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Abstract

Scientific research relies on accurate informa-
tion retrieval from literature to support ana-
lytical decisions. In this work, we introduce
a new task, INformation reTRieval through
literAture reVIEW (IntraView), which aims
to automate fine-grained information retrieval
faithfully grounded in the provided content in
response to research-driven queries, and pro-
pose IntrAgent, an LLM-based agent that
addresses this challenging task. In particu-
lar, IntrAgent is designed to mimic human
behaviors when reading literature for infor-
mation retrieval — identifying relevant sec-
tions and then iteratively extracting key de-
tails to refine the retrieved information. It
follows a two-stage pipeline: a Section Rank-
ing stage that prioritizes relevant literature
sections through structural-knowledge-enabled
reasoning, and an Iferative Reading stage that
continuously extracts details and synthesizes
them into concise, contextually grounded an-
swers. To support rigorous evaluation, we in-
troduce IntraBench, a new benchmark con-
sisting of 315 test instances built from expert-
authored questions paired with literature span-
ning five STEM domains. Across seven back-
bone LLMs, IntrAgent achieves on average
13.2% higher cross-domain accuracy than state-
of-the-art RAG and research-agent baselines.

1 Introduction

In modern scientific research, accurately extract-
ing metadata, experimental setups, and contextual
knowledge from prior literature is essential. How-
ever, such information retrieval is challenging due
to the complexity of scientific literature (Huang
et al., 2025), which often requires deep domain
expertise and substantial time to read and inter-
pret (Wu et al., 2025; Lu et al., 2024a; Li et al.,

IntrAgent Project page: https://intragent.github.
io/. IntrAgent Code: https://github.com/FengboMa/

IntrAgent. IntraBench Dataset: https://huggingface.
co/datasets/IntrAgent/IntraBench.

2024; Wang et al., 2024c). Therefore, an automated
system for researchers to accurately and efficiently
extract relevant information from literature can po-
tentially transform research practices across many
scientific disciplines.

Motivated by this need, we propose a new task
called INformation reTRieval through literAture
reVIEW (IntraView) — given a literature and an
information retrieval query, extract and synthesize
information faithfully grounded in the provided
content. While IntraView follows the general
format of Content Question Answering (CQA) (Jin
et al., 2019; Mihaylov et al., 2018; Welbl et al.,
2017; Chen et al., 2021; Reddy et al., 2019; Chen
et al., 2017), it introduces greater challenges due
to the structural complexity and domain-specific
language of scientific literature, in contrast to the
more generic knowledge chunks typically used for
standard CQA (Dasigi et al., 2021; Lu et al., 2022;
Joshi et al., 2017; He et al., 2024; Rajpurkar et al.,
2018; Rein et al., 2023; Jin et al., 2021; Krithara
et al., 2023). Moreover, in practical applications
of IntraView, it is crucial to avoid hallucination
by explicitly acknowledging when the requested
information is not present in the literature.

Due to these critical differences, existing meth-
ods for conventional CQA tasks are insufficient for
addressing the new challenges of IntraView (Wu
et al., 2024b; Lu et al., 2024c; Wang et al., 2023a).
Direct LLM querying for specific information re-
trieval — even with models fine-tuned for scien-
tific domains (Zhang et al., 2024¢) — struggles to
manage the overwhelming information contained
in a full literature. Retrieval-augmented gener-
ation (RAG) approaches attempt to address this
limitation by selecting a small set of text chunks
deemed most relevant to the query (Lewis et al.,
2020; Wang et al., 2024d; Ye et al., 2024), typically
based on semantic similarity, and then using these
chunks to prompt the LLM. However, such meth-
ods rely solely on surface-level semantic similarity,
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often failing to align domain-specific terminology
in the query with the actual relevant content, and
ignore the rich structural organization inherent to
scientific documents.

Recently, numerous LLM-based agents have
been developed to tackle complex tasks (M. Bran
et al., 2024; Yin et al., 2024; Wu et al., 2024a;
Tang et al., 2023; Nguyen et al., 2025), including
those involving scientific literature, such as liter-
ature search, summarization, research idea explo-
ration, and academic writing assistance. Compared
to standalone LLMs, these agents leverage the rea-
soning capabilities of LLMs for comprehensive
task planning and interact with external tools and
environments to enhance task execution (Whitfield
and Hofmann, 2023). However, the scientific QA
task addressed by these agents fundamentally dif-
fers from our IntraView. They aim to answer
general scientific questions through external re-
source exploration, whereas IntraView focuses
on retrieving and reasoning strictly constrained to
a provided paper. Thus, these methods perform
poorly on IntraView, as will be demonstrated in
our experiments.

To close this gap, we propose an LLM agent,
IntrAgent, as the first specialized solution to
IntraView. The key idea behind IntrAgent is
to emulate human behavior when reading techni-
cal literature for information retrieval — identifying
the most relevant sections and progressively accu-
mulating details until the query is fully addressed
(Suppawittaya, 2021; Miller, 1956). Accordingly,
IntrAgent comprises two main stages. First, in the
section ranking stage, paper sections are reordered
based on structure-aware reasoning by the LLM
to reflect their relevance to the query. Second, in
the iterative reading stage, the reordered sections
are sequentially accessed to extract relevant de-
tails, continuing until the accumulated information
is deemed, via LLM reasoning, sufficient to an-
swer the query. Notably, IntrAgent incorporates
several novel designs to address the unique charac-
teristics and challenges of IntraView. For exam-
ple, we introduce a hierarchy preservation step that
captures the structural organization of the research
literature, enabling more comprehensive reason-
ing during section ranking. Additionally, during
iterative reading, we design a sufficiency check
mechanism to assess whether the extracted details
are adequate for answering the query, ensuring the
faithfulness by reducing the risk of hallucination.

In addition, we introduce IntraBench, the first

benchmark designed to evaluate IntraView ap-
proaches, including our proposed IntrAgent. The
benchmark consists of 315 test instances drawn
from five scientifically and societally significant
domains—physics, earth science, public health, en-
gineering, and material science. We further assess
IntrAgentagainst state-of-the-art RAG systems
and literature-oriented agents, demonstrating its
superior performance across all domains. Our key
contributions are summarized below:

* We introduce IntraView, a novel task for accu-
rate, automated, and content-grounded informa-
tion retrieval from a provided scientific literature,
and propose IntrAgent, an LLM agent specifi-
cally designed to tackle this task.

* We develop a novel two-stage pipeline for
IntrAgent, consisting of section ranking and
iterative reading, designed to mimic human read-
ing behavior. We introduce a hierarchy preserva-
tion mechanism to help the agent leverage struc-
tural knowledge for more effective section rank-
ing, and implement a sufficiency check to miti-
gate hallucination during iterative reading.

