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Abstract

Retrieval-Augmented Generation (RAG) miti-
gates key limitations of Large Language Mod-
els (LLMs), such as factual errors, outdated
knowledge, and hallucinations, by dynamically
retrieving external information. Recent work
extends this paradigm through agentic RAG
systems, where LLMs act as agents to itera-
tively plan, retrieve, and reason over complex
queries. However, these systems still strug-
gle with challenging multi-hop questions, and
their intermediate reasoning capabilities remain
underexplored. To address this, we propose
RAGCap-Bench, a capability-oriented bench-
mark for fine-grained evaluation of interme-
diate tasks in agentic RAG workflows. We
analyze outputs from state-of-the-art systems
to identify common tasks and the core capa-
bilities required for their execution, then con-
struct a taxonomy of typical LLM errors to
design targeted evaluation questions. Experi-
ments show that “slow-thinking” models with
stronger RAGCap performance achieve bet-
ter end-to-end results, underscoring the bench-
mark’s validity and the importance of enhanc-
ing these intermediate capabilities.

1 Introduction

Although LLMs demonstrate impressive perfor-
mance across diverse domains (Grattafiori et al.,
2024, Hadi et al., 2023; Xi et al., 2024), their re-
liance on internal knowledge often leads to factual
errors, outdated knowledge, and hallucinations, re-
ducing their reliability on complex and dynamic
queries (McKenna et al., 2023; Ji et al., 2023;
Huang et al., 2025). These problems are alleviated
with RAG which equips the LLMs with an external
knowledge base (Lewis et al., 2020; Izacard et al.,
2023; Gao et al., 2023; Jiang et al., 2023). Howeyver,
traditional RAG system suffers from problems such
as static information sources, shallow reasoning,
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and context integration, etc (Singh et al., 2025).
Recent progress in LLM-based agentic RAG sys-
tems presents a more promising approach to miti-
gate these issues and improve task handling capa-
bilities (Li et al., 2025¢; Wu et al., 2025; Zheng
et al., 2025). Agentic RAG augments the retrieval
pipeline by giving the LLM greater autonomy. In-
stead of relying solely on static retrieval, the model
actively interacts with open web environments to
dynamically gather and filter information, apply
structured reasoning over the retrieved context, and
plan adaptively to address complex queries.
Existing evaluations of agentic RAG systems
primarily rely on end-to-end multi-hop QA bench-
marks (Krishna et al., 2025; Rein et al., 2023; Zhou
et al., 2025; Xi et al., 2025). While these evalua-
tions are reliable and efficient, they offer limited
fine-grained feedback on how to improve system
components. Addressing this gap requires exam-
ining the intermediate processes that shape over-
all performance. Agentic RAG systems iteratively
perform planning, retrieval, and reasoning, where
errors in any stage can compound—much like mis-
takes in the steps of a complex math problem. To
isolate these critical intermediate tasks and the ca-
pabilities they demand, we introduce RAGCap-
Bench, a fine-grained benchmark for component-
level evaluation within agentic RAG systems.
RAGCap-Bench comprises four core tasks dis-
tilled from an analysis of recent open-source
agentic RAG systems (Li et al., 2025c; Jin
et al.,, 2025; Li et al.,, 2025a). These tasks
capture essential model capabilities in agen-
tic workflows—Planning, Evidence Extraction,
Grounded Reasoning, and Noise Robustness.
Evaluation questions for each task are derived from
a taxonomy of common intermediate-stage LLM
errors and are presented as multiple-choice (MCQ)
items. To ensure high quality, the questions are
constructed through rigorous filtering of diverse
agentic trajectories, followed by thorough manual
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Benchmark Lang Open Web. Intermediate Skills
2WikiMultiHopQA (2020) En X X
MuSiQue (Trivedi et al., 2022) En X
BrowseComp(Zhou et al., 2025) En

BrowseComp-ZH(Zhou et al., 2025) Zh
InfoDeepSeek(Xi et al., 2025) En&Zh
RAGCap-Bench (ours) En&Zh

> X X X

Table 1: Comparisons between different benchmarks.

inspection and annotation.

By isolating specific skills, RAGCap-Bench en-
ables decoupled and interpretable capability assess-
ment while maintaining practical relevance: across
diverse LLMs, benchmark performance strongly
correlates with end-to-end results on complex
multi-hop QA tasks (§4.4). The benchmark is also
substantially more efficient than full agentic eval-
uations, for example, evaluating DeepSeek-R1 on
RAGCap-Bench is roughly 50x faster than running
the same model through the complete WebThinker
workflow (Li et al., 2025¢) on BrowseComp-
ZH (Zhou et al., 2025), a dataset comparable in
size to RAGCap-Bench. Key differences between
RAGCap-Bench and existing QA benchmarks are
summarized in Table 1.

2 Problem Formulation

We formalize the general pipeline of an agentic
RAG system and identify the intermediate tasks
that capture its core model capabilities. Figure 1
illustrates this overall workflow. Given a user
query ¢ € O, the LLLM first designs its initial
question-answering plan 7w = Plan(q) about how
to tackle the question. In the planning task, LLMs
are required to break down the question into sub-
queries, extract the question’s intents, or brainstorm
ideas etc., depending on the nature of the query.
With 7y, the LLM will start to solve the problem,
which requires iterative live searching, reasoning,
and dynamic planning up to 7' steps. At each
step t, the agent retrieves a set of top-K evidence
E; = {e1,ea,...,ex} from the open web using a
search engine. It then analyses the evidence set and
identifies useful evidence F; from the set. Based
on the evidence, the LLLM starts to reason and
produces a reasoning chain R; = {r1,72, ..., "m}
where m is the number of reasoning steps. With
current evidence and reasoning, the LLM will then
refine its plan 71 = Plan(q|E”,, R<;), in which it
determines whether current information is enough
to answer the question and makes a strategic plan
for the next step. If the agent thinks the current evi-

dence and reasoning are enough, it will stop search-
ing and proceed to generate the answer y. Depend-
ing on the specific system design, some systems
incrementally gather relevant evidence through iter-
ative search and analysis, and then perform a final
reasoning step over the aggregated evidence set (as
indicated by the blue dotted box in Figure 1) before
generating the final answer g.

The complexity of the agentic RAG system
makes it hard to locate the actual problem. For
example, extracting a wrong evidence could lead
to incorrect reasoning, which propagates to later
execution stages. In RAGCap-Bench, our goal is
to introduce capability-oriented evaluations that
systematically assess agentic systems at the pro-
cess level. For example, how well the foundation
LLMs strategizes its question-answering plan 7,
extracts useful relevant evidence E} from E;, and
reasons R, faithfully with Ej. Furthermore, due to
the dynamic nature of the open web environments,
evaluating how well LLMs handle potentially low-
quality, misleading, and less credible sources of
information is also important. In the next section,
we will introduce the construction of each capabil-
ity task in detail.

3 RAGCap-Bench

Our benchmark comprises 255 curated questions.
To construct the dataset, we draw queries from mul-
tiple open-source deep research benchmarks (Zhou
et al., 2025; Xi et al., 2025; Krishna et al., 2025;
Chen et al., 2025) spanning diverse domains, in-
cluding entertainment, sports, arts, technology,
medicine etc. Since these datasets only provide
end-to-end query-answer pairs, we utilize various
agentic RAG systems to process the queries and
collect execution trajectory logs. From these logs,
we extract the relevant intermediate information,
which is then used to generate task-specific MCQs.
More details about the open-source datasets and
agentic systems can be found in Appendix A.

