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Abstract

Graph-structured data plays a pivotal role in modeling com-
plex relationships. However, real-world graphs are often in-
complete due to data collection and observational constraints,
severely limiting the effectiveness of modern graph learning
pipelines. While existing Graph Data Augmentation (GDA)
methods attempt to refine graph structures for improved down-
stream performance, they are typically label-dependent, com-
putationally expensive, and inherently transductive, limiting
their applicability in practical scenarios.

In this work, we present a novel feature-centric graph data
augmentation framework that bypasses explicit structure mod-
eling by operating directly in the embedding space. Through a
self-supervised inverse masking process, our method captures
latent ties between observed and complete graphs, enabling
recovery of unobserved structural signals through refined node
representations. To enhance robustness under noisy and sparse
supervision, we introduce a message regularizer and a boot-
strap strategy for effective training and generalization. Eval-
uated on ten graph datasets spanning multiple domains, our
approach, SelfAug, consistently outperforms state-of-the-art
methods in both accuracy and efficiency across inductive and
cold-start settings, highlighting its potential as a scalable and
generalizable solution for real-world graph learning scenarios.

Introduction

Graphs offer a powerful framework for capturing intricate re-
lationships. The inherent structure of graphs provides a valu-
able inductive bias about the non-independent and identically
distributed (non-i.i.d.) nature of data, which can be effectively
leveraged by graph learning methods such as Graph Neural
Networks (GNNs) (Kipf and Welling 2016a; Velickovié et al.
2017; Chien et al. 2020) for improved performance on a vari-
ety of tasks from molecular structures to social networks (Fan
et al. 2019; Rong et al. 2020; Zhou et al. 2020). However,
real-world graph data often suffers from incompleteness due
to limitations in the data collection process and observational
constraints (Li et al. 2023; Zheng et al. 2021; Kim et al.
2024). Consequently, many potential connections between
entities remain unobserved, yielding sparse or suboptimal
graph topologies that inadequately represent the true structure
of the underlying system. In extreme scenarios, relational in-
formation may be completely unavailable, such as cold-start
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users in recommender systems (Chen et al. 2020b; Kim et al.
2024).

Most existing graph learning models assume an ideal graph
structure, neglecting its potential incompleteness (Kipf and
Welling 2016a; Hou et al. 2022; Yun et al. 2019). Dependence
on such flawed topological information can degrade perfor-
mance (Li et al. 2023), and in severely sparse situations, even
advanced GNNs may deteriorate to simple Multi-Layer Per-
ceptrons (MLPs) (Zheng et al. 2021). These limitations have
motivated the development of Graph Data Augmentation
(GDA) (Ding et al. 2022), which aims to improve the quality
of graph data by modifying or enriching the initial struc-
ture. Among these methods, some dynamically refine or infer
graph connectivity during training, adapting to downstream
applications in a task-specific manner (Fatemi, El Asri, and
Kazemi 2021; Franceschi et al. 2019; Chen, Wu, and Zaki
2020; Yu et al. 2021). Others focus on test-time augmenta-
tion, altering the graph at inference to improve generalization
or enhance robustness against adversarial perturbations (Jin
et al. 2022; Ju et al. 2023).

Despite their effectiveness, existing GDA methods face
critical limitations that hinder their practical applicability.
First, most approaches rely heavily on supervision, requir-
ing labeled data to guide the learning of improved graph
structures (Franceschi et al. 2019; Chen, Wu, and Zaki 2020;
Jin et al. 2020; Yu et al. 2021; Fatemi, El Asri, and Kazemi
2021; Ju et al. 2023; Zhao et al. 2023), which are often
scarce or unavailable in realistic scenarios. Second, most
methods exhibit poor generalization, as they learn the re-
fined structure for a specific graph in a transductive way,
rendering them impractical for deployment on unseen or dy-
namically evolving environments. Third, efficiency remains
a major bottleneck: many structure learning methods involve
resource-intensive augmentation models and sophisticated
optimization procedures such as bilevel optimization or iter-
ative training (Franceschi et al. 2019; Chen, Wu, and Zaki
2020). In addition, approaches that assess pairwise relation-
ships between all nodes scale quadratically with the graph
size (Franceschi et al. 2019; Liu et al. 2022; Jin et al. 2022),
making them unsuitable for large-scale applications.