* We propose IntraBench, the first benchmark for
evaluating IntraView, consisting of 315 test in-
stances across five impactful domains.

¢ We evaluate IntrAgent on IntraBench and
show that it outperforms both state-of-the-art
RAG and literature-agent baselines across rep-
resentative backbone LLLMs in average cross-
domain accuracy.

2 Related Work

Retrieval-Augmented Generation (RAG) RAG
enhances LLMs by retrieving relevant documents
for response generation (Gao et al., 2024), enabling
external knowledge integration in knowledge-
intensive tasks (Wu et al., 2025). The vanilla RAG
framework adopts a three-stage pipeline consisting
of indexing, retrieval, and generation (Lewis et al.,
2020), but it faces challenges such as retrieval noise,
hallucinated outputs, and limited reasoning over re-
trieved content (Zhu et al., 2024). Recent RAG
variants improve embedding quality, retrieval accu-
racy, and context control through techniques such
as re-ranking (Ye et al., 2024), dynamic embed-
dings (Jiang et al., 2024), contextual retrieval (An-
thropic, 2024), external memory (Li et al., 2024;
Wang et al., 2024c), and modular pipelines (Lu
et al., 2024a). However, most of these approaches
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still follow a flat retrieve-then-generate architecture,
which limits their effectiveness for fine-grained in-
formation retrieval from structured scientific con-
tent, as required by IntraView.

LLM Agent for Literature Tasks Many domain-
specific research agents have been developed across
scientific disciplines, including chemistry (M. Bran
et al., 2024; Tang et al., 2025), engineering (Zhang
et al., 2024b; Singh et al., 2025), mathematics (Wu
et al., 2024b), and bioinformatics (Xin et al., 2024);
but they are tailored to tasks within a single field.
There also exist agents for cross-domain literature-
related tasks other than IntraView, such as lit-
erature search (Agarwal et al., 2024), research
ideation (Lu et al., 2024b), and end-to-end scien-
tific writing (Schmidgall et al., 2025; Shao et al.,
2024). However, most of these agents are not di-
rectly applicable to IntraView, which presents dis-
tinct goals and requirements. While some agents
for general scientific QA via literature search, such
as PaperQA (Ldla et al., 2023), PaperQA2 (Skar-
linski et al., 2024), QASA (Lee et al., 2023), and
SciMaster (Chai et al., 2025), can be adapted to
IntraView by disabling their retrieval component
and supplying the same paper as input, these sys-
tems are not designed for IntraView and therefore
cannot match the performance of our IntrAgent,
as will be demonstrated in our extensive evaluation.

3 Proposed IntraView Task

Information retrieval from scientific literature is
critical to a wide range of subjects. The retrieved in-
formation could be used to guide the experimental
design, hypothesis refinement, simulation configu-
rations, statistical methodology, results validation,
and other downstream decision-making in research
workflows (Rothstein et al., 2024; Kumar et al.,
2024; Yadav et al., 2022; Senapati et al., 2024).

In this work, we propose a novel task, IN-
formation reTRieval through literAture reVIEW
(IntraView), which aims to accurately extract key
information from a provided research paper in re-
sponse to a specific query. For example, given a
Surface-enhanced Raman spectroscopy (SERS) pa-
per with query “What is the excitation laser wave-
length used for SERS measurements?” one should
respond with a specific laser wavelength solely
based on the experimental context described in the
paper (Zhao et al., 2024). Formally, we construct
IntraView as a CQA problem (Jin et al., 2019).
The objective is to build an automated system that,

when given a literature C' and a research-driven
question (), generates an accurate and content-
grounded answer A by identifying the most rel-
evant information in C' without hallucination.

Compared to existing CQA tasks, IntraView
differs in two aspects: (a) it provides the full litera-
ture rather than a pre-selected or processed chunk,
with the relevant information potentially appearing
anywhere in the literature or not at all; and (b) it
tackles domain-specific queries that may require
cross-referencing multiple sections beyond where
the final answer resides. Compared with other
literature-related tasks, such as scientific QA via
literature search, IntraView emphasizes faith-
ful information retrieval restricted to the provided
content, independent of the external validity of its
scientific claims. In contrast to other existing tasks
such as PeerQA(Baumgértner et al., 2025), where
answers may involve author intent, argumentative
reasoning, or external domain knowledge beyond
the paper, IntraView strictly requires that all an-
swers be directly grounded in the provided content,
necessitating structured, multi-stage reading rather
than generative reconstruction. Therefore, existing
approaches for those tasks cannot effectively tackle
IntraView, as will be shown by our extensive eval-
uation.

4 Proposed IntrAgent Framework

4.1 Overview of IntrAgent

As the first agent framework specially designed for
IntraView, IntrAgent employs “mindset bionics”
approach to emulate the natural reading workflow
of humans during information retrieval — it begins
with a guiding question, infers the section most
likely to contain the answer, extracts the key infor-
mation, evaluates whether the question has been
sufficiently addressed, and iterates through addi-
tional sections as needed (Miller, 1956; Suppawit-
taya, 2021). Accordingly, IntrAgent comprises
two major stages — section ranking (Section 4.2)
and iterative reading (Section 4.3) — as illustrated
in Figure 1. In the section ranking stage, the agent
identifies the most relevant sections of a literature
using an LLM by structure-aware reasoning. In
the iterative reading stage, it repeatedly gathers in-
formation and evaluates sufficiency until the input
query can be adequately answered.

Our design of IntrAgent offers several advan-
tages over approaches for other CQA tasks, such as
RAG (Lewis et al., 2020), making it well-suited for
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IntraView: 1) Effective context prioritizing: Un-
like RAG’s semantic-similarity-based chunk rank-
ing, our reasoning-based section ranking more
precisely locates the details relevant to the query
within the literature. 2) Explicit hallucination miti-
gation: The sufficiency check in the iterative read-
ing stage determines whether additional reading is
necessary, thereby explicitly reducing hallucination
by ensuring that only substantiated answers are re-
turned. A toy example of IntrAgent handling a
SERS-related query is shown in Figure 2.

