RAE2EHR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

2026,37(2):700—715 [doi: 10.13328/j.cnki.jos.007439] [CSTR: 32375.14.jos.007439] http://www jos.org.cn
O EBLEABE PAFRT T RRBUITA . Tel: +86-10-62562563

BTN RS ANERE RS
24z FEA EALL FAA!

"R AR S B2, 17K BFEE 250101)
JOLRESFR S HHEHR 2 SHAR R, 7R HFd 250101)
WEEVEH: 5569, E-mail: carrierlxk@gmail.com; F+ 3%, E-mail: ylyin@sdu.edu.cn

T EHRABFRARAAF LG BRBEFTFIREGEET. FRLT —A MK ZEH (structural relation
modeling, SRM) 1E&, Al T A M BB AT I, BT b RAFCHE R B IR R BA RS, 428, 5X
SHIAK F ikt ETFRNEMRT EHJATR, B AL —AERAT &, FEREABZGILLE (A
- B K F AT EARK M) SATEER MR A S M. XA 9 T EATIEMRE ehda M, AR LM A B 5
HK AT —FEATHReg-FH KNS, @i ENEERT GEIEIRPET| A0t RSB R,
GHH AR B 4 945 BB R B = A T — AR B ERLE S VAR S| a9 R AR, T A AR MY 4
MAT AT 12 AN EHIBEERATOT EAB LT 2 FRIE T TR R 00A 2otk fe-Bid

KEBIR: g WHBATE T, Biedh A1 S X A4 Bam; T8

HEES S TP18

s g BB S, YL S, PO BT AR R B B RN . RS, 2026, 37(2): 700-715. http://
www.jos.org.cn/1000-9825/7439.htm

F3C 5| %% Qin ZY, Lu XK, Nie XS, Yin YL. Self-supervised Graph Representation Learning via Structural Relation Modeling.
Ruan Jian Xue Bao/Journal of Software, 2026, 37(2): 700715 (in Chinese). http://www.jos.org.cn/1000-9825/7439.htm

Self-supervised Graph Representation Learning via Structural Relation Modeling

QIN Zhe-Yun', LU Xian-Kai', NIE Xiu-Shan’, YIN Yi-Long'

'(School of Software, Shandong University, Jinan 250101, China)
*(School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, China)

Abstract: This study aims to learn robust graph representations from unlabeled graph data. A novel framework, termed structural relation
modeling (SRM), is proposed for self-supervised graph representation learning to alleviate inherent limitations caused by unlabeled data
and graph topological imbalances. First, rather than focusing solely on local structures or node embeddings as in most existing methods,
this study models complex structural relations, such as local-global relations and node correlations, among nodes, subgraphs, and entire
graphs within a unified framework to better capture graph topology and utilize structural self-supervision. Second, a partition-based
subgraph sampling mechanism is introduced to mitigate over-aggregation and topological decay induced by graph topological imbalance,
enabling more uniform information propagation through mini-batch training. Third, a node regularization strategy is applied to improve
training stability and efficiency, resulting in more accurate structural representations. Extensive experiments on node and graph
classification across 12 public datasets demonstrate the effectiveness and generalizability of the proposed method.

