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Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. NeurlPS 2020.
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Wu et al. How Easily do Irrelevant Inputs Skew the Responses
of Large Language Models? COLM 2024.
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Joren et al. Sufficient Context: A New Lens on Retrieval
Augmented Generation Systems. ICLR 2025.

Categorizing Model Responses (Musique Dataset)
| i Abstai

Examples: sufficient context

mm Hallucinate mmm Correct

| Question: Who is Lya L. married to?

Context A

e Lya L. married Paul in 2020... They o 100%
Sufficient /
Context looked happy together at the X
) recent event.
Context B
Lya L. — Wikipedia
Svuclblim:iaﬂt Born: October 1, 1980
Spouse: Paul (m. 2020)
Context C
Insufficient Lya L. married Tom in 2006...
ns'é of\::t They divorced in 2014... Lya went
on dates with Paul in 2018... | 80. 0%
, _ Context D - 1
fstfrclont Lya L. is an astronaut, bornin | 3 R
s mﬁl‘::t Ohio.... Lya has two children...
| | Lya's parents are lawyers... Without RAG With RAG With RAG
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Abe et al. LLM-based Query Expansion Fails for Unfamiliar and Ambiguous Queries. SIGIR 2025.

NQ TQ MS MARCO BioASQ
Retrieval Expansion NDCG@10 Recall@100 NDCG@10 Recall@100 NDCG@10 Recall@100 NDCG@10 Recall@100
[
NoExp | 21.69 1994 | 29.63 24.40 | 22.07 2245 | 2225 21.63 | 27.24 (| 2005 | 68.01 6438 | 5736 39.66 | 8254 6453
B2 Q2E 1598 +7.74 | +631 +6.54 | +1.68 +2.32 | +1.81 +2.52| -1.60 || +1.59 | -0.75 +4.47 | +151 +033 | -0.16 +3.19
Q2D 1742 +9.44 | +6.67 +7.61 | +3.18 +3.93 | +2.94 +338 || -1.13 || +4.00 | +1.29 +7.78 | +155 +1.09 | +2.16 +2.87
GaQR (S) | +3.77 +3.80 | +398 +3.29 | +1.63 +1.66 | +1.45 +1.85) +0.01 || +1.79 | +217 +4.21 | 42091 +147 | +151 +3.24
NoExp | 4172 39.81 | 47.75 4231 | 3550 39.48 | 30.89 3233 | 44.07 | 38.62 | 87.88 89.83 | 4643 3246 | 69.57 56.14
Contriovey  E 1147 +431 | +2.03 +3.77 | +1.11  +0.90 | +1.68 +2.03 | -8.63 || -4.38 | 723 -2.88 | -7.48 -0.65 | -7.10 +2.07
Q2D 234 +2.52 | 024 +3.36 | -1.92 - -14.10|| -8.24 " -1.89 | -9.48 -0.10
GaQR (S) | +055 +2.16 | +0.11 +1.18 | +0.07 | AMEZA LEUESR || 713 || -3.30 || ZFEHNWER | 940 | 743 +0.10
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Liu et al. Lost in the Middle: How Language Models Use Long Contexts. TACL 2024.
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Cuconasu et al. The Power of Noise: Redefining Retrieval for RAG Systems.
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(c) Document ranking task (2020)
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Craswell et al. TREC Deep Learning Track: Reusable Test Collections in the Large Data Regime. SIGIR 2021.
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BRER (N7 bLgR) ORFEH : DPR (Dense Passage Retrieval)

Karpukhin et al. "Dense passage retrieval for open-domain question answering." EMNLP 2020.
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Thakur et al. BEIR: A Heterogeneous Benchmark for Zero-shot Evaluation of Information Retrieval Models. NeurlPS 2021.




HEZSTREI L) OMEREHEL

Fujimaki and Kato: Investigating the Performance of Dense Retrievers for Queries with Numerical Conditions. ECIR 2025.
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Usuha et al. Over-penalization for Extra Information in Neural
IR Models. CIKM 2024.
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