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Abstract

Self-supervised graph representation learning (GRL) typically
generates paired graph augmentations from each graph to infer
similar representations for augmentations of the same graph,
but distinguishable representations for different graphs. While
effective augmentation requires both semantics-preservation
and data-perturbation, most existing GRL methods focus
solely on data-perturbation, leading to suboptimal solutions.
To fill the gap, in this paper, we propose a novel method,
Explanation-Preserving Augmentation (EPA), which lever-
ages graph explanation for semantics-preservation. EPA first
uses a small number of labels to train a graph explainer, which
infers the subgraphs that explain the graph’s label. Then these
explanations are used for generating semantics-preserving aug-
mentations for boosting self-supervised GRL. Thus, the entire
process, namely EPA-GRL, is semi-supervised. We demon-
strate theoretically, using an analytical example, and through
extensive experiments on a variety of benchmark datasets,
that EPA-GRL outperforms the state-of-the-art (SOTA) GRL
methods that use semantics-agnostic augmentations.

Code — https://github.com/realMoana/EPA-GRL
Extended version — https://arxiv.org/abs/2410.12657

Introduction

Inspired by recent progress in self-supervised representation
learning in vision and language domains (Chen et al. 2020),
contrastive learning has emerged as a predominant technique
for graph representation learning (GRL). Typically, two aug-
mentations are generated for each graph with the objective
of learning similar representations for augmentations of the
same graph but discriminative representations for augmen-
tations of different graphs. The success of self-supervised
GRL is grounded in an effective augmentation strategy. Anal-
ogous to image data augmentation (He et al. 2020), an ideal
pair of graph augmentations should concurrently be able to
(1) inherit the semantics — which may be represented by
signature subgraphs pertinent to the classification — of their
original graph; and (2) present sufficient variance from each
other (Yin et al. 2022).
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Figure 1: Semantics-preserving ability of different augmenta-
tions.

However, most existing works only focus on structural
perturbations that add variance to the augmented graphs but
largely neglect the need for preserving semantics. For ex-
ample, in graph contrastive learning (GraphCL) (You et al.
2020) and JOAO (You et al. 2021), an augmented graph is
typically generated by perturbing its original graph through
random node/edge dropping, feature masking, and subgraph
extraction. The randomness in these perturbations inevitably
induces substantial alterations to some important (sub-)graph
structures or features that may result in a considerable loss of
semantics, which in turn, may lead to significant performance
drops in downstream tasks.

Fig. 1 illustrates an experiment that evaluates the
semantics-preserving ability of different augmentation tech-
niques. A Graph Neural Network (GNN) classifier (Kipf and
Welling 2017) is first trained on the training partition of a
benchmark dataset (i.e., BA-2motifs (Luo et al. 2020) or MU-
TAG (Debnath et al. 1991)), and its accuracy is then evaluated
on the original graphs in the test set and the augmented graphs
derived from them, respectively. Two augmentation methods
are included. “Random-Aug” represents randomly dropping
nodes from the original graph in a semantics-agnostic man-
ner. “EPA-Aug” is an explanation-preserving augmentation
(EPA) that operates in a semantics-preserving manner (which
will be introduced later). From Fig. 1(a), the fully trained
GNN can accurately classify the graphs in the original test
set. However, it has a sharp drop in accuracy on the “Random-
Aug” graphs, suggesting a significant loss of semantics (i.e.,
class-related subgraphs).

In contrast, the accuracy on “EPA-Aug” graphs is close



to that of the original graphs, implying effective semantics-
preservation. Fig.1(b) shows the graph embeddings in BA-
2motifs. A large distribution shift from the original graphs
to the “Random-Aug” graphs can be observed. In addi-
tion, “EPA-Aug” well preserves the distribution of the origi-
nal embeddings while presenting sufficient variance. Thus,
semantics-preserving augmentations are more suitable than
semantics-agnostic ones for training a generalizable GNN
using GRL.

Prior attempts to address semantics preservation either rely
on domain-specific knowledge (Sun et al. 2021), which lim-
its generalizability, or employ parameter perturbations (Xia
et al. 2022) that may implicitly alter graph structures. Some
methods use unsupervised approaches to preserve structural
patterns (Shi, Zhou, and Liu 2023), but without label guid-
ance, these patterns may be irrelevant to class discrimination,
limiting their effectiveness for downstream tasks.