3.1 MCQ Format

Motivated by prior works (Ross et al., 2025;
Hendrycks et al., 2020; Zellers et al., 2019), we
frame RAGCap-Bench questions as MCQs. Each
MCAQ consists of a query, some intermediate out-
puts from the agentic RAG systems, and an instruc-
tion to ask the LLMs to choose the correct/incorrect
options from all options given. The general formats
of the MCQs are shown in the bottom of Figure 1.
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less credible web pages.

A. [Web page 1]
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‘Which of the following Based on the evidence
statements are not supported above, is the question
by the documents above? answerable?
A. [Statement 1] A.yes
B. [Statement 2] B.no
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Figure 1: General agentic RAG pipeline and data construction processes for RAGCap-Bench. We take queries
from open-source question-answering (QA) datasets. We then run different deep research systems and collect
the intermediate outputs. Two main strategies, Vanilla Generation and Error-Guided Generation are deployed to
generate the MCQs based on queries and the intermediate outputs. The generated MCQs are filtered to ensure the

quality and experts are recruited to provide the answers.

Examples of MCQs are shown in Appendix E.

3.2 Dataset Construction

There are four MCQ task types: Planning, Evi-
dence Extraction, Grounded Reasoning and Noise
Robustness. The two main MCQs generation strate-
gies include 1) Vanilla Generation; 2) Error-Guided
Generation. The former involves directly extract-
ing and reformatting relevant information from
execution logs, framing it as MCQs to evaluate
the corresponding model capabilities. The lat-
ter involves dedicated error-guided prompts to in-
struct the LLMs to generate high-quality and chal-
lenging MCQs. We mainly use GPT-40 (Hurst
et al., 2024), Qwen-Plus (Yang et al., 2025) and
DeepSeek-V3 (Liu et al., 2024) for our dataset con-
struction. Below shows how the MCQs of each
type are constructed:

Planning: As shown in Figure 1, planning ca-
pability is crucial at two stages of an agentic RAG
workflow. First, upon receiving the initial query,
the LLM interprets the user’s intent and formulates
a strategic plan to guide retrieval and reasoning.
Second, after retrieving evidence and performing
initial reasoning, the model reassesses its progress,
identifies remaining gaps, and updates its plan
based on newly acquired information. Across these
stages, the model must employ both convergent
and divergent planning depending on the question

and the information gathered so far. Convergent
planning refers to the ability to narrow the search
space and advance the reasoning process efficiently.
In contrast, divergent planning involves broaden-
ing the search space to increase the diversity and
coverage of retrieved information, ensuring that im-
portant aspects are not overlooked. In Appendix B,
we show the typical use cases of convergent and
divergent planning for different types of queries.

To construct MCQs that assess both convergent
and divergent planning abilities, we collect rele-
vant thinking trajectories (CoT from slow-thinking
agents) corresponding to the two planning stages
described above from multiple agentic RAG sys-
tems. To ensure data quality, we retain only tra-
jectories that lead to correct final answers. Ad-
ditionally, since humans excel at both convergent
and divergent thinking when solving complex prob-
lems, we also collect samples from open-source
datasets where human-annotated stepwise problem-
solving strategies are available, Chen et al. (2025)
for converging planning while Du et al. (2025) for
diverging planning. Leveraging these trajectories,
we prompt LLMs to generate MCQs, consisting of
questions, correct and incorrect options that reflect
the underlying planning processes.

Appendix D provides the detailed prompts used
by LLMs to generate the MCQs. The above-
mentioned high-quality thinking trajectories from
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Question Type Targeted Capability Common Mistakes
B ) Poor question interpretation
The capal?lhty to interpret a}nd break dqwn the Omission of necessary constraints
. problem, implement an optimal/strategic - -
Planning . . Poor planning logic
problem-answering plan, and dynamically refine - .
its plan based on current information. Poor dynamic planning
Limited scope and depth
Evidence The capability to identify useful evidence from a | Shallow keyword matching
Extraction large amount of retrieved documents. Fail to recognise implicit connections
L . . Hallucinated support
Grounded The capability to reason with grounding and — - - - -
Reasoni Contradiction with retrieved information
easoning generate a well-supported statement. - _ bbb -
Failed to identify implicit reasoning gap
Noise The capability to detect low-quality, less-reliable | Forced/Incorrect reasoning based on noisy informa-
Robustness information and the capability to abstain. tion
Unable to detect low-quality, misleading, and less
credible sources

Table 2: Question types, the targeted capabilities, and common mistakes made by LLMs.

both agentic RAG systems and humans make up the
correct options in the MCQs. For wrong options,
we instruct the LLMs to generate them. Specifi-
cally, we employ Error-Guided Generation, which
includes the identified common mistakes made by
agentic RAG systems during the planning process.
The common mistakes made are listed in Table 2.

Evidence Extraction: This task evaluates
whether the model can identify evidence relevant
to the user query. Vanilla Generation is adopted
for MCQ construction. Specifically, we collect
the search queries and retrieved web pages in the
execution trajectories of different agentic RAG sys-
tems and each web page is formatted into an MCQ
option, as shown in Figure 1. The MCQs typically
include more than four options, and the model is
expected to rule out all the irrelevant evidence to an-
swer the question correctly. Appendix D presents
the prompts for the MCQs generation.

Grounded Reasoning: This task evaluates
whether a model can produce logical and coherent
reasoning grounded in the available evidence. We
employ two MCQ construction strategies: Error-
Guided Generation and Vanilla Generation. For
Error-Guided Generation, we use intermediate rea-
soning traces that lead to the correct final answer.
The generation prompt includes the query, the evi-
dence set, the corresponding reasoning steps, and
the taxonomy of grounded-reasoning errors defined
in Table 2. LLMs are instructed to generate MCQs
options by selecting correct reasoning statements
from reasoning traces as correct options and in-
jecting grounded-reasoning errors (see Table 2) to

create distractors. To more realistically reflect real-
istic agentic RAG errors, we also leverage incorrect
reasoning traces. Since these traces already contain
incorrect statements, we apply Vanilla Generation,
prompting the LLMs to extract flawed statements
without injecting additional errors. Prompts for
both strategies are provided in Appendix D. Each
resulting MCQ includes an instruction asking the
model to identify the incorrect statements.

Noise Robustness: Real-time search results may
include noise, such as low-quality, less credible, or
entirely irrelevant information. During inspection
of the execution logs of different agentic RAG sys-
tems, we find that they are prone to forcing their
reasoning based on the retrieved evidence, even
though they may contain lots of noise. In this task,
we mainly assess whether the models are robust
against noisy search results. For MCQs of this task,
the model is provided with search results that con-
tain no or very limited useful information, and is
prompted with two options: answer the question
or admit that the question cannot be answered with
the given search results. In this type of question,
we deem an LLM that admits the questions are
not answerable as a noise-robust one. We term the
capability as noise-abstain.

We also evaluate whether LLMs can identify
less credible sources. We define credibility us-
ing source-level signals rather than answer content
alone: official or primary sources, reputable insti-
tutional or publisher identity, clear authorship, do-
main expertise, recency when relevant, and absence
of obvious content-farm characteristics. Although
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useful information can sometimes be extracted
from such sources, their reliability is difficult to
guarantee, an especially critical concern in high-
stakes domains such as medicine, law, academia,
and public policy. The ability to recognize and
prioritize credible sources is also valuable when
multiple references present conflicting information.
We use Vanilla MCQ Generation to construct ques-
tions by formatting retrieved web pages into differ-
ent MCQ options, similar to Evidence Extraction.