To mitigate these limitations, we introduce a novel feature-
centric perspective for graph data augmentation, shifting the
focus from explicit structure modeling to direct node repre-
sentation enhancement. Rather than constructing or refining



graph structure, our approach operates entirely in the embed-
ding space, learning to adjust node representations in a way
that reflects the influence of a more complete and informa-
tive structure, which fundamentally simplifies the augmen-
tation process. To circumvent the reliance on labeled data,
we employ a self-supervised objective that learns the latent
ties between observed and underlying structural information
through an inverse masking process. This approach recon-
structs complete representations from intentionally masked
graphs, enabling the model to compensate for missing con-
nections without requiring task-specific labels. Once trained,
the augmenter operates on test graphs with a single forward
pass to produce enriched node embeddings, avoiding the need
for any dataset-specific optimization. Our method is scalable,
label-free, and generalizable, making it well suited for real-
world deployment. Our key contributions are summarized as
follows:

* We propose a novel feature-centric perspective for graph
data augmentation, shifting from traditional structure mod-
eling to direct node representation enhancement. This new
perspective simplifies the augmentation process and en-
ables a more flexible and generalizable learning paradigm.

* We develop a self-supervised framework SelfAug that
leverages intrinsic patterns of neighborhood formation to
guide data augmentation.

* We demonstrate strong performance across inductive and
cold-start settings, with significantly reduced inference
cost compared to existing GDA baselines.

Related Works

Graph Data Augmentation (GDA). GDA encompasses a
variety of methods aimed at enhancing downstream task per-
formance by modifying graph data (Ding et al. 2022). A
prominent approach within GDA is graph structure learning,
which concurrently learns an optimized structure for a given
task and a task-specific solver such as a classifier for node
classification (Fatemi, El Asri, and Kazemi 2021; Franceschi
et al. 2019; Chen, Wu, and Zaki 2020; Yu et al. 2021; Zhao
et al. 2023; Liu et al. 2022; Chen et al. 2020a; Liu et al.
2021). More recently, test-time adaptation techniques have
been introduced to modify graphs to fit pre-trained GNN
models, enabling infrastructure reuse without expensive re-
training (Jin et al. 2022; Ju et al. 2023). However, these
methods often rely on supervised signals and complex op-
timization routines, making them less scalable and poorly
suited for generalization to unseen graphs.

Graph Self-supervised Learning (GSSL). To address la-
bel scarcity in real-world scenarios, self-supervised learn-
ing methods have gained significant traction. These methods
largely fall into two categories: graph contrastive learning and
graph generative modeling (Hou et al. 2022, 2023; Veli¢kovi¢
et al. 2018; Zhu et al. 2020; Thakoor et al. 2021; You et al.
2020; Song et al. 2024). Graph SSL typically produces a
graph encoder that generates embeddings directly useful for
downstream tasks. While our approach can be viewed as
a form of self-supervised learning (SSL) on graphs, it dif-
fers fundamentally from existing graph SSL methods in two
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key aspects: (1) it is explicitly motivated from a data aug-
mentation perspective with tailored architectural designs and
training objectives, whereas existing methods often overlook
the imperfections in the observed graph; and (2) it is designed
specifically for improved generalization capabilities, an as-
pect that is largely underexplored in current SSL approaches.

Method
Preliminaries

Let G = (A, X) denote a graph, where A € {0, 1}"*" rep-
resents the adjacency matrix encoding pairwise connections
between n nodes, and X € R™*? denotes the node feature
matrix with d-dimensional features for each node. Given a
graph G, our goal is to predict target variables Y (e.g., node
labels in node classification tasks) through a function f that
maps the graph to the desired output space. In this work,
we focus on the problem of incomplete connections in the
adjacency matrix A. To tackle this issue, existing GDA meth-
ods (Ding et al. 2022; Li et al. 2023) aim to learn a modified
graph G’ = (A’, X') by transforming the original graph G.
Generally, they can be defined as the following optimization
problem:

min £(fo(g6(G)).Y) + AR(9(G) (1)

Here, g4 denotes the graph augmenter, and fy is the predic-
tion model (e.g., a GNN). L is the task-specific loss function
(e.g., cross-entropy), and R is a regularization term applied to
the augmented graph encouraging desirable properties such
as sparsity.