In this paper, we aim to develop semantics-preserving aug-
mentation techniques — using models trained by leveraging
only a few labeled input samples — to enhance GRL. In-
spired by recent research on explainable Al (XAI) for graphs
(Ying et al. 2019; Luo et al. 2020; Yuan et al. 2022), we
propose a novel approach, Explanation-Preserving Augmen-
tation enhanced GRL (EPA-GRL), which leverages graph
explanation techniques for generating augmented graphs that
can bridge the gap between semantics-preservation and data-
perturbation. Methods for explaining GNNs usually learn a
parametric graph explainer that can identify a sub-structure
(e.g., benzene ring) in the original graph (e.g., molecule) that
distinguishes the graph from the graphs of other classes (Luo
et al. 2020). In other words, the explainer infers semantics
represented by subgraph patterns. In light of this, EPA-GRL
is designed as a two-stage approach. At the pre-training stage,
it learns a graph explainer using a handful of class labels. At
the representation learning stage, for each input graph, EPA-
GRL uses the explainer to extract a semantic subgraph and
perturbs the rest of the original graphs (i.e., marginal sub-
graph). The semantics subgraph and the perturbed marginal
subgraph are combined to form an augmented graph, which
is fed to a contrastive learning framework for representation
learning. In this way, EPA-GRL uses a few labeled graphs
and relatively more unlabeled graphs, establishing a novel
label-efficient semi-supervised GRL framework. In summary,
the main contributions are as follows.

* We identify a key limitation of the existing GRL augmen-
tation methods as per the criteria — semantics-preservation
and data-perturbation — of data augmentation.

* This work is the first to explore the potential of a few class
labels in semantics-preservation for GRL. We propose a
new semi-supervised GRL framework with a novel aug-
mentation method EPA, which introduces XAl to GRL for
semantics-preserving perturbation.

* We show theoretically, via an analytical example, that by
operating on the output embeddings of a GRL model,
the accuracy gap of an empirical risk minimizer under
semantics-preserving and semantics-agnostic augmenta-
tions can be arbitrarily large.

* We conduct experiments on 6 benchmark datasets with
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extensive comparison of augmentation methods and con-
trastive learning frameworks. The results validate the ef-
fectiveness of the proposed EPA-GRL method, especially
when labeled data are limited.

Related Work

Graph Contrastive Learning. Contrastive learning on
graphs includes node-level (Zhu et al. 2020, 2021b) and
graph-level tasks (Sun et al. 2020; You et al. 2020, 2021;
Suresh et al. 2021; Yin et al. 2022; Xia et al. 2022). This
study focuses on graph-level tasks. GraphCL (You et al. 2020)
performs graph contrastive learning using four different data
augmentation methods: node dropping, edge dropping, sub-
graph sampling, and attribute masking; JOAO (You et al.
2021) propose a unified bi-level optimization framework that
automatically selects the suitable data augmentation method
from GraphCL; AD-GCL (Suresh et al. 2021) utilizes adver-
sarial augmentation methods to prevent GNN's from capturing
redundant information from the original graph during train-
ing; AutoGCL (Yin et al. 2022) uses learnable graph view
generators guided by an automated augmentation strategy
to introduce appropriate augmentation variances during con-
trastive learning; SimGRACE (Xia et al. 2022) uses different
graph encoders as generators of contrastive graphs and com-
pares the semantic similarity between graphs obtained from
the perturbed encoders for contrastive learning. DRGCL (Ji
et al. 2024) generates augmented graphs by randomly retain-
ing certain representation dimensions and refines them using
learnable, dimension-specific weights. CI-GCL (Tan et al.
2024) proposes a community-invariant contrastive learning
framework by leveraging community information to con-
struct positive pairs.

