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Abstract

Graph contrastive learning (GCL) has demonstrated great
promise for learning generalizable graph representations from
unlabeled data. However, conventional GCL approaches face
two critical limitations: (1) the restricted expressive capac-
ity of multilayer perceptron (MLP) based encoders, and (2)
suboptimal negative samples that are either generated from
random augmentations—failing to provide effective ‘hard neg-
atives’—or hard negatives crafted without addressing the se-
mantic distinctions crucial for discriminating graph data. To
this end, we propose Khan-GCL, a novel framework that inte-
grates the Kolmogorov–Arnold Network (KAN) into the GCL
encoder architecture, substantially enhancing its representa-
tional capacity. Furthermore, we exploit the rich information
embedded within KAN coefficient parameters to develop two
novel critical feature identification techniques that enable the
generation of semantically meaningful hard negative samples
for each graph representation. These strategically constructed
hard negatives guide the encoder to learn more discriminative
features by emphasizing critical semantic differences between
graphs. Extensive experiments demonstrate that our approach
achieves state-of-the-art performance compared to existing
GCL methods across a variety of datasets and tasks.

Code — https://github.com/zihuwang97/KhanGCL
Extended version — https://arxiv.org/pdf/2505.15103

Introduction
Graph Neural Networks (GNNs) are a class of machine learn-
ing models designed to learn from graph-structured data and
are critical for tasks such as social network analysis, molec-
ular property prediction, and recommendation systems. In-
tegrating self-supervised contrastive learning (CL) that has
gained popularity across a variety of domains (Oord, Li, and
Vinyals 2018; Chen et al. 2020; Gao, Yao, and Chen 2021;
Radford et al. 2021; Wang, Somayaji, and Li 2024; Wang
et al. 2023a,b, 2024b) into graph learning has given rise to
Graph Contrastive Learning (GCL), enabling pre-training
GNN encoders from unlabeled graph data (Veličković et al.
2018; You et al. 2020; Zhu et al. 2020; You et al. 2021).

However, how to train good GCL models for real-world
applications where labeled graphs are unavailable faces two
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challenges. First, existing GCL models employ Multilayer
Perceptron (MLP) encoders while facing a dilemma: shallow
MLPs limit the generalization ability of the encoder (Zhang
et al. 2024) while deep MLPs can easily overfit (Chen et al.
2022; Rong et al. 2019). In addition, deep GNN encoders can
overcompress, distort, or homogenize node features, making
node representations indistinguishable from each other and
leading to performance degradations (Li, Han, and Wu 2018).
These difficulties have rendered use of MLP encoders with a
limited depth. But in general, while being critical, striking a
good balance between expressiveness and need for mitigating
deep GNNs’ inherent limitations is difficult.

Second, the performance of GCL heavily relies on the
construction of augmented graph data pairs. Positive pairs
consist of views derived from the same graph using aug-
mentations (You et al. 2020, 2021), which help the encoder
learn semantically similar graph features. Conversely, neg-
ative pairs, comprising different graphs, provide crucial in-
formation about semantic differences and thus encourage the
learning of discriminative features (You et al. 2020, 2021;
Xia et al. 2021). In the CL literature, hard negatives refer
to samples from different classes that share similar latent
semantic features with a target data point. Recent studies
(Kalantidis et al. 2020; Xia et al. 2021; Luo et al. 2023; Wang
et al. 2024a) demonstrate that incorporating such hard neg-
atives significantly improves the encoder’s performance on
downstream tasks by making contrastive loss minimization
more challenging. However, generating high-quality hard
negatives remains a non-trivial task. The methods in (Chen
et al. 2020; Cui et al. 2021) enlarge the training batch size to
include more negatives, but without guaranteeing inclusion
of more hard negatives, this can lead to performance degra-
dation(Kalantidis et al. 2020). Additionally, the absence of
labels in unsupervised pre-training renders the introduction
of ‘false negatives’, formed by pairs of samples belonging
to the same class (Kalantidis et al. 2020; Xia et al. 2021).
Adversarial approaches generate negatives without explicitly
identifying which latent features are most crucial to discrimi-
nate negative pairs (Hu et al. 2021; Luo et al. 2023; Zhang,
Yang, and Shi 2024; Wang et al. 2024a). Therefore, more
effective methods are desired for generating hard negative
pairs to improve the performance of GCL.

