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Study on Graph Data Augmentation Based on Graph Entropy Theory

FU Kun',CUI Jingyuan' ,DANG Xing®®,CHENG Xiao**, YING Shicong' and LI Jianwei'
1 School of Artificial Intelligence and Data Science, Hebei University of Technology, Tianjin 300401, China
2 Tianjin Institute of Aerospace Mechanical and Electrical Equipment, Tianjin 300462 ,China

3 Tianjin Key Laboratory of Aerospace Intelligent Equipment Technology, Tianjin 300462 ,China

Abstract Graph data augmentation,as a technique aiming to enhance the performance of graph neural networks,involves trans-
forming and expanding the graph structure and node features to increase the diversity and quantity of training data. The integrity
of information structures,the smoothness of feature manifold, the diversity of graph,and local dependencies are difficult to com-
prehensively considered in graph data augmentation. Additionally, over-smoothing and over-fitting problems exist in the training
of graph neural networks, which limit their learning capabilities. To address these issues, a graph data augmentation model
(NRGE) based on the entropy theory in thermodynamics is proposed. Firstly.a novel definition of graph entropy is introduced to
measure the smoothness of the feature manifold. A new data augmentation strategy,whose main idea is to reduce the loss of graph
entropy is proposed to generate more appropriate training data. Secondly, the sampling neighbors of the nodes are augmented to
ensure the consistency of data augmentation. To increase the diversity of data augmentation, the first-order neighbors of nodes are
randomly replaced with their second-order neighbors. Finally,a neighbor-constrained regularization method is introduced, which
improves model performance by enforcing prediction consistency between augmented neighbors. Ablation experiments show that
the NRGE model effectively reduces the loss of graph entropy by preserving the information structure of triangles,thereby impro-
ving learning effect. Three real datasets are trained by the NRGE model. The obtained low-dimensional representation is applied
to node classification. Compared with the baseline methods, the NRGE model achieves a performance improvement of 1. 1% on
the Cora dataset,0. 8% on the Citeseer dataset,and a slight decrease of 0. 4% on the Pubmed dataset. The experimental results
show that the NRGE model can significantly enhance the performance of graph neural networks and improve the generalization
ability.

Keywords Graph entropy.Graph data augmentation, Neighbor replacement,Consistency and diversity,Structural enhancement

B3 B 97:2024-02-02 3R & H 1]:2024-05-25

T H «H R H AR A (62072154) 5 Kt BB RITH (22JCYBIC01740) 5 ¥ b 45 8 KA} B R H4 6 % T (222808037)

This work was supported by the National Natural Science Foundation of China (62072154), Tianjin Science and Technology Plan Project
(22JCYBJC01740) and Hebei Province Major Science and Technology Achievement Transformation Special Project(222808037).

WBAEMEE & W (Tukun@hebut. edu. cn)



150

Computer Science T HEHFIZ  Vol. 52.No. 5. May 2025

1 3l

il

Wil A2 P 2% 5] S0 00 2% A ) I 2% | Ak 2 I 2% N A2 5 1)
246 S5 A Tl ) 24 A B S AR T R 8 K e AT Y I R R
X VL B i 235 ) R L A 2 A T I SR AR AR T R T, AR SRR
2 SRR e — 2 ST W4 P I IR R R I ML 2
S, 2 2] B3R R BEAS T 4 b 3R 3K Y A5 A RRAE FIE UAE
B N5 S0 5 AT 55 TR B B R R . B Bl 22 I 24 (Graph
Neural Network, GNN) ! J& — Flt 55 2 1Y X 4% 7R 22 > B ik,
B A 2 2 W A RN ORI A i E R . RIS TR 2
(Graph Convolutional Network, GCN) 2 [ 3 25 [7 2% 1) £ 3% .
BIE o B A% 3 s AR A 5 2 T A R AR Al
PRI URRIE

