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Abstract

Graph contrastive learning (GCL) aims to learn represen-
tations by bringing semantically similar graphs closer and
pushing dissimilar ones farther apart without label supervi-
sion. Hard negatives, which refer to graphs that have dif-
ferent labels but similar embeddings to the target graph,
play a key role in improving representation discrimination.
However, current methods that generate both high-quality
positives and hard negatives face two challenges: (1) Hard
negative sample generation often suffers from class imbal-
ance, resulting in unequal attention across classes and re-
duced discriminative power in the learned representations.
(2) The typical binary positive sample generation approach,
which divides the graph into important and unimportant se-
mantic regions, overlooks regions that negatively impact se-
mantics and mislead model predictions. To address these
issues, we introduce a novel method named BalanceGCL,
which enhance graph contrastive learning with balanced hard
negatives and fine-grained semantic-aware positives. Bal-
anceGCL comprises two modules: Balanced Hard Negative
graphs generation (BHN) and Fine-grained Semantic-aware
Positive graphs generation (FSP). Inspired by the counter-
factual mechanism, BHN generates balanced hard negatives
that remain structurally similar to the original graph while
inducing a controlled semantic shift. To ensure class bal-
ance, BHN iteratively constructs one hard negative sample for
each class, ensuring an even distribution of negative samples
across all alternative categories. FSP leverages the semantic
differences between original graphs and balanced hard nega-
tives to identify positively contributing, negatively contribut-
ing, and unimportant regions. By enhancing the influence of
positive contributors, suppressing negative ones, and perturb-
ing unimportant areas, it generates more reliable and seman-
tically complete positive samples. The proposed method out-
performs state-of-the-art GCL techniques across 14 datasets
in graph classification and transfer learning tasks, demon-
strating its effectiveness in tackling class imbalance and iden-
tifying fine-grained semantic-aware regions.

Code — https://github.com/YeLiu-Lab/Balance GCL

Introduction
Graph Contrastive Learning (GCL) (Li et al. 2022) enables
effective unsupervised graph-level representation learning
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without relying on human-labeled data. The objective of
GCL is to bring similar (positive) graphs closer in the em-
bedding space while pushing dissimilar (negative) graphs
farther apart (Tian et al. 2020). Consequently, a key diffi-
culty in GCL is how to generate high-quality positive and
negative graphs such that the contrastive objective can ef-
fectively capture meaningful semantic similarities and dif-
ferences.

Existing GCL approaches generate high-quality positive
graphs by designing diverse augmentation schemes that pre-
serve critical structures or attributes while perturbing unim-
portant components. Earlier studies used human-defined
heuristics for graph augmentation, e.g., unimportant edge
perturbation (Zhu et al. 2021), unimportant node feature
masking (Liu et al. 2022), important subgraph sampling
(Qiu et al. 2020) and graph diffusion (Hassani and Khasah-
madi 2020). Recently, learning-based augmentation meth-
ods have employed a data-driven manner to adaptively iden-
tify important regions. For example, GCS (Wei et al. 2023)
identified the most semantically discriminative structures
of a graph via contrastive learning, generating semanti-
cally meaningful augmentations by preserving discrimina-
tive structures with saliency information. Inspired by invari-
ant rationale discovery, RGCL (Li et al. 2022) employs a
learnable GNN-MLP generator to identify key structures
by maximizing similarity between the original graph and
its rationale subgraph. However, these methods typically
use binary partitioning, preserving positively relevant re-
gions while perturbing the rest, overlooking fine-grained re-
gions with negative semantic impact. For instance, in toxic
molecule classification, groups like nitro (—NOs) or hy-
droxyl (—OH) often enhance toxicity and are correctly iden-
tified as positively contributing regions. In contrast, stabiliz-
ing groups such as methyl (—CH3) suppress toxicity (Pin-
heiro, Franco, and Fraga 2023), but are often misclassified
as important or irrelevant, neglecting their negative seman-
tic impact on representation learning.

On the other hand, for negative graphs generation, tradi-
tional methods like GraphCL (You et al. 2020) uniformly
sample negatives from all graphs and inevitably introduce
false negatives, meaning negative graphs that likely share
the same label as the original instances, which ultimately de-
grades GCL performance. To mitigate this issue, a Prototypi-
cal Graph Contrastive Learning (PGCL) approach (Lin et al.



