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Embedding Model of Knowledge Graph via Jointly Modeling Ontology and Instances
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School of Information Engineering, Ningxia University, Yinchuan 750021, China

Ningxia Key Laboratory of Artificial Intelligence and Information Security for Channeling Computing Resources from the East to the West,

Yinchuan 750021, China

Abstract Knowledge graph embedding provides a more powerful knowledge representation input to machine learning models by
projecting entities and relationships into a continuous low-dimensional vector space, thereby supporting more knowledge graph
application scenarios. In recent years, researchers have tried to use the potential semantic information between ontology and in-
stance in knowledge graph to enhance the embedding of knowledge graph. However., they fail to effectively integrate the hierarchi-
cal structure of concepts and the specific information of instances,and ignore the transitivity between isA relationships,resulting
in limited performance and generalization ability of the models when dealing with long-tail entities in the knowledge graph. In or-
der to solve the above shortcomings, this paper proposes a knowledge graph embedding model ( Representation Learning of
Knowledge Graph via Jointly Modeling Ontology and Instances, JMOID) , which integrates ontology and instance. By introducing
self-attention mechanism, this model captures the complex semantic relationship between concepts and instances,and adds a learn-
able parameter to adjust the neighborhood range of concept embedding,so as to distinguish the hierarchical information of diffe-
rent concepts. The transitivity of isA relationship is modeled. Experimental results on the YAGO26K-906 and DB111K-174 data-
sets show that JMOI achieves the best performance in most cases compared with the prior art, with a maximum improvement of
6.5% in the link prediction Hits@1 and 6. 9% in the Recall in triple classification compared with the suboptimal model.
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H 5 H AR B i i AR HEAT LR
5.1 XWiEE

LY 7E Windows Server 2022 Standard #:/F R 48 T #E17,
CPU 3} Intel Xeon Gold 6248R CPU @ 3. 0 GHz, GPU ¥
NVIDIA A100-PCIE-40 GB, $ {4 E 42 & 3 F PyTorch 1. 12. 1
PR B 24 3 45— I R AE 4R, JF & 1 5 4 Python,
5.1.1 #¥EE

ZHT B T AE K £ fii ] FBISK il WN18 # 17T 4k, H
FBI5K 3= % fy 52 45 20 ), WN18 3 B oy 5 2 20 1, B o A 3
B VEAG A SR, AR SO JOTER ) s 4 o i 5 A K s g2
M YAGO HHRBUR YAGO26K-906 #1 M DBpedia H 2 B
DB111K-174. #EMGHE B E 1 i3],

D https://github. com/JunhengH/joie-kdd19

F1 BIRENGEIHER

Table 1  Statistical information of the datasets
YAGO26K-906 DBI111K-174
52 £ 26078 111762
A 906 174
Lk R 34 305
BAXF 29 19
L = T6 4 9962 99748
FER=m4 1410 163
EH K FZTLA 390738 863643
BMAXE=ZTTH 7552 600
5.1.2 s AEAl

2R SR X LA TR 43 Sy G 2 - (1) Al B 0 3R R A B
R BN OR T FAT A B 5 B A L RS A B R, 1R
TransE, DistMult #1 HolE 4§ £ ML A /E Sy % LSt A9 5 (2) 3k
TSR R 2 AR AE B L i AR, TransC,
JOIE,DGS,CIST HI Concept2Box fE h X} H AL, &B 4> %F 1t
R 9 52 30 25 S H LA JOIE #1 CIST,
5.2 LIS
5.2.1 4R