Explainable Graph Neural Networks. Explainability in
GNN s has gained significant attention, with various methods
proposed to enhance transparency in graph-based tasks (Ying
et al. 2019; Luo et al. 2020; Yuan et al. 2020, 2021; Wang and
Shen 2023; Xie et al. 2022; Ma et al. 2022; Miao et al. 2023;
Fang et al. 2023; Zheng et al. 2024; Chen et al. 2024). These
approaches improve understanding of GNN decisions at both
instance (Ying et al. 2019; Luo et al. 2020; Wang et al. 2021a;
Zhang, Luo, and Wei 2023; Chen et al. 2024) and model lev-
els (Yuan et al. 2020; Wang and Shen 2023; Shin, Kim, and
Shin 2024). Early methods like Saliency Maps (Baldassarre
and Azizpour 2019) and Grad-CAM (Pope et al. 2019) relied
on gradients, while recent advances introduced perturbation-
based methods (Luo et al. 2020; Wang et al. 2021a), surrogate
models (Vu and Thai 2020; Duval and Malliaros 2021), and
generation-based approaches (Yuan et al. 2020; Shan et al.
2021; Wang and Shen 2023). Perturbation-based methods,
such as GNNExplainer (Ying et al. 2019), PGExplainer (Luo
et al. 2020), Refine (Wang et al. 2021a), MixupExplainer
(Zhang, Luo, and Wei 2023), and ProxyExplainer (Chen et al.
2024), generate explanations by perturbing graph features
or structures to identify the most important components in-
fluencing predictions. Surrogate models (Vu and Thai 2020)
approximate the original GNN with simpler models to explain
local predictions, while generation-based methods (Yuan et al.
2020; Wang and Shen 2023) leverage generative models to
provide both instance-level and model-level explanations.



Yo

(" Pre-Training / Graph Representation Learning \
S— h; — O z;
- - T-T-TTTT- T s == 1
RERe: N1
B 1
Labeled Graph Original Graph G : 0.9.0 Q9 1
l 1 P O 1 R Proiecti
) X z=s 1 RGO Contrastive
:> Explainer | " I | Encoder Head Loss
GNN & v ! oK i NG foro()
fpr() 7 L _______ EE_' _____ ]
8 S e
- 5 Explanation-Preserving L > h, — —> z
Explainer °o°o o Augmentation ? 2
Explanation

Figure 2: The Architecture of the proposed EPA-GRL method. We first pretrain a GNN model fi(-) and its explainer ¥(-) with
a small number of labeled training samples. Then in the GRL step, we use the frozen explainer ¥(-) to produce augmented
graphs to train a GNN encoder fe.(-) and a projection head f,(-) with a contrastive loss. The output of the GNN encoder

Senc(+) will be used as graph representations.

Some recent works have attempted to use explanation to
improve learning performance (Shi, Zhou, and Liu 2023;
Wang et al. 2021b). For instance, ENGAGE (Shi, Zhou, and
Liu 2023) proposes a Smoothed Activation Map to identify
important nodes based on representation distributions and
uses this to guide graph augmentation in contrastive learning.
However, without access to semantic supervision, such un-
supervised explanations can only capture structural patterns
(e.g., nodes with similar local neighborhoods or high connec-
tivity) that may not align with class-discriminative features.
In contrast, our work leverages supervised explanation with
limited labels to identify and preserve truly class-relevant
semantic structures during augmentation.

Notations and Problem Formulation

A graph G is defined by: i) a node set V = {v1,va,..., 0},
where n is the number of nodes; ii) an edge set £ C V x V;
iii) a feature matrix X € R"*9, where the i-th row X; is
the d-dimensional feature of node v;; and iv) an adjacency
matrix A € {0,1}"*", where A4, ; = 1if (v;,v;) € €.
Additionally, each graph is associated with a label Y € ),
where ) is a finite set.

Formally, we assume a pair of training sets, a (small) la-
beled set 7, = {(G;,Y;)]i € [M]}, and a (large) unlabeled
set T, = {G;|i € [N]}, where M < N. Our objective is
to leverage the small number of labeled graphs in 7, and
relatively more unlabeled graphs in 7, to perform semantics-
preserving representation learning. Similar to the supervised
contrastive learning methods (Khosla et al. 2020; Ji et al.
2023), labels from a classification task are leveraged for
model training. However, our problem is substantially dif-
ferent from the existing works by only using a few labels,
leading to a constrained semi-supervised GRL problem.

The Proposed Method

In this section, we introduce the proposed EPA-GRL method.
Fig. 2 is an overview. First, EPA-GRL pre-trains an ex-
plainer using the labeled graphs in 7;, where the explainer
U(-) : G — G©P takes a graph G as input and out-
puts an explanation subgraph G*P which is class-specific.
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Then, a semantic-preserving stochastic mapping Pg/|¢ trans-
forms the original graph G to an augmentation G’ such that
G©P) C @', where the mapping can perform random per-
turbations on the non-explanatory (i.e., marginal) part of the
input G, i.e., G\ G®P; Finally, the augmented graph G’ is
fed to an encoder fu, : G’ — h, where h € R% is the d,-
dimensional embedding of G'. fe,. is trained via contrastive
learning on both augmentations of the unlabeled training set
T, and the labeled training set 7.