3.3 Dataset Post Processing

Despite using Error-Guided Generation, LLMs
may still produce trivial MCQs or exhibit issues
such as hallucination and poor instruction follow-
ing. To ensure question quality, we apply both
difficulty filtering and format filtering. Difficulty
filtering removes trivial items by prompting mul-
tiple models to answer each MCQ and discarding
those for which all models choose the same op-
tion. Format filtering eliminates poorly formatted
or ambiguous questions through rule-based checks
and manual verification. In total, we collected 5-
6k agentic trajectories from multiple systems and
datasets, from which MCQs were generated. The
difficulty filtering removes approximately 70-85%
of the generated items for each dataset, as many
of the generated MCQs are too easy. Format filter-
ing removes an additional 10-15% for each dataset.
This leaves a small, high-quality subset for the an-
notators. All retained MCQs are annotated by hu-
man experts with access to advanced research tools.
Annotators are instructed to answer each MCQ by
selecting the options they considered correct based
on the provided question, intermediate reasoning
context, and candidate options. Since both the
questions and candidate answers were presented
in multiple-choice format, annotators did not gen-
erate free-form responses, but instead verified the
correctness and ambiguity of the provided options.
Three NLP specialists conducted the annotations,
achieving an inter-annotator agreement of 0.7825
(average pairwise Jaccard similarity). Ground-truth
answers were determined by majority vote; when
no majority emerged, disagreements were resolved
through discussion.

3.4 Evaluation Metrics

We adopt both Exact Match (EM) and instance-
wise macro F1 score as the evaluation metrics.
Planning questions contain two sub-categories:
converging and diverging. Noise Robustness also

contains two sub-categories: abstain and reliability.
The EM and F1 scores are first averaged within
the group. The overall score is the average of four
scores from each question type.

4 Evaluations

4.1 Setups

We evaluate a range of fast-thinking LL.Ms and
slow-thinking LLMs. Fast-thinking refer to stan-
dard instruction-following language models that
generate responses directly in a single-pass de-
coding process without explicit long-form delib-
erative reasoning. Slow-thinking models refer to
language models that employ explicit multi-step
deliberative reasoning before producing a final
answer. Such models often generate intermedi-
ate reasoning traces (e.g., chain-of-thought or re-
flective reasoning). Fast-thking modles include
Qwen2.5-72B-Instruct (Team, 2024), Qwen-Plus
w/o think (Yang et al., 2025), DeepSeek-V3 (Liu
et al., 2024), GPT-40 (Hurst et al., 2024) and
Gemini-1.5-Pro (Team et al., 2024), and slow-
thinking LLMs include Qwen3-8B (Yang et al.,
2025), Qwen3-32B w/ think (Yang et al., 2025),
QwQ-32B (Yang et al., 2025), Qwen3-235B-A22B
w/ think (Yang et al., 2025), DeepSeek-R1 (Guo
et al., 2025), Ol-mini (Jaech et al., 2024) and
Gemini-2.5-Flash (Comanici et al., 2025).

4.2 Benchmark Results

We evaluate the performance of fast-thinking and
slow-thinking models across the different task
types using both bare and informative prompts. All
prompts are shown in Appendix H. Bare prompts
refer to those with no error examples included. The
LLMs are given the query, MCQs, and simple in-
structions about the output format. Informative
prompts additionally include the few-shot exam-
ples about the common mistakes listed in Table 2.
The latter shows improved and more robust perfor-
mance. Table 3 shows the results for using informa-
tive prompts. The results are averaged over three
runs. The comparison with bare prompts is shown
in Section 4.3.

Planning: We report convergent and divergent
planning scores separately in Table 3. EM. and
F1. correspond to convergent planning, while di-
vergent planning is evaluated using EMy only. A
high EM score indicates that the model consistently
selects the optimal solution path over non-optimal
alternatives. In agentic RAG systems, strong EM
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Model Planning Evidence Extraction Grounded Reasoning  Noise Robustness Overall
EM. Fl. EMy; EM EM Fl1 EM, EM, Fl, EM Fl1
fast-thinking models
Qwen2.5-72B-Instruct 27.45 54.88 76.00 31.88 79.47 35.85 77.98 64.86 10.00 77.18 39.22 7237
Qwen-Plus w/o think 49.02 74.10 84.00 27.54 74.44 35.85 80.82 64.86 25.00 7445 43.71 7595
Deepseek-v3 49.02 7497 80.00 15.94 75.07 41.51 81.19 78.38 25.00 81.01 43.41 78.06
GPT-40 3529 59.48 72.00 34.78 78.27 50.94 81.89 97.30 10.00 65.96 4826 71.40
GPT-5.5 62.75 80.20 96.00 40.58 73.47 49.06 71.54 70.27 35.00 83.88 55.41 77.27
Gemini-1.5-Pro 49.02 75.82 76.00 18.84 75.37 37.74 80.49 54.05 10.00 73.36 37.78 76.26
Gemini-3.1-Pro 43.14 57.24 96.00 42.02 76.53 52.83 79.18 94.60 35.00 82.54 57.31 73.80
slow-thinking models
Qwen3-8B 47.12 69.13 62.67 37.68 75.09 37.74 80.50 55.86 31.67 81.32 4359 76.51
Qwen3-32B w/ think 45.10 70.63 78.67 25.60 56.49 54.09 86.97 57.66 40.00 80.61 47.60 73.68
QwQ-32B 35.29 70.43 80.00 36.23 71.73 53.46 85.08 63.96 35.00 81.67 49.21 78.73
Qwen3-235B-A22B w/ think 49.67 71.17 84.00 40.10 75.89 57.23 89.29 56.76 3833 82.27 52.93 79.66
DeepSeek-R1 5294 7545 86.67 34.78 87.75 55.35 87.52 73.86 35.00 81.65 53.59 81.05
O1-mini 36.60 67.60 64.00 30.34 74.43 39.62 71.99 60.36 20.00 73.81 40.13 71.96
Gemini-2.5-Flash 58.82 78.41 82.67 34.78 76.74 38.36 80.28 7747 25.00 75.60 48.78 77.75

Table 3: Performance of different LLMs using informative prompts. EM, and F1. denote the scores for converging
ability. EM, denotes the EM score for diverging ability. EM, denotes the EM score for noise-abstain. EM,. and F1,.
denote the scores for noise-reliability. The scores are presented as percentages for clarity.

performance translates to more efficient workflows,
avoiding redundant searches and unnecessary evi-
dence collection. In contrast, a high F1 score sug-
gests that the model sometimes selects non-optimal
paths but can still reach the correct answer, reflect-
ing the iterative nature of agentic reasoning, where
redundant steps may still lead to successful out-
comes. Within the fast-thinking models, GPT-5.5
achieves the strongest performance, substantially
outperforming other models. Among slow-thinking
models, Gemini-2.5-Flash leads the performance.
Evidence Extraction: A high EM score in evidence
extraction reflects an LLM’s ability to precisely
identify relevant evidence while filtering out irrel-
evant information—crucial for enabling faithful
and accurate reasoning in agentic RAG systems.
As shown in Table 3, most fast- and slow-thinking
models perform poorly on this task, with EM scores
below 40%, indicating that current LLMs struggle
to process information from dynamic, open-web
environments. This weakness likely stems from
the mismatch between pretraining data and noisy,
unstructured web content, as well as challenges in
aggregating evidence across heterogeneous sources.
Even the strongest models achieve only modest per-
formance. Among fast-thinking models, Gemini-
3.1-Pro obtains the highest EM score of 42.02%
while Qwen3-235B-A22B achives 40.10% among
slow-thinking models.

