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Abstract

Retrieval-augmented generation (RAG) generally enhances large language
models’ (LLMs) ability to solve knowledge-intensive tasks. But RAG could
also lead to performance degradation due to imperfect retrieval and the
model’s limited ability to leverage retrieved content. In this work, we eval-
uate the robustness of LLMs in practical RAG setups (henceforth retrieval
robustness). We focus on three research questions: (1) whether RAG is al-
ways better than non-RAG; (2) whether more retrieved documents always
lead to better performance; and (3) whether document order impacts results.
To facilitate this study, we establish a benchmark of 1,891 samples spanning
five datasets across three task categories, each with documents retrieved
using both sparse and dense retrievers. We introduce three robustness met-
rics, each corresponding to one research question. Our experiments across
11 LLMs show that models achieve generally high retrieval robustness, but
robustness varies substantially across tasks, suggesting that the decision
to adopt RAG remains a case-by-case consideration. We further examine
four additional prompting strategies that vary how models interact with
retrieved documents. We find that Qwen and GPT models suffer notable
robustness declines when reasoning is disabled, even on single-hop QA
tasks, and that providing retrieved documents as tool responses improves
Claude models but hurts Qwen and GPT models, highlighting potential
issues of the GPT models regardless of their best overall robustness under
vanilla prompting.

1 Introduction

Large language models (LLMs) learn to acquire massive amounts of knowledge through
large-scale pre-training, enabling them to answer knowledge-intensive questions (OpenAI
et al., 2024; Anthropic, July. 2024; Meta, 2024b). However, relying exclusively on parametric
knowledge can lead to inaccuracies when dealing with unseen or time-sensitive information,
or when the model fails to precisely retrieve relevant knowledge from its own parameters.
To alleviate these limitations, retrieval-augmented generation (RAG) is proposed, where
external documents containing information relevant to the task are fetched from a datastore
and provided to the model as context during inference (Chen et al., 2017; Lewis et al., 2020).

Despite its potential, RAG does not always guarantee performance improvements. The
retriever might fail to retrieve relevant documents, and LLMs might be distracted by
irrelevant content, leading to a performance drop (Mallen et al., 2023). As achieving perfect
retrieval remains difficult in practice, it is crucial for LLMs to exhibit robust behavior in the
RAG settings to mitigate risks in real-world deployment.

∗Work done while at Bloomberg.
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Previous work has shown that LLMs are particularly vulnerable when provided with noisy
contexts that are synthetically constructed (Chen et al., 2024b). Distracted by the specially
designed misleading information, models tend to produce incorrect outputs (Wu et al.,
2024). While synthetic contexts provide useful insights, they differ from real-world retrieved
contexts, which are typically sourced from credible corpora such as Wikipedia and trusted
news outlets.

To bridge this gap, we benchmark LLMs’ robustness under realistic RAG settings. We
consider an LLM retrieval-robust if (1) its RAG performance matches or exceeds its non-RAG
performance; (2) adding more retrieved documents leads to equal or better performance;
and (3) its RAG performance is invariant to the order of retrieved documents. Accordingly,
we introduce three metrics: no-degradation rate, retrieval size robustness, and retrieval
order robustness.

We curate a benchmark of 1,891 samples from five datasets spanning three task
categories: open-domain QA (Natural Questions (Kwiatkowski et al., 2019), Hot-
potQA (Yang et al., 2018), MS MARCO (Bajaj et al., 2018)), long-form QA (WixQA (Co-
hen et al., 2025)), and fact verification (SciFact-Open (Wadden et al., 2022)).
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Figure 1: Comparison of retrieval robustness
and task performance across various LLMs.
The y-axis represents robustness (geometric
mean of the three robustness metrics), while
the x-axis represents task performance (aver-
age across all retrieval size k, retrieval order o,
retrievers, and datasets).

To construct retrieved contexts, we uti-
lize two retrievers: a canonical sparse
BM25 (Robertson & Zaragoza, 2009) re-
triever and a dense retriever based on
BGE (Xiao et al., 2023). For analyses of
retrieval size and order robustness, RAG
setups with multiple retrieval sizes (5 to
100 documents) and three ordering strate-
gies (original, reversed, and reranked) are
evaluated. Our experiments cover 11 LLMs
from both open weight and proprietary fam-
ilies. Beyond vanilla prompting, we eval-
uate four additional strategies that vary
how models interact with retrieved doc-
uments, including eliciting models’ own
knowledge, disabling reasoning, and struc-
turing retrieval as tool calls.