Pre-Training GNN Explainer

In this step, the goal is to train a GNN explainer to identify
the most responsible subgraph for its predictions. Extracting
such key substructures enables preservation of core semantics
of the input graph when perturbing the rest of the graph. We
begin by training a GNN fi(-) using the labeled training set.
The GNN learns to capture both structural and feature-based
information necessary to distinguish different graph classes.
The GNN is trained by minimizing the cross-entropy loss
between the predicted label f,(G) and the ground-truth label
y. Formally, the optimization problem is:

gmin (Y2, vlon(p@)) . )

Next, we propose to use a GNN explainer to extract sub-
graphs that retain the semantics necessary for classifica-
tion. Augmentations can then be achieved by making con-
trolled perturbations to rest, marginal parts of the graph. For-
mally, given a graph G = (A, X)), the explainer generates
an explanation subgraph G**®) = (A © M, X), where
M € {0,1}VIxVl is a binary mask and each entry M;; = 1
indicates edge (i, j) is retained in the subgraph G(*»)_ To im-
prove efficiency, we use a generative explainer, ¥(-), which
employs a parametric neural network to learn the mask M
based on node embeddings (Luo et al. 2020, 2024). The ex-
plainer W(-) is trained on the labeled dataset 7, and can be
directly applied to the unlabeled graphs in 7, to generate new
explanation subgraphs.



The objective of the GNN explainer ¥(-) is to find a sub-
graph, denoted by ¥ (G), that balances semantic preservation
and compactness. This is achieved by following the Graph In-
formation Bottleneck (GIB) principle, which has been widely
used in GNN explanation methods (Yu et al. 2021; Xu et al.
2021; Suresh et al. 2021; Yin et al. 2022). The GIB princi-
ple states that an optimal subgraph should retain sufficient
information for a prediction task while being as compact as
possible, to avoid overfitting or including irrelevant parts of
the graph. The learning objective for the explainer is defined
as:

arg min (Z(G,y)enCE(Y; fot(¥(G))) + )\\I/(G)|> ,

v
)
where CE(Y'; f(¥(G))) is the cross-entropy loss between
the label and the prediction on the subgraph ¥(G), and
|¥(G)]| is the size of the subgraph, which can be measured
by the number of edges or the sum of edge weights. The
hyper-parameter A controls the trade-off between the terms
for information preservation and structural compactness.

Explanation-Preserving Augmentation Enhanced
Graph Representation Learning

Data augmentation is essential in contrastive learning, which
generates multiple augmented views of the same graph for
learning invariant representations. The success of graph data
augmentation attributes to its ability to preserve the core
semantics of the graph while introducing variances that fa-
cilitate robust representation learning. However, a major lim-
itation of the existing methods is their unconstrained per-
turbation techniques that may arbitrarily modify the graph
structure or node features, and inadvertently disconnect im-
portant substructures, leading to a significant loss of semantic
information.

Explanation-Preserving Augmentation. To address this
limitation, we propose an EPA strategy that explicitly retains
the essential part of the graph regarding its class. Specifically,
we use the pre-trained graph explainer ¥(-) to extract an
explanation subgraph G(*?) = ¥((), which contains the
most relevant substructures to the graph’s semantics, and
G(®®) will be kept intact. The remaining part of the graph,
denoted as the marginal subgraph AG = G\ G©P), is
perturbed to introduce necessary variance for contrastive
learning. Next, we introduce EPA-based methods for graph-
structured data and discuss their intuitive priors. Detailed
algorithms are provided in Appendix B.

* Node Dropping randomly removes a subset of nodes and
their edges from the marginal subgraph AG. The assump-
tion is that removing irrelevant nodes has a small impact
on the core semantics of the graph. Each node’s dropping
probability follows an i.i.d. uniform distribution.

* Edge Dropping modifies the connectivity in G by ran-
domly dropping edges in the marginal subgraph AG. It
assumes the semantic meaning of the graph is robust to the
changes of inessential edges. Each edge dropping follows
an i.i.d. uniform distribution.

* Attribute Masking hides a subset of node or edge at-
tributes in the marginal subgraph AG. The assumption
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is related to node dropping — missing unimportant node
attributes has minor impacts on the recovery of essential
semantics by the explanation subgraph.

* Subgraph further samples a subgraph from the marginal
subgraph AG based on the assumption that sampling a
connected subgraph in AG varies the graph structure but
does not disrupt the overall semantic integrity.

* Mixup randomly selects another graph~é from the batch,
and combines its marginal subgraph AG with the explana-
tion subgraph G®*P) of the original graph G.

