k — 2B R L VR i 2 I 4% ]
DA Rt 2] R LS R AR BRI OC R MR 24 AR
LeMEROE. B 5 R T OCHR[26 T R A T kA b 4
P 4 4R R R 3k — R[] B AR I 2R 8 DRI DY |
HEATUIZR. BRI Lo L
Ly=E ., o |Hx:00) —y.|"+
Ec ,o-o¥[HGx500) =y,
Hop EFR M H (x500) F H (x500) 53 51 48
2 R oies e N < B o VAR il S [ S VA i S R R N
.0, F 0 SR A AR B4 iy GRS L NPM i A
ZAT 552 D H AR W 1R L6 & Rk R AL
FALR 1R 22 I /MK
AR OAT] A _bArid
o e R
NI
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NG ]

A ﬁ
B 5 b0 0 2 B BB R

BJF RTINS DY DY ARG 3 BT 51 %%
PRk WIZRH T B R AL R 702K SVM I3 24, A
1117 6 I 3 b 58 I

* 3 SVM RAMBEIR

A i {1 31 B

Xy lxi=yilli s lxi—yill.
Hx;500) =y I HCxrs0p) —yi |l | Hxs 000 —yi |
Hx;500) —y; | HCxis00) =il HOxs0) —yi |l

3.9 EFXWMEINEIEE (ALPM)

NPM B # 4 F N AR 1 09 8 48 78 S Il 25 %k
.10 3 SR R R KRR R A K& BT
KRR Z P LT AR A RIAL, a]
DL I I B8 1Y A B2 2 T T RS 2

ALPM R FH 43 J 1A 28 38 58 1) Xof B 24 2 FE 2R,
BIEECH TR RM AR B IR b2
X WA [ AR 0 35 T el 425 I 4% ) A3 S R Y L 9 L3 5
I3 5 > B30 6 1) 3 2 4 {6 785 T 3 S 43 b
25 [ 25 KH ELNT o DT 5 AR DI R AR B 27 2T 1 50 bl
28 W28 B0 Bl 3 JE R & b i L A 8 T 4 4
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ekt L -
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N S A
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e

B 6 T4 e 2R G 3R 2 ) 2 60 2

LR 5 X — bl 28 o 28 45 B4 55 T A4S 1
25 o BT P 25 T 0% R 43 S R FR 00 R 14 2 I 2L il
28 W 2% ) NPML 5 i [] e 3 2o % 43 28 0 & b iy
BOE BEATRAE IR B R AL R AR BT AL R
ZRAE TV RN TN, 432U 25 10 58 1 4o 28 190 455 11 481 2 o
BoE Lk

Ly=E , - |Hx:;00 =y |+
Ec -1V | H(x:507) =y |
Horpr 07 07 HABERIAE TR TN 2% 2] [ S5

N T S B A 2 R AR [ BRI 2 A
XA R 4 E — S R AR A 2R
a1 H AR X A3 — S iy E AR s E AR E AL Y
TR A2 T 3 W — A 7 9 4% 72 A L X A 2R
Y AR AR 5 1 X BT 2 U 455 7E U Ly
TR T B ALTRIX AT 4 2 A 1 o3 PR R B T
DK A3 25 58 x B L A 3] 3R] i A 1 Sk T (R ik o 22
I 2 B3 2 1A R 1 B P 22 R 4% ) 5 Ly S Al b A ) XF
PUoT T I K RRAL

Ly=E ., -prlog(1—5(H(x,3:00) »x)) +
E(. .- logd(H(x;507) . x,)
Ly=E ,,-p~¥log(1—8(H(x,;05),x))+
E ., -r¥1logd(H(x;;07) . x.).