2022) performed negative sampling from all clusters except
the cluster of the target. Recently, several works improve the
discrimination of GCL by creating hard negatives, which
have a different label while their embeddings are close to
that of the target. For example, (Luo et al. 2023) incorpo-
rated a generation branch called GraphACL that maximizes
the contrastive learning loss in an adversarial way, enabling
the hard negatives to approach the target graphs. (Yang et al.
2023a) introduced the counterfactual mechanism into GCL,
minimizing structural differences between original and per-
turbed graphs while maximizing classification probability
differences, thereby generating hard negative graphs. How-
ever, existing negative graph generation methods only en-
sure label difference from the target, ignoring class distri-
bution. This often results in imbalanced negative samples,
especially in datasets with uneven class distributions. Such
imbalance may cause GCL to overfit common negatives and
fail to learn sufficient information to distinguish rarer neg-
atives, limiting its discriminative ability. To validate this,
we generate negative samples by sampling from original
datasets or CGC (Yang et al. 2023a) with three class dis-
tributions: Balanced, Random, and Highly Imbalanced. All
other settings strictly follow those of GraphCL (You et al.
2020). Negative samples with a Balanced distribution are
evenly selected across all classes. In the Random setting,
samples are chosen randomly. For the Highly Imbalanced
setting, 75% of negatives come from one class, with the re-
maining 25% evenly spread among others. As shown in Fig.
1, negative samples generated with a balanced distribution
achieved significantly higher accuracy than other strategies,
demonstrating a superior discriminative representation.

ENZYMES Synthie COLORS-3

Accuracy

0.45
[ Sampling

CGC [ Balanced [ Random Oél Highly Imbalanced

Figure 1: The impact of different negative sample distribu-
tions, including balanced, random, and highly imbalanced
settings, on model accuracy using the ENZYMES, Syn-
thie and COLORS-3 datasets. The model is based on the
GraphCL framework, with negative samples either selected
directly from the dataset (denoted as Sampling) or generated

using the CGC method.

To addresses the aforementioned challenges, we propose
a new method named BalanceGCL, which generates bal-
anced hard negatives and fine-grained semantic-aware pos-
itive samples. BalanceGCL consists of two modules: Bal-
anced Hard Negative graphs generation (BHN) and Fine-
grained Semantic-aware Positive graphs generation (FSP).
Specifically, BHN introduces structure and feature pertur-
bations on the original graph to shift the prediction from the
original class to a specific target class, while preserving con-
fidence in other classes and minimizing deviation from the
original graph. By applying this strategy to each class, BHN
generates balanced hard negatives. FSP identifies regions
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with positive, negative, or negligible semantic impacts by
comparing class-aware gradients between the original and
balanced hard negative graphs. These regions facilitate the
generation of fine-grained semantic positives by perturbing
uninformative areas to enhance diversity, reinforcing posi-
tively contributing regions to preserve key semantics, and
suppressing negatively contributing ones to minimize inter-
ference. This process ensures accurate semantic alignment
with the original graph. The workflow of BalanceGCL is
shown in Fig. 2. In short, the contributions can be summa-
rized as follows:

* We propose a new method called BalanceGCL, which
facilitates the GCL by generating balanced hard negative
graphs and fine-grained semantic-aware positive graphs.

Based on counterfactual explainability, the BHN module
generates balanced hard negative graphs by minimally
perturbing the original graph to decrease its original class
probability, increase that of a target class, and maintain
confidence in other classes.

The FSP module is proposed to construct fine-grained
semantic-aware positive graphs based on positively con-
tributing, negatively contributing and unimportant re-
gions calculated by the class-specific gradient of bal-
anced hard negative graphs and original graphs.

BalanceGCL is evaluated on 14 benchmark datasets from
biology, chemistry, and social sciences across unsuper-
vised graph classification and transfer learning tasks,
demonstrating its state-of-the-art performance.

Related Work
Graph Contrastive Learning

Numerous works have been devoted to constructing posi-
tive graphs in GCL to maximize the similarity of positive
pairs. A pioneering work GraphCL (You et al. 2020) gener-
ates positives using four types of random graph augmenta-
tions, including attribute masking, node dropping, edge per-
turbation, and subgraph sampling. However, random graph
perturbations can cause semantic information loss, degrad-
ing GCL performance. To address this, many rule-based
augmentations have been developed to preserve key struc-
tures and features. For example, (Zhu et al. 2021) used node
centrality to highlight key structures and features, assign-
ing lower perturbation probabilities to less important links
and features, while (Li et al. 2023) employed motif cen-
trality to identify dense subgraph patterns as important re-
gions. Recently, many works have proposed learning-based
augmentations to automatically discover and preserve im-
portant regions. For example, (Yin et al. 2022) and (Suresh
et al. 2021) used learnable graph generators to model dis-
tributions for adaptive node dropping and feature masking.
(Li et al. 2022) extracted discriminative rationale features
for contrastive learning on rationale-aware views. (Wu et al.
2023) employed a graph generative adversarial network with
a view generator and discriminator to learn graph distribu-
tions via a min-max game. However, these methods use a bi-
nary partitioning strategy dividing graphs into important and



unimportant regions, overlooking negatively contributing re-
gions. This can cause suboptimal augmentation by mislead-
ing model predictions if such negative regions are not prop-
erly handled.

