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Abstract

Concept system is an important knowledge resource, which describes the Hyponymy
and hypernymy between concepts and organizes them in a hierarchical structure. This
paper focuses on the automatic construction technology of concept system, aiming to
organize the given concept set into a tree like concept system (generalization tree) ac-
cording to the Hyponymy and hypernymy. Traditional methods usually decompose the
task of building a conceptual system into two independent subtasks: determining the
semantic relationships between concepts, and generating conceptual hierarchical struc-
tures. However, the lack of information feedback in these two subtasks can easily lead
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to issues such as error accumulation. In recent years, using pre trained language mod-
els to obtain semantic features of words and determine semantic relationships between
words has become a popular method, which has achieved certain results in concept
system construction tasks. However, this method can only model the first subtask and
still has the problem of error accumulation. In order to solve the problem of error accu-
mulation in step-by-step methods and effectively obtain the semantic features of words
and their relationships, this paper proposes an end-to-end conceptual architecture con-
struction method based on pre-trained language models. On the one hand, this method
uses the pre- trained language model to obtain the semantic information of concepts
and their hyponymy and hypernymy and the structural information of some conceptual
systems; on the other hand, it uses Reinforcement learning to model the judgment of
conceptual relationships end-to-end and the generation of complete architectures. The
experiments conducted on the WordNet dataset show that the proposed method has
achieved good results. Under the same conditions, the proposed method can achieve a
relative performance improvement of 7.3% on F1 values compared to the best model.

Keywords: Taxonomy Induction , Reinforcement Learning , Pretrained Language
Model
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MESEREHBREWRAME S Z R ERAOE L RR, 2—REENIRER, BTE
A E ) —F (Yang and Ni, 2022), #J ZHHATRE RS - [5E8ZE (Demeester et al., 2016;
Yang et al., 2017)5E55, #lan, EETTESE R THSAMEEER - [N, KREWHEZML
PR H A A R R A FR N B 5 1E L RBRE S - HE HASRNHRE TS ERE
BEHANTEAM, B, BE &S A WordNet (Miller, 1995)F1H IR &£ Cyc (Lenat, 1995)%&
SE2HATHE, DBpedia (Auer et al., 2007)H FIHE& 14 2 & TR E T WL Wikipedia ' )
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G ER B oM SAR RAVESS 70 DAL FAESS, BB TR0 5 R AR & i
AR o LR AR AW S TR T A R BB B AR R B 1 5 X, R R
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SRR [ 48 B AR R o R, 7T TR R AR s T M EM AR R RIE
B, FHMERREREFRRERER, FILHTHE R Z 2 —E R - AFIZIE 55
##E S (Kenton and Toutanova, 2019), H# ZNHATHEMIETRREES - N TG
ISR, CTP (Constructing Taxonomies from Pretrained Language Models) (Chen et al.,
2021) K L MR RAMTESEMN N RS, UG T WordNetXiE4 LR ERIAER - X1,
HTCTPREDHE, (HIRFFAERE R BRI -

FATHRE T — R 2 o8 & T W0 405 5 B8 1 v 2 o B R R B s & 5 3K
(E2TCM, End-to-End Taxonomy Construction with Pretrained Language Model) , B
fRRINE VAR RRYE « E2TCMAFH FUJIZRE 5 R A S IRE X MRF IR R IR, F ol 5 € 1Y
EME (ISR - MERHIPR - AL T QURRESE) REEIMMEE S BIWLEF- “Set to Tree” HIBR
OF, X REEd A S SER . O T IR SR RRE R, A RE RN GE Ry
CtfrRt e, BEMSARPFERE . FF, BATPROZFAL R RS R LN AL RRHEE
SHRFIE B ATECE R, DI TR AR o (BRI ML, FATTAT DUREHA S TN B e
BRI TE LA E AR R RN R, HRE BB % 28 [ AR 2 ST R R VR B 11| 458 = AR T )
TR RFE RS o TR Lm 2lim 07 0TI SR, 9 BB —D R, BRIEASE
BOBSAR, HFHTEREENIESE . BATEATEIEE LT 7 80IE, 4RRY
i th BT B R -

AT BT AT LUSAE R LU JLA

L RO ZR1E &5 A0 Aim 213 U7 A N THESF R B i@ s, H HiR—FuaE i
REZR, FIHRERTHER ARG -

2 AR SR A FE A T EMRA SR RIFHEE R - BATEH AT AR
PR “HERI SR RO BIRE ST, RS A R 00E SR IEEE M E B4 & RIGEIES
R R BVFFIE R B R ) SR m B ik R B e .