Key words: self-supervised graph representation learning; graph topological imbalance; structural relation modeling (SRM); graph structure;
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TR AP, AR T —Fh i O REHESE SRM (structural relation modeling), B 7E4E i Hhdfi e A
FIERE (B TR S 2RISR, K5 R -4 R0 R AT M. (1) RE-2RX R SRM it #F
145 B BRI o3 S B AR R SO o3 X, 845 BOA ARURRAE /0 s SR ERTE — i, WD TR MBS B 5 00 80E
VR A%, I R ARt B2 SR Wl . TR, Xl o0 7 =0 ORAR B B 4T s A T IRl — o0 X N, A BTy 1h E 220 4
Z AP, R HE T T s AME RIS G R, FES AR T AN IR G B, I AT & 5] 7 EIRELE, SRM E
— IRk TE B 56 . SRM MY R EE GET o X I T ) 4@, w3 ER 2R CENE) 454, &
FETRNEARE R 30 58 2R A0AA) 0o} 4 J& 5 M0 7 A DR, S8 Ik Y2900 J50 350 0 4 JR3 S5 A IRV £ 1 A, SBL T SECA RS TR 3R
7. AEYINGRIERE AR, JE I A [R]— P SR AEAN R B LB I 5Kk, SRM REASHT 4 1 BRI K m] 431, IR 754 s A
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RBT RURFAE 2 18] B AR A B R S BLF 1 . 3X — A R B0 1 AR T2 k759 IRV RRAE 1) — BUME, (A5 AE 15 BAL 4
TEE , AHALTS A BE RS OR 7 AR UL AR RS AE 22 7%, AT 98 i R F 48 e P 30 P8 s i 0 500 SRV PRI R
PR GE R, B O 2 2 BRI\ BE 08 S [ el M4 S 7E R S AU o, IR R AN HE N 2 RE M, T
RSE T B PR TT R 8] R T IA I A AT S SR ) TR A, JRATIH CR AT RS 2 =) B R S i B A A 1) TS
RN, AT 389 58 B A 4 JR) B 9% (B 23 28) g P e 8 H A e 50 B T 3l 42 181 b i QR B ARG R
S 45 AT 5 A% S D e L AR T ) o WL 5 )RR ALE . R B AR R BT Ve v B A R G AR 2 2] B T A o T R
N, RGBT R R IR SR AL BE ). FE R ST, I R AL TR, TR A
W EH M TUARE B, T BUR L A UL (0 500 5E 0 R B B I 5INFR B A 200K, BRATT sl A 2 o 3] )
i EAE BB AT AR, I S AR R (AT 0 Ak . Shah, BB PR A BT 48 7 B B v v A 1
SERERFALE, U [X 251 45

3 scwordh

N T A TATAG AT 2 B R (A R, A SORHS A7 VA B T35 ) 7 M ET 20 KPR I 22 SR 55 52
AT SERE T3 AR b, AR SORRAE 22 il £ B3 R R VERE. D9t — 2D BT (K AR LR, AR T
BRI 2 ORI, RN, SREESRNE . T /N B i L9 1 2854 27 2T g s
31 KRE

ASCTTE R IN ZRR AR A B 2 Fros. RN sidhsl, A5 7 B 4 B R B HLBF il 1 — € EL B9
REAE, A8 B4 O 5% 45 ¢ PR S 1 5 LE U A S 3 A I S ). 2 RBE I B, N BRI 4 4 100 A% 4,
TR AN UG SR I P R BOR B 2 . A DR LU K A TE M, AR SCAE Y 100 AL PR A GATP W A 3
3R, 7E BT S ik £ GINDWER 3. A EHUE S AR 4 S50 B 2k 1 RISk 2 Fis.
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R WHEASRESEREENGHE EMSERE

; . FLE =M
H e Cora Citese:r PubMed PPI H Reddit
REP=E 4 2708 3327 19717 56944 232965
BTk 5429 4732 44338 818716 11606919
Uit %ﬁéﬂ:r}f 1433 3703 500 50 602
oy REIEESE 7 6 3 121 41
o IR R 140 120 60 44906 153757
IS UEEETT R 500 500 500 6514 23297
WA mi 1000 1000 1000 5524 55911
BE AL i b A5 0.5 0.6 0.75 0.5 0.75
P (A3(1)) 3 3 5 5 5
¥ K (A3(5)) 16 15 19 17 20
WE A (A6) 0.4 0.3 0.5 0.7 0.7
[e.By] (A39), (10))  [0.5,0.5,0.3] [0.5,0.5,0.4] [0.5,0.5,0.3] [0.4, 0.6, 0.5] [0.5,0.5, 0.5]
FESLR RN 32 32 64 128 128
%2 BESFERZEEEENSIHE RIS HERE
2551 wE IMDB-B IMBD-M  PROTEINS COLLAB  MUTAG  REDDIT-B NCIl
. E4 1000 1500 1113 5000 188 2000 4110
@; eIk 2 3 2 3 2 2 2
o T4 K 19.8 13.0 39.1 745 17.9 4297 298
BEAL B i A1 0.5 0.5 0.75 0.75 0.8 0.75 0.25
P (23 (1) 5 5 5 10 5 5 10
BH K (A~3(5) 10 6 9 8 8 12 8
wWE A (A5 (6)) 0.5 0.3 0.5 0.6 0.4 0.6 0.7
[@.B, 7] (A3(9), (10)) [0.4,0.6,0.3] [0.5,0.5,0.5] [0.5,0.5,0.3] [0.5,0.5,0.5] [0.5,0.5,0.5] [0.6,0.4,0.3] [0.6,0.4,0.3]
FEHAE O 16 16 16 16 32 8 8

