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WA R —MEENFIRER, #A TRESZ A8 LN AR R URIRES T
Ho KXEHTHRBEERWESIMERR, BERFAENMSES B LR
AEL BRI S AR (BESH) o (RO07 0 F RS R R A 55 0 A
MSLE) TS B A BN ALE SR R BRI A S R IR AL R SS « AT, 5X
PP TEFSRZERRS, HHSEEERBRE R . FTER, HFHTI0IGRE SR
IR E B8 SURFIE - PITIRNE 2Z [ 38 SOC R B8R0 — MR AT, sk
AMREFSHRG T —ERRCR, HRXMITIEARENE — T ESETEE, FH
TR FEAERE R RARAIRIRT « Oy T AR PX A (A R RO AR B 15 S HL 5% A 18 SUFF
fib, ASCRH T — MR T IIRE & RA i 2 A R R AT 1% - %7 — T
A FFRIIGRTE 5 BRI PR U & B = BN Az R & B8 SR B AN S ik R 0S50 (5
B A—TE, R R ST v 2 i R AR e AR BT A S B R R LR I AR R -
FEWordNet £y 5 LT A0S0, ASGR BT ERG T RIFHRCR - MRS
T, ATIE R R F1{E ERERUS 7 3% R ERER T -
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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

A CEFNE R EAM AT RIBUE (20222D0160503) , EIZR BAREERETH (U1936207, 61976211)
FEREBEE F O R S M A EE EARHIL I (No.20220AD080004) HEHf -
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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

1 5lF

MESEREHBREWRANE S Z R E OB KRR, 2—REBENIRER, BTH
A E ) —F (Yang and Ni, 2022), #J ZFHATRE RS - [EE8ZE (Demeester et al., 2016;
Yang et al., 2017)54E55 74, B, AEETRGERH THAMERLZR - R, KEHZMLE
R H A A S R R A FR N B 50 1E L RBRE ST - HR HRAS RN ARSI S ERE
B ALSER, Flun, &5 M&KZWordNet (Miller, 1995)F1H iR & Cyc (Lenat, 1995)%
SE2H A%, DBpedia (Auer et al., 2007) 9 FIRE& & R 2 TR E & M Z WikipediaH H
% (Tag) HARGEEMALATH Mm% /5 5455752, Schema.org! FEAL . BHEMKRHIE X
BT R Z R AR EE] o XFT RN B 77, WS RL e
IRAIEOL, AT A R &, EI IR TR ST A SE M R R B B T 1%

G T ER B MR RAVESS 20 N DAL FAESS, BB A0 5 R AR & ik
A LR AR AT S5 TR T A KRB E B AR R B 1 5 %, R
MRS S R AR, R RAARRER B IERRBPPRE S AR (Granot and Huberman,
1981) - SRT, XFUTIEFAE—LLBhEE - E5E, 1AIEM B AL R AW ESS U TR BT 7 L
MILRAR, 28 THSERNEHRELR . Rk, EWERSERNE - TESF, A
] € FIATE S RFIER R, IR RN S — D TES AR, SR BESHRBHEIE, Fm
FAESEIRERERIE (Sun et al., 2022)

NTVIN BESIRR
— . 53 ,ﬁm
Ex Hag '
ARS N =
g BER ‘:> WF o E
P K R . P - HER

E 1 B AR R EE

PRI S)TE BIME T AN (Sun et al., 2022) T4 12 (Kwan et al., 2023), 7 | fi#
FLX LRI, FETFIRE T —MET IR S HECE ERTT1E (Mao et al., 2018), RIAIHIRL

"https://schema.org
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SRR [ 48 B SR R o R, 7T BT R AR s T M EM AR R RIE
B, FHMERREREFRRERER, FIHTHRE R Z 2 —E R - AEIZIE 55
##E S (Kenton and Toutanova, 2019), H#J ZNHT R MEFTRRFEES - N TG
HIFHIRR, CTP (Constructing Taxonomies from Pretrained Language Models) (Chen et al.,
2021) K L MR ARHAMTESEM N 0 RES, UG T WordNetXiE4 LR AERIAER - X1,
HTCTPREDH, HIRFFAERE R BRI -