LA R TR g4 LR BB R I HZ G i 22
BIME DL o S 304 25 5 300 Y 5 3 MM I 2 B0 ) MR 7
REAS 3 A1, T JC VR v b 4 ) B 09 T R . R R AR L
2 2 T TR B 04 A S8 M L 5 A BN B R LA B
PRICECE L A S B A 4. T RE R
2 2 T B 55 — A TR] R, L A 4 Bl 2 T 2% TR BE 17 38 Jin s GNIN
R NENIVE TV BN TRAC SR (TR LR U2 3 - S i o i) =S B
F GNNRH TR ER G072 0 SRR
R T IR A AR T AR AR AT B Y . R A I A% TR B Y B
BEWEMELSHZRES  RBOY HEREEB T AL,
Te: XA AR T A5

JEAE K, B 14 3R (Data Augmentation, DA) £ R £ T+ T
8B SE (Computer Vision, CV) Fl [ 4 18 75 4b ¥ ( Natural
Language Processing , NLP) 7 $i % 4b #8450 358, v 2 T 50405 9K
B 4 B0 2 Ak R 7 RN TN Mk R L BRI 2 ) B Y
PR R AN D TR PP . DA R S i P i LA T 4
HET A BT B, 3 O A A8 A AR e, G RS B R R 5,
FE N BE M0 SR8 B BT A S RN SR DA B ik 2 )
R 137 Ak Be 77 T 30 i B HlE Hh By R S . DA R A DUAR B M
b B v Y M RO B AR B DA B A G B A B R R
A MG AT 2 AR RS 5 X 2 R B

R B4 3 5% (Graph Data Augmentation, GDA) 4% A& 7] DX
RE A F GNN, LA e v 8 1 Az Ae 090, 0 GDA T Ifi &
gy CV R NLP B8 3 58 A 5] 09 Pk k. £l 3 o 77 22
IR M ZE R RO D OC R X T R4 AT 55 G R SR NG R
PR LY % M DL BT B2 ) A 6 &R O B B R [ A
RARAE . GDA 5 3 75 B2 % (&1 B8 Y R AF A 19000 245 SR i A7
it T R 8 2R, LB 4 el L e R T D A 28 I 4% 1 U1 R AR
A, GDA I 55 % B A A B M IR A B 5 AR 21
PEL Jrg 8 25 g 8 b R0 IR P ol 25288 A ] DL S A b A 2 =2 [
WY JR ER A F 15 B, DA S B4,

Ty ER A T R A R SRR AL AR B ST Y AR 1 — A
DLOEW DA R REN A E ., YREWREZHA
R B e B IR E AR 2 R W RSB A 58 o 0, A
fHE/N . B W2 A B 3 gL AR — A&, T A
B 5 AR 5 B i, R A] DA £ T b Yy S B Y A A
B DL S B A 2 /0 2R . AR A 2 I 4% o, B T LU T

A P B 130 BE RN SRR 1R . W B 2 vh B BRI LA B A 2
2t U AE o BE R 2R G AN S A AR AE T 1 A TR
B % W5 B0k 5 ik 43 BT 3L 5 [ 4% 40 0 e P 5 AN S ke LA
FEAS [ W14 38 07 % 53 7 B AT e — UM R 2 R D T R 3
A TR] A0 e 9 B DN LA I Sy i il o R AT Y P A 0% B
k.

PR 2 T A I TR BT SRR AE AR R BE S I A2 JR) R JEE
XRCEFEAT oA . TERCHE I SR P A TR A W R
JEUUR A AR ) 4 AR AIE 23 AT RN A5 4G R 35— B, R AR O B2 k4
e AT LA G b S e BT v 9 R R Y — B B T DL E L
BE T R E A T R ST e s R A B AR
A PRI 408 T LA A BRI A A A AR AT 2 18] L 45 0 R AR
A1 8 B AL L AT 45 i ) 2 e

A SCHY EEPFARTTIAT .

1) fet FTI I A A 11 R0 A U T B4 1 B2 SR T T 18 R,
BRI 9 7 3% T AR W A B T SRR L SR A S TR0 R ROk R
71N A Jey R AT AR JE 20 A 9 1 9 L AT 5 S 12T A0 5 SR 1
Bit.