Most existing GDA methods focus on modifying the graph
structure A (Fatemi, El Asri, and Kazemi 2021; Franceschi
et al. 2019; Chen, Wu, and Zaki 2020; Yu et al. 2021; Zhao
et al. 2023; Liu et al. 2022), although some also alter node
features X to recover missing information or improve ad-
versarial robustness (Chen et al. 2020a; Liu et al. 2021; Jin
et al. 2020). While effective, these approaches typically rely
on heavily parameterized augmentation models and require
complex optimization procedures. Furthermore, they inher-
ently assume a transductive setting, where the full test graph
is accessible and optimization can be performed directly on
it. These assumptions limit their practicality in real-world
scenarios, where new graphs arrive continuously and cannot
be optimized individually.

These challenges highlight the need for a lightweight
graph augmenter that operates effectively in the inductive
setting. To this end, our key insight is that the influence of
the graph structure is ultimately captured in the node em-
beddings through the neighborhood aggregation mechanism
of graph learners such as GNNs. This suggests a promising
alternative: rather than explicitly modeling or reconstructing
the adjacency matrix, can we directly model the changes in
node embeddings that would result from a more complete
graph structure?

Formally, let Z,s = f(Aops, X) represent the node em-
beddings obtained from the observed (incomplete) graph
using a graph encoder f, and Z.omp = f(Acomp, X) rep-
resent the embeddings from a hypothetical complete graph
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Figure 1: An overview of the proposed framework. Left: the observed graph G,ps with missing edges. Right: the complete graph
Gcomp With two inserted edges (red dashed lines). The GNN encoder transforms node features into embeddings that reflect each
node’s 1-hop neighborhood. Our augmenter operates in the embedding space by predicting the residual between the observed
embeddings Zs and the complete embeddings Zcomp, thereby approximating the effect of a more complete graph structure

without explicitly modifying the graph connectivity.

with adjacency matrix A¢opm,p. The difference between these
embeddings can be captured by a node-wise modification
function A:

Zcomp = Zobs + A(Zobs) (2)

This formulation transforms the complex problem of struc-
ture learning into a node-wise learning task, which funda-
mentally reduces the computational complexity from O(n?)
to O(n). The core intuition is that the augmenter A learns to
encode the latent relationship between the observed embed-
dings Zops and the embeddings derived from a more complete
graph Zomp. In doing so, it captures the functional impact
of missing connections on node representations, effectively
learning to recover the information that would have been
captured had those connections been observed. Importantly,
A can be parameter-shared across nodes, making it inherently
inductive: once trained, it can work on the embedding space
of any graph from similar distributions without retraining,
eliminating the need for graph-specific modeling such as
parameterized adjacency matrices. Next, we present the con-
crete design of our method, SelfAug, which implements the
proposed idea in a principled and effective way. An overview
is provided in Figure 1.

General Framework

Building upon our preliminary insights, we now formalize
our feature-centric graph data augmentation framework. At
the core of our approach is an augmentation module Ay,
parameterized by ¢, which operates on node embeddings
derived from an observed graph. Given a graph encoder fy,
the augmenter outputs residual modifications that aim to
compensate for the loss of structural information:

Zaug :fO(Aome)+A¢(f9(Aobs,X)) (3)

To train the augmenter A4 without relying on downstream
task labels, we propose a self-supervised framework with
an inverse masking process. Specifically, we randomly drop
a subset of edges from the observed graph to construct a
synthetically sparser version, denoted as Gimask = (Amask, X )
where Ak = Aops ©@(1—M), with M € {0,1}™*™ being a
binary edge mask sampled from some distribution M. Given
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the masked input, the model is trained to reconstruct the node
embeddings computed from the unmasked (original) graph
by minimizing the following reconstruction loss:

Erecon = E]MNM [d(sg(zobs)7 Zmask + A(b(Zmask))] )
Zobs = f@ (A0b57 X)7 Zmask = f@ (Amaskv X)

Here, d(-, -) is a distance function, and sg denotes the stop-
gradient operation. In practice, we define d(-, -) as a weighted
combination of cosine distance and mean squared error to
jointly capture semantic alignment and scale information:

d(x,y) = Acos * (1 - COS(%Z/)) + Amse - ||33 - y”%7

where A5 and Ay are hyperparameters that control the
trade-off between directional similarity and magnitude con-
sistency.

Below, we provide theoretical justification showing that
this self-supervised learning objective effectively guides the
augmenter to enrich node representations with information
beneficial for downstream prediction tasks. Due to space
limit, we leave the detailed proof in Appendix 1.