We find that LLMs are generally robust,
achieving over 75% on the geometric mean
of the three retrieval robustness metrics
when prompting naively with retrieved con-
texts concatenated with the user queries, as
shown in Figure 1. This suggests that, of-
tentimes, (1) RAG outperforms non-RAG;
(2) adding more retrieved documents im-
proves performance; and (3) order of the
documents has limited impact. However,
robustness varies substantially across tasks, with long-form generation showing notably
lower robustness than short-form QA and fact verification, suggesting that the decision
to adopt RAG should be task-specific. Although GPT models achieve the best overall
robustness, our analysis with additional prompting strategies reveals that Qwen and GPT
models suffer pronounced robustness drops when reasoning is disabled, even on simple
single-hop QA tasks, suggesting their over-reliance on the reasoning context. We also find
that providing retrieved documents as tool responses benefits Claude models but hurts
Qwen and GPT, reflecting different optimization focuses across model families.

Our contributions can be summarized as follows:

• We propose sample-level metrics to rigorously measure retrieval robustness—how
robustly LLMs handle queries in RAG setups.
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• We compile a benchmark for evaluating retrieval robustness, following common
RAG setups in practice. It comprises five datasets across three task categories, with
documents retrieved using both sparse and dense retrievers.

• We conduct a comprehensive empirical study of 11 modern LLMs with five prompt-
ing strategies, demonstrating generally strong robustness in realistic settings while
revealing that robustness is task-dependent and sensitive to model-specific design
choices such as reasoning behaviors and tool-use optimization.

2 Related Works

Retrieval Robustness. Neural language models are shown to be easily distracted by adver-
sarially inserted irrelevant content (Jia & Liang, 2017; Shi et al., 2023; Weston & Sukhbaatar,
2023). However, irrelevant context comes in naturally in any RAG setup due to the imperfect
retriever. Chen et al. (2024b) showed that the LLM-based RAG performance goes down
when increasing the noise (i.e., documents that are relevant to the question but do not contain
any information about the answer) rate. Wu et al. (2024) conducted a deeper analysis and
found that highly semantically related information is more likely to distract LLMs. Thakur
et al. (2024) evaluated LLM RAG performance with a completely irrelevant set of documents
and observed non-trivial hallucination rates. On the contrary, Cuconasu et al. (2024) found
that adding random documents to the prompt can actually improve LLM accuracy by up
to 35%, while irrelevant but high-scoring documents are more harmful, highlighting the
nuanced relationship between retrieval quality and generation performance. More recently,
Zeng et al. (2025) introduced RAGuard, a benchmark using real-world misinformation
from Reddit, and found that all tested RAG systems perform worse than their zero-shot
baselines when exposed to misleading retrievals. In this work, we make the evaluation setup
even more realistic and let the misleading or erroneous information occur naturally (no
manual intervention) from imperfect retrieval and benchmark how robust modern LLMs
are. Concretely, we follow the retrieval robustness concept introduced by Yoran et al. (2024),

Retrieval Size Robustness

No-Degradation Rate

Retrieval Order Robustness

Figure 2: Our retrieval robustness metrics, tar-
geting three research questions: (1) whether
RAG is always better than non-RAG; (2)
whether more retrieved documents always
lead to better performance; (3) whether docu-
ment orders lead to consistent results.

“retrieval-robust LLMs states that: (a) when
relevant, the retrieved context should im-
prove model performance; (b) when irrele-
vant, the retrieved context should not hurt
model performance.”

Improving RAG Robustness. Many prior
works aim to improve the robustness and
reliability of RAG systems. Self-RAG (Asai
et al., 2024) trains a language model to adap-
tively decide when to retrieve, and to gen-
erate reflection tokens that critique its own
outputs. FLARE (Jiang et al., 2023) takes
a complementary approach by actively de-
ciding when and what to retrieve during
generation, using low-confidence tokens as
signals to trigger retrieval on-the-fly. Cor-
rective RAG (CRAG) (Yan et al., 2024) in-
troduces a lightweight retrieval evaluator
that assesses document quality and trig-
gers corrective actions when retrieval confi-
dence is low. Chain-of-Note (Yu et al., 2024)
trains models to generate sequential read-
ing notes for each retrieved document, en-
abling systematic evaluation of document
relevance before producing an answer. In-
structRAG (Wei et al., 2024) instructs mod-
els to explicitly denoise retrieved docu-
ments through self-synthesized rationales. Adaptive-RAG (Jeong et al., 2024) dynamically
selects among no retrieval, single-step retrieval, and multi-step retrieval strategies based on
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query complexity. Astute RAG (Wang et al., 2025) addresses the inevitability of imperfect
retrieval by first eliciting the LLM’s internal knowledge, then consolidating it with retrieved
information while tracking source reliability. Fang et al. (2024) proposed adaptive adversar-
ial training to improve noise robustness, and Pan et al. (2024) introduced credibility-aware
generation that teaches LLMs to discern and weight information based on source reliability.
These methods are complementary to our work: while they propose solutions to improve
robustness, we provide a systematic evaluation framework to measure it under realistic
conditions.