FATHRE T — R 2 o8 & T W0 405 5 B8 8 2 o B A R B o & 5 3%
(E2TCM, End-to-End Taxonomy Construction with Pretrained Language Model) , B1F
FERINE VAR RBRYE « E2TCMAFH PUJIZRE SR A S IRIE X FRF IR R IR, F ol 5 € 1Y
ENME (RS - MEHIPR - AL T QURRESE) REEIMMEE S BIWLEFT- “Set to Tree” HIBR
OF, X REEd A S SER . O T IR SR RRE R, A RE USRNG5y
CtfrRt e, BEMESAERPFERE . R, BATPROZFAL R RS R0 LN AL RRHEE
SHRFIE B FTECE R, LIRS TR ARG TE o BRI ML, FATTRT DUREHA S FIN BLade
RS TAETE LA E AR R RN E, HRE BB % 2B [ AR 2 ST R R R B 11| 58 = AT
TR RHRE RS o TR Lm Elim 07 0T ISR, 3 BB DR, BRIEASE
BOBSAHR, HFHTEREENIESE . BATEATEIEE LT 780IE, 45RRY
i th BT B R R -

AT BT AT LUSAE I LU LA

L RN SR1E 5 2 A 213 U7 A N THE S F R B s, I Bt —FuaE i
RIEZR, FIERERIHER HIREE -

AL S ENETN A FE A T EMRAR AR RAFHEE R - BATEH AT AR
PR “HERI SR RO BIRE S TR, RS R 00E U IE A E B4 & RIGEIES
R R BVFFIE ) B ) SR m B ik R B e -

3.F AT A TF By WordNet B 35 £ 4T T 55498, L5 R KR, RANIW G IEMLLE 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 IINHEE FICTPJT % (Chen et al., 2021)H#
H73%MMRERTT (F1) -

2 MXIE

fEEF, FATRR TSR Behi B ESHRER - ESaSWED, BERMNE T
TERBHE IR BORE IR TE XS, RE KRB LS IE R SR B AR R, HERRPRAHE S
A& - Wik R BRI TIE R LUK A& TR AR TR T 2 A T -

ETHEAM T ETERTAKREEREFRKTREES LN R ABIEEX (Hearst,
1992; Snow et al., 2004; Kozareva and Hovy, 2010; Panchenko et al., 2016; Nakashole et al.,
2012), Hearstf&Z{JE 7817 T A AU ANIEREEC, At Ui an SR — > A 7 A 1) — XS 1A 15 45 & St A
R, BT Ul BN AR AR, B, R—F . B —EDERIR . H¥E (Snow
et al., 2004)F&H T —MARSE, T LREATMEE Z B H)R R o A 27 AN 2% EIR E /Y
ERX, WRATFERESEAFHRERE, B SR B 7 (Chang et al., 2017)Ff1HGE
¥ (Luu et al., 2016) « —2E0F5Y (Aldine et al., 2021)15# F & T F R =052 0 B 8L = Be U7
%, B T ETREIR AR IRA B2 R Bl 3 E DT 5 R — S A TE H SRR
R BB ESEIESEMIRZS] A (Bansal et al., 2014), {#FAMEZREE A K HAM
SRR, ERIEME SERBREEET SEMPRIL A RR . BAREMEMENHETHSE
KA 3EAESS (Shang et al., 2020), FE#22>] 7720, $&m T fESemEval-2016 Task 13455
EEE KA R 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 i 23 (A G 518 17
Yt , SENAEEN S B RIRR, BT (Panchenko et al., 2016; Tan et al., 2016)% 4>
REEER, UERA T Rl 23 (A B S SRR A o A, CTPREZY (Chen et al., 2021)f#HTRIIZRE
SRTLAW IR G ) L AL AR, HF BT R B AR LR R IR R — 1A 2 I, BUST
RIFEIRR; TaxoRLIER (Mao et al., 2018)f# FGRI 2 5] SEEL T v Bl (1) 40 F AR RAGFETE -

