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Core idea: Motivated by RAG, our method mitigates hallucination at decoding time through 
chunk-level retrieval and thresholding.
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Method

Experiments
● Judges: Cohere and Gemini APIs
● Baselines: 
○ CAD, DoLa, ID: decoding methods by contrasting logits
○ KATE: retrieval-augmented prompting
○ kNN-LM: RAD without chunking and thresholding

● #Samples: 100 (KATE, kNN-LM, and RAD)
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● SFT/RLHF are resource-intensive, while 
prompting or RAG offer limited decoding 
control and robustness.

● We introduce Retrieval-Augmented Decoding 
(RAD), which uses ~10 examples to retrieve 
contexts and shape logits at inference.

● RAD outperforms strong baselines across 
benchmarks and LLMs, with robust cross-task 
generalization and improved factuality.
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Context chunking (more references, x30 than prompting) and 
thresholding (better contexts) help improve general 
decoding, OOD performance and data efficiency
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