3 Robustness Metrics

In this section, we present the three critical metrics for evaluating the retrieval robustness
of an LLM system, illustrated in Figure 2. We define an LLM system as a backbone LLM,
paired with a prompting strategy. Let f (q, k, o) denote the performance of an LLM system,
where q is the task query, k is the number of retrieved documents, and o specifies the order
of the retrieved documents. In this paper, f (q, k, o) is the correctness of the model’s response
to q, assessed by an LLM judge by comparing with the reference answer (§4.1). When k > 0,
f (q, k, o) represents the performance of the LLM system in the RAG setup. For consistency,
we use f (q, 0) to denote the performance of the LLM system in the non-RAG setup, where
the model answers the query using its own knowledge. See Section 4.3 for the choices of k
and o in our experiments.

No-Degradation Rate (NDR). This metric measures how often the LLM system’s per-
formance with RAG f (q, k, o) (for any k > 0 and o) is at least as good as the performance
without RAG f (q, 0), which is calculated as:

NDR =
1
Z ∑

q∈Q
∑
k∈K

∑
o∈O

1
[

f (q, k, o) ≥ f (q, 0)
]

(1)

where K includes all choices of numbers of retrieved documents, O represents all possible
document orders used in the benchmark, and Q is the set of all task samples. Z = |Q| ·
|K| · |O| is the normalization factor for the aggregation. A high NDR implies that, for most
queries, using retrieval does not degrade performance relative to the non-RAG baseline.

Retrieval Size Robustness (RSR). This metric examines how the system behaves as the
number of retrieved documents increases. Specifically, for each task query q and each value
of k, we check whether the performance is maintained or improved, compared to all smaller
values of k. RSR only considers k > 0, not involving the effect of NDR. Results for various
ks are then aggregated across all task samples, formally defined as:

RSR(q,ki ,o) = 1
[
∧j<i[ f (q, ki, o) ≥ f (q, kj, o)]

]
RSR =

1
Z ∑

q∈Q
∑

ki∈K,i>1
∑

o∈O
RSR(q,ki ,o)

(2)

where Z = |Q| · (|K| − 1) · |O|. A high RSR indicates that performance rarely degrades
when adding more retrieved documents.

Retrieval Order Robustness (ROR). ROR concerns the sensitivity of the system to the
order of the same set of retrieved documents. For a task sample q and k > 0, let O
denote selected choices of permutations of the k documents. We can compute the standard
deviation of the model performance over all permutations o ∈ O, which is represented as
σo∈O[ f (q, k, o)]. For performance metrics bounded between 0 and 1, the standard deviation
is bounded between 0 and 0.5. Therefore, we scale it by a factor of 2 to ensure the robustness
metric ranges between 0 and 1. We compute the ROR score as:

ROR =
1
Z ∑

q∈Q
∑
k∈K

(
1 − 2σo∈O

[
f (q, k, o)

])
(3)
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where Z = |Q| · |K|. A higher ROR means that different permutations of the same set of
documents produce more consistent performance.

The three metrics capture complementary aspects of retrieval robustness, reflecting different
desired behaviors of LLM systems with RAG in real world applications. NDR provides a
safety guarantee that retrieval will not harm results; RSR is critical for scenarios where re-
trieval size can be scaled up for enhanced performance; and ROR is important for situations
where document ranking is imperfect. Note that, for simplicity, we omit the marginalization
over two different retrievers (see Section 4.3) from the equations of all three metrics.

4 Benchmark Setups

4.1 Data and Evaluation Metrics

Tasks. We sample from five datasets spanning three task categories. For open-domain
QA, we use Natural Questions (Kwiatkowski et al., 2019), which contains samples derived
from Google Search queries, covering a broad range of questions real-world users ask
online; HotpotQA (Yang et al., 2018), a multi-hop QA dataset that requires chaining multiple
passages to answer questions; and MS MARCO (Bajaj et al., 2018), a large-scale reading
comprehension dataset derived from real Bing search queries. For long-form QA, we use
WixQA (Cohen et al., 2025), an enterprise QA benchmark grounded in real customer support
interactions from the Wix Help Center. For fact verification, we use SciFact-Open (Wadden
et al., 2022), which targets open-domain scientific claim verification against a large corpus
of research abstracts. We randomly sample 500 examples each from Natural Questions,
HotpotQA, and MS MARCO. For WixQA and SciFact-Open, we use all available samples:
200 and 191, respectively, totaling 1,891 samples.