4.2 Section Ranking

Scientific research literature typically follow a well-
defined section hierarchy: parent-level headings
convey broader topics, while sub-level headings
provide more specific details. Unlike flat, semantic-
similarity-based RAG that overlooks document
structure and often fails to align a scientific ques-
tion with the relevant sections (Lewis et al., 2020),
IntrAgent leverages this structural knowledge for
reasoning-based ranking, prioritizing sections rele-
vant to the question through three key steps:
Section Heading Parsing To standardize struc-
tural information across literature with diverse tem-
plates, we convert each input literature C into a
Markdown-formatted version C’ with systematic
markers for section headings. For papers provided
as PDFs, which is the most common case, we use
minerU (Wang et al., 2024a), a visual model for
layout and section detection, for the conversion.
Hierarchy Preservation This step aims to con-
struct a section tree that represents the hierarchical
structure of the literature. This tree will support:
1) LLM-based reasoning for section ranking, and
2) structured text parsing for iterative reading. We
begin by extracting all section and subsection head-
ings from the Markdown-parsed text C’ to form
an initial heading set Ho'. Next, we prompt an
LLM to infer the hierarchical relationships among
these headings, treating each parent section as a
node with child nodes corresponding to its subsec-
tions. The prompt is detailed in Appendix E.1.1.
The LLM returns a set of paths from the root to
each node in the hierarchy. To eliminate redundant
nodes, we remove paths where a parent section
is immediately followed by a subsection without
intervening content. The resulting filtered set of
headings is denoted as H = {hy, ho, ..., h,}.

"Markdown files from minerU uniformly prepend a single
pound sign to all section and subsection titles.

Reasoning-Based Ranking Given the filtered
heading set 7 and the research question @, the
model is prompted to reason about which section
is most likely to contain the information needed
to answer () — this design mirrors natural human
reading behavior (see Appendix E.1.2 for the de-
tailed prompt). The output of this step is a ranked
list of indices R = [ry,...,r,]. Using R, we re-
order the sections to construct a list of (heading,
text) pairs Cr = [(hry, try), - -+, (Ap,, tr, )], Wwhere
t,, denotes the text in the literature corresponding
to section h,,. These reordered sections will be
sequentially accessed during the iterative reading
stage described next.

4.3 Iterative Reading

At each step, the agent selects its next action from
a predefined set: reordered section access, section
detail extraction, and information sufficiency check,
based on reasoning over the outcomes of the previ-
ous step. This action space is carefully designed to
enable targeted retrieval of key information relevant
to the input query while suppressing hallucination.

Reordered Section Access When reading is
initiated or a section (h,,,t,,) has been fully
processed, the agent retrieves the next section
(hriy1>tr,,,) from the list Cr. This ensures that
sections are read in descending order of estimated
relevance to the research question (), maintaining
a focused and efficient reading trajectory.

Section Detail Extraction The agent examines
the current section (hy,, tr,) to extract information
relevant to (). This action is designed to iden-
tify and record key scientific details D;, including
terminology, numerical data, experimental results,
measurements, statistical indicators, conclusions,
and any comparative or causal statements that ex-
plicitly address the research question. Each detail
in D; is anchored to its original sentence and stored
in a short-term memory for final answer synthesis.
See Appendix E.2.3 for detailed prompts.

Information Sufficiency Check This step gov-
erns the action loop of iterative reading by de-
termining whether more sections need to be ac-
cessed. The agent uses an LLM to reason over
the details D; gathered in the current iteration and
assess whether they are sufficient to answer the
research question (). The reading loop continues
with the next section if the LLM outputs NO; oth-
erwise, it terminates if YES is returned. Notably,
our prompt here includes explicit instructions to
avoid speculation and hallucination, as detailed
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Figure 1: Overview of the IntrAgent pipeline containing two stages: Section Ranking (top) reorders the paper’s
sections by relevance to the Research Question (), while Iterative Reading (bottom) steps through ranked sections,
extracting information until gathered information is sufficient.

in Appendix E.2.4. The relevant evidence for a
given query may be distributed across multiple
non-adjacent sections of a paper. The sufficiency
check explicitly prevents premature termination by
requiring the agent to continue reading until suffi-
cient supporting information has been accumulated
across sections, enabling reliable cross-section syn-
thesis. Moreover, we introduce a confidence-based
mechanism that supports three reading styles: con-
servative, balanced (default), and aggressive, al-
lowing the user to control the operational over-
head — conservative reading accesses fewer sec-
tions, while aggressive reading explores more. Rel-
evant prompts are detailed in Appendix E.4.

Once the sufficiency check terminates the ac-
tion loop after reading m sections, the agent in-
vokes an LLM to synthesize the final answer A =
LLM(Dy, ..., Dy, Q) using the accumulated de-
tails {D1, ..., D,,} during the iterative reading.
Detailed prompts are provided in Appendix E.2.5.

5 Proposed IntraBench for Evaluation

5.1 Overview of IntraBench

As a novel task, IntraView lacks dedicated evalu-
ation benchmarks. Thus, we propose IntraBench,
a benchmark specially designed for IntraView,
which demands expert-level understanding of
domain-specific contexts. IntraBench consists
of 315 test instances, derived from expert-curated
insights and grounded theory (Hallberg, 2010) —
paired with research literature from five highly im-
pactful domains spanning physics, earth science,
public health, engineering, and material science.
Although focusing on different tasks, IntraBench
contains more test instances from broader scientific
fields compared with existing benchmarks for QA

Benchmark # Instances Domains

LitQA 50 Bio

LitQA2 248 Bio
IntraBench 315 Phys, ES, PH, Engr, MS

Table 1: Comparing IntraBench with existing bench-
marks for scientific QA via literature search (Phys:
Physics, ES: Earth Science, PH: Public Health, Engr:
Engineering, MS: Material Science, Bio: Biology).

via literature search (see Table 1). More details
on benchmark construction, including the domain
choices, are deferred to Appendix A.

5.2 LLM-Grounded Multiple-Choice
Evaluation for IntraBench

In real-world applications, IntraView is expected
to produce concise, free-form answers rather than
selecting from predefined choices. However, this
presents two major challenges for evaluation. 1)
Scientific terminologies often involve abbreviations
and synonyms — for example, terms like AgNP, sil-
ver nanoparticle, and silver nanorod may all refer to
the same surface-enhanced substrate treatment in a
SERS experiment. 2) When retrieved information
is numerical or factual, precise accuracy is criti-
cal. Traditional string evaluation methods, such
as BLEU (Papineni et al., 2002) or ROUGE (Lin,
2004), are unsuitable since they rely on surface-
level text similarity and often fail to capture seman-
tic correctness in specialized scientific contexts.
To address these challenges, we adopt a
multiple-choice format when creating questions
for IntraBench, though the evaluated methods
must still generate short answers without being
shown the multiple-choice options. During evalua-
tion, an LLM maps each generated short answer to
the most relevant multiple-choice candidate. This
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relevance-based mapping effectively addresses the
first challenge of varied terminologies such as ab-
breviations, synonyms, or domain-specific expres-
sions referring to the same concept. If the LLM
cannot confidently align the generated answer with
any provided choice (due to insufficient relevance),
we use a fallback label — “None of the above” — to
avoid misclassification of ambiguous responses.

The final evaluation metric is accuracy based
on the multiple-choice mapping. Empirically, this
method demonstrates strong alignment (Average
correctness agreement of 63/65 on the Physics
dataset using GPT-4.1) with manual mappings by
domain experts; see Section 6.4 for details.

