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Although prior works have highlighted the detrimental impact of distracting passages on retrieval performance, 
relatively little attention has been paid to retrieval strategies that explicitly mitigate such influence.



We define distracting passages as passages that misguide the LLM in generating the correct answer, irrespective 
of whether they lead to correct.



[Open-source]

Llama-3.1-8B

[Close-source]

GPT-4o



Method

➤


 Overview of LDAR, a learning-based retrieval strategy that adapts to each LLM by balancing information coverage 
and distraction.
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A naive Bernoulli-based apporach fails to identify a balanced trade-off between the RAG and long-context approach.



This limitation arises from its need to explore the entire combinatorial subset selection space, which impedes 
generalization and ultimately causes convergence to a local optimum (corresponding to the long-context approach in 
this case).
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LDAR adapts its retrieval strategy based on the similarity distribution between the query and passages.



If passages with high semantic similarity exist, it tends to focus narrowly on that region. In contrast, when no 
passages exhibit strong semantic similarity, it expands the retrieval range to ensure broader information coverage, 
even at the cost of incorporating more potential distracting passages.
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LDAR generally achieves significantly higher performance compared to all other baselines, while using only about 
half the token usage of the long-context approach.



The average token usage ratio of LDAR relative to the long-context approach is: 0.47 (32K opensource), 0.63 (32K 
closed-source), 0.25 (128K open-source), 0.52 (128K closed-source).
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 In zero-shot setting, LDAR still achieves better average performance compared to RAG or the long-context approach, 
while also attaining a lower token usage ratio relative to the long-context approach
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