However, in agentic RAG settings, multiple
sources often provide overlapping information,
meaning that omitting some redundant evidence

has little impact on downstream reasoning. Our
analysis reveals three common failure types in ev-
idence extraction: (a) omission of repetitive evi-
dence, (b) omission of key information, and (c)
inclusion of irrelevant information. While (a) is
largely harmless, the impact of (b) and (c) depends
on the system’s planning and noise-robustness capa-
bilities. We elaborate these interdependencies later
in this section. In this context, F1, which rewards
partial correctness, captures whether a system can
extract at least some of the relevant information
needed to continue reasoning. As shown in Ta-
ble 3, most models achieve F1 scores above 70%.
DeepSeek-R1 performs best overall, reaching an
F1 score of 87.75%.

Grounded Reasoning: While an F1 score reflects
partial correctness in reasoning statements, an EM
score reflects deeper reasoning failures. A mistake
made by LLMs in any intermediate reasoning stage
can be propagated through subsequent stages of
the agentic RAG systems. Conversely, even per-
fect extraction can be undermined if the model’s
reasoning process is flawed. Therefore, the EM
score serves as a stronger indicator for flawless
reasoning grounded in given evidence. Despite
high F1 scores (generally more than 80%) achieved
by many LLMs, the EM scores are much lower.
Among fast-thinking models, the best EM score
of 52.83% is obtained by Gemini-3.1-Pro. Among
slow-thinking models, the best EM score is 57.23%,
achieved by Qwen3-235B-A22B.

Noise Robustness: For noise-abstain, only the EM,
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denoted as EM,, is computed. Our results show
that most models are noise robust. When provided
with irrelevant information, most LLMs admit that
the question is not answerable. For noise relia-
bility, most LLMs struggle to assess the credibil-
ity of information sources. As shown in Table 3,
many models achieve high F1, scores yet have
EM,. values below 50%. Some models, such as
Qwen2.5-72B-Instruct, GPT-40, and Gemini-1.5-
Pro, perform particularly poorly, with EM,. scores
as low as 10%. This pattern indicates a concerning
tendency to trust retrieved content indiscriminately,
regardless of source credibility. A closer look at
model reasoning reveals that LLMs often prioritize
the content of a webpage over its credibility. They
frequently accept sources that appear informative
even when the origin is questionable. While this
behavior may be relatively harmless when differ-
ent sources agree, it becomes risky in the presence
of conflicting information. In such cases, human
decision-making typically involves checking the
authority and trustworthiness of sources before con-
cluding, a capability current models still lack.

Although we define four distinct capabilities, they
do not operate independently, but interact syner-
gistically, collectively shaping the system’s over-
all effectiveness. For instance, in evidence extrac-
tion and noise robustness, the negative effects of
missing key information or selecting irrelevant evi-
dence can be mitigated if the model is sufficiently
noise-robust. When sources conflict, a noise-robust
model can prioritize more reliable information and
guide evidence selection accordingly. Similarly,
planning and noise robustness are interdependent:
a concise and well-structured plan reduces unnec-
essary searches, thereby limiting exposure to noisy
or irrelevant information and easing the burden on
the system’s noise-handling capability.

4.3 With vs. Without Error-Guided Prompts

The detailed results for bare prompts (without error-
guided exemplars) are provided in Appendix F.
Here, we compare only the overall EM scores under
the two prompting settings. As shown in Figure 2,
informative prompts, derived from our error taxon-
omy in Table 2, consistently improve performance
for both fast- and slow-thinking LLMs. This high-
lights a key challenge in building agentic RAG
systems: even slow-thinking models struggle to
engage effectively with dynamic, noisy web infor-
mation without structured guidance. Consequently,

(a) Non-reasoning Models
Qwen-2.5-72B-Instruct

(b) Reasoning Models
Qwen3-8B

Gemini-15-Pro Qwen-Plus w/o think

Figure 2: RAGCap-Bench overall EM scores for different
fast-thinking (left) and slow-thinking models (right), with
informative (orange) and bare (blue) prompts.

Models Downstream Tasks RAGCap-Bench
Accuracy (%) EM F1
Qwen3-30B-A3B-Base 1.33 10.34 3427
Qwen3-30B-A3B-Thinking-2507 14.00 35.38 4551
Qwen3-30B-A3B 18.33 41.00  70.24
QwQ-32B 20.0 49.21 7873

Table 4: The second column reports the point-biserial
correlation coefficient between the evaluator scores and
the downstream performance. All correlation scores are
statistically significant (<0.05). The third and fourth
columns show EM and F1 scores on RAGCap-Bench.

this suggests the importance of prompt engineering
or post-training techniques in agentic RAG sys-
tems. (Asai et al., 2024; Zhang et al., 2025).

4.4 Correlation with Downstream

We test four LLMs of comparably sized models
from the Qwen family shown in Table 4. We sam-
ple 200 questions from the four test sets (BrowseC-
omp, BrowseComp-Zh, XBench-DeepSearch, and
InfoDeepSeek), and the downstream performance
is measured as pass@1 accuracy on the sampled
questions. The results, summarised in Table 4,
show a clear positive correlation between RAGCap-
Bench scores and the models’ respective perfor-
mance on downstream QA questions when models
act as agents in the agentic pipeline. This demon-
strates that RAGCap-Bench provides a reliable
and efficient proxy for more expensive and time-
consuming end-to-end QA evaluations.

4.5 Relationship With Direct Scoring

In this section, we examine whether RAGCap-
Bench aligns with direct evaluation of intermediate
reasoning steps. We randomly sample 500 infer-
ence trajectories from the WebThinker experiments
in Section 4.4. For each evaluated LLM, we use
the same LLM as an evaluator (LLM-as-a-judge) to
score the quality of intermediate grounded reason-
ing (thought-action pairs) and evidence extraction
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Evidence Extraction Direct Scoring RAGCap-Bench

Correlation EM F1
Qwen3-8B 0.210 37.68 75.09
Qwen3-32B 0.113 25.60 56.49
Qwen3-235B 0.528 40.10 75.89

Grounded Reasoning Direct Scoring RAGCap-Bench

Correlation EM F1
Qwen3-8B 0.291 37.74 80.50
Qwen3-32B 0.316 54.09 86.97
Qwen3-235B 0.338 57.23 89.29

Table 5: The second column reports the point-biserial
correlation coefficient between the evaluator scores and
the downstream performance. All correlation scores are
statistically significant (<0.05). The third and fourth
columns show corresponding EM and F1 scores on
RAGCap-Bench.

(observation-extraction pairs) on a 1-10 scale at
each step. The scores are then averaged across
the full reasoning trajectory to obtain an overall
intermediate-process score for each query. The
evaluation prompts are provided in Appendix G.
Since ground-truth process-level annotations are
unavailable, we first assess whether these interme-
diate evaluation scores approximate downstream
task success. Specifically, we compute the point-
biserial correlation coefficient (Tate, 1954) between
the LLM-assigned overall intermediate-process
scores and the binary downstream outcomes (cor-
rect vs. incorrect final answers). A higher corre-
lation indicates that the model’s intermediate-step
evaluations better align with its actual downstream
performance. Now, we can compare these cor-
relations with the corresponding RAGCap-Bench
scores of the same LLMs to examine whether
strong benchmark performance is associated with
more reliable process-level evaluation signals.