A — S8R R TARNE S 2% B 0 S AR R T SR LB AIE ek R AT 0 KR8 (Wang
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et al., 2022; Zhang et al., 2021; Wang et al., 2021; Jiang et al., 2022) - 7> KT BAESEECEM
AR ARER BRI A, SR EINEE, LA R RARSS RN B R AR
NS (Wang et al., 2021), X5EATAEEIERLL, AIGRERES , BRI H A i
HAVERM T SIRINEI S E 2R FH, IS (Zhang et al., 2021)1&H, £ BEES A RN,
BT RN RE T, A LUE R SiE AR EFAERIA T - QENEIE (Wang et al.,
2022)7ETMNSBVE B RSN R T i ap 7 mfE R -

XEETVEEFAE — SR, KBS ER RAESS 20 AW D TS OME, X S e 8
REMFE; TaxoRL (Mao et al., 2018)ZB% T A RKIELR, Hid BEKHTAMREE, X
BLARRR ) T RRARIOUR -

3 ETHI%ESHRENB SRR BRI

HEFEX BAVEL—PMREERT = (V,R),BEAF, TERAMESWT AEE, RETSHAR
WAKEE - W TFWHREE—TTRv e V, oA LR — DB NAEEEE L M AEHRAFE
Ho HATHMESZ, RAEMERESHE L TR AAFRRIRAIBER AR -

Oy T SR S R R, A TLAERILAE SRR L, BRSSO AR A
W AN SE BRI P MESS . AN TR RN B SERIEI - Fl 1R BUNZE SR 2N 50
VEFEREABE W I AT it , R B RFIESS & o 8 0 P J2 1 28 A 48 15 2 A e 5 1 1) 9 O
R, F2frRRsi B RRGES D AE R A IMI R, AR UUE RS . &
TR EFA TR AR RSNl R £ -

3.1 #EMHENEZRME

MR RSB E — RIINEMNAE - BB NITRTtH, TR R EAEMfE
W, VERAREROEESES, WEERIMATHIEE, BATEXAEIER: (1) AIEC
RV EFE—MAE2;  (2) o AR V,FREER  3) R SmEITH, BRI S
AL BIER B KN RV x Ty, EH |V RRFIRTNCEVHIEIEREE KD, |TFER
WMEMSERFT SR BEFFBRE, HEEAVRNETRAALE, To#oRehzs
Be o BEBPIEDLE, V| = |Vici| = 1L, |Th| = |Ti| + VEBIRE AL, BV + T = Vol o ZH—
ANEIGSERSE, TFC SRR RN R TSR R

FER2F, BAVER M FNAET LRRSHTESRE, WIRRSAFERZIC RS EER R
FPRAS, TRVC R AR (B R 2 AIRNE R CEMIRIC R B, FATTRT LB 215X St bl B 1)
B EAMAES AT A RRIBESR, B ELN MIRTC & R R B35 <onmE”  hyE2FF “mimE fi 2=,
SIESEF “oimE R Uk, TERET T A, St —NEE, AP SR wIIEIR SR
A5 R — AN ED 2 5 PR o[BI H AECE R R E O R I -

ST A ME R RIS — T S, BATERE— B A FRE, BEVLERF —F
BYERNRT &, HEEG—DRFIFIER, RUEFHEEERN Y IR SH EA0E, Wik
FAERF AR S - XFERME T EFEE — 7 SR G2 R AR A R, shiEaS | KN
HIA| = |Vi| x | T3] + |Vi| e HTFEAN—SIRCROANERS K EREE, R NSRRI EEE
B, AR —NEE, RS KSR R T, FRCEY, FIrE B GEE S (2, 1)
PERRAIESTET, Bt EAHE T AR rAEEMSE R T, FRIAME -

3.2 MEEHHEREER

BTATREEEAIZI SRS T,, S8 SV, LEFHEE OIRE - IRE1ER TR T EE
MEERZE, HEHEIFIRX SRS ARG« N A TR B a5 280 S BRHE
SIWEHFERFFE - anEl4rP PR, BEALE i TSR 1E S ARG IRME SR R R AT 1R A F
IE, SRIERHHE ARG LS, SRS N 458 b PRS2 AR e B A E A M SR R -