Proposition 1. Ler Ay, € {0,1}"*™ be the adjacency
matrix of an observed graph and M € {0,1}"*" be a bi-
nary edge mask sampled from some distribution M. Define
the masked adjacency matrix as Apase = Aobs © (1 — M),
where ® denotes element-wise multiplication. Let X € R"*?
be the node feature matrix and Y be the target labels for
some prediction task. The mutual information between'Y and
(Amask, X) is bounded as:

I(Y; Apask, X) < I(Y; Apps, X)

Remark. Proposition 1 implies that masking edges leads
to a loss of mutual information between the input graph and
the target labels, i.e., the masked graph A, is less informa-
tive than the original graph A5 for downstream prediction.
This justifies the design of our reconstruction objective in
Eq. 4, which seeks to compensate for this information loss
by learning a correction A, that restores the embeddings
Zmask toward their more informative counterpart Zops. As
a result, the model is encouraged to infer and recover the
missing structural signal in a way that preserves task-relevant
information, even without direct label supervision.

“



We now instantiate the design of the augmenter A4, which
transforms node embeddings from a masked graph into en-
riched embeddings that reflect complete structural informa-
tion. In the following, we show that a simple multi-layer
perceptron (MLP) is sufficient to approximate the embedding
differences between masked and unmasked views, and can
be effectively optimized via gradient-based training.

Proposition 2. Let fy be a fixed GNN encoder with parame-
ters 0 and define the embeddings

Zobs = fG(AOb57X) S RnXh,
Zmask = fG(Amask, X) S ]RnXh

where X, Ayps and Apask are defined in the same way
as in Proposition 1. Let Ay : R™" — R™" pe a fully-
connected MLP with ReLU activations and sufficient width
and depth. Then the following holds:

1. Expressivity. For any € > 0 there exists a choice of param-
eters ¢ such that HA¢(Zmask) — (Zobs—Zmask)HF <e
for all masks M ~ M. Hence the MLP can approximate
the exact residual between masked and full-graph embed-
dings arbitrarily well.

2. Optimizable Objective. With a smooth distance metric d
(e.g., squared Frobenius norm), the reconstruction loss

»Crccon(d)) = E]VINM [d(Zobs; Zmask + Ad)(Zmask))]

is locally Lipschitz and almost everywhere differentiable
in ¢; thus first-order optimizers such as SGD converge to
a stationary point.

®

Remark. Proposition 2 establishes that a suitable MLP can
approximate the ideal correction Z,,s — Zmask With arbitrary
precision and that the associated reconstruction loss is well
behaved for gradient-based optimization. Consequently, it
is theoretically feasible to train the augmentation module to
recover information lost due to edge masking. In practice, we
adopt a lightweight three-layer MLP with a moderate hidden
dimension (e.g., 384), which empirically proves effective
across evaluated datasets.

It is worth noting that during training, we treat the ob-
served graph Ag, as the latent, ideal structure and train the
augmenter to reconstruct its effects from a masked counter-
part. This approach relies on the assumption that the training
graph is relatively clean and dense—clean indicates that it
reflects meaningful and generalizable connection patterns,
and dense in the sense that it provides sufficient structural
supervision for the augmenter to learn from. However, these
two assumptions may not hold in reality. In the following
subsections, we introduce two techniques to improve robust-
ness under noisy and sparse training environments through a
message regularizer and a bootstrap training strategy, respec-
tively.

Capturing Reliable Relationships

Since the ideal graph Acomp is not accessible during train-
ing, we use the observed structure Aqps as a proxy. A key
challenge, however, is that the training graph itself may be
noisy or arbitrary. That is, connections may form due to inci-
dental or domain-specific reasons, resulting in edges that do
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not reflect generalizable structural patterns. Directly learning
from such graphs risks overfitting to spurious correlations
and degrades the model’s ability to generalize.

Consider a citation network, where nodes represent papers
and edges represent citations. While some citations reflect
meaningful topical relevance (i.e., stable, transferable pat-
terns), others may be perfunctory or irrelevant (i.e., noise).
An effective augmentation mechanism should emphasize the
former while de-emphasizing the latter to support generaliza-
tion across diverse test graphs.

