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Abstract

Graph augmentation is a cornerstone of effective graph con-
trastive learning, yet existing methods often rely on random
designed perturbations, which may distort latent semantics
and impair representation quality. In this work, we argue that
semantic consistency can be effectively approximated by low-
frequency components in the spectral domain, offering a prin-
cipled proxy for guiding augmentation. Based on this insight,
we propose Frequency-Aware Graph Contrastive Learning
(FA-GCL), a novel framework that explicitly preserves low-
frequency signals while selectively perturbing high-frequency
components. By aligning augmentation with frequency-aware
decomposition, FA-GCL generates diverse yet semantically
coherent views, mitigating semantic drift and enhancing rep-
resentational discrimination. Extensive experiments across
multiple benchmarks demonstrate that FA-GCL consistently
outperforms state-of-the-art baselines with statistically signifi-
cant gains, validating its exclusive merits.

Introduction
Graph contrastive learning (GCL) has emerged as a powerful
self-supervised paradigm for learning robust and discrimina-
tive graph representations by contrasting multiple augmented
views of the same graph (Xu et al. 2025; Wei et al. 2023; Yan
et al. 2024; Zheng et al. 2024a). As a foundational technique,
GCL enables models to capture invariant and semantically
meaningful structural patterns, leading to impressive perfor-
mance across diverse graph learning tasks and domains (Jiang
et al. 2025; Zhang et al. 2024; Zheng et al. 2024b).

A key driver of GCL’s success lies in designing augmenta-
tions that introduce sufficient variability while preserving the
semantic integrity of the input graph. To achieve semantic
consistency, recent studies (Li et al. 2022; Ji et al. 2024; Yan
et al. 2024) focus on identifying and retaining core semantic
components. However, widely used rule-based or random
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perturbations offer limited control and can inadvertently alter
functionally critical substructures. For instance, in molecular
graphs, even minor modifications to key functional groups
can drastically compromise downstream predictions (Li et al.
2022). This reveals a fundamental tension: while semantic
invariance is desired, the heuristics employed to approximate
it may paradoxically disrupt the very structures that encode
it. Hence, an ideal augmentation strategy should not only
maintain semantic consistency but also preserve structurally
meaningful subgraphs (Wei et al. 2023; Zheng et al. 2022).
Yet achieving reliable semantic preservation remains chal-
lenging, especially in complex graphs where semantics are
implicit, entangled, and difficult to model directly. To ad-
dress this, we propose a paradigm shift: instead of relying
on explicit structural heuristics, we approximate semantic
consistency via low-frequency invariance in the graph spec-
tral domain, which naturally filters out noise and enhances
robustness against semantically disruptive augmentations.

Spectral graph analysis provides a principled framework
for disentangling global and local structural patterns (Lin,
Chen, and Wang 2023; Zheng et al. 2025). As illustrated in
Fig. 1(a), a graph signal can be decomposed into low- and
high-frequency components, where the heatmap indicates the
magnitude of spectral coefficients. Low-frequency compo-
nents vary smoothly across the graph, encoding global seman-
tics such as clusters or communities, while high-frequency
components capture localized variations and noise (Xiao et al.
2023; Qin et al. 2024). To evaluate the semantic contribution
of different frequency bands, we design a controlled exper-
iment: given a graph G, we generate two positive views by
injecting Gaussian noise into (1) a subset of low-frequency
components and (2) a subset of high-frequency components.
As shown in Fig. 1(b), perturbing low-frequency components
leads to a substantial drop in performance, whereas perturb-
ing high-frequency components often yields some improve-
ment. This observation further indicates that low-frequency
signals act as robust carriers of semantic information, and
preserving them serves as a reliable proxy for maintaining
semantic consistency in contrastive graph learning.
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Figure 1: (a) Visualization of raw, low-frequency, and high-frequency features in the spectral domain on the IMDB-BINARY
dataset. (b) Evaluation of perturbations applied to different frequency components under varying perturbation ratios on the
COLLAB and MUTAG datasets.