BRI EZEMEELR = 0A b, ro D W, B
Choyr) 00U S50 2 149 2 S AR 2, B8 3 Cr o 0 TN B2 1) 3K S
TEXANE S, T 22 45 IR BT b 4 18 S A i HE R 31 3 L T
AR HERERAEAE . ACEXTES T TR AT
Fo bR . — AR R = 0 A 8 7 B8 50Bk (MRR) . 53 — A4~
EHEZ AT N A = o041 89 B (Hits@ ND . BB G 1
BT MRR Fl Hits@ N M8 . 7EAR SCE 50 A, B 3 7
WU 53 SR P A F-A4T 45 o B S0 G FR = T8 41 14 4 4 10000 0 A 4 G
F U A AR T, 45 YAGO26K-906 F1 DB111K-174 #
NEAEE L PAT T X BAFAES

B 5 ¥ = T A SR A Y 85 Y 1E Sl 4R 4R L5 V0 S 56 IE
10 %ML . W TFHANR =Th hyr, 0, FATHR
B A SR o B R SR L DR W — A = a4 (s
). TR ST N BARREUR S F(h,r o) SR #TH T R
155 AT HE T AARAS A =00 4L (hy rs O FE TR B = S0 41 P
BIHES . [RIRE AT LA B — 3 % =04 (o o) B H A5 R
BB A>HERE B S5 1 = J0 A (o s ) BUR T 3K = I8 40 (1
7o) PSR FB SR h, A, A0 AR IR G A AR AR = T A
CRPRR$ T 3k w2 00 i 9 = w2147 4R J2 1 #f 4, JU) [ A% v
AT AR IR = ST A A8 A HR . T T BR X R
TH R RS0, R H T S8 a0 58 A Al a9« o % 2% 7 1
EUS DU i = o0 AR AT B £ .

(OLSHKE

FEYI R B b A SO B T B LB B T R b i LT
SR I 2 H{0.0005,0.001,0.01,0. 1}, 1B
By Ve 7k H10.1,0.2,0.5,1,2,5,7) ,# AZS I 4E%L d. K
{25.,50,75,100} »d, 7 {100,300,500,1000} .5 +p, }10.5,
1), B S50 51{0,3,5,8,10) it K/ B K 128, @it
WUESE LY Hits@10 i@ S ES . AR RESH o
H9{0.5,1.0} . PIASEHEAE 00 s A S HOCH A R L L & Ik 2
FiF . A BRI GBI 5000 K,
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Table 2 Optimal parameter configuration for link prediction task
PE T A v Y 7 do d. B B2 B a
YAGO26K-906 0.001 2 1 5.0 5.0 50 300 1 1 128 1
DB111K-174 0.001 2 1 5.0 5.0 50 300 1 1 128 1
(2) LB 2 3 {1 % 0 G B D5 5 B9 IMOI (self-adv) . 7E Hits@ 1 Al

SRR IRANE 3 g, WEF AT LLE L IMOL JLF 7E
B BT 15 A5 7 T L H At X e A R 2 3045 O 4, 4% 2

Hits@10 =, JMOI(self-adv) i 158 43 JL - J2& HeAth % Eb 455 59 i1y
W%, IO IIE BE T A SO TR A4 A 350 .

#* 3 BEEETINAE R

Table 3

Results of link prediction

YAGO26K-906

DBI111K-174

A SH KR = T4 BMAXR=Z 04 EPIK A=A BAX A= T4
MRR Hits@1 Hits@10  MRR Hits@1 Hits@10  MRR Hits@1 Hits@10  MRR Hits@1 Hits@10
TransE 0.160 8. 66 30.17 0.145 12.29 20. 59 0.212 9. 66 41.85 0.164 13.43 19.78
DisMult 0.223 10.91 32.76 0.197 17.72 25.08 0.163 8.07 32.54 0.153 12.43 16. 32
HolE 0.235 12.90 34.31 0.192 18.70 20. 29 0.206 9.53 37.68 0.144 15.50 20. 11
TransC 0.159 8.65 30.04 0.210 20. 24 26.85 0.217 9.94 42.74 0.197 16. 60 23.88
JOIE 0.176 8. 64 32.68 0.263 16.72 38. 46 0.208 9.38 41.90 0.461 25.00 78.73
DGS 0. 366 23.15 56. 06 0.290 25.88 44.38 0.226 10.31 60.85 0.470 26. 88 78.82
CIST 0. 364 23. 97 61.54 0.291 30.03 61.13 0.322 15.50 62.41 0.529 34.33 79.11
Concept 0. 344 23.33 62.01 0.293 31.16 62.92 0.325 16.52 63.11 0.530 34.82 80.01
2Box - - - - -
JMOICunif) 0.158 8.59 31.15 0.237 25.70 54.45 0.229 10.96 45.76 0.488 27. 60 80.11
JMOI
Cself-adv) 0.375 24.62 63.91 0.324 32.14 63.35 0.331 18.73 64.63 0.549 36.17 81.09

