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Multi-Level Weighted Graph Contrastive Learning via Hybrid Clustering

WANG Di-Ping LIU Hai-Yang YUAN Ji-Dong LI Fang-Jing
(School of Computer Science and Technology, Beijing Jiaotong University, Beijing 100044)

Abstract  Graph contrastive learning has emerged as a powerful paradigm for learning informa-
tive representations from unlabeled graph-structured data, eliminating the need for manual anno-
tation. Its core idea is to learn meaningful representations by contrasting different views of the
same graph data. However, most existing studies generate contrastive views from a single per-
spective, either node features or graph topology, which limits a comprehensive exploration of
graph-structured data. This uni-perspective perception makes models prone to overlooking nodes
that share similar features but are not directly connected, or to overfitting on nodes in densely
connected regions, thereby degrading performance in downstream tasks. Furthermore, in exist-
ing methods, whether performing intra-scale or inter-scale comparisons, the differences between
negative samples are often overlooked. As a result, models struggle to effectively distinguish

false negatives within other node samples and to capture the impact of negative samples from
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groups of varying sizes on the global semantics. This leads to representation bias during the
learning process, which also affects performance on downstream tasks. To address these limita-
tions, we propose a novel framework called multi-level weighted graph contrastive learning via
hybrid clustering (HCWGC). This framework integrates two complementary clustering strate-
gies to construct diverse contrastive views from both structural and feature perspectives. For fea-
ture clustering, we adopt the k-means algorithm to exploit feature similarity and uncover global
implicit structures. For structural clustering, we design a method called strength weighted struc-
tural clustering, which uses local strength information to optimize the degree to which each node
belongs to each group. so that the resulting memberships reflect the density of the topological
structure and thus make it possible to mine local explicit structures in the graph. By combining
these two perspectives, HCWGC captures complex and multi-faceted information embedded in
graph-structured data more effectively. Building upon these dual views, we design a multi-level
weighted contrastive strategy to compute the contrastive loss. At the node-node level, we intro-
duce a similarity-aware weighting mechanism that leverages the clustering results from both
structural and feature perspectives to estimate node similarity rankings. Based on these rankings,
potential false negative samples are identified, thereby reducing the noise introduced by such
samples during contrastive learning. At the node-group level, a group locality strength metric is
proposed to account for the influence of groups with varying sizes on global semantics, allowing
larger groups to play a more significant role during contrastive learning. We conduct extensive
experiments on multiple benchmark graph datasets and comprehensively evaluate HCWGC on
three typical downstream tasks, including node classification, node clustering, and link predic-
tion. The empirical results on these benchmark datasets consistently demonstrate that HCWGC
achieves superior performance over a range of state-of-the-art graph representation learning meth-
ods. Compared with the best baseline models, HCWGC achieves relative improvements of up to
0.45% in Micro-F1 scores and up to 0.57% in Macro-F1 scores in node classification tasks. In
node clustering tasks, the model yields relative gains of up to 4. 77% in NMI scores. In link pre-
diction tasks, it achieves relative improvements of up to 0. 1% in AP scores on certain datasets.
These results highlight the effectiveness of combining hybrid clustering with the multi-level
weighted contrastive strategy for comprehensive graph representation learning.

Keywords  self-supervised learning; graph representation learning; contrastive learning; hybrid

clustering; negative sample weighting
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4153 5bricH RY.RY ER" L H RY =argmax,—, -« M,, .
# RY=R(R] =R} MR E UV) 35 5

v, G o, AT EMFEREL . KA R0, 5
Wl o, BMPIAEG SR, 5 O EATTEA [ AL IE Y
R A B o 2 ) — A R A R
JZ’ R =R} A R} =R] 1
SR, =<1, R/ =R} O R/ =R] (6)
0, R # R A R #R;
ALK 25 G BB 0% A7 280 4 220 i o ) A9 AR DL 2
A R R N A Z MR R . LR T
Mo G o, AL IR A [ 2R 2 T5 ik 2
VA ) — A AR BL S 2 0 25 5 AR e v — A R
el g U D R 2 U AR LS5 2 0 15 o 7 A L e
IR TR AL AL A G 0, FRATH 5 5
FAAF S 2 9 SRR A SO R AR DL AREAS . T
RS AS 380 5 i e BT 1R AR R, O LS
[l — 2551, R AT SCHR AT BL SRR AR Dy B AR
Bl G o TR RS 25— R I X A Y