Building on this insight, we propose Frequency-Aware
Graph Contrastive Learning (FA-GCL), a framework that
leverages frequency-domain decomposition to guide graph
augmentation. FA-GCL adaptively perturbs high-frequency
components to enrich structural diversity, while preserving
low-frequency components to maintain semantic alignment,
producing contrastive views that are both diverse and seman-
tically consistent. Furthermore, conventional GCL methods
often rely on static or random strategies for negative sam-
ple construction, overlooking the evolving nature of learned
representations. To address this, we design a Dynamic Dif-
ficulty Adjustment (DDA) module that gradually reduces
perturbations on low-frequency components, generating in-
creasingly challenging negatives in sync with the model’s
learning progress. This DDA module enhances contrastive
optimization, sharpens decision boundaries, and ultimately
yields more discriminative and robust graph representations.
In summary, our main contributions are as follows:

• We propose FA-GCL, a framework designed to enhance
the representation quality of graph embeddings. We con-
sider the low-frequency invariance of graphs as a proxy for
semantic consistency, thereby facilitating frequency-aware
node augmented representation.

• We designed a dynamic difficulty adjustment mechanism
to generate negative samples, which gradually reduces the
disturbance on low-frequency components and produces
negative samples with increasing difficulty that matches
the model learning stage.

• Extensive experiments on multiple real-world benchmarks
demonstrate that FA-GCL consistently outperforms state-
of-the-art baselines with statistically significant margins.

Related Work
Graph Contrastive Learning Graph contrastive learning
(GCL) has emerged as a powerful self-supervised paradigm
across domains such as social networks (Shen et al. 2023)
and bioinformatics (Peng et al. 2024). Early methods, includ-
ing GRACE (Zhu et al. 2020) and GraphCL (You et al. 2020),
rely on random augmentations (e.g., edge deletion, feature
masking) that often overlook structural semantics (Chang
et al. 2021; Li et al. 2022). Recent advances have explored
rule-based augmentations—such as Dual-Prism (Xia et al.
2025), CI-GCL (Tan et al. 2024), DRGCL (Ji et al. 2024),

DGPM (Yan et al. 2024), GCS (Wei et al. 2023), RGCL (Li
et al. 2022), and AD-GCL (Suresh et al. 2021)—yet they
still lack fine-grained control over perturbation frequency
and intensity, which is crucial for preserving semantic in-
tegrity. To address this gap, we propose FA-GCL, a frequency-
aware graph contrastive learning framework that selectively
perturbs high-frequency components while preserving low-
frequency semantics. This design not only enhances the dis-
criminative power of learned representations but also im-
proves their generalization across diverse graph tasks.

Spectral Graph Analysis Spectral analysis provides a prin-
cipled framework for capturing multi-scale structural patterns
in graphs by decomposing signals into distinct frequency
components. It has shown strong utility in tasks such as
anomaly detection (Cao et al. 2021), cross-domain align-
ment (Xiao et al. 2023), and collaborative filtering (Qin et al.
2024). Motivated by these insights, we introduce a frequency-
adaptive graph augmentation scheme that tailors perturba-
tions according to spectral characteristics. Unlike random or
rule-based approaches, our method preserves low-frequency
components that encode semantic information, while adap-
tively perturbing high-frequency components that capture
fine-grained structural details. This spectral perspective pro-
duces contrastive views that are informative, offering a new
paradigm for GCL in the frequency domain.

Methodology
This work presents a frequency-aware framework to improve
graph contrastive learning by explicitly modeling spectral
properties of graph signals. As illustrated in Fig. 2, our ap-
proach comprises two key components: Frequency-Aware
Computation and Frequency-Driven Sample Generation.
The former decomposes the input graph into low- and high-
frequency structures based on spectral smoothness, while
the latter utilizes this decomposition to construct informative
contrastive views. Central to our design is the insight that low-
frequency structural consistency can act as a robust surrogate
for semantic consistency, providing a principled mechanism
to preserve task-relevant information during augmentation.

Frequency-Aware Computation
Conventional graph augmentation methods—whether ran-
dom, rule-based, or semantic-aware—often may fail to retain
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Figure 2: The architecture of our approach consists of a frequency-aware computation module and a frequency-driven sample
generation module, working in tandem to enhance graph representation learning.

meaningful structures when semantics are implicit or entan-
gled. We address this by drawing on spectral graph theory to
approximate semantic content via frequency decomposition.
Prior works (Tan et al. 2024; Cao et al. 2021) show that low-
frequency components capture smooth, global structures
(e.g., community-level regularities), which tend to correlate
with semantic identity. In contrast, high-frequency compo-
nents encode localized, high-variance signals—often reflect-
ing noise or incidental patterns. Our goal is to preserve the
former and perturb the latter, enabling contrastive views that
are semantically aligned yet structurally diverse.

