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Abstract

Recent studies have shown that unsupervised graph con-
trastive learning (GCL) is vulnerable to adversarial attacks.
Automatic adversarial augmentation techniques are proposed
to improve both the effectiveness and robustness of GCL. Ex-
isting methods typically regard unsupervised contrastive loss
as the adversarial goal, essentially aiming to maximize inter-
view instance-wise discrepancies between adversarial and
original views. However, such attacks overlook intra-view
neighborhood inconsistency, which hinders the robustness
of GCL models against local neighborhood noises, result-
ing in performance degradation on low-homophily graphs. To
tackle this issue, we propose a novel adversarial contrastive
paradigm, named Edge self-aDversarial Augmentation for
Graph Contrastive Learning (EDA-GCL). We theoretically
establish that the adversarial objective of the intra-view
neighborhood is equivalent to maximizing the discrepancy
between bidirectional edge features. Hence, we build our
adversarial framework based on edge self-adversarial learn-
ing. It generates pairwise adversarial augmentations from the
original view by learning distinct neighborhood connectiv-
ity structures. The learned pairwise adversarial views are uti-
lized for GCL model training in the minimization stage. No-
tably, this edge-level adversarial approach reduces the com-
putational complexity to the level of the edge number. Exper-
iments on various graph tasks and complex noise scenarios
demonstrate the superiority and robustness of our EDA-GCL.

Code — https://github.com/CCChen-GEEX/EDA-GCL

Introduction

Graph-structured data can be found widely in real-world ap-
plications, such as citation networks and social networks.
Graph Neural Networks (GNNs) (Kipf and Welling 2016;
Velickovié et al. 2018a; Hamilton, Ying, and Leskovec 2017;
Velickovi¢ et al. 2018b) aim to encode graph-structured
data into low-dimensional representations. They are effec-
tive methods for graph representation learning. However,

*Corresponding Author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

20005

most of them need sufficient sample labels to perform well
in real-world scenarios. As a result, self-supervised learning
(SSL) methods (Zhu, Peng, and Chen 2021; Wu et al. 2023;
Xie et al. 2022; Liu et al. 2022) have garnered notable atten-
tion due to their independence from real labels.

Among SSL methods, contrastive learning (He et al.
2020; Chen et al. 2020) has emerged as a mainstream
paradigm for learning expressive representations due to its
effectiveness in capturing semantic similarities. Graph con-
trastive learning (GCL) (Zhu et al. 2020, 2021; Li et al.
2023; Xiao et al. 2023; He et al. 2024; Yang et al. 2025;
Ning et al. 2025; Fu et al. 2025) involves generating multi-
ple views through stochastic augmentations to form positive
and negative pairs, and then training an encoder to maximize
the agreement between embeddings of positive pairs while
minimizing that of negative pairs. This paradigm has proved
competitive with fully supervised models in various down-
stream tasks (Wu et al. 2023).

Recent work has revealed that GNNs are vulnerable to
adversarial attacks (Ziigner, Akbarnejad, and Gilinnemann
2018; Ziigner and Gilinnemann 2019; Zhang et al. 2024);
thus, the GNN-derived GCL paradigm is also inevitably af-
fected. Subtle yet-crafted perturbations imposed on graphs
can seriously degrade the quality of the representations
learned by GCL models, which affects practical applications
in unsupervised noise scenarios. This vulnerability high-
lights the importance of developing robust GCL frameworks
for resisting adversarial distortions and maintaining reliable
performance under attack.

Hence, many GCL models combine adversarial mecha-
nisms to address this issue, enhancing robustness by learn-
ing invariant representations that are resilient to adversarial
perturbations. For example, AD-GCL (Suresh et al. 2021)
designs a learnable edge-dropping augmenter by minimiz-
ing mutual information between the original and adver-
sarial views. GASSL (Yang, Zhang, and Yang 2021) gen-
erates adversarial views by adding learnable noise to in-
put features and minimizing inter-view mutual informa-
tion. SP-AGCL (In, Yoon, and Park 2023) utilizes gradi-
ent ascent (Zhang et al. 2022) to flip the edges to maxi-
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Figure 1: Comparison of adversarial strategies. Neighbor-
hood inconsistency means that the neighbors of the anchor
node from multiple classes. (a) Previous inter-view instance
adversarial attack maximizes the discrepancy between an-
chor node embeddings across views, but uniformly perturbs
all neighbors, potentially harming clean edges and linking
the anchor to incorrect classes. (b) Our intra-view neighbor-
hood adversarial attack focuses on edge-level asymmetry: by
perturbing bidirectional edge features, it amplifies discrep-
ancies for noise edges, leading to their down-weighting dur-
ing aggregation. This improves neighborhood consistency
by preserving clean edges while suppressing noisy ones.