32 TRy

FEBEMER I FF, ASCHER T 3 A5 ST 4 38 4230E 7 92500 7C: Cora®)y Citeseer™ 1 PubMed™. 2y
THRCR IR B I — B, SIRIE AR S VELE VAN ST R PR RS, A — 2P R A T B AR EAEH (PPT) $i#%
H P8 ZBAR RO RRA RN AL B s, A Pl VA RS R T, ASCESIN T — A K
KR4 Reddit™, ZEIRERAE TAHA ML, H4 T Reddit BT HIH (S B,

W2 3 Fras, AR SO K 5 AE EAE AR G AT 55 P 2 R I R TS A B R VR I R R 1R
IxZFEL T 7L, GraphMAER My 3 B 5% St 2, R0 A sl i A BT i, 20 200 1 G54 £ J3E ot PRl e o
AR BB S 3T x b ST LR 7 ik GSCTV AR HE T R 8 LA 45 440, (B LML A ARG R PR SRM P g
IR T AN R T A R R R 2 5] SR R I E B, RS AGIE 7 Fn Bk, 3t — 0 i, AR SOy R F R P
AWK RIENEB S, BT, B T AN TS ). Frplth, 7€ PPI #1 Reddit 945
FRW, ASCTTVETE VG ot o W7 s50R B 3z A et 9 .

K3 WL LER (%)

Him B SEIEM
. Cora Citeseer PubMed PPI Reddit
GCNP? 81.4+0.6 70.3+0.7 76.8+0.6 51.5£0.6 93.3+0.1
GAT™ 83.0+0.7 72.540.7 79.0+0.3 97.3+0.2 —
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R3 MRIPREIER (%)(5)

_— Eﬁiﬁ [EELE:" _
Cora Citeseer PubMed PPI Reddit
GraphSAGE"" 79.2+1.5 71.2+0.5 73.1%1.4 513432 92.1%1.1
Raw features 56.6+0.4 57.8+0.2 69.1+0.2 42.5+0.3 58.5+0.1
DeepWalk!*” 67.2 432 65.3 52.9 324
GAE!" 71.5+0.4 65.8+0.4 72.1£0.5 - -
GraphSAGE™! 75.2+1.5 59.4+0.9 70.1+1.4 46.5+0.7 90.8+1.1
GRACE™ 81.9+0.4 71.240.5 80.6+0.4 69.7+0.2 94.7+0.0
DGI™! 82.3+0.6 71.8+0.7 76.8+0.6 63.8+0.2 94.0+0.1
BGRL!"! 82.7+0.6 71.140.8 79.6+0.5 73.6+0.2 94.2+0.0
GMI™ 83.0+0.3 73.04+0.3 79.9+0.2 65.0+0.0 95.0+0.0
GATE!" 83.2+0.6 71.8+0.8 80.9+0.3 — -
GraphCL!"" 83.620.5 72.5+0.7 79.8+0.5 65.9+0.6 95.120.1
Sub-graph Contrast'” 83.5+0.5 73.2+0.2 81.00.1 66.9+0.2 95.2+0.0
InfoGCL™! 83.5£0.3 73.5+0.4 79.1£0.2 - -
CCA-SSG!*" 84.0+£0.4 73.1+0.3 81.0+0.4 73.3+0.2 95.1+0.0
GraphMAE"" 84.2+0.4 73.4+0.4 81.140.4 74.5+0.3 96.0+0.1
IDGLP" 84.5+0.3 74.1+0.2 — - -
Gsct 84.6+0.1 73.7+0.1 82.1+0.2 69.1+0.3 95.3+0.1
Ours 85.320.2 74.1+0.4 82.7+0.2 75.4+0.2 96.5+0.0

3.3 BEEELE

P73 3 B AEAR I B RR VR (IR T PRG54 o BB R AR S (0 B BEAT S0 F50. O 1 A T PEAl A ST 1%
PR RE, BRI SIE 5% BT Dl i B T 34T TR B

AT 4 DTN EIESE (B IMDB-B. IMDB-M. COLLAB. REDDIT-B) P} 3 MEWiME B 2508
£ (B MUTAG. PROTEINS. NCII) fE RS xs G 4T #1152 W 28 B Bk = 5 R AL, SUHO I 254415 8., 255
SR P BEAR 3 N BURRAE. RIS, P I e 58 0 408 M0 4 P SRR T BOR 28, A SCIBAE A St U9 AT A1 11
PERELLEL.