RE 18 RS 52, FR AT AE TH 53X Be A 2R ) ) B R AR
HEAT HH AL«

L”” =

B logz sim(hY ,hY)

> wsimY R+ D) sim(BY kY

G#DASR;; =2 SR, #2
(D

Horpr,w € [0, 1] R 45 il 58 AH DL AR AS AL S 480
TE XA R B iR R0 B R A X I 2 o AR 1Y 5
MK 4 R 55 1L, RE 015 7 A28 it M1 6 AR 1 M s o
A3 B AN S0

SIA W SRR A AT A H L AT T
B AR A 11 9 326 A AN SO A8 T 15 5 14 5 s AR AL
THA B R A A5 5, M 4 Hh — Fh o A i o T
SER RS BDE TR A B GE G S5 Rt s
IE5E G, G 25 A FRE RN 45 4 £ 1 R KT AR A5 1y Y
HMERAIEN . BB A 852 % 0 — R A G R AEAE 1 Bl
BILAE A R 1 T R L K 50 0L 2 B 0 8 A% 326 it
36 3 T B 0 S g 7 T B Ta) A, DTG B o B b R
SR A FEAS
4.2.2 WRABFHET I

R TR 2 ROBE TR SUIE B FRATHE Y 25 4%
GOt Lb A B b, i — 20 R Y A 3R R R AL 0K
HEAT S GIRT LG . FRATTE ST AL Gl ) B HAE ) —
AN T i T A I R AT, 5 S — R
e G B A AR AT, DL 2 i sl w, R
B AL Vo, A HORE R A R S o, TR Y
HELL N HIEREA, fir A HAB A Ry AR A, X Fh
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2y 2026 4F

X b 7 =G o B R A PR RS 22 TR BLAE B AR
TRl R Jm B A 4 R A B . (HBUA 1 5 900 % Lt
J7 1 I R 2 SRR A [R] B 9 21 2 0 22 SRy i SO A
AEF W, XA e S8 GCL o H & S 1 2 s I
25 BEXF RTR L, FRATTEE TR T R S v R Y B
H A AL TT 5
21k SWSC Fl k-means FIFP RS gk . R ATT7E
ASTE L ) o il 2 AN AL O DL A R 2l
YE R I 2R, Bl I DA AN T 2 X 88 85 9000 % e
ik .
l,,(H",C")=
sim (hY ,C} )
g2 O+ D), Gim € +78)
(8
Hop 58 0 A ARRI 0 B e, AR, EXAB
I R FRATTR ] Jy 308 5 BE Sy A A S6F S I AR
T, S8y € [0, 1 13 T 5 REAS 19 3F 2 JR) 40 58 B %)
A Jay il SCRY S A 5 A 2H RILASE B K1) AR AR 7E X L
2 2] Ak A vl B B A L AT R R A ) R A
E NP
FRAT L4 M P VP o 00 I 3 B 0 3 A 2

L. :%a,,g H".C")+1,, (H.C")) (9

59U 15 O R LG 7 2 AR F, FRATT B IR A ML 2 R
FI A [ RABE () 0 4L 0 4 Jeg o S AR 1 AN [R) 5%, i
T Jr P 5 JRE T AR 2 67 AR A it I A ol ) R i R R
KRR L T REAS AR T8 L2 2] b A v e 43 0 W 3 A A
FH s A B0 2 2 18 3R 78 et 22
4.3 #wEBIZ

i LR TR B TR 2k iR Bk
ERIMAK QO FrR, BT 2k s, FATT X
BT IR, DL AL FEE RE
L=L, +¢ledule) Lowse +¢le) (1 —puled) L,