To this end, we introduce a message regularizer that encour-
ages the model to focus on stable and reliable neighborhood
information during aggregation. Given the self-supervised
objective in Eq. 4, our goal is to enable the encoder fy to
filter out unrepresentative signals passed between nodes. Con-
cretely, we devise a regularizer that encourages the model to
enforce similarity in message representations between suffi-

ciently similar nodes. Formally, let hgl_l) be the embedding
of node ¢ at layer [ — 1 of the GNN encoder, and let mz(.l)
denote the message aggregated from its neighbors N; at layer

l. We define the message regularization loss at layer [ as:

1
Ly = S ST Wl dgg (!, m{) (6)
i#j
0
J
sages of nodes ¢ and j, and w
function defined as:

W _ {(sgl))2 if sg*l) >randi # j

Here, dimsg (mgl)7 m;’) denotes the distance between the mes-

®

ij

is a pairwise weighting

w

@)

t 0 otherwise

where sgl-fl) = cos(hl(-lfl), h;lil)) is the cosine similarity
between the embeddings of nodes ¢ and j from the previous
layer, and 7 is a similarity threshold hyperparameter. The
squaring of similarity amplifies the regularization strength

for more similar node pairs. The normalization factor Z() =

Dt ]I(wl(? > 0) ensures scale invariance across layers.
In practice, we instantiate the message distance as cosine
distance, dmsg(z,y) = 1 — cos(z,y).

With this message regularizer, the model is guided to focus
on shared, robust neighborhood characteristics rather than
noisy or idiosyncratic ones, reinforcing the learning of se-
mantics that are common to similar nodes and thus more
likely to generalize.

Bootstrap Augmentation

We now address the challenge posed by the sparsity of the
training graph. In particular, the training graph A may be
incomplete or sparse, offering limited structural information
and resulting in weak supervision signals for learning the
augmenter A .

To mitigate this issue and enhance the training process,
we introduce a bootstrap optimization strategy inspired by
self-distillation (Zhang et al. 2019). Rather than treating
Zops as the fixed ground truth, we hypothesize that the
augmenter—once it has captured meaningful structural pat-
terns—can provide useful corrections to Zgps itself, nudging



it toward a richer representation of an idealized, more com-
plete graph. Accordingly, we dynamically refine the target
embeddings by incorporating the augmenter’s predictions
during training.

Formally, at each training epoch ¢, we compute a boot-
strapped target embedding Ztgtr)ge[ as follows:

Z8) = Zops + 0 - Ay (Zowy) (8)

arget —

Here, A 4(Zobs) is the augmentation predicted when the input
is the original (observed) graph, and a(*) € [0, 1] is a schedul-
ing coefficient that controls the influence of the augmenter’s
prediction at epoch ¢. In our implementation, we adopt a lin-
early increasing schedule for o*), gradually shifting reliance
from the static target Zps to the refined target as training
progresses.

The self-supervised reconstruction loss is then updated to
use the bootstrapped target (for clarity, we omit the epoch
index ¢ below):

Erecon = IEMN./\/I [d(sg(Zlarget)a Zmask + A¢(Zmask))] (9)

Experiments

In this section, we aim to answer a central question: can
SelfAug work effectively to enrich node representations and
generalize to unseen test graphs? To this end, we evaluate our
method under challenging inductive and cold-start settings
to demonstrate its effectiveness and efficiency, while also
providing deeper insights into the behavior of the augmenter
and the impact of each proposed module.

Experiment Settings

Datasets. We evaluate our method on ten widely adopted
graph benchmarks: CORA, CITESEER, PUBMED, DBLP,
WIKICS, and OGBN-ARXIV, which are academic citation net-
works or Wikipedia connectivity graphs; as well as SPORTS-
FIT, PRODUCTS, PHOTO, and COMPUTER, which are e-
commerce networks derived from Amazon’s interaction data.
Notably, OGBN-ARXIV is a large-scale benchmark compris-
ing over 160,000 nodes, providing a testbed for scalability
evaluation. To ensure consistent and fair comparisons, we
utilize the preprocessed versions from (Chen et al. 2024),
where node features are derived from textual attributes using
SentenceBERT embeddings (Thakur et al. 2021).