2) 51 A — SO 2 R L8 B 0 4 1 58 vk AT X L O
fiti o S PIEA 22 i T R399 9 SR WS T R R 2 IR 5 A Y 1
RE o {7 FH 6 TR 4R 5 AT P00 3 e o R A R — B % S
PERE AR 2 R . 2R A B IR X P AR L 0F LU I B 7 5 Y
L5 o LAt AT Y 1 B0 38 i 5 ik

3P T NRGE [ 8038 s B 2 i i R 45 2 T =M P
P 52 1) 17 8 205 A 1) 5 8 R O e B0 T - 98 1 3 ik x4
S AT 3 iR LA B — B A TR 4B S A — B 4R DL g
oy 4 T Y 22 R O T 40 24 I U A T v T I v fe
RARICHYTT 5, By IR 5

2 HXIIE

S A 4 PR 2 N 4% L B TR B 38 0 A o R

GNNT 5 # 2R 3 U5 T 1845 3 1) O 2 %t 161 485 g 00405
AT AR, m T LA A 28T R 0 T O 28
TR AT 55 T R (o, B gz i T B S R BN R
N2 28R B BE K] 2 2] (Deep Graph Learning , DGL) 5
R F B RS 4 . GONT S — Fl s 7 14 [ 1 28 R 4%, 2 F )
FHH BAG 18 SRR i SR IR A 10 7 20 DA A e 4R 3 v 42 i
FHRE . DeepGCNs!™ 22 I8 B 36 FR A 25 ) 246 78 B 4y 25
R g & . #2172 1 GCN. GraphSAGE™ Jj& —
ol 35 Pl A 2 0 % 11 B 7, H 3 0 o T AU 1R B TR
FERIER A ST X BEUBOHE ) AT 2% 2 A3 26 B a2 4
R IB] ) J5 B A 4 Ja 85 M 05 B, R W S A L 4 R R AE T A
GAT(Graph Attention Network) ™) J& — il 3£ F V£ 3% J1 WL
A P 2 O 248 B 3 B A o AT R S LA T SR Y
TEIEAT AL, 48 v T A0 28 I 465 10 2% ) SR MR o . GAT
SEWGE A 2 K R T ALK s R TR A
R S R — A IR AE [ & . PR ML Z Ah . GCAE™ 2
— g A T EG BUR 45R [ G A A 0 Bk o HL S 1o g 1 A
itk L B30 59 300 VT 00 19 A A 2 RO e 4

T, B B 38 5% (Graph Data Augmentation, GDA) #§



HOI AT IR SR Y RO SR T Y

FHORAR ST GNN [ 5 R Az AL BE 17 . GDA 3l &3 i
ot Il 4 #1255 0 A T B DL 2 HE T PR AR 1T a5 A Bk S n 46 45
VSR BB L RE AR . 1 %%, AT LAS | ATE 20K [ (4 45 44
HABRBMAES S T2 REW A Z N RHRLR, Hw, T
PATIA — 5 A2 B 1 BE AL IR 75, 490 G0 %) =5 0 R AE 0 47 BE AL B 8
SR N R SRR R DA AR S AR R 7R I SR AR v R AR 4L
8 VR R Sk Sy 3 2 ) 1 M o A B G B A T L 5
e i i IR T M5 3 N Y = W N S TR W (o 1
B A AR LT A DT S8 I 4 2 v (B T B0 3k R T LA 4R 3t
YT AT L T B A A b X AR R A

Dropoutt™ J& —Fj 7 ¥R B 2% > op & F A9 15 0 4k D7 i il
S AE AU GRAE IR AP B AL 25 3538 40 1 28 50 R B 1k o 4 A R AR
BRI AL RE T, R A] DUAE S — B A SR B B AE R O k.
DropEdge™"? 38 1o Fifi LM B &1 rh ) 341 20 38 in 18] ) 2 ¢ 1 A 42
FeE BRI B AT AT BB A Y G5 K B S R AE L T HL AT
A5 At B 40 344 5 o 2 B O i e 52 2% D ) A 1 T
Z 18 R AT BEME . GRAND2 S 3o B AL M B3 18] o i) 45 0 &
O G B 31 ok 1 L 2 BRI A A M. GraphMix™ J& —
o 35 1l At 2 0 2% (R 4 SRR O 9k 5 3 e O [ 28 R 1 A
Chn =y SRR AE MR B ) AT IR A, A R i R4
NodeAug™" 8 1 Ffi #1135 425 47 0 S FL 4R Ja 19 o5 0 47 85 #6e o 348
JICHT 0 5 A A, DA B £ R v A gk
VAT —Fh 5L T8 43 1 4 i 2% 0 2 0 HL A A 1 40 o
S5 o T O A 2 T SURRAE I 40 A8 RV AR S5 R A LR 5 R
I E AL 25 A Y e LR . GAUGHS 3 3 Bl LN 5 L 75 Jin Fn s
I HP A T R 3 R A BB R T S

