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Abstract: The core homophily assumption of Graph Neural Network (GNN) holds that connected nodes are more likely to
have similar labels. However, in heterophilic settings (where connected nodes usually have dissimilar labels), this assumption
becomes a critical limitation, and the conventional neighborhood aggregation mechanism significantly degrades model
performance. Current improvement approaches that adopt higher - order neighborhoods or reweighting schemes not only
introduce a large amount of structural noise from dissimilar nodes but also fail to capture subtle contextual structural patterns
due to insufficient ability to distinguish local subgraph variations. To solve these intertwined problems, we propose a new
framework called Selective Graph Convolution Network with Contextual Structure Awareness (SGC - CSA). Tt models
structural context and achieves adaptive selective propagation simultaneously through integrated design. The former guides
ego network partitioning with group fairness constraints to extract domain invariant patterns and avoid contextual blindness,
while the latter calculates similarity measures through neighborhood distribution and uses a gating mechanism to control the

fusion ratio of homophilic candidate nodes inferred from attribute topology alignment, direct neighbors and the features of the
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core node itself. This framework enables nodes to dynamically filter irrelevant information and ensures structural coherence in

scenarios with different levels of homophily and heterophily. Tests on ten real - world network datasets confirm that it

successfully mitigates the problems of aggregation bias and structural distribution shift.

Keywords: graph neural network,node classification, information transmission, graph convolution network
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Hor ,m,-rfv"%%?l’é—l T R R
B B L], w, 2R 7R 1% TRDOE LAY 0 285 A

ZH S 40 2 0 3D g A PR R A R e B Y
1o B B 1 U5 rh 23 A5 AN 2497 R 1 O R
158 R AE 200 I3 A S R S R I A R S
€3

+
3
2

]

>
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3.1 XRRE

3.1.1 HIEE 10N EAMREEN LR
BB I X SGC-CSA #4717 &1 H & 4t
A PEAR AR OCE S 4R 1y BLRMF B sk 1R . x4k
BOIE AR T 55 T GNN BIF 5T i UL i W) 5 14 0 5 Joi
P LAY [ S5 4 BE 6% 7T 43 00 UE AR AL AR A [ 45
oy Ve R8s 1 A B RE O SR RE R I . [R] e
B ARG T = A 2 H i 51 S0 28 FiE 4
3l J& Cora™*, Citeseer™ Fll Pubmed™. X 2% 5
AR B RO FEAE 2 AR 5 | A8 SO s AR I8 T[]
— Wi SE 4B, BB AR R 26 bR 2, A5 [6] 5T 1l
152 1Y LY AR IE 5 3 2 9 A4S I afh %5 95 4 Com-
puters Fl Photo, & I7 #B B 2% [ 57 74 45 14 45 4
S P 4R L SR A 4 5L A R IR BOHE 4 Cha-
meleon 1 Squirrel ™, i 44 A =3k [ WebKB %
A 1 R T BUIE 4E L 43 )9 Texas, Cornell £l Wis-
consin, X 486 £ 4 4R FE T K 2% A G W 0T A B 4 G
F G AN R 2 TR X BT Y R AR R 2
A O S Bk IR ST TR T R B RO A L ik
PR W R S5 M 2 A 2 AR AL BUIRAR L REE T A
T MRS 35 SGC-CSA 7E A 7] B 1 37 5 F 1 A &k
5id Ik

3.1.2 xttb A&k KA SGC-CSA 5 12 ff
FLA R NE I BE L Ty v 347 X b A B, X 2 T ik
T .

£1 AIERTER BRI LR

Table 1 Statistics of the datasets in the experimental
framework of this work
FVETE SR DY 6 A UL (¢ FeaE K5 RBTE
Cornell 183 277 1703 5 0.30
Texas 183 279 1703 5 0.06
Wisconsin 251 295 1703 5 0.18
Chameleon 2277 31371 2325 5 0.23
Squirrel 5201 198353 2089 5 0.22
Photo 7650 119081 745 8 0.83
Computers 13725 245861 767 10 0.78
Cora 2708 5278 1433 7 0.81
Pubmed 19717 44324 500 3 0.80
Citeseer 3327 4552 3703 6 0.74
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(1) MLP™ ; — R AR R 7 0 o 1) iy 5% ol
e

(2) % ¥ GNN BERL ;40 55 38 5o 2536 B4R Ja 3
A T AR JR B B 45 # B9 GON™  fij bk GCN & /Y
SGCM R K SR FH A 78 J7 AL Sk #4855 FR A 43
Bic Al AN 1 GAT.

