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(Comparison of Topic Modeling Performance by Document Embedding Generation Methods
: Focused on S-BERT and LLM Embedding Models)
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Abstract

This study compares topic modeling performance across embedding generation methods by
applying BERTopic with S-BERT and large language model (LLM) embeddings on the BBC News,
20 Newsgroups, and IMDB datasets. We evaluate topic coherence (Cv, NPMI) and topic diversity
under seven pooling strategies (including CLS, mean, and max), and find that while LLaMA
embeddings yield relatively stable coherence under mean pooling, dual pooling strategies that
include CLS and max often allow S-BERT embeddings to achieve equal or higher Cv and NPMI
than LLaMA without substantially harming topic diversity. Because dual pooling requires only
simple aggregation and adds little runtime overhead, these results suggest that, with appropriate
pooling design, lower-cost S-BERT embeddings can in some cases replace or rival LLM-based
embeddings for topic modeling.
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