mize contrastive loss and thereby obtain an adversarial view.
ARIEL (Feng et al. 2024) uses the projected gradient de-
scent (PGD) attack (Xu et al. 2019) to maximize contrastive
loss. It is not hard to find that the essence of maximizing con-
trastive loss (or minimizing mutual information) between
different augmented views is to decrease the similarity of
the same instances across views (i.e., maximize instance dis-
crepancy), as shown in Fig. 1 (a).

Despite these adversarial GCL methods have made
progress, some challenges remain. Firstly, current meth-
ods ignore local neighborhood noises, e.g., not all neigh-
boring nodes have the same label in heterophily graphs, re-
sulting in degraded performance of GNNs. Existing adver-
sarial GCL methods assume high homophily and overlook
heterophily-induced noise, restricting their generalization.
Secondly, gradient attack-based methods (e.g., ARIEL, SP-
AGCL) suffer from high computational cost due to multiple
forward/backward passes per iteration to generate adversar-
ial perturbations, limiting their practicality.

To address these challenges, this paper seeks a novel ad-
versarial paradigm: intra-view neighborhood adversarial at-
tack. Through theoretical analysis, we find that the local
neighborhood adversarial task is equivalent to the bidirec-
tional edge feature self-adversarial problem. Building upon
this, we further develop an approach, named Edge self-
aDversarial Augmentation for Graph Contrastive Learning
(EDA-GCL). Instead of maximizing the representation dis-
crepancy of the same node across views, EDA-GCL imple-
ments adversarial attacks by maximizing the representation
discrepancies between the anchor node and its neighboring
nodes, as displayed in Fig. 1 (b). Specifically, our framework
is an alternating min-max optimization problem: A learn-
able view generator constructs pairwise adversarial views by
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maximizing bidirectional edge features; and then the learned
pairwise adversarial views with distinct neighborhood con-
nectivity patterns are fed into a shared GNN encoder to min-
imize contrastive loss. As our paradigm operates at the edge
level, its computational cost scales linearly with the number
of edges, resulting in favorable scalability. In short, our work
makes the following contributions.

Theoretical Analysis. We reveal that the nature of tra-
ditional adversarial attack is to disrupt the alignment of
the same instance across views. To defend against neigh-
borhood noise, the paradigm evolves into maximizing
intra-view neighborhood discrepancies and is theoretically
equivalent to the edge self-adversarial attack problem.
Practical Solution. We propose a novel edge self-
adversarial attack paradigm, EDA-GCL, designed to han-
dle neighborhood inconsistency, thereby addressing the
critical limitation that existing adversarial GCL models
are susceptible to local neighborhood noises.
Experimental Validation. Comprehensive experiments
demonstrate that EDA-GCL outperforms existing base-
lines across various graph downstream tasks and noise
scenarios, indicating the effectiveness, efficiency, and ro-
bustness of the novel edge self-adversarial paradigm.

Related Work

Graph Contrastive Learning Existing GCL paradigm
primarily follows the two-stage augmenting-contrasting
framework (Chen, Lei, and Wei 2024; Zhao et al. 2025; Ren
et al. 2025). For example, DGI (Velickovi¢ et al. 2018a) con-
trasts global graph embeddings with node local embeddings.
MVGRL (Hassani and Khasahmadi 2020) utilizes graph dif-
fusion to generate augmented views, and then contrasts first-
order neighbors with the augmented view. GRACE (Zhu
et al. 2020) constructs two augmented views by randomly
dropping edges and masking features. GCA (Zhu et al. 2021)
considers the importance of nodes to adaptively modify
edges and features. SINGRACE (Xia et al. 2022) perturbs
online networks to generate augmented outputs contrasted
with the original outputs. CSGCL (Chen et al. 2023) consid-
ers the inherent community importance to guide the deletion
of the node features and edges for augmented view construc-
tions. However, existing studies have shown that GCL is sus-
ceptible to noise, and its robustness in neighborhood noise
scenarios has rarely been studied.