3 ETEHBMBEEHRE X

PRI AT LAAE 4 78 22 G0 M S AR 50 A0 5 A 38 2 7 ok .
Y B E R 05 1 R WS B0k E R AR EfE BT Ak
[UEREIIE-S PSR- 4 SR b = S |
SR O A 3 — A PR bR RIOR 2278 42 JR) REAE AR 843 A7 17 3
BE o oAb i T X 1 B 4 A A BE DT IR B B
8445 7 15 BEAT FEBORIEAG o 30 3 0 A [ 4 5 5 1k AT X B
WL » LA P B 09 15 2 6F BT B4 P 50 40 494 5 Jr ok E AT 2
HE B TR RO B 5 O . Sl R B R b R E Y
S5 X ALY R AT SRR L I AT AR S R e LT AR R R

Graph-

B Ll - 1 iR 18] K dE
3.1 EFER

e 292 B4 P AT 494 % 0k T SR TR S Y 48 SR A B i AT 1
{14 A 4 T FE L UL A 7 1 A AL Bk R iy R L B
AL T s 3 0 3% ) LA R T 1 L e 4
XS AR — A LR AR R 2 A DB e % R
P T R AIE B A2 R 23 A TR G T R AR AR S TR R T AR
TEAAAE T B MR OC 22, BT &2 R 7 AiE 43 A7 AT RE 5 800 %
AR 0 A5 2 8] A G AR A 0GR L AT 52 ) X 4T 20 A A T
P s e Ah L 2R 42 R AR 43 A1 T RE = BB RIZ AL RE N T B I
HEBAET AR —8F R M. WL, 546 %)E4
Ja SRy R AIE 23 A X e ] g e A AR AR

FT T 3 52 A AT A 2 LA e R R 45 6 R 2k Y

FEPE N b R AR EE AR R, A s b gk
FH O B T A 72 G0 W R B e TR LR T 5 7 TR ) o
Al FH R B B 2 ok A T 4 A X del b B0 B B SF- 8 L R 00
R QU T IF BB T ke A 988 B H A B P
CHEZE R R E IS MM 7E EEE S5 B  g L AR
B M A R B AR W SURRAE AT DL AT b R 4 TR REAE S AT
T8 3 3 5 A S AR A REAE 2 AR L A5 B A RURRAE 2 A
Y E T 27N, Rk S g R OR T B S AR R S M ) 4 R
FRAE . 3005 Y T B Ak TR DL EE A b e AE B ) B AR REAE 4y
A7 W T T BB 3 58 07 15 ) DL 3 a8 AU .

VLW 1) 02 )T T R — M 9 D SRR AIE S A 34 R LA 15
R 2h &, ¥ i P B Rashevsky™ £ 1, 4R J§ Mowshowitz
LDV 5 PR SR A7 ik PR S5 4 1 BN 2, Korner™ 2 [ 905 11
ANTR)E SO BN gt Bag vh o K 2 B I B R A ) A
MEX, HEMAEEN T, M FERASE X, [ (1) =
—logp(a)FER v, €EX WARBHR . HP pa) ABHARS X
WU gz BIRE S, A 00 A vb 10 BT A A AR 45 I, T R
I K, Fem I KIS i o PR A5 B o 5 X M 2 43 A v (1 it
MWERIET T 1, M A 308 T 0 B, A e /b, Rom A
ANBIARBE TS E B . RS X BB H (XD

H(X):—glp(x,-)logp(x,) (D

SR SR RRAE ] s — A AR SR S K R
OB RRAE R B A R — A RRAE ] 3 S R, 25 X — AT T
B, TETHE MR R AL p () B 5800 o 3 T15 B R %L
B 1 R A 0 1 A 4 1) R A e S 1 O SRR T B Y
ARG R AR 3 R B 5K, 12 T B eR B0y 1155045 30 A Rz
1A 3 BRI B, HOH B0

p(r,»):‘xj‘((‘it) (2)