(3) W38 FHF 5 M 9 GNN LAY . 2 —
2%, Tk e 7k, i GPR-GNN' AT Bern-
Net ™5 55 =2, 3 F 23 1) 3% (1 97 ¥ , 40 3% Mix-
Hop'”', H2GCN'"™', GloGNN'*', HopGNN'"", U~
GCNMFINSGCN™,
3.1.3 @SEIEE A BAAEAF M Fe K Rl
BLAD 7 R0 o il R HEAT T AR L B2
Yk B E N 64 0F 128, 8 2 B K 7 ) 4L 45 A
{0.05,0.08,0.1,0.2,0.3,0.4, 0.5} 1 % £ 1y 3 3
R dropout F A 0.2~0.8, KK 0. 1. kHEFE
{1,2,3,4,5), B E 3£ 08 {4 1% £ {5e — 4, 5e — 5,
Se — 6,5e — 7}, #t & A H {H % £ {0. 01, 0. 05,
0.1,0.2, -+, 1.0}, Bl 4y K & it i #£{ 1, 2, 3, -+, 10}.
XiF F LAY, oy S SR FH LR LR I8 SO A E Y R
NS 80, S8 I % 3 28 2 B0k 17 A SR DL 3k A5
AR . HARH, A B A Py Torch #l
PyTorch Geometric I B 2= > 2 528, Yl 2k id 72 oK
FH Adam Ak 2% . T A 5256 76 L £ 4070 GPU Al
13600K CPU Ry HL#S b 4T .

3.2 PAESE HEI0DEMEHEE LM T
SGC-CSA 5 12 F R M 4 07 B 1 19 140 2K 1
SR HER R 45 RN R 2 FToR R BAR T SRR
fedmth, FRIZFmMERE ML . th &I, SGC-
CSA WPEREME TRk 284y ik, R # IR T 1
N OCEE R RN 5 R R A AL Y P RAE L T
Cora il Pubmed % [A] Jit 5 £ 98 45 b, R4 GPR-
GNN Fl HopGNN 555 8 L B 8, SGC-CSA 1)
IHBE 15 2] B A7 5 4 J1 M8 R . X T Citeseer,
Photo Fl Computers i% £& 54 v 3] 5 [m] 51 7 (1) 44
P4 . SGC-CSA —HL A3 RISk iy 45 1, B =
i TR LR Ty K BT T [ JE E IA  Hp
I FF &85 F RN 35 TR A 9 15 8 B9 R f b
SGC-CSA 7E £ 45 GNN il % Bl A 4 1y 5
Jo Pk B A LR OR TR K R ERE XA T H A
TNV 1 8V 1L A B X S S M U RE T L TE
Wisconsin, Texas 1 Cornell X $6 H A /& Ji & 5 5
R A APV 408 358 7] 00 1 1 5l 4R I B R A fE T
F8 G 110 5 R T A AR TR D T A SR 2R
W MIEG GNNH L2 HI R G 5 X8R GRS
BRI Yt , SGC-CSA e 8 ot AL PE 5
CIEEAL , 2 25 30 ) 5281 00 T8, IR B ) B A%
O A5 H B 5 RS A RURAE . T H AT Pk
fi% M 19 Chameleon Al Squirrel %4 4 , oA FR 119
I J A M 7 AR AE B T K 2 8007 %, T SGC-

R2 SGC-CSASL2HMRARUELFTEZEIONESHARERIEELNSEER

Table 2 Mean accuracy of SGC-CSA and 12 representative baseline methods on 10 real-world benchmark datasets

Chameleon Cora Citeseer  Wisconsin ~ Texas Cornell Photo Computers Pubmed  Squirrel

