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ABSTRACT

Graph-based approaches play a pivotal role in advancing research across various domains
within big data and machine learning. However, the surge in large-scale graph data
presents significant computational challenges. Graph coarsening, a technique to sum-
marize large graphs while preserving essential properties, emerges as a crucial solution.
Existing methods often overlook node features, which impacts their applicability in real-
world scenarios where both the graph matrix and node features are important.

In this thesis, we have developed a family of graph coarsening algorithms that aim
to learn a coarsened graph by considering either the Laplacian matrix alone, the fea-
ture matrix alone, or both. The work introduces the novel optimization-based Featured
Graph Coarsening (FGC) and its variants, which demonstrate superior performance com-
pared to state-of-the-art methods. FGC aims to learn a smaller, tractable graph along with
its feature matrix by considering the original graph and its feature matrix. This multi-
block non-convex optimization problem simultaneously learns the coarsened graph matrix
and feature matrix while ensuring desired properties. The algorithm uses majorization-
minimization, log determinant, Dirichlet energy, and regularization frameworks, making
it provably convergent and enforcing properties such as spectral similarity and e-similarity
in the learned coarsened graph. FGC is extended with Feature Dimensionality Reduction
(FGCR), where we simultaneously reduce the dimension of features for each node of the
graph while coarsening, unlike in FGC where the feature dimensions of the original and
coarsened graphs remain the same.

The scalability of graph neural networks is addressed through an optimization frame-
work for learning sparse featured coarsened graphs, resulting in improved generalization
and computational efficiency. We have also developed a convex framework for feature-
based graph coarsening that outperforms FGC in terms of speed while maintaining com-
parable performance. Furthermore, Structured Graph Coarsening algorithms are proposed
to address the limitations of existing methods in coarsening graphs with specific prop-

erties. The unified optimization framework efficiently enforces structures like sparsity,

il



scale-free characteristics, bipartite, and multi-component structures.

Lastly, the coarsened graph learning algorithm, which represents the first method that
learns a coarsened graph using raw data only, is introduced with provable convergence.
Extensive experiments across various real-world applications demonstrate the efficacy
of the proposed frameworks. This work contributes to advancing graph-based machine
learning by addressing critical challenges in large-scale graph data analysis and coarsen-

ing techniques.
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The table summarizes the node classification accuracy on real datasets
for the proposed multi-component graph coarsening (MGC) algorithm for
different values of component n and coarsening ratio 0.1. It is evident that
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This table summarizes the time (7) in sec. required to perform coarsening
and node classification for a coarsening ratio of 0.05. It is evident that the
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the-art algorithms. Moreover, the time required to perform coarsening and
node classification using the proposed methods is less than that required
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single-stage structured coarsened graph learning algorithms consistently
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nent coarsened graph learning approaches, which is denoted as TSM-1
and TSM-2, the initial stage entails the construction of the graph using the
SCG algorithm. Subsequently, in the second stage, the multi-component
structure is imposed through the Louvain method(TSM-1)[12] and the
MGAE (Multi-Graph Autoencoder)(TSM-2) [13] technique. On the other
hand, TSBI represents the two-stage bipartite graph learning approach.
The coarsened graph is constructed using the SCG algorithm in the first
stage. Then, to enforce the bipartite structure, the SGL [14](Sparse Graph
Learning) algorithm is employed. . . . . . . . .. .. ... .. .. ...

Node classification accuracy (%) obtained using different GNN structures
like GCN, GAT, and APPNP on different datasets using the proposed
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This table shows the node classification performance of the proposed al-
gorithms CGL1 and CGL2 compared to state-of-the-art methods GCOND,
SCAL, and FGC on a Homophilic Graph. It is evident that for coarsening,
we have utilized only the feature matrix X of the graph, and yet our frame-
work outperforms the existing state-of-the-art graph coarsening methods,
which consider both the Laplacian and the feature matrix for coarsening.

This table shows the node classification performance on the heterophilic
datasets. It is evident that for coarsening, we have utilized only the feature
matrix X of the graph, and yet our framework outperforms or compara-
ble against the existing state-of-the-art graph coarsening methods, which
consider both the Laplacian and the feature matrix for coarsening.

Node classification performance using CGL1 algorithm on different GNN
architectures for a coarsening ratio of r=0.05. It is evident that proposed
CGLI is compatible with different widely used GNN architecture like
GCN [7], APPNP [8],and GAT [9]. . . . . .. ... .. .. ......

This table depicts the graph classification performance on real datasets.
It is evident that the proposed algorithm outperforms the state of the art

methods. . . . . . . .
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GNN
FGCS
CFGC
REE
DE

HE
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MGC
TSBI
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GCN
GAT
APPNP
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LASSO
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ABBREVIATIONS

Featured Graph Coarsening

Featured Graph coarsening with Feature Dimensionality Reduction
Block Successive Upper Bound Minimization

Graph Neural Networks

Sparse Featured Graph coarsening

Convex Framework of Featured Graph Coarsening

Relative Eigen Error

Dirichlet Energy

Hyperbolic Error

Sparse Coarsened Graph

Scale Free Coarsened Graph

Multicomponent Coarsened Graph

Two Stage Bipartite Graph

Two Stage Multi-Component

Graph Convolution Network

Graph Attention Network

Approximation of Personalized Propagation of Neural Predictions
Coarsened Graph Learning

Least Absolute Shrinkage and Selection Operator

Multi-Layer Perceptron
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