(10

Hr,gle)=1—e/en Ml p(e) =exp{—e/n} & &M
FH e Mg 2HESEe NG RR T BARTEIZ
WA B 25 75 18 2 I RURL BE X bE 2 2] FlYY -7
FSUANRLFEXT A ] BB E DI ZR AR A 25 10 Rk
LB AR RN B L T R R B AR
XA o PR FRATTRI @ Ce ) 78 9 20 Xof 235 1) 5
FEREE PO B R 0 S . T e Ced i — 2Pl T 45
Ha) 3R 2401 2R I 0 ) 45 % A U T B S 0 U1
GERE RSN 43, B 5 - MK EE O B 1) B O X L
2] IXRE Y R SR W R A8 B AR AE A (W) I R By

BOB AL W OGRS Z R R B R
PRETHRIRL R R . TR 2 X AE ) RL AT
TR,

B 2. HCWGC %) H

WAKG={X,A)

Bl M FRR H

1. FOR epoch=1,2,3,--- DO

2. ] Ji (5] GOt Jon 34 56 SR W T, 45 31 1 58 5]

GY MGV

3. RIS R g d £, X GY MG 45

it A3 B0 KR HY RHY

4. Xt HY B SWSC B2 J5 5 2 #E A

FmCYs
5. %t HY W k-means 2215 F ¥ 4H 2R
cY;

6. FIHI A L0 T BRI 5% pR B L 5

7. BT L, R HBEOLE BT B ik 2
B0

8. END FOR

9. HHEFEEXRH=F,(G);

10. RETURN H;

4.4 HEEXEDH

FRAT 53 D\ 4 15 25 L R 2R R TL RS LA R = A
T 43 X AR TR R ) 52 2% B SR AT A AT . G AT 2 4 fR
GCN F1 MLP 2 [ 21 p, FHoBf W) 52 4% B b o (Ed +
Nd*) o E Ry B b i 80, Ny o1 s i 8
d AT HBERBYERE, BIEEEMAE k-means fl
SWSC #i #l J7 3%, %} T k-means J5 %, i} i) & 2%
KO(NKd) K JRIEHEL A0 XF SWSC
LA R 24 Mo (NKd +EK) . XF R 2 3 43t
R SO A R R - 2 GORT L A R A
IS 2 o (N d +NKd) , 4 b 5580 iy s ik mt
658 24 No(N*d+Nd*+Ed+EK+NKd),

5 ;L OI§

FEX — B, B ATl i S5 PR T HCWGC
A LE T A R B R A AT R . B RN T SR
(1 S A TR 5 B S 20 90 78 T R0 26 LT AR 28 A
B UM 55 b DAl B8 R0 A B R P RE L OF 7R T R
J& B T A 1A 2y 2K AT 5 B HEAT T Bl S R
LS E BT 58 1 07 vk B9 A R s i e AT EEA T T 2
By s
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5.1 XKIGIFE
5.1.1 Hdm4E

T A TH TR AR ) R AR e A ST EE T
4 4 B % ¥E % ( Amazon-Photo, Amazon-Comput-
ers.,Coauthor-CS 1 WikiCS) H 5 S0 28 .1 S R
& HBE e 1 AT 55 . JF 6 MUTAG 5 PRO-
TEINS A~ #1804 42 3 17 18 43 2641 55 1 9 1 il 5
5. BUREMTEM G HE B WER 1R, Hd iy s
HOR 1 KR B S R R

®1 BES£ES%T

SIS FE Bale B RRIE4EEE IR
Amazon-Photo 1 7487 119043 745 8
Amazon-Computers 1 13381 245778 767 10
Coauthor-CS 1 18333 81894 6805 15
WikiCS 1 11701 216123 300 10
MUTAG 188 17.9 39.6 7 2
PROTEINS 1113 39.1 145.6 3 2

Amazon-Photo il Amazon-Computers-*™ %% 4}
R W E5th o 6 L H SR R 0 e R 4, 7E X sk
B A v R AR AT A R A TE D R R X S
B a1 W S BT SRR E R A
PRI TP B 3R] 42 ) 1 K, JF BRI AR 28 B T RY
i ST T 1) 2 AT R 4

Coauthor-CS™" #4483 T i k24 R &, J& —
MERGEMY , fEIZEHRE D T R ARES T
MZ EAAES N SRR AR E G LR E IR 3, Y
RURRAE R AR HE A 5 r 318 SR8 5 B 1) 2 ) 74 i
T4 1) b, AR 2 2 A A T 5 0 P A
BR B W58 07 119

WikiCS™" B 48 & — A~ 3% T 48 5 [ Ry 51
PIZ% , Rz BR A b SAAR SRR A G
) SCES i RoR SR Z A AR 4 C R . T SRR
HSCE AR TIINZE GloVe i ARIEBEER .