We believe that tackling the challenges brought by lack of
labeled graph data and the inherent GNN problems in real-
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Figure 1: Left: Overview of the Khan-GCL framework. The encoder utilizes KAN to enhance expressive power and inter-
pretability. Leveraging the KAN architecture, we introduce two critical dimension identification techniques. By applying
small perturbations to these identified dimensions, we generate hard negative samples for each graph, thereby improving the
performance of this GCL approach. Right: UMAP(2018) visualization of the pre-trained KAN encoder’s output feature vectors
on the COLLAB dataset(Morris et al. 2020). Points are colored by class (three classes). We use CKFI to calculate features’
discriminative and independent scores using Equation 6 and 8. In (d), all dimensions yield poor separation. In (b) and (c),
removing less critical dimensions, the top 25% most independent and discriminative features improve data separation. In (a),
combining both types of feature dimensions (removing duplicates) achieves the best separation.

world applications requires advances in both GCL model
architecture and data augmentation. To this end, we propose
Khan-GCL: KAN-based hard negative generation for GCL.
In terms of model architecture, we replace typical MLP en-
coders with Kolmogorov-Arnold Network (KAN) (Liu et al.
2024). By integrating the Kolmogorov-Arnold representation
theorem into modern neural networks, KANs introduce learn-
able non-linear activation functions in the network, replacing
fixed activation functions in MLPs (Hornik, Stinchcombe,
and White 1989; Cybenko 1989). KANs impose a localized
structure on the trainable functions through their spline-based
kernel activations. This acts as a form of regularization, guid-
ing the model to learn smoother mappings that generalize
better. This increases representational power without requir-
ing a deeper network, which is critical for avoiding overfitting
when data is scarce. As a result, KAN-based encoders strike
a better balance between expensiveness and risks of inherent
issues in deep GNNs.

In terms of data augmentation, we develop Critical KAN
Feature Identification (CKFI), for generating hard negatives
in the representation space of KAN encoders. By exploiting
the nature of the B-spline coefficients, CKFI identifies two
types of critical features—discriminative and independent
features, highlighting the most sensitive and distinctive di-
mensions of the underlying graph structure. Applying small
perturbations to these critical features changes the essential
semantics of the graph while keeping it similar to the original
graph, hence generates hard negative pairs. Such high-quality
hard negatives improve the encoder’s ability to discriminate
subtle but crucial semantics in downstream tasks.

Our main contributions of this paper include:

1. We propose Khan-GCL, the first graph contrastive learn-
ing framework that integrates Kolmogorov-Arnold Net-
work (KAN) encoders into contrastive learning, increas-
ing the expressive power of GNNs.

2. We introduce CKFI, a novel approach for identifying two
types of critical KAN output features, which are most in-
dependent and most discriminative of varying underlying
graph structures, by exploiting the global nature of the
learned B-spline coefficients from KAN encoders.

3. We present a new method that minimally perturbs the
most critical output features of each KAN encoder to
generate semantically meaningful hard negatives, thereby
enhancing the effectiveness of graph contrastive learning.

Experiments across various biochemical and social media
datasets demonstrate that our method achieves state-of-the-art
performance on different tasks.

Related Works
Graph Contrastive Learning (GCL)
Graph Contrastive Learning (GCL) aims to learn powerful
representations from unlabeled graph data (Veličković et al.
2018; You et al. 2020; Zhu et al. 2020; You et al. 2021). Typ-
ically, GCL employs random data augmentation strategies to
generate diverse views of graphs to form positive and negative
pairs(You et al. 2020). Subsequent research has introduced
automated (You et al. 2021), domain-knowledge informed
(Zhu et al. 2021; Wang et al. 2021), and saliency-guided (Li
et al. 2025; Liu et al. 2021; Li et al. 2022) augmentation
approaches to further improve representation quality.

Recent studies in CL (Kalantidis et al. 2020; Xia et al.
2021) emphasize the significance of hard negatives, demon-
strating their effectiveness in enhancing downstream task
performance. While prior research (Chen et al. 2020; Cui
et al. 2021) suggests that enlarging training batch size to
include more negative samples can improve feature discrimi-
nation, merely increasing the number of negatives does not
inherently yield harder negative samples. In fact, continually
increasing batch size can lead to performance degradation
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Figure 2: Illustration of a KAN layer and our two proposed critical feature identification techniques. (a) An output dimension is
deemed independent when its removal from the coefficient tensor prevents accurate reconstruction of the original tensor (i.e.,
results in great reconstruction error). (b) Output dimensions comprising B-splines with high coefficient variance are considered
discriminative, as larger coefficient variance typically corresponds to greater functional variance.

in contrastive learning (Kalantidis et al. 2020). To explicitly
introduce hard negatives, (Kalantidis et al. 2020; Xia et al.
2021) propose ranking existing negatives in a mini-batch
based on their similarity and mixing the hardest examples to
produce hard negatives. However, the absence of labels in un-
supervised pre-training may introduce false negatives. More
recent approaches frame hard negative generation in GCL as
an adversarial process (Hu et al. 2021; Luo et al. 2023; Zhang,
Yang, and Shi 2024; Wang et al. 2024a), wherein a negative
generator attempts to maximize the contrastive loss while
the encoder aims to minimize it. However, current adver-
sarial approaches primarily focus on bringing negative pairs
closer without explicitly identifying critical latent dimensions
responsible for semantic differences.