Adversarial Graph Contrastive Learning Recently,
some adversarial GCL methods have been proposed to
alleviate the dilemma of being unable to effectively de-
fend against noise in unsupervised settings. DGI-ADV (Xu
et al. 2022) alternately optimizes DGI and adversarial attack
training to learn robust representations. AD-GCL (Suresh
et al. 2021) utilizes a learnable augmenter to construct an
adversarial view by maximizing the contrastive loss be-
tween the same instance of the clean and adversarial views.
ARIEL (Feng et al. 2024) learns an adversarial view by max-
imizing unsupervised contrastive loss via PGD attack. SP-
AGCL (In, Yoon, and Park 2023) adds a k-NN augmented
view based on ARIEL to preserve the node feature similar-
ity, but its essence of adversarial attacks is still to maximize



the contrastive loss. Existing adversarial GCL methods ex-
hibit limited robustness to neighborhood noise, because their
adversarial mechanisms focus on disrupting consistency be-
tween the same instances across views. To address this prob-
lem, we propose a novel adversarial mechanism that consid-
ers local neighborhood noise.

Preliminaries

Notations Let us denote G = (A,X) as an attributed
graph with M directed edges, A € RV*Y denote the ad-
jacency matrix with A;; = 1 if and only if the -th and the
j-th nodes are connected by an edge, otherwise A;; = 0.
X € RV¥XF and Z € R¥*4 denote the node feature and
embedding matrices, respectively, where F' and d are the di-
mensions of the feature and embedding.

Graph Contrastive Learning EDA-GCL consists of two
stages: augmentation and contrast. First, given a clean graph
input G = (A,X), GCL model independently generates
pairwise augmented views G! = (Al X!) and G =
(A2,X?) by dropping edges or masking features. Then, the
obtained augmented views are fed into a shared GNN en-
coder fy : G — Z with parameters ¥ to achieve the em-
beddings Z' = fy(G') and Z? = fg(G?). Finally, the con-
trastive objective aims to pull together the embeddings of the
same instance in different views and push away the embed-
dings of different instances. Consistent with the prior GCL
method, the symmetric loss is defined as follows:
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where z} and z? stand for the i-th row of Z' and Z?, respec-

tively. 7 is a temperature parameter. 6 (-, -) is the similarity
function, which in practice is typically the cosine similarity
over their projected embeddings using a two-layer MLP as
the projection head.

Rethinking Adversarial GCL

We first present the basic paradigm of existing adversarial
GCL models. Then, we analyze the nature of adversarial at-
tacks on GCL. Next, we examine the limitations of current
models. Finally, we outline the motivation of our method.

Existing Adversarial Attack Paradigm The objective of
most existing adversarial attacks (In, Yoon, and Park 2023;
Feng et al. 2024) in GCL is to maximize the contrastive loss
in Eq. (1) through adding subtle perturbations. To simplify
notations for analysis, we use the asymmetric loss, which
can be formally represented as follows:

1

= arg max —
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N

Zi:l 1 (zi,2{%)

where A is the perturbation set, and J, is perturbation bud-

get. Z fo(G) and Z*? = f4(G + 6,) are the em-
beddings of the original and adversarial views, respectively.
Hence, Eq. (2) aims to find optimal perturbations imposed
on the original graph that maximally increase contrastive
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loss. Previous work (Wang and Isola 2020) has shown that
contrastive loss includes two parts: alignment between inter-
view positive pairs and uniformity of the induced distribution
within all samples. We refine Eq. (2) to separate two parts:
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Next, we explore the nature of adversarial attacks on GCL
based on Eq. (3), that is, the adversarial process is dominated
by the alignment part rather than the uniformity part.