TE SR AR 45 TR 7% RS R T Rk o

HE L EWAEEE LR RV .5 TransE, Dist-
Mult F1 HolE 4§ 3 7 13 & 1% #x A B RLA L, TMOT # 7 7E
MRR,Hits@ 1 # Hits @ 10 E BG40 B F 5 T
94.7%,84. 9% M 150. 3% ., X B, IMOI £ A §& T 47 Hb F
JFH S5 FIARE A 22 TR 15 78 19 15 S OG F 0k 2% > S0 RIVRE A8 119 L 1%
FRAE 320 T IMOL BRI ZERE B2 TN AL 55 P i dedE . kL, 5
TransC I ,JMOI £ MRR, Hits@1 FIl Hits@10 | (11 fig
SRR T 73.4%,69. 1% M 111, 1%, XEHE NS
TransC A I, IMOT i Fil B 13 5 3 B0 K 52 491 5 M A e Jji 3]
il —Azs L BRI e Z M KE SRR, LR
G SR T A R — 9 A 25 [0 o X S 051 R ARE 2 R A 4 A A

4. 5 JOIE M Lt . JMOI £ MRR., Hits@1 1 Hits@10
F v RE 2 B E 43R B T 26. 4% .62, 8% F1 33. 2% . X 4N
9 IMOT ZEAE A& e A O I T — A 4B 3580308 i 2 480, X 7T L
X is A FR A% 38 M LA R JR] — S 451 g T AN R S 1 1 L AT
AR, BK. 5 DGS L, JMOI £ MRR, Hits@ 1 fl Hits@
10 BRI PERE D 5 P48 & T 19.4%.36. 7% F1 16. 5%, X
fig 2 R TMOI R AS R v (1 2 IR 254058 3 728 = el iy
38 P LR 25 M e SE Ap b @A . 53 4h, 5 CIST At , JMOI
£ MRR, Hits @ 1 1 Hits @ 10 [ 19 RE 2 9 F 34 05 T
4.7%.9. 0% 3.5% . X FRB, IMOI # AU 58 % 5 4 4h 4 42
SR 2SS B L TERE B IO AL S5 b i M RE AR B4R L
BT BT AR A SR 2 R B B T A Rk, LS
Concept2Box M It ., JMOI £ MRR, Hits@1 1 Hits@10 | ¥
PERE IR T 6.3%,6. 5% M 1.9% ., XEWIIAA
FE 72 LT LAAR S 3t 47 3 S 0] 5 408 2 22 I ) 1S A DR T

TEBERETOMAT % . TMOTCuniD ” F1* JMOI(self-adv)”