For the generation of negative graphs, traditional ran-
dom graph augmentation, like GraphCL (You et al. 2020),
may cause false negative graphs. To ensure generated neg-
atives differ in label from the original graph, (Lin et al.
2022) selected negatives from clusters distinct from the
original graph’s cluster. (Yang et al. 2023b) obtained se-
mantically meaningful positives and negatives using high-
confidence clustering results. (Wei et al. 2023) first identi-
fied discriminative and irrelevant structures via contrastive
learning, then generated diverse augmentations using graph
contrastive saliency as positives and negatives. To further
improve GCL’s discriminative ability, recent works focus on
generating hard negative graphs, which have different labels
but are highly similar to the original graph. For example,
(Luo et al. 2023) produced hard negative samples by uti-
lizing alternating optimization, which aims to increase con-
trastive loss while reducing redundancy. (Yang et al. 2023a)
used a counterfactual mechanism to minimize structural but
maximize semantic differences, producing semantically dis-
tinct negatives. However, existing GCL methods do not en-
sure class-balanced negative graph distributions, leading to
overfitting on frequent classes and poor discrimination of
rare ones.

Graph Counterfactual Explainability

Graph Counterfactual Explainability (GCE) (Prado-Romero
et al. 2024) explores how modifications to the input graph
affect GNN predictions, helping to interpret the behav-
ior of black-box GNN models under varying conditions.
According to (Prado-Romero et al. 2024), GCE methods
can be generally categorized into three types, including
search, heuristic and learning-based approaches. Search-
based methods (Liu et al. 2021; Faber, Moghaddam, and
Wattenhofer 2020) identify existing instances in the dataset
as counterfactuals for a given input, while heuristic-based
approaches (Wellawatte, Seshadri, and White 2022; Abrate
and Bonchi 2021) generate counterfactuals by perturbing the
original graph to alter its prediction. Formally, given a graph
G = V, & with node set V and edge set £, a valid coun-
terfactual G’ should satisfy ®(G) # ®(G’), where ®(-) is
the prediction of a trained model and G’ is a counterfactual
example constructed by introducing perturbation. Learning-
based approaches employ a data-driven approach to learn
proper perturbations during training, then they generate the
counterfactual during inference. Among them, perturbation
matrix-based methods (Lucic et al. 2022; Tan et al. 2022)
are the most popular. These methods typically generate a
counterfactual graph G’ for a given graph G by minimiz-
ing the loss: ming: Djnst(G’',G) — B Dprea(P(G), 2(G')),
where D,,..q measures the prediction difference between G
and G’, D;,: quantifies the perturbation between them, and
[ balances the two terms. For example, CF-GNNExplainer
(Lucic et al. 2022) created an optimal counterfactual exam-
ple by minimizing both negative log-likelihood (D) and
element-wise difference (D;,s:) between the original graph
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Figure 2: The framework of BalanceGCL.

and counterfactual graph. CF? (Tan et al. 2022) minimizes
the Ly norm of perturbations on edges and features, while
enforcing that the prediction probability of the original class
is lower than that of at least one alternative class.

Methodology
Balanced Hard Negative Graphs Generation
To address the class imbalance in hard negatives, inspired by
the counterfactual mechanism, we propose a module called

BHN to generate balanced hard negative graphs. The details
of the BHN module are illustrated in Fig. 3(a).

Feature and Edge Perturbation. Given a graph G°
(Vi, &L A?, X?) with node set V¢ and edge set £¢, where
X € RV and A € RN"*N" represent its correspond-
ing feature and adjacency matrix. For brevity, we denote G°
as G' = (A%, X%) in the following. We generate its corre-
sponding negative graphs by introducing two perturbation
matrices 0% € RV *? and 637 € RN *N" on features and
structures, respectively. Mathematically, the perturbed fea-
ture matrix Xy and adjacency matrix A% are defined as

(D

To ensure a valid graph structure, we apply binarization to
each element of A" as:

A%d = T (sigmoid(A™Y) > w),

neg —

XHd —

neg

X4 539, AP = Al 4 51

)

where w is a predefined threshold. The sigmoid function nor-
malizes A7 into the range [0, 1], and Z(-) denotes the indi-
cator function that outputs 1 if the condition holds and 0
otherwise.