Nature of Adversarial Attacks on GCL Adversarial at-
tack often has high computational costs as computing gra-
dients based on the full contrastive loss, and the main cost
lies in the uniformity part (pairwise similarity computations
between all samples). Here, we reveal that the adversarial
process is dominated by the alignment rather than the uni-
formity, from both theoretical and empirical perspectives.

1) Theoretical Analysis. The existing adversarial GCL has
verified that the adversarial process should be conducted un-
der subtle attacks. The following theorem nicely confirms
that such subtle attacks are capable of degrading alignment
quality while preserving the overall uniformity of the distri-
bution. The detailed proof can be found in the Appendix.

Theorem 1. Let G\°) = G be the original graph, and G
be the adversarial graph at the t-th iteration. Assume that
G contains less information than G0 GO should be

less similar to GO than GO such that Q(Zl',zl(»t)) <
0(zi, z; (¢ )for all node embeddings. Under subtle attacks,

the alzgnment loss Lajign is mainly perturbed, while the uni-
Sformity loss Liform relatively converges stably. Formally,

AL S 0, ALt <, 4)

align uniform
where ALY denotes the difference in loss between the
current and preceding iteration. A negative value indicates
that the loss is decreasing, and vice versa.

Remark 1. Theorem 1 demonstrates that subtle attacks pri-
marily disrupt the alignment property while preserving the
uniformity of the distribution; however, computing the gra-
dients of the uniformity loss entails substantial computa-
tional cost in the adversarial process.

2) Empirical Study. We further conduct an empirical study
to verify whether subtle attacks primarily perturb the align-
ment loss rather than uniformity. We first train an adversar-
ial GCL model, SP-AGCL (In, Yoon, and Park 2023), on
the CiteSeer and Chameleon datasets. We follow perturba-
tion settings in open source code to train the model, which
means that all adversarial attacks are subtle. Then, we de-
compose and visualize the contrastive loss between the clean
and adversarial views, as shown in Fig. 2. As expected, the
alignment loss fluctuates during training, while the unifor-
mity loss achieves smooth and fast convergence under ad-
versarial attacks, which confirms our theoretical analysis.
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Figure 2: The contrastive loss between the original and ad-
versarial views on SP-AGCL model reveals that the instabil-
ity during the training process is mainly caused by Laign.

Limitation of Existing Method As analyzed above, the
nature of adversarial attacks is to undermine the alignment
property of GCL, whose goal is to promote the discrepancies
of the same instance across views under subtle attacks. We
term this mechanism as inter-view instance-wise adversarial
attack. However, in real scenarios, GNNSs are vulnerable to
local neighborhood perturbations, thereby presenting a more
significant challenge to the robustness of GCL models.

1) Empirical Study. To confirm our argument, we conduct
experiments on adversarial GCL models, aiming to investi-
gate whether or not the current adversarial mechanism in-
deed fails to defend against local neighborhood noises. Low
homophily datasets serve as the ideal setting for studying lo-
cal neighborhood noises; lower homophily indicates noisier
neighborhoods. From the results in Fig. 3, we have two key
observations: 1) all model performance degrades with de-
creasing homophily ratio, revealing that local neighborhood
noises indeed undermine the robustness of GCL; 2) ARIEL
and SP-AGCL yield only marginal performance gains, un-
derscoring their vulnerability to local neighborhood noises.
In contrast, our method delivers stable improvements, par-
ticularly on datasets with lower homophily ratios.

Motivation of Our Method Given the above analysis
of the nature and limitations of existing adversarial GCL
models, we are motivated to construct a novel adversarial
paradigm that considers disrupting the feature alignment of
local neighborhoods to achieve more efficient and robust
adversarial contrastive learning. We term this novel mech-
anism as intra-view neighborhood adversarial attack.

Proposed Method

In this section, we propose a novel adversarial contrastive
paradigm, named Edge self-aDversarial Augmentation for
Graph Contrastive Learning (EDA-GCL), facilitating unsu-
pervised graph representation learning. EDA-GCL achieves
stronger adversarial robustness by challenging harder local
neighborhood noise in an efficient manner.

