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Phase-preserved MinMax Framework for Graph Augmentation in Frequency Domain

HUA Yu,ZHOU Xiaocheng,SHEN Xiangjun,LIU Zhifeng and ZHOU Conghua

School of Computer Science and Communication Engineering, Jiangsu University, Zhenjiang,Jiangsu 212013, China

Abstract Graph data augmentation enhances the generalization and robustness of graph neural networks(GNNs) by performing
local or global transformations on graph structures or node features. While existing studies have shown that graph augmentation
techniques can effectively leverage low-frequency information to capture the global topology of graphs,they often fail to preserve
high-frequency components that encode fine-grained structural details. This shortcoming may result in information loss or feature
distortion when learning local representations. To address this challenge, this paper proposes a phase-preserving frequency-do-
main MinMax framework for graph augmentation. The proposed method integrates frequency-domain analysis with the MinMax
optimization paradigm, decomposing graph signals into low and high-frequency components. The low-frequency part captures
global topological patterns,whereas the high-frequency part represents rich local structural information. By applying the MinMax
strategy in the frequency domain,the proposed framework simultaneously preserves global structure and enhances high-frequency
details,leading to more expressive multi-scale graph representations. In addition.it adopts an adaptive augmentation strategy that
dynamically adjusts the perturbation amplitude based on the characteristics of different frequency components,thereby improving
training efficiency. The phase information, which encodes intrinsic structural relations between graph nodes,is explicitly preserved
to further enrich the expressive capacity of node representations. Through this frequency-aware design. the proposed method
maintains essential topological structures while effectively enhancing node-level features,improving the GNN’s ability to capture
both global and local semantics. Extensive experiments on multiple benchmark datasets demonstrate that the proposed method
achieves over a 2 percentage points accuracy gain on node classification tasks compared to existing approaches. Moreover.it deli-
vers superior computational efficiency,validating its effectiveness and scalability for large-scale graph learning scenarios.

Keywords Graph augmentation, Phase preservation, Frequency domain MinMax framework ., Topological optimization, Amplitude
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Table 1 Datasets used in the experiments
S WRHE TR %5 %
Cora 2708 1433 7
Wiki-CS 11701 300 10
PubMed 19717 500 3
Citeseer 3327 3703 6
Amazon-Photo 7650 745 8
Amazon-Computer 13572 767 10
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Table 2 Average accuracy of algorithms

%)
Methods Cora Wiki-CS PubMed Citeseer Photo Computer
GCN 81.324+0.50 76.85+0.10 77.69+0. 30 70.84+0.70 92.16+0. 20 87.06+0.50
DGI 82.344+0. 64 75.35+0. 14 76.82+0.61 71.85+0.74 91.61+0.22 83.95+0.47
MVGRL 85.16+0.52 77.527+0.08 80.13+0. 84 72.14+1.35 92.78+0. 30 87.52+0.11
GCA 83.67+0. 44 78.35+0.05 78.87+0.49 71.48+0.26 92.53+£0.16 88.94+0.15
GRACE 83.337+0.43 80.1410.48 78.72+0.13 72.10+0.54 92.78+0. 30 89.5340.35
GBT 80.244+0.42 76.65+0.62 78.29+0.43 69.39+0.56 92.63+0. 44 88.14+0.33
GCL-SPAN 85.86+0.57 79.13£0.15 81.54+0.24 70.96£0. 63 93.52+0.26 88.95+0.12
Ours 87.4240.29 79.2340.25 85.1240.31 72.55%0.29 94,2340.22 89.85%0.21
# 3 FIEMTEY Fl-score
Table 3 Average Fl-score of algorithms
%)
Dataset Metrics DGI MVGRL GCA GRACE GBT GCL-SPA Ours
C Ma-F1 80.40+0.7 81.50+0.5 79.90+1.1 79.20+1.0 79.60+0.3 84.8240.3 86.801+0.3
ora
Mi-F1 82.00+0.5 82.80+0.4 81.10£1.0 80.0041.0 80.2440.4 84.9340.12 87.4240.2
PubMed Ma-F1 76.80+0.9 79.8040.4 80.8040.6 80.00+0.7 78.2040.3 81.04£0.3 84.63£0.2
u (&l
Mi-F1 76.70+0.9 79.70+0.3 81.40+0.6 79.90+0.7 78.30+0.4 81.5440.2 85.05%0.3
Ci Ma-F1 66.7040.9 66.80+0.7 65.90+£1.0 65.10+1.2 64.640.7 63.09+0. 10 67.60%0.3
1teseer
Mi-F1 71.70+£0.8 71.50+0.5 71.60£0.4 68.70+1.1 69.40+0.5 70.36+£0.21 72.20%0.3
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Fig.1 Comparison of runtime among various algorithms

