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Abstract

This study introduces a novel method for topic modeling by combining semi-orthogonal
matrix factorization with sparse constraints to improve interpretability, coherence, and scal-
ability. Traditional techniques such as Latent Dirichlet Allocation (LDA) and Nonnegative
Matrix Factorization (NMF) often face challenges in maintaining these qualities, especially
with high-dimensional data. To address these issues, we propose the Spectral Proximal
Method (SPM), an optimization approach that uses proximal variable metric updates with
spectral diagonal scaling. SPM enforces both /1-norm sparsity and semi-orthogonality to
generate diverse and interpretable topics. The algorithm uses non-convex alternating mini-
mization, with initialisation based on NMF to enhance computational efficiency.
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1 Introduction

In modern information processing, the key technique involves factorising complex data
matrices into simpler forms with lower ranks. Our research objective is to decompose large
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data matrix V, by finding two smaller matrices, W and H based on optimisation-based
approximations:

e B
min ZI|V = WH [} + ZIWTW — 1)+ H]o (L)

subjectto W >0, H > 0.

where « > 0, 8 > 0, and gamma > 0. The objective problem has semi-orthogonal
structures and sparse constraints, which expect to increase the efficiency in machine learn-
ing problems. However, this is a challenging task due to its non-convex nature, and easily
ensnare in local minima (Chi et al., 2019). Hence, we apply the convex relaxation (Recht
et al., 2010) and employ non-convex alternating minimization (Polson et al., 2015).

2 Literature Review
2.1 Nonnegative Matrix Factorization (NMF)

NMF (Lee and Seung, 2024) decomposes a nonnegativeé matrix into, two lower-rank non-
negative factors, offering interpretable and parts-based representations. Orthogonal NMF
(ONMF) (Ding et al., 2008) extends NMF by imposing orthogonality constraints on one
factor matrix, reducing redundancy and yielding more distinct latent features. However, it
does not incorporate sparsity.

2.2 Spectral Proximal Method (SPM)

In this research, we employ the proximal variable metric method with spectral diagonal
updates, as proposed by (Woo et al., 2023), to solve the optimization problem (1.1), where
the sparsity constraint relax to.||H ||, and the semi-orthogonal constraints imposed on ma-
trix W. The method, derived from proximal gradient principles (Parikh and Boyd, 2014),
achieves efficient updates with O(n) storage.

3 Results

In the experiment, we will compare SPM method with the Proximal Steepest Descent
(PSD) on 20Newsgroups dataset. NMF model with euclidean distance initialises W and H
for 50 iterations. Then, continue with 200 iterations for optimisation.

Table 1: Results in partitioning the dataset to 10 topics.

Number of Execution Time | Sparsity of H Cosine
Function Calls (seconds) (%) Similarity of H

PSD 19992562 143.0812 18.03 0.6752

SPM 355167 101.2079 39.60 0.3712

SPM exhibits superior efficiency regarding the number of function calls and execution
time when compared to PSD. Both methods yield a matrix ¥ that incorporates an orthog-
onal structure. Therefore, considering the trade-off between topic coherence, efficiency
and the sparsity of the resulting matrix H, the SPM method emerges as the more effective
approach for solving the topic modeling problem.
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Figure 1: Orthogonality of W when in partitioning the dataset to 10 topics.

4 Conclusions

SPM effectively generates a document-topic matrix. < with semi-orthogonal properties
and sparse topic-term matrix, H.
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