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Abstract Graph contrastive learning (GCL), a powerful self-supervised representation learning paradigm, could en-
hance representation discriminability and generalization in semi-supervised learning by effectively leveraging un-
labeled data. However, existing GCL methods struggle to learn discriminative embedding and achieve better bal-
ance between contrastive diversity and semantic invariance during graph data augmentation, inevitably leading to
the critical information loss when constructing augmented views. To address these challenges, this paper proposes a
novel cross-frequency alignment contrastive learning (CfACL) framework with fractional-order graph neural dif-
fusion (FGND) for graph node representation learning. The FGND leverages Chebyshev polynomial fractional dif-
ferential equations to achieve the long-range diffusion of multi-order neighboring information, alleviating over-
smoothing and improving the discriminability of graph representation. Then, two distinct FGNDs are characterized
by high-frequency and low-frequency filters to form natural augmented contrastive views, avoiding the intrinsic
structure collapse and semantic shift caused by random augmentation. The CfACL transforms high-frequency
filtered components into the low-frequency domain and achieves the contrastive learning in mirrored virtual spec-
tral space, which is capable of absorbing beneficial high-frequency details in a globally consistent semantic space and
results in comprehensive representation for downstream tasks. Extensive node classification experiments demon-
strate the effectiveness of the proposed method across homophilic and heterophilic benchmark graph datasets.
Keywords graph contrastive learning; fractional-order graph diffusion; high-frequency filtering; low-frequency fil-
tering; cross-frequency alignment
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Table 1  The statistics of the datasets

e WRAHE IEE NERE FHE BRI
Cora 2708 5429 1433 7 0.81
Citeseer 3327 4732 3703 6 0.73
PubMed 19717 88651 500 3 0.80
Wisconsin 251 466 1703 5 0.17
Texas 183 309 1793 5 0.06
Cornell 183 295 1703 5 0.12
Chameleon 2277 36101 2325 5 0.23
Squirrel 5201 217073 2089 5 0.20
Actor 7600 33391 932 5 0.21
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self-supervised learning on graphs, CCA-SSG)F7,
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RV A RUE, R R AT

1) ASCHEH ) CEACL £ [R] e 11 A0 S 5 14 1 £
e LG T E RS mar e Re, TR T LA

FH s L e petE, BART S, £ R Wiscon-
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Btk b, prde th i 7 AT AL T R 2 ol i v
T 4.26%- 12.37% 10.98%- 3.17%- 8.49% 1 2.39%.
FEFIC I, 72875 R A AR IR R R,
DAL LG 45 AU B )R S VS S AH B T4 B {5 B s ]
FE, it BRHE T KUK B T 0 DLHRRR S B9 R
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Table 2  The node classification experiment results on homophilic and heterophilic datasets (%)

Jiik Cora Citeseer PubMed Wisconsin Cornell Texas Chameleon Squirrel Actor
DGI 82.30 £ 0.60 71.80+0.70 76.80+£0.60 55.21 +1.02 45.33 £6.11 58.53 +£2.98 60.27 +£0.70 26.44 +£1.12 28.30+0.76
GCA 82.93+0.42 72.194+0.31 80.79 £0.45 59.55+0.81 52.31 +£1.09 52.92+0.46 63.66 +0.32 48.09 £0.21 28.47 +0.29
CCA-SSG 84.00 +0.40 73.10£0.30 81.00 +0.40 58.46 £0.96 52.17+ 1.04 59.89 +£0.78 62.41 £ 0.22 46.76 +0.36 27.82 + 0.60
BGRL 82.70 £ 0.60 71.10£0.80 79.60 + 0.50 51.23 £1.17 50.33 +£2.29 52.77 +1.98 64.86 £ 0.63 36.22 +1.97 28.80 + 0.54
SP-GCLL 83.16 £0.13 71.96 £0.42 79.16 +£0.84 60.12+0.39 52.29+1.21 59.81 +1.33 65.28 £0.53 52.10+0.67 28.94 4+ 0.69
GraphACL 84.204+0.31 73.63+0.22 82.02+0.15 69.22+0.40 59.33+1.48 71.08+0.34 69.12+£0.24 54.05+£0.13 30.03 +0.13
PolyGCL 81.97 £0.19 71.97 £0.29 77.48 +0.39 76.08 +3.33 43.78 +3.51 72.16 +3.51 46.84 +1.53 34.254+0.66 34.37 4 0.69
CfACL 8517 +£1.51 76.67 +1.38 86.37 +1.26 80.34 £0.47 71.70 £7.43 83.14+5.34 72.294+1.50 62.54 +1.14 36.76 £ 1.34
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