Negative Graphs Generation. After introducing pertur-
bations, we aim to constrain these perturbations to gen-
erate balanced hard negative graphs that are structurally
similar but semantically distinct while maintaining an even
distribution across classes. To achieve this goal, we de-
velop a strategy that encourages semantic shifts under ex-
plicitly regulating the class-wise distribution of generated
negative samples, avoiding overwhelming generation into
a few classes. Let k£ denote the total number of classes,
and g(-) € R represent the pre-trained classifier. Given
an original graph G¢ = (X A?) with predicted pseudo
label p’ = argmax g(G?), to ensure class balance among
the negative graphs, we generate k — 1 hard negative graphs



{Qneg’q =L2,... kq#p
graph is associated with one of the remaining k& — 1 classes
excluding the predicted pseudo-class p’. The construction
process is formulated as follows:

} for G*, where each negative

N k

> (7 (99 (G)? — g4

i=1 q—l
1 i i) 2
o 2 (930G — 04(60)°).
7k} \ {p’L? q}?

where g, ( neg) denotes the ¢-th element of the prediction
vector g(gn +), representing the predicted probabilities of

assigning the negative sample gn to the g-th class. ~ bal-
ances the two terms. The first term in Eq. (3) is designed
to minimize the probability of assigning Gnaf to the pseudo-
label class p’, while simultaneously maximizing its prob-
ability of being assigned to class ¢. This dual objective en-
sures that the negative sample is confidently categorized into
class g, which is explicitly distinct from the original graph’s
pseudo label p’. By using the squared term, the optimiza-
tion process is accelerated, enabling faster convergence and
more efficient model training. The second term in Eq. (3)
enforces prediction consistency for the remaining classes,
thereby constraining the semantic shift induced by perturba-
tion to occur solely between the pseudo-label p’ and the tar-
get class ¢. By iterating over all remaining k£ — 1 classes ex-
cluding the class p?, Eq. (3) ensures that the generated nega-
tive samples for each graph are evenly distributed across the
remaining classes.

Moreover, to further ensure that these balanced negative
samples are hard negatives that are similar to the original
graph G’ with respective to feature and structure, we employ
the following formulation:

=YY A

(Gad)?)

€)

with p’ = argmax ¢(G%),r = {1, ...

Al
i=1 g=1,q7#p*
N “
Loc=) > X -xl,
i=1 q=1,q7#p*

where p’ = argmax g¢(G*) and || - ||2 is the Ly norm. As
a result, by combining Eq. (4) and Eq. (3), the total loss for
balanced hard negative graphs generation is:

Lx =algy +Lc, Lo =0alg, + L, (@)

Here, « is a hyperparameter that balances the perturbation
term (Lg, Or L4, ) and the semantic constraint loss £.. By
minimizing Lx and LA separately, for each original input
graph G, we generate 2k — 2 balanced hard negative sam-
ples, denoted as {gneg}271 , for contrastive training. The
first &k — 1 negatives are Constmcted by perturblng the graph
structure, i.e., {Gng = (Aﬁqu, X#)1E=1 while the remain-
ing k — 1 are generated by perturbing the feature matrix:

{Gnit = (AT, X50) 1282
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Fine-grained Semantic-aware Positive Graphs
Generation

To ensure accurate semantic alignment between the positive
graph and the original graph, we propose partitioning the
graph into three types of semantically relevant regions: pos-
itively contributing, negatively contributing, and unimpor-
tant contributing regions. Different perturbation strategies
are then applied to each region accordingly. The details of
the FSP module are illustrated in Fig. 3(b).

Identification of Semantic-relevant Regions. The bal-
anced hard negative samples generated by the BHN mod-
ule are structurally similar to the original graph, but are pre-
dicted into different classes. This property enables a fine-
grained analysis of how perturbations in structure or fea-
tures can lead to significant semantic shifts in model predic-
tions. Specifically, we first compute the element-wise par-
tial derivative of g,:(G’) with respect to the input feature

matrix X, defined as (W?)U) _ 9g,:(6%)

- 0Xi,.,

sures the sensitivity of the model’s prediction for class p’
with respect to each input feature X¢ . Accordingly, the
element-wise product (WX'), . o X,,m reflects the actual
contribution of each element of original input feature to
the prediction of class p’. This process is formulated as:
RX' = WX’ o Xi, WX' = 22090 e
Hadamard product. A higher value of (RX"),,, indicates a
greater contribution of the (m, n)-th feature element to the
class p’. Similarly, the average contribution of each feature
element in the £ — 1 feature-perturbed negative samples to
the prediction of class p’ can be measured as follows:

This mea-

, where o denotes the

,a iq 39 (gneg)
neg _ 1 Z legg o X;’quawr)lgg - (‘;;7)(71,,1;
neg
qaép
where gf;gg = (A, Xﬁ’qu) is the g-th feature-perturbed neg-

ative sample of the i-th original graph. Next, we partition
the features into three different types of regions based on the
relative relationship between RXg and RX'.