Evaluation Metrics. Previous work usually used string match metrics for answer evalua-
tion (Mallen et al., 2023; Gao et al., 2023). However, such metrics are rigid and cannot reliably
evaluate model performance. For open-domain QA tasks (Natural Questions, HotpotQA, MS
MARCO), we combine traditional string matching with LLM judges. We first check whether
the gold answer can be found as a substring in the model-generated output. For samples
where the gold answer is not found, we use three LLM judges—GPT-5-mini (OpenAI, 2025),
Gemini-2.5-Flash (Google, 2025), and Claude Haiku 4.5 (Anthropic, 2025a)—and take the
majority vote to determine whether the generated answer semantically aligns with the gold
answer (see the prompts in Appendix E). For long-form QA (WixQA), we follow the original
authors and use ROUGE-2 recall (Lin, 2004) as the evaluation metric (Cohen et al., 2025).
The fact verification task (SciFact-Open) only requires a binary judgment of whether the claim
is supported by the retrieved documents, and thus we use the exact match of the model’s
binary judgment with the gold label.

While using LLM judges for all tasks would be better (e.g., evaluating the coverage of
reference facts for long-form QA), the large number of experimental setups (models ×
retrieval sizes × orders × retrievers × datasets) makes purely LLM-based evaluation
prohibitively costly. As a supplementary analysis, in Appendix A.2, on a subset of WixQA,
we report evaluation results that are based on LLM judges. In addition, we include an
analysis of the agreement level between LLM judges in Appendix A.3.

Retrieval Corpus. For Natural Questions and HotpotQA, we use Wikipedia as the retrieval
corpus. We processed the wikidump from November 2023, which contains 6 million articles.
We split each article into chunks by double newlines, resulting in 20 million chunks. Each
chunk is treated as an independent ”document” for retrieval. For MS MARCO, WixQA, and
SciFact-Open, we use the passage corpora provided with each respective dataset.

4.2 LLM Systems

Backbone LLMs. 11 LLMs from two open weight families and three proprietary fam-
ilies are tested, including Qwen3 (4B, 8B, 32B) (Team, 2025), Llama-3 Instruct (3.1-8B,

5



Published as a conference paper at COLM 2026

3.3-70B) (Meta, 2024a;b), OpenAI GPT-5 and GPT-5-mini (OpenAI, 2025), Google Gemini-
2.5-Pro and Gemini-2.5-Flash (Google, 2025), and Anthropic Claude Sonnet 4.5 and Claude
Haiku 4.5 (Anthropic, 2025a). After extending the context length of Qwen3 models to 128K
with RoPE scaling following official recommendations, all models are able to consume the
maximum retrieval size of 100 documents.

Prompting Strategies. Besides the vanilla prompting strategy that concatenates all re-
trieved documents in the user prompt, we explore four alternative strategies that vary how
models interact with the retrieved documents:

OwnKnow obtains a draft answer based on models’ own knowledge by prompting without
retrieval in the first step, and then inserts this draft answer into the prompt for the RAG
setup. This resembles how Astute RAG (Wang et al., 2025) elicits the LLM’s internal
knowledge.

Most of the latest LLMs have reasoning capability. NoThink disables or minimizes the
model’s reasoning budget (i.e., sets the thinking token budget to the lowest possible), testing
how disabling reasoning impacts models’ retrieval robustness profiles.

As using LLMs as tool-use agents has become one of the most prevalent usage patterns,
we also examine how structuring retrieval results as tool responses affects the robustness
profile. ForcedTool creates a dummy retrieval tool and forces the model to call it, and the
retrieved documents are then provided as tool responses rather than directly in the user
prompt. AutoTool is similar to ForcedTool but lets the model decide whether to call the
retrieval tool, which can be considered as an agent variant of the OwnKnow strategy.

As Llama models do not natively support tool usage and adjustment of reasoning content,
we only test Llama models with vanilla prompting and OwnKnow.

4.3 RAG Parameters
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Figure 3: Performance of the retrievers, mea-
sured by the recall of gold answers within
the concatenated retrieved documents. For
open-domain QA, the gold answer is consid-
ered covered if any of its alternative forms
exactly match a substring in the concatenated
retrieved documents. For WixQA, we calcu-
late the ROUGE-2 recall.

Retrievers. Our retrieval system is built
on top of Apache Solr 91. We use two
retrievers: one is the canonical sparse
retriever based on BM25 (Robertson &
Zaragoza, 2009), and the other is a cosine
similarity based dense retriever where we
embedded each document by bge-large-en-
v1.52 (Xiao et al., 2023). For any robustness
metric defined in Section 3, we get the re-
sults for both retrievers and take the aver-
age.

Sizes. We experiment with retrieval sizes
of 5, 10, 25, 50, 75, and 100 documents. The
retrieval size is capped at 100 documents as
most models have reached their maximum
context lengths. When the retrieved docu-
ments exceed the maximum context length
of a model, we iteratively drop the lowest
ranked document.