ZE RO MG S 4 FioR, RSO IRTE A3 AR 42 138l 1 5 B0 5% 4+ 45 U7 7% GraphMAERY, HoHi7E 6
ANHRAE B A BB R, AUE NCIL B0 8 AL JE O . A8 493 2 12, DGCL"™ J5ik AR EE T GIN Mg 2 il iy &
i 2, (EHSHE R R, BT, A7 T2 BN R R, IR T — MRS RIHESE, [R5y 1
2% 1 AR 384 iR R ) 28 S5 AL R, A4 5 2 SE R i R S . b4, AR SCOVETE TUF BT I 572 BB R DL £,
KRR T A o RS 2 (B AH AR A AR . JC 4 A BB H I, A SO iR e TR R BB E LR
T, X e R A B R BRSO K, RN R 178 B2 SR 55 h B S5 O B 2. R4S
Rt — B RAIE T AL B AR, RE s R I L R 2 R B AT 2 TN R 5 2% 06 3R, AR SOV e 8 SE A 0 iR
P e BB 4 A5 U, AT 7E 11 23 AR 55 T IS e .

3.4 HRLSELG

N T IRNIRFAZ L BT HIRE A, AR SCHE 2 MR AR b St 7715 553 28 (R Cora. PubMed Fil PPI) & 432
(R IMDB-B. MUTAG) i BB FC. B A 28R4 TP AT IR, B OREE R 22 IR PERIHER 1.

HAIRD T TR R AN E R R AL B, FFIEAL T TR 0 OC R A R WAk 5 R, ARG T
—AAEE N EIEN R4 SRR E T AUIE WL R R A B e L RS, il — R AT R SE R, B
ORI B FEL AR b, DI e B B, 3 5 e+ R 40 SO RO E SR R B [ R s B T —
AN JEER Y 3L, %o SCERAE TR AT BRI AT RAE T AR FE AN LK. <+ AERS & W7 R AN 42 R 70 SC 2 1) 5N T A )
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HERE, UIESRE B S E . <+ B BE— P Bt TR S, ISR T B R AT, ST TR
HIZALHE ST, “+MasKGigpalmoca” 1F 27 BUR) 8 70 SC P REATLGF 19 RORFAIE, DASS SRR (R F AR 1k, RS, “+Lgey” (R
A3 (10)) AN RIENACIR, B3R T TR PR RE, TS 2 T 28 i) 58 R,

R4 BNPREREEER (%)

FHTR IMDB-B IMBD-M PROTEINS COLLAB MUTAG REDDIT-B NCI1

GINT 75.145.1 52.342.8 76.242.8 80.2+1.9 89.4+5.6 92.4+2.5 82.7+1.7

DiffPool™” 72.64+3.9 — 75.143.5 78.9+2.3 85.0+10.3 92.142.6 -
SpP” 55.6+0.2 38.0+0.3 75.1£0.5 — 85.042.4 - 73.0£0.2
GKPY 65.9+1.0 43.9+£0.4 71.740.6 72.8+0.3 81.742.1 - 62.3+0.3
WLP 72.3+3.4 47.0+0.5 72.940.6 — 80.7+3.0 68.8+0.4 80.3+0.5
DGK™ 67.0£0.6 44.6+0.5 73.340.8 - 87.442.7 78.0+0.4 80.3+0.5
MLGPY 66.6:0.3 41.240.0 76.142.0 — 87.9+1.6 — 80.8+1.3
graph2vec?™ 71.10.5 50.4+0.9 73.342.1 - 83.249.3 75.8+1.0 73.2+1.8
InfoGraph™” 73.040.9 49.740.5 74.4+0.3 70.7+1.1 89.0+1.1 82.5+1.4 76.2+1.1
GraphCL!""! 71.120.4 48.6+0.7 74.4%0.5 714412 86.8+1.3 89.5+0.8 77.9+0.4
JOAQP” 70.243.1 49.2+0.8 74.6+0.4 69.5+0.4 87.4+1.0 85.3+1.4 78.120.5

aec 72.0 49.4 — 78.9 - 89.8 —

MVGRL"™ 74.2+0.7 51.240.5 - - 89.7+1.1 84.5+0.6 —
InfoGCL™" 75.1£0.9 51.440.8 - 80.0+1.3 91.2+1.3 - 80.2+0.6
GraphMAE"" 75.5+0.7 51.640.5 75.3+0.4 80.3+0.5 88.2+1.3 88.0+0.2 80.4+0.3
DGCL™ 75.9+0.7 51.9+£0.4 76.4+0.5 81.240.3 92.1+0.8 - 81.9+0.2
Ours 76.2+0.5 52.0+0.5 76.840.2 81.3%0.3 92.3=1.1 90.3£0.3 81.2+0.4