Framework Overview The method contains two key
modules: (1) Edge Self-Adversarial Attack, which generates
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Figure 3: As Homophily Ratio decreases, the performance of
adversarial GCL models degrades. Low-homophily graphs
are typical neighborhood noise scenarios.

two adversarial views with local neighborhood discrepan-
cies via a learnable view generator including a GNN encoder
ga and an MLPq,. (2) Contrastive Learning Training, which
optimizes another GNN encoder fy to maximize the agree-
ment between the embeddings of the two adversarial aug-
mented views. The framework is illustrated in Fig. 4.

Edge Self-Adversarial Attack Recall from the analysis
in the previous section that the nature of adversarial attacks
lies in disrupting alignment. As shown in (Jing et al. 2021),
the squared loss formulation is equivalent to the standard co-
sine similarity for normalized embeddings in Eq. (3), if 7 is
set to 1. To further implement the intra-view neighborhood
adversarial attack, we formally reformulate the problem as:

[N
1
2
Op = g max — 7 Z WI kZeN gl -l 5 ©

where N; denotes the neighbor set of the node . Let €y =
[2y;Z,] and e, ., = [2y;2,] represent edge features in dif-
ferent directions between two nodes v and v, respectively.
Therefore, the edge feature matrices of the two directions

can be represented as E € RM*2d gnd E € RM*2d e

spectively. Since the constant term can be ignored, Eq. (5) is
rewritten as:

[Nl
5, —argmaxz |N| Zke.’\f zi;2x) — [2x; 2] |3
[Nl
= arg max |/\/| Zkequ leqx — e)mH% 6)

= arg max HE —E|F

Through the above deduction, we find that the local neigh-
borhood adversarial task is equivalent to the edge self-
adversarial problem, that is, maximizing discrepancies be-
tween bidirectional edges. Next, we transform the above
adversarial objective optimization into edge feature self-
adversarial tasks.

View Generation Given an undirected graph G, we first
utilize the GNN encoder g to obtain node embeddings
Z = g4(G). Then, we use a simple MLPg, to generate
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Figure 4: EDA-GCL is a Min-Max optimization problem. Max: The original graph G is fed into the encoder gg to obtain node
embeddings Z. Then, two sets of edge weight vectors w,, ,, and w,, ,, are learned by maximizing the bidirectional edge feature
discrepancies. Min: Pairwise adversarial views G! and G are fed into a shared encoder fy to minimize graph contrastive loss.

the logit w,, ,, for each directed edge feature e, ,,. The logit
Wy, 15 used to generate soft edge weights w,, ,, via Gumbel-
Sigmoid relaxation (Maddison, Mnih, and Teh 2016), which
allows for differentiable sampling of edge weights:

Wy,» = GumbelSigmod(wy, ) @)
where w,, , = MLPg(e,, ). To ensure local neighborhood
discrepancies between the two views, we apply a threshold
mechanism:

(wWy,u,0)
(0, Wy,)

P %{ if W + 1 > W, +1)
vy U otherwise

(®)
where 1 ~ N(0,1) x 1077 is a small noise added to ensure
numerical stability. In the node feature aggregation phase of
GNN, as edge weights only guide aggregation, they do not
participate in gradient update, allowing the threshold mech-
anism to be applied. After thresholding, we obtain two sets
of edge weight vectors W, , and W, ,, € RMM which are
used to reweight the original graph for generating two ad-
versarial graphs G! and G2 for graph contrastive learning.

Adversarial Objective Our overall training objective is
formulated as a min-max game between the encoder fy
and the adversarial view generator. Consistent with previ-
ous work, adversarial perturbations are expected to be ap-
propriate. Therefore, we regularize the absolute difference
between the directed edge weights. The specific form of the
overall framework is as follows:
Hgn rgfg( ‘Ccont(\ll) + Eedge((l)y Q) - )\Ereg(q)7 Q),

) ©)

M
where Lcq4c and L., denote the edge self-adversarial loss
and edge perturbation regularization loss, respectively. A is
the trade-off hyperparameter.

