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Abstract Code vulnerability detection is an important stage in the software development process. As software systems
become more and more complex and huge, the number and types of vulnerabilities are increasing. Existing vulnerability
detection methods usually rely heavily on labeled datasets, or require a lot of manual effort when labels are lacking. Our
work proposes a new method for vulnerability detection based on graph contrastive learning (CVD-GCL), which is dedi-
cated to freeing vulnerability detection technology from the limitations of labels, realizing deep learning of vulnerability
code features, and thus achieving intelligent vulnerability detection of source code. First, convert the source code into four
different graphs of the code. Second, a new method of graph embedding is proposed to construct a dataset of vulnerable
code graphs containing syntax information, semantic information and code structure of source code. Third, a graph com-
parison learning framework was constructed and used to aggregate the features in the graph, continuously enhancing the
model's ability to capture code vulnerability features. Finally, the trained graph neural network encoder is used to perform
the task of vulnerability detection. Existing methods focus on supervised vulnerability detection, while this paper proposes
and implements an unsupervised code vulnerability detection method for the first time. To verify the proposed method in
this paper, experiments were conducted on two well-known open source projects, which include rich and highly complex
real source codes. Our work first validates the efficiency of the proposed dataset by conducting contrastive experiments
with other graph dataset construction methods, proving that when embedding graphs for vulnerability detection, consider-
ing the attributes of edges can make the detection accuracy higher. Then compared with the most famous supervised vul-
nerability detection method, and under the condition of using the same scale of training set, our work not only saves the
cost of labeling the dataset, but also achieves 69.64% accuracy in detection, which fully proves the effectiveness of
CVD-GCL in the field of vulnerability detection.
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learning
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AL Ky 060111, Fetb Ry HEdIh 7, BIANS 2
[ AL R 7
BEXS )G, Wl 9@) s, PIASTY 2 IR AF
FEAR IR, HL i Je o AL SERR AR o i it
SohEt 1000 ANEACHS ) CPG #EAT 7041, Fedl T %25
) (i) (X AFE T DDGo SR IEAE T, MR %h
FELESY S IR G . B0 ARG DU, Y
AN RUZ TR AT BEAFAE 22 B0 A B S Aot FLid
(1) e M v A7 A R S B A i gl 42 o1 R 5 5
SRL oM, RIS B
AR 3T 55 ) 2 AE T R SR T R
DRIIE, 76 5 SCARHERE BRI, K P AN 1T 2 ) AH R 1)
AT G 9, FERL 0 & P b AR D 0 43 A8 45 AR 4R
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------- » Connection of variables

(<0perator>.multiplicatiqp, *)6

lz ix
(<operator>. assignment: Y:* )6

(a) unprocessed graph

-
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(<operator>.multiplication, 2*x)6

(<operator>.assignment, y=2 *x)6

(b) processed graph

9 TmEFERERZEEMNL

Figure 9 The same type edges between nodes

M kRIS, DL AF s Ab PRI LU L, anl&l 9(b)
IOt
g bpriR, BiRAMERLRESEHE 1.

A7 3 W NC A

wmAN B G

v B SRR AR R X IR AR R B 4
1: ¥ One-Hot X T 34 T2mi, 153 ¢

2: ffiH Glove X} C #HATHR AN, 143 c;

30 WRRFIERFE X < concat(t,¢);

4 ZM AT F RSB ARTD,

50 KPS R IR R A [RI 2R Y (R IA DR B — s
6:1IF G &4

7o A~ A,

8: ELSE:

9: A MHARK(Q2);

10: return A4, X;

3.2 CVD-GCL ExfLt% 3]

W& 1) T, B EE 2 2] 5 A DU AN B B
Hynsiom . 2 N 2 gt #2523k (Projection Head)
O EE R K bR B A R AR, P S0E bl STt R A9 2
Bk

(1) g . i g s H (4 Tl R e
o ab 07 X, RIS AT Re A e B OCEEE B, R
UE S 5 1) BN 2 2 R0 ST AT 45 OB RFAIE (1) 4 0
IR ICET A B

TEEZ R0 L2 2 Hr, e P38 BY I d e A4,
S ek ()3 7 5, AERT RO GE—. AR, BT

K BANF I, AN S R BGE— i a7 e R,

B AN [ SRR P Pl i B, e AT B M R 5
PEIR 0 I8 KT Fh B o 7 I BCA iR, ]
PAZ2% SCHR[29] .