3.F AT A TF B WordNet B 35 S 04T T 5£498 , L5RK, RANIR T IEMILE 8T
#%:TaxoRL (End-to-End Reinforcement Learning for Automatic Taxonomy Induction) (Mao
et al., 2018)H13.4%0 4 Xt 32 A, ML E T IINGHEE FICTPJT % (Chen et al., 2021)#
H73%MMRERTT (F1) -

2 MXIE

fEEF, FATRR TSR Hohi B ESFRRER - ESaSWED, BERMNE T
TEBHE IR BORE IR TE X, R E R BE ML EIE R SR BN AR R, HERRPIRATHE S
A - B R BRI TIE R LR A& TR R TR T 2 A T -

ETEAMTETERTAREEREFRKTEES LN R ABIEEX (Hearst,
1992; Snow et al., 2004; Kozareva and Hovy, 2010; Panchenko et al., 2016; Nakashole et al.,
2012), Hearstf& T JE 7817 T AU AIEREEC, k2 Ui an SR — > A 7 A ) — X 3 15 4 & St A
B, BT LUl BN AR, B, <R—F . B ERIR . H¥E (Snow
et al., 2004)F&H T —M ARG, T LREATMAE Z B H)R R« 24827 E N % EIR E /Y
ERX, WRAFTFERESEAFHRERE, B SR E ¥ (Chang et al., 2017)Ff1HGWE
¥ (Luu et al., 2016) « —2E0F5Y (Aldine et al., 2021)15# F & F 5 =032 30 B 8L = Be =07
%, B T ETREAR AR IRA B2 R Bl 3 E DT 5 R — S A E H A R
FE . BB GESEIESEMIRZS] A (Bansal et al., 2014), {#FAMEZREE A HAM
SRR, ERIEME S RBREEET SEMPRIL A RR . BAREMEMENHETH]SE
KF3EAESS (Shang et al., 2020), FE#22>] 7720, $2M T fESemEval-2016 Task 13455
EE KA AR R AT RE -

FEETMAIET, T EEHAERFERR, 108 — ST RS R R R S N
23 [E3##1T (Aly et al., 2019; Torregrossa et al., 2021; Aly et al., 2019) 5 FH X 23 (A G G518 17
Yt , SENAEEN S B RIRR, BT (Panchenko et al., 2016; Tan et al., 2016)%& 4>
REEER, UERA T R 23 (A B S SRR LA o« A, CTPREZY (Chen et al., 2021)#HTRIIZRE
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et al., 2022; Zhang et al., 2021; Wang et al., 2021; Jiang et al., 2022) - 7K BAESEECEM
SR RREN IR A, AR RENEE, DRI R RARS FURSEAR I BT AR
N R (Wang et al., 2021), X5FATRIMIEREL, EGaERER, Bl TR E 08T
AAVERAT SR INBICHE >R BH, BF5 (Zhang et al., 2021)3&H, 7E9 BEES & RIS,
B AR RAE R A, WA DMERAT i AR D FEERN T - QENFIL (Wang et al.,
2022)7ETMNSVE ) EEA ERSN R T i ah 7 mfE R -

XEETTER AR — LM, KEDHR RS AR FAES L, THXMEIE AR
®ZAFE; TaxoRL (Mao et al., 2018) 21 [ Ak RNELR, Bt BB TIMNIEER, X
LEFRRR ) TR AR R -

3 ETHI%ESHRENB SRR BRI

HEFREX BAEL—PMREERT = (V,R),HEAH, TERAMESW T REE, RETSHAR
WAKEE - W TFWHREE—TTRv e V, oA LR — DB NAEEEE L D AEHRAA
Ho HATHMESZ, RAEMEE L E L TR AAFRRCIRIBER R -

Oy T SR B R R, A TLAERILAE SRR L, BRSSO AR A
W AN SE BRI P MESS . AN EAARN B SERILI - FAT 1R BUIZRE SR 2IN 50
VEFEFEABE I AT it , R B RFIESS & o 80 9 J2 1 8 o 23 15 2 A e 4545 19 9 O
R, F2frRRIE B RARGES BB A IMI R, AR UUE P RS - &,
TR EFA TR AT BIBAE ~ IRASAZE Rl R £ -
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WSk R RS EE—RIMENAEE - LG DIE D, TRRIN S8 &
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AL - BERERIR N RV x [T, B |V R B RIECR YV, B EE KN, | TR
WEB SR T AR FEEHIRE, MEREVRNETRAILE, Towinit =
BE . EEBIIED, |Vi| = Vi1 — L, |T| = |Tie1| + VEBIREARGL, BV + Ty = Vol - ZH—
MEESERSE, IR EFTE RIS T RS R .