We assess three LLMs of different sizes: Qwen3-
8B, Qwen3-32B, and Qwen3-235B, as shown
in Table 5. The observed correlations align
closely with each model’s performance on the
evidence-extraction and grounded-reasoning tasks
of RAGCap-Bench. Qwen3-235B achieves the
strongest both the strongest correlation and the
highest EM scores. Qwen3-8B and Qwen3-32B
exhibit weaker correlations, consistent with their
lower EM scores on these tasks. Notably, Qwen3-
8B shows a higher correlation than Qwen3-32B on
evidence extraction, which is also supported by its
higher EM and F1 scores in RAGCap-Bench.

5 Related Work

Agentic RAG Systems: While RAG equips the
LLMs with access to external knowledge bases,
mitigating issues such as factual errors and hal-
lucinations, it still struggles to solve complex
tasks (Singh et al., 2025). Agentic RAG has en-
hanced the capabilities of the traditional RAG sys-
tems. It no longer treats the LLM merely as a
passive text generator, but as an active agent ca-
pable of adaptive planning, dynamic information
seeking, and iterative reasoning (Asai et al., 2024;
Yao et al., 2023; Li et al., 2025b; Feng et al.,
2025; Zheng et al., 2025; Pan et al., 2025). No-
tably, this emerging paradigm has seen increas-
ing adoption in practical applications, including
OpenAl Deep Research (OpenAl, 2025), Gemini
Deep Research (Gemini, 2025), Perplexity Deep
Research (Perplexity Team, 2025) etc., all of which
leverage LLLMs as autonomous agents.

Agentic RAG Benchmark: With the rise of agen-
tic RAG systems, comprehensive and systematic
benchmarking becomes increasingly important for
uncovering potential weaknesses and steering the
development of more effective and capable sys-
tems. Some benchmarks are proposed for this
purpose (Xi et al., 2025; Zhou et al., 2025; Wei
et al., 2025). However, most of these efforts focus
on question-answering (QA) tasks that evaluate a
system’s ability to answer challenging, multi-hop
questions. Although they are useful indicators of
end-task performance, they offer limited insight
into the intermediate planning, retrieving and rea-
soning tasks executed by the systems.

6 Conclusion

This work introduces RAGCap-Bench, a capability-
oriented benchmark designed for fine-grained,
component-wise evaluation for the agentic RAG
systems. RAGCap-Bench addresses the critical
gap in existing benchmarks, which lack evaluation
on the intermediate processes of the systems. Ex-
perimental results demonstrate that the RAGCap-
Bench scores are correlated with the downstream
task performance, highlighting its practical rele-
vance. In addition, we conduct exploratory exper-
iments to show the potential of using LLMs to
assess intermediate outputs of the agentic RAG sys-
tems. This paves the way for future research into
the integration of LLMs as a means of improving
the agentic RAG systems.
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Limitation

RAGCap-Bench is limited in size, with approxi-
mately 60 questions per category. This relatively
small scale may reduce statistical power and makes
it difficult to draw strong conclusions from small
performance differences across models. Expanding
the benchmark is challenging because constructing
each MCQ requires running computationally ex-
pensive agentic RAG systems, manually inspecting
multi-step reasoning trajectories, and carefully an-
notating each option, often involving full review
of source webpages to assess evidence quality and
credibility. In future work, we plan to explore auto-
mated pipelines to enable the construction of larger-
scale MCQ datasets.
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Dataset Language Number of Samples

glaveai/RAG-v1 En 100
InfoDeepSeek (Xi et al., 2025) Zh 245
BrowseComp-Zh (Zhou et al., 2025) Zh 289
Frames (Krishna et al., 2025) En 230
XBench (Chen et al., 2025) Zh 100

Deep Research Bench (Du et al., 2025) En&Zh 100

Table 6: Datasets used for the construction of RAGCap-
Bench. Note that the original Frames contain 824 sam-
ples, we subsample 230 to run the agentic RAG systems
on these 230 samples only. In addition, the original
Glaveai/RAG-v1 contains 51.4k rows, we select the first
100 rows with longest list of retrieved documents.

A Datasets

All open-source datasets used for constructing
RAGCap-Bench are listed in Table 6. The agen-
tic RAG systems used include WebThinker (Li
et al., 2025¢), WebSailor (Li et al., 2025a), Web-
Dancer (Wu et al., 2025) and HiRA (Jin et al.,
2025). We run these systems on InfoDeepSeek,
BrowseComp-Zh and Frames to obtain the interme-
diate outputs. Glaveai/RAG-v1! dataset includes
retrieved documents as part of its content. The
remaining datasets provide human-annotated step-
wise problem-solving strategies, which are used
to construct planning questions. The search tools
used include Google, Baidu and Jina. The search
tools are limited to 10 API calls. Jina is used to
summarise the page when needed.

B Convergent and Divergent Capabilities

Figure 3 illustrates the roles of convergent and di-
vergent planning capabilities for different types of
queries. Convergent planning capability is required
to gradually narrow down the search space in order
to reach a final deterministic answer. Divergent
planning capability is required to expand a user
query to explore multiple perspectives, interpreta-
tions and possibilities, so that the final answer is
well-rounded and considers diverse viewpoints.

C Examples of Errors

Figure 7 shows examples of the actual errors col-
lected from agentic RAG pipelines. The errors are
highlighted in red.

D Generation of MCQs

Since different datasets and pipelines generate in-
termediate outputs with varying structures and for-
mats, the prompts must be customised accordingly.

Ihttps://huggingface.co/datasets/glaiveai/RAG-v1
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Example 1 (Translated from Chinese):
Please identify the name of this artist based on the following clues: He studied at the Central
Academy of Fine Arts in China and the Dilsseldorf Art Academy in Germany, and pursued further
studies in Germany. During his time in Germany, he studied under three well-known artists, one
of whom set the record in 2012 for the highest auction price ever achicved by a living artist.

Divergent:
~__“_ Explore from different perspectives

"MPC" 4247 “Problem Space Addressed by A2A"
Divergent:
Explore from  (Sub-auery | Sub-query 2 Sub-query N
different perspectives . o
"Definition" hoareni . "Design : catio)
‘Definition Arehitecture ¢ 7«;” \_Agent Ecosystemst_ and Data Silos
p \ p \ ip y \ N .
(Sub-query ‘Sub-query | [ Sub-query | (sub-query| ( Sub-query’)
11 12 24 NI Nk |
- - 4 - "
L . J
Answer
Example 2:

Which Obsidian plugins can effectively replicate Notion's multi-view database functionality (including Table,
Kanban, Calendar, and List views)? Please provide a detailed comparison of the strengths and weaknesses
of these plugins

Figure 3: Convergent (top) and divergent (bottom) plan-
ning capabilities required for different user queries.
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Figure 4: Left: Proportion of samples in each MCQ
type. Right: Average number of options in each MCQ

type.
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Figure 5: Pearson correlation between sub-capability scores
of model performance on RAGCap-Bench and their respective
downstream QA performance.

Here, we provide some examples of our generation
prompts to illustrate the core idea. These prompts
can be adapted as needed for each specific pipeline

Correlation Between RAGCap-Bench and Downstream QA Performance
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Figure 6: Correlation of model performance on RAGCap-
Bench and their respective downstream QA performance.

