Evaluation of RAG: A Survey
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Fig. 1: The structure of the RAG system with retrieval and generation components and ° Interplay between Retrieval and Generation

corresponding four phrases: indexing, search, prompting and inferencing. The pairs of
“Evaluable Outputs” (EOs) and “Ground Truths” (GTs) are highlighted in read frame
and , with brown dashed arrows.

e Practical Aspects: Latency, Robustness,

A Unified Evaluation Process of RAG (Auepora)

Auepora.l - Target (What to Evaluate?) Auepora.IIl - Metrics (How to Quantify?)

Table 1: The evaluating targets and corresponding metrics across various frameworks
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