Kolmogorov-Arnold Networks in Graph Learning
Kolmogorov-Arnold Network (KAN) (Liu et al. 2024) is a
novel neural network architecture demonstrating improved
generalization ability and interpretability over MLPs. Many
recent studies (Kiamari, Kiamari, and Krishnamachari 2024;
Zhang and Zhang 2024; Bresson et al. 2025; Li et al. 2024b)
have proposed KAN-based GNN architectures by directly
replacing MLPs in conventional models with KAN. These
studies reveal that KAN effectively enhances the expressive-
ness of traditional GNNs while mitigating the over-squashing
problem inherent in MLP-based architectures. Furthermore,
several studies have demonstrated KAN’s superior general-
izability over MLPs in specialized domains, including drug
discovery (Ahmed and Sifat 2024), molecular property pre-
diction (Li et al. 2024a), recommendation systems (Xu et al.
2024), and smart grid intrusion detection (Wu et al. 2025).

Beyond straightforward MLP substitution, KAA (Fang
et al. 2025) embeds KANs into the attention scoring func-
tions of GAT and Transformer-based models. KA-GAT (Chen
et al. 2025) combines KAN-based feature decomposition
with multi-head attention and graph convolutions, enhancing
the model’s capacity in high-dimensional graph data.

Preliminary
Graph Contrastive Learning aims to train an encoder f(·)
which maps graph data x ∈ Rm to representations z ∈ Rn.

In pre-training, a projection head h(·) is often employed to
project the representations to v ∈ Rp. GCL typically applies
two random augmentation functions A1(·) and A2(·), sam-
pled from a set A of augmentations, to produce two views
of each graph from a batch Bo = {xo

i }Ni=1 to get a batch
of augmented graphs B = {xi}2Ni=1, where x2i = A1(x

0
i ),

x2i+1 = A2(x
0
i ). These views are then encoded and pro-

jected to Rp, i.e., zi = f(xi) and vi = h(zi). A contrastive
loss (Chen et al. 2020; You et al. 2020) is applied to en-
courage similarity between positive pairs and dissimilarity
between negative pairs:

LCL =
1

2N

N∑
i=1

−[log
exp(sim(v2i,v2i+1)/τ)∑
j ̸=2i exp(sim(v2i,vj)/τ)

+log
exp(sim(v2i+1,v2i)/τ)∑

j ̸=2i+1 exp(sim(v2i+1,vj)/τ)
]

(1)

Here sim(·, ·) calculates the cosine similarity between two
vectors. τ is a temperature hyperparameter. Although various
GCL methods have been developed, their contrastive losses
are defined similarly.

Kolmogorov-Arnold Networks integrate the Kolmogorov-
Arnold representation theorem into modern neural networks.
A KAN layer Φ, which maps input data from Rdin to Rdout ,
is defined as:

xout
j =

din∑
i=1

ϕi,j(x
in
i ) ∀j ∈ {1, 2, . . . , dout} (2)

xin
i and xout

j denote the input and output components at
dimensions i and j, respectively. Each univariate function
ϕi,j represents a learnable non-linear function associated
with the connection from the ith input dimension to the jth
output dimension. These functions are usually parameterized
using B-splines (Liu et al. 2024), such that:

ϕi,j(·) =
∑
k

cijkBijk(·) (3)

Bijk(·) denotes the B-spline basis functions for ϕi,j(·), and
cijk represents their corresponding trainable coefficients.
All coefficients at a KAN layer can thus be denoted as
C = {cijk} ∈ Rdin×dout×dc , where dc is the number of
coefficients used to define each B-spline function.
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Method
Overview
Figure 1 (left) illustrates Khan-GCL, the first GCL frame-
work with a KAN-based encoder. By parameterizing non-
linearity with trainable basis function coefficients, KANs
offer improved generalizability and interpretability over con-
ventional MLPs. Leveraging the rich non-linear information
in KAN coefficients, we introduce CKFI to identify two
types of critical features. Small perturbations applied to these
features generate hard negatives that alter sample semantics
while preserving structural similarity. Incorporating these
hard negatives during pre-training guides the encoder to learn
more discriminative graph features.