Model Setting EM F1

Qwen3.5-27B Not Shuffled 46.14 81.07
Qwen3.5-27B Shuffled 45.10 78.15
Qwen3-30B-A3B-Base Not Shuffled 10.34 34.27
Qwen3-30B-A3B-Base Shuffled 10.01  40.60
Qwen3-30B-A3B-Thinking-2507 Not Shuffled 35.38 45.51
Qwen3-30B-A3B-Thinking-2507  Shuffled 31.50 49.21

Table 7: Performance comparison under shuffled and
non-shuffled settings.

and dataset.

Figure 8 and Figure 9 show the prompts for gen-
erating MCQs using Error-Guided Generation. For
most questions using Vanilla Generation, except
for grounded reasoning, LL.M-based generation is
not needed. Figure 10 show the prompt for gener-
ating grounded reasoning questions using Vanilla
Generation with LLM. Other questions generated
with Vanilla Generation follow the formats in Fig-
ure 1. Here we only show an example of evidence
extraction in Figure 11.

E Examples of MCQs

Figure 4 shows the sample distribution by task
types. Figure 12 and Figure 13 are MCQ exam-
ples from RAGCap-Bench. The full dataset can be
assessed at https://github.com/jingru—
lin/RAGCap—-Bench.

F Results with Bare Prompt

Table 8 shows the evaluation results on RAGCap-
Bench using bare prompts.

G Direct Evaluation Prompts

Figure 14 provides the prompts used for evaluating
the intermediate outputs from WebThinker.
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H Bare and Informative Prompts

Figure 15 and Figure 17 are bare and informative
prompts for grounded reasoning. Figure 16 and Fig-
ure 18 are bare and informative prompts for noise-
reliability. All prompts for evaluation are avail-
able in the prompts folder at https://github.
com/jingru-1in/RAGCap—-Bench.

I Correlation with Downstream

In addition to Section 4.4, we test three LLMs
of different scales (Qwen3-8B, Qwen3-32B, and
Qwen3-235B-A22B) using the WebThinker work-
flow. Downstream performance is measured as
pass@1 accuracy on BrowseComp, BrowseComp-
Zh, XBench-DeepSearch, and InfoDeepSeek, with
each inference limited to 10 Google Search API
calls. Figure 6 shows a clear positive correlation
between RAGCap-Bench scores and the models’
respective performance on each of the downstream
QA benchmarks when models act as agents in the
WebThinker pipeline. This also demonstrates that
RAGCap-Bench provides a reliable and efficient
proxy for more expensive and time-consuming end-
to-end QA evaluations.

J Sub-capability Analysis

First, we provide a finer-grained analysis of which
sub-capabilities best explain the downstream tasks.
We compute the Pearson correlations between sub-
capability scores and downstream performance,
shown in Figure 5. The downstream scores are
taken from Figure 6. Overall, we observe that
grounded reasoning and planning capabilities show
the strongest correlation with downstream perfor-
mance, while evidence extraction exhibits weaker
correlation. However, note that the capabilities do
not operate independently, as we mentioned in Sec-
tion 4.2. They interact synergistically, collectively
shaping the system’s overall effectiveness.

K Answer-position Bias

Next, we analyse the effects of the positions of the
correct answers in the MCQ options as LLMs are
known to exhibit positional bias when answering
multiple-choice questions. Hence, reporting results
under shuffled option orders would help ensure the
conclusions are not an artifact of option placement.
To verify this, we shuffle the MCQ options and
compare the results before and after shuffling. The
results in Table 7 show that shuffling has a limited
impact on overall performance.
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90 R TEBHT, 2014 FAETEHFTHET —BRRT 1970 EMTE, JT 2025 EBEGE LA
SEERSEER S, RERHETEHA?

-ARE 2014 F (FEFEE) BE (2T) AR ESERTE,
- (2D REFE—NERSRMHEBAYE
-HERSRENSERIEBFREPENR (902021 F£56)).

HH, NERERRER, BRE 2014 £/ (PEFEEE=F) 8B TFE— 1979 FNE8aHH ()
Y. MEA—IEARIE, WAGE 2021 FHRUABFRSEMEL. RABMIEEHRE 2025 FHBEFR
=, BEEIXASEREIHNTLSEHE, ARRSFA—NAERATEHEENMER, JRUMIXER
#E (). B, REERNHD ().

it R BRE BRETRBAFHERE—RERSTH, TAAMURNESE, ENEEEFEHREE—%
FiET, BERGMBEAER. WhEREXH—ATPEXES, TAEMAXURA. BEIZERE
WREE?

FH, BMAEREERERNER, KT ADTENER ERZIR ISR, NTESM

1. ERESR EETRERZASRNANEER, ORI FNHEAEIKER EREFHANRILR
SRE), BITME, BHFCHILHER A LM, FOURE" . XFEIERFTA I MBEAER 1%
o

2. B R ST WAAMTIUAEFHEALS, BHRAREES" XTI PR
o

B *E LA BHLAEERXEING, BTEH FARBTHRHEREERER,

4. RN BARRER TR G ERREREXABTEERES, BEBRENZEAMRIE, 6
TEESERS L THAERE, G, JREAENHFERAERIAPERILSHFENATE, N
T ERLE R .

5. *EEARE RABHASRERIFE, EHEILR. RAILE TaEESEREN L ESER -
AURRETTA, TRERUEIH S| EE M RIEEX .

ZaM LD, RURNERE WHEHEE WEMTSR, BUAEFHEN WE MEDL b ERil
KA. Fit, BREAZBAIARBRIEXBE,

RIBRRER, ZWARA REEE", BT FMEALS, i, RATERNZEXNMIRBIR.

Figure 7: Error examples from agentic RAG pipelines.
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You are an advanced agentic Al. You are given:
a. aquestion
b. planning traces (multiple steps, each step has a Plan and Found)

Your task is to create a multiple-choice question (MCQ) to assess how good a student is at problem-solving.
Please follow the following instruction for generating the MCQs:

1. Randomly select a step and use the steps up to this selected step as past thinking traces.
2. Create an MCQ to ask for appropriate next step.
3. Each MCQ has **at least four** options, each option is an advice for the next search step.

4. **At least one** options should contain a good next step. You can use the suggested next step or come up
with a better one.

5. **At least two** options should contain a bad next step. Some examples of bad next step include but not
limited to:

a. non-converging logic: advise a next search query that does not narrow down the search scope

b. misunderstands the question: advise a next search query that shows misunderstanding of the question
c. redundant search: advise an unnecessary next search step that appear to be relevant to the question

6. One option should suggest that current information is enough and no further search is necessary.

7. Your MCQ should begin with "4 7 [EZ 8]/, {R#EFTT IATHE: [Previous Steps], \n\n T—HHEEEN
HEFWLE? " You **must** replace [Previous Steps] with a concise Chinese summary of previous steps,
**no** advice or next-step reasoning should be included.

**Example Question:**

[example]

**Question Content:**
Query:

[query]

Planning Traces:
[planning_traces]

Output:

Ensure that your output strictly follows the output format above. Do not add any extra explanations or
comments—simply generate the multiple-choice question.

Figure 8: Example prompt for generating planning questions using Error-Guided Generation.
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You are an expert in retrieving information and question answering. Your task now is to design a multiple-choice
question (MCQ) to evaluate the student's ability to write answer statements that are well-supported by the
information retrieved. You are provided with:

a.aquery
b. webpages

c. reasoning

**Requirements: **

1. Extract **at least six** statements from the reasoning. Try to maximise the diversity of the statements.
2. Each statement should attempt to answer the question.