nJ

g3 R R A 6 7R FE SR g i TMOT #2281, ¢ JMOI
Cunif)” F 7R 2k A 3 5 £ R A 3K W (Uniform Negative Sam-
pling) (1 TMOI BERL 3557 471 R A J& — B 177 28 1) BE LR A 7
B N BREAAR 1 4R P B AL 1 R R A L TR B R A 1 L 1A
BRI TIPS I~ O, W= o\ S N 8 Nt B W <1
SR AR 8 ) R R I 5 A A A SRR A, AT R i R AR )
fit. “ IMOICself-adv) "R R A XL £ R AR SR B (Self-Ad-
versarial Negative Sampling) ) JMOT #8 ,  [{ XF $t 7R AL 2
— R S A R O v B A S I RE AR R T X AR AR
TELAS A 5] A SR A, 1 R A TR0 (10 1 2 20 3R 5 B T 2 o A5 280 %o 7
FEARY X 208 S1 . Rl LAWLEE 2 . “self-adv” i FE Y
IMOI BERIFE Z A48 b5 b AR A BT $2 F1, 3% 3= B [ 4] i £ R A
SR W T R B AT K A BT SRORE A 4 v T AR Y T P E
g5 LTk, 7F 4 B T AT 45 b B9 X B S 50 4 SR 3
IMOT TERAT: 55 BRI R AT, i — 2L 40 fr 45 A5 10, TMOT £
YRl 0% A5 50t A B DR PR3 o S A 2 TR] 1 )2 9K 45 4 £ B 0T X
FLAEAT HASE DA T B fm 0 L RT3 ik A P A AE
5.2.2 =ik
SR AR R AR SR S Y = on 4R IE = oo
R =Ind ., Wik = ond & AR id o8 “IE 3R I
W7, =0T DURSIHI K R = Ind MRS OE R = ondl L S
S FREICA . XA AR S AT R AR
FL3E IR AR S R N B IE B R ERR R L B R FIFL E .
5B =TT BR AR 19 85 Vo MR N R, 5 06 1 S B IE
104, X F R =T BIRE P HEAN KR
s B — AN B 0, i i 5 A 56 T 58 1 43 25 o 1 B O ot
BIME 6, . M T4 EMMHRSER =0H (hyrs ) R ERS S
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B FChyroe) s U0 2R BRECRE 3/ T B 6, 3l i = ot 4l
MIARAE A IE” E W R 7 X T4 =0 (ear s o) s AR
KOS BUNT 6, B EN“IE”. X T FHK=Jodl (2,
res) IR DB BN T 6, MBI Z =TT N IE”,

(OLBHEE

AT 55 1) S B R A 8 1 5 % s BT S5 A TR) . B R
FhBﬁiE%é’a*%fEﬁﬁa%o PN B 4 A T HE S BB B R 4 BT

o FEREAEIE A BRI ZRAETRL 5000 ¥,

F 4 =M BESFWRESHEE
Table 4 Optimal parameter configuration for triple classification task

A% A Vi 12 7 7, d, d, B B2 B a

YAGO26K-906 0.001 2 1 5.0 5.0 50 300 1 1 128 0.5

DB111K-174 0.001 2 1 5.0 5.0 50 300 1 1 128 1
(2) LR 555 Bon . IMOT A B 7E W5 A B0l 46 B B3R 18 T 5 f s 2 3E %
B i = u AR LA Ay 4 FhOR TR G 28 AU, R SE ] oy S g 25 5 B e P MERGR R FLME . R e =0t
KRZJCH MEXFR =0l LH =0 HMF K =004, HAPEAR S PR TS M AR, R — LX) LA A 7E K

SRR 4 RhR AR U AT SR, KR A Rk 5 —
FePH Kb SRR R KESERA T L

B R A A R T IMOLAE JMOT A5 88 4453 7 fe 4 f9
F1fi.