R AR R B 2 Y 2 R T o R AR AR SR B
B3PS XF Lo 2 g T 2k XAl AR B TR 4%
AR MY Ry k. X — BRI 2R L 7E DA
DY Eill%k SVM 4r K4, i X — 2B 5 NPM A6, it
Ab R PSR

4 ZEXWIFNEDH

FEAS T HR L FATT D] ik A B A B A 2 A4 B
£ EIATEA G MR PRI O HAE X 207 ik S 2 0k

LITEXT . e Ah  FATT B TR IR R A [F] 3 ik A 45545
RITEAN [A] 2 2] 3 35 T B9l 45 1k
4.1 HE|EEESXWIEE

T SO 4E B R R AR LR I 1 i)
fix ARSI o g B B AR AT N/ B R AR A B
R H SCEE R FATT i e TR IR SO/ B2 A R 3R]
SR IE3C, — MR 46 4310 J5 29 10 423 i o SCIE B
JE. FRATTTT G 5 R R I 25 b S0 9 53] 1 Word2Vee
(1) Skip-Gram 5 #5 3a] ] & ) 4 & O 100, H F
YEIETE S 09 AL 1) 1R X A o Sl i 1A i A AR K
By FRATAE 9 o 4 5 i BHIE B E I Ul %5 fastText
Tl i AR AT A S 300.

A FEAE A TF A Bt A X B 67 5% R Tl A
R RO AT PRI e, T 6 P 7 A 38 P 4503
B4 BLESSP f1 ENTAILMENTP | = Ao
85138, 1 B B 4E . ANIMAL . PLANT fi VEHICLE,
XA PR AE SR B Velardi 48 AR 38 A9 45 38 4 28 &
FUU 1 Luu 88 R FE 915 204045 1E 6B 500
B SO fl TS 8 TR UE 4E - FD I BK, 43 1]
Fu 88 AU MIRAT A AF 52 BT A . X SE AR AR 1
SN G TR IS DS N U

x4 FUHEEFHTERLS

Bl 4k FETFRRA FEEFRLR

Jeif B 45 G A G0

BLESS 1337 13210

ENTAILMENT 1385 1385
ik B A CREE S0

ANIMAL 4169 8471

PLANT 2266 4520

VEHICLE 283 586

K 5
FD 1391 4294
BK 3870 3582

4.2 HBEANEELNIBERSHHN

i F IPM 1 TPM AN B8 R SCiE & iE 47
TR R T AR IR AR AT PRI AT RBR T
IPM i}y o SCRE A G i3+ SRR R TPM 19 0 Ak 35
| F—R . AT AT R 358 S0 4 9 PRI A 740 5%
W fh #5 A9 5 IPM-EN #l TPM-EN. & {1 78
BLESS il ENTAILMENT 33 A~ 3% 15 3 vfi: 504 4
- FRR [ f 8) [ 2 AR A A T A ) 45 R A A
S ROCR. [, FR AT Mikolov 2 AW [ Yu %
AN Luu % A" & Nguyen % AW 09 8095 E
R LR FE L Ty s BRI S 5 i B S DL SR
[9,14]. 528K A Leave-One-Out [ 5C 56 7 B 3647
PEM L0 48 A5 2 6 BE (Accuracy) , R B B
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PPM.IPM-EN.JTPM il MWMP 7 % % & %
K PE . AT S BRE K=4,F HAE T 3l
WS HA AR LR AR A . IPM Bikiz 17 10 4
AL JTPM W BRIN BB M=5. AR Al Adam
BikII% MWPM NPM fil ALPM i 28 [ 2% , /¢
NPM F1 ALPM #4845 b A8 ] — )2 B )2
SVM 4254 Kl RBF #% pR %0 523 0] LLTE S %
k(23,26 v % Bal 2 BORN 52 56 1% X P BE Y 5 .
ALPM 3% A Microsoft Concept Graph (Probase %
Gl A TP B DD d i B R A 5 R (L 284 T A
E TR R ICH) Fil Microsoft Concept Graph H i)
B AL DG e 3] X6 4 Ay 1 67 81 s 1 2 43 2K Ak 2R 446 o8 e 4
W 28 , I8 3k Xt Bt 2 >0 et L A o 20 I 4% B RO