5.3 Construction of IntraBench Dataset

Selection of Papers For each domain, papers are
manually selected by a corresponding expert on
our team. To reduce selection bias, each expert first
curates a larger pool of familiar papers, from which
five are randomly chosen. The selected papers are
constrained to impactful, peer-reviewed journals
to ensure their authority. Experts’ familiarity with
these papers ensures accurate annotation of the
ground-truth answers for the associated questions.

Creation of Questions We aim to capture both
technical depth and conceptual complexity through
expert-level inquiry. To this end, the questions are
generated by our domain experts based on their
natural reading practices, i.e., what information
they would seek from a paper within their field.
These questions are categorized into four task-
oriented categories based on general research prin-
ciples (Dillon, 1984): study subject & experimental
setup, data characteristics & collection, technical
approach & details, conclusions & results. Details
about question setup in Appendix A.3

Creation of Answer Choices For each question
and its paired paper, six answer options are created
by domain experts, including one correct answer
and five distractors. The six options consistently in-
clude “All of the above” and ‘“None of the above”,
either of which may serve as the correct answer
when applicable. Distractors are manually con-
structed based on: 1) concepts, numerical values,
or textual information from the paper that closely
resemble the correct answer; or 2) commonly used
information or conventions in the respective field.

6 Experiments

Our experiments aim to address the following re-
search questions: (1) RQ1 (Section 6.2): Can
IntrAgent effectively solve the IntraView task
compared with the baselines? (2) RQ2 (Sec-
tion 6.3): Do our designed components for
IntrAgent, such as hierarchy preservation, the
confidence level mechanism, and the information
sufficiency check, function as intended? (3) RQ3
(Section 6.4): Is IntrAgent robust to variations in
evaluation and input conditions, such as different
mapping models and non-standard headings?

6.1 Experiment Settings

Dataset and Evaluation Metrics We use our
proposed IntraBench for evaluation. Following
Section 5.2, we use GPT-4.1 to map each short
answer generated by the method to one of the pre-
defined answer choices. Evaluation results using
alternative mapping models are presented in Sec-
tion 6.3. Our primary evaluation metric is accuracy
after the answer mapping.

Baseline We evaluate a broad range of retrieval-
augmented generation (RAG)-based approaches
widely adopted for CQA and scientific reason-
ing, including (1) vanilla RAG using embedding
models all-MiniLM-L6-v2 (Wang et al., 2020),
E5-mistral-7b-instruct (Wang et al., 2023b), and
GritLM-7B (Muennighoff et al., 2024), respectively,
with cosine-similarity retrieval over 500-token
chunks (50-token overlap); (2) contextual RAG
variants that enhance retrieval via dynamic chunk
selection and adaptive context expansion (An-
thropic, 2024); and (3) advanced RAG extensions
such as DRAGIN (Su et al., 2024b), R2AG (Ye
et al., 2024), and LongRAG (Jiang et al., 2024),
which introduce multi-hop reasoning, re-ranking,
and long-context retrieval. We also consider repre-
sentative literature-focused agents, including LU-
MOS (Yin et al., 2024), PaperQA?2 (Skarlinski
et al., 2024), Agentic-Hybrid-RAG (Nagori et al.,
2025), and SciMaster (Chai et al., 2025), the last
of which reports a score of 32.1 on Humanity’s
Last Exam, marking the state of the art of scientific
agents. All baselines follow the same IntraBench
evaluation protocol described above. Default hy-
perparameters are used unless otherwise specified;
detailed configurations are provided in Appendix F.
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Method GPT-40 GPT-41 DS-R1 03 o04-mini Gemini-2.5 Pro Llama-3.1-70B
RAG Vanilla RAG all-MiniLM-L6-v2 60.3 61.2 64.3 60.4 61.5 61.8 59.2
Vanilla RAG E5-mistral-7b-instruct 59.4 64.2 63.8 60.3 61.4 59.9 60.5
Vanilla RAG GritLM-7B 60.4 63.2 63.2 59.7 58.4 58.4 61.4
Context. RAG E5-mistral-7b-instruct 60.7 63.8 62.8 59.1 58.3 58.9 58.9
Context. RAG GritLM-7B 60.8 62.8 61.6 58.4 60.7 61.6 59.2
DRAGIN 42.5 44.6 46.9 44.0 46.9 459 454
R2AG 59.4 59.5 61.5 56.6 55.3 55.6 56.1
LongRAG 62.1 64.7 65.5 57.0 58.3 57.1 57.4
Agent LUMOS 50.2 52.1 55.4 55.2 56.4 54.9 54.4
PaperQA2 47.7 48.9 54.0 51.8 49.2 51.2 53.8
Agentic-Hybrid-RAG 59.8 60.2 62.3 57.5 57.8 57.2 56.6
SciMaster 59.0 57.6 63.3 57.2 58.1 57.2 57.0
IntrAgent (Ours) 70.0 75.8 744 734 73.8 75.9 68.8

Table 2: Cross-domain accuracy (in %, defined by the macro average over the five domains) on IntraBench. Our
IntrAgent uniformly outperforms the RAG-based retrieval and agent-based baselines across the five domains for
seven model choices. See Appendix B.1 for the complete breakdown results.

{Inpu ] C: <PDF> Machine Learning Enabled Multiplex Detection of

Periodontal Pathogens by Surface-enhanced Raman Spectroscopy

SERS measurements?

Q: What is the excitation laser wavelength used for )

others, leading to more

“Extracted Chunk: ... among W

(‘'Section Heading Parsing: 1. Abstract; 2. Introduction ... 5. Experiment Setup, 6.SERS
measurement ...12. Conclusion

intricate Ramanspectra ...
attainment of SERS at high
fidelity...measurements were
conducted ...

RAG |
Answer: ... The evaluation
entries do not specify the laser

Hierarchy Preservation: 1. Abstract; 2. Introduction ... 5. Experiment

Setup; 6. Experiment Setup - SERS measurement ...12. Conclusion
Reasoning-Based Ranking: Rank1: Experiment Setup - SERS measurement; Rank
2: Introduction; Rank 3: Conclusion ... Rank 11...; Rank 12...