Pt g s i & SCh, A8 Al C AN BT AL R
A, WK Ge{G, :kek}, WK G ~

q,(-1G), b g(-1G) FosHg R i 704 o

A TTAE FERVE T B ZON M Bl W o . AEREX
IR, A F A B G 9 R gy M g KRB G 1E
frigag, 32PN AFE LB Gepg, M1 Gepg, » 12
qu('|GOPG) ’ GCPGquz('|GOPG) ,
Gepg, M Gepg, HIEFEARRS o

(2) KEIAHZE M 254w 5 (GNN encoder). GNN 2 X}
K BT A & PEREAT (A AT LA AR e . M4 &
(YRR R AR X X, 27 2071 IR, B
BN hgo B K )2 GNN Zifih 25 £(-), H
1R k JZ AR R

") = AGGREGATE ({1 :u e N (v)})

GCPGI

3)
it = coMBINE® (5, a("))

Hrp, X, 8- RES Vi Sy FRHE I &, a &
TR v AR USRI E, A AR
v AES kR R, i) = X, . N (v) &
R v ARG . AR SR A A v ABE Y
M E—ERoR, HE Sy A8 E—ERRg G

ATAER d b & f(-) TR Gepg, M
Gepg, (FIEIRFAE TR L by 1 hyo A TAEXT GNN ZA
R, A TAEAE I GNN - Gif 2% 2 1 [l 4 ) 250
(Graph Isomorphism Network, GIN). & £R11E7E F A% i)
SCHL PR, A% 2 2L (Multilayer Percep-
tron, MLP) KA 40 8 20 (1 4 2, FH A X(4) 8T GIN (1)
R

A = mLp®) (1+g(k)-h,£k’l))+ 3 hf/‘”J @)
ueN (v)
Hrp, e ZoRv] 7 S8
(3) Pt k(Projection Head). 11 50 Ks i A\ E s 9w
5 20 B = SCH DA R ) R R o IR SR Rl
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w5 LUICHE ) 5 1R A7 AR, T4l 9 2 1) 2 2k
(e PELSLAEIT A AEL PSR g ()45 A By
3 LB 31 5 — B&a¥ 18] (latent space) !, 1531 z; Al z,,
HEZAEH R EX R ZE A (5), AL
JZ& MLP KIEATIZ TR o
z= MLP(h) %)
(4) RFEEHR R A Xof B0 % e B L () 4 R e
KW zy Aoz Z B — 3, & TAERH M &
InfoNCEP?, InfoNCE 1] LAZMi#E g P AN AL 1 43
X 55 P (Alignment) F13%) ) P4 (Uniformity) . % 55 1% 5
IEFEARR, A A IEREAZ AR E B AN W4 /s o 1)
AR S AR SE, HBIAE Tk R REA KR
IR AT BEAE FAA EE BR T (unit hypersphere) [ 45 5] 43
Al InfoNCE A ATLAE 4

exp{sim(zi,zj)J
T

sim(zi,zk)j ©)

T

infoNCE = —log v

Zl exp(
[k=i]

k=1
o, ¢ FoRi S R AL, AE 35 IR R SR A )
X B, 7E GNN 5iIIZkE], &4 mini-batch 5 N
ANE, JE AR 2N ANE RN B
X LG TR IE A AN 2 ) — Dt B R PR A S s L 1, 0
RNT ) s Ji P 1) 4 i A0 P g EL A P 34 i 0 ) 40
(IFEART o
B b2 S Bk 2 o, s 3.1 11 I
N B 0] L2 SRR S, 1 5 A P 1 1 34 i R 2
q1 R g 15 E L E I PR AN s AL L LA ] GNIN 4
R £ () RPN AT B oS B a2 2] SRR
SR g (-) K gt 5 (¥ 2 SR EAT WS, S 3
— R m), TS R 2= B AR Ee Ak
PR 51 InfoNCE % [i]—A> batch ™ (1) iF SAREASBEAT 14,
ST A B A P A S8 e A PR T s 2 TR LA R
TR R, S 2 5 S AT R IEREA N BRI A
BRI, SOREA R BRIEFEA S 1 B A A o

% 2.0 bl 2
MIN: G=(4,X)

Hr: BIHERG R ace, F1 Fabn
1: Forepoch « 1,2...do

2: G« q(|G)HG, «q,(-|G); //EHEH
32 I« f(-|G) M hy« f(-|G,); //GNN %l
4 oz g(Ih) M zy < g(-|hy); /IR