Positively Contributing Region: Since feature-perturbed
negative graphs are expected to yield predictions different
from that of the original graph (i.e., class p*), we expect
the (m,n)-th feature element to contribute less to class p
in the negative graphs if it had a positively contribution to
class p in the original graph. In other words, if (RX"),,,, is
larger, then the corresponding value (Rﬁ;)mn in the feature-
perturbed negative graph should be lower. Therefore, the re-
gion contains features that contribute positively to classifi-
cation of original graph is identified by the following:

- 0x), (6)

where 6x is a pre-defined threshold. Regions in the original
graph are defined as positively contributing to the original
category p’ only if its feature contribution to class p’ exceeds
that in the corresponding negative graphs by a reasonable
threshold.

IX, = ReLURX —

neg
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Figure 3: Detailed illustration of BHN and FSP modules. In BHN, perturbations are applied to node features and edges to gen-
erate balanced hard negatives. In FSP, gradient analysis identifies positively, negatively, and unimportant contributing regions
of the graph, which are then differentially perturbed to ensure semantic consistency.

Negatively Contributing Region: Similarly, if a feature
element contributes negatively to the prediction of class p’ in
the original graph, we expect its contribution to class p’ to be
higher in the corresponding negative graphs than in the orig-
inal. In other words, a lower value of (RX"),,,, in the orig-

inal graph should correspond to a higher value of (Rﬁ;)mn
in the feature-perturbed negative graphs. Based on this prin-
ciple, regions containing features that negatively influence
the classification of the original graph are identified as

RX - RX' — ¢x). 7

neg
A region in the original graph is considered to negatively
contribute to class p’ if its feature contribution to p’ is signif-
icantly lower than that in the corresponding negative graphs,
exceeding a predefined threshold.

Unimportant Region: If the contribution of a feature el-
ement to class p’ in the negative graph shows negligible dif-
ference compared to its contribution in the original graph,
the corresponding region is defined as unimportant with re-
spect to the classification decision. It is formalized as

) . 8)

In parallel, we compute the contribution of graph structure,
i.e., adjacency matrix A’, to the class that original graph
belongs by a similar strategy,

X! — ReLU

neg

> Xt
Iuni -R

neg

— ReLU (ex - ‘in

89111' (gi)

RY =W oAl Wi = =52

k

i 1 iq . iq 89 i (géé’é)

Rrﬁg =7 _q Z Wrﬁg © A;’e?g’wrﬁg ==

kE—1 pur] OAL
q#p*

I}, = ReLUR™ —RA, — 04),

I, = ReLU(RZ, — R* —0a),

A" — ReLU <9A - ‘RA - RQgD .
— . )

where If;%s’ Ié\eg, and IA: denote the positively contributing,

negatively contributing, and unimportant regions in the adja-
cency matrix A" with respect to the class label of the original
graph, respectively.
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Positive Samples Generation. After partitioning the
graph into three kinds of regions, to generate positive sam-
ples that preserve fine-grained semantics consistent with the
original graph, we incorporate promotional, suppressed and
random perturbations that amplify the influence of positively
contributing regions, suppress the influence of negative ones
and randomly perturb unimportant areas, respectively, as
follows.

i _ N\X? X X > X X

5xi - Nuni o Iuni + Npos © Ipos + Nneg © Ineg (10)
J _ WA TA! A _TA! A’ Al

EAi - Nuni o Iuni + Npos o Ipos + Nneg © Ineg7

where o denotes the Hadamard product. NX; and NA;

are independently sampled from the zero-mean Gaussian
distribution A'(0,0%); NX_ and N are sampled from

pos pos ‘ _
N (X, 02) and N (bl 0%), respectively; and NxX,.Na,

pos> 0 pos> 0
are sampled from N (bpy, 07) and N (bje, 07 ), respectively.
Here, bX > 0 and b2, > 0 enforce promotional perturba-

> Ypos pos
tions on positively contributing regions, while bfég < 0 and

bég < 0 apply suppressive perturbations on negatively con-

tributing regions. Then, by leveraging distinct {o; }j”il, we
can introduce different levels of perturbations to generate M
positive samples {Gpst = (Apss, Xf,"(fs)}Jle for the i-th orig-
inal graph, characterized by

XL,J — Xi

2o A = I(sigmoid (A" + Ehi) > W).