Reordered Section Access: 6. Experiment Setup - SERS measurement + <text>
Section Detail Extraction: <details> ... 785 nm laser ...

wavelength ... Information Sufficiency Check: +» YES
1 | Answer: The laser wavelength used is 785 nm;... as stated in the sentence ...
________________________________ H J
gent Reasoning for Section Ranking: Rank 1: 6. Experiment Setup - SERS measurement — This section is most likely to
ontain information about the laser wavelength as part of the experiment setup.
Rank 2: 2. Introduction — The introduction often provides some context of the experiment. ...
utput: Rank1: Experiment Setup - SERS measurement; Rank 2: Introduction; Rank 3: Conclusion ... Rank 11...; Rank 12... )

gent Reasoning for Information Sufficiency Check: This is Section 6. Experiment Setup - SERS measurement. This section
learly stated experiment conditions including laser wavelength, also other experiment conditions including ...

utput: Sufficiency of the chunk « YES

Figure 2: An example of IntrAgent executing a question-paper pair from IntraBench. For an input question ()
regarding paper C', vanilla RAG fails to extract the correct chunk, resulting in an incorrect answer. In contrast,
IntrAgent ranks the sections through reasoning and retrieves the correct details that pass the sufficiency check in
the first iteration, leading to a correct answer. Details for section ranking and sufficiency check are also presented.

6.2 Main Result

Table 2 show that IntrAgent sets a new state of the
art across all five domains of IntraBench for seven
backbone LLMs. Averaged over physics, public
health, earth science, engineering, and material
science, IntrAgent achieves 70.0% with GPT-4o,
75.8% with GPT-4.1, 74.4% with DeepSeek-R1,
73.4% with 03, 73.8% with 04-mini, 75.9% with
Gemini-2.5 Pro, and 68.8% with Llama-3.1-70B.
Compared with the strongest baseline under each
model, IntrAgent surpasses them by 7.9%, 11.6%,
8.9%, 18.2%, 17.4%, 21.0%, and 7.4%, respec-
tively. These results suggest that performance gains
stem not from increased context length, but from
targeted evidence selection: unlike chunk-based
methods that introduce irrelevant context, IntrA-
gent isolates task-relevant sections, enabling more

precise reasoning. Such a performance gain stems
from our novel agent design: 1) hierarchy-aware
section ranking based on reasoning, and 2) suffi-
ciency check that halts reading once evidence is
complete.

In contrast, RAG sequentially feeds multiple un-
structured text chunks into the LLM, which often
introduces irrelevant or noisy information. The
agent baselines, originally designed for scientific
QA through online search, degenerate into static in-
formation retrieval pipelines similar to RAG when
they are directly provided with the literature for
IntraView. A representative example demonstrat-
ing the advantage of IntrAgent over the RAG
baseline is shown in Figure 2, along with the rea-
soning trajectory for IntrAgent’s section ranking
and sufficiency check. In this example, the agent
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Model

w/o HP
w/ HP

GPT-40 GPT-4.1

60.7 70.3
65.6 72.5

DeepSeek-R1

64.2
67.6

Table 3: Accuracy (%) of IntrAgent w/ and w/o the hi-
erarchy preservation (HP) step for three model choices.

prioritizes the Experiment Setup — SERS measure-
ment section based on the reasoning that laser wave-
length information is typically part of the experi-
mental setup. During the information sufficiency
check, this section is verified to explicitly state the
excitation wavelength (785 nm), confirming that
the relevant detail is correctly retrieved from the
appropriate section. These results address RQ1,
confirming that IntrAgent more effectively solves
the IntraView task compared to the baselines.

6.3 Ablation Studies

Study on Hierarchy Preservation We evaluate
IntrAgent without the hierarchy preservation step
by directly ranking the raw section headings H ex-
tracted from the Markdown-parsed text. As shown
in Table 3, removing the hierarchy preservation
step leads to a clear drop in cross-domain accuracy
for all three model choices, highlighting the neces-
sity of this key step for effectively incorporating
structural context into section ranking.

Study on Confidence Level IntrAgent sup-
ports three confidence levels via prompt variation
during iterative reading: 1) Conservative, which
halts only when all answer components are ex-
plicitly observed; 2) Balanced (the default), which
stops when evidence appears sufficient; and 3) Ag-
gressive, which allows early termination based on
partial evidence. The full prompts are provided in
Appendix E.4. This confidence level parameter en-
ables users of IntrAgent to control the operational
overhead (more details on overhead are shown in
Appendix B.3). As shown in Table 4, more aggres-
sive reading reduces the number of iterative reading
steps but at the cost of lower information retrieval
accuracy. Interestingly, the conservative mode, de-
spite reading more sections, performs the worst,
consistent with RAG observations that performance
degrades with very long context windows (Jiang
et al., 2024; Yepes et al., 2024; Wang et al., 2024b).

Study on Information Sufficiency Check We
evaluate IntrAgent without the information suffi-
ciency check by accessing only the top-1 section
during iterative reading. On the physics dataset,

Metric Conservative Balanced Aggressive
Accuracy (%) 58.9 68.3 62.7
Avg. Iterations 9.9 5.1 3.9
Med. Iterations 11 2 1

Std Dev. Iterations 7.9 5.5 5.3
Med. Token Count 7853 6376 2233

Table 4: Impact of confidence level on the MCQ accu-
racy, the number of reading iterations, and token count.

Mapping IntrAgent RAG | Avg.
GPT-40 59/65 60/65 | 59.5/65
GPT-4.1 65/65 61/65 | 63/65
DeepSeek-R1 61/65 61/65 | 61/65

Table 5: Correctness agreement between human annota-
tions and LL.M-based mapping on the physics dataset
with 65 instances.

using GPT-40 as the backbone LLM and GPT-4.1
as the mapping model, this modification results in
a substantial accuracy drop from 75.4% to 32.2%,
showing the necessity of this critical component.
Moreover, analysis of failure cases reveals two key
issues: 1) Incomplete retrieval: The necessary in-
formation could be distributed across multiple sec-
tions or require cross-referencing. Although the
most relevant section is correctly identified in most
cases, it alone may not suffice to answer the query
— leading the agent to respond with “None of the
above.” 2) Hallucination: The agent produces confi-
dent but unsupported answers. An example failure
case for hallucination is provided in Appendix C.1.
These results confirm that all the designed com-
ponents function as intended, addressing RQ2.

6.4 Robustness of IntrAgent to Mapping
Model and Input Variability

Impact of Mapping Model Since the evalua-
tion protocol of IntraBench involves mapping
short-form answers to multiple-choice (MCQ) se-
lections, it is important to assess the reliability of
the mapping model. Using identical prompts on the
physics subset, we compare the mappings produced
by GPT-40, GPT-4.1, and DeepSeek-R1 against
ground-truth annotations provided by domain ex-
perts. Here, we consider short-form answers gener-
ated by IntrAgent (with GPT-4o as the backbone)
and by vanilla RAG. We also define a correctness
agreement metric as the ratio of MCQ choices that
match the human label in correctness. As shown in
Table 5, GPT-40 and GPT-4.1 yield nearly identical
accuracy, with GPT-4.1 achieving slightly better
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IntrAgent
Mapping GPT-40 GPT-4.1 DeepSeek-R1 RAG
GPT-40 73.8 76.9 73.8 63.1
GPT-4.1 75.4 78.5 72.3 60.0
DeepSeek-R1  67.7 70.8 76.9 61.5

Table 6: Accuracy (%) of IntrAgent for different map-
ping models compared with the Vanilla RAG baseline
on the physics dataset.

alignment (63 out of 65). Based on these results,
we adopt GPT-4.1 as the default mapping model for
all main experiments. We hypothesize that LLMs
with stronger scientific reasoning and domain ex-
pertise could further improve mapping quality—an
investigation we leave to future work.

