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Abstract

With the rise of Generative Al, Small Language Models (SLMs) offer a more practical and affordable solution for industrial deployment compared to Large Language
Models (LLMs). For integrating domain-specific knowledge, Retrieval-Augmented Generation (RAG) is often a more effective strategy than model fine-tuning. This
project investigates the efficacy of RAG systems built upon SLMs. We will evaluate their performance and challenges across various question categories using
product technical documents. The 2" objective is to analyse whether the underlying language model size (SLM vs. LLM) significantly impacts the overall

performance and reliability of the RAG system.
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Dataset

Source: 48 camera lens manuals in PDF format downloaded from internet.

Content: image, text, simple table, etc.

Total question number: 229

Question categories:

- Conceptual: What is the purpose of Tamron's “full time manual focus”
feature?”

- Numeric: What is the magnification ratio (Max. Mag. Ratio) of the 35-
150mm F/2.8-4 Di VC OSD (Model A043) at the 150mm focal length?

- Comparison: How does the 25-200mm F/2.8-5.6 Di lll VXD G2 (Model A075)
compare to its predecessor (Model A071) regarding the starting focal length?
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Conclusion

1. Preprocessing is foundation of performance of RAG

2. RAG can significantly boost performance of LM (+200%), especially in handling numeric specs.
3. LM size doesn’t matter in overall performance of RAG
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