ShVE R FE Bh VEFE FE th AT DLy {50 18] 38 o /P, HoAr (98 — 17 80 2 — 0> 18 18 5 41 Al Y
f]F“Terml IS A Term?2” (41, “A cat is a mamal’, 3= /~catEmamalf] FO7iE) |, H
Torm 1 — B AN 2 FHRAL, TermaIll I ELHYEEBE 20014095 5 98 & IR - o0 T 18 80178
SFRVRE, AT SIERERE R AR T 45 S8 F (WBERT) |, #BEAH RIS E =
VERFHIE o« SEESUERR, AP A)FIE AR T A R R SR B SR EL A “Term1 a type of

Term2”, “Terml an example of Term2”%% -
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e 3] TSR L ] AR
/”;j;% ﬁ%%\\\\\ ?l*)m EEEE—— ///g/J;;‘-?:: E%% \\\\\‘ Eﬁfgj
O gy R 4N, MER ( g BER WK BER
| AHERC ﬁﬁ.§,f 2 3 HHERC e §‘Ww§2) (3)
R S e G

————————— RN \j‘c e -

RS — AR 2 RHOR
WA 7oy 20 AR \

&5 T g a

S S ax \ (1)

e T b gy HER) K, ? HER

BERC L ox [ BERC % e @ G

S e SO e @
L a2 3

2: I I RS R 2 7

W EIRFAE (BE I FUNISR1E = B AT LUT (M SR A) 7 IO, B BT —4Em - ST, Xf
FARPIRGEF B iR 2R, BAT AR A FH SR BB 1E X R BT TR AR U AOAFAE - A 1 EE AR A
TE SR HHRFAE, RO BPIREE A 1A R ORI AN (LB 4RSS RFE, (D EAEE DT RS 13E X
FRIE - BRI, AR P il a R — R T A A1 -

AT E T AAERE R T (Liu et al., 2020), RG-S4 R AORCIRGE M 8 #0188 2 [ BER
MEE W BPRE . BTN, R —HAEZRFEE L TR R, A ENEER L EH—E
FEAEARSRAVAE AL, IR b BB BT B AE FTILARRE PR AT L« ZEI3P IR T — DRI
RS HAT MR RE R, BAIEEE LR ARTAEREL AW, B AT AR R X PRAE
B, FERERIREEIAI N 2 R oR PR R R BB R, RERE (i, ) A R E D 1R RIS
LR BT, (ENOR RIR B AL o @i R i AR RE S IR 14 R RIS g AT
SRR, BAGE] T B R RIE SOMEEFARRL & BORFILE -

AR QE5 s

(Taxonomy Tree) (Visible Matrix)

aom | 5% [oont | | 3 |

it
M

B’
N &Y

' S R

~
A A

NG N 3
W ey il
\_/ _/ —/ (3

x®

i

E

P 3: AR A e P A AT ML FERE

3.3 MWLM R K%L

B T 3 e I E, BT — IR BRI R E S TInERIXR . — RS F5S
RINEETRVMERNZER), Wl RAERBSERE, RIS RARENFUE, REER
LI - ABREXFTAAREINGE— P EEFENTFR, BEERNE . kAT EEEIER
FREBSWIFUE, FEEENER - Wt = F,, - F,,_ | - GRHFEWFUERL E—
IREORS B 4T, 2 Fhet MIE, FBNE A7 - REINFORCE (Williams, 1992) 58 IAREE S5t 2 4 52
— A e A 2L, BRI RSP IR 2 RIZI S E2801E, T2 78 S A0 Bfs 2
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JE T E R HI R G R RIE LS o XA R, R AT DIRR A B A R, AR
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0 I

Dat BN B (e |
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eSS — ;