J%Zlf(fj)

55 12 PR BT B T 06 1 1 FE R AR S R IR R, A
W5 P v 49 0 T R R ) g 5L AR B R AT DA T O
Py P 7 SR B0 A B8P0 M 507 S5 B A TP 3 2
B B0 B A G PR AR B R EOE . Y BT P g
XK 43 FASE e Ak 25 4 Bt {5 S8, bR BRRT LA B T 50T IR B AL X
FR4 B 0 o505 H A A X 22 (A] A % 0m E AE . Mg Y
N ES A BT, {5 2 pR O] 3 B2 R SRR 1Y T

JE i R vp & JR A B A AT I T 0 R T LA T A TR O 4 A R
AEZ 8] 1R 56 5 LA BN i 22 T8 B 09 A% 46 A28 AR B L X X 1
L fi7e 0 2% 1% R B L R 0 T Y A DL R B0 Y AT O LA
HEBELCEFHEMN2RELSAERE R TN Z M ER
R B SRR E . ARSI T — A T B 2R {5 B0 fi
B T BE AR 0 45 B R A

RS HOV- 18 B2 W] LU T B e 48 06 2% b oy U RRAE 7E
BS540 3% gtk RSB B Y A MR 5 S AT R
REAE A R B 3 LTI R AR BT B R 5 A SR AR T AR
YRR AIE 5 24 1 9 5 I RRAE 22 S B K IR 4 R AR 3 - T B
BAL.

RTERYSZEAAHBEER A SRR
[ F19 R A0F R B =2 RPE A A L B T, DL SR AE Y 1 R



152

Computer Science THEMEI#  Vol. 52,No. 5,May 2025

1150 o7 FH = R 7, N = 1 W Qe DB /TP
flor= 3 (X, X0 3

o)

T B T 1 T AW M S R 7 AR A A ) e A X
32 B R 53 A7 15 0 o 80 A 3 P Y S . AR 325 ik A
TE—SERJE 2 b U 2. W T 4B JE 22 18] #Y 22 S M R DGt LR B
FEAREAE AR 5 4 DL &% T ¥ X 23 B R AR T UCCE R AE A
U Y A A AT R 2 i o A B 2 AR S A L
B LA 4B 22 6] (9 i AR AE B 8 mT LA 4 Ak RS At 1) AH 1L
B

5 N T) 4 J 22 ] #2348 Y
TR TR R 2 S, T R M 2 Y R 5 AR 2 1) B A A

P 00 R B AR A 43 A B X B 4 O G b S W T SRR AIE S [a) Y S
WE., HAEKTEmF.
ﬂw:MZqug&> 4

Forh W 2 A0 TE 1Y s BE S A AR SR T T 1Y A B R AL B
BEATTRE . AR SERH AL T T Y A ) A AR R R
5 FH B2 B AURRAE 2 18] (9 77 1) PR AR R o M3 a1 R AR
R ALy AL I 5 Al T A R RS AR T R
IE ) B0 088 B A 2 2 S ARVBLBE 31 50 T Rp AIE o o 1) 7 1l P
SWIE DS e iiEu s W XX L B 1 kil R N =B S I )
TP 3 22 2 7 A 2 (1) A9 AR B S DR A M A T R 2 TR YOG
R, BFNRRAF A 7R 70 A BT Al R A A% B I, AE % 4R L
TR B FRAIL At B LA KT A o A AR (004 i WL A9 B S
THiR:

_(XXD
o xd e ITxdl

Ho (X X FRmEX A EX BN, | X R
X K JE,
Bt AR AR B RO P AN Y AR
S (o)

v

2 fCu)

B 2O AR R B 1 T 5 2K (D) mf AR 3 — o
FER 1(G, o G FomEL AW T iR .