Graph Representation Learning. After generating the aug-
mentations, we employ a contrastive learning framework to
learn graph representations. Our EPA approach is versatile
and can be integrated into various graph contrastive learn-
ing methods. Here, we demonstrate its flexible applicability
with two popular techniques: GraphCL (You et al. 2020) and
SimSiam (Chen and He 2021).

For each graph G we generate an augmented view G’

with our EPA method. These graphs are then passed to a
graph encoder fenc(+), which can be any suitable GNN ar-
chitecture. The encoder produces graph-level representations
hi = fene(G) and hy = feno(G') for the two views. Follow-
ing the approach in (Chen et al. 2020), a projection head,
implemented as an MLP, is adopted to obtain new represen-
tations for defining the self-supervised learning loss. Specif-
ically, we compute 21 = fpo(h1) and 22 = firo(h2). In
line with the previous works (Chen et al. 2020; Chen and He
2021), z1 and z4 are used exclusively for model training. For
downstream tasks, we discard the projection head and utilize
h1 and hs as the graph representations.
GraphCL (You et al. 2020) is a contrastive learning frame-
work developed for graphs with the aim of maximizing the
mutual information between different augmented views of the
same graph. It uses a noise-contrastive estimation approach
to differentiate between positive and negative samples. Given
a batch of N graphs, we re-annotate z1, 22 as z;,1, 2,2 for
the ¢-th graph in the minibatch. Then the contrastive loss (Zhu
et al. 2021a) is:

pemnnet __ 1 (log exp(sim(z,1, 2i:2)/7)
2%

L exp(sim(z; 1, 2.2)/7)

exp(sim(z; 2, 2i.1)/T) )
> exp(sim(zi 2, 251)/7)
where 7 denotes the temperature parameter, sim(-, -) is the
cosine similarity function. The final loss is computed across
all positive pairs in the batch.

SimSiam (Chen and He 2021) learns representations by maxi-
mizing the similarity between differently augmented views of
the same sample. Unlike GraphCL, it doesn’t rely on negative
samples. The SimSiam framework processes two augmented
views of a graph through the same encoder network. After
encoding, SimSiam applies an MLP predictor to one view
and a stop-gradient operation to the other view. The model
then maximizes the similarity between these two processed
views. Specifically, for two augmented views of a graph, we
have:

(3)
+ log

p1 = MLP(21) p2 = MLP(23), 4



where z; and z5 are the encoded graph representations of the
two views. p; and po are their respective predictions after
passing through the MLP. The objective is to minimize their
negative cosine similarity:

P1 stopgrad(z2)

D t d —— .
(P, stopgrad(22)) =~ " Tstopgrad(z,)|l

Do stopgrad(z;)

P22 [|stopgrad(z1)||2”
The stop-gradient (stopgrad) operation is a key component
of SimSiam. It blocks the gradients of stopgrad(z;) and
stopgrad(z2) during backpropagation, treating these terms as
constants when computing gradients. This process prevents
direct optimization of the encoder through these paths, which
is crucial for avoiding trivial solutions and encouraging the
model to learn meaningful representations. The objective
function is implemented as follows:

&)

D(ps, stopgrad(z1)) =

. 1 1
msam) — Dy, stopgrad(z2)) + 5 D(pz, stopgrad(z1)).
(6)

Theoretical Analysis

To investigate the importance of preserving semantics in aug-
mented graphs for GRL, in this section, we theoretically
analyze the errors of classifying graph embeddings produced
by (1) an encoder trained with semantics-preserving augmen-
tations, denoted by fSP_(-); and (2) an encoder trained with

semantics-agnostic augmentations, denoted by f52 (). Our
main theorem (Theorem 1) shows that in certain classification
scenarios, the error under f3P_(-) is close to zero, whereas for

onc(+), the error is close to 5, which is equivalent to random
guessing.

To demonstrate our analysis, we modify the widely studied
benchmark BA2-Motifs (Luo et al. 2020). As shown in Fig. 3,
the dataset has two classes of graphs. The first class consists
of graphs generated by taking the union of a Barabdsi-Albert
(BA) graph (Albert and Barabdasi 2002) and a house motif.
The second class also has a BA graph as the base, which
is optionally attached to a cycle motif with probability ¢ €
(0,1). Formally, let P¢,, be a probability distribution of BA
graphs, let G}, represent the house motif subgraph, with five
nodes and six edges, and let G. represent the cycle motif
with five nodes and five edges. Graphs with label O are of the
form Gpo U Gy, i.e., attach G}, to Gy, where Gy ~ Pg, .
Graphs with label 1 can either be Gy, or Gy, U G, with
probabilities 1 — g and ¢, respectively.