Qb PLM O 5

g o | [ o
E?i?i? R S O ) semran

ABHE O SR P
OO O (state) O
000 )
HENEM
TR

P 4: AR T ) SRS XX 28 5 1 [

3.4 R A SRS I 4% ALl 4R

ST ENE S IRBFIRE 2 5, BA TR AN s T R R 0 S [ 48 e 2 5 — P 1 B0
1B M (alS, U)RIERRIRIER AL Kk FE— e ERIRER, shE= R A NEE RS
BMEEE, ML A NS ERF LR, HEEM B4R - 456 Fra i i &R 152501 ER
FEA,, ERSER|VE| x T3] + [Vil] x dim(P), EHV,| x |T;| + |V,|[R-shE4EEZ, tpiefhs
BN HEE . dim(P)BRTEEN PRHER &4 - X TE 2GRS & RT,, wHE
BEAC AV My, KANAIT| x |T| » REBER R R T 5506 LA AT D6 R R A B 0 958 5 1A
OB UG SIS R R IE R RS, A5 S, — BRI A SR M 4% .

SR [0 2% PR aR o AL, — > B AT A % B W 28 R0 — S PR R ORI X $ 4% - S, LR
R EHE MR, SA46, BEAMBIRERERNG, REdidsoftmax/z, HEIZHEMRER
DR, KRV x Ty - BERLRARYE Po B o Rt idiE s, WA R AT E SR T:

Sy = Relu(Ms + bs)

7(a|lS,U) = softmax(ME(Relu( M (Ag; Sp) + b)) + bF)
a; ~ m(alS,U)
Hr, MAMMy¥SEREA GBI MG SE, URRRIEHRE MR SE . Eil%GmE, &
TR AR IR TREE, (ERAEN I B e B e m I sh
HATEFEREINFORCERIAE N RIL, ZHRMBRETIAR —M . RIS EA R
LU
T
U= U+C¥ZV7T(at’S,U) © Ut

t=1
B vy = N T RRER A EAERRITRE, € [0, 124THEF, FRRENUIER
R -
RIS o T RN 22 B R Fe 0 22 ST B AR, BT M ARG IR, FRr
BRI EIE N E L -
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4 SEE
4.1 BIEE£

FA11E FH M WordNet FHREUFIEIR S, 1ZEFRE ZH (Bansal et al., 2014) 0l #H <& K/
RS, BURSEME AP, thansh®, 8Y), AWEHRES . aREente hmE ham
HEER/NEIFIRAERL CRBTT SRS EIC L, MARTT S & BA M S R KR d)
FRRAN (FREERTET S0 WEEI0REI0Z 0, FHZEEMEEES - HIEES
ETOLERNY, FATRHFZRIZREE - JuEBEAIMIEE = K315 Fi533 /114 /114K /N -

4.2 iFHIERR
Ancestor-F1. AT A Z 81 TAERENMFEPR (Bansal et al., 2014), %8 55K Tl

HE &K R (prediction tree) FH SE % 5 PRIEME &K R (gold tree) HIAH SEXF #E 4T L, AT
Py, RNF1, 2R ERR - A RIZRHMFL{E:

_ |IS - Aprediction NnIS — AS]OZd‘

P,
¢ ‘IS - Aprediction‘

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

MATLIEEIF1, = fhadle . HATS — Aprediction TS — Agorg 3 BIF/RTIN ) £ (1 5 R FIIER
M ETARA

Edge-F1. XM FEAR A HCBFIUME SR R B0 (2 B R AR AR H) MbREE
RIS - FAEMA P, Re, 1R, HERTETTAE LA XL RIEEFIAXTLE
H, SHWERS PREE S A R KD —ZES, P, = Re = Fl.-