RSN 73 RS T TR R M AL SE SR (%)

" REEYES S

L Cora PubMed PPI IMDB-B MUTAG
LR 78.6 79.3 70.5 72.5 87.6
+JRB 4 X 81.4 79.4 70.8 74.1 88.5
AL 81.7 80.1 71.2 743 88.9
+T Bl 84.4 81.0 74.5 75.2 91.7
+ MaskGiobal 84.6 81.1 75.1 75.7 92.0
+ Maskpocal 84.8 81.3 75.8 75.7 92.1
+ Lieg 85.3 82.7 75.4 76.2 92.3

U 5 TR, JRy BBy SCHIREE LA JR 8 5 4 SR RFAE A B R o (R +JR) 8 23 30), o JR) 8 5 4 JRj oK AR A 2
JEA RELW. X EEAG 50 TR A 2R IR SRR I EAME. Reilith, 23R 5 AP Y (B2 2R A
T+ JRy B 0 SCHRAE R G+ P S8 L SR O ZRAtt kPP 1) 7 PR B 4 R, B 28 3R TR B PR fE. 5 R DURAE
— T BRI BEEAR E GEZAE R A8 73 30), A SCHR 107 EERAE LB OR 1 1115 RORFERE R A 1. IR L
i e VR LA R 105 2R A RS T BRI R  (0A BSOR S 15 2, AT 5 T AR i e B R AR (e

M5 FTLARLEE B, 5 RS (B4 MasKgiona 1 Maskyoc ) FUFTHE H 795 SOIE AL Ly, Y96 B THRTHEBE. 12
RWEIE BT A SCIE R R I, ST RIS s AT 2 A 2.

LZ LA, F T LR R SC R WL SR, R R AN (A DAL EE 2 18] 82 2% 5% A% (R e A o S . (U g . —
KA REBAZRAENERE | O TR, MRS TR 3 MR R e BRI SE B T ik RE. SRR,
TRNERAE PILE IR B R ANOLER AL 1 o0t B S FA IR IA IR, T EL X P 28 ) A 00 (1 S A 4 O i 2
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N T IRANR TS B R I WA A 3N ARIE RO, ASSCEAT 7 PEA AR 5, FFH 25 B EIAE R 6 . ST
LY AT P R P 1P 1 e 5, A SCAE A R BT R FH 1) LE U A 42k RE W A 28t 1 4
FoREESE R S5, X RE R, AMUERE T 5 25 md 1) (OB, TT0 ELIE 5 1SR X 52 2% P 4 ) 2R g A
FIRRES). BEAL, ML AR A B TR IR e, Dbt 22, TS T 17 B 2R F) 5 ek, DA AR 38070 ] 5 e
Hr SRR At T I8 S K LA,

6 TR IERE 3 S SLIG h ST IE WA T s 6 (%)

[ETRNUUINN & 432
TN SR Cora ?ﬁf@f PPI IMDB-B = MUTAG
Ours 85.3£0.2 82.7:0.2 75.4+0.2 76.2+0.5 92.3%1.1
W/0 Lsmooth 84.7+0.3 82.3+0.2 75.0+0.4 75.8+0.6 91.5+1.4
wio Les 85.2+0.3 82.4+0.4 75.320.5 75.9+0.8 91.9+1.3
W/ Lieg 84.7+0.4 81.8+0.4 75.120.6 75.3£0.9 91.2+1.3

ST VA AN E) 7 B SR AE: SHE s 7 40 3 3 4 =5 145 I8 TR 0 R, A SCOovd BE T A B L A ) ) B A e
2 UVLE Py () 22 007 vk, B0 485 RVE T3 7, SRR AR SCOFTSR P K56 43 X 1) PEUSRAEATL B 76 14 B D TR AR 8 1 3
b T7 i B A B E S IR WIZH LA 2R A5 207 T R I B, I B B BT BN I R AT A5 B K,
I Z AL A R 0 SRR A B T S B X AN R B T, D BB R TR B T i A