MUTAG" ™ $fii 8 58 {1 8 324 0 50 9, 2 —
B 188 MMz TR B /N E S G . B DN
B — NS R B AL S Y, b3 R T i RoR
Ji - 2Z ] A2 B, T SRR AR R R 2 A Y
MG, AR R SR, RRixt ey
XTI BAT AR

PROTEINS"™ i 40 % 1113 A~ 2K 11 )5 [
AP B A T 0 I — 2% HE SO A T R AR TR
B s IR S R AR AR 1 B 1 = 4E S5 R P AR ER /N T
6 35 AEENTZ A — ZR o i . 8 4R 1Y [
RAREFM R R L ZEARERE T .

5.1.2  FEUERIR

AT 1 HCWGC 5 = 21 Jk vfis 455 0 9 47
XL .

(1) 1% 58 Jo W B # &Y, 5] 4 ; Raw Features,
Node2vec" " Fl DeepWalk "' ,

() K W BRI, . GCN™ F1 GATY

(3) Wi GRL BAL, 40 MVGRL™Y | DGI™ |
HDMI* | GAE"" | VGAE"" GCA"™ | gCooL"""' |
GRCCA"™ . CDC™ 1 E2Neg"*",
5.1.3 4 HE

FA1f# F PyTorch Geometric 2. 3. 1520 Fn Py-
Torch 2. 0. 1"/ 7E NVIDIA GeForce RTX 3090 |-
AT 5L B (4 F Coauthor-CS %% 4% 4, & 11 i A
NVIDIA Tesla V100 GPU), XF F75 s /0 S HIHT R
FAT 55 TG SCHk [ 14 R B 256038 B, B oL DA
B RN R G i 25 Bt o8 FH 4 65 i 1) 0 0
FOR N ZRZ 45 0] 43 285 AT 49 A5 02 A, i)
S5 B F R TS k-means BERL, LUFRAT T
REAMLS . X T WikiCS Bl 46 A 45 7€ 19 20
ANEHER o  FEAR B S 4 R 1026 .10 %6 #1 80 Y0 1
BIBEALI 73 VI 2 S0k A8 R e . X T 42 Tty
1555, FRATTEAG SR 13 v i Hlcdli 46 Xl 352 8L DA 5 %6
1026 1 L 451 SR A 36 1 2 R0 I U 4R, O I AIE 42 A
T T ASORT A AL SR R A (R B8 Y AR S SRR AR,
Xt T 2840 55 AT IR 80 %6 Y Lo 491 3 43l 5 4
FER F ANt AL AR A 52 R K R R R A
NE R F R . B AR AR AR B R I 252 5
53235, LSS T i 1 B2 2348 55

e AT A Adam 16 2% BT AR 2
B, I T 3 Yot S A S G g I AR B PR A R A
(18 - B4 of i F AR A P R . FRATT IR B S 802 DA A
R 7 O E 1Y, 7819 8053 8 R RE 422 T AT 55 1
M B AAREE ISR 2 Fron. b, B R 48 B ik E
MR 25 B0 42 00 RR A 28 B 55 RS RE I R AT 25 S A
B I R 2R 2 (] A 2T T SR [ s AR s A A
FUBHAT A 8 . 76T s R S5 P E X Ama-
zon-Photo Hl WikiCS $#i4E . HYELEBMEE N 0. 1,
5.1.4  TFHEFR