Evaluation Protocols. To assess performance in realistic
scenarios, we introduce two evaluation settings: inductive
and cold-start node classification, following (Li et al. 2023).
In the inductive setting, each dataset is split into three dis-
joint subgraphs: Giuin, Gva, and Gy, such that their node
and edge sets are mutually exclusive (i.e., Vigin N Voa = 0,
Eiain N Eva = 0, etc.). We employ random splits for all
datasets except OGBN-ARXIV, with which we adopt the orig-
inal split based on paper publication dates, reflecting a more
realistic evaluation scenario. The cold-start setting simulates
a more challenging scenario in which all edges in G, and
Glest are removed, leaving only node features available for
prediction. This setting reflects practical applications such
as cold-start recommendation (Chen et al. 2020b), where no
relational information is available for new users or items. For
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each validation/test graph, we randomly sample 5 labeled
nodes per class for training, reserve a validation set for hy-
perparameter tuning, and use the remaining nodes for testing.
Test accuracy is reported as the average over 5 random splits
to ensure statistical robustness. In both settings, our augmen-
tation model is trained on G, and evaluated on GGy, and
Glest Without any retraining or fine-tuning, thereby assessing
its ability to generalize to newly arriving graphs. Detailed
dataset statistics are provided in Appendix 2.

Baselines. We compare our method against representa-
tive baselines from three categories: (i) Advanced GNN
Architectures, including GCN (Kipf and Welling 2016a),
GAT (Velickovi¢ et al. 2017), APPNP (Gasteiger, Bo-
jchevski, and Giinnemann 2018), and GPRGNN (Chien et al.
2020), which serve as non-augmented model baselines; (ii)
Graph Self-Supervised Learning (GSSL) Methods, such as
DGI (Velickovié et al. 2018), GRACE (Zhu et al. 2020),
GraphMAE (Hou et al. 2022), GraphMAE2 (Hou et al. 2023)
and VGAE (Kipf and Welling 2016b), which, similar to our
method, are trained in a label-free manner on G, and used
to generate embeddings for G, and Gey; and (iii) Graph
Data Augmentation (GDA) Methods, including GRCN (Yu
et al. 2021), IDGL (Chen, Wu, and Zaki 2020), ProGNN (Jin
et al. 2020) and SUBLIME (Liu et al. 2022).
Implementation Details. We adopt a two-layer Graph Atten-
tion Network (GAT) with a hidden dimension of 384 as our
graph encoder. To prevent model collapse, we maintain two
copies of the encoder during training: a primary encoder fy,
which processes masked graphs and is updated via gradient
descent, and a target encoder fy-, which computes target em-
beddings from the unmasked graph, and is updated using an
Exponential Moving Average (EMA), following prior work
in bootstrapped self-supervision (Grill et al. 2020; Thakoor
et al. 2021). The augmentation module A is implemented as
a three-layer MLP, with a hidden dimension of 384. We train
the model using the Adam optimizer. For the SSL baselines,
we choose either GCN or GAT as the backbone depending
on validation performance. For our method, as well as for
GNN and graph SSL baselines, we apply Optuna for hyperpa-
rameter tuning with a search budget of 100 trials, optimizing
learning rate, weight decay, and model-specific parameters.
For GDA methods, we adopt the implementation and default
settings from (Li et al. 2023). Additional implementation
details are provided in Appendix 3.

Performance Comparison

We present the results for inductive node classification in
Table 1, where “Training Data” indicates the data available
during training. GNN methods utilize the test graph with
(Xiests Atest, Yeest) in the traditional semi-supervised setting.
In contrast, SSL methods learn a graph encoder solely from
(Xirains Atrain)» and transfer it to unseen test graphs to com-
pute node representations. GDA methods operate directly on
Glest, and typically rely on Yi to guide graph refinement,
with SUBLIME being an exception that performs structure
refinement in a self-supervised manner.

As shown in Table 1, our method SelfAug achieves the
highest accuracy across all datasets. Notably, it outperforms
the second best method by a considerable margin, e.g., 5.24%