Critical KAN Feature Identification (CKFI)
Independent Dimensions in KANs According to Equa-
tion 2, each latent dimension in a KAN layer combines a
unique set of non-linear functions, capturing distinct non-
linear features from the input. However, as each B-spline
function is a linear combination of basis functions Bijk(·)
(Equation 3), any output dimension whose coefficients are
linearly dependent on those of other dimensions can be ex-
pressed as a linear combination of them, indicating redun-
dancy.
Proposition 1 (KAN layer output dependency). For a
KAN layer with coefficients C = {cijk} ∈ Rdin×dout×dc ,
we denote the slice corresponding to output dimension d
by C:,d,: ∈ Rdin×dc . If C:,d,: is a linear combination of
C:,d1,:,C:,d2,:, . . . ,C:,dn,:, the dimension d’s output feature
can be expressed as a linear combination of dimensions
d1, d2, . . . , dn.

Thus, conversely, we define an independent dimension as
one whose coefficients cannot be expressed as linear combi-
nations of coefficients from other dimensions, thus encoding
truly unique features globally from the entire input domain.

To identify independent dimensions in a KAN layer, as il-
lustrated in Figure 2(a), we attempt to reconstruct the original
coefficient tensor C of the layer after removing coefficients
from each output dimension. Specifically, given the coeffi-
cients C = [cijk] ∈ Rdin×dout×dc from a KAN layer, we per-
form higher-order singular value decomposition (HOSVD)
with each output dimension dj , 1 ≤ j ≤ dout removed as
follows:

C(−j) ≈ G ×1 U(1) ×2 U(2) ×3 U(3) (4)

Here C(−j) ∈ Rdin×(dout−1)×dc denotes the tensor obtained
by removing the jth mode-2 slice from C. G ∈ Rr1×r2×r3

is the core tensor containing singular values of C(−j), and
U(1),U(2),U(3) are orthogonal bases for each mode of
C(−j). The notation ×n denotes the mode-n tensor product.

Then we reconstruct the coefficients C using C(−j). First,
we project the removed jth mode-2 slice back to the sub-
space spanned by U(1) and U(3) to get M̃(2)

j . Integrating

M̃
(2)
j into U(2) ∈ Rr2×(dout−1), we get Ũ(2)

j ∈ Rr2×dout ,

the approximated basis U
(2)
j including the jth dimension.

Subsequently, we reconstruct C as follows:

C̃j = G ×1 U(1) ×2 Ũ
(2)
j ×3 U(3) (5)

where C̃j is the reconstruction with the jth mode-2 slice
removed from C. The reconstruction error can be calculated
using the Frobenius norm:

δj = ∥C̃j − C∥F (6)

A larger reconstruction error δj indicates that the jth output
dimension encodes more unique features, as it becomes diffi-
cult to be accurately reconstructed when excluded from the
tensor decomposition.

Discriminative Dimensions in KANs In this section, we
focus on discriminative dimensions, providing an orthogo-
nal perspective to the aforementioned independent dimen-
sions. In downstream discrimination tasks, latent dimensions
exhibiting larger output variance are preferred since they
effectively separate different data points.

To implement discriminative feature identification in prac-
tice, one can naively sample mini-batches from a dataset
and calculate the variance at each dimension. However, es-
timating variance from randomly sampled mini-batches can
introduce bias and additional computational overhead. In-
stead, we examine the coefficients of KAN layers, which
provide a ‘global’ view of the distribution of the underlying
features. As illustrated in Figure 2(b), the shape of a B-spline
curve closely aligns with the pattern of its coefficients. To
formally establish this observation, we present the following
proposition, establishing an upper bound on the variance of a
uniform B-spline function based on its coefficients’ variance.
Proposition 2 (Variance Upper Bound of a Uniform B-s-
pline Function). ϕ(x) =

∑
k ckBk(x) is a uniform B-spline

function defined over the interval [a, b]. {Bk(x)}dc

k=1 denotes
the set of uniform B-spline basis functions and {ck}dc

k=1 are
the corresponding coefficients. The variance of ϕ(x) over its
input domain satisfies the following inequality:

Var[ϕ(x)] =

∫ b

a
(ϕ(x)− µϕ)

2dx ≤ M(0) · σ2
c , (7)

where µϕ = 1
b−a

∫ b

a
ϕ(x)dx is the mean of ϕ(x), M(0) =∫

[Bk(x)]
2dx is identical for all Bk(x) for a uniform B-

spline, and σ2
c = 1

dc

∑dc

k=1(ck−µc)
2 represents the variance

of the coefficients {ck}dc

k=1 with µc =
1
dc

∑dc

k=1 ck being the
mean.