fEE2H, BAVER—MEIFNET LROEETRE, RSN ENZRICR S E R
PR, TRNCR TR ERIERIAE R R DA MR PR, BA TR LUE B3 Lo i B i 1]
BOAARR T A BRSNS SIELR MARNC R e imiE <ok, Sh7E2HF “ommE i % |
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MEERZE, HFHEIFIRX SR SRR N A TR B a5 280 S FRHE
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Torm 1 — B AN 2 FHRAL, TermaIll I\ ELHYEEBE 20014095, 98 & IR - o0 T 19 801378
SFRVRE, AT SERERE R A B T 45 SR8 F (WBERT) |, #BEAHRIEHEE =
VERFHIE o« SEESUERR, ANEP A FIE AR R T A R R SR BN SR FL A “Term1 a type of
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4.1 BIEE£

FA11E FH M WordNet FHREUFIEIR L, 1ZEdRE ZH (Bansal et al., 2014) 01 @ B H <& K/
RS, BURSEME AP, thansh®, 8Y), AWEHRES . BaREens hmE
RN PR CRBTY SRS EIC L, MARTT S & BA M S iR KR e)
FRRAN (FRBERITE T S0 WEEI0RI50Z 0, FRZEEMEEES - HIEES
ETOLERN, FATRHFZRIZREE - R uEBEAIMIEE = R340 Fi533 /114 /114K /)N -

4.2 P IERR

Ancestor-F1. AT A Z 81 TERENFEPR (Bansal et al., 2014), %8 55K T
WE &K R (prediction tree) FH SE % 5 PRIEME &K R (gold tree) BIHH SEXF #E 4T L, AT
Py, RNF1, 2R ER R« ARIZEMEF1E:

_ |IS - Aprediction NIS — AS]OZd‘

P,
¢ ‘IS - Aprediction‘

|IS - Aprediction NIS — Agold|
’IS - Agold|

MATLIEEIF1, = fhadle . HATS — Aprediction TS — Agorg 3 BIFZRTRIN 9 £ (1 5 R FIIER
M ETRRA

Edge-F1. XM FEAR A BTSSR R A0 (M2 B R AR AR E) PR
RIS - FAEMA P, Re, 1R, HERITETAE EARLL RIEEERAXTLE
H, SHWERS PREE S AR R DN—EES, P, = Re = Fl.-

FAVHF 1T ERIE ST E, (R F 1 B e br i SRS R

4.3 ERERESHT

BATE WA 2 RREA P AT . 1) TaxoRL, 3 T 5 2 i O &8 R Hsh i & 5
%; 2) CTP, ETHIGIES R SR Bohig@ETE . RITRIRBERSIELER, i
TARITERMS T - (T 1RSS50 18 HH 5 F A0 701 4508 5 2 S bert-base-uncased 11 5
BHRA R REBIT KU AETY) | A T EIEMR R EA TN T ESCTP T, X B
TG EE I CTP L2 {# i bert-base-uncased B! « WEFAT LAE H, B4 FH R TI 2518 5 15
BEGT, AT EE&RENFUE, MECTPHET2%IHEN A - Z£ECTPH, FIZE
SRR THITEE Z BB IR ROE, I EEH o R S BT AT
FF—3EEZ A AR RIR, FELBRFTE R REAFEE, XT—MKR/IN AniE
&, HulReiiaiEs Ay, mEREROME — I, HRBAIREE, FE™ERFRRF
i, R IilgE SRR RIEEE T, BET 9200, AR E LT
1E o TEATPRFAINZR S i A 2w B imiR e i, a4 R, BRI R BT Z0E 5
AL, EAS TSR M 28 B8R AT AR J5 SL45 R OB T IBIE - h T B A ERRY LAY 3AT]
¥ TaxoRLAME HZSME B AVAE SR, AT Z TE12.4% 427