XF A S 4 2R AE 55, AT Micro-F1 Al
Macro-F 1 YE RV 36 45 s X5 T 8 22 AT &5 . F AT
ffi i ROC i1 2 F 1 #2 (area under roc curve, AUC)
FIAE- 4745 & (average precisions AP) fE B TEM 4845 5
XF T o3 AT 55 AT F HE A 3 Caccuracy s ACCO)
YE RV 845 .
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%2 HABSY RSB B . ART 3T % 9 50 3 3 X
gog | Amwor Amwor  Commhor T K 5 PSR4 I KU AR T Lo oK 6 B
- Photo Computers CS Sk Tk ’é‘/\
Il 25 56 5 2900 2900 1000 1500 RIEH— B0 HAH S U T
I G 2 24 3 256 2558 7105 1368 RI —E(RID)
ARI = 12)
TR Y 128 512 300 384 max(RI) — E(RI) (
EE 0 COL 00005 00l S RT e R N R A R ISR o
T PR AL RelLU RReLLU RReLLU PRel.U .
iy o o o o m&mﬁmﬁa@ oW, E (RIS BEHLAS BT 19391 22
pe 0.4 0. 45 0.2 0.2 RI,max(RID) & RI B KME. ARI B BUEEFE M
€ " " vro 02 EENERCEPIE S ST LE ey SV
7 500 1000 500 500 -
K 8 10 15 10 B .
1' 0.3 0.2 0.4 0.4 5.2 Bk
: . . . . AT th T BERS 7695 A0 (R )L K
® 0.3 0.1 0.5 0.7 (R ) M0 (3R 5)&%1:13"]*%121?% HE. OOM
y 0.1 0.1 0.1 0.1

X A R EAE S, RATE A — L5 AE R
(normalized mutual information, NMI) I J %& % fii
8% (adjusted rand index, ARD {E N PEM T8 Fr .

NMI BEGS M AF 218 1Y Ff1 B2 34l 7 A SR 2 45 2R
AR L 3R DT N AN A D P .

21 (X, Y)
H(X) + H{)

Horp 85 X Y 4000 R8s REL R M A LR %,
H(X)%ﬂH(Y)/\”MJﬁ% SEOX MY BT (X,
Y)JRAER X MY ZE M E AR . NMI A BE S
RO 1] AEB R ACR RIS IR 5 B2 4%

NMI(X,Y) = an

(out of memory) 3 75 15 R 76 1% KU 45 iz 17 i 48
WU B BB, R B S b BRATTH
X A X&A 1 XRARY 451 32 75 58 o B 25

FOMUAT T VR 09 R A5 B 40 4 ME B 50 [ %
JE A AL A R TR S A ME B

PREEIEATIN SR P RLRARTE T R A5 2R T X
RBRTEM TR EE R, 729 Jir RAE 55 AT
BB R AL T I A7 ik ofe 5 U S AT T B 4 Y M g
W, TEWREBERAES P, KA T Amazon-Photo,
Amazon-Computers Ffl WikiCS % 3 5 37 £l T 5 1Y
AURE R RE . 25 R R B FRATHE K Z B3R A H AR IR
3 TBR$ETE,