Frequency-based Graph Structure Decomposition We
begin by applying a graph encoder to obtain node representa-
tions {hi}|V|

i=1, which capture local and global relational pat-
terns for downstream spectral analysis . Let G = (V, E) be the
input graph. To quantify frequency contributions across dif-
ferent nodes and features, we introduce a frequency-sensitive
smoothness measure based on pairwise feature variation:

Sp = 1− Normalize

 1

|E|
∑

(vi,vj)∈E

(
h
(p)
i − h

(p)
j

)2

 (1)

Here, h(p)
i denotes the p-th feature of node vi, and Sp ∈ [0, 1]

reflects the smoothness of that feature dimension, with higher
values indicating lower frequency (i.e., global consistency).
Using these scores, we define a node-level frequency contri-
bution metric K(vi) as:

K(vi) =
l∑

p=1

(1− Sp)
∑

(vi,vj)∈E

log
(
1 + ∥h(p)

i − h
(p)
j ∥2

)
(2)

This formulation assigns larger values to nodes with more
high-frequency behavior across less smooth features, cap-
turing fine-grained structural fluctuations. The logarithmic
scaling enhances stability while preserving discriminative
signals. To partition the graph into frequency-aware substruc-
tures, we transform the continuous values K(vi) into binary

hash codes via a nonlinear projection as follows:

B = tanh(w ·Kv + b) (3)

where w and b are learnable parameters. We then apply
a symbolic function to classify the nodes. Specifically, if
sign(Bi) = −1, node vi ∈ VL (low-frequency set); other-
wise, vi ∈ VH (high-frequency set). An analogous procedure
is used to divide the edge set into EL and EH . To encourage
meaningful spectral separation, we further regularize the de-
composition by maximizing the divergence between low- and
high-frequency components in the spectral embedding space:

max ∥ϕ(▽low)− ϕ(▽high)∥22 (4)

where ϕ(·) denotes a spectral embedding function , and ▽low
and ▽high represent the subgraphs induced by low- and high-
frequency nodes or edges, respectively.

Frequency-Driven Sample Generation
This section introduces the Frequency-Driven Sample Gener-
ation module, which utilizes the frequency-aware decomposi-
tion to guide augmentation in a principled manner. Based on
the division of the graph into low- and high-frequency sub-
graphs, we design two complementary strategies: (i) for gen-
erating positive samples, we perturb only the high-frequency
subgraph to inject localized variations while preserving the
global structure captured by the low-frequency components;
(ii) for negative sample generation, we gradually reducing the
disturbance to the low-frequency components to construct
hard negatives with increasing difficulty. This dual mecha-
nism enhances both semantic consistency and discriminative
power in graph contrastive learning.

Low-Frequency-Preserving Augmention The effective-
ness of graph contrastive learning hinges on constructing
augmented views that maintain semantic consistency while
introducing sufficient diversity (Xia et al. 2025). To this
end, we propose a frequency-aware invariance principle,
where low-frequency components serve as proxies for se-
mantic stability, and high-frequency structures are leveraged
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for controlled variability. Low-frequency signals typically
correspond to the most stable and semantically relevant struc-
tures in a graph—they characterize global patterns and are
naturally robust to perturbations. Based on this characteris-
tic, we preserve the invariance of low-frequency components
across enhanced views, thus retaining the semantically con-
sistent parts of the graph. This design reflects the intuitive
understanding that graph structure semantics often manifest
as smooth low-frequency patterns. Therefore, by comparing
the alignment of low-frequency subspaces between views,
the model can learn semantically consistent and invariant rep-
resentations, ultimately achieving frequency-guided semantic
consistency. To implement this, we first derive binary masks
for nodes and edges, MV ∈ {0, 1}|V| and ME ∈ {0, 1}|E|,
based on frequency contribution scores:

MV [i] := 1[vi∈VL], ME [u, v] := 1[(u,v)∈EL], (5)

where 1[·] is the indicator function selecting low-frequency
components. Using these masks, We further decompose the
graph G = (V, E) into the following two parts :

GL = (V ⊙MV , E ⊙ME), (6)

GH = (V ⊙ (1−MV ), E ⊙ (1−ME)), (7)
where ⊙ denotes element-wise masking. Here, GL encodes
the semantic core of the graph, while GH introduces infor-
mative high-frequency noise. For positive sample generation,
we perturb only the high-frequency part:

G+ = GL ∪ r(GH), (8)

where r(G) ∼ R(G) denotes a stochastic augmentation oper-
ator (e.g., node dropout, edge perturbation). This approach
ensures that semantic integrity is preserved while encourag-
ing meaningful view diversity.