R, =

Model P R F1

TaxoRL 41.3 49.2 449
CTP(bert-base-uncased) | 57.9 51.8 53.4
Ours 56.6 58.0 57.3

1 AT RS SCE SR L5 DR T AR HRRSE

4.4 THERSCE
X /N RATIRRME SR REFEN TR AIER - F2BR T BATEWordNet BUHE £ it
IS AN SEES « Glove+RLSZE# FH GlovelR BUR TE ST 4R E A& (S2FE X5k & TaxoRLEIHEZE
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Model P R F1
Glove+RL 41.3  49.2 449
PLM(CTP) 57.9 51.8 534
PLM+RL 58.7 53.2 558
PLM+RL~+State | 56.6 58.0 57.3

20 AR SR IR

ghiky) , HPEAVEAPLMIE R EURHE [ & FI M ES, PPNEERE T10.9%HIKSR T, IEM
THONGRE S R TR R IL R A A - AU TIZRE SR, ol T H 5 w2 w7
AAEE)E, PPIEERIET2.4%, RIS E b7 2\ AT DU I BOROA 0 9508 5 R AL A X RIE 145
MR - HHAERBES R RIVFFERS, S5 R OE15% 00587, BB TE SLAIHE &R R
FEESHENTRIEMELR . A, BADREBIIMARERFILE (state) /5, 5CTPLERA
o, PRI [ R ER IR B - BT OnX AT e R 9 7 (3 F PLIMVGHIWT 7] 75 2[R ) | R
PLRAR, B2 ENXER, ABESHOREEE, SE—SAMER LT AP IR F
WihdE ERAIR R . R, HIGIPIRSHAE (state) J&, 2 AT AA FHIATENT 8 £ F 3UE Bk
AWrENZ RERAR, WTEFBAR— S AR ER LR RR, FHIA BRI - H R
HRM N - XA AR S EOZIMR R ERR A -

State P R F1
0 58.7 53.2 558
50 54.9 57.1 56.0
100 56.6 58.0 57.3
500 54.6 57.3 55.9
768 51.8 54.7 53.2

R 3 WASYERLYE A FF A 45

RASYERE M T FHBERTEA HEBURE S 1 R IR R IE N 7684E, -4 AT LIEE], 7
Al S RHE RIS ERAERT, AN REST T — 1M EEMEN B R M EML, B TIRR
X— P RIRCER, BATHAT T ERSFTR xS HLits - FR3HZEMIF K H5 A2 Bif [a] f1 22 W) 4% gt )
P, ORAAEAIZFE, T68FRNETHZ M LS B S hEREFESE S -

ATLLVE W, BARRCREEE P4 W 4 B R 2 A G TRERESE . FHA =
[a; ag; .. apg, | FRERFEAERE, Hfa,| = 768, S F RS . RN _FHE A0
LERRG, = [a1, St a2, S ..; a5, Sy o REEMGGRE EESERKIER A, SOGERIFNFEAER,
YT RINPRE ™ B A R IER R, BRI HAEE 768, e mFEIL TR AR, T
YEEE Ry, BER DLERIF ARG ERER, XASEMARRERE, R IR ER 3L
B

1 1
, ,5 4f;~‘ 2 3
SRR O 4
SO0 OSSO
N c 9 ~ TN clo
7 & i
(a) WZRFIIEHT BLAIM i 72 (b) R/ R ELTE

K 5: IR A2 L

NERSEH BATTAER SRR TlgRd RERI LR - Bl5(a)F, LLEREEIEREIRNA, &
TR LN IEFRBRR A, ORISR TR ERFAL .« 5 ()T S HEF RRZ T S nA
BRI SCIE R « FEBES (a) SRS FR 28 B 1R BRF “OINME T3 53 58 T “U0RE 7 s In B it
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ME- ) FIME R L DR B, SRTTAE 32 21 S U5t I SR G 1) 2% 71465 111 2 B ) 2% [ Bsf 3] 8 2
W, FEEUCR-BY IR, AERB(b)F, RIS RS HEE T 5 <U0RP BRI
BT Z R IR, EARERR T SRR S E R SRR B X ERANREAE L P
TR -

5 BEg5RE

FEATCH, TAHRH 72T IGRE SRR w2 s A R @ 5IE, MILRSFRM T
W RS T R, BRI B RTIESE, o UERCE SISk E SR - (3
T PR BRI, H A DU AR FEARRFAN PR — P RRE S B AIEh RSO (B
AAFTA T AR LUE MY i, AT LIS A CE RO E R EAR T mr9CT ), anfrr B hn
EARMACHERSERIEE (I, 5By AAEeT SRR ARPAEE) U
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