[Wuo = Woull

1 -~ -
ﬁedge = MHE - E”%W ‘Creg =

Contrastive Learning Training Based on representations
obtained from different adversarial views, we train EDA-
GCL using the pairwise contrastive loss provided in Eq. (1):

min\l’ Econt(zla Z2) (10)
where Z! = fy(G'), Z*> = fy(G?) denote the node embed-

dings of two adversarial views via the GNN encoder fy. The
algorithm procedure of EDA-GCL is given in the Appendix.
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Experiments

We conduct extensive experiments on various graph tasks
to prove the effectiveness and robustness of EDA-GCL. We
also present the superiority of EDA-GCL in computational
efficiency. All dataset statistics and implementation details
are provided in the Appendix.

Node Classification on Heterophilic Graphs

Datasets We evaluate the performance of EDA-GCL on
five heterophilic graphs: Chameleon, Squirrel, Actor, Texas,
and Wisconsin. The partition provided by Geom-GCN (Pei
et al. 2020) is used, where the nodes for training/valida-
tion/testing are 48%/32%/20% of all nodes, respectively.

Competitors We compare EDA-GCL with nine base-
lines: DGI (Velickovié et al. 2018b), MVGRL (Hassani
and Khasahmadi 2020), BGRL (Thakoor et al. 2021),
GRACE (Zhu et al. 2020), DGI-ADV (Xu et al. 2022),
ARIEL (Feng et al. 2022), SP-AGCL (In, Yoon, and Park
2023), and GCL-JAM (Yang et al. 2025). SP-AGCL incor-
porates an additional k-NN augmented view. Here, we de-
fine SPAGCL-k as the ablated variant that excludes the k-
NN component to further clarify the contribution from its
adversarial part. We train a logistic regression classifier over
learned embeddings. The mean accuracy with standard devi-
ations is reported across ten runs for different data splits. The
bold and underlined numbers denote the best and second-
best performance, respectively.

Results Table 1 outlines the results. We observed that our
EDA-GCL outperforms the SOTA graph contrastive learn-
ing baselines on 4 out of 5 datasets, with the best aver-
age ranking of 1.20. Compared with adversarial GCL meth-
ods (ARIEL and SP-AGCL), EDA-GCL achieves substan-
tial robust performance gains over the baseline GRACE.
Specifically, EDA-GCL achieves improvements by 12.65%
(Chameleon), 10.53% (Squirrel), 6.49% (Texas ), and 5.10%
(Wisconsin) relative to the strong adversarial baseline SP-
AGCL. When the k-NN view of SP-AGCL is ablated, the
average rank dropped from 3.4 to 5.8, suggesting that its
adversarial mechanism is still vulnerable to neighborhood
noise. These results shed light on the robustness of our EDA-
GCL against local neighborhood noises.



Method | Chameleon Squirrel Actor Texas Wisconsin | A.R.
DGI (2018) 39.95+1.75 31.80+0.77 29.82+0.69 60.59+7.56 55.414+5.96 7.80
MVGRL (2020) 42.3442.11 33.494+0.84 31.21£0.53 61.70+£3.94 50.64+5.89 7.20
BGRL (2021) 57.124£3.61 40.64+1.55 31.04+£1.19 61.56+£5.96 57.7245.21 4.00
GRACE (2020) 48.05+1.81 35.23+1.03 29.49+0.51 57.574+5.68 51.50+5.83 8.80
DGI-ADV(2022) 53.374£2.21 40.13£1.60 26.50+£0.89 58.41+6.08 57.2944.88 6.60
ARIEL (2022) 49.3242.37 36.78+t1.21 29.60+0.29 58.394+4.67 53.25+7.17 7.60
SP-AGCL (2023) 57.04+2.34 40.86+1.68 31.27+1.30 62.16£8.11 55.88+5.63 3.40
SP-AGCL-k (2023) | 52.70+3.31 40.254+1.65 31.234+1.21 58.56+5.10 51.63+6.47 5.80
GCL-JAM (2025) 66.374+2.37 49.84+0.93 31.01+£0.46 65.83+£3.61 64.71+4.08 2.60
EDA-GCL (Ours) 69.69+1.83 51.39+0.68 31.33+0.90 68.65+3.86 60.98+4.48 1.20

Table 1: Node classification accuracy on five heterophilous graphs. A.R. stands for the average rank.