Negative Sample Generation with Dynamic Difficulty Ad-
justment The discriminative strength of contrastive learn-
ing is closely tied to the difficulty of negative samples. In-
spired by curriculum contrastive learning (Kalantidis et al.
2020), we present a dynamic difficulty adjustment strategy
that gradually increases the hardness of negative samples
over training. Specifically, we define negative sample G−

i for
each graph Gi ∈ B = {G1, . . . ,GN} at epoch t ∈ [0, T ] as:

G−
i =

{
{Gj}j ̸=i ⊂ B, if t ≤ 0.5T,

H(Gi; t), if t > 0.5T,
(9)

where H(Gi; t) denotes a function that generates hard neg-
atives by perturbing the low-frequency structure of Gi. To
ensure a smooth difficulty transition, we design a decaying
removal schedule based on an exponential decay function:

QV (t) =
[
α+ (1− α) · e−10t/T

]
· |VL|, (10)

QE(t) =
[
α+ (1− α) · e−10t/T

]
· |EL|, (11)

where α ∈ (0, 1) is a hyperparameter controlling the pertur-
bation ratio. Based on QV (t) and QE(t), we sample subsets
of VL and EL. Combine the sampling results with the high-
frequency sets (VH and EH ) to generate the node mask M−

V

and the edge mask M−
E . Use the generated masks to construct

negative samples with increasing difficulty:

H(Gi; t) = (Vi ⊙M−
V , Ei ⊙M−

E ). (12)

Through dynamic difficulty adjustment, our strategy encour-
ages the model to learn increasingly discriminative features
throughout training. By combining frequency-preserving pos-
itive augmentation and progressively harder negatives, this
module significantly boosts the robustness and generalization
of the learned graph representations.

Optimization Objective
The optimization objective plays a central role in graph con-
trastive learning, as it governs the training dynamics and
determines the quality of learned representations. Our goal is
to drive the model towards learning semantically meaningful
and discriminative representations by maximizing the mutual
information between different views of the same graph. Fol-
lowing this principle, we adopt the InfoNCE loss (Sun et al.
2020) as a tractable surrogate for mutual information maxi-
mization. InfoNCE encourages consistency between positive
pairs while simultaneously enforcing discrimination from
negative samples, thereby enhancing feature separability. For-
mally, let B denote a mini-batch of N input graphs. For each
graph Gi ∈ B, we generate two stochastic positive view, G1

i
and G2

i , through low-frequency-preserving augmention strate-
gies. At the same time, based on the current training epoch t,
we use a dynamic difficulty adjustment strategy to dynami-
cally generate negative samples G−

i . Both views are passed
through a shared graph encoder f(·) to obtain their latent
representations: z1i = f(G1

i ) , z2i = f(G2
i ) and z−i = f(G−

i ).
The contrastive objective is defined:

LFinal = − log
exp

(
sim(z1i , z

2
i )/τ

)
exp(sim(z1i , z

2
i )/τ) + exp

(
sim(z1i , z

−
i )/τ

)
(13)

Here, sim(·, ·) denotes a similarity function, typically co-
sine similarity, and τ is a temperature scaling parameter
that controls the sharpness of the softmax distribution. This
objective promotes high similarity between positive pairs
(z1i , z

2
i )—representations of the same graph under different

augmentations—while discouraging similarity with negative
pairs (z1i , z

−
i ) . As a result, the model learns robust and

discriminative representations that preserve the underlying
graph semantics across augmentations.