We consider two types of edge-dropping-based augmenta-
tions as follows.

* Semantics-Agnostic Augmentation (Pg‘,”lc). Each edge
in a graph is dropped independently with a probability
p € (0,1).

* Semantics-Preserving Augmentation (Pg’,’ | ) Bach edge

in the BA graph Gy, and the cycle motif G is dropped
with probability p, but the edges of the house motif G}, are
left unchanged.

Next, we use empirical contrastive learner (ECL), which is

a generalized notion of the aforementioned encoders f5P . and
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Figure 3: Exemplar graphs in modified BA-2motifs.

oa., to analyze the downstream classification errors using

their output embeddings. Note that the proposed EPA-GRL
method is an instance of the f5P encoder.

An ECL aims to learn similar embeddings of graphs that
are deemed similar by some selected distance measure. Equiv-
alently, suppose the graphs can be partitioned into at most
k = 2 clusters based on a distance measure d.., the goal of an
ECL is to learn graph embeddings such that graphs within the
same cluster have similar embeddings. To quantify the simi-
larity of graph pairs, we define a distance measure d.(G, G’)
as the absolute difference in the number of cycles in graphs G
and G'. For instance, d.(G., Gp,) = 2 since the cycle motif
has one cycle and the house motif has three cycles. With
this distance measure as an instance, the following theorem,
whose proof is deferred to Appendix A , shows that under
semantics-preserving augmentation Péf,] len the ECL can suc-
cessfully learn graph embeddings such that the same labeled
graphs belong to the same cluster. Using such embeddings
for classification leads to zero classification error. In contrast,
under semantics-agnostic augmentation Pg‘}‘ ¢» the ECL fails
to learn graph embeddings with such a property, leading to
an error rate close to %.

Theorem 1. In the modified BA-2Motifs classification task
described above, consider the ECLs 3% and [P, which cor-

enc enc’
respond to the semantic-agnostic augmentation Pé‘/‘lc and

. . . sp .
the semantic-preserving augmentation P, NG respectively,

with edge-drop probability p > 0.3, and as the size of the
unlabeled training set T, grows asymptotically large, the
following hold:

i) The error rate of an empirical risk minimization (ERM)

sa

operating on the embeddings from f32 (G) converges to 4

ii) The error rate of an ERM operating on the embeddings

Sfrom f2P (G) converges to 0.

This theorem suggests that semantics-preserving augmen-
tations can endow the ECL with the capability of produc-
ing embeddings that facilitate perfect classification in the
asymptotic regime, while semantics-agnostic augmentations
inevitably lead to significantly higher error rates. Although
the theorem is demonstrated on a benchmark dataset, the
underlying principles are potentially extendable to more real-
world scenarios, where critical substructures determine graph
labels (Ying et al. 2019; Yuan et al. 2021).

Experiments

In this section, we conduct extensive experiments to evaluate
EPA-GRL and compare it with the widely used augmentation
methods and the state-of-the-art (SOTA) GRL methods.



Augmentation Method MUTAG Benzene Alkane-Car.  Fluoride-Car. D&D PROTEINS
Node DI‘Oppil’lg Vanilla 0.803:|:0_030 0.767:‘:0.049 0.965;‘;0.038 0.648:|:0_067 0.653;&).070 0.728:|:0_073
EPA 0.860+10.020 0.76540.050 0.97910.020 0.65610.066 0.64910.065 0.74410.077

Edge Dl"OppiIlg Vanilla 0.858:|:0_027 0.753:‘:0.043 0.942:|:0_047 0.6595;0_044 0.660i0.048 0.702:|:0_077
EPA 0.86119.053 3-72;10,050 0.948.0.026  0.66210.053 0.66510.050 0.75710.055

' ; Vanilla | 0.82040.06a 0.76210.052 096710032  0.65310.071  0.61610.060 0.68310.077
Attribute Masking | ppr ™" | 0850 0ir 075010050 0.97510.007  0.65810046 062450005 071550 057
Subgraph Vanilla | 0.84210.035 0.76210.034 0.97340.027  0.65510044  0.65140.060 0.704.40.077
EPA | 0.8465005 076510056 098710010 0.6445005  0.663:0.005 0.72810 082

Mixup Vanilla 0-850:|:0.024 0.766:‘:0.040 0~971:|:0.019 0~650:|:0.05O 0'643:|:0.040 0~728:|:0.072
EPA | 0.852.0057 07691006 097510020 06611000 0.64010.05 075010 060

Table 1. Comparison of different graph augmentation methods using GraphCL as the GRL framework.