RT TR IAEGr FESEI TR S (1 L SE 56 (%)

TR Ve Pl o2k
Cora PubMed PPI IMDB-B MUTAG
FET 43 X ) SR 85.3 82.7 75.4 76.2 923
F T RENLIFE B 5 82.2 80.5 72.8 74.6 90.2
FET T AR R 1 SR 82.9 81.6 72.9 74.6 90.6

B 3 R 13RI /NG 5 R B S A 1 0. 5 B B0 R/ E 23 DX B0 AR A 7 DX R R RN RE . T8
f¥) MUTAG 1 IMDB-B 4 4€, A SO R A 7 1V SR 30 0 4521 BARANH I iR IR & A A, H
FERZHAGIL, 7 BRI BRI BE A S Wi S LD

P 4 W7 T BEALGE BCTT sURSAE L] B2, BLARANTR] B e DU HE RS LE 3 T e T2 7, (H— Tl 5, i )
R RA B TR B RS R .

~e- Cora -=-PubMed -A- PPI -¢- IMDB-B -o- MUTAG -¢- Cora “*-PubMed -4-MUTAG -¢- PPI-e- IMDB-B
95 181923 gol77 9093 s 90/45 9097 9156 995
o0~ ~ %
T fB37 848 836 s3ler 844 84158405
Q
S 80k 22, 16
< __b4a7474145 7354 74165 Z 2 74169 % 74,85
75 p 2 =3 75 13- - 5
— = P o S | 75139 76.2
70 [3387391 7415 7404 7441 74027533 70 [2:63 , , 7424 7048
4 8 12 16 20 24 28 0.1 03 0.5 0.7 0.9

B3 ST BN L SE 5 Bl 4 SCTBEHLBR fCT mURFAIE L A7 ) 7 RS2 5

K5 R 6 73l &7 T 4E Cora $idla 5 VA S IMDB-B 454 Eok T o M1 B 1 REUE M 45 R B ) 1 BEFE
% B e AR T A, A Bt Lt s T AU Z5 L. BRI, o AN B KPS B TSR R 1k e LA 28 SR B 52
Wi 58 5 3K AN S B0 i 8 L AL, R AR R i R s X0 A (R R0 s 17 FE A 70 75 T ) e 0 3 25 sk 5, ik
RPN FEANERE N T
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=73

728
720 1 g 72.0
715 70 & 715
71.0 69 71.0
70.5 68 70.5
70.0 0 70.0
69.5 ',3 69.5
69.0 7 69.0
68.5 0 o 68.5

K5 Cora $i#E4E L5CF o Fl g 1R B BT K 6 IMDB-B #E4 [T o F1 g 1 R B 4T

4 B %

ASCER T B RS A ST IS M K R AR (SRM) HEZE, 15 76 4 THINR 28 DR 2 2 A) 2 4 5K AR 1) 0 22
Pk, FFER T I R ARG 10 RE. SRM HEZR K 51N & £ 5 A e 59 B (5 5 A BT 30 41 AN P17 S B0 JR BRI, AT
$E 5 [ 7R 2 ST IR RE. D 7 A R B B 9 AR AR 4, AR ST T — R T 20 DXORN 22 R A0 e 15 JEL IR 1 TR R A
HLER. XA RENS 78 70 AR B R 345 2, 3R M R I e, MO (L E R I B . BhAh, ASOEGIN T —
T s I BOR, DASE S 7R HE 8 (0 68 ek, 1 R AE VI o e rh A= Rl ) P DR & BEANAR E . a3 A2 22N SR HE S
PaSe LREAT KR SEIG, ASCRAIE T B th 1075 VA4 B B B3R 2% 21 U7 T A Dbk AR T M B AN e B B o
ST, AT R DU T PR RE . X e S0 45 RNV T SRM HEZR (KA R0, IE 7R 1 HAE AL B
i BRI 05 T (078 0. R B 564 iR RE, 48T SRM (K11 4> XS FR98 K 2 A B IR, AR IR 701 R TR R
— b B 2 X 7 5, B AR X SRHIER R 2 S AR A, TR — NN s Hom R gt —HESL. BEAh,
N T DT SRM K IE VAN SE I, A SO 4Ky e SRM X 532 (1 U 55 (K38 PR (e 190l ) ATt
SR B SR S R (I OGB Hidla4R).
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