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LMs trained with propriety data
LLaMA2-13B 20.0 49.4 38.4
Ret-LLaMA2-13B 51.8 52.1 37.9
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Ret-ChatGPT 50.8 54.7 75.3
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Method PopQA/% PubHealth/% ARC/%
Baselines without retrieval
LLaMA2-7B 14.7 34.2 21.8
Alpaca-7B 23.6 49.8 45.0
LLaMA2-13B 14.7 29.4 29.4
Alpaca-13B 24.4 55.5 54.9
Baselines with retrieval
LLaMA2-7B 38.2 30.0 48.0
Alpaca-7B 46.7 40.2 48.0
SAIL — 69.2 48.4
LLaMA2-13B 45.7 30.2 26.0
Alpaca-13B 46.1 51.1 57.6
LLaMA2-hf-7b
RAG 50.5 48.9 43.4
Self-RAG 29.0 0.7 239
CRAG 54.9 59.5 53.7
RL-RAG (Ours) 55.4 61.4 56.5
SelfRAG-LLaMA2-7b

RAG 52.8 39.0 53.2
Self-RAG 54.9 72.4 67.3
CRAG 59.8 74.1 68.6
RL-RAG (Ours) 59.9 75.8 68.9
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