Equation (7) implies that the variance of the output of a
B-spline function over its input domain is bounded by the
variance of its coefficients. Consequently, as illustrated in
Figure 2(b), we exploit the variance of coefficients in each
feature dimension to assess the discriminative power of that
dimension. Specifically, in a KAN layer whose coefficients
are denoted by C = [cijk] ∈ Rdin×dout×dc , we quantify the
discriminative capability of an output dimension j using the
average variance across all B-spline functions associated with
that dimension as follows:

ρj =
1

din
·
din∑
i=1

σ2
cij

(8)

where µcij = 1
dc

∑dc

k=1 cijk, and σ2
cij = 1

dc

∑dc

k=1(cijk −
µcij )

2 denoting the variance of coefficients for the B-spline
function ϕi,j(·) linking the ith input dimension to the jth out-
put dimension. A dimension j with a large ρj is considered
more discriminative w.r.t. the input data.
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Datasets BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE AVG

AttrMasking(Hu et al. 2019) 64.3±2.8 76.7±0.4 64.2±0.5 61.0±0.7 71.8±4.1 74.7±1.4 77.2±1.1 79.3±1.6 71.1
GraphCL(You et al. 2020) 69.7±0.7 73.9±0.7 62.4±0.6 60.5±0.9 76.0±2.7 69.8±2.7 78.5±1.2 75.4±1.4 70.8
JOAOv2(You et al. 2021) 71.4±0.9 74.3±0.6 63.2±0.5 60.5±0.5 81.0±1.6 73.7±1.0 77.5±1.2 75.5±1.3 72.1
RGCL(Li et al. 2022) 71.4±0.7 75.2±0.3 63.3±0.2 61.4±0.6 83.4±0.9 76.7±1.0 77.9±0.8 76.0±0.8 73.2
GraphACL(Luo et al. 2023) 73.3±0.5 76.2±0.6 64.1±0.4 62.6±0.6 85.0±1.6 76.9±1.2 78.9±0.7 80.1±1.2 74.6
DRGCL(Ji et al. 2024) 71.2±0.5 74.7±0.5 64.0±0.5 61.1±0.8 78.2±1.5 73.8±1.1 78.6±1.0 78.2±1.0 72.5
CI-GCL(Tan et al. 2024) 74.4±1.9 77.3±0.9 65.4±1.5 64.7±0.3 80.5±1.3 76.5±0.9 80.5±1.3 84.4±0.9 75.4

Khan-GCL 73.5±0.6 78.3±0.3 66.3±0.3 65.0±0.9 84.3±1.2 77.5±0.4 80.7±0.6 80.9±1.0 75.8

Table 1: Transfer learning performance (ROC-AUC scores in %) for graph classification across 8 datasets. Results for benchmark
methods are reported from their respective original publications.

Hard Negatives in Khan-GCL
Prior research (Kalantidis et al. 2020; Xia et al. 2021) sug-
gests that in contrastive learning, the most effective hard
negatives for a graph satisfy two key criteria: (a) their key
identity is different from the original graph, and (b) they main-
tain high semantic similarity to the original graph. Therefore,
to generate an effective hard negative for a graph, we aim
to produce a variant with minimal deviation from the orig-
inal while strategically distorting its key characteristics.
As shown in Figure 1 (right), two types of CKFI dimensions
include the most important features to recognize data from
different classes. Applying small perturbations to them can
thus effectively change the identity of a feature vector.

We propose applying small perturbations to graph rep-
resentations from the encoder’s last layer to generate hard
negatives in the output space of the encoder. Specifically, we
define these perturbations as follows:

pδ = {pδi = αi · uδ
i : uδ

i ∼ N (ϵδ · δi, σ2
δ ), αi ∼ Rad}

pρ = {pρi = αi · uρ
i : uρ

i ∼ N (ϵρ · ρi, σ2
ρ), αi ∼ Rad}

(9)

Here ϵδ > 0 and ϵρ > 0 are hyperparameters scaling
δ = {δi} and ρ = {ρi} computed by the proposed CKFI
method for feature i per Equations (6) and (8), respectively.
σ2
δ and σ2

ρ represent the variance hyperparameters of the
Gaussian distributions. With these perturbations, dimensions
that are highly discriminative or independent (i.e., those with
large ρi or δi values) receive perturbations from Gaussian dis-
tributions with larger means. Since ϵρ · ρi > 0 and ϵδ · δi > 0
for all dimensions i, we introduce αi sampled from the
Rademacher distribution Rad to ensure that perturbations
pρi and pδi are approximately equally likely to be positive or
negative. With these perturbations critical dimensions receive
more substantial perturbations on average.