SRR A SCER T R85 B R X e A B RN Y T
R T — i T A AL OR FE 9 5505 MinMax HE 42 [&] 3 58 J7
. BB S MinMax X0 £k AL IR BE RS L A
SCT7 I A S e A v DX A3 i ORI AR A3 1, O 5 I AR AL £
F5 AW AR AP R AR TGS A 1 SE R M, ST T R B e Rk g
BB EFARTE. SR 45 R % W], 78 Cora, PubMed Hl Citeseer %5 %f
P4 L T 4R 7 B AT 0 AT 55 R B B SRR 3 T 2 A
AR, HAE PubMed 3038 £ ik 8 T 85. 12% 1943 26
KB A B A )7 B GCL-SPAN #2717 3 A H A AU |,



fe kL A BT AL DR A AR MinMax HE 22 €39 558 T vk

251

[ B 5 LT A ROCR B A —E R0 E S B
WA T A B R R B 5 Y B AT R

£ % X M

[1] ZHANG Y,XIONG S.WANG Z.et al. Local augmented graph
neural network for multi-omics cancer prognosis prediction and
analysis [J]. Methods,2023,213:1-9.

[2] ZHOU J,XIE C,GONG S,et al. Data augmentation on graphs:
a technical survey [J]. arXiv:2212.09970,2022.

[3] WEI Z,XIAO X,ZHANG B,et al. Graph Data Augmentation
for Node Classification[ C] // Proceedings of the 2022 26th Inter-
national Conference on Pattern Recognition(ICPR). 2022.

[4] ALI A, LI J. Features based adaptive augmentation for graph
contrastive learning [ J]. Digital Signal Processing, 2024, 145
104312,

[5] XU Y.WANG J.GUANG M,et al. Graph contrastive learning
with min-max mutual information [J]. Information Sciences,
2024,665:120378.

[6] ZHOU X C,SHEN X J. Graph Augmentation Method Based on
Fourier Spectrum Perception[ ]J]. Journal of Chinese Computer
Systems,2025,46(11) :2667-2673.

[7] LIU Y.DU B.Frequency Domain-Oriented Complex Graph
Neural Networks for Graph Classification [[]J]. IEEE Transac-
tions on Neural Networks and Learning Systems,2025,36(2) :
2733-2746.

[8] SUN Y.DUAN Y, MA H,et al. High-frequency and low-fre-
quency dual-channel graph attention network [ J]. Pattern Re-
cognition,2024,156:110795.

[9] LIANG Z,GONG R, TAN G,et al. A Frequency Domain Kernel
Function-Based Manifold Dimensionality Reduction and Its Ap-
plication for Graph-Based Semi-Supervised Classification []].
Applied Sciences,2024,14(12) :5342.

[10] TANG X, YAN J. A CSI Amplitude-phase Information Based
Graph Construction for GNN Localization[ C] // Proceedings of
the 2023 International Conference on Computer, Information
and Telecommunication Systems(CITS). 2023.

[11] ZHOU Z,HU Y,ZHANG Y ,et al. Multiview Deep Graph Info-
max to Achieve Unsupervised Graph Embedding [ J]. IEEE
Transactions on Cybernetics,2023,53(10):6329-6339.