K@z—éﬂwawJ )

WL 1(G) Sk &L FRAE 43 A 1Y BEALYE 36 7R J& 45 1iF
XiF4x R B BEHER . AR TG I 30 A X A M U0 4 AE A M
lia) T 5 0 24 0 i 4 1 P e L B RL AR R AT A S B o
RZINK . PRI %8 20 R 1CG) T LA 3 38 4 b 4 1 o
FRAEAS B9 B0 0 B

E FEVECHE 38 53 A2 v 38 3 5 Rk PR R 1 R AT 9 1T
T EE S T LUA O 3 SR R 1 TR 45 0 IR D s TR 1 3 8 M R — B
AT B O B SR T L B Ik JEAY 2 Ak s il s A Ak
TR IR (1 4 Jm) 45 A8 R JE M A S, DT o0 3 10 SRR AE ) 3R 3k g
Fybod,

JE i R AR T W B O 2 B U R L 22
22 R AR B M B AR A R AR DT 3o R R R R R AE TR
SEWTRE R EAT 3 A m DR 1) BV S AR B9 AR Tkl
B T LA S T T R R AE T TR 5 4 Y ST A
HLEE . ) B — R 2R RS, T EA T B AR

w (5

p(ov)= (6)

HRY T R IE AR B . A TSR IR T L R I A Y
SRR AE AL B R OG0 5 DT R AR A R AF T 3 R R AT T
i 347 B T3 IR 19 42 R A5k . 3) TR A D — b EE d T 2K
B WL & R DL R A7 Sy P 4 R AE 1 A A B SRR
14 P A v ) e T SRR AR T A A R R AT RIVRRAE B
HOR R T 5 024 R AR I, KR W RURFIETE I B4y AR By
5], RVRFAE S B9800
3.2 ETEENEHEEERR

I LA 18 5 Ty ik 2 AL HE R . 9 3 5 T vk R
FRAESE 3R 7 1 . #i4MIE 3R D57 % L 40 DropNode #l DropEdge, 23
W SR 8 2 Y F TIN5 L [R] B 25 Bk 32 A A8 b i A AIE 5 T AR
fiF 438 J5 ¥ , 41 Dropout Al GRAND, £ $1 [ i 2] 3 85 25 #)
RO ARAE AR EL B B P B85 . SR T I 58 AS [ 38 o O
XoF V1 S0 B 55 W o K ol 1 588 5 000 T80 R DR LR AT T IR X L
SR RN AR P B R R e D A TR IR N R AR AR A
Z BN IR, 1 8 5 e 0 B R IR T T RS 04 F S A R R
A5 B o 2 BRI B BEAR

U Q0 JE R 0 B e — Tl AT LA i 4 v R T Ak P
B L 5 A0 344 5y 1k AELHE R 09 400 R e B IR S R L X A
FROEY SO B DR, A SCEE TR, B SR T 4B )R B
00 B3 X [T ARRAE 9 10 B S T B B e S X B R AR R Y
R E AT SR B ALK H— B 4B Ja B e i — B 4R JE L R
BT AR R AT S M B K . Bl AE Cora™™ , Citeseer™ il
Pubmed™ ™ EIEHE S 1 3 47 52560 o 43 Hr 48 i 5 4 B 1k o R
B2 TR 5 A 52 38 245 SR TR 408 A e B 0k BROBR T LA A R R
BOHE HEAT G R E ] R AR T IR, B R e T LA Y
TR BT BE

Y A5 B0 TG IO 4 e KR T TR O B O Y o AR
o SRR R A RS . SCER38 4R . A b & B i dE
= UG 25 89 % T 18 46 Fh i b e 8 2 7 e BB 254
Lok AR AR T AR BRI — Rk R IR E A
XSS EE S5 R e IR A be b R YRR EEAE A EUBE AR A
Fry HL T80 PR 25 R T 1 BT s AN [R] Y RLIE &5 4 5 R 1 4
FERORAEAEZE R . DS A BT R T IR 25 4 X 1 52 i 1) AH
SRWFFET AT 5 A A B S5 R AR AR B =A% 0 5A

T I 0 B BB Y IR

() =¥ (b) 441 JE
(o) HHIE Cd) 7Y

B 1 4 Fh AR
Fig.1 Four main structures
WE 1 s B T RS54 78 35 099 S04 K RS S
FRRAE 1] 1 8 R 1 i, N[350 F B RIS 45 a3k 1
Frd . 25 R 5 MHE P s AR L, B = AR



