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Abstract: Graph neural network ( GNN), as an emerging field of artificial intelligence ( Al), has
attracted more and more attentions recently. With its excellent characteristics of processing non-Euclidean
data, GNN has been widely used in computer vision, recommendation system and knowledge graph.
Communication networks are also embracing Al technologies in recent years. Al will serve as the brain of
the future network and realize a comprehensive intelligence of the future network. Many Al technologies
have been used in 5G, Internet of things, and edge computing. Many complex network problems can be
abstracted into graph-based optimization problems and solved by GNN, thus overcoming the limitations of
traditional methods. This paper briefly described the definition of GNN, introduced different types of
GNN, summarized the applications of GNN in communication networks, discussed the shortcomings of
existing works and gave some future research directions.
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Table 1 Abbreviations and meanings of terms

i 5 BELH X FRoCE
CNN convolutional neural networks B T 22 ) 4%
DRL deep reinforcement learning R TR L2 >
FF feed forward neural networks TP 25 o 2%
GAE graph auto-encoder & A g
GAT graph attention networks B 2 T M 2%
GCN graph convolutional networks S AT
GGNN gated graph neural networks T b T %
GN graph networks & 3] 8%

GNN graph neural networks P& 22 o 245
GRU gated recurrent unit WECY7NENTH
MPNN message passing neural networks =S EEs
REGNN random edge graph neural networks BEATL i P51 A 25 1Y 2%
RNN recurrent neural network TG FR o0 22 I %
SDNE structural deep network embedding LEFIRE W 45 A
STGNN spatial-temporal graph neural networks s [ P 2 I 2%
VGAE variational graph autoencoder & A g
MPLS multi-protocol label switching EAVIN L S
NFV network functions virtualization £ Dy RE AU AE
SDN software defined network AR 4%
SFC service function chain 1R 55 T Re
TCP transmission control protocol RS PR
VNE virtual network embedding AU ) 4% I £
VNF virtual network function JEAL W 25 Tt
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Table 2 Comparison and summary of graph convolutional networks methods
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Table 3 Summary of GNN in communication networks

SCHE i 1 R AIE O FH 45 35k GNN 74 e 2] T ik
Mujumbi 45 VNF BRI R i T A GNN FF W 5]
Jaliodia %1 VNF BEIR T K T T TR FA GNN FF Ak~
Liu %5 VNF % IR B SFC # 57 JEA GNN FF W)
Sun 407 TERE S a5 ) i A TR GN RNN FF AL
Heo %1 LR A SFC #37. GGNN GRU FF sk 2]
Kim 414041 VNF S 5114k SFC #37. A GNN FF SR Ak
Sun &5 AR A AT SFC #37. GN RNN FF AL
Habibi 5% AL RAAE AR R VNE 5 5402 GAE FF Jleg=2as |
Yan 54 R RS VNE F5 5 GCN CNN FF sk )
Shen % 4! ‘
s Bt B IR ToLk Dyl GCN CNN . FF B
Lee %514 B R H)H TCLR 742 GAE FF W)
Zhao %51 (ERER e it GCN CNN .FF HALE S
Nakashima %5/’ e A RUEPEN(RIE 5 1H 4 e GCN CNN FF AL
Yan %0V AR R TCL M GCN CNN FF Wikt 5]
Eisen 5% EZ LT P aiel Vel REGNN CNN W42
Rusek 45 JUSINE 257 NS <) PR SRR T MPNN RNN FF Wt 5]
Li 450 o 4% 35t 52 BT 1] 5 JR S ] 350 GN FF JltyE eS|
Geyer %13/ WA o 24 ik B GGNN GRU FF Wt 5]
Almasan 5517 QI H Q1 AR PR MPNN RNN FF S AL
Zhu 2508 Falia iy LA TCP P MPNN RNN . FF Wies
Geyer %1% % Fh At % H R A A GONN GRU.FF g 2=

2.1 BRUETE X 2% F0 W 48 T e R #l 4L

B2 LM 4% (software defined network , SDN)
2% Dy RE Kz #L4E ( network functions virtualization ,
NFV ) 2 3 AF R 38 17 0 £ Ul 1) I 7R F4 U, SDIN 1%
28 WAV T T e e e R 2 AR
FREEA PIZ8 (AN FN BT AR . NFV 15 B K 400
P AN 25 D1 58 DA% e 58 11 15 45 v s 6 1 ok 42
TE T P4 TC Y R .

GNN AJ DL Ffpk SDN FI NFV il BHE R
SEAE Y IR) L, )40 Bl 2 BT IRy IO IR 55 2 RE BE
(service function chain, SFC) N7 F1 i $1 /3 2% ke g5
(virtual network embedding, VNE).

2.1.1 SFC &R

B R4 T 2017 4 CH T NFV 35 B

SRFC. Mujumbi 55854 $2H —Fi T SFC i it 0 11

B 2 Ik, DT GNN R A B i SR
IR g i ) N O R Ok 0k T B R

SR f P 22 19 248 )11 5 2 1 oK. i O 5 A% o KK
g PREL. 1R 0 BOHRS BRBURT A 0 BOREAE T

BB REE T R AR sRRAE RS dn Y
n BPIRZS. i BRSO 4l s IR S AR AR 31 A
.