Theoretical Analysis
Robustness Analysis
In practical deployment scenarios, GNNs are often exposed
to various types of noise and perturbations. A robust model
is expected to produce stable and consistent outputs in the
presence of such disturbances. In this section, we provide a
theoretical analysis of the robustness of the core formula of
the proposed FA-GCL—i.e., Eq. (2). Specifically, we prove
that Eq. (2) is c-Lipschitz continuous with respect to the
features of the input nodes.This Lipschitz property ensures
that the model’s output does not vary excessively in response
to small perturbations in the input, thereby enhancing its
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stability in noisy environments. To facilitate our analysis, we
begin by presenting several fundamental definitions.

Definition 1 (c-Lipschitz Continuity). A function f : X →
Y is called c-Lipschitz continuous if there exists a constant
c > 0 such that, for all x1, x2 ∈ X ,

∥f(x1)− f(x2)∥ ≤ c · ∥x1 − x2∥ .

Then the output of the function will not fluctuate exces-
sively in response to small perturbations in the input.

Definition 2 (Mean Value Theorem). For a differentiable
function f on the interval [a, b], there exists some ξ ∈ (a, b)
such that:

f(b)− f(a) = f ′(ξ) · (b− a).

Definition 3 (Triangle Inequality). For any vectors u,w,
the following holds:

∥u± w∥ ≤ ∥u∥+ ∥w∥ .

Based on these definitions, we now present the main robust-
ness Theorem 1 of FA-GCL.

Theorem 1. Let K(vi) denote the frequency-aware
contribution score of node vi as defined in Eq. (2).
For any perturbation ∆h applied to the input features,
there exists a constant:

c = 2 ·
(
max
vi∈V

di

)
· l, (14)

such that:

|K (vi;h+∆h)−K (vi;h)| ≤ c · ∥∆h∥ , (15)

where di denotes the degree of node vi and l is the
feature dimension. This result establishes that the
Eq. (2) is theoretically robust to input noise.

Proof of Theorem 1
Next, we will verify the correctness of Theorem 1 through
three steps. It should be noted that since all quantities in-
volved in the derivation are real scalars, the Euclidean norm
and absolute value are equivalent (i.e., ∥x∥ = |x| for any
x ∈ R). Therefore, the use of either form does not affect
the correctness of our analysis. This equivalence ensures
consistency when verifying norm-based conditions.

Step 1: Lipschitz Continuity of the Inner Function De-
fine the inner function in Eq. (2) as:

f (φ) = log
(
1 + φ2

)
, (16)

where φ =
∥∥∥h(p)

i − h
(p)
j

∥∥∥ is the Euclidean distance between
the p-th dimension features of nodes vi and vj . Next, we
calculate the gradient of f :

f
′
(φ) =

2φ

1 + φ2
. (17)

Since f ′(φ) ≤ 1 for all φ ≥ 0 (achieved at φ = 1), by the
Mean Value Theorem (Definition 2), for any φ1, φ2 ≥ 0,

|f(φ1)− f(φ2)| = |f ′(ξ)| · |φ1 − φ2|
≤ |φ1 − φ2| ,

(18)

for some ξ between φ1 and φ2. Thus, we can conclude that
f is 1-Lipschitz continuous.

Step 2: Noise Propagation in Feature Distances Assume
that the graph data is noisy, resulting in changes to node
features. Let ∆h

(p)
i and ∆h

(p)
j denote the noise in the p-

th feature dimension of nodes vi and vj , respectively. The
original feature distance φ changes to:

φ
′
=

∥∥∥(h(p)
i +∆h

(p)
i

)
−
(
h
(p)
j +∆h

(p)
j

)∥∥∥ . (19)

It follows that:

|∆φ| =
∣∣∣∥∥∥(h(p)

i +∆h
(p)
i

)
−
(
h
(p)
j +∆h

(p)
j

)∥∥∥
−
∥∥∥h(p)

i − h
(p)
j

∥∥∥∣∣∣
=

∣∣∣∥∥∥(h(p)
i − h

(p)
j

)
+

(
∆h

(p)
i −∆h

(p)
j

)∥∥∥
−
∥∥∥h(p)

i − h
(p)
j

∥∥∥∣∣∣ .
(20)

According to the triangle inequality, we have:

|∆φ| ≤
∥∥∥∆h

(p)
i −∆h

(p)
j

∥∥∥ ≤
∥∥∥∆h

(p)
i

∥∥∥+
∥∥∥∆h

(p)
j

∥∥∥ . (21)

