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Node Classification Model Combining Residual Network and Noise Processing

CAOQ Leiliang , XIE Jinkui, GUO Tiansheng
( School of Computer Science and Technology ,East China Normal University , Shanghai 200333 ,China)

Abstract : Graph Convolutional Networks ( GCNs ) learn the representation of nodes by iteratively stacking multiple layers of convolu-
tional aggregation operations and show powerful potential in many tasks of graph learning. However, most GCN-based models are una-
ble to model deep layers due to the excessive smoothing effect of graph convolutional operations. In addition, there are often many
noisy data in practical applications, which can greatly interfere with the node classification performance of GCNs when modeling deep
layers. To solve the above problems, this paper proposes a node classification model ( NHGCN ) that combines residual networks and
noise processing. For noisy nodes, the model uses an adaptive residual processing method and modifies the parametric constraints to
improve the correction ability of noisy nodes. For the over-smoothing problem, the model uses the residual mapping to optimize the in-
formation propagation of the graph convolution, which alleviates the gradient disappearance problem in the graph convolution aggrega-
tion operation, preserves the node uniqueness, and enhances the node classification effect. The model in this paper was trained and test-
ed on three publicly available datasets, Cora, Citeseer,and Pubmed. The experimental results show that the model in this paper achieves
better processing over-smoothing effect and noise immunity compared with the existing node classification models.
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GCN at different depths( Cora)
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Table 2 Classification accuracy(% )

Method Cora Citeseer Pubmed
GCN 81.5 71.1 79.0
JKNet 83.2(4) 72.6(16) 79.2(8)
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AirGNN 84.1(16) 72.8(16) 81.3(16)
NHGCN 84.9(16) 73.3(16) 81.8(16)

£ 4 F B2, JKNet, GCNIL 1 & AirGNN B B {f F
GCN, X RH Jy GCN fyE R R KB &, Tk 3R R #E 17 #
B, RZEANREFSBAZARANN, SREET 4R,
PERE S g BE 0B R B0 T . 7EPTA B &P B2 NH-
GCN HyRILMRL AR , JKNet F1 GCNIL 5 F Bk IR & B R ¥ 4
A RAL TR SFE )R, 28 W T MRS 1Y RN IR R AR R
AirGNN NI , %18 T MRFS 19 3 B AL, A 3O A 37 R 48
AL AR T IR RE. 52577 M, NHGCN
ALK Frobenius T $B A 21 TERK, W3R TR B G IERS
FHERYREST , T BRI R E I RE TH A R T
RARYERE.

4.5.2 "R F ¥ & NHGCN #2658

X—/NTERPIFERE TR B IA SRR P BRI R0,
RS RS R E TR A BEAL B B W TS R

o 0451 @ JRNET o —#~ JRNET
g 0980 —~GoNn 010 = Gonm
8 03} —® AIrGNN g p.200} —— AirGNN
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Fig.5 Node classification accuracy on noisy nodes

MRS R LA Y S BR 45 R P AT DO E : A 3CiR
Ay NHGCN FHEC T H AR , 7e MR 2 07 T A 9 B Y1275
R T ERA AN EERR RN BERER, R
FREINFEEN T RAOREFHY. XRIETET ABN
B 22 A FEOR Ah PR TS Y 5 1Y 07 S RAHEA BN, E RSB
KRBT RREM, 18 TR 03,

BEERFE T R AT R 08 5 Fiw , NHGCN
ERE TR LR B ERTIAREE LR ITARL, X
BiE T NHGCN BB 12 7 Wi 75 AR4E A9 IR S RE S .

BEEER TR RSB EME 6 Jin , HF7ER
PR, NHGCN 275 TR IE# 3 R i HERE X 2E N
NHGCN 7 Pl BR— 26 %t IE % 37 & & ) RS 4R, 3 % IE
HH R ERHEREAT TR AL
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Fig.6 Node classification accuracy on normal nodes

4.5.3 GCN E## %
RIBETEAARARIERBEEE SR, MR 3 i
3 M EERSE L, BEE R 03 0, NHGCN P REA it
8,76 16 B ELHT BENCR. LRSI, ER
K3 FRRENSBEE (% )ERBE
Table 3 Summary of classification accuracy (% )results
for different depths

Layers
Dataset Method
2 4 8 16
GCN 81.1 80.4 69.5 64.9
JKNet - 80.2 80.7 80.2
Cora GCNII 80.2 83.3 82.6 83.0
AirGNN 82.1 82.7 83.4 84.1
NHGCN 82.2 82.6 84.2 84.9
GCN 70.8 67.6 30.2 18.3
JKNet - 68.7 67.7 66.8
Citeseer GCNI 68.2 68.9 70.6 71.4
AirGNN 70.9 71.1 72.3 72.2
NHGCN 69.4 71.6 73.0 73.3
GCN 79.0 76.5 61.2 40.9
JKNet - 78.0 78.1 72.6
Pubmed GCNI 78.2 78.8 79.3 80.2
AiIrGNN 78.7 79.1 80.2 81.3
NHGCN 79.2 80.5 81.4 81.7

BERTTA IR, — R ERNFEE, AR ENFECER
BEE, MAREBERENFEBEARRERM, AT RAE
HR TR, TR TR PERE

B R RS T QAL E, A CH LR EEIR R
B A B R R 7 — 0, SRE0E 8 J=hT,
GCN Fl JKNet g8 T e, X RE BN AR B R
R RIEL I R ATA, A SCHR H A A NHGCN 7& 3 MK
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BELBERRTIAERL, RPETHHERSE T ENREEY
B S, BIE TR NHGCN HA 3.
4.5.4 FEFFHH

X—/NT B B R B R M R R . A
XEREAERNEN T AEA T REEZ L E RN
h T BHAIEX — 5548, AR OB 9T T BYZE Cora FUBE LT A
BTSSR BT BE S R T AR L. B B R, AR
BEA BT SR EHE#1T454, B GCN,. GCN,
GCNj .GCN,s NHGCN, FnERI7EZ B R R A2t hE.
AR A PR T EAAR WA RE BRI AR SER
T GRERE.