. - (1)
Here, Xpos and Apgs represent the perturbed feature matrix
and adjacency matrix of the j-th positive sample, respec-
tively. w is a predefined threshold, and Z(-) denotes the in-

dicator function, consistent with its definition in Eq. (2).

J
+ Eexis

Contrastive Loss

The goal of GCL is to learn an encoder f(-) €
R", which maps each graph into a compact represen-
tation for the downstream tasks such as graph classi-
fication. After obtaining {Gpi é”il and {Gnet (21’;2, we
utilize the InfoNCE contrastive loss (Oord, Li, and
Vinyals 2018) to train the graph encoder: L oner

1 exp(sim(z;,227) /T
_Zﬁlzﬁllogz p(sim(z,2,50)/7)

oy exp(sim(zi,zaed) /7))

where sim(-, -)



and 7 are the cosine similarity and temperature parameter
respectively. z; = f(G"), zpss = f(Gpst) and zgey = f(Gneg)
are the representation of the i-th anchor graph, the j-th posi-
tive graph and the g-th negative graph associated with anchor
graph.

Experiments
Comparison with State-of-the-Art Methods

We compare our proposed BalanceGCL with ten state-of-
the-art approaches, including three traditional positive sam-
ple generation methods, i.e., InfoGraph (Sun et al. 2020),
GraphCL (You et al. 2020), and MVGRL (Hassani and
Khasahmadi 2020), six advanced positive sample genera-
tion methods, i.e., AD-GCL (Suresh et al. 2021), JOAO (You
et al. 2021), RGCL (Li et al. 2022), GCS (Wei et al. 2023),
DRGCL (Ji et al. 2024), and GPS (Ju et al. 2025) and an
advanced negative sample generation method CGC (Yang
et al. 2023a). For unsupervised learning, we benchmark Bal-
anceGCL on six established datasets in TU datasets. For
transfer learning, we initially perform self-supervised pre-
training on the ZINC-2M (Sterling and Irwin 2015) dataset.
Afterward, the backbone model is fine-tuned on eight bench-
mark multi-task binary classification datasets from the bio-
chemistry domain, which are part of MoleculeNet (Wu et al.
2018). To conduct evaluations on datasets without initial
node attributes, we develop BalanceGCL-edge, which only
applies edge perturbation in Eq. (2). Similarly, we construct
BalanceGCL-attr by employing only attribute perturbation
as defined in Eq. (1), enabling a systematic comparison be-
tween structural and feature perturbation strategies. Details
of datasets, evaluation protocols, models, hyperparameters,
and baselines are in Section III of the Appendix.

Graph Classification Result Analysis. Table. 1 presents
the unsupervised graph-level classification results. The
experimental results indicate that BalanceGCL con-
sistently outperforms other state-of-the-art methods.
Firstly, compared with traditional methods, such as
GraphCL, InfoGraph, and MVGRL, our approach achieves
notable improvements. Secondly, BalanceGCL significantly
outperforms advanced positive sample generation methods,
for example, BalanceGCL improves upon DRGCL by
2.0 %, AD-GCL by 3.2%, RGCL by 3.3%, and GCS by
3.4% on average. This is because these methods use a
binary partitioning strategy, which fails to account for
the negatively contributing region, resulting in degrading
semantic integrity. In contrast, our method BalanceGCL
incorporates fine-grained regional partitions in positive
sample generation and applies tailored perturbations to
each type of regions. Thirdly, BalanceGCL achieves an
average performance gain of 3.0% over CGC by explicitly
addressing class imbalance in the negative samples through
Eq. (3), which enforces balanced attentions across different
classes.

Transfer Learning Result Analysis. Since the ini-
tial node features in all transfer learning datasets are
two-dimensional categorical attributes, we adopt the
BalanceGCL-edge variant for pre-training. Table. 2 presents
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without node attr

Model RDT-M5K IMDB-M COLLAB
InfoGraph 53.44+1.4 49.67 £ 1.1 73.84 £ 1.7
GraphCL 56.81 £ 1.5 50.80 £ 0.3 74.60 £ 1.5
MVGRL 52.03 £ 1.6 50.20 £ 0.3 7844 +1.4
AD-GCL 55.65 £ 0.9 50.47 £ 0.4 74.38 £ 1.8