xR3I TRISELLER
A Amazon-Photo Amazon-Computers Coauthor-CS WikiCS

L IR Micro-F1 Macro-F1 Micro-F1 Macro-F'1 Micro-F1 Macro-F'1 Micro-F1 Macro-F'1
GCN X&ARY 92.51+1.00 90.6141.70 81.55+1.33 75.35+3.89 92.56+0.24 90.23+0.16 78.89+ 1.11 74.04+1.35
GAT X&ARY 92.7740.22 90.87+0.23 85.60+1.82 78.12+6.56 89.40+1.11 86.60+1.03 79.29+0.48 74.34+1.13
Raw Features X 78.4540.04 76.10+0.01 73.82740.01 70.10+0.04 90.40740.02 89.01+0.06 72.00%0.03 70.2840.09
Node2vec A 89.7240.08 87.3940.07 84.384-0.08 82.650.08 85.11£0.06 82.93+£0.11 71.84+0.09 70.44£0.03
DeepWalk A 89.3640.10 86.92+0.02 85.6340.09 84.02+0.10 84.7140.23 82.63+0.19 74.25-0.06 72.6840.15
MVGRL X&A 91.7440.09 89.93+0.09 87.4240.07 85.92+0.11 92.1140.10 90.50+0.12 77.50+0.08 75.6240.00
DGI X&A 91.6040.24 89.31+0.16 83.8840.50 79.30+0.42 92.0840.68 90.78+0.68 75.35+0.17 73.74740.20
HDMI X&.A 90.0940.10 88.7040.16 85.43+0.13 83.33+0.17 89.98+0.14 86.734+0.17 75.72+0.55 68.0540. 80
GAE X &A 91.6840.14 89.66+0.09 85.1840.21 83.33+0.17 90.0040.75 88.31+0.68 70.17+0.05 68.2740.05
VGAE X&A 92.2440.08 90.04+0.17 86.4440.25 83.724+0.12 92.0840.08 90.11+0.06 75.56+0.20 74.1240.10
GCA X&A 92.30740.52 90.84=40. 94 87.54=+0.65 85.73+1.06 92.824+0.31 90.8940.22 79.384 0.17 76.5040. 20
gCoolL X&A 93.0240.44 91.85+0.46 88.6240.37 87.28+0.61 92.9340.02 91.01+£0.11 79.214 0.23 76.6040.28
GRCCA X&.A 91.1540.23 89.50+0.17 83.6640.41 81.87+0.23 92.6740.30 90.50+0.60 79.40+1.37 76.1840.87
CDC X&.A 64.3840.55 51.52+0.63 57.8540.89 24.47+0.82 84.8040.64 63.40+0.61 75.69+0.47 68.8340.52
E2Neg X&A 93.1440.08 91.4840.01 84.81+0.83 68.39+0.47 92.91+0.49 90.48+0.61 79.62+0.55 77.0740.37
HCWGC X&A 93.311£0.22 92.06+0.32 89.02%0.15 87.78£0.37 93.10£0.17 91.351+0.23 79.64£0.05 77.12%0.07

iR BN, SRR R A L, HCWGC £ 0,57 %0, 46 1 S 2RAT 5 19 NMI $8 45 b 5% o A X 42

AT 55 B0 Micro-F 1 ¥8 45 I B = A X 42 38
F] 0. 45%, Macro-F1 #§ Fx I & =5 AH X #2 F 15 F)

THIRE] 4. 77 % , 76 55 2 TUAT 55 38 20 B P65 10 AP
s LA AT T 0. 1%, A& i HCWGC
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x4 TREBERLER
y Amazon-Photo Amazon-Computers WikiCS
R NMI ARI NMI ARI NMI ARI
MVGRL 0.34440. 040 0.23940.039 0. 24440. 000 0.14140. 001 0.2634+0.010 0.10240.011
DGI 0.37640.030 0.26440.030 0.31840. 020 0.16540. 020 0.31040. 020 0.13140.018
HDMI 0.42940.014 0.30740.011 0.3474+0.011 0.21640. 006 0.2384+0.002 0.10540. 000
GAE 0.61640.010 0.49440.008 0.44140. 000 0. 25840. 000 0.2434+0.020 0.09540.018
VGAE 0.53040. 040 0.37340. 041 0. 423+0. 000 0.23840.001 0.26140.010 0.08240.008
GCA 0.61440.000 0.49440.000 0.426+0.001 0.24640.001 0.29940.002 0.12140.003
gCoolL 0.60540.020 0.48540.025 0.4494+0.013 0.305£0. 059 0.3774+0.023 0.18940.022
GRCCA 0.47840. 038 0.28540. 061 0.362+0.008 0.28140. 022 0.28440.024 0.16540. 028
CDC 0.62340. 056 0.48540. 045 0. 445+0. 066 0.26940.047 0.37040.037 0.23540.053
E2Neg 0.46440.019 0.22940.018 0.356+0.017 0.23540.122 0.34140. 006 0.15240.001
HCWGC 0.637£0.018 0.514£0. 032 0.469£0. 025 0.30040. 063 0.3951+0. 007 0.238£0. 020
x5 HETNER
Amazon-Photo Amazon-Computers WikiCS
iR AUC AP AUC AP AUC AP
GAE 89.5840. 18 89.20+0. 22 OOM OOM OOM OOM
VGAE 87.3940. 22 87.3440. 23 OOM OOM OOM OOM
GCA 97.81=£0.59 97.4140.76 98.34£0. 46 98.05+0. 38 98.76£0. 37 98.79£0. 42
gCoolL 98.47+0.11 98.1740.09 98.3340. 05 98.06+0.06 98. 7340. 07 98.74+0.07
GRCCA OOM OOM OOM OOM OOM OOM
CDC 97.81%0.02 97.4940. 04 97.5340.03 97.3240. 04 96.8140. 09 96.96+0.07
E2Neg 86.0640. 17 86.0140. 16 88.6240. 89 88.7540. 84 98.45+0. 14 98.5140. 14
HCWGC 98.53+0. 11 98.27+0.17 98.34+0.11 98.09+0. 14 98. 7540. 05 98.76+0.07