MLP 46.56%  77.29% 76.56%  92.50%  91.97%  91.80% = 89.44% 80.66%  85.65%  31.24%
GCN 63.98%  87.05%  78.48%  71.38%  77.84%  70.08% = 92.21% 87.04%  87.14%  47.36%
SGC 60.09%  87.28%  79.85%  66.63%  73.77%  65.57%  93.06% 86.50%  86.45%  45.36%
GAT 63.69%  88.44%  80.63%  67.50%  80.00% = 78.67% = 94.36% 89.03%  86.65%  47.83%
GPR-GNN 65.65%  88.87% 80.00%  92.88% = 92.95%  89.51%  93.62% 88.95%  89.50%  53.04%
BernNet 67.44%  88.42%  79.77%  94.63%  93.11%  92.25%  93.56% 87.57%  88.89%  50.64%
MixHop 50.37%  87.95%  79.97%  70.88%  90.33%  78.69%  91.38% 86.89%  86.46%  36.40%
U-GCN 59.43%  88.24% 80.01%  89.50%  86.72%  85.25%  94.16% 88.83%  88.97%  36.63%
H2GCN 58.01%  88.41% 79.30%  92.25%  89.51%  89.34%  93.56% 88.83%  89.56%  34.28%
GloGNN 67.00%  88.41% 80.41%  94.00%  90.00%  90.98%  94.13% 89.83%  89.58%  57.85%
HopGNN 66.85%  88.93% 80.15%  88.88%  90.33%  89.67%  95.34% 88.91%  90.02%  47.89%
NSGCN 74.00%  87.96% 81.26%  95.63%  93.44%  91.48%  95.50% 90.29%  88.99%  69.27%
SGC-CSA 74.42%  88.19% 81.80%  96.38%  94.43%  94.10%  95.74% 90.83%  89.05%  69.79%
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%513
CSA U T W my HE 0 B e NS TR 1 S5 o PR 45
Ty v SR OGS (5 5, 5 R4 T 19 52 % A Tl
AARK .

FEAS R B P J P b, At 7 B A 1, SGC-
CSA R e iy 2 Thae i, 768 LA %odls 4 B
(N T T (L i e W S S s S VN
fdi 7F Pubmed %5 A HE 4 56 — RO B 4R L B AR
SR e ) XSS R IGE T SGC-CSA £ H ih
VL £ 45 R RVRAAE AR S 0 TS B A RhE B T
VB 71 5053 20 11 v R FH A 22 1 b Ao
3.3 BEXIASEE KT RIESGC-CSA 4
A3 BIL X A A AR i M i S e, e AT T KB AR
(] Fsf, A AR A [m] o 1 5 S o R P A PR RE R B L 4
W 2 s

XS PR B ZEIT AL 1 43 DX B AS [R] B A
RUVERE 90 T 2 Ik 0 e 3l , A 0 B s AR A /IR
P& Th e A, (H B R QR R A m R E M A T2
LTI o AR AE BT DR e T R
RS E MR R 2R B T 43 DX AL A Y BURR
AR . 33X AT BE S PR A [m) B P P b A A A
G OCIE PR o AN 23 3 R R AU B R

95.0%

75.0%

70.0%

AR X -SR] AT S R 5T A
oy DR R AT AR T R 4l G P RE 22 5 L (B SGC-
CSA 1Y P 43 AL il 388 5 4 412 Jmg 8 45 A8 B =X, 7 [+
JoT P A B v R DR IE AR (g M, 7E S BT PR BB b s g
BRI T 0

3.4 FREDHEI EE A KRMEKE, AR
) Bk B2 S A R MR R L AN T 3 TR, M Bk B
1~5 I, A5 7R A AN ] K030 B 1 9 o A o5 22 B AN [
RO P s . 7F Chameleon B4 £ [ F) HE R R Bl
Bk AR b A B A% U Bl A A O R AR A I K
. 7E Cora B 5 b 0y 2R A X AR A2, A [m) Bk £
TR HEA R 2 RN LM, FE Wisconsin B £
BRECH 1 R B B S P R Y
3l . 7€ Squirrel B 4 b A HERR 2 B A 4L (H iR
LEAE R AEAH X LAY 7K P . 7E Texas 1 Cornell £
P 4R I, B ESOA ] Bk e A8 Ak 5 IR 8, AT B AR —
R Bk B TR B A v o A R T R L At Bk K5 B o
B3R R . B b BRI 2 B s 5 e A T gl 4
AR JE AT B B RE T, 1 TS e de 2 HEAR 3 L
X Pl 5 e £ Fifi 2 50 AR R Pk 09 AN TR T A 2R AR A
AR IE T i A 50 4 0 e ek 5k