Combining this with the 1-Lipschitz continuity of the func-
tion f(φ) , the change in the inner function value satisfies:

|∆f | = |f (φ′)− f (φ)|

≤ |∆φ| ≤
∥∥∥∆h

(p)
i

∥∥∥+
∥∥∥∆h

(p)
j

∥∥∥ . (22)

Step 3: Global Lipschitz Continuity of the Full Expression
In Eq. (2),the frequency-aware contribution score K(vi)
sums over neighbors and feature dimensions:

K(vi) =
l∑

p=1

(1− sp)
∑

(vi,vj)∈E

f
(
∥h(p)

i − h
(p)
j ∥

)
. (23)

As established in Step 2, when the features are perturbed by
∆h, the variation in inner function f is bounded by:

|∆f | ≤
∥∥∥∆h

(p)
i

∥∥∥+
∥∥∥∆h

(p)
j

∥∥∥ ≤ 2∆h. (24)

For each fixed p, the sum over di neighbors accumulates at
most perturbation 2di∆h. Since (1− sp) ∈ [0, 1], it does not
amplify the perturbation.Therefore, we can obtain:

l∑
p=1

(1− sp)
∑

(vi,vj)∈E

|∆f | ≤
l∑

p=1

2di∆h

≤ 2ldi∆h.

(25)
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Taking the worst-case degree across all nodes, we obtain the
global Lipschitz constant:

c = 2 ·
(
max
vi∈V

di

)
· l. (26)

Therefore, the total deviation in K(vi) due to input noise is
bounded by:

|K (vi;h+∆h)−K (vi;h)| =

∣∣∣∣∣∣
l∑

p=1

(1− sp)
∑

(vi,vj)∈E

∆f

∣∣∣∣∣∣
≤

l∑
p=1

(1− sp)
∑

(vi,vj)∈E

|∆f |

≤ c · ∥∆h∥
(27)

Experiments
In this section, we empirically evaluate the effectiveness of
our proposed self-supervised framework, FA-GCL, in the
context of graph representation learning. To assess its per-
formance, we compare FA-GCL against representative and
advanced methods under unsupervised learning settings for
graph classification tasks. This experiments aim to highlight
FA-GCL’s ability to rapidly learn robust and informative
representations from complex graph-structured data.

Category Datasates #Graphs #Avg.Nodes #Avg.Degree
Small molecules MUTAG 188 17.93 19.79
Small molecules NCI-1 4,110 29.87 32.30

Social COLLAB 5,000 74.49 2457.78
Social IMDB-B 1,000 19.77 96.53
Social RDT-B 2,000 429.63 497.75
Social RRDT-M5K 4,999 508.52 594.87

Bioinformatics PROTEINS 1,113 39.06 72.82
Bioinformatics D&D 1,178 284.32 715.66

Table 1: Statistics for unsupervised learning datasets.

Datasets We evaluate our method on total eight widely
used real-world datasets1, spanning three application do-
mains, as shown in Table 1. Specifically, we use two molec-
ular datasets (MUTAG, NCI1), four social network datasets
(COLLAB, RDT-B, RDT-M5K, IMDB-B), and two bioinfor-
matics datasets (PROTEINS, D&D).

Baseline Methods We primarily compare FA-GCL against
representative and advanced graph contrastive learning meth-
ods, including: InfoGraph (Sun et al. 2020), GraphCL (You
et al. 2020), JOAO (You et al. 2021), AD-GCL (Suresh
et al. 2021), SimGRACE (Xia et al. 2022), LG2AR (Has-
sani and Ahmadi 2022), RGCL (Li et al. 2022), GCS (Wei
et al. 2023), DRGCL (Ji et al. 2024), DGPM (Yan et al. 2024),
CI-GCL (Tan et al. 2024),and Dual-Prism (Xia et al. 2025).