Method | Cora CiteSeer  PubMed Photo  Computers CS Physics |A.R.
DGI (2018) 82.57+0.53 71.62+0.58 84.754+0.33 91.61+0.22 83.95+0.47 92.15+0.63 94.51+0.52| 9.29
MVGRL (2020) 83.25+0.38 72.1540.55 84.374+0.18 91.74+0.07 87.52+0.11 92.11£0.12 95.334+0.03| 7.71
BGRL (2021) 82.69+1.03 73.43+1.04 85.094+0.23 92.08+0.42 88.05+0.39 92.36+0.20 95.21+0.08| 6.57
GRACE (2020) 84.06+0.41 74.43+1.55 85.5040.20 92.524+0.24 86.52+0.42 92.03+0.10 95.26+0.22| 6.43
ARIEL (2022) 83.704+0.83 74.56+2.07 84.83+0.13 92.81+£0.22 86.90+0.51 92.32+0.19 95.04+0.09| 6.86
SP-AGCL (2023) |84.84+0.64 74.66+1.03 85.06+0.16 93.00+0.55 88.564+0.38 93.55+0.13 95.70+0.15]| 2.86
SP-AGCL-k (2023) | 84.31+0.83 73.4240.95 84.904+0.21 91.4740.52 86.99+0.19 92.54+0.11 95.38+0.17| 6.29
GRAPE (2024) 85.064+0.23 74.574+0.67 85.13+0.10 93.32+0.00 88.42+0.10 92.78+0.00 95.3740.00| 3.00
E2Neg (2025) 84.61+£0.11 74.6940.59 85.304+0.10 92.924+0.59 88.21+1.18 92.45+0.73 95.29+0.33| 4.29
EDA-GCL (Ours) |85.63+0.70 75.71+0.88 86.50+0.39 93.08+0.46 89.37+0.23 92.964+0.09 95.70+0.09 | 1.29

Table 2: Node classification accuracy on seven homophilous graphs.

Method | Time Cost (s) per Epoch
\ Cora Photo Computers PubMed CS
ARIEL [0.1638 2.2089 9.6755  28.0601 22.6890
SP-AGCL [0.2236 2.0973  8.8529  22.2634 18.1842
EDA-GCL|0.0613 0.5542  1.0882 0.5489 0.6144
Ratio |3.65x 3.99x 8.89x 51.12x  36.93%

Table 3: Time cost (s) analyses on five datasets.

Node Classification on Homophilous Graphs

Datasets We evaluate performance across seven ho-
mophilous graphs: 3 citation networks (Ziigner, Akbarnejad,
and Giinnemann 2018): Cora, CiteSeer, and PubMed, con-
sidering the largest connected component, 2 co-authorship
networks: CS and Physics (Shchur et al. 2018), and 2 Ama-
zon co-purchase networks: Computers and Photo (Shchur
et al. 2018). For each dataset, we randomly select
10%/10%/80% nodes for training/validation/testing.

Competitors We select nine baselines: DGI (Velickovi¢
et al. 2018b), MVGRL (Hassani and Khasahmadi 2020),
BGRL (Thakoor et al. 2021), GRACE (Zhu et al. 2020),
ARIEL (Feng et al. 2022), SP-AGCL (In, Yoon, and Park
2023), GRAPE (Hao et al. 2024), E2Neg (Huang et al.
2025). For fair evaluation, we report average results with
standard deviations across ten runs for different data splits.

Results The results across seven datasets are reported
in Table 2. EDA-GCL still achieves best performance on
5 out of 7 datasets, and the optimal average ranking on
all datasets. Specifically, EDA-GCL obtains the improve-
ment by 0.57% (Cora), 1.02% (CiteSeer), 1.00% (PubMed),
and 0.81% (Computers) over those second-best competitors.
This shows that EDA-GCL also achieves compelling results
for weak noise scenarios such as homophilous graphs. Fur-
thermore, unlike previous adversarial methods, whose ad-
versarial attacks are imposed on the entire graph, resulting
in the complexity O(N?), we utilize edge self-adversarial
attacks to alleviate expensive costs, dropping to O(Md). To
show the efficiency of EDA-GCL, we report the time costs
of the attack process with ARIEL and SP-AGCL on the full
Cora, Photo, Computers, PubMed, and Physics. The time
costs are reported in Table 3. As shown, under the same
settings, the running time of EDA-GCL is about 3.65x to
51.12x faster than the adversarial methods ARIEL and SP-
AGCL, highlighting its superior computational efficiency.