50 AEH A (6) T E R S

6: T RURFIE, A JREFE « WAk S A IERAIE, BT I
B3, PRI SAL

7: AFHH SVM AT 532K, MR, 135 ace FIFL;
8: return acc, F1;

4 KRR SHERNH

A TAEV VT S8 F 2 T [ LR DA 1)

Ql: HIA ik A L, A SCHE H I B AN 7
V231 A B0 1 B B s AR s e 2

Q2: V& b2 ) R IR U A0k 2 75 I 47 2

Q3: CVD-GCL 1 ] CPG #EAT %k, 54 F HaAg>
K|(AST. CFG F1 PDG)IZiAHEL, Mgk fuifey 2

Q4: TEIIFRAIN, ARGy g 2
4.1 LIt

(1) BAREN A A THEAEH T th Devign 4244
(1 bR 2R A 2, AR RS B T3 3.

SRV RO L 27 S AR bR 28 (R B 4R, 5
TEFA A 1) B B SR 10 A7 3R CVD-GCL R A [ ]
AT, FERCRMNRET B, T B AR 25

F3 HEERR

Table 3 Data sets overview

i H A Jelwi A ps¥id
FFmpeg 4981 4788 9769
Qemu 7479 10070 17549
S 12460 17858 27318

b o A AN B AL R — AN Y o4l
{project, commit_id, target, func}, . project &
AL FTEMINH, commit_id £/ $E4L id, tar-
get KR 2 HAAAEIRIACE WY 1, JENh 0),
func F7R RS

A TAER I BB AR E 24T R 4 Pios.

x4 BEHEERER
Table 4 Graph datasets overview

AST CFG PDG CPG
FFmpeg FFmpeg_ast FFmpeg cfg FFmpeg pdg FFmpeg cpg
Qemu Qemu ast  Qemu cfg  Qemu_ pdg Qemu_cpg
all all ast all cfg all pdg all cpg

(A LA 12 B4, o all K2R Qemu Al FFmpeg 2 1)

Q) EEIABIANH . KTAEMS 308 St
27318 ANPEACHS (P ALEE, Az e ] LU N ) b2 2]
RS, 28 iRl PyGCL kb 2 & %)
Ll 2 TR . LR IR 52 56 P 58 I 2 RV R AR S R,
Wk s fin.
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Table 5 Detailed parameters of experimental envi-

ronment
CPU {5 & Intel Xeon W-2255 CPU @ 3.70GHz
. GPUER NVIDIA GeForce RTX 3080
TR
WAE R 64GB
NN 4TB
BAERS Ubuntu 20.04.6 LTS

Python 3.8 Pytorch 2.0 Pytorch-Geometric 2.3+ DGL
1.1+cull8. sklearn 1.2. Numpy. tqdm. NetworkX.
PyGCL

A B

(3) SKEFEPR . A TAE LA 2 Matakdl &
CVD-GCL M iFAST I BE, 237l A5 FE AT F1-4545 o
G)REEE: AE A 10 2 0 BB (IR T ATAE) R RE A
S ST = 1 o 171 s e
ACC=—1F
TP + FP
G)F1-FEAR: RS BRI R IO 341, 25
A 2% LEORS FE AT [ % (Recall, R).
_ 2xACCxR
"~ ACC+R
o, TP KR DT A el 50RE, FP Ron ik
U IREA SR, TN o Dl T A T T (1 A
£, FN R4k TR A AR E . R 2Rk afy Tt
AT I R A B A 3 S B AT I TR R A SR 1
L, R (R

F1

r__ TP
TP + FN

(4) SRS AR Glove TERHE . BT HE AR
RSN G555 7 T VT 2 5850 280, SR 6
FiR

(5) LI Ky s T R 7 R 7K
B 1 FIsSZE 2 h, CVD-GCL A FH i3 5 7 304
¢1={ES}, ¢:={ND(pn=0.1), FM(pf=0.1), EA(pe=0.1)} .