During training, with a mini-batch of N graphs, the aug-
mented graph data is denoted by B = {xj}2Nj=1 of size 2N ,
and their latent representations are Bz = {zj}2Nj=1. For each
representation zj in Bz , we sample perturbation vectors pρ

j

and pδ
j and produce the hard negative of zj as:

zhardj = zj + pρ
j + pδ

j (10)

The generated hard negative zhardj is then projected to
vhard
j by the projection head and utilized in our proposed

hard negative loss:

LHN =
1

2N

2N∑
j=1

log[exp(sim(vj , sg(v
hard
j )))] (11)

To prevent model collapse, we apply a stop-gradient operator
sg(·) to hard negatives vhard

i . Finally, we write the overall
training loss LKhan of Khan-GCL as:

LKhan = LCL + LHN (12)

Experiments
In this section, we conduct comprehensive experiments
across diverse datasets and tasks to demonstrate the efficacy
of our approach. Furthermore, we conduct extensive ablation
studies to provide deeper insights into the mechanisms under-
lying our proposed method. In all tables, bold values denote
the best performance on the corresponding dataset, while
underlined values indicate the second-best performance. All
experiments are run on a single NVIDIA A100 GPU.

Model architecture and hyperparameters. For fair com-
parison, we follow the general contrastive learning hyper-
parameter settings of (You et al. 2020). In our KAN-based
encoder implementation, we systematically replace all MLPs
in the backbone architectures of (You et al. 2020) with Cubic
KAN layers (utilizing 3rd order B-spline functions) while
maintaining identical input, output, and hidden dimensions.

Datasets. We conduct experiments on Zinc-2M (Sterling
and Irwin 2015), 8 biochemical datasets from (Wu et al.
2018), 8 diverse biochemical/social network datasets from
the TU-datasets collection (Morris et al. 2020), and MNIST-
superpixel (Monti et al. 2017).

Main Results
Transfer learning is a widely adopted evaluation proto-
col for assessing the generalizability and transferability of
representations learned by GCL methods. We pre-train our
backbone encoder on the large-scale molecular dataset Zinc-
2M (Sterling and Irwin 2015) using the proposed Khan-GCL
framework, then finetune the pre-trained encoder on 8 bio-
chemical datasets for graph classification tasks. Table 1 shows
the graph classification accuracy across these datasets.
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Datasets DD MUTAG NCI1 PROTEINS COLLAB RDT-B RDT-M5K IMDB-B AVG

InfoGraph (Sun et al. 2019) 72.9±1.8 89.0±1.1 76.2±1.0 74.4±0.3 70.1±1.1 82.5±1.4 53.5±1.0 73.0±0.9 74.0
GraphCL(You et al. 2020) 78.6±0.4 86.8±1.3 77.9±0.4 74.4±0.5 71.4±1.1 89.5±0.8 56.0±0.3 71.1±0.4 75.7
JOAOv2(You et al. 2021) 77.4±1.1 87.7±0.8 78.4±0.5 74.1±1.1 69.3±0.3 86.4±1.5 56.0±0.3 70.1±0.3 74.9
AD-GCL (Suresh et al. 2021) 75.8±0.9 88.7±1.9 73.9±0.8 73.3±0.5 72.0±0.6 90.1±0.9 54.3±0.3 70.2±0.7 74.8
RGCL(Li et al. 2022) 78.9±0.5 87.7±1.0 78.1±1.1 75.0±0.4 71.0±0.7 90.3±0.6 56.4±0.4 71.9±0.9 76.2
DRGCL(Ji et al. 2024) 78.4±0.7 89.5±0.6 78.7±0.4 75.2±0.6 70.6±0.8 90.8±0.3 56.3±0.2 72.0±0.5 76.4
TopoGCL(2024) 79.1±0.3 90.1±0.9 81.3±0.3 77.3±0.9 - 90.4±0.5 - 74.7±0.3 -
CI-GCL(Tan et al. 2024) 79.6±0.3 89.7±0.9 80.5±0.5 76.5±0.1 74.4±0.6 90.8±0.5 56.6±0.3 73.8±0.8 77.7

Khan-GCL(Ours) 80.6±0.7 91.4±1.1 80.8±0.9 76.9±0.8 75.2±0.3 92.2±0.3 56.9±0.5 75.0±0.4 78.6

Table 2: Unsupervised learning performance (accuracy in %) for graph classification on TU-datasets. Results for benchmark
methods are quoted from their original publications, except for AD-GCL and InfoGraph, which are reported from (Li et al. 2022).

