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Abstract Graph representation learning is a fundamental research issue in graph data analysis
with significant research value across various application domains. Unlike traditional transductive
learning, inductive graph representation learning requires inferring and classifying unknown nodes
that are invisible during the training procedure, making it a more challenging research issue.
Existing inductive learning methods primarily use graph neural networks (GNNs) under fully
supervised learning. These methods rely on large amounts of annotated data for training, and thus
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may experience model overfitting when addressing semi-supervised inductive learning problems
with sparse node labels in the visible structure. This paper first proposes the semi-supervised
inductive graph representation learning problem and establishes the Self-Training Augmented
Inductive Graph (STAIG) model. This model consists of an encoder that learns node vector
representations using a graph neural network and a decoder that trains the model by reconstructing
node labels and attribute features. To address the semi-supervised inductive graph learning
problem, the proposed model employs the self-training augmentation technique, and proposes a
node masking method based on random walks in the encoder to improve the generalizability of
predicting unknown nodes. Furthermore, to address the issue of label scarcity, the model
employs the decoder to generate pseudo-node labels to enhance label information, with a
confidence filtering mechanism to improve the reliability of the pseudo-labels. Experiments based
on benchmark inductive learning graph datasets validate that the proposed STAIG model achieves
superior results for semi-supervised node classification compared to the comparative methods and

demonstrates significant advantages under weakly supervised learning settings with less than 10%
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labeled data.
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with a number of downstream applications. For many real-world
graph data, such as the evolving networks and cross-graph
networks, many graph nodes and their related edges are unseen
during the training process, a. k. a., the inductive learning
problem, which requires graph models to adapt to variable graph
structures and infer representations of the unseen nodes.
Furthermore, in practice, due to the data incompleteness or
expensive annotating cost, nodes of the visible structure can be
scarcely labeled. This brings about the problem, which is even
more challenging since not only the proximity information of the
unseen structure is unavailable, but also the label scarcity problem
often leads to the over-fitting issue.

Although the semi-supervised graph learning tasks,
represented by node classification, have been well studied by
extensive previous work, these methods are trained under the
transductive learning setting, which assumes the graph structure
to be static with all nodes visible during both the training and
inference processes. For inductive learning, existing graph
models are typically based on GNNs. These methods have
shown good generalizability for predicting the unseen nodes, but
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learning setting. In summary. existing inductive graph models
tend to be over-fitted for (weakly) semi-supervised learning due
to the lack of annotated nodes, and thus the semi-supervised
inductive learning problem still remains to be investigated.

In this paper, we focus on the semi-supervised inductive
graph representation learning problem and propose the STAIG
model. Our model includes a GCN encoder and a novel label
reconstruction decoder. To deal with the label scarcity problem
under semi-supervised learning, the encoder takes node labels as
one-hot input features, which have been augmented with
pseudo-node labels generated by the model itself. In addition, to
adapt to the variable graph structure between the training and
inference processes, we randomly mask some nodes and
reconstruct the labels of masked nodes in the decoder, so as to
boost the model generalizability for inferring the representations
of unseen nodes. Experimental results based on inductive
learning graph datasets verify the effectiveness of our model for
semi-supervised node classification.
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