(6) VEA KR, MR, fE3KTF Devign
B S5, Q) 1 S0 A K ol £ 5 4k AR D
SCPEEE; AT joern S SCAREE  IRIIEAR IS EA T 1B A
O3MT, AERCEACHES ) AST. CEG. PDG i CPG, J%f
VUK P AT b B, 5 43 380 1) B A A PR 00 4 A B 17
PR, (i) 3.1 WHTIE, XERAG BT IR N R AE,
PAFE AR, Gv) BB SN 2 3.2 WA 211 K]
L2 SRR A %) GNN gl #s3b 4724 20 (v)fd ]
MRRAE, X GNN it g (8 R A TR I, SR A
(RS BE D F1 454>

Uy RGN

1: JEARHY SCPE4E < Devign $idli 45,

163
20 YARH I <— YRR SO AR,
3: IR T P et 2 1) 2
4: KRB N B, HEAT I 25
5: X GNN encoder RS E R F1 £33 ;
*6 FHBSHIIR
Table 6 List of experimental parameters
ZH fil R 18
epoch INZREA I 100
batch VlIEAIECS 9NI) 256
train_ratio INZRBE LG5I 0.8
validation_ratio LAt e (7] 0.1
test_ratio DRAAE L] 0.1
mode 5%t L = G2G
Ir Adam 22> R 0.01
num_layers SRy VAo 2
hidden_dim el /== (1 4 i 32
T InfoNCE ¥ & %L 0.2
MAX_ITER Glove Yl Zik Rk 4L 400
VECTOR_SIZE Glove #fith 4 i 126
WINDOW _SIZE Glove % H K/ 15

(VE: Glove TR 2 T08 17 URHE 1 URA RIS AT R )

*7 BEEEAR
Table 7 Different graph augmentation methods

W7 2 fiF e S
Edge Adding (EA) BEALEE N p (12 pe
Feature Masking (FM) BEHLHE T pf FFAIE pf
Feature Dropout (FD) BENLZ ST pf T NRHIE pf
“““ﬁngm“g BEHLHG i pe LT pe
Node Dropping (ND) B ML B3 pn 75 s S AHAR 4 pn
Node shuffling (NS) FEALRE pn 15 s B HE T pn

Ego-net Sampling (ES) EEIEESivEE

(R NS AR )

42 KBERRHH

(1) FEBHEESCREAL . AV A AR AR
g B N7 PERE, A TAFY Devign 2 H Kk
ANFTFHAT I G B 58, A TAEK OS2 A K
B SEAE R N BN Devign #74F1 CVD-GCL
o, SEEG I RR R, AR SIS A1, TR LIS A
AEATRTRT L, SEIR S R AER 8 TR

XL T AE & Devign $ H A $ g £ Ab BE AR 5,
Devign 4 AST, CFG, DFG LA NCS(Natural Code
Sequence) AT IS, A FIIZRTT word2vec HR7H Al
Foy gt A T H PR SCAE AR TR, X YRAR
AT g, 5 m B AR 1 I aa R Ak, Ltk
(EEN (L PNITE €/ TE .
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Table 8 Performance comparison of graph dataset

. N ‘ Qemu FFmpeg Qemu+FFmpeg
I3k B
ACC F1 ACC F1 ACC F1
D, 69.84 73.07 64.58 73.55 66.26 71.16
Devign
D,(CPG) 72.53 69.35 69.41 70.97 70.55 69.21
D, 59.13 74.25 52.71 64.79 55.19 69.42
CVD-GCL
D,(CPG) 71.62 67.08 65.43 65.72 71.55 63.29

(VE: Dy 275 Devign $HH R BN R AC P SUAF RO BUIG SR, Dy A TARSR K CPG B4R, A st R Devign Jridifli ] K1 Bcdin 2 (bR

4% K, CVD-GCL Ml I #525)

EFXE Q1, MR 8, XsLm s WiltiT oW, 7
Devign /7%, 1 D, BEHRAEAT 21 45 R8T Dy
PSR4, RS BB Tt 4.83%, 24065 Dy BB FE 1
2] CVD-GCL HIf, IR BE R B2 FRAG, B i
KiLE] 11.87%. VEFINA, ARG S A
Wi H—, T DB AST, CDG #1 DFG #b, it
WS 5IN NCS, Eghifiifd CVD-GCL {rx) E#EAT%
B, 2 T2 50 FAT S A CIRE; =,
1T 2 B8 B B 2 Jm e, A 19 4 N 1R AT 2 e
FFRoR T 5 Z AF AR, T 06 T 310 S dlid
e AR Q1, ] CPG Mg IBE 4L, {4 Py
AT SRS 4y, RN 25 FE L @ o, xF T
R RS AT 25 (0 R 2 W S8 ) A I AR T, AR A4
HH 4D P S A A B AR T A 1R AR 1 P
G Y Sy