Datasets DD MUTAG NCI1 PROTEINS COLLAB RDT-B RDT-M5K IMDB-B

AFANS(Wang et al. 2024a) - 90.0±1.0 80.4±0.5 75.4±0.5 74.7±0.5 91.1±0.1 - -
ANGCL(Zhang, Yang, and Shi 2024) 78.8±0.9 92.3±0.7 81.0±0.3 75.9±0.4 72.0±0.7 90.8±0.7 56.5±0.3 71.8±0.6
GraphACL(Luo et al. 2023) 79.3±0.4 90.2±0.9 - 75.5±0.4 74.7±0.6 - - 74.3±0.7

Khan-GCL(Ours) 80.6±0.7 91.4±1.1 80.8±0.9 76.9±0.8 75.2±0.3 92.2±0.3 56.9±0.5 75.0±0.4

Table 3: Unsupervised learning performance (accuracy in %) for graph classification on TU-datasets, comparing Khan-GCL
against existing hard negative integrated GCL methods. Benchmark results are from their corresponding original publications.

Datasets DD MUTAG NCI1 PROTEINS

GraphCL 78.6±0.4 86.8±1.3 77.9±0.4 74.4±0.5
GraphCL (KAN) 78.9±0.6 88.4±0.9 78.0±1.0 75.1±0.3
Ours 80.6±0.7 91.4±1.1 80.8±0.9 76.9±0.8

JOAOv2 77.4±1.1 87.7±0.8 78.4±0.5 74.1±1.1
JOAOv2 (KAN) 78.7±0.5 88.6±0.8 79.0±0.5 75.3±0.6
JOAOv2+Ours 80.2±1.1 92.1±0.3 81.5±0.7 77.0±0.9

Table 4: Ablation study results on the effectiveness of KAN
in Khan-GCL. Unsupervised learning results (in %) for graph
classification on TU-datasets are reported.

Khan-GCL achieves the best overall results compared to
all state-of-the-art methods. KAN’s better generalization ca-
pability and the hard negative generation technique enhance
the encoder’s generalizability and ability to discriminate be-
tween subtle yet critical differences across graph structures.

Unsupervised learning aims to assess a GCL pre-training
method’s efficacy on diverse datasets. Following established
protocols in (Sun et al. 2019; You et al. 2020), we pre-train
our encoder on 8 datasets from TU-datasets (Morris et al.
2020). Subsequently, we employ an SVM classifier to evalu-
ate the pre-trained encoder’s feature representation quality.

Table 2 presents a comprehensive comparison between
Khan-GCL and other state-of-the-art GCL approaches in un-
supervised learning experiments. Khan-GCL achieves the
best performance on 6 out of 8 datasets and yields the best
overall results across all methods due to the powerful KAN
encoder and effective generation of hard negatives. Further-
more, Table 3 compares Khan-GCL’s effectiveness against
existing hard negative integrated GCL methods, where our

Original Nearest Neighbors of Hard Negative

7 1 41 2 1

5 0 8 7 5 0

4 9 25 1 6

Figure 3: MNIST-superpixel graphs with their generated hard
negatives’ nearest neighbors in the latent space. Red numbers
indicate ground truth labels. The nearest neighbors of a sam-
ple’s hard negatives are typically similar to the sample while
belonging to different classes.

approach attains optimal results on 6 out of 8 datasets.
By targeting critical dimensions identified through CKFI,

Khan-GCL emphasizes essential semantic features, which
significantly enhance its classification capabilities compared
to existing hard negative integrated methods.

Nearest neighbors retrieval of the generated hard nega-
tives. To better elucidate the effectiveness of the generated
hard negatives, we pre-train an encoder using Khan-GCL on
MNIST-superpixel (Monti et al. 2017), where handwritten
digits from the MNIST dataset (LeCun et al. 1998) are rep-
resented as graphs. During pre-training, we generate hard
negatives for each graph and retrieve the nearest neighbors
of each hard negative in the feature space across the entire
dataset. Figure 3 illustrates sample digit graphs alongside the
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Datasets DD MUTAG NCI1 PROTEINS COLLAB RDT-B RDT-M5K IMDB-B AVG