HOI AT IR SR Y RO SR T Y

45 K 7 VL A 4 T A B B O TS 2 A e A
W ALK I PRI o LS v 1 Al PR 254

1 PR BRI P I I B A R

Table 1 Calculation results of graph entropy when preserving
different structures
Datasets  Original Triangle Square  Pentagon 5-Hop Chain
Cora 7.4525 7.4016 7.0189 7.0400 6.7788
Citeseer 7.7212  7.4943 6.7188 6.5592 7.0282
Pubmed 9.0150 8.9891  8.4884 8.4661 8.4554
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Table 2 Impact of two enhancement algorithms on graph entropy

8% Cora Citeseer Pubmed

&4 11.51 12.03 14. 24
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Fig. 2 Schematic diagram of neighbor replacement algorithm based on graph entropy theory
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5 For V u € U,
6. {
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Fig. 4 Two training methods

B U 25 e £ v A58 R 1) 6 e 1 RN vz AL RE 7 L 4 6 B Y
H5H 4 o EL A TG 0 3 N P S B LA AT AE TR S [ Y
DG A I S B R R R
3.5 EFHIEHEEA E WA M EERTE G

FETF SR S e U5 1A g F S R O W R AT AL . AUE A AR AT
Bl Tk 4 T VTR B R Y BT A L O T B A e A O Y IE
PERZ A M T T 5] ER AP A B Q0 3R 4E T EA

T 53 5 S IR B0 D B2 FL 38 D, I 5 W A 558
FyoFy o RORE IR @ S A KR 0 2 FE L C 2 2 19 800k 0
RS, 25X A AR RS D, B T, a0
SR FLAT T 09 T P AZ b U F 5 B 4 L
% B R

h T AR AR T £ R ) 0 B A A — BObE AR SO 8
UE AR 1 i FH 3 g A 7Y 0 A7 U1 25, A 1000 o A R O e Ak — B
K-

C=Acc(Fy(Du) Yo an
Ho Y BRI IEE PR ZE s Ace 1R B UER R, & (F FH #84 5i pid
TR 6 UE B8 40 4 A AT T00 , S0 L 5 SR 5 T S bR 25 L Y o
R, —BERALE R 5 B 98 5 R IR A0 AN — B0, v BE & R
RS R B o B P L SR T L B0 TR Y — B0 1 R R R 2 8 5 A R
i — I, A A] R AL vz AP ST B D

PRI I AR SR M T 59— VA 48 s ok A S 1S i O R 2 R
P BB P S 45500, R S BB, 1 T 22 ] 1 22 5 ok
TN MK

D= | Fy(Du)—F, (D) || 2 (12)
Hor, oo [ p 2 B 1 B EG Y1550, 328 7% 396 i A R0 R D A 7Y
B TN 22 [ ) 25 S o 200 SR 48 i AR TR R D s AR TR %) T 4% R AR
B1, D) § A7 =2 ) ) 25 57 A /0N TR R S 8 ) {2 I s A R i 2R
4GRS I R S R0 154 U 4 SR 22 A K DM K R 9 %k £
S . RV KT B 2 B 3 SR BN 5 R GG B HL A A A
B 43 A1 53X R] BEAS ) 4 e AR TR 9 2 AR R T BB e i 2R
AKOF- W 75 5y WA 348 otk R v 1 . DR, T L B R AR AR
a4 Rk AT IPAG

4 KBWIMERSH

AT K3 5 IR X NRGE BEATIFAS . 4. 1 454 43 5d0e
AR AR R S B B 54, 2 10K NRGE 5 R LA

1) S5 30 25 B R AT XS LU T 0 SE I 45 AT 43 BT s 4. 3 TR LA
PE] 208 JE R 4 | I B3 1 0 55 1) 8 5 T vk Y — BOE N 2 RE M AT
PRAL 4. 4 40 NRGE BEAT I Fill 52 960, 463045 54 48 )i 45 45 L 3
AL FN B Ak 45 AH G B P g A8 70 Mk BB 1Y 52 WA 4. 5 T X
NRGE 1) 8 2 B AT U8 43
4.1 ZIWEE

SEIG i Python 3. 9, PyTorch 2. 0. 1, Numpy 1. 25. 2
CUDA 12. 8 fE R it H IR EL. BT A1 LW B LE Intel ™ Core™
i7-8750H CPU(2. 2 GHz, 16 #),16 GB W {7 1 NVIDIA Ge-
Force GTX 1060 GPU Y /IR 55 %% b #E47 .