(2) CVD-GCL #R M REVEAY o S5t IR IRIRAS I
e, A WE DT S A, B VR AR
H. A& TAES5ES] CNN+attention 1 Path+ attention.
#2411 Devign BEAYFIEHT) Funded B4R VuICNN
PR TVEAN T LE, RIAE CVD-GCL [RITEfE, LA
UE I P B2 ) Al R I 7 T e A 7k

(i) Devign: %A G F2 AR (1) 38 SCHEAT S,
FRIRTRRAE . 218 Conv Bibl, M IHIH 5T
RIS 00T R R AN, AT IO 1) 432K

(ii) Funded™: iZMALK A1) AST A1 PDG
BT, KRR eI o AR DO AN JE T T T A5 20
BT IRIHE B R AT 2 1 B A 4 I 46 (GGNIN)
PR B3] GGNN S HEAT IR A o

(i) VuICNNPL AR A CRD 46465 PDGs
Jei, AE ) P A 28 D 28 38R AT 5 A A s T 2 0 1) S i
BN T AR A T T AE S AT RE LR
277 0 15 1R RN, R ek B0 AR RS 5 4k o R, T3
FIH BB 5 R HEAEAT IR IRATI .

(iv) CNN+attention*!: 1Z#E RO AL RS B A 4R
B, e AR A 7 SRS TIR N o 5 R

BN EEE, BRI AST ko leil MR E,
SRIG IR RN B Z W2 R 3724 5] .

(v) Path+attention™>): AR = By SR AR
T 22 by [ s A B 1P 1) B, A DR ABE 2R T LA Rl i
ARAE T SUI A0 ZE ) o

Funded 1 VulCNN {5 FI A A (1) S b AR Hi s
£, k% Ak or AR s 4E, CVD-GCL F
Devign i A TAE4E (1) B B 42, N 21 106
LA DL S CVD-GCL K AT VAL, sSiGgh Rk 9
FiR

B Q2, Mt 9 B LiAT, KV CVD-GCL
IR B8 7 . 5 CNN-+attention A1 Path+attention
FIEL, CVD-GCL ERS FERTF1 4543 J7 1 #02 BL H ALk
(R4, RIS I e = 18.43%, I THEL 14%.
CVD-GCL 5# I A7 B 2% 3] TAEMLL, RO A
ANn. SR, BT CVD-GCL J& T B 2: 2], Ak
i R I T Y NN R (TR S L ) )
Devign AL K2R 4.85%, V14 2 S AL AR
2.75%. S5 EcH I TAE Funded A LG, K57 F o KA
5.19%. 5 VuICNN TAEAH L, KR 5 2 A0 B AR
2.26%. HIEWTCABEH, A TAER I CVD-GCL W]
PAAT 280 e S TS AT 45, B0 7 30 B 255 1) 175
N, A3 OR RE AT AR A W B AE 3] o TR IR B P L
2 > ia AR IR IR I At I AT HA 00

EEXFQ3, Mgk 9 5 PUAT I LAE H, Qemu
AST IHIKGEELL CPG 7 0.81%, 1E& A HBLXFER
UL RE M T Qemu It H 1, 2 BUAAAE I I 2 AN A7
TEAH B4R IR Y, 1 AST W] LA a6 K40 2K
s . 1 CPG H TAAERSMIGE R, F3UE BT
4x, MR IIRS FE B AG. BR LIRS BLAL, HEARE Ul
#JE CPG MRS FE o 7F Qemu+FFmpeg Z(di4E T,
i/ CPG M1 PDG ZIA] (R)RS 72 e dic ol W35, 2280
5.37%. RIS LUE H, HIHALK KL, fH CPG
(1) F1 45953 #RB& AR . H b m] WL, CVD-GCL MUERAN &
FEEURRF LI BE )5 CPG MILL, M FTALE .
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Table 9 The vulnerability detection results of different methods
vk s Qemu FFmpeg Qemu+FFmpeg Max Diff Avg Diff