35 JL AT T A L TG SR T IR AE
FIEAT X PS8 B0 4 B S2 30 3R . Hodh Nguyen
S NUU T BB T AR B R S M R AR R L 40
0.94 F1 0. 91. 3 5 4 M S G 45 L AT AT L &
P 7E X SR A R h , MWPM , NPM F1 ALPM #f
7£ BLESS $#i4E Faad 7 AR 8 5 ik SR RUR
ifii TPM-EN (1% 52 56 %0 R 5 9F 4% 52 5006 10 e 0
Fe#s B2 5. 78 ENTAILMENT %¢ %4 ., MWPM
M ALPM #8837 Nguyen &8 AU fy Jy i, i
NPM #il TPM-EN HA5 T 2 A9 S2 B 2. X — 5K
95 285 Jn] DU UE b A ) e A B 5 B R A A . D)
b 38 2 X H 22 B i) ik AR R B R SPMLPPM % 5
MWPM NPM FI ALPM % 5 4 H (1 8 50, b m] LA
BRI SCE A A e 5 it (SR ) G RE AR N B AR 4%
R 5 5 2 20 5 20O S 13 AT R

XS5 AHRABRSERBEEREZERANESE ENBEEEN
7k BLESS ENTAILMENT
e iml i A5 7k
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Luu A 0.93 0.91
Nguyen % A 0.94 0.91
o) i A A% B

SPM 0.78 0.76
PPM 0. 80 0.78
IPM-EN 0. 85 0. 84
JTPM 0. 86 0. 84
TPM-EN 0. 90 0. 89
MWPM 0.97 0.92
NPM 0. 96 0. 90
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R 7 L FRATA T S8 K YT PPMIPM-
EN.JTPM 1 MWMP [¥) 52 5 1 fE A9 52 mi. M ]
PIE WX PR T 280 K B9 728 10 I A 35 #

Y K R BCE TN B 2 B A SPM.L &
BTG RS T B s 2 K G R B R A 2 Hess )
BEWR TR T EOE RS U5 Br L UK R
WEFH K 3R 2 BB E TR B Fea 4

1.00
R
ETAVEN
#0.901 - JTPM
= -+ MWMP
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(a) Hdf4E: BLESS

0.95

oo - TPVEEN
= -+ JTPM
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(b) ¥E4: ENTAILMENT
B 7 S8 K PR M AR AR A TEE B 8 L Y

4.3 RIFTPBHFEELNIBRERSHIF

FRATHE — 2D 43 B A ] 14 455 1 7 55 0 400 Sl 45 4
R SEE AR . 7 ANIMAL . PLANT Al VEHICLE
AU B b A TR 2 A G i 2 BT B R 2H
B 0 American tree, half track Z8), i A 2 1A
W B IR AT R A Luu 55 N0 Al o B 3 4 rp A5
A1) A T fo) Sk AT 2 4 O 3 A 3R] 4 7R B RO A
] Y 22 7s . FRATT R A 5 3 P 0 4R B 52 6 A [) Y 52
B B AN 2 5 AT S0 AT F AR R ] Leave-
One-Out PP J7 325, 40715 78 DL SCHRLY ). 5256 45
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X6 RMBAEEEAERZWIEHBEE LNBEETEN
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Mikolov % A 0. 80 0. 81 0. 82
Yu %A 0.67 0. 65 0.70
Luu 4 A 0. 89 0.92 0. 89
Nguyen % A 0.83 0.91 0.83
T i A A% 5 A5