F 5 MR SInAL ool KR
Table 5 Experiment results on triple classification for instance relational triples
%
. YAGO26K-906 DBI11K-174
A
Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score
TransE 92.92 94.91 90. 70 92.76 68.01 72.61 57.85 64. 39
TransC 93.73 96. 94 90. 31 93.50 69.76 72.27 64.12 67.95
JOIE 93.37 96.99 89.52 93.11 71.57 72.30 69.93 71.09
DGS 94. 21 95.18 91.75 93.46 71.61 72.29 69.97 69.16
CIST 96.53 96. 38 96. 68 96.53 71.90 72.18 71.28 71.73
Concept2Box 96.79 96. 52 96.91 96. 40 71.93 72.38 71.50 71.12
JMOICunifd) 98.51 96.78 98. 64 98.73 75.86 75.29 77.36 76.63
JMOI(self-adv) 98. 62 96.98 99.68 99. 65 76.50 75.37 78. 42 77.01
# 6 MEKR =M = ondl R E R
Table6 Experiment results of triple classification for concept relational triples
%)
B YAGO26K-906 DBI111K-174
Accuracy Precision Recall 1-Score Accuracy Precision Recall F1-Score
TransE 52.50 51.81 71.50 60.08 58.73 57.53 66.67 61.76
JOIE 74.75 77.36 73.50 75.38 81.75 81. 25 82.53 81. 89
DGS 74.90 71.26 73.70 75.52 82.13 81.28 82. 31 81.93
CIST 75.00 73.81 77.50 75.61 82.74 81.30 84.13 82.69
Concept2Box 75.11 71.45 78.60 76.12 83.25 82.73 83.22 82. 84
JMOICuniD 75.30 72.18 85. 20 77.41 85.59 88. 34 84.23 83. 60
JMOI(self-adv) 76. 35 71.38 87.21 77.95 86. 65 89.47 83.40 85.79
FT T =ITCA W =IO K
Table 7 Experiment results of triple classification for instance of triples
%
W YAGO26K-906 DB111K-174
Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score
TransE 50.53 50. 47 57.74 53. 86 53.57 52.38 78.57 62.86
TransC 62.38 63.79 57.29 60. 36 52.54 52.40 55.49 53.90
JOIE 58. 44 61.22 46.07 52.58 54.88 53.85 68.31 60. 22
DGS 60. 34 62.08 52.47 61.35 55.06 53.91 65. 26 60. 31
CIST 74.75 77.65 69.5 73.35 55.69 54.59 67.65 60.43
Concept2Box 74.80 70.15 70.17 72.93 56.43 55.76 65.79 62.08
JMOICunif) 76.75 77.91 72.30 74.35 68. 74 71.65 67.75 66.53
JMOI(self-adv) 77.50 70.26 95.60 81.52 69.38 71.72 68.90 67.49

B 6,5 TransE A6 I, IMOT 16 AE R ZR O 5 3R, 4 [0 &
FLAE B4 507 ¥ w33, 9%,32.6%,20. 5% F1 25. 8%,
— R B T SR R IR AT B S AR R i A B SRR B
WA, HIR NES.RT7THMESTUFH, 5 TransC M

. IMOT 78 B % ORG #f % L H R F FL1E L4050 3 &
21.0%,19.9%,17. 2% M 17. 7% , LI &5 —HUEWT
V6 S A9 A0 ARE 2 AR ) ] — i A 25 R G 8t . TransC KB
WA G R = o dl gL, Bk 3% 6 AR {45 TransC. U4,
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5 JOIE # It , IMOIL £ #E 5 2R W5 8 % LA [0 R A F1(E 453
BEH I 11.4%,8. 9% ,18. 5% 1 12. 5% ., 3% i#k— 45 4iF B
T IMOT A DUt FR B is A 56 28 A0 4% 33 1, 2% oJ 52 451 A8
B ENETEME LR

PR, 5 DGS M L, IMOT 78 #E i 2 8 o % . 3 |l %
M FLAE 4y 9F @il 10.6%,9.5%,16. 0% F18. 9%,
#E— L AE W T JOMI BE 96 3 2) 5 4 19 92 7R A0 36 3R 19 1) &
TR, B, 5 CISI A L. IMOT 76 1 8 2 8 8 % . 4 [