R4 AR (Cora)

Table 4 Classification accuracy ( Cora)

Degree 5 10 50 100
GCN, 79.0 81.3 100 100
GCN, 73.1 74.5 72.6 64.5
GCNg 60.5 62.3 61.2 41.3
GCNy 16.5 15.7 7.8 0
NHGCN,¢ 83.3 84.5 100 100

Nk 4 P, B5E,2 )2 GON R R R HEE T RUERY
BT A0, X R0 O BEROB R BT RUE W AR E AL RS
BEER BB TRESE  NMET RS RESFHFEEFH
ROR.

SRT, BEE AR BERYY &, % GCN T , BB 7 U
BER T4 T B, TEL T R0 8 BEAR K, 33 R D Bh 9
FYERIRE K, 4SBT R B 2, R B A B 5 R EE
AE AR T TR X 5 B, AT BEAS 15 R /28 P BE T . (B
RIERRRE,BF 16 R GON X FEEORT 100 TR
RAPHORE 0, BIRE 16 JZ 59 GCN Totk X BEHCRT 100 #Y
TRETHR, RRAL B R L X ERERN T AT
AETE R BN , RIS E T AL T B R R A L B . A&
SCHUEEE NHGCN Mg E% Y RE THRIES, 528
MR EL, 16 J2 ) NHGCN AT DA Ab 38 BE S R A 15 e,
R BB A BRI T
4.5.5 HBEK

T E S MR TE MR 7S Ab BN B8 2225 ST ER A0 B0 A At A
SCBEi T NHGCN B2 {4 : NHGCN,, #l NHGCN, , H
NHGCN, ZBR T B A3 NHGCN,, %R THREF I H
B, HRSCRI S RINGER S B,

&S5 HELE

Table 5 Ablation experiments

Cora Citeseer Pubmed
Model
Accuracy
NHGCN, 82.1 71.5 79.6
NHGCNy 81.4 70.2 79.3
NHGCN 84.9 73.3 81.7

NHGCN #1 NHGCN, #F8EBU 4% Lk NHGCN, B4 i
BE, IERH TR R4 B g B SR R R Y B, A BB BETR R 7T LA
RE T R, 8 T R Y X 4 BE. NHGCN, Ml T %

FEALTRAE SR P REA BT R AR, VLR XA — REHY MR T R,
BRI PE BE S TI0 , TXE VMR B AT 1 0028, TR T BRI
TRSRMERM. 4, LREE K, NHGCN #1 NHGC-
N, H8A P B2, A 3K I A BERY JR B R 7E4R IR
A, X T ERBT AR, A 4RIRA RA A BRAY AR IR, i R 3%
BIABE , T FRE , B FRECRERE M E. H/E
% NHGCN R4 R, LB T Bl & PRl AL (- BE AR B B i
BT R RAOR, B b — MESR AT REE R R B R
TERE.

5 & &

AR T — MR TREM TR AL R 20 2
B NHGCN. B 55, S X RS 37 1, MR A B AR = 40 1
Jr A # Frobenius JEREH N 21 L, R THEBER
FERHIE Y BE ST , SRR U4 g o MRS 9 L B PR 2 BB R X IE
TRRERE. A5, HEARTREME EE—REIRRM
g, TRRMBREERRERURE BB THENK,F
MAM GON 2 RIABRTH LR A &5 HRESS,
IR R A RMBOR. BRATE 3 MIRE LEHRRY, &
SCR MR QA RES EREA RS TS HESR
R TERR S AL S R P AR T R, HERT SR R 7 X
PET QBT R,
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2024 £ CCF BEFit&EXx<

2024 428 A 3 H4 H,CCF BT HERSHAERYELT. FR X4l P ETHENES (CCF) 40, CCF B TiHH
BV ZER < BRI E RN RN, ReTERA BT IHE SITENER ORI, BF 2B T HHEMNTHE
PLEERHAESE FURAYBE TR EM  EPFR ALV B2 B IR &9 RS R BRI A s B &8 R IE
Jeal RSB BB R M SO AR R R A S, RRE R TR S B R R AR
TE .

ReB IR T AL B A KT ( DiVincenzo #1147 ) B4R 3 52 B E KPP Bt £ David DiVincenzo %
B WAMUB R E R 5 NB T RN REARRE T REFERA L KEASH YBEIRETTH 5E AR
Z, A% BT REER BTEE BTG BETHEIGREH ETAUAGNETHRER BRETIHTHYEL
B A THETHEYEIR PHETETHEYEIR LR T EYEIRSRE K ERE TR TRL S
B SRgET R E % BN IE SR TR TR REN R SRR ERES AR TIHTE
HARGUREY A ARSI DI RRUET =20t &, S RE B THHE T ENER R LR REBFEFALFR
P 5.2 0 R AR L L KU 3 I 0 2 R — R YD, BEiE — R B R BOR | S BETE R U A R B i ST R
PHEEE.