FAVHF 1T ERIE ST RE, R F 1B iabr i SRR -

4.3 ERERESHT

BATE WA s BRI R JE AT X . 1) TaxoRL, # Fim 2| vl Sk R B i &
%; 2) CTP, ETHIGIESRE I SER BT E . RITRIRBRSSIEEER, i
TARITERMS T (T TSRS 18 HH 45 F A0 7)1 4508 5 2 E bert-base-uncased 11 5
BHRA RGBT AU AETY) | A T EIEMR R EA TN T ESCTP T, X B
ITAF EE I CTP L {# Fbert-base-uncased B! « WEFAT LAE H, B4 FH R TI 2518 5 15
BEGT, AT EE&RENFUE, MECTPET 2% A - Z£ECTPH, FIZRE
SRR THITEE Z B E MR ROE, I EEH SR S BT AT
FF—3EEZ A AR RIR, FELBRFTE T REAFEE, X T—MKR/IN AniE
&, HulgeiiaiEa Ay, mEREROME — I, HRBAHREAE, FE™ERFERRF
i, Rl gRE SRR RIEEE T, BT 9200, HIWr iR E e ek
1E o MENTREFNZGEMSBARA BRI T, B4R, EABRNIREGUATUIGRE S
B, RTINS R AT DA R SR8 R R HATIBIE - O T H G BA BT, 34l
% TaxoRLAME FHZSME B AVAE SR, AR Z TE12.4% 4 127

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 RSSO E S L5 IR AR SR

4.4 THERSCE
X /N RATIRRME SR REFEN TR AIER - F2BR T FATEWordNet BUHE £ Lt
FHITE AN SEES © Glove+RLSZE{# FH GlovelR BUR TE ST R E A & (S2FE X5k & TaxoRLEHEZE
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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 ARIER SRR

ghik) , HEAEFAPLMIE IR HURE [ & AU 40, WS RE T10. 9% KT, ERA
THONGRE S RE AR R IL R A S B . AU TIZRE SR, Fofi TR H 5 w2 v 7
AGEe)E, PSRRI 2.4%, RN RN 77 2\ AT DU I BOROA IO 9508 5 R AL A XHRIE 145
MERTR « AP ERBE S A RAVFHERS, 5RICF1LS%MRTT, U T SCATBE S (4 R HFIE
FEEEMTORIEMEE - A, BITDERBIMAREFAL (state) J5, 5CTPLERM
o, RERLR) A R R ER TR R - AT OnX AT fEs B8 9 7 (3 T PLIMVGHI W 1] 75 2[R ) B R
PRAR, B2 ENXER, ABESHORHEEE, SE—SAM R LT ALK AP IR
WihdE ERAIR R . R, HIIPCIRSHAE (state) J&, HEZY AT AR FHIATERT B BT 3UE Bk
AWrENZ RERFR, WTERBAN —SARER ETARR, FHbA B REN - H R
HRM N - XA R S BOZIMR K ERRH -

State P R F1
0 58.7 53.2 55.8
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

3 WESHERLYEE AR A 45 R

RALERE AT A1 FIBERTAR B SR EUME &0 1 SR G R E 7684k, 7ER4F a] LIEE], 7E
il A ME S FHEFN S ERFIERT, AR ESE S T — e B Z AT E M LE, TR
X—BRRER, TA AT T RSP /R RN IS o FR3FRZE N F R 45 B2 il [ A4 228 90 4% B 1 7O
T, ORTANVERIZFFE, T68R AT MM HiE ST ERERELS G -

ATLUE t, BT R ROR R A 28 0 A B R BB BT e N . HA =
[a1; as; ...;a‘Tt|]§ﬂ?iﬂVE¢§r?ﬁfﬁlﬁ, Hrfa;| = 768, HSFRMEWEIE . BHEF _EEEH
LERNG, = [a1, Si; a2, St o5 a5, Sp) - TRBEAIRERI EBZSEZIRKIEEA,, SPGERIFNFEIER,
Y FE T R RE P B R A BV IE R IR, R 2 HAE B 7680, PR TR B3 R, T4
EEE R, BEnT DRI B TER, XA RMmMAMREERE, K] UG 8o 3k
B,

S = KK E%

WA ER e P R e
w22 BRI E U " 4
(2% ﬂj{éé $‘8 (59 ﬂ%s's ﬁ‘g

TR g To IR e 1o
7 !
(a) LAY B M E 72 (b) YILR/E L 2

K 5: IR A2 L4

MERER BN TERS AR TSR] - B5(a)t, LEBEERERNA, &
RSN IEFRISR SR, 6 RSSO P IE R R - 5 (b) T S AR SRR A
AR AU - ZEEIS(a) . SRS L4 B R AR <Ol 75 5058 T <U0RE 7 s s i B HE & v
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