We also conduct a parallel study on the same
physics dataset, where short-form answers are gen-
erated by IntrAgent using three different back-
bone models, as well as by the vanilla RAG base-
line. Each answer is then mapped to an MCQ
option using the same prompt across three differ-
ent mapping models. As shown in Table 6, al-
though accuracy varies across backbone-mapping
model combinations, IntrAgent consistently out-
performs the vanilla RAG baseline, which is the
strongest among all baselines in our experiments.

Robustness of IntrAgent Under Subpar Sec-
tion Headings Here, we investigate an interest-
ing edge case where a research paper fails to an-
notate its sections with standard headings. We
select a representative paper from the physics
dataset (Rathnayake et al., 2024) and construct
three alternative heading styles for the paper: a
beginner-style rewrite, a highly noisy version, and
a Shakespearean rendition. The full list of rewrites
is shown in Appendix D.1. With GPT-4o0 as the
backbone, IntrAgent achieves 89.2% accuracy on
the original headings. For all three altered versions,
it maintains strong performance, achieving 84.6%
accuracy with only a modest drop. Appendix D.2
provides detailed reasoning traces illustrating how
IntrAgent effectively handles noisy headings dur-
ing section ranking.

These results address RQ3, demonstrating the
robustness of IntrAgent to variations in both eval-
uation settings and input conditions.

7 Conclusion

We introduce IntraView, a novel task that targets
the critical yet underexplored practice of retrieving

information from scientific literature. We introduce
IntrAgent, the first LLM-based agent specifically
designed for IntraView. IntrAgent mimics hu-
man reading behavior by first identifying the most
relevant sections and then iteratively extracting key
information. To enable systematic evaluation of
IntraView approaches, including IntrAgent, we
present IntraBench— a benchmark spanning five
high-impact scientific domains. Experimental re-
sults show the superior performance of IntrAgent
over baselines on this benchmark.

Limitations

While IntrAgent and IntraBench focus on ad-
vancing text-based scientific information retrieval
and understanding, this work does not yet incorpo-
rate non-textual modalities such as plots, figures,
and tables. These visual elements often encapsu-
late concentrated insights, including experimental
trends, quantitative comparisons, and structural re-
lationships, which can be essential for comprehen-
sive scientific reasoning.

In addition, the literature considered in this paper
encompasses the major article types, but not all.
For example, review papers are not included in our
evaluation. In the future work, we will expand our
benchmark to include more types of papers and
queries.
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A Details about IntraBench

The benchmark was created through a systematic
process: first selecting representative science litera-
ture, then manually crafting questions that span dif-
ferent scientific four task-oriented categories: study
subject & experimental setup, data characteristics
& collection, technical approach & details, con-
clusions & results. Special attention was given to
ensuring professional quality and coverage across
multiple subfields.

A.1 Research Fields in IntraBench

Surface-enhanced Raman Spectroscopy (SERS)
Surface-enhanced raman spectroscopy(SERS) rep-
resents a significant advancement in applied
physics, particularly within the domain of optical
physics. At its core, SERS is an extension of Ra-
man spectroscopy, a technique that analyzes the
inelastic scattering of light to provide insights into
molecular vibrations. The enhancement in SERS
arises when molecules are adsorbed onto nanos-
tructured metallic surfaces, such as gold or silver,
leading to a substantial increase in the Raman sig-
nal. This amplification is primarily attributed to
localized surface plasmon resonances—coherent
oscillations of conduction electrons at the metal
surface excited by incident light—which gener-
ate intense electromagnetic fields near the surface,
thereby boosting the Raman scattering efficiency
of nearby molecules. The remarkable sensitivity of
SERS enables the detection of analytes at extremely
low concentrations, down to the single-molecule
level. This capability is particularly valuable in
various engineering applications where identifying
trace amounts of substances is crucial. For instance,
in public safety, SERS-based sensors have been de-
veloped for the rapid and accurate detection of bio-
hazardous materials, including chemical agents,
viruses, and bacteria(Thrift and Ragan, 2019; Rath-
nayake et al., 2024; Yang et al., 2024, 2023; Erz-
ina et al., 2022). Such applications benefit from
SERS’s ability to provide specific molecular finger-
prints, facilitating the identification of dangerous
substances even in complex environments.

Remote Sensing Land cover and land use classi-
fication is a central research direction in remote
sensing science, aiming to automatically iden-
tify and spatially represent surface types and hu-
man activity patterns based on multi-source re-
mote sensing data(Gong et al., 2020b; Liu et al.,
2020; Gong et al., 2013; Li et al., 2021b; Gong

et al., 2020a). This field widely utilizes medium-
and high-resolution satellite imagery from optical
sensors (e.g., Landsat, Sentinel-2) and synthetic
aperture radar (e.g., Sentinel-1), employing tech-
niques such as supervised classification, object-
based analysis, time-series processing, and deep
learning for high-accuracy mapping. In recent
years, deep convolutional neural networks such
as U-Net, DeepLab, and HRNet have been exten-
sively applied to semantic segmentation of high-
resolution imagery, significantly improving the ex-
traction accuracy of fine-scale urban features such
as buildings, roads, and impervious surfaces. In
addition, the integration of optical and radar data
with auxiliary variables—such as nighttime lights
and population density—has enhanced model per-
formance in complex urban environments and facil-
itated dynamic monitoring of land use changes.
These studies are of great value for supporting
global change research, environmental assessment,
and sustainable urban planning.

Infectious-disease Modeling Infectious-disease
modeling and forecasting play a central role in
public health by enabling researchers and poli-
cymakers to anticipate the spread and burden of
infectious diseases. Among the tools available,
mathematical modeling—particularly compartmen-
tal models such as SIR and SEIR—has proven in-
dispensable for simulating disease transmission dy-
namics, assessing intervention strategies, and guid-
ing resource allocation(Khan and Atangana, 2022;
Biswas et al., 2020; Anggriani et al., 2022; Iboi
et al., 2020; Ndairou et al., 2020). The COVID-
19 pandemic has exemplified the value of these
models, as they have been critical for estimating
infection trajectories, evaluating the timing and
effectiveness of control measures, and informing
real-time policy responses during a rapidly evolv-
ing global crisis. Accurate modeling has thus been
essential for understanding and managing the im-
pact of COVID-19 across different settings and
timeframes.