3. Format each statement as an MCQ option, label them as A, B, C, D, E (or more if needed).

4. Modified **at least two** statements so that each of them demonstrates an error. Some of the errors include
but not limited to:

- hallucinated support from the webpages

- irrelevant to the question

- contradict with retrieved information

- contains an incorrect number or statistic

- lacks necessary context or conditions from the original question
- misunderstands the question

5. Begin your MCQ with "{RIBIE REIMIMTL, I TR 2 HIRAT? "
**Question Content:**
[query]

[webpages]

Reasoning:

[reasoning]

Output:

You do not add any extra explanations or comments - simply generate the MCQ.

Figure 9: Example prompt for generating grounded reasoning questions using Error-Guided Generation.
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You are an expert in extracting statements. Your task now is to extract statements from the given reasoning.
a.aquery

b. reasoning

**Requirements: **

1. Extract **at least six** statements from the reasoning. Try to maximise the diversity of the statements.
2. Each statement should attempt to answer the question.

3. Format each statements as an MCQ option, label them as A, B, C, D, E (or more if needed).

4. Begin your MCQ with "IRIEIE REIAIM BT, I THRIARRIA R EHiRAY?

**Question Content:**

[query]

Answer Report:

[reasoning]

You do not add any extra explanations or comments - simply generate the MCQ.

Figure 10: Example prompt for generating grounded reasoning questions using Vanilla Generation.

[query]
AT EEMEE#E, RFUTRBEEETTEE:

[search_queries]

UTEMEMR—MERBIAIMTT, WL DI @2 B8 787

[webpages_as_mcq_options]

Figure 11: Vanilla Generation for evidence extraction.
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Model Planning Evidence Extraction = Grounded Reasoning Noise Robustness Overall
EM. Fl. EM; EM F1 EM F1 EM, EM, Fl, EM F1

fast-thinking models

Qwen?2.5-72B-Instruct 31.37 6431 72.00 28.99 79.56 39.62 79.98 62.16 10.00 68.05 39.09 72.98
Qwen-Plus w/o think 2745 6726 84.00 24.64 77.40 30.19 76.55 54.05 15.00 65.67 3627 71.72

Deepseek-v3 43.14 69.93 80.00 20.29 71.93 24.53 69.56 34.14 15.00 6193 3286 68.34
GPT-40 3529 56.99 64.00 30.43 79.65 50.94 81.29 54.05 10.00 54.69 40.76 68.16
Gemini-1.5-Pro 52.94 74.58 80.00 14.49 75.51 4151 80.63 3784 5.00 73.19 3597 75.98

slow-thinking models

Qwen3-8B 37.25 63.20 72.00 23.19 74.85 39.62 83.01 37.84 15.00 75.51 3596 74.14
Qwen3-32B w/ think 39.22 67.84 84.00 28.99 57.29 37.74 84.06 35.14 10.00 74.92 37.72 71.02
QwQ-32B 19.61 5821 80.00 28.99 76.70 49.06 83.24 51.35 20.00 7243 4088 72.64
Qwen3-235B-A22B w/ think 49.02 72.29 80.00 42.03 75.15 52.83 86.27 56.76  5.00 5537 4656 72.27
DeepSeek-R1 45.10 70.33 84.00 31.88 79.11 56.60 88.73 56.76  35.00 80.03 49.73 179.55
O1-mini 21.57 60.20 64.00 23.19 72.27 41.51 76.72 54.05 15.00 64.59 3550 68.45
Gemini-2.5-Flash 50.98 74.79 80.00 31.88 77.68 39.62 79.83 78.38 15.00 7220 45.02 76.17

Table 8: Performance of different fast- and slow-thinking LLMs using bare prompts. EM,. and F1. denote the scores
for converging ability. EM; denotes the EM score for diverging ability. EM,, denotes the EM score for noise-abstain.
EM,. and F1,. denote the scores for noise-reliability. The scores are presented as percentages for clarity.

BUAR a. EHURIT, fb55 & E TN E—HHMN, SLHMEESERD. a ZHEREE 2EE5EEFHR
BH MAKEL R, 9#&5 BARERERFE, 40 S, FIE50 XK. BUAR a aSREF—RERELE, T
2017 EHENEZE ., XNULELIE?

AT EEER, RitfTT UTTR:

Step 0: RH L LERNRTRATRMERBER. RAETRPIERAEX_TLF (1157 F) KT,
HURTTES 45 5, ZFEIEGM . BB HN. RMEHEIMN, 55 S EATHILEEMM.

Step 1: FIAETHIMBUATK, EREEFFANICR. KAETRHIHESE 7THRR/EDLEIN, KEFE
S5ESHEEKABRA MR, 5 5%, MUK 40 5 50 5 FRELAI &M

T REENMIERWRL?
A BREMSHRBRNHLAY), BERETAEMABREM.
B.HINETHREFHFLHMEN, HEWNXLEFANERES.

C.MREMETMNERMEMNFE, NEBEREREMBMNREENTHERE 2017 FHNEZE, U
INER.

D.f#it R, EEEEBELEEMER-E.
ERRITHNER,
FIRZRIKRMEER .

Figure 12: An example from RAGCap-Bench.
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Question: BT EEMREHMM—F, FruHBEFERTTMKERE? "ATEEMLEBE, R UTXE
BT TERER:

1.5 3R FR1E 1973 T1E; 2. BT EeNE At 3. 5 BB HE TiEVIFK 4. EEMNER T HIRFE
1973;

UTEMEMR—MERBIAIMTT, WRLEMN I @& RS E

A TR @ KIEEINZ 2T ARTE)SERY? - 255 [6) i) || M BTAS{E): 2010 £ 01 A 27 BIIMITRA: #
BT KR (Pablo Picasso) £2%:1881 ££ 10 A 25 H—1973 £ 4 A 8 H Mk @ X 5 AT BT
ER. BER, ZERHFERER. RRRZAGZERNUHEABTRRREENERZAR. LEEETA,
BHBEENNZART EMAERNEARN, X GEFXAF R EZ S LR RS E % REE B XAEE
8871, 1973FE 4B 8 H

B. MTIARAEL: ERARAF-FEANZ 1970 £ 7 B 5 HIIIMTIR[E]: 2022 01 F 28 H|INTTAR: EMRRE
(784): 784, EZRFAES; FEINER FIPEZF 1970 FF M)FE 80x100cm XE XMW FZ A EYIE XiE (ERE
) (Woman with bird), 81#£T- 1970 ££ 7 A 5 B, 2 EMEHERHH(1946-1973) 091 M. X—HHENRNZ
AREFRRIAMAMIEE X ALEXMBULEXFERESOMRE AT, FEZAENR BN E
EAIET 20, g G —. BEREFSK EFTESRMINTRE, Ltz AOAXNBEEER .

