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Introduction & Background Data & Results
Large Language Models (LLIVIS) are severely limited by the context window of a The chart below shows the accuracy percentages based on the type of chunking used in the RAG pipeline.

Best accuracy; recursive chunking, due to the structured based article format, hence the increased

user prompt, which relates to the size of information fed to the LLM, given the accuracy.

response accuracy Is based on user query. Due to the limits of how much one can The unexpected result of semantic chunking (meaning based), was hypothesized to have higher accuracy,
include in 3 prompt incomplete queries lead to inaccurate responses from the but it may be due to the internal parameters of the semantic chunking that needs to be altered for this
)

LLMs. Therefore, using Retrieval-Augmented Generation (RAG) framework with
LLMs, can aid in improved responses and reduced hallucinations (responding with

domain, and not use the default.
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Methodology Conclusion
[ " ] [ Ty [ — ] [GENERATED] Discovered several different challenges, which led to conducting various experiments using an
cusslion s CoBASE Lk FNBIVER evaluation from a medical domain paper, for the current RAG implementation based on ingesting
whole papers, and creating a Milvus lite vector database.
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