[12] XIE Y,LUO L,CAO T,et al. Contrastive Learning Network for
Unsupervised Graph Matching [ ]J]. IEEE Transactions on Cir-
cuits and Systems for Video Technology.2025,35(1) :643-656.

[13] REN Y,BAI J,ZHANG ]. Label Contrastive Coding based
Graph Neural Network for Graph Classification[ C] // Procee-
dings of the International Conference on Database Systems for
Advanced Applications. 2021.

[14] AN D.PAN Z,ZHAO Q. et al. Unsupervised Graph Structure
Learning Based on Optimal Graph Topology Modeling and
Adaptive Data Augmentation [ J]. Mathematics, 2024,12(13):
1991.

[15] XU X.ZHAO H. Universal adaptive data augmentation []].
arXiv:2207.06658,2022.

[16] ZHUO W,TAN G. Graph contrastive learning with adaptive
proximity-based graph augmentation [J]. IEEE Transactions on

Neural Networks and Learning Systems,2024,35(10) :14.

[17]

[18]

[191]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

LI X,WANG Y,WANG Y.et al. Graph contrastive learning for
recommendation with generative data augmentation [ J]. Multi-
media Systems,2024,30(4):170.

XIA J,WU L,WANG G.et al. Progcl: Rethinking hard negative
mining in graph contrastive learning [J]. arXiv: 2110. 02027,
2021.

BAGHERI BARDI A,YAZDANPANAH T.DAKOVIC M,
et al. Graph Fourier Transform Enhancement through Envelope
Extensions [J]. arXiv:2407. 19934,2024.

ORTEGA Y R,GUERREIRO I M,HUI D,et al. Supervised
learning and graph signal processing strategies for beam trac-
king in highly directional mobile communications [J]. Transac-
tions on Emerging Telecommunications Technologies, 2019,
30(9) :e3687.

NEUMEIER M, TOLLKUHN A,BOTSCH M. et al. A multidi-
mensional graph fourier transformation neural network for ve-
hicle trajectory prediction[ C] // Proceedings of the 2022 IEEE
25th International Conference on Intelligent Transportation Sys-
tems(ITSC). IEEE, 2022.

WANG P,WEN Z. A spatio-temporal graph wavelet neural net-
work(ST-GWNN) for association mining in timely social media
data [J]. Scientific Reports,2024,14(1) :31155.

DEB S,RAHMAN S,RAHMAN S. GA-GWNN:Generalized
Adaptive Graph Wavelet Neural Network [ J]. Pattern Recogni-
tion Letters,2024,177:128-34.

CHAN V,GAN Q.BAYEN A. A Graph Convolutional Network
with Signal Phasing Information for Arterial Traffic Prediction
[J7. arXiv:2012. 13479.2020.

XU Z,ZHANG B,LI G,et al. Analysis of phase preservation
and interferometric offset test in sparse SAR imaging [J]. Sci-
ence China Information Sciences,2024,67(2):122303.

HUANG H,KANG H,LIU S,et al. Paddles:Phase-amplitude
spectrum disentangled early stopping for learning with noisy la-
bels[ C] // Proceedings of the IEEE/CVF International Confe-
rence on Computer Vision. 2023.

JIAO Z,ZHANG H., LI X. Deep Graph Multi-View Representa-
tion Learning With Self-Augmented View Fusion [ ]J]. IEEE
Transactions on Neural Networks and Learning Systems,2025,

36(8):14119-14130.

HUA Yu, born in 2002, postgraduate.
His main research interests include
graph neural networks and deep lear-

ning.

SHEN Xiangjun. born in 1977, Ph. D,
professor, is a member of CCF (No.
E200029891M). His main research in-
terests include cross multimedia analy-
sisscomputer vision, pattern recognition

and statistical machine learning.

(SEAE S48 AT HD