A X R PERE 25 R R B A ST R, K

FESms B ROCR . B, B T AR A X EE

T 3T 55 kAT T B 38 YR b, 25 51 L Rt b A Rk
B C, M THA T BEAAF A W GRL EEAL, 5.3.1 SWSC R4 IF

T ER S W BB RY  FRATT A A R B T B R A
POTE T RIS RIS RV B = A 4 3 1) £
i 5 1 A0 e 0 i L A PR RE L BE A R R A AR AE BT Y%
U A AT R 43 i A S B i 3 AR A e
FEmt, 5EA R LW E GCL BALM e, HCWGC
ALK A W 255 T P ff BE AR AR TR R R IR A
IR EHEAT T Z PO AL L AR S T £
ROBEAR B I 7050 7% S8 T A [ f0RE 4 % 8 1A o Y
SO, RTINS  RAT S AT LR AE AT R
JAT 55 AT T B Sy B R B B T 3 R AR A
SWSC J5 ¥ 19 H br R 805 19 OB AT 55 B9 N TE 7 oK
1o BE A [l IR S T W B 1 a5 3RR 2% 2 O ik
o T MBI T RE 5 1A B 5 X RS . M 7E TC bR 2
RS 114 37 5% v S BT AR %) 2 K 4
5.3 HRLXIE

FATH B R A R B T T AT 4R
SWSC 75 ¥k IR A 3R 2 5R w1 22 G0 B Lo N 25
Jiik . i — 0 5 UE X 26 Ty B 1 STk, AT st
TIHE S . B, IATEAUE T SWSC J5 ik BL K
RAERIR LM, b5 BT 2 900 %

T B UE SWSC M T Hof 4ty 28 7k 1Y
PR, FRATT 4 AN [R) i &5 44 58 28 07 2 (i SBML Al
DeCA) Y k-means KM S 4G . F7E Amazon-Pho-
to AR T SR R R EAR S P AT T
Bk AR NER 6 R .

*k6 AEEMEERFETHER Ea
VikiS Micro-F1 Macro-F1 NMI ARI

SBM+
93.194£0.07 92.0240.18 0.50440.014 0.384-+0.020
k-means

DeCA+
¢ 93.11+0.21 91.8840.23 0.606+0.031 0.490+0.027
k-means

SWSC+
93.3140.22 92.06%0.32 0.637%0.018 0.514%0. 032
k-means

i SR 45 0T LUE AR T At 4 e R K
Ji ¥kl SWSC Bk k-means Fik&E AR T
BB PEREAR T BRI AT LSS S LU BT I .
96, SWSC J5 i K [ F 1% 4t 19 45 1 R 25 7 i SBM,
B T #0254 15 B 38 35 R H T 1 Sk
TEAR B, L DT 7 5 A5 30 20 i 4R 4L T B b B Sl B 4 S
FUR A T UR B 5 A R 2 U7 1k DeCA L, BATTIR I
SWSC J7 4 4 % 18 7 B 40 BLAE X5 5 03 )8 1 5
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Hl
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it 2026 4F

M) o 5 RS ) 2 30, 5 B 22 0 Y R R
XAE AR 23 BT R XA R R P AR A
2 42 A BAR ALY A5, DA 5 BN 2R 4 B i
J& BE AN A w5 . SWSC Jr vk FI FH B 20 Jy 0 5 5 A
R T OREA LR, IF DL AR S S R g, A R
/D TR B AE 2 o] Gk B e ) R R e 25, DA 4 T
TREAIERE
5.3.2 IRGRIKMMERERIE