SPM 0.79 0.76 0.75
PPM 0.82 0. 82 0.76
IPM-EN 0. 85 0. 87 0.78
JTPM 0. 86 0. 84 0.82
TPM-EN 0. 89 0. 90 0. 84
MWPM 0.92 0.92 0. 87
NPM 0. 89 0.92 0.92
ALPM 0.92 0. 94 0.93
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FOBR L T3 1 I — A B R 2. 52 A
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S B S M 25 B S 44) , FH Precision \Recall #1 F1
VESPFIN A AR, FAT 5 A1) P A HE & 3] 1) e ) DF
Fe AH B R AR AR S R AE DI 250G & B0 43 2 4% . AT
WAESCHR[ 13, 45-46 55 vh 4 Sy 5 BE 2k J7 5. X 2607
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IR T Li 45 A 48 A v S0 1R 06 &R I
BAE R B Jr . X T AR SO i L TPM 1 &
RO E N 1 =5, ikl Top-50 4> Iu Ak e ik
BRI A B fE TPM i, AT E 0 =
po =101 SERG A1 A S RO RS O SR 11 . A7)
i) £ 1 % #5580 PPM L IPM ., JTPM fl MWPM 2 %
K M{E , S2I0 45 5 2 LI 8. R v S04 28R & i L
B A KA GE Giz T ALPM B, By DL X
AMERLR ALy NPML T SCR R0 i, KRR 5
SCHYTE B R TC G i DL IR AT R I 3 1 52 56 AH [R]
B E. LI R IR 7.

Mg 5 R p L, AT AT LLA ) TPM, MWPM
1 NPM L fir A Bl 2 5380 0 78 > Bdfe 4 B #RA B
AOSR T, R0 b . 5 T i SC IR 25 R JEAT XS L . TPM 72
thaC R 4R T B o R X R P Dy TPM A v ]
DL R SCHE 3 BN TPM7E R 07 56 R 3 5 i K
JE Lt TPMMWMP SRR, 5 S0k 1L ) 5256
XFHe AT LA TPM B 36 & 7R AR b & B A K&
FKArFEHE ) PU 2% 2] (Positive Unlabeled Learning)

0.75

- & JTPM
0.70f -+ MWMP
= 0.65F

. —

K
(a) ¥4 FD
0.85
0.80} F’J\'\v\v\,
=
apll - JTPM
v MWMP
o .,
0.65]
2 3 4 5 6 7
K
(b) #ifE: BK

Bl 8 Z K X TR R RETE P> b SCHURE & B RYSE R

£7 ABNEPERNE S THEE S A TN

CHLpT 2 Y0
ik i 4 FD K#fi 4 . BK
! Precision Recall F1 Precision Recall F1
k1) i A5 T ik
Concat 67.7 75.2 69.7 80. 3 75.9 78.0
Offset 71.9 60. 6 65.7 78. 4 60. 7 68. 4
Addition  65.3 60. 7 62.9 72.7 65. 6 68.9
ISR YN 54.3 38.4 45.0 61.2 47.5 53.5
) i A A% w2 A5 T8
SPM 64. 1 56.0 59. 8 71.4 64.8 67.9
PPM 66. 4 59.3 62.6 72.7 67.5 70.0
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Background
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among concepts. The accurate automatic harvesting of
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beneficial to a variety of downstream NLP tasks, such as
natural language inference, recommendation, etc.

In the NLP research community, pattern-based methods
and distributional methods are two main types of learning
paradigms for hypernymy prediction. Pattern-based approaches
rely more on language patterns, which may have low coverage
and are more language-dependent. Distributional methods are
more precise, but likely to suffer from “lexical memorization”.

In this work, we introduce the development process and
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Word embedding projection models are distributional models
that map the embeddings of concepts to those of their hypernyms,
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avoid the “lexical memorization” problem at the same time.
We give a unified mathematical framework of these models
and discuss how these models are developed. Additionally,
we evaluate all these models under a unified framework.
Experimental results over English and Chinese datasets
illustrate the effectiveness of word embedding projection
models for hypernymy prediction. We also discuss future
research directions on domain-specific and long-tail hypernymy
prediction.
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