Training

OGBN-

Data CORA CITESEER PUBMED DBLP WIKICS ARXIV SPORTSFIT PRODUCTS PHOTO COMPUTER
Graph Neural Networks
GCN Xiest, Atest, Yiest 72.30  65.66 6841 59.83 58.71 51.95 60.86 39.18 57.78 56.80
GAT Xiest, Atests Yiest 72.65  65.83 67.75 62.00 60.04 50.60 63.51 36.50 60.09 60.56
APPNP Xiest, Atest, Yiest 72.60  65.23 67.38 61.58 59.51 4991 61.22 38.66 57.60 58.57
GPRGNN Xeest, Atesty Yiest 73.54  66.21 68.49 62.00 59.33 50.09 62.39 38.51 60.09 62.51
Graph Self-supervised Learning
GraphMAE Xirain, Awrain~ 74.06  72.21 71.22 70.13 60.31 48.90 61.58 40.96 65.02 61.90
GraphMAE2 Xirain, Arain~ 72.17  68.17 7224  67.04 5897 4851 59.27 39.18 61.15 58.79
VGAE Xirainy Atrain~ 74.06  69.62 75.51 69.88 58.00 49.40 63.69 38.85 65.87 66.74
DGI Xirainy Awrain~ 76.13  69.02 7192 70.96 57.47 0OOM 63.60 39.33 64.04 61.99
GRACE Xirainy Awrain~ 75.35  70.13 72.82 69.67 61.87 O0OOM 63.60 38.42 64.22 66.48
Graph Data Augmentation
GRCN Xiest, Atest, Yiest 73.20  62.17 63.92 64.38 53.56 48.92 63.65 38.45 59.65 59.07
IDGL Xiest, Atests Yeest 7071 62.17 67.46 59.33 41.33 o0oOM 61.48 38.64 57.01 56.49
ProGNN Xiest, Atesty Yiest 7092 61.87 68.33 58.67 58.53 0OM 61.12 37.90 59.43 56.50
SUBLIME Xiest, At 71,14 59.11 62.56 59.71 43.78 0OOM 62.31 38.43 60.91 59.73
SelfAug (Ours)  Xiin, Atrain =~ 77.37  74.85 77.53 76.20 68.80 53.01 65.81 44.03 71.60 72.66

Table 1: Performance comparison for inductive node classification. Results are reported in terms of classification accuracy
(%). Bold numbers indicate the best performance per dataset, and underlined numbers indicate the second-best. OOM denotes

out-of-memory errors during training.

on DBLP and 5.73% on PHOTO. Importantly, SelfAug is
trained without access to the test graph or its labels, un-
derscoring its strong generalization capability in inductive
settings. In contrast, GDA methods perform unstably and
struggle to surpass the base GNNs. This is primarily due to
their reliance on scarce supervision and the complexity of
graph structure optimization, making them less robust for
real-world applications.

We observe that SSL methods generally outperform su-
pervised GNNSs, thanks to their ability to exploit unlabeled
data. However, their performance lags on the OGBN-ARXIV
dataset, which uses a timeline-aware split based on publica-
tion dates. This temporal split introduces more pronounced
distributional shifts compared to the random splits used in
other datasets, making it challenging for existing SSL meth-
ods to generalize to the test graph, even though they originate
from the same domain. By comparison, SelfAug consistently
outperforms both supervised and SSL baselines. This arises
from its carefully designed training objectives, which effec-
tively leverages unlabeled data to capture the underlying
distribution of neighboring features, along with its specific
focus on generalizable pattern discovery, making it particu-
larly suited for inductive scenarios. This advantage is further
validated in the cold-start setting (Table 2), where similar
trends are observed.

Augmenter Analysis

To better understand the effect of our augmentation module
A4, we compare the quality of node embeddings before and
after going through the augmenter. Specifically, we contrast
the raw GNN encoder output Z.,,. = fo(A, X) with the
enriched embeddings Z.,, = fo(A4, X) + Ag(fo(4, X)).
Figure 2 reports results on five datasets using two metrics:
(a) test accuracy with a linear classifier, and (b) mutual in-
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Figure 2: Comparison of embeddings before and after going
through the augmentation model, denoted as ‘Encoder’ and
‘Augmenter’, respectively. We report the test accuracy and
mutual information between embeddings and labels.

formation (MI), computed as normalized mutual information
(NMI) between k-means clustering and ground-truth labels.

We observe consistent improvements in both metrics, con-
firming that the augmenter effectively improves embedding
quality for the node classification task. Notably, the MI gain
is often larger than the accuracy gain, likely because MI more
directly measures alignment between embeddings and label
structure (while accuracy involves an additionally trained
linear classifier which may compensate for the original em-
beddings). These results further validate that our augmenter
captures generalizable structural patterns and improves em-
bedding quality in a self-supervised manner.