Augmentation Method | BA-2motifs HIV REDDIT-B.
. Vanilla 0-739:l:0.126 0.634i0,032 0.779:{:0_024

Node Dropping | ppx ™ 1 0.874 o 145 0.643 10,025 0.784- 0 030
. Vanilla 0.603i04127 0.640io_034 0.782i04045

Edge Dropping | Epa | 070110107 0.63810.030 0.78740.031
. Vanilla - 0.621+0.017 0.816+0.022
Attribute Mask EPA ] 063210 015 0.8250.026
Vanilla 0.781:{:0,145 0.638i0,033 0-779j:0.036

Subgraph | gpA | 0.786.c0.150 06400015 0.78620.035
Mixu Vanilla 0-691i04164 0.632i0019 0‘777i04026
P EPA  |0.69410.143 0.64210.016 0.784-+0.025

Table 2. Comparison of different graph augmentation meth-
ods on synthetic and large datasets.

Experimental Setup

Datasets. To evaluate the performance of EPA-GRL, we
use eight benchmark real-world datasets with graph-level
labels, including MUTAG (Luo et al. 2020), Benzene (Agar-
wal et al. 2023), Alkane-Carbonyl (Agarwal et al. 2023),
Fluoride-Carbonyl (Agarwal et al. 2023), D&D (Dobson and
Doig 2003), and PROTEINS (Dobson and Doig 2003; Borg-
wardt et al. 2005). Among them, MUTAG, Benzene, Alkane-
Carbonyl and Fluoride-Carbonyl also provide the ground
truth subgraphs that explain the classification of every graph
instance, i.e., the semantics pattern. This information will
be used for our analysis of semantics-preservation. Statistics
and descriptions of the datasets are given in Appendix C.1.
Baselines. The key contribution of this work is a novel graph
augmentation method EPA, which is agnostic to the choice
of the GRL method. Therefore, in the experiment, we con-
sider two widely used contrastive learning algorithms, i.e.,
GraphCL (You et al. 2020) and SimSiam (Chen and He 2021),
as the basic GRL method on augmented graphs, and compare
EPA with its semantics-agnostic counterparts (“Vanilla”): (1)
Node-Dropping; (2) Edge-Dropping; (3) Attribute-Masking;
(4) Subgraph-Sample; and (5) Mixup. Moreover, we com-
pare our EPA enhanced GRL, namely EPA-GRL, with other
SOTA approaches for GRL, the detailed configurations and
results of these compared GRL methods can be found in
Appendix C.2 and Appendix D.6, respectively.
Implementation. We evaluate the classification performance
based on the learned embeddings provided by different GRL
methods. Specifically, following (You et al. 2020), after train-

ing a GNN by a GRL algorithm, the embeddings generated
by the GNN are fed to an SVM for classification. Detailed
information regarding the implementation of the experiment
is delineated in Appendix C.3.

Performance Analysis of Augmentation Methods

We report the mean accuracy of graph classification over 10
random runs. Table 1 summarizes the results of comparing
EPA with different augmentation techniques using GraphCL
as the GRL framework. From the results, we have several
observations. First, different augmentation techniques may
be useful to different extents on different datasets, where the
methods modifying graph structures (e.g., Subgraph, Mixup,
Edge Dropping, etc.) are generally better than Attribute Mask-
ing. This is because structural changes imply more variances
on graphs than node features, which is a desideratum for aug-
menting the dataset. Second, in most cases, our method EPA
outperform each Vanilla augmentation technique, with up to
7.83% relative improvement (Edge-Dropping on PROTEINS)
using GraphCL, indicating its generalizability across various
augmentations and datasets, and its GRL-agnositic design
for plug-and-play with different GRL methods. Finally, EPA
is less sensitive to the loss of semantics caused by random
perturbations, such as the degraded accuracy of Vanilla Node
Dropping on MUTAG in Table 1. This is because the pertur-
bation is constrained to the marginal subgraphs outside the
semantic patterns by EPA, leading to its robustness to the
potentially arbitrary changes caused by perturbations.
Moreover, Appendix D.1 presents a comparison of EPA
with different augmentation techniques under the SimSiam
GRL framework. To enrich the baseline comparisons, we
also incorporate the NodeSam augmentation (Yoo, Shim, and
Kang 2022) in Appendix D.2. Further, We evaluate its per-
formance with Graph Isomorphism Network (GIN) (Xu et al.
2019) as another base GNN model in Appendix D.3. Finally,
we adopt Refine (Wang et al. 2021a) as the explainer, with
results reported in Appendix D.4. These experiments demon-
strate the generalizability of EPA across different datasets,
GNN architectures, augmentation methods, and explainers.