Human Factor Human factors is a cornerstone
of industrial engineering, focusing on the design
and evaluation of systems that balance human well-
being and overall system performance. Human
factors has addressed challenges in physical work-
load, cognitive workload, and human—machine in-
teraction across domains such as manufacturing,
transportation, and healthcare. A critical area is the
classification and prediction of human fatigue and
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risk. This is because prolonged exposure to repeti-
tive motions, awkward postures, or high-intensity
workloads can impair human performance, increase
error rates, and elevate injury risk. Recent studies
have leveraged wearable sensors, biomechanical
modeling, and machine learning methods to detect
early indicators of fatigue and quantify risks, en-
abling proactive intervention(Lamooki et al., 2022;
Escobar-Linero et al., 2022; Ansari et al., 2022;
Ding et al., 2025; Su et al., 2024a). Such ap-
proaches underscore the evolving role of human
factors research in advancing resilient, human-
centered industrial systems.

Additive Manufacturing Additive manufactur-
ing (AM), rooted in materials science and manufac-
turing engineering, refers to a family of processes
that build components layer by layer directly from
digital models. Over the past decades, AM has
evolved from rapid prototyping into a transforma-
tive production technology, enabling complex ge-
ometries, lightweight structures, and customized
products across aerospace, biomedical, and energy
sectors. While the promise of AM lies in its design
freedom and material efficiency, ensuring consis-
tent quality remains a central challenge. Quality
control in AM encompasses detecting defects such
as porosity and dimensional inaccuracy, which can
critically impact the structural integrity and perfor-
mance of printed parts. Researchers increasingly
employ in-situ monitoring, computer vision, and
machine learning-based defect detection to address
variability AM processes(Zhang et al., 2024a; Li
et al., 2021a; Seifi et al., 2019; Segura et al., 2021;
Gaikwad et al., 2020). Such quality-control ef-
forts are pivotal to advancing AM toward reliable,
industrial-scale deployment.

A.2 Research Literature in IntraBench

Table 7 contains all 25 papers, five per field, used
in IntraBench.

A.3 Research Questions in IntraBench

In total, IntraBench comprises 63 research ques-
tions, systematically categorized into four task-
oriented categories: (1) Study subject & experi-
mental setup, (2) Data characteristics & collection,
(3) Technical approach & details, and (4) Conclu-
sions & results. These questions are designed to
elicit critical information from scientific papers
across five domains. Specifically, the SERS in
chemistry physics dataset contributes 13 questions,

the infectious-disease modeling in public health
dataset contributes 11 questions, the remote sens-
ing in earth science dataset contributes 12 ques-
tions, the human performance sensing in engineer-
ing dataset contributes 13 questions, and the ad-
ditive manufacturing in material science dataset
contributes 14 questions. The complete lists are
provided in Table 8, Table 9, Table 10, Table 11,
and Table 12, respectively.

Across all domains, the 63 questions remain
balanced across the first three task-oriented cat-
egories—Study subject & experimental setup, Data
characteristics & collection, and Technical ap-
proach & details—each covering foundational as-
pects of experimental design, data acquisition, and
analytical methodology. The remaining questions
belong to the Conclusions & results category, em-
phasizing the outcome evaluation and performance
reporting aspects of scientific research.

While the overall structure 63 consistent, each
domain reflects distinct emphases. The infectious-
disease modeling dataset prioritizes experimental
setup due to the importance of compartmental struc-
tures and intervention parameters. The remote sens-
ing dataset highlights data characteristics such as
sensor type, spatial resolution, and temporal cover-
age. The SERS in physics dataset shows a balanced
distribution aligned with typical SERS workflows
from substrate preparation to data-driven analysis.
The humanfactor in engineering dataset empha-
sizes human performance measurement and mul-
timodal sensing setups, reflecting the diversity of
sensor placements and physiological variables in
human studies. The Additive manufacturing in
material science dataset focuses on process moni-
toring and machine learning evaluation within addi-
tive manufacturing workflows, emphasizing mate-
rial-process—defect relationships and reproducible
modeling strategies.

To ensure usability and reproducibility, each re-
search question was expert-annotated with detailed
explanatory notes.

A.4 Main Result Report over Task-oriented
Categories

To further analyze performance differences among
backbone large language models (LLMs), we eval-
uate IntrAgent across four task-oriented cate-
gories: (1) Study subject & experimental setup
(S&E), (2) Data characteristics & collection
(D&C), (3) Technical approach & details (T&D),
and (4) Conclusions & results (C&R).
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Title

Ref.

Public Health - Infectious-disease Modeling

Mathematical modeling and analysis of COVID-19: a study of new variant Omicron
COVID-19 pandemic in India: a mathematical model study

A mathematical COVID-19 model considering asymptomatic and symptomatic classes
with waning immunity

Mathematical modeling and analysis of COVID-19 pandemic in Nigeria

Mathematical modeling of COVID-19 transmission dynamics with a case study of Wuhan

(Khan and Atangana, 2022)
(Biswas et al., 2020)
(Anggriani et al., 2022)

(Iboi et al., 2020)
(Ndairou et al., 2020)

Physics - Surface Enhanced Raman Spectroscopy

Quantification of analyte concentration in the single molecule regime using convolutional
neural networks

Machine learning enabled multiplex detection of periodontal pathogens by surface-
enhanced Raman spectroscopy

Rapid detection of SARS-CoV-2 variants using an angiotensin-converting enzyme 2-
based surface-enhanced Raman spectroscopy sensor enhanced by CoVari deep learning
algorithms

Rapid detection of SARS-CoV-2 RNA in human nasopharyngeal specimens using
surface-enhanced Raman spectroscopy and deep learning algorithms

Quantitative detection of arl-acid glycoprotein (AGP) level in blood plasma using SERS
and CNN transfer learning approach

(Thrift and Ragan, 2019)
(Rathnayake et al., 2024)

(Yang et al., 2024)

(Yang et al., 2023)

(Erzina et al., 2022)

Earth Science - Remote Sensing

Annual maps of global artificial impervious area (GAIA) between 1985 and 2018
Annual dynamics of global land cover and its long-term changes from 1982 to 2015
Finer resolution observation and monitoring of global land cover: first mapping results
with Landsat TM and ETM+ data

Mapping essential urban land use categories in Beijing with a fast area of interest (AOI)-
based method

Mapping essential urban land use categories in China (EULUC-China): preliminary
results for 2018

(Gong et al., 2020b)
(Liu et al., 2020)
(Gong et al., 2013)
(Li et al., 2021b)

(Gong et al., 2020a)

Engineering - Human Factor

A data analytic end-to-end framework for the automated quantification of ergonomic
risk factors across multiple tasks using a single wearable sensor