Parameter Settings We follow standard evaluation pro-
tocols adopted by prior works (Chu et al. 2021; You et al.
2020; Sun et al. 2020; Narayanan et al. 2017) to ensure fair

1The datasets are publicly available at https://ls11-www.cs.tu-
dortmund.de/staff/morris/graphkerneldatasets.

and consistent comparisons. All models are evaluated using
10-fold cross-validation, and we report the average classifi-
cation accuracy across 10 runs as the primary metric. For
supervised baselines, we adopt the reported results from orig-
inal papers when applicable; otherwise, we re-implement and
tune them based on their released configurations. Classifi-
cation is performed using LIBSVM (Chang and Lin 2011),
where the regularization parameter C is selected from the set
{10−3, 10−2, . . . , 102, 103}. For FA-GCL, we use a 4-layer
GIN (Xu et al. 2019) as the backbone encoder to maintain
consistency across baselines. The hidden dimension is set to
128, batch size to 128, learning rate to 0.001, and the final
graph-level embedding dimension to 32.

Overall Comparison
Table 2 presents the classification results on multiple bench-
mark datasets. Several key observations emerge:

• Superior and consistent performance. FA-GCL consis-
tently achieves state-of-the-art results across all datasets.
Even on strong-performing datasets such as MUTAG and
NCI1, where existing methods already yield high accuracy,
FA-GCL further improves performance. This highlights
the robustness of our frequency-aware design in capturing
structural nuances that are critical for graph classification.

• Clear advantage over recent baselines. Compared to
strong unsupervised approaches such as GCS and DGPM,
FA-GCL achieves higher accuracy across diverse graph
domains. While these baselines rely on sophisticated rule-
based augmentations, our frequency-aware perturbation
adaptively targets high-frequency components, enabling
the extraction of informative local features while preserv-
ing global semantics. This advantage is particularly evident
on structurally complex datasets such as D&D and RDT-B.

• Effectiveness of frequency-guided perturbation. FA-
GCL’s performance gains stem from its ability to precisely
identify and perturb frequency-aware structures. Unlike
GCS, which uses semantic node sampling, FA-GCL di-
rectly leverages spectral decomposition to operate on high-
frequency signals, capturing fine-grained features that en-
hance contrastive learning effectiveness.

• Improvement over frequency-domain methods. FA-
GCL surpasses representative spectral approaches such as
CI-GCL and Dual-Prism. This improvement is attributed
to our learnable frequency-aware decomposition module,
which adaptively quantifies node- and edge-level frequency
contributions and dynamically modulates perturbation in-
tensity. This design generates more informative and gener-
alizable representations than static spectral methods.

Ablation Study
We conduct ablation studies on three representative datasets
(MUTAG, PROTEINS, and IMDB-B) to evaluate the contri-
butions of two key components: low-frequency-preserving
augmentation and dynamic difficulty adjustment. Specifically,
we compare the FA-GCL variants:
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Model
Small Molecules Social Network Bioinformatics

MUTAG NCI1 COLLAB IMDB-B RDT-B RDT-M5K PROTEINS D&D
InfoGraph (NeurIPS’20) 89.0±1.1 76.2±1.1 70.7±1.1 73.0±0.9 82.5±1.4 53.5±1.0 74.4±0.3 72.9±1.8
GraphCL (NeurIPS’20) 86.8±1.3 77.9±0.4 71.4±1.2 71.1±0.4 89.5±0.8 56.0±0.3 74.4±0.5 78.6±0.4

JOAO (ICML’21) 87.7±0.8 73.0±0.8 70.4±2.2 71.6±0.9 78.4±1.4 45.6±2.9 71.3±0.9 66.9±1.8
AD-GCL (NeurIPS’21) 88.6±1.2 75.8±0.6 73.9±0.7 71.5±1.0 85.3±1.0 54.7±0.6 75.0±0.5 75.8±0.4

SimGRACE (WWW’22) 89.0±1.3 79.1±0.4 72.4±1.2 71.3±0.7 86.2±1.1 50.6±1.9 75.3±0.1 76.2±1.3
LG2AR (ICML’22) 90.0±0.6 75.6±0.9 72.8±0.7 74.5±0.6 91.8±0.4 53.7±0.8 75.0±0.5 79.1±0.3
RGCL (ICML’22) 87.7±1.0 78.1±1.1 70.9±1.8 71.9±0.8 90.3±0.6 56.4±0.4 75.2±0.4 78.9±0.5
GCS (ICML’23) 88.1±0.7 76.2±0.9 74.2±0.7 72.3±0.6 90.2±0.8 56.3±0.3 75.1±0.5 76.4±0.3