Orders. For each of these sizes, we apply
three ordering strategies based on the retriever’s ranking of the documents: the original
order (returned by the retriever), the reversed order (reversing the original order), and a
reranked order produced by the BGE reranker (Chen et al., 2024a).3 We test the reversed

1https://solr.apache.org/docs/9 0 0/index.html
2http://huggingface.co/BAAI/bge-large-en-v1.5
3https://huggingface.co/BAAI/bge-reranker-v2-m3
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Figure 4: The three retrieval robustness metrics and task performance of experimented
LLMs using vanilla prompting. G5m: GPT-5 Mini; G5: GPT-5; Hai: Haiku; Son: Sonnet.
The mean of task performance achieved with different retrieval sizes and orders is shown
for each model. Model families are indicated by icons, while the variants are indicated by
model sizes or names. Models generally have good retrieval robustness.

order because sometimes we want to put the most relevant document at the end of the
prompt (the closest to the answer). We include the reranked order to simulate a realistic
reranking stage on top of the retriever.

Retrieval Quality. As our retrieval robustness benchmark relies on the retrievers, we
examine the retrieval quality by checking the recall of gold answers within the retrieved
documents. We follow prior work and determine that the concatenated retrieved documents
contain the gold answer if its substring is an exact match of any form of the gold answer
(substring exact match) (Mallen et al., 2023). For WixQA, we calculate the ROUGE-2 recall
by taking the concatenated retrieved documents as the hypotheses. SciFact is excluded from
this retrieval quality analysis as it only contains gold binary labels. For reference, we also
report the average model performance without RAG (Non-RAG Perf). As shown in Figure 3,
both retrievers provide sufficiently high-quality retrieval, ensuring that the findings of our
experiments are based on valid setups.

5 Results

5.1 Overall Robustness

We report the three retrieval robustness metrics for LLM systems using vanilla prompting
in Figure 4. Besides robustness, task performance is shown in the same figure with bars
with a different hatch style. Retrieval robustness is calculated following the definitions in
Section 3, while task performance is the average score across all retrieval size k, retrieval
order o, retrievers, and datasets. All models achieve higher than 75% retrieval robustness
across all metrics. Compared to prior studies that highlight the weak robustness of RAG
systems under synthetic setups, such as using artificially created documents (Wu et al.,
2024), we show that LLMs demonstrate surprisingly good retrieval robustness in more
realistic settings.

Nevertheless, retrieval robustness varies substantially across datasets (Figure 5), suggest-
ing that the decision to adopt RAG remains a case-by-case consideration. While models
generally demonstrate high retrieval robustness on short-form question answering and fact
verification, their robustness drops significantly on WixQA, which requires longer outputs.
This is partly because models already show high variance when generating open-ended,
long-form content, and the inclusion of many retrieved documents can further increase this
variance. Furthermore, even on tasks where models are generally robust, the top-performing
model is not consistent. For example, on short-form datasets, GPT-5 typically shows the best
robustness. However, on MS MARCO, its smaller and more cost-effective variant actually
surpasses it.
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Figure 5: Geometric mean of the three retrieval robustness metrics compared against task
performance for each model using vanilla prompting across various datasets. On WixQA,
models exhibit low retrieval robustness because the task requires generating open-ended
long-form outputs. These outputs are inherently high-variance and are further affected by
the long input context constructed with the retrieved documents.
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Figure 6: Effects of OwnKnow and NoThink settings. Shaded markers represent vanilla
prompting, while transparent markers represent OwnKnow / NoThink. Effects are indicated
by arrows pointing from the vanilla setting to OwnKnow / NoThink setting. Generally
speaking, providing models with their prior knowledge and enabling reasoning improves
robustness.

5.2 Effects of Prompting

Figure 6 visualizes how adding models’ prior knowledge to the context (OwnKnow) or
disabling reasoning (NoThink) impacts model performance and retrieval robustness. Own-
Know generally provides modest robustness gains, as the non-RAG draft serves as an
anchor that reduces variance in model outputs. This is analogous to self-refinement, which
has been shown to be an effective prompting technique (Yang et al., 2022; Madaan et al.,
2023). However, the inclusion of models’ prior knowledge naturally reduces the tendency of
models to use information in the retrieved contexts, which can lead to drops of performance
compared to the vanilla prompting. Besides the huge performance drop of Llama-3.3-70B
as shown in the figure, we look into the maximum task performance across retrieval sizes
rather than the mean task performance, and observe that all models except for the Claude
family yield a lower maximum task performance when using OwnKnow.

Among models explicitly trained or fine-tuned for reasoning, Qwen and GPT experience
more pronounced declines in both robustness and performance than other model families
when reasoning mode is disabled. A detailed breakdown across various datasets (Figure 17
in Appendix B.2) reveals that while both Qwen and GPT experience the expected substantial
performance and robustness drops on HotpotQA, a multi-hop QA dataset that requires
some reasoning, they also suffer substantial robustness declines on simpler tasks. Most
concerning is their robustness on single-hop datasets, including Natural Questions and
MS MARCO, which suggests these models may have become overly dependent on their
reasoning context even for basic RAG tasks.
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Figure 7: Effects of tool usage. Models are required to call the given retrieval tool in
ForcedTool setting and can decide whether to call the retrieval tool in AutoTool setting.
Retrieved documents are then provided as tool responses.