JOAO 56.43 £ 1.2 50.36 £ 0.4 73.22 £ 2.0

RGCL 56.69 £ 1.3 50.21 £ 0.2 73.28+1.9

GCS 55.13 £ 1.4 48.82 0.2 7423+ 1.4

DRGCL 56.71 £ 1.8 50.63 £ 0.3 72.96 £ 2.0

GPS 56.30 £ 1.2 51.07+0.4 74.19 £ 1.6

BalanceGCL-edge | 57.41+1.83 51.70+ 0.3 78.73+1.9
with node attr

Model ENZYMES COLORS-3 Synthie
InfoGraph 56.74 £ 0.7 73.74 £ 0.6 62.25 £ 0.6
GraphCL 53.54 £ 1.9 72.90 £ 0.7 69.75 £ 0.8
MVGRL 56.21 £ 1.3 77.23+£0.7 74.05 £ 0.7
AD-GCL 54.16 £ 0.7 73.51£0.9 75.10 £ 0.7

JOAO 52.89 £ 1.3 76.83 £ 0.9 64.50 £ 1.0

RGCL 55.45 £ 0.9 77.26 £0.8 70.20 £ 0.5

CGC 54.84 £ 1.1 75.13 £ 0.8 74.25 £ 0.7

GCS 56.12 £+ 0.8 76.58 £ 1.3 71.55+£ 0.9
DRGCL 56.33 £ 0.4 78.90 £ 0.8 74.85 £ 0.4
GPS 55.73 £0.8 77.64+£1.0 72.65 £ 0.7
BalanceGCL-attr 59.68 + 0.6 7751 £ 1.0 77.45+£0.7
BalanceGCL-edge 58.37 £ 0.6 78.86 £ 0.7 77.60 £ 0.6
BalanceGCL 60.29 £+ 0.5 80.18 £+ 0.9 78.75 + 0.6

Table 1: Unsupervised graph-level classification accuracy
(%) on TU datasets. Bold and underline denote the best and
second best performance respectively.

the transfer learning results. The baseline No pre-train,
which trains the backbone model directly via supervised
multi-task classification without pretraining, yields the
lowest overall performance. Our BalanceGCL framework
achieves the best performance on 7 out of 8 benchmark
datasets, with an average ROC-AUC 1.8% higher than the
second-best method. On the BACE dataset, its slightly lower
performance is due to the nearly balanced class distribu-
tion (around 1:1), where the benefits of BalanceGCL, which
is designed for class-imbalanced scenarios, are less pro-
nounced. These results validate that more discriminative
backbone model can be achieved by generating fine-grained
semantic-aware positive and balanced hard negative graphs,
which is essential for effective knowledge transfer to down-
stream tasks.

Ablation Studies

We conduct ablation studies to evaluate the effectiveness
of BalanceGCL by designing the following variants: (1)
w/o BHN module: This variant selects 2k — 2 random
samples from the dataset as negative samples for each
graph. (2) w/o class balance: This variant model adopts

k .

Lo = -XX, % D (p(@)p(Gid)) from CGC

q=1,q#p"
(Yang et al. 2023a) to replace L. in Eq. (5). (3) w/o FSP
module: This variant replaces the FSP module with random
perturbations used in GraphCL (You et al. 2020), applying
a perturbation rate of 0.2. (4) w/o positively contributing
region: This variant eliminates the positively contributing

regions by setting I;f); and Ilf;); in Eq. (10) as all-zero ma-

trix. (5) w/o negatively contributing region: This variant



Model BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE avg.
No Pre-Train 65.8+4.5 74.0 £ 0.8 63.4 + 0.6 57.3+ 1.6 58.0 + 4.4 71.8+2.5 75.3+ 1.9 70.1+5.4 66.9
InfoGraph 68.5 £ 0.6 74.5 £ 0.6 63.2+£0.5 59.7+ 0.8 77.3+3.1 74.6 £1.7 76.9 £ 0.9 77.7+0.9 71.5
GraphCL 69.7 + 0.7 73.94+0.7 62.4+ 0.6 60.5 + 0.9 76.0 £ 2.7 69.8 £ 2.7 78.5 £ 1.2 754+ 1.4 70.8
MVGRL 69.0 + 0.5 74.5 + 0.6 62.6 = 0.5 62.6 + 0.6 778+ 2.2 73.3+14 77.1+0.6 77.2+1.0 71.8
AD-GCL 70.0+1.1 76.5 + 0.8 63.1£0.7 63.3+0.8 79.8 +3.5 723+ 1.6 783+ 1.0 78.5+0.8 71.5
JOAO 70.2+1.0 75.0+ 0.3 62.9+0.5 60.0 £ 0.8 81.3+2.5 71.6 +£1.4 76.7 £ 1.2 77.3+0.5 71.9
RGCL 71.4+0.7 75.2+0.2 63.3 £0.2 61.4+£0.6 83.44+0.9 76.7+1.0 77.94+0.8 76.0 £ 0.8 73.2
GCS 70.4+0.5 74.7+£0.3 63.7 £ 0.2 60.4 £0.4 80.7+ 1.9 75.9+1.4 78.2+1.0 77.5+0.4 72.7
DRGCL 71.2+0.5 74.7+£0.5 64.0 £0.5 61.1£0.8 782+ 1.5 73.8+£1.1 78.6 +1.0 78.2+1.0 72.5
GPS 71.5 4+ 0.9 - 64.4+ 0.3 - 82.1+2.9 75.6 +£ 1.7 79.0+ 1.1 80.1 4+ 0.8 -
BalanceGCL-edge | 72.8 +0.7 76.8+0.5 64.9+0.4 64.4+0.7 839+19 79.1+1.2 79.84+0.8 79.44+0.8 75.0