DRGCL(AAAI’24) 89.5±0.6 78.7±0.4 70.6±1.4 72.0±0.5 90.8±0.3 56.3±0.2 75.2±0.6 78.4±0.7
DGPM (AAAI’24) 90.4±0.8 78.5±0.7 75.6±0.9 74.6±0.3 87.7±0.5 56.0±0.4 74.2±0.5 77.6±0.2
CI-GCL (ICML’24) 89.6±0.9 80.5±0.5 70.7±0.7 73.8±0.8 90.8±0.5 56.5±0.3 76.5±0.1 79.6±0.3

Dual-Prism (AAAI’25) 89.9±1.3 79.4±0.2 73.2±0.7 71.7±0.3 91.2±0.2 55.9±0.4 74.7±0.2 79.9±1.0

Ours 94.5±1.1 81.2±0.6 77.9±0.5 77.2±0.7 93.3±0.6 57.6±1.2 79.6±0.8 81.5±1.6

Table 2: Unsupervised representation learning classification accuracy (%) on TU datasets. Bold denotes the best performance
while Underline represents the second best performance.

Variation MUTAG PROTEINS IMDB-B
FA-GCL 94.5% 79.6% 77.2%

w/o low-frequency-preserving aug 89.8% 75.4% 74.1%
w/o dynamic difficulty adjustment 90.7% 76.1% 73.7%

Table 3: Ablation study on the key components of our method.
The term "w/o" indicates "without".

• w/o low-frequency-preserving augmentation: replaces
the frequency-aware augmentation with random edge/node
deletion to assess the effect of high-frequency perturbation.

• w/o dynamic difficulty adjustment: substitutes the adap-
tive negative sampling with random negatives, to evaluate
the effect of hardness-aware contrastive learning.

As reported in Table 3, both components significantly in-
fluence model performance. On MUTAG, removing low-
frequency-preserving augmentation causes accuracy drop,
demonstrating its critical role in generating informative pos-
itive views. Similarly, excluding dynamic difficulty adjust-
ment results in a accuracy decrease, underscoring the impor-
tance of adaptive hard negative sampling. Consistent trends
are observed on PROTEINS and IMDB-B, where the full FA-
GCL model outperforms each variant. These results validate
our design, indicating that frequency-aware augmentation
and hardness-aware contrastive sampling are individually
effective and mutually complementary. The low-frequency-
preserving augmentation maintains semantic consistency
across views, enabling the model to focus on globally rele-
vant structures, while dynamic difficulty negatives promote
more discriminative and fine-grained representations.

Hyperparameter Analysis
To gain deeper insights into the internal mechanism of FA-
GCL, we conduct a systematic sensitivity analysis on a key
hyperparameter α, which controls the minimum proportion
of low-frequency structural components to be removed dur-
ing the generation of hard negative samples. This parameter
directly influences the overall semantic difficulty of the nega-
tive samples and thus plays a critical role in contrastive learn-
ing. We evaluate the impact of α on three representative graph

datasets: MUTAG, PROTEINS, and IMDB-B. The hyperpa-
rameter is varied in the range α ∈ {0.1, 0.3, 0.5, 0.7, 0.9},
with all other configurations held constant. The results are
summarized in Fig. 3.

Figure 3: Hyperparameter Analysis
The experimental results demonstrate that the model

achieves optimal performance when α = 0.5. A too-small
α retains excessive low-frequency structure in the late train-
ing stages, leading to negative samples that are semantically
too close to the original graphs, thereby weakening the con-
trastive signal. On the other hand, an excessively large α
severely limits the adjustable range for the difficulty of nega-
tive samples, resulting in insufficient progression in difficulty
throughout training and ultimately restricting the model’s
capacity to learn complex structural features. Overall, a mod-
erate setting of α strikes a favorable balance between preserv-
ing semantic stability and introducing structural perturbation.
This enables more effective contrastive learning by gradually
increasing negative sample difficulty, thereby maximizing
the model’s generalization performance.

Conclusion
In this study, we propose FA-GCL, an adaptive frequency-
aware GCL framework that identifies and modulates high-
and low-frequency structural components in graphs. By
preserving low-frequency semantics and perturbing high-
frequency signals, FA-GCL generates more informative pos-
itives and progressively harder negatives to improve repre-
sentation learning. As frequency-aware GCL remains un-
derexplored, our work highlights its potential and opens a
promising direction for building robust, and semantically
graph representations in real-world scenarios.
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