5.3 Effects of Tool Usage

Claude models consistently demonstrate better robustness and performance when retrieved
documents are treated as tool responses, as shown in Figure 7. This suggests that Claude
models are highly optimized for tool-based interactions, which is further evidenced by
their strong performance in agentic applications like Claude Code (Anthropic, 2025b).
Consequently, we hypothesize that injecting additional context through tool calls and
responses, even through dummy tools, is likely a more effective integration strategy for
Claude.

In contrast, Qwen and GPT models exhibit noticeable drops in robustness and performance
when tool calls are not strictly required. Compared to Claude and Gemini models, Qwen
and GPT models utilize the retrieval tool significantly less frequently. For instance, in
the same setup, while Claude and Gemini models trigger retrieval over 99% of the time,
Qwen-4B and GPT-5 do so only 87% and 33% of the time, respectively. Notably, this lower
frequency of tool invocation does not inherently account for the drop of robustness. When
the retrieval tool is bypassed, these models rely on their internal knowledge and should,
in theory, produce outputs similar to their non-RAG baselines. We instead posit that the
reduced robustness of Qwen and GPT under the AutoTool setting stems from a lack of
robustness to the additional tool schema in the context, leading to varying outputs.

5.4 Oracle Performance
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Figure 8: Average task performance of models
using vanilla prompting with actual retrieval
robustness (Actual) and perfect retrieval ro-
bustness (Oracle) across ks. Perfect retrieval
robustness means the model would not pro-
duce outputs that are worse than it has previ-
ously produced with smaller values of k.

Lastly, we investigate the oracle perfor-
mance when models have perfect retrieval
robustness across ks. Concretely, for each
sample, we keep the best output the model
generates so far until the current k across all
retrieval orders.

As illustrated by Figure 8, having perfect
retrieval robustness can lead to 8% and 15%
of absolute performance improvement for
GPT-5 and Qwen-4B. Notably, Qwen-4B can
even reach similar performance to GPT-5,
suggesting the importance of retrieval ro-
bustness.

5.5 Performance-Weighted Robustness

While retrieval robustness is orthogonal to
task performance and provides complemen-
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Figure 9: Performance-Weighted Robustness (PWR) across all five prompting setups. PWR
combines robustness and task performance into a single score, penalizing models that
achieve high robustness simply by being consistently wrong. Llama models are only tested
with vanilla and OwnKnow setups.

tary dimensions for model evaluation, a model that consistently gives incorrect answers
can achieve perfect robustness. To mitigate confusion for model selection, we consider
Performance-Weighted Robustness (PWR), which jointly accounts for both retrieval ro-
bustness and task performance:

PWR = (NDR · RSR · ROR)1/3 × Performance (4)

where Performance is the average task score across all retrieval sizes, orders, retrievers, and
datasets. Multiplying retrieval robustness by performance ensures that only models that are
both robust and accurate receive high scores.

Figure 9 shows PWR across all five prompting setups. Llama-3.3-70B, under the OwnKnow
setup, is significantly penalized for its low task performance despite maintaining good
robustness compared to the vanilla setup (Figure 6). While GPT-5 has almost the same
task performance under vanilla and OwnKnow setups, the better retrieval robustness leads
to higher PWR. Among the setups, ForcedTool yields the highest PWR for most models,
further highlighting the benefit of formulating retrieval as tool calls and tool responses.

6 Conclusions

We introduce retrieval robustness metrics—no-degradation rate, retrieval size robustness,
and retrieval order robustness—to quantify how reliably LLMs handle queries via RAG. A
realistic benchmark of 1,891 samples is compiled, spanning five datasets across three task
categories, with documents retrieved using both sparse and dense retrievers. Our exper-
iments with 11 LLMs from 5 families reveal that models generally achieve high retrieval
robustness, but robustness varies substantially across tasks, with long-form generation
being notably less robust than short-form QA and fact verification. Through four additional
prompting strategies, we find that reasoning-trained models such as Qwen and GPT suffer
notable robustness declines when reasoning is disabled, even on simple tasks, and that
tool-based retrieval integration benefits Claude models but hurts Qwen and GPT. We hope
our benchmark and findings inspire further research on robust RAG systems.

Reproducibility Statement

Questions in our benchmark come from Natural Questions (Kwiatkowski et al., 2019) (Hug-
ging Face4), HotpotQA (Yang et al., 2018) (Hugging Face5), MS MARCO (Bajaj et al., 2018)

4https://huggingface.co/datasets/google-research-datasets/natural questions
5https://huggingface.co/datasets/hotpotqa/hotpot qa
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(Hugging Face6), SciFact-Open (Wadden et al., 2022) (Hugging Face7), and WixQA (Cohen
et al., 2025) (Hugging Face8). We will release code to reproduce our benchmark, including
the script for obtaining sampled questions and retrieval corpus. We will also release the
script for calculating retrieval robustness metrics given model outputs.