Table 2: Transfer learning performance of molecular property prediction on ZINC-2M (mean ROC-AUC (%) + std over 10
runs. Bold and Underline denote the best and second best performance respectively.

Variation ENZYMES COLORS-3 Synthie
(1) w/o BHN module 56.79+£0.5 75.53+0.8 74.35+0.7
(2) w/o class balance 57.34+0.6 76.61+0.9 76.20+0.6
(3) w/o FSP module 56.65 0.7 75.40+£0.8 75.65+£0.5
(4) w/o positively contributing region | 57.86 £0.6 77.31+1.0 76.85+0.6
(5) w/o negatively contributing region | 58.84+0.6 76.98+0.9 77.50 £ 0.5
(6) w/o unimportant region 59.324+0.6 79.39+1.0 77.80+0.7
BalanceGCL 60.29+0.5 80.18+0.9 7875+0.6

Table 3: Ablation study results for BalanceGCL on three
datasets, the accuracy of classification results is reported.

Xi

removes the negatively contributing regions by setting L7,

and I{}e; in Eq. (10) as all-zero matrix. (6) w/o unimpor-

tant region: This variant removes the unimportant regions
by setting IX. and I2: in Eq. (10) as all-zero matrix.

The results of ablation studies are shown in Table 3.
First, replacing balanced hard negatives with random per-
turbations (w/o BHN module) significantly degrades per-
formance across all datasets, highlighting the BHN mod-
ule’s importance. Additionally, removing class balance (w/o
class balance) also causes notable drops, confirming that
class-balanced negative graphs are essential for improving
GCL discrimination. Secondly, we compare our method
with four ablated variants: w/o FSP module, w/o positively
contributing region, w/o negatively contributing region, and
w/o unimportant region. Removing the entire FSP module
causes the most significant performance drop, confirming
its crucial role in preserving fine-grained semantics during
positive sample generation. Excluding any of the three re-
gion types also leads to performance degradation, under-
scoring that jointly modeling positive, negative, and unim-
portant regions is essential for optimal performance. Finally,
we evaluate the impact of feature and structure perturbations
by comparing BalanceGCL-attr and BalanceGCL-edge in
Table. 1. Results show that removing either perturbation
degrades performance, with attribute perturbation having a
slightly greater impact. This highlights the complementary
roles of both in generating balanced hard negative graphs.

Visualization Analysis

We perform a visualization analysis on the Tox21 dataset for
toxic substance classification. Specifically, we visualize the
contribution of each bond (edge) to toxicity prediction by
highlighting positively contributing, negatively contributing,
and unimportant regions identified by BalanceGCL. These
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Figure 4: Visualization of semantically relevant regions on
the Tox21. (1): the ground-truth molecular structures with
toxic substructures highlighted in red and substructures that
reduce toxicity marked in blue; (2)-(4): positively contribut-
ing, negatively contributing, and unimportant regions iden-
tified by BalanceGCL.

correspond to functional groups promoting toxicity, inhibit-
ing toxicity, or having neutral impact, respectively. More
details about this experiment are provided in Section III-
E of the Appendix. As shown in Fig. 4, BalanceGCL re-
veals chemically meaningful regions consistent with known
molecular substructures. This highlights BalanceGCL can
accurately identify semantically aligned structural patterns.

Conclusion

We propose BalanceGCL to address two key limitations in
existing GCL methods: (1) the coarse binary partition of se-
mantic regions in positive graphs generation, and (2) the im-
balanced distribution of hard negative graphs. BalanceGCL
contains two modules: (1) BHN: This module generates
class-balanced hard negative graphs based on counterfac-
tual perturbations and a semantic loss. (2) FSP: This mod-
ule generates fine-grained semantic-aware positive samples
by identifying three types of semantic-contributing regions
through comparisons between the original and balanced hard
negative graphs. Comprehensive experiments on benchmark
datasets demonstrate the superiority of BalanceGCL. Our
future work will focus on improving the efficiency of gener-
ating positive and negative graphs.
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