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Background

retrieval-augmented generation (RAG) has emerged as a prominent 

approach in natural language processing, combining the strengths of 

retrieval and generation models

Lewis, et al. "Retrieval-augmented generation for knowledge-intensive nlp tasks." Advances in Neural 
Information Processing Systems 33 (2020): 9459-9474.



Background

how to evaluate RAG systems: end-to-end assessment

• lack of transparency

• high resource consumption

• complex system pipeline

• hard to optimize

Lewis, et al. "Retrieval-augmented generation for knowledge-intensive nlp tasks." Advances in Neural 
Information Processing Systems 33 (2020): 9459-9474.



Motivation

evaluating retrievers in RAG:

• human annotation

costly, often impractical, human preferences

• downstream ground truth

sometimes impractical, partial

• LLM annotation

LLM preference, computational cost

Petroni, et al. "KILT: a benchmark for knowledge intensive language tasks." arXiv preprint 
arXiv:2009.02252 (2020).



eRAG

utilize the LLM in RAG system itself as the arbiter for 

generating labels to evaluate the retrieval model

ranked documents
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eRAG

utilize the LLM in RAG system itself as the arbiter for 

generating labels to evaluate the retrieval model

given the ranked documents list and relevance score for 

each document, use an evaluation metric to get a specific 

score:

• Precision (P)

• Recall (R)

• Mean Average Precision (MAP)

• Mean Reciprocal Rank (MRR)

• Normalized Discounted Cumulative Gain (NDCG)

• Hit Ratio



Experiments Configuration

• Datasets: KILT (NQ, TriviaQA, HotpotQA, FEVER, WoW)

• Downstream metrics: EM for NQ, TriviaQA, HotpotQA. Accuracy for FEVER. F1 for 

WoW

• Retriever: BM25, Contriever

• LLM: T5-small with Fusion-in-Decoder

• LLM annotator: Mistral 7B



Findings



Findings

How do different retrieval evaluation methods in RAG 

perform as the size of retrieval results increases?

How does eRAG correlate with the downstream RAG 

performance as the size of large language models increases?



Findings

How does different retrieval-augmentation approaches 

affect the correlation between eRAG and the downstream 

RAG performance?

How much more efficient is eRAG compared to the end-to-

end evaluation?