Most of our experiment settings can be found in Section 4, with inference details available
in Appendix C. Furthermore, we include the prompt templates we use in our experiment in
Appendix E.
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A Additional Analysis

A.1 Soft Trend-based Retrieval Size Robustness

We consider a softer, trend-based alternative to retrieval size robustness, which measures the
overall monotonic trend of the performance trajectory as retrieval size increases. Formally,
for a fixed example q, document order o, and the set of retrieval sizes K = {k1, . . . , kn} with
k1 < · · · < kn, we define:

Trend-RSR(q,o) =
τ(q,o) + 1

2
(5)

where τ(q,o) is Kendall’s rank correlation coefficient between the retrieval-size index and the
corresponding performance scores:

τ(q,o) =
1
(n

2)
∑
i<j

sgn( f (q, k j, o)− f (q, ki, o)) (6)

The (τ + 1)/2 rescaling maps the correlation from [−1, 1] to [0, 1]: a score of 1.0 indicates a
perfectly non-decreasing trajectory (performance never drops as k increases), 0.5 indicates
no systematic trend, and values below 0.5 indicate a predominantly decreasing trend.

Results. Figure 10 compares soft RSR against the original strict RSR for the vanilla prompt-
ing setup. Soft RSR is consistently higher than strict RSR, as expected since it tolerates local
dips that the strict formulation penalizes. Notably, the model ranking is preserved: models
that score high (or low) on strict RSR also score high (or low) on Soft RSR.
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Figure 10: Soft RSR vs. Strict RSR per model. Models have higher RSR under the softer
formulation, while their ranks are consistent across the two formulations.

A.2 WixQA with LLM Judge Evaluation

We use ROUGE-2 recall instead of LLM judges for WixQA in the main paper due to the high
cost of running LLM judges on the full dataset. Here we conduct a supplementary analysis
using LLM-based fact recall for evaluation on a subset of WixQA.

Setup. We decompose each reference answer into atomic facts using Claude Sonnet 4.5,
then use three models (GPT-5-mini, Claude Haiku 4.5, and Gemini 2.5 Flash) to determine
whether each reference fact is covered by the model’s prediction. The per-example fact recall
score is the fraction of reference facts judged as covered, averaged across the three judges.
We evaluate the first 50 examples across all 11 models, all 6 retrieval sizes, all 3 document
orders, using the BM25 retriever under the vanilla prompting setup.

Robustness Comparison. Figure 11 compares the three robustness metrics computed
using ROUGE-2 recall versus LLM-judge fact recall on the subset. The relative model
rankings are moderately preserved across both metrics (Spearman ρ = 0.79, 0.59, and 0.45
for the three robustness metrics).

Overall, long-form QA remains the task where models face the most substantial retrieval
robustness challenges, with RSR consistently around 0.47 regardless of the scoring metric.
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Figure 11: Robustness metrics on WixQA (50-example subset, BM25, vanilla setup) com-
puted using ROUGE-2 recall (solid) vs. LLM-judge fact recall averaged over 3 judges
(hatched). Low RSR on long-form QA is observed across both task evaluation metrics.

A.3 Agreement Level among LLM Judges

For open-domain QA evaluation, we use three LLM judges from different model families
(GPT-5-mini, Claude Haiku 4.5, and Gemini 2.5 Flash) to determine answer correctness via
majority vote (§4.1). We investigate if the three judges produce consistent judgment, as a
proxy measure of LLM judge quality. Across all models, datasets, retrieval sizes, document
orders, and retrievers in our benchmark, the judges collectively annotate 610,500 samples.

16



Published as a conference paper at COLM 2026

8B 70B 4B 8B 32B G5m G5 Hai Son Flash Pro
0.0

0.2

0.4

0.6

0.8

1.0

No-Degradation Rate

8B 70B 4B 8B 32B G5m G5 Hai Son Flash Pro

Retrieval Size Robustness

8B 70B 4B 8B 32B G5m G5 Hai Son Flash Pro

Retrieval Order Robustness

Performance Robustness MetricLlama Qwen GPT Claude Gemini

Figure 12: The three retrieval robustness metrics and task performance of experimented
LLMs using vanilla prompting on Natural Questions.
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Figure 13: The three retrieval robustness metrics and task performance of experimented
LLMs using vanilla prompting on HotpotQA.

As shown in Table 1, the three judges achieve high inter-annotator agreement: Fleiss’
κ = 0.83 and an average pairwise agreement rate of 91.8%.

Table 1: Inter-judge agreement statistics on open-domain QA evaluation.