KM TP LM FHE S 4.4%,5.1%,6.0%F3.9%,
X #E— AR T IMOT 7E % 2 52 R 4 A B\ LR 52 41
TR & 22 [0) W5 7 09 18 Y26 8 0 52 491 R MR & 19 L 4 %% AiF
TTEB, BJ5, 5 Concept2Box # I, IMOI 7£ #E B 2 . K5
B A M EMFLME SR Ey &l 5.3%,6.5%,
6. 9% M 4. 2% . 3% W E %k R 3 A BE R A 2
T2 A5 K A5 B A7 R o A TMOT B B g 1% 48 153 B 4
R NG & I

# 8 THREIUAM ZInH SRR

Table 8 Experiment results of triple classification for subclass of triples

%)
' YAGO26K-906 DB111K-174

B Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score
TransE 52.54 51.92 63.12 56.97 52.20 51.79 63.58 57.08
TransC 54.22 53.27 68.75 60.03 60.71 57.14 85.71 68.57
JOIE 72.79 73.13 72.06 72.59 64.29 64.29 64.29 64.29
DGS 72.86 73.54 72.22 72.63 64.55 65. 84 65.45 69. 84
CIST 74.82 74.02 76.47 75.22 71.43 68.75 78.57 73.33
Concept2Box 73.32 74.13 75.81 74.49 70.05 66.71 71.85 72.35
JMOICuniD) 74.83 75.12 76.57 75.26 71.45 68.83 78.60 73.34
IMOI(self-adv) 75.82 75.91 75.47 75.73 71.56 68. 85 78.82 74.33

IMOT & %75 YAGO26K-906 $# 4 E ) Precision {848
i, AT REZ B YAGO26K-906 B4 f: B B i & 2= i .
TR OC FRORJZ TR S A AR AU A b B N e A 2 0 B
i, 25 5 Bt 400G sl R BB TG, P BT 4 SR O o A
Precision B F# A% ; th AT B8 S DX R Bl i 8 v 77 7 W 75 5080 L ax 2t
IR 5 1 5 A M AR ) )1 5 sl SR o O R A T e 2R R
Z AR, T 53 Precision fH F [,

£ IMOT R, 535 57 17 SR BE (“unif”) 56 W A7 1L . SR A
H XL 67 SR A (Uself-adv™) B9 TMOT #5878 i 6 22 L 4 [0l 22
FL{E B BE4RTE T 0.9%. 1. 2% M 2. 2%, X £, H
it Bt 7 R A B A% 38 3k 2E B L Bk M Y BRE R A AR SR AR
RIS 4 BEAS I IX 43 RE F7 . BRI, 7E R A0 % 48 A s “self-
adv” S W (1 R BUME A T B, 33 T B8 2 A5 Y %o 7 SRS 119 B
ARAEEBH T BOM 4> FURE A B BUM A I BEAR . Z5 BT iR,
JTMOT AT D)5 4 i it A BE & RS2 4], 9F H AT DL 4 b A isA
X F R A TMOT A5 8 7 = S04 43 24 4T 55 v A o
I B RCR S AT 3E — 25 B I T R AY Y A A
5.2.3 HaxEin

R T DFSE A& A BB TMOT 594 B0 - 76 YAGO26K-906
F1 DB111K-174 B4ls 45 b Az B R gEAT T ml 9250 . 1 %6,
3 g 7E S0 = ST 2 E A o BR B R O R (SA SRR T
TESEM . SRJ5 A A& ik A b JR AR W] 2 5] (1 48 3 S 80k
5 (E 5 BT sh 25 A A 2 I B2 (RR S NP, % 9 51
T WS 56 1 M R b R 2

i X TMOT w8 43 55 B gk A7 0 2, R AR A o g A 5
Bl M R #8752 WA, DT IF B 7 4SS A v A AN A8 RS BLAT A K
e, M S BB R T L R L 7E YAGO26K-906 %t 7 45 1
DB111K-174 #4846 I, @i & A 2 I LH A, Hits@
10 PEREZS I FIE T 2. 1% F0 1. 1%, MRR PERE4> 5 F e T
3.AYM 5. 4% . XFEW A T S HLHIBE A R B 52 15 R
AR B A0 SOORTR , S 3 4R AR TR X 4 R ST 1 32 b g