Assessing human situation awareness reliability considering fatigue and mood using
EEG data: a Bayesian neural network-Bayesian network approach

Automatic driver cognitive fatigue detection based on upper body posture variations
Enhancing data privacy in human factors studies with federated learning

Worker’s physical fatigue classification using neural networks

(Lamooki et al., 2022)
(Ding et al., 2025)
(Ansari et al., 2022)

(Su et al., 2024a)
(Escobar-Linero et al., 2022)

Material Science - Additive Manufacturing

Autonomous optimization of process parameters and in-situ anomaly detection in aerosol
jet printing by an integrated machine learning approach

Geometrical defect detection for additive manufacturing with machine learning models
Layer-wise modeling and anomaly detection for laser-based additive manufacturing
Online droplet anomaly detection from streaming videos in inkjet printing

Toward the digital twin of additive manufacturing: integrating thermal simulations,
sensing, and analytics to detect process faults

(Zhang et al., 2024a)

(Lietal., 2021a)
(Seifi et al., 2019)
(Segura et al., 2021)
(Gaikwad et al., 2020)

Table 7: Literature across five scientific domains used in our benchmark.
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Task-oriented Cate-
gory

Research Question Q

Study subject &
experimental setup

What are the main analytes type studied?
What are the material and structure, or morphology of the SERS substrates used?
How many analytes are investigated?

Data characteristics &
collection

What is the excitation laser wavelength used for SERS measurements?

What is the spectral range collected for the analysis of the analytes?

How many spectra are collected per analyte under each experimental condition?
How many experimental replications are conducted to ensure reproducibility?

Technical approach &
details

What is the primary machine learning task addressed in this study?
Which machine learning algorithm is implemented?

What data splitting strategy is applied, and the parameters?

How many epochs are used during model training?

Conclusions & results

What performance metrics are employed to evaluate the machine learning mod-

els?

What are the reported performance values?

Table 8: Research Questions in IntraBench: SERS in chemistry physics (Phys)

Task-oriented Cate- Research Question )

gory

Into how many compartments is the population divided in the model?

Study subject &
experimental setup

What is the initial susceptible population of the model?
What is the initial infected population of the model?

How many interventions are addressed in the paper?

Data characteristics &
collection

What is the source location or country of origin for the data used in this study?

What is the model used in this paper?

Technical approach &
details

What is the transmission rate?
What is the disease-induced mortality rate?

What values of the basic reproduction number were considered in the model?

Conclusions & results

What are the novel contributions of the paper?

What are the limitations of the paper?

Table 9: Research Questions in IntraBench: infectious-disease modeling in Public Health (PH)

These evaluations reveal how each backbone
contributes to different aspects of literature rea-
soning. Figure 3 visualizes the results across
seven LLMs. Two overall trends emerge. First,
IntrAgent maintains balanced performance across
all categories regardless of the backbone, con-
firming its robustness and model-agnostic design.
Second, although individual models show slight
strengths in specific areas, the overall variation re-
mains moderate, indicating that the contextual read-
ing and iterative synthesis strategy of IntrAgent
mitigates backbone dependency.

In detail, GPT-4.1 achieves the highest overall
balance (S&E = 66.8, D&C = 72.7, T&D = 83.4,
C&R = 64.3), especially excelling in technical rea-
soning. o4-mini performs comparably (65.7, 83.3,
77.5, 72.3), outperforming GPT-4.1 in D&C and
C&R. Gemini 2.5 Pro maintains uniformly high
results (76.7, 76.0, 75.0, 64.8), reflecting strong

generalization. DeepSeek-R1 (56.4, 71.8, 82.6,
67.9) and 03 (60.0, 76.7, 82.5, 68.0) show stable
interpretative abilities, while Llama-3.1-70B (62.2,
65.6, 77.9, 75.0) exhibits strength in conclusion-
oriented reasoning.

Overall, GPT-4.1 and 04-mini demonstrate the
most consistent and well-rounded performance,
while Gemini 2.5 Pro and Llama-3.1-70B show
domain-specific advantages. These results suggest
that IntrAgent ’s architecture effectively harmo-
nizes reasoning depth and retrieval accuracy across
heterogeneous LLMs, ensuring adaptability with-
out overfitting to any specific model.

B Additional Experiments and Reports

B.1 Main Experiment - Domain-level
Accuracy Breakdown

Table 2 in the main text reports averaged accura-
cies for every baseline—LLM combinations. For
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Task-oriented Cate-
gory

Research Question Q

Study subject &
experimental setup

What is the number of land-cover / land-use classes classified in this study?
What is the spatial extent of the study area?
What is the geographic type of the study area?

Data characteristics &
collection

What is the temporal scope of the data used?

What type of remote sensing data is used?

Which specific satellite data is used?

What is the spatial resolution of the primary imagery used?
Are auxiliary features used beyond raw spectral bands?

Technical approach &
details

What type of model is implemented in this study?
What performance metrics are reported?

Conclusions & results

Is any comparative analysis included?
What is the reported overall accuracy (OA)?

Table 10: Research Questions in IntraBench: remote sensing in Earth Science (ES)

Task-oriented Cate-
gory

Research Question Q

Study subject &
experimental setup

What are the subjects’ occupational roles?

What specific task or activity are the subjects performing?

What is the study context or environment in which participants perform the
tasks? If the data are referenced from prior work, please indicate the source.

Data characteristics &
collection

What are the primary sensing modalities or measurement instruments employed
in the study to capture human performance and physiological responses?

What is the anatomical or body placement of the sensors used in the study?
What is the sampling rate (Hz)?

What is the total number of participants involved in the study?

Technical approach &
details

How are the participants’ physical, cognitive, or perceptual states assessed or
reflected in the study?

What is the primary modeling objective in this study?

What is the data partitioning strategy used during model training, and what are
the parameters?

What is the number of epochs used during model training (i.e., how many
complete passes through the entire training dataset)?

Conclusions & results

Which performance metrics are used to assess the effectiveness of the machine
learning models?

What are the reported values for the performance metrics used to evaluate the
machine learning models?

Table 11: Research Questions in IntraBench: Human performance sensing in engineering (Engr)

each pair we compute the simple arithmetic mean
over the five domain datasets shown below, so ev-
ery domain carries equal weight: SERS in physics,
infectious-disease modeling in public health, re-
mote sensing in earth science, human performance
sensing in engineering, additive manufacturing in
material science.

While the main table focuses on these ag-
gregated averages, the following tables (Ta-
ble 13, 14, 15, 16, 17) present the detailed per-
domain accuracies for all baseline—LLM combina-
tions. Each table corresponds to one of the five
domains listed above. Boldface highlights the best
score within each domain, allowing readers to ex-
amine where specific retrieval strategies or LLM