Jaliodia %5 fii FiT 55 SCHK [ 34 T [ fr [l 41 22 [
#% AR H 5 0 IR B 5 4k % > (deep reinforcement
learning, DRL) £ &L fift gl SFC 5% Y5 75 K 191 U 7] .
WS 1) 1Y A Jot o A 48 1Y B T AL 4% o 2T 1 [l 0
N

Liu %550 F ] GNN Uil NFV 98 #5575 5K, A
AT K BRE Bk f I5E A5 B, -5 i 58 TR
272 1 SKC AR SR A R
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P, TS R 28 i o A 488 4 67 28 340 1

SFC o259 5 43 ) 80 ) A S 4 F N5 4 114 A8
e, Pl HAR i 2 S 48R | FRTEAE 2 2L BRI &%
%, 5 FFIH GNN K.

2.1.2 fRSngsE gy

ANEF SFC BhABRIE AT EL, SFC 37 [n] B 75 22
PR A O 45 37 R 308 ok B0k 0 R SR A5 1Y)
ML I NS #. SFC 57 ) A0 75 K 0L 1) 4% 1) i
(virtual network function, VNF) F% il B 4% 42 1Y &
ST P ) EUE H T A B A SR T LR R
B AFAY.

Heo &5 B T — R g X 12 ] f 14 ] ot 22 iR
LRI AR, (2R Ry S B 25 0 A B 25 2E B, i B
i TR M 48 (4R PG5, fe s 28 T H A 4B
T 5 R AAT VNF (OHESR. e gmfid e b, b
SEAE bR IO AR B R SR B R . ARG AR T
I A AT BRI Y VNF 288040542 40 [ T 8 R 4iE
K. il GONN K3 Fhah ¥ 47 S b, it %
R R PR — AT T BB S A AR R D
FRHPIRAS G A0 7 5288 VNF iR | F — T e
VNF F14F AT BT 5. fh i ke ° —4
T A A LA R A AR YT B AT VNF.

Kim 25 4 FIH GNN 2 2] 03y B 2% 11 7]
SEAE T S RRIRAS R, T8 2 R g 11 J2 XY
iy VNF 2R R AR VNF S2 50T T | fig g
520 FLARY VNF 35 BRSR MG i A8 [ i 35 FH T4
B 2 BhAS AL .

Sun ZEM BN T 530k [ 3941 ] ALY R Ak 2
S REH R TP VNF iR 313, X 37E T GNN
FHERCT AR R .

3R SFC #E87 J7k CHET VNF & . Ik
7 A5 B GNN o] FHF B A5 a0 2k | (H -
R BT, R I EA — RE R BR k.

2.1.3  FRADLII 5 g

R FPL 190 285 e B[] SR AL SFC 8 57 [m) AL, L 4] 4%
TR BEURRR I 25 R S A 4. VNE [R]85 R 47 45,
WS FIEERE LSS, ECA Y GNN fig bk VNE R 75
T AR A P e G T

Habibi %) 3t —Fh ) F§ GAE %l B VNE %)
BT AT . AR ) i A e R T R D %

DRRF IR | 30 5 BT b 22 1) 2 )11 25t ] DA B T 4%
PN AL) B W 2 ST AR

Yan 251 B A GON 254 VR 3 k2 2] 58
BT A 53 AT 55 %7 ¥R H actor-critic 5 fb 5
2], 2o GON JH Tl U 35 sURRAE , A BT
FHBCHR B R AE 55 i 400 1) 268 35 oK 3 5 45 28 I 2%
(feed forward neural networks, FF)fill &, i 245 3|
S AR A

R b AR R MU AL B 45 1 SKC 57
VNE [R]85 35 MBS RE 92 IR DL ik BAn iy
SRt PRI 22 M 45 R SR IR M B A ) TR R
ER 7 SRy ST N K R f i L) i R - A
2.2 FTEFESE

B SC WK 30 21T A R R i PRt %
00T, TCEk 19 265 1183 73T ) A5 7 fe o 2.
TCERH AT LLAh G o [ S by, v F P
VA, AR . P R AR FIE W
LI UM B IR A A RC TR [R5
TR B AR, $2E T 28 B I A1 T .
2.2.1 T

TCL Ty 4847 1] 1) RS2 VRTS8 326 i ) 252 5
Ty A5 000 4 3 1) A f A0 1) 4 MR L 1 T . HC A
ARG — A IR AR pe AL ) 3L, 64k H bk
JEAF S 5 TR iy mACH, R 2% 1 2 kil
R I RS R

Shen %1 HE 0K 2 HI P LR A58 F — 16 4
FR R, JEAIH GNN e D R 5 i )R %58 4
P9 s — NSO R, 9 AURRIE AL 3 R AR
ST ; R BEHR TG IE , SRR THLE
RS, 27l GON YN 2R %% 5% oR B0 i S oA
B, FH T B S A B A I A S .
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