A=A
)2

e PS8R  Hits@10 PR F R T 0. 3% 1 0. 9%,
MRR PEREST B T T 2. 2% R 6. 3% . XKWL S5
WA SR AL R A X B RLEER.,
AR VA il S 6 0 E T AR A e A% AN A R B PR RE R — o T
ik I B TR 25 B B B,

%9 YAGO26K-906 #l DB111K-174 ¥4l b A 4 il 52 56
Table 9 Ablation experiments on YAGO26K-906 and DB111K-174
datasets
W YAGO26K-906 DB111K-174

Hits@10 MRR Hits@10 MRR

JMOI-SA 64.27 0.353 80.19 0.516
JMOI-NP 65.42 0.357 80. 35 0.512
JMOI 65.61 0. 365 81.09 0.544

5.3 HRESHE

ARAT - HTRRRE T IMOI AR S8 R 2% . B N A
N 43 1 375 S0 R0k A& A B0RE L o SR SRR i A ] it 1) 2
BE L XS = On Al B R A G A [ = B R S
FBEH ONd +Nd), BERSHHISIAT 3 AFCE 5 51
BRERN OB, TULEH = tHM B SHERER
ONd+Nd+d), FFR=Z0H, BSHEREN
ONd), REZ AW B SHENE N ONd +Nd).
IMOI BRI BB A 7 R O(N,d +N.d+N.d+d*).

BRI HLHIAN AT 2% 5] SRS B B, DL R S R
PRIE B 4T 5, S BOUIN 5 B (R0 AH 7 B8 . e 300 2 6 T M
TR S B 42, i DB111K-174, Y1 25 i 1) 7] R 43 9 3% 4
Ko 7EBIN Y B, T AT I £ 0 T 55 Sk Ak B R R AL
A1 35 2 B0, T B0 B [ WA 1

JUE 1B A 2 VR R T, (R AL 7 S 42 UM R = S0 A 4 2%
155 Ebefe B A, B, 78 85 32 BUAT 45 b, JMOIT #
RIE Hit@1 Al Hits@10 b 75 53 JL-F & oA X Bb A5 78 9
B X RIS A e G R AR . A [ T L
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02y 725 40 52 B A6 R R 08 T 4 b A R R IR 3 o R R e
PG SRR 48 T X R SE R HZ AL RE T I TR SE 86 45

hSE T ERE.
BRE OARSCE N T — AR A R R

IMOL, IZ AR A B3 1 M A R 92 081 22 ) Vs 7 1 3 SCOC 3R L 3 i
FIA 2 1AL S0 B A =2 18] 9 56 R T — R 23
FI5E K B A 2 B AR IR T 5 NI E A R L IR R
R0 M B8 FZ AL 8 0 5 RIS 30 T — A 1) 2% 2 (19 S 50k 36
R A A 119 405 30T S FBL BT i 408 1X 43 R [l 4B 2 1 2 0 A
R0 8 iR AL P 1 R AL T LA R A RO R 2 B0
SR AN IR B ) . SE G 25 SRR, IMOI 78 R 2 Ui ol
LT TransC Al JOIE %5 He 7Y, 0] DL AR HE isA 56 &R 19 1%
e, R IMOLFE T 56 i BB @, (A7 A DL R R R
P < B3 B B 27 > M B 2 B0 L L AT RE A /N LRI 4 |
IG5 B T ML BN T R AT J B AR KR R 3
YR — A Ak . R TR SR 2 IR S B R
71 R R R 0 JR R AE  AH R SRR 243k R R 3 kA S
W Z W RRE, I B R — A & S0 90 18 00 3 K 1 B 8K
P48 LSS UE BT $2 10 B AU 9 A5 80 .
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