Robustness Evaluation

We further evaluate the robustness under two adversarial set-
tings: metattack (Ziigner and Glinnemann 2019) and random
attack. Each attack type falls into one of two categories: poi-
soning attacks or evasion attacks. In poisoning attacks, the
clean graph is perturbed prior to the model training phase,
whereas evasion attacks introduce perturbations exclusively
during the testing phase.
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Figure 5: Node classification accuracy under Metattack.
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Figure 6: Node classification accuracy under random attack.

Against Metattack We utilize the public Metattack graph
datasets (Jin et al. 2020) for Cora and PubMed datasets. The
results are reported in Fig. 5. We have two observations: (1)
Our method has demonstrated robustness under poisoning
and evasion attacks, even under high perturbation rates. (2)
Compared to the adversarial baselines, EDA-GCL achieves
stable performance improvement. These results suggest the
importance of learning local neighborhood noises.

Against Random Attack We further test the robustness
of EDA-GCL under random attack. Following the protocol
from (Jin et al. 2020), we inject random edge noise at inten-
sities ranging from 20% to 100% of the original edge count,
in increments of 20%. As shown in Fig. 6, our EDA-GCL
still obtains outstanding robustness over adversarial base-
lines. Combined with the results of Fig. 5, our new adver-
sarial mechanism is demonstrated to be robust against noise
in various perturbation scenarios.

87, Classification ACC (%) Classification ACC (%)
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Figure 7: Sensitivity analysis with respect to parameter .

Method ‘ Cora CiteSeer  PubMed Chameleon Texas
83.77410.14 74.0811. 01 84.4910.05 68931210 62.1614 .77

w/o Threshold

| 1186% L1.63%  1201%  L0.76%  1649%
|84.8640.70 72.994+0.37 85.0940.47 69434243 66224788

Wlo Lyeg

‘ 10.77% 12.72% 11.41% 1 0.26% 1243%
w/o L‘,r,«eg ‘83.98i0.47 7379:&1,08 84‘46:&1408 69~01i2,19 62‘43i5.52

& Threshold | 11.65%  1192%  12.04%  10.68%  16.22%
EDA-GCL |85.6310.70 75.7140.88 86.50.£0.30 69.69.41 .53 68.65.43 56

Table 4: Ablation study of EDA-GCL.

Sensitivity Analysis & Ablation Studies

Sensitivity Analysis We evaluate EDA-GCL under vari-
ous choices of the expected perturbation hyperparameter A,
as shown in Fig. 7. We observe that too small or too large
values (corresponding to too strong or too weak perturba-
tions, respectively) lead to suboptimal performance. When
the value of )\ is about 0.5, EDA-GCL can be improved obvi-
ously on both heterophilous and homophilous graphs. Over-
all, within a reasonable range, our EDA-GCL is stable.

Ablation Studies In Table 4, we conduct an investigation
into the contribution of each part. Our framework can re-
move two parts, namely the threshold mechanism in Eq. (8)
and the regularization term in Eq. (9). When the threshold
mechanism is ablated, the performance of all five datasets
degrades, which explains the importance of reinforcing lo-
cal neighborhood discrepancies. Besides, when the regular-
ization term is removed, the performance is also reduced, in-
dicating that regularization is essential for stable adversarial
training. When both are removed, there is also a significant
performance degradation. In summary, our EDA-GCL is a
simple yet effective adversarial technique.

Conclusion

In this paper, we propose a novel edge self-adversarial
attack paradigm, EDA-GCL, for robust graph contrastive
learning. By theoretically connecting intra-view neighbor-
hood inconsistency to bidirectional edge feature discrepan-
cies, our EDA-GCL generates pairwise adversarial views
through edge-level perturbations to enhance local neighbor-
hood noise robustness. The resulting adversarial mechanism
achieves superior performance and scalability with linear
complexity, demonstrating significant effectiveness and re-
silience across various graph tasks and noise scenarios.
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