97.0% 95.0%

z Comell z & Squirrel oy Wisconsin by
= =
3 93.5% 3 74.0%4/\\/ 8 69.5% 8 95.5%1 3 92.5%
< < < < <
Chameleon Texas
92.0% 73.0% 69.0% 94.0% 90.0%
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 3 1 2 3 4 5
96.0% 89.0% 90.0% 91.0% 82.0%
Iy 2 Cora | & Pubmed | 2 \‘\//' g \/'_‘\'
= = =1
3 95.5%'/\/\ 3 88.5% g 89.0%1 _s| 8 90.5%1 3 81.5%
Q Q o Q Q
< < < < < )
Photo - _—o Computers Citeseer
95.0% 88.0% 88.0% 90.0% 81.0%
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 3 2 3 4 5
2 BEXIS#HESW
Fig. 2 Analysis of partition number
75.0% 89.0% 82.0% 97.0%
5, - - - Wisconsin
g g g g
3 74.0% 3 88.0%1 \/._’_,/‘ 5 81.5% 5 96.0%
Q o Q Q
< < < <
Chameleon Cora Citeseer
73.0% - . . — 87.0% : . . —  81.0%— . . ' 95.0%- . , ; ;
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
95.0% 95.0% 90.0% 70.0%
> S Cornell - Pubmed > Squirrel
g g2 9 g2
< < < <
3 93.5% 3 93.5% 5 89.0% (e— o o o—°|5 69.5%"
Q Qo Q Q
< < < <
Texas
2.09 T T T T T 92.0% T T T T 88.0Y T T T T T 69.0% T T T T
920% 3 2 3 4 5 ° 2 3 4 5 " 2 3 4 5 "1 2 3 4 5

3 FREBRE W
Fig. 3 Analysis of ego-network hop



- 106 -

F RO 24 (A AR

%62 %

3.5 EERMERIW M T #HI SGC-CSA
2R E RGBSR  — 4 E A IRER)B
TURR 25 S, 3 T il A ) A5 R 50R DAl X 5 AR
Sy RPEREMIRE IR . R 3R TN E J IR AE Y A4
KA 55 B e 3 R BIA T ROR R L W
SER PRI R R IR 45, w/op KRB BR
TEAD R A5 BB, wp, wol, ws 3 51 XF W A fiff
FHVEAESR R AL — B &BJE AU A FREFR 1
st BERIETEAB R AR B0 w/op 76 K 2 BU8E

B PRI T wop, U8 B AU AR 6 v 7E 48 J A5
BT RE TG VA A AR T AR R i VAR 0 48 R B AR
AE B2 418 o X 5 4 FE R (R Dol = 2 40 1t 2
e A S REE T N AL EER SR (1 S S R = <
M 23 Bl 55, A B A A SR S Sk
B owoTR wes 7E 30 0 BOPE 45 AR — e M
HE A FAYA B2 SGC-CSA Flw/op, #E— 2 E B
T LA R 22805 BIRXHE T s 5tk Re o &
Tk

®3 RAREEERTHER
Table 3 Results with different representations
B ¥ 4 Chameleon Cora Citeseer Squirrel
w/op 71.66%+1.44% 86.84% +0.61% 79.74% £0.60% 66.11%+0.69% %
wp 45.27% +1.47% 75.62% +1.18% 76.35%+1.98% 32.57%+0.83%
w-f 66.15% +1.55% 87.28%+0.71% 65.45% +4.16% 62.85%+0.75%
ws 64.31%+1.09% 77.81%+0.57% 50.53% +2.80% 62.85% +0.71%
SGC-CSA 74.42% *+1.31% 88.19% £0.62% 81.80% 1+0.44% 69.79% 10.87%