GraphCL (You et al. 2020) 78.6±0.4 86.8±1.3 77.9±0.4 74.4±0.5 71.4±1.1 89.5±0.8 56.0±0.3 71.1±0.4 75.7
w/o hard neg. 78.9±0.6 88.4±0.9 78.0±1.0 75.1±0.3 73.8±0.5 90.0±1.3 56.3±0.4 73.7±0.4 76.8
w/ rand-perturb 78.3±0.9 87.5±0.6 78.7±0.3 76.2±1.1 72.9±1.3 91.1±0.3 56.1±0.2 72.2±1.2 76.6
w/o d-dims 79.4±1.1 89.6±0.4 79.1±0.6 76.9±0.7 74.7±0.9 91.7±0.8 56.0±0.7 73.9±0.4 77.7
w/o i-dims 80.2±0.7 89.2±0.9 79.9±0.5 76.2±1.1 75.5±0.5 90.6±1.2 56.3±0.5 74.4±0.9 77.8

Khan-GCL 80.6±0.7 91.4±1.1 80.8±0.9 76.9±0.8 75.2±0.3 92.2±0.3 56.9±0.5 75.0±0.4 78.6

Table 5: Ablation study results for Khan-GCL. Unsupervised learning results (in %) for graph classification on TU-datasets are
reported.

DD MUTAG NCI1 PROTEINS COLLAB RDT-B RDT-M5K IMDB-B

w/o hard neg.
w/ random-perturb
w/o d-dims
w/o i-dims
Khan-GCL

Methods
GraphCL

Figure 4: Ablation study results for Khan-GCL. Unsupervised learning results (in %) for graph classification on TU-datasets are
shown.

five nearest neighbors of their corresponding hard negatives.
The ground truth label for each graph is displayed in red
at the bottom right corner. As shown in Figure 3, the near-
est neighbors of a sample’s hard negatives typically exhibit
structural similarity to the original sample while belonging
to different classes. This observation confirms that forming
negative pairs between a sample and such generated hard neg-
atives effectively guides the encoder to discriminate between
semantically similar samples from different classes.

Ablation Study
Effectiveness of the KAN Encoder and Compatibility of
Khan-GCL with Existing GCL Methods. We conduct
targeted experiments to assess the KAN encoder’s impact
on Khan-GCL. Specifically, we evaluate Khan-GCL vari-
ants without CKFI and hard negative generation (‘GraphCL
(KAN)’ and ‘JOAOv2 (KAN)’ in Table 4) against their base-
lines. We also introduce ‘JOAOv2+Ours’, which applies the
full Khan-GCL framework to JOAOv2. Results show that
KAN-enhanced variants outperform their counterparts even
without hard negatives, demonstrating KAN’s superior abil-
ity in modeling non-linearity. Adding hard negatives yields
further gains, confirming its effectiveness and Khan-GCL’s
compatibility with diverse GCL methods.

Effectiveness of two feature identification techniques in
hard negative generation. In this section, we evaluate the
contributions of our two proposed critical feature identifica-
tion techniques in hard negative generation. We introduce
three variants of Khan-GCL: (1) ‘w/o d-dims’, where nega-
tives are generated by perturbing only independent dimen-
sions; (2) ‘w/o i-dims’, where perturbation is limited to dis-
criminative dimensions; and (3) ‘w/ rand-perturb’, which gen-
erates negatives by applying random Gaussian noise across

all dimensions. Figure 4 presents the performance of these
configurations on unsupervised learning tasks. While ‘w/
rand-perturb’ yields performance improvements over ‘w/o
hard neg.’ (a Khan-GCL variant with KAN encoder but with-
out hard negative generation) on several datasets, it occasion-
ally results in performance degradation. Both specialized per-
turbation approaches (‘w/o d-dims’ and ‘w/o i-dims’) outper-
form the baseline, demonstrating the effectiveness of targeted
feature identification technique. Additionally, Khan-GCL,
which integrates both proposed feature identification tech-
niques in CKFI, achieves the most substantial improvement
and the best overall results, confirming the complementary
nature of our dual feature identification approach.

Conclusion
We propose Khan-GCL, the first KAN-based graph con-
trastive learning framework, which balances expressive
power and risks of inherent issues of deep GNNs by using
a KAN-based encoder. We also introduce CKFI to identify
discriminative and independent features, enabling the genera-
tion of hard negatives through minimal perturbations. These
hard negatives guide the encoder to learn critical semantics
during contrastive pre-training. Extensive experiments on
biochemical and social network datasets demonstrate that
our approach significantly improves generalization and trans-
ferability, achieving the state-of-the-art performance. Addi-
tional details and experimental results are provided in the
Extended version.

For future work, exploring feature perturbation and hard
negative generation in intermediate layers of a KAN encoder
is promising. Further, reducing the additional training cost
introduced by KAN’s spline computations through more effi-
cient architectures is worth investigating.
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