R T B ETR G R A R RATAE Am-
azon-Photo £ 3% £ [ XF i HH A9 k-means 1 SWSC
BTy AT I Rl DR 5 X AR R 1 B 110 52 i, &5
RmFE 7R,

F7 BEFENHEBIER AR
Micro-F1

WIRES Macro-F1 NMI ARI

k-means 93.1540.29 91.90=40.53 0.564=40.030 0.44540. 023
SWSC
SWSCH

k-means

93.2740.33 92.0440.16 0.59120.073 0.47140. 101

93.314+0.22 92.0610.32 0.637%0.018 0.51410. 032

NEE S rhn] DU Y, SR R TR 2R 5 5K W 1) A A8
FEPERE W A T 5 — SRR TR AR, i
— G BB R T — 2R IR 2 55 L RT R A AE T
2%, AT 1 B P BB 18 R AIG T 3R A i FH T R R 2y
L BRI [R] A A 5 7= A T D R R 2 A0 P, DA T
A THT A7) BEAZ 915 o501 I L T 4R R X L 2 )
PERE .

KNT iHE— LK E £-means Ml SWSC J5 i iy &
Fefim e, RATHEAT T AT AR S AT . AR IR A
2 TR W AT AR TR I 2k 1Y 3 BE 4 B X k-means Fl
SWSC Jrik i R 45 R A A +-SNE J5 i nl Ak, 45
BN 3 Fros . Hor B 3 FE 34350 A 1
k-means Fl SWSC J5y i J5 iy o] Ak 25 . M af
PLE W k-means J5 7515 2 1 [6) 3F 411 05 FR1E
A3 F FL Al SWSC J7 B i B S 85 . s iiE T k-
means J5 VU EE T\ 4 11 AR 0 R AR AR RL I 15 R
Gy F A —BEAL, RE 08 52 M DR A ¥ FN 5 AL rh T A R
(R R ] D T2 9 42 Jm B X 45 4

Bl 3 k-means fl SWSC RISLE R +-SNE ] WAL 4
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Background

Graph-structured data can effectively capture the com-
plex relationships inherent in many real-world scenarios.
With the rapid development of Graph Neural Networks
(GNNs), GNNs have become powerful tools for graph rep-
resentation learning. However, most GNN-based methods
rely on supervised learning paradigms, which require a large
amount of labeled data that is often difficult to obtain. Fur-
thermore, the performance of these models is highly sensi-
tive to label quality. Therefore, in this work, we focus on
unsupervised graph representation learning.

With the recent advances in graph contrastive learning
(GCL) , the aforementioned challenges have been partially al-
leviated. Based on the scale of the contrasting views, existing
GCL methods can be broadly categorized into intra-scale con-
trast and inter-scale contrast. Intra-scale contrast focuses on
comparing views of the same scale, effectively capturing the
similarity between positive samples and the dissimilarity be-
tween negative samples within the same scale. Inter-scale
contrast, on the other hand, compares views from different
scales and can better integrate multi-scale information.

However, most existing methods construct contrastive

views from a single perspective, either based solely on node
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features or on topological structures, which limits the ex-
pressiveness of the generated views. Moreover, in the com-
putation of contrastive loss, these methods often overlook
the differences among negative samples. For node-level nega-
tive samples, the presence of false negatives can introduce
noise during training. For group-level negative samples, dif-
ferent groups may exert varying influences on the global se-
mantics. Treating all group-level negatives equally in the
contrastive loss can therefore lead to biased representations.

To address these limitations, we propose a multi-level
weighted graph contrastive learning framework via hybrid cluste-
ring. Our method leverages two complementary clustering tech-
niques to construct diverse contrastive views, thereby overcoming
the limitations of single-perspective view generation. Moreover,
during the computation of contrastive loss, we assign weights to
node-level and group-level negative samples based on similarity
ranking and local strength, respectively, in order to fully capture
the differences among negative samples. Extensive experiments
on multiple graph datasets demonstrate the superior performance
of HCWGC over state-of-the-art methods.
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