Experiments on Synthetic and Large Datasets

To further demonstrate the robustness of EPA on different
types of data, we conduct experiments with the GraphCL
framework on a synthetic dataset BA-2motifs (Luo et al.
2020), a real-world dataset HIV (Luong and Singh 2024)
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Figure 4: Accuracy with different numbers of (a) # pre-
training samples and (b) # downstream training samples.

with a large number of graphs, and a real-world dataset
REDDIT-BINARY (Yanardag and Vishwanathan 2015) with
large scale graphs. The results are shown in Table 2. We find
that our method achieves the best results across almost all
data augmentation methods. Specifically, on the BA-2motifs
dataset, our method improves by an average of 17.3% com-
pared to Vanilla. Note that, since the node features in BA-
2motifs have only one dimension, the feature masking aug-
mentation method cannot be applied.

Ablation Study

In this section, we use MUTAG dataset for ablation study.
To understand EPA’s label-efficiency, we change the number
of labeled graphs for explainer pre-training, i.e., | 7|, within
{50, 100, 150} while fixing the number of training graphs
for SVM as 50. Fig. 4(a) summarizes the results of using
Node/Edge Dropping as the base perturbation in EPA. Ex-
tensive ablation studies of other perturbation methods are
deferred to Appendix D.7. From Fig. 4(a), as |7;| increases,
EPA-GRL gains higher accuracy with different perturbation
methods. The “Vanilla” method has constant results because
it is semantics-agnostic. As such, EPA is capable of making
effective use of more labels for better augmentations. How-
ever, as labeling is usually expensive, we restrict most of our
experiments to the challenging region with only 50 labeled
graphs. Additionally, we evaluate the impacts of varying num-
bers of labeled graphs for the downstream training of SVM.
As shown in Fig. 4(b) (and Appendix D.7), both “Vanilla”
and EPA augmented graphs enable better graph embeddings
for effective downstream training with more labels. In partic-
ular, EPA-GRL consistently produce better embeddings than
the baseline method as indicated by the clear accuracy gap.

Impact of Explanation Quality

To analyze the relationship between explanation quality and
model performance, we evaluate how fidelity of explana-
tion subgraphs influences classification accuracy. We employ
two theoretically grounded fidelity metrics, F'id,, 4+ and
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Figure 5: Correlation between F'id,, , Fidq,,—, and Accu-
racy on MUTAG dataset. The value r represents the Pearson
correlation coefficient. Statistical significance is denoted by
*, with *x x * indicating a p-value of p < 0.01 for testing
non-correlation.

Fid,,,—, proposed by (Zheng et al. 2024). The metric for-
mulations are given in Appendix D.8. A higher F'id,, 4 ora
lower Fid,, — indicates better explanation quality.

To systematically evaluate this relationship, we introduce
controlled perturbations to the explanation subgraphs gener-
ated by our trained explainer, following the setting in (Zheng
et al. 2024). For each explanation subgraph, we randomly
remove a proportion [ of its edges and replace them with the
same number of randomly selected non-explanation edges,
where [ ranges from O to 1 in increments of 0.05. Fig. 5
presents the correlation between both fidelity metrics and
classification accuracy on the MUTAG dataset. The strong
correlation between the fidelity metrics and classification
performance shows that higher-quality explanations lead to
better representation learning, validating our approach of pre-
serving semantic structures for effective graph augmentation.

Conclusion

In this paper, we study data augmentation methods for graph
contrastive learning. In contrast to most of the existing meth-
ods, which focus on structural perturbations but overlook the
importance of preserving semantic information, we propose
a novel framework EPA-GRL to deal with both. EPA-GRL
incorporates the explanatory patterns of a graph into its data
augmentations by leveraging a few labeled graphs and trains
a GRL model with more unlabeld graphs, establishing a
semi-supervised learning paradigm. We perform theoretical
analysis and conduct comprehensive experiments. The results
validate the effectiveness of the proposed method.
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