Efficiency Analysis

As shown in Table 3, SelfAug achieves the best overall run-
time and memory usage, which is comparable to a simple
2-layer GCN. This efficiency arises from its lightweight in-
ference process: it performs only a forward pass on the test
graph without any retraining or fine-tuning, and uses a linear



Training

OGBN-

Data CORA CITESEER PUBMED DBLP WIKICS ARXIV SPORTSFIT PRODUCTS PHOTO COMPUTER

MLP Xiesty Yeest 6370 62.38 68.87 57.17

5591 47.14 5631 34.34 51.60 41.47

Graph Self-supervised Learning

GraphMAE  Xinin, Amain 68.34  70.64 71.88 65.71
GraphMAE2  Xinain, Arain 71.65  68.12 72.37 67.75
VGAE Xirainy Atain 69.81  67.40 7641 63.58
DGI Xirain, Awrain 71.96  65.96 72.16 68.21
GRACE Xirainy Atrain 68.56  69.83 72.62  63.75

61.73 4517 6122 38.03 62.44 58.75
5991 48.64  57.56 37.36 61.64 51.36
58.80 4538  62.57 39.47 64.36 58.96
5551 OOM 62.66 37.17 60.36 55.38
56.62 OOM 61.44 37.51 63.16 59.44

Graph Data Augmentation

GRCN Xiesty Yeest 68.17  59.79 64.58 60.54
IDGL Xiest; Yiest 05.68  61.74 67.09 59.50
ProGNN Xiesty Yeest 63.83  58.77 68.12  55.54

SUBLIME KXiest 60.13  46.89 62.06 42.96

50.18 4724  59.81 36.40 54.73 48.94
5476  OOM 58.73 35.79 54.05 44.76
5493  OOM 58.56 36.82 5242 44.49
33.02 OOM 57.10 36.45 52.26 49.19

SelfAug (Ours) Xiain, Awrain 75.31  73.95 76.62 72.70

70.53 50.98  64.86 38.51 68.58 62.12

Table 2: Performance comparison for cold-start node classification. Results are reported in terms of classification accuracy
(%). Bold numbers indicate the best performance per dataset, and underlined numbers indicate the second-best. OOM denotes

out-of-memory errors during training.

Method  Ave Time (s) Ave Mem (MB)
GCN 1.46% 15.31+
GAT 2.05 79.98
GRCN 6.23 78.00
IDGL 6.09 476.50
ProGNN 69.03 78.85
SUBLIME 92.27 133.03
SelfAug 0.90+F 15.83%

Table 3: Comparison of average runtime till convergence
(in seconds) and peak GPU memory usage (in MB) across
methods on CORA. T and # denote the best and second-best
results, respectively.

classifier on the resulting embeddings for classification. This
design makes it highly suitable for fast and resource-efficient
deployment. By contrast, structure learning methods rely
on heavier models and require dataset-specific optimization,
resulting in significantly higher computational overhead.

Ablation Study

To assess the contributions of key components in our frame-
work, we conduct an ablation study by removing (1) the
Message Regularization (MR) module and (2) the Boot-
strap Augmentation (BA) strategy. Figure 3 reports the test
accuracy across five datasets. Removing either component
leads to performance drops across most cases, highlighting
their complementary roles. Specifically, removing MR causes
larger performance degradation, suggesting that MR is cru-
cial for promoting stable and generalizable neighborhood
aggregation. Meanwhile, disabling the bootstrap mechanism
results in smaller but still consistent declines, indicating that
BA helps enhance learning under sparse supervision.

Conclusion

In this work, we proposed a novel feature-centric graph data
augmentation framework that bypasses explicit structure edit-

0.76 3 SelfAug
0.741 B — 4 w/o MR
[ w/oBA

>0.72

o
50.70
3
<0.68
0.66
0.64

CO\'a C\‘eseev P u\omed DB\—P \N‘\\('\CS

Figure 3: Ablation study of Message Regularization (MR)
and Bootstrap Augmentation (BA). Experiments conducted
under the cold-start setting.

ing by directly enhancing node embeddings through a gener-
ative, self-supervised objective. Our method learns to com-
pensate for missing structural information by modeling em-
bedding differences between masked and observed graphs,
enabling it to generalize effectively in inductive and cold-start
settings. Extensive experiments across multiple benchmarks
demonstrate that our approach achieves state-of-the-art per-
formance in both accuracy and efficiency, underscoring its
potential as a scalable and generalizable solution for real-
world graph learning tasks.

Despite these promising results, our current evaluation is
limited to within-domain scenarios, where the training and
test graphs share similar structural and feature distributions.
In real-world applications, however, graphs from different do-
mains—such as biomedical, social, or citation networks—can
vary significantly in sparsity, scale, and connection patterns,
posing major challenges for generalization. A key direction
for future work is to explore cross-domain transfer and de-
velop more adaptive augmentation strategies that can handle
such distributional shifts, further extending the applicabil-
ity of our framework to diverse and heterogeneous graph
settings.
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