3.6 HBAIXEIE b T IUF SGC-CSA 4 # .0
20 A b VR 5 U R 8 o T O W] 28 1ok
oy gAY AR A SIS 25 AN R 4 s, e BB AR
TR AY 45 H, w/omattention F# /R A i 1 £
Sk I PLHI A B AR A woparts X R & A #EAT
Bl X LA, weego H5 WA 14 8 1 3R I 4% 119 1
B FEA L, SE Y SGC-CSA R T fi A i
£ LSS S A R R L B R 3 R T R T

AR AL 3X R BT 1 = A G 2H 1 (43 DX A 4
RV g3 DX ) 255 A A ) 2 0 AV REAT DT
ik, B PR PR B — DN A R BN R /Y
PERE S . AT B A AL 52 R AE AN TR Rodie 2
FEAE2E 5 AH K = A LAF B9 Blb [ 4 1 38 4 2 SGC
~CSA LB 5+ M RE A9 22N, e T = A 4k
JE b HRb e AR R A [ P SR TR R R
A RE AR E i DR A R

R4 HELLWER
Table 4 Ablation study results

B Chameleon Cora Citeseer Wisconsin Cornell Squirrel
w/o-attention 73.48% 87.61% 81.10% 95.25% 91.63% 68.81%
w-parts 74.00% 87.91% 81.40% 94.38% 92.95% 69.29%

w-ego 73.98% 87.56% 81.29% 92.38% 93.61% 69.24%
SGC-CSA 74.42% 88.19% 81.80% 96. 38% 94.10% 69.79 %

4 ER . BLAH  7E SGC-CSA o] A—Fp [ F SC &5

A — FOBT AL SGC-CSA, % W 45 i
b BT Y B B i T 5 AL PG AL, BE 8 A A5k X
GNN 5 v UL B[] J5 14 90 2% 0 S J5i 1 9 245 gk
PR HE R, B 20 T 799 A3 285 — %O AT 55
fiff e 85 Y A AN [] 45 ) 19 265 i o M AN 2 114 (1)

B4 SR T5 1, 1 ST R RE A P T AR A A S S
o PR 5C 28 BT R DL AR A o i 4
U NIRRT -~ Sl R o K iR Y ]
S, BIVER R T 3 LR IR 45 A e RE G BB B
S T B A A A R R 2 (AR O R R Pl
A5 I R B BT A AR Y ) Lt 4 T A A
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T RCE, X RIS e A BRSSP AR RS
FYGUR-$ = e X YN RE TN S A v I ==
XoF 5 A5 3R 7 1 0T 52 I ] R R Ak BHIR] B P Y A
B, BE 6% K E 2R 4 IR S 4B 5 i R Ak, Sy AR A 58 /2
28 N AE B, 5 Ak TR] 289 A0 Y R AE — B0

fE SR b, — 2 SGC-CSA &It T —
B Yy EE g IN IR (3 B Sy - Wk o N 4. 25
BERA ZAXT Y 8RR B XTI CHE B,
RIS A AH LSS YRR B S A% D R
P20 — BB E R AE S B A D A B A
KFRAEE . B REAY ARREE T 5
A7 WL RE % R 0 B[R B R S B O T
B UE SGC-CSA A 2t 5 R Mt A 10 2 A
AN T P 1 S R 4 R AT T R R X L
S 5 Rl L5, N 2 A 4E BEIE B SGC-CSA It
AT AR M e T B # . kA, SGC-CSA
T R 3 H R 5 A 3 N 2 B AR Rl A AL 0 B ) 4
B, i — A B AR OR R X ) 4% 45 K AR Ak Y Fa
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KB vk — 3 SGC-CSA. — 7 1, &K
H L BT SO R IR B 2 B AR Tl DL RS % R
RIS Z RS TS5 D R ZHE SR T
B PRSIz LB ) 5 — i BB S
Pl 7 55 11 385 WM BIF 5%, 45 & i) AR A B Ak A
IR 2% (1) B A5 A B R 5 2 B AR IR A RN, LA
BN R T B R F 2 W oKk R AT
24 TR A VA 4 2R 0 2 ST PE R T ) B AR B Y A
AR 2 T HE M, 2E— 2 G A AR R 7 W s S 5 40 A
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