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An adaptive frequency and dynamic node embedding based graph convolutional network
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Abstract ; Graph convolutional networks have been extensively studied due to their advantages of being able to
directly handle graph —structured data. Most of the current graph convolutional networks are based on the
smoothness of the graph signal ( low frequency information) and cannot generate corresponding node
embedding according to the suitable acceptance domain of each node. However, as the number of network lay-
ers increases, the problem of over—smoothing unique to graph convolutional networks is prone to occur, resul-
ting in performance degradation. Therefore, an adaptive frequency and dynamic node embedding based graph
convolutional network ( FDGCN) was proposed. FDGCN model is capable of adaptively aggregating information
at different frequencies; meanwhile, it dynamically adjusts node embedding by using the output of each net-
work layer to balance the information from the global and local domains of each node. Experiments were con-
ducted on four public datasets comparing six existing models to demonstrate the effectiveness of the FDGCN
model.
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Fig.1 Schematic diagram of FDGCN network structure
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5. end for
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Tab.1 Experimental dataset

Btk UhRYE R BV A KB/ FRIELERE

Cora  0.771 2 708 5429 7 1433
Citeseer 0.671 3327 4732 6 3703
Pubmed 0.686 19 717 44 338 3 500
Squirrel 0.018 5201 217 073 3 2 089

2.3 BTSN

B UEAE R A 24 K FDGON 5 H i 2L
A BRI L, HEAT Y s 2R B S . X L
R, 6 JE T 1% A &1 e 28 I 2% 5B A SGC
( simplifying graph convolutional networks) " HJ It
T RIMZE (ChebNet) | kT4 Jal 14 ] o 22 19 25
R G ] ) #4) 9 2% ( graph isomorphism network ,
GIN) '™ [KIVE 7 J1M %% (graph attention network ,
GAT) '*) _APPNP (approximate personalized propa-
gation of neural predictions )" | GraphSAGE
(sample and aggregate ) '™ | 3 2 I AR[EIRERIZEA
[F) B B b Y 0 L S 6 45 2R (S IR 45 R R 30
UAFEIE) .

1 Cora , Citeseer , Pubmed F1 Squirrel %§ #i& 45
b, FDGCN 458 7 {1 5 15 5 J3E 53 931 3k 1] 84.7%
72.7% 79.4% 65.3% . SLHAEHARW, 5 XY
HERUAEG, FDGCN AR AE B 1 (0 2% A1 B 2
P 2 - HAT T PR RE , AR RS FE S v, 42
RORE L, i H AN TAEPM PR 25 R4 T

FDGCN 54 B 7E AR B 0 4 1 3045 5tk =25 1Y)

x2 EARHEETEEENTRSLRE
Tab.2 Node classification accuracy of each model under

different datasets

RIS %o
Bk
Cora Citeseer ~ Pubmed Squirrel
SGC 81.00 71.90 78.90 55.20

ChebNet 81.20 69.80 74.40 62.90

GIN 77.60 66.10 77.00 61.20
GAT 83.00 72.50 79.00 51.20
APPNP 83.70 72.10 79.20 55.70

GraphSAGE ~ 82.30 71.20 78.50 53.30

FDGCN  84.7+£0.6 72.7+0.5 79.4+0.4 65.3+0.6
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Tab.3 Node classification accuracy on Cora dataset

F D
k=2 k=4 k=6 k=8

Vv 82.1 83.5 83.8 83.8
vV 81.7 84.0 84.2 84.3

Vv Vv 81.3 84.0 84.3 84.7

T V83 FDGON #5388 F & D HAR

F 4 7E Citeseer HIBE LHNT S5 ERBE

Tab.4 Node classification accuracy on Citeseer dataset

WA INEE /%

F D
k=2 k=4 k=6 k=8

vV 69.7 71.6 71.4 71.5
vV 71.9 72.5 72.2 72.0

vV vV 71.8 727 723 72.2

TE VA2 FDGCN BB {5 F 58 D $5 R

RS 7 Pubmed HIEE LT RS EBE

Tab.5 Node classification accuracy on Pubmed dataset

WS E /%

F D
k=2 k=4 k=6 k=8

V 78.4 78.8 78.6 78.8
vV 78.3 79.0 79.2 79.1

vV vV 78.1 79.0 79.2 79.4
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Tab.6 Node classification accuracy on Squirrel dataset

TR EEE /%

F D
k=2 k=4 k=6 k=8

vV 64.7 64.5 64.2 63.7
vV 51.7 52.3 53.3 52.1

Y4 Y 64.0 65.0 65.3 65.1
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Fig.3 Variation of coefficient on agdifferent datasets
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