Judge 1 Judge 2 Agreement Cohen’s κ

GPT-5-mini Claude Haiku 4.5 0.906 0.807
GPT-5-mini Gemini 2.5 Flash 0.946 0.887
Claude Haiku 4.5 Gemini 2.5 Flash 0.901 0.797

Overall (all 3 judges)
Fleiss’ κ 0.830
Avg pairwise agreement 0.918

B Dataset Breakdown Results

B.1 Retrieval Robustness

We show the retrieval robustness metrics and average RAG performance in Figures 12, 13,
14, 15, and 16.

B.2 Prompting Strategy Effects

We show the effects of NoThink, OwnKnow, ForcedTool, and AutoTool in Figures 17, 18,
19, and 20.
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Figure 14: The three retrieval robustness metrics and task performance of experimented
LLMs using vanilla prompting on MS MARCO.
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Figure 15: The three retrieval robustness metrics and task performance of experimented
LLMs using vanilla prompting on SciFact-Open.
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Figure 16: The three retrieval robustness metrics and task performance of experimented
LLMs using vanilla prompting on WixQA.
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Figure 17: Effects of NoThink on different datasets.
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Figure 18: Effects of OwnKnow on different datasets.
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Figure 19: Effects of ForcedTool on different datasets.
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Figure 20: Effects of AutoTool on different datasets.
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Figure 21: Performance-weighted robustness on Natural Questions.
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Figure 22: Performance-weighted robustness on HotpotQA.

B.3 Performance-Weighted Robustness

We show the performance-weighted robustness on the 5 datasets in Figures 21, 22, 23, 24,
and 25.

C Inference Setup

Inference Parameters. Due to the computational cost and running time, we use greedy
decoding and perform inference with each model under each setup once. However, we
note that for proprietary models, setting temperature to 0 would not result in deterministic
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Figure 23: Performance-weighted robustness on MS MARCO.
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Figure 24: Performance-weighted robustness on SciFact-Open.
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Figure 25: Performance-weighted robustness on WixQA.
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decoding. During inference, models are allowed to generate at most 4096 tokens on all
datasets, except for WixQA where we allow models to generate 8192 tokens.

Inference Infrastructure. For models with publicly available weights, we use vLLM for
more efficient inference (Kwon et al., 2023), and our experiments are conducted on compute
nodes with 8 H100 GPUs.

D The Use of LLMs

We use LLMs (Gemini, Claude) to polish writing, including correcting grammar errors,
making language more concise, and plotting figures.

E Prompt Templates

The prompt templates (in jinja2 format) used in our experiments can be found at the end of
the Appendix.
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non rag qa.j2

1 Answer the user given question in a concise manner. Indicate the answer
with Answer : and only include the answer words or phrases.<eosys >{{
question }}

rag qa.j2

1 Answer the user given question in a concise manner. Indicate the answer
with Answer : and only include the answer words or phrases. The user
would also provide retrieved documents that might be useful for

answering the question.<eosys >Retrieved Documents:
2 {% for source in sources %} Document {{ loop.index }}:
3 {{ source }}
4

5 {% endfor %}{{ question }}

rag qa ownknow.j2

1 Answer the user given question in a concise manner. Indicate the answer
with Answer : and only include the answer words or phrases. The user
would also provide retrieved documents that might be useful for

answering the question. In addition , the user would also provide your
previously made answer (if available) which you can revise.<eosys >

Retrieved Documents:
2 {% for source in sources %} Document {{ loop.index }}:
3 {{ source }}
4

5 {% endfor %}{{ question }}
6 Previous Answer: {{ open_qa_output }}

rag qa tool.j2

1

2 {{ SYSTEM_START }}
3 Answer the user given question in a concise manner. Indicate the answer

with Answer : and only include the answer words or phrases. Access
to a retriever is provided to gather relevant documents. You are
allowed to call the retriever at most once.

4 {{ SYSTEM_END }}
5 {{ USER_START }}
6 {{ question }}
7 {{ USER_END }}

answer match.j2

1 {{ SYSTEM_START }}
2 You will be given a question , a list of gold answers to this question ,

and a predicted answer. Any answer from the gold answer list is
considered a correct answer to the question. Your task is to judge
whether the predicted answer can match any of the gold answers.

3 Note that predicted answer does not have to exactly match the gold
answers. It is considered a match as long as the predicted answer is
semantically equivalent to any of the gold answers.

4

5 Your response should be in the following JSON format:
6 {
7 rationale : Your rationale for the judgment as to whether prediction

is matching any of the gold answers . ,
8 matching : 1 if the prediction matches any of the gold answers , 0

otherwise.
9 }

10 {{ SYSTEM_END }}
11 {{ USER_START }}

23



Published as a conference paper at COLM 2026

12 QUESTION:
13 {{ rendered_query }}
14

15 GOLD ANSWER:
16 {{ gold_answer }}
17

18 PREDICTION:
19 {{ prediction }}
20 {{ USER_END }}
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