C. MTURE: L ABIMT-EeANZ 1963 IR [E]): 2022 £ 01 B 28 HIIMTAR: ZABME R A
7F 1963 & foE i E AR XE ( K ABUF) (Grand profil), BI1ET 1963 4,72 BN 2 HA [l i #A(1946-
1973091k X—NHEMRNEAFRRLANDARMUZEEX . ALEXFBAL T NFEBE S
REA T, FREAEMREWABEETHESE—. ERRESKEHTERRRINER, EMtiz B
WAEXHEEE R

D. MTIFRaL: 358 * R RELTIEE R CD eBay|||MTIAT[E): 2022 06 A 06 H||IINTIAR: ENA2Md
BEHZAN TR BEREERATRES LB TEENATRERMG 2BERZA T BEFEEKA
TR EEEBAE TERENATREH EELH LN AAR A BT TEL R RABLEEETES
B R 1SR g R R 234 &M BN R IRE M £EId IR &4 £ IR LP Sleeve {X3& AT (2001) PINK
FLOYD Dark Side of the Moon tocp - 65740 H 7 (3) 3 /N & 1E4 - Mini-LP Sleeve ONLY for (2001) Pink Floyd
Dark Side Of The Moon TOCP-65740 Japan 83.38 7t 107.14 7T iz #% 333.70 T 115.75 7T 15 2% PINK FLOYD THE
LATER YEARS 1987-2019 (CD DIGI PAK) NEW SEALED (S) (12) 12 N fa1¥43 - PINK FLOYD THE LATER YEARS
1987-2019 (CD DIGI PAK) NEW SEALED (S) 58.09 7T 313.96 7T 352 {XF 1 1! (18) 18 & BT - Pink Floyd -
A Momentary Lapse of Reason CD 1987 CK 40599 DADC EARLY PRESS 73.70 7T J&{/}: 86.71 7T 53.40 T iz &
1X 3 1 14! Pink Floyd: The Dark Side Of The Moon (SACD) (Analogue Productions) (1) 1 N & &1 - Pink Floyd:
The Dark Side Of The Moon (SACD) (Anal

E. MTIFRAR: F oo HBERERZELTHE(1970-2015) - TE - MFH=F KIIMTTASE): 2016 F£ 01 B 29 BN
AR NA: RERRARATRHREFE 1970 £F 2015 FREMFERETELTEH. (AtomHeart
Mother) 1970.10.2 {Meddle) 1971.10.30 {Obscured by Clouds) 1972.6.2 {The Dark Side of the Moon}
1973.3.1 {WishY...

FRMTURE: [BRKR] Fx B EHR1E (B ZHEE) 1994 [FLAC+CUE/EH ||| TR [E]: 2023 4 07 A 03 H
NIMTTAZR: EiE&FR:Dark Side of the Moon

Figure 13: An example from RAGCap-Bench.
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You are an excellent evaluator, good at assessing deep search systems. You will be given a **User Query**, a
**Search Query**, some **Retrieved Evidence** and **Evidence Analysis**. Your task is to evaluate the quality
of the **Evidence Analysis**.

### Quality Evaluation Criteria

Scores are assigned using a 1-10 Likert scale, where higher scores indicate the systems have selected all
useful evidence to answer the user query, and lower scores indicate that the evidence selection is incomplete,
off-topic, inaccurate, or redundant.

1. **Relevance** — Does the retrieved evidence address the user query? Is it clearly related to the main topic or
query?

2. **Completeness** — Does the system misses key evidence pieces that would help to answer the query?

3. **Specificity** — Is the evidence precise and focused, rather than vague or overly broad?

### Key Failure Patterns to Watch

(a) **Shallow Keyword Matching** — The evidence appears related only because it shares similar keywords with
the search query or user query, but it fails to address the actual intent.

Example:

[example 1]

(b) **Fail to Recognise Implicit Connections** — The system missed the deeper semantic or logical relationship
needed to connect the user query to relevant evidence.

Example:

[example 2]

(c) **Missing Potential Evidence** - The evidence might have relevant information, but it would require
browsing the page to obtain the information

Example:

[example 3]

### Evidence to evaluate
**User Query**

[user_query]

**Search Query**

[search_query]

### Output Format

[output_format]

Figure 14: Prompt for evaluation on the intermediate outputs from WebThinker.
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You are an advanced agentic Al. You are good at analysing the documents retrieved and write well-supported
statements to answer the question. Please read the following webpages and answer the question.

[query]

[mcqg_question]

Ensure that you output option alphabets (A,B,C,D etc.) only without any explanation. You should select all
possible answers. However, if you think none of the answer should be selected, output 'none'.

Figure 15: Bare prompt for grounded reasoning.

You are an advanced agentic Al. You are good at detecting low-quality, potentially misleading or less credible
sources of information.

Let's say you are writing a report on [topic].

Please select low-quality, potentially misleading or less credible web page from the options.

[mcq_question]

Ensure that you output option alphabets (A,B,C,D etc.) only without any explanation. You should select all
possible answers. However, if you think none of the answer should be selected, output 'none'.

Figure 16: Bare prompt for noise robustness (reliability).
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"""You are an advanced agentic Al. You are good at analysing the documents retrieved and ensuring your
reasoning and written statements are grounded in evidence.

The following are some cases of the common mistakes when reasoning based on retrieved evidence:

Evidence Set:[webpage 1 begin /%% 3F - &[], 1865 fF 12 B 12 HAAMNHABFER KX E—EHEEFHNAI]
RS MR KITETF 1960 £, BIfE A RA L 95 E5, MM THA/IM AN TE=-MEEEEN. NEEIIE
AEEREFMNETNIEN EEAXENZIEMBEZEE. [webpage 1end]

[webpage 2 begin] R FUR B, B(ZILAIET 1000 & F57],— XM 4N R BEBB)IP LI TSR
BT XESRMTHEFLEZREA., AENAENSTERFEA_KEEE ENEERTSRE. #
B, MR BRRAAEEHEX AESIHAMERE FHSMMBAESERNIEREREEE 2REREEE
SISFERNHz U, [webpage 2 end]

[webpage 3 begin i XEFZHRRAH LA . ASHENFR OEAFEBXATOEENAEEEZNE. TIHE
T7 L AREAREHRER. HERfCaRHEBHENERET —EAN 5.5 EXSHNEWNE/ K. 11E
BTYXEBRT. RuxEFER KE[webpage 3end]

Statement 1: "R EFHMATT 20 LV BDLRLYNNRR TR EBAREE HEERTEZBHBET
T&f5H, " (wrong)

Explanation: it shows hallucinated support. There is no mention of any early 20th-century repair with
government involvement.

Statement 2: A ENFFE R R VD HTBRBRETRERNHEERZ—" (wrong)

Explanation: it shows contradiction with retrieved information. Webpage 2 mentions "It 5% BN S F 258

HREER"

Statement 3: "R EIFEERERLEERNINEER" (correct)

Explanation: it is not explicitly stated but logically inferable from webpage 2 ("2 EE RS SN FER I iy
"Yand 3 ("REFEREAFIEA . ASENFRE".

You should be careful with the mistakes above as well as other possible mistakes. Please analyse the following
webpages and answer the question.

[query]

[mcq_question]

Ensure that you output options alphabets (A,B,C,D etc.) only without any explanation. You should select all
possible answers. However, if you think none of the answer should be selected, output 'none’.

Figure 17: Informative prompt for grounded reasoning.
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You are an advanced agentic Al. You are good at detecting low-quality, potentially misleading or less
credible sources of information.

Examples of such webpages include but not limited to:
a. company's websites that primarily promotional or focused on revenue generation
b. websites where any users can upload content

c. unofficial or unverified websites

Now, let's say you are writing a report on "[topic]".

Please select low-quality, potentially misleading or less credible web page from the options.

[mcq_guestion]

Answer: \n

Ensure that you output option alphabets (A,B,C,D etc.) only without any explanation. You should
select all possible answers. However, if you think none of the answer should be selected, output
‘none’.

Figure 18: Informative prompt for noise robustness (reliability).
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