D#¥E

il B3 i A b By 3 A Bl SCHUIRE 4 Cora™, Cite
seer™®® , Pubmed®™ Fl— > 3£ [ 4 3L % 4 Amazon Photot*!
SR VPAL BT B a3 BT 4, H A A 4 A R AR T AL
I VRRAE AN ) A B

#3 BIELRIHER

Table 3 Dataset statistics

Dataset Nodes Edges Features Classes
Cora 2708 5429 1433 7
Citeseer 3327 4732 3703 6
Pubmed 19717 44338 500 3
Photo 7487 119043 745 8
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Table 4 Node classification experiment results

%)
HiE Cora Citeseer Pubmed Photo
LP 70.4(£0.0) 50.6(£0.0) 71.8(£0.0) 79.0(+£4.8)
GLP 80.3(=£0.2) 71.7(£0.6) 78.8(+0.4) 89.6(+0.7)

GCN-LPA  82.8(40.1) 72.3(£0.2) 78.6(£0.2) 89.4(£1.5)
GCN 81.5(£0.3) 70.3(£0.9) 79.0(£0.2) 90.4(+£0.7)
GAT 83.0(£0.7) 72.5(x£0.7) 79.0(+0.3) -

MixHop 81.9(£0.4) 71.4(+0.8) 79.8(+£0.6) —
GMNN 83.7(£0.3) 72.9(£0.5) 79.3(£0.4) 91.0(£2.9
APPNP 83.8(£0.3) 71.6(£0.5  79.7(£0.3)  90.6(+£2.0)
GAUG 83.6(£0.5) 73.3(x£1. D 79.2(£0.3) -

GRAND 84.5(£0.3) 74.2(£0.3) 80.0(+£4.3) 91.7(+2.2)

NodeAug 84.3(£0.5) 74.9(£0.5) 80.5(%0.5) 92.3(£2.2)

DropEdge  84.4(40.4)  73.4(£0.7)  79.1(£0.4) 89.4(£1.7)

DropNode  83.8(+0.5) 74.2(x0.3) 79.0(£0.4) -

Dropout 83.7(£0.4) 73.5(£0.9)  78.8(£0.3) —

GraphSAGE  83.4(+0.5) 72.2(x£0.7) 79.5(£0.3) -
NASA 84.7(£0.3) 74.9(+£0.3) 79.4(+£0.3) 92.7(£2.9)

NRGE-GCN 85.8(%0.4) 75.7(%£0.3) 80.1(+£0.2) 92.9(%1.9)

NRGE-GAT 84.9(+£0.3) 75.2(£0.2) 79.4(£0.5) 92.9(+£2.3)
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Table 5 Comparison of consistency and diversity indices
RS — B M AR EZid- Xk
Origin 0.810 —
label 0.782 1.4962
dropnode 0.780 1.9999
dropout 0.788 1.8749
NASA 0.792 2.4498
NRGE 0.782 2.7944
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Table 6 Ablation experimental results of graph enhancement method
%)
B Cora Citeseer

w/ NRGE 85.8(=+0.4) 75.7(+0.3)

w/0 augmentation 83.8(£0.5) 74.0(£0.4)

w/o Motif-au 84.7(£0.3) 74.9(£0.3)

w/0o NR-au 83.8(£0.3) 72.1(£0.6)

w/ dropedge 84.4(£0.4) 73.4(£0.7)

w/ dropnode 83.8(=£0.5) 74.2(+0.3)

w/ dropout 83.7(£0.4) 73.5(£0.9)
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Table 7 Ablation experimental results of regularization method
LN Cora Citeseer
w/ dynamic training 85.7(£0.2) 75.7(£0.3)
w/ static training 84.9(£0.7) 71.0(£5. 1)
w/o0 sharpening 84.0(£0.5) 73.2(£0.5)
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