ACC F1 ACC ACC F1 ACC Fl1 ACC F1
CNN-+attention 52.46 59.45 50.13 67.56 51.21 61.29 18.43 12.27 16.55 8.55
Path+attention 54.30 67.12 51.97 70.12 53.48 68.48 16.49 9.30 14.68 4.82
Funded EY 72.53 70.17 67.42 70.58 71.33 69.54 5.19 8.95 2.54 0.79
VulCNN VY 74.79 72.51 69.23 69.77 72.18 70.86 2.26 2.34 0.85 0.81
Devign(CPG) XAYE 74.45 74.45 67.14 70.46 70.13 72.45 4.85 9.64 2.75 5.63
CVD-GCL(AST) XA E 70.41 72.66 61.69 60.35 65.44 67.70 4.20 0.94 2.51 0.54
CVD-GCL(CFG) XA E 67.83 72.11 60.49 59.28 65.13 70.85 4.50 293 333 1.62
CVD-GCL(PDG) XA E 68.03 72.96 63.41 60.54 64.27 71.94 5.37 4.02 2.58 1.84

CVD-GCL(CPG) X A E 69.60 71.72 64.21 60.82 69.64 67.92 - - -

(FF: J5¥EH AST, CFG, PDG HI CPG /- AR TTAEHR H AR AR G 1) B B 8, X O B oy s AR AR, A by B OB AE R, E by 2 15 2% SR IA I 28
R, Y RRBARENFRAE, F R Funded H i XA, VR7R VUICNN [ CE4E, Max Diff fil Avg Diff 43503 471 /575 CVD-GCL(CPG)

ML, B RZERRAIP1 225

(3) PEE IG5 7 vk B B Ry i IR AR W 1)
A RS, A AS [R] 1 B 38 a7 2R JAN W)
PR — Bl WL IR SN o AR T AR SVP AN AN 3 i
77 A IR A WA A (i o FLRT S, A TAEER X
J B, A AN A [R] (10 5508 1 i 7 QAT £ 48 o,
SRAG I B PR AN AN [ AR I, A OHS FEA Oh b,
SR VFAL AN [F) 14 5 5 OGS RE Ry5gmi o AS S 56 A FH 36
4 1) all_cpg BB AN, B 1G 57 A3k
7 PFrANS, SEEG A R W 10 s

%10 CVD-GCL EARREIEEA N TRIFEE
Table 10 The ACC of CVD-GCL under different
augmentation methods
g EA FM FD EAR  ND NS ES

EA 67.06 67.67 6671 6736 6746 67.58 67.99
FM - 67.10 6731 6817 6689 67.19 67.08
FD - 68.09 6698 67.19 68.06 67.03
EAR - - - 66.78  66.73 67.14 67.16
ND - - - 67.10 67.54 66.78
NS - - - - - 67.26  66.84
ES - - - 67.14

(H: RhInS K IS EUOEA R 0.1, BEAARA g1, HAsbRA
q2)

EFXE Q4, MEREL 10, W] LAFRZRAN A 485 77 =X
SRR AT 55 (R 5 o MR R 1350, % FM 5 EAR
Mgt DR TR, 185 68.17%, @il
HoAth sz 45 o RNy, K2 Hofam gy U5 20 25 K %
PEANK, KA AR TR o IV 2 5508 o )y X
FEEALE 67%, {H41 FM H1FD 204, 7 LUKERS B4R
TH31] 68% . IXFRIATEREE TG OL T, —Ledfag k]
RE B, BN, 1] EA A FD A&7 4815

B AN FE PR 66.71%, X 32 B RESUE i (¥ 34 5
JIEVTRES 5 I IR R DT 55 AR 5%, AT 38 e 41
LTS5 IOREEE T Bt

5 REEFEREIE

A TAESEH BB i I A M HE 42 CVD-GCL,
i FH W 6) L 2 39 3E AT AR Hp s T R AE 1 2 X .
CVD-GCL #J5ARAD 75 AR B W vEAE B4 (S
RAEEF] CPG i, SR8 B0 bl 2% ST R SRS
ARAG R 2 B IRTRAS BL . LSRR FIR I H B
SEHATSEE, CVD-GCL fEAKHI T ARSI LR,
KRNI DL A A I B TR A N 7 A . AT
YEYGUF CVD-GCL 7EJ A Il 2 0 Y R 4 1R P e,
- L0 B P56 b 2% 20 A Y T S 0 A58k 1 T A7

TEASRIIWE T, LU LA 7 TR O VAN
Bawse %, FHRERW R TE FHAOER
P 5 B 4R I 2 BD6) L 2% 3 5 1 Pl A 428 T 48 A 1
W 5 (R A5 L SO PR ) b2 3T 16 N FEAE
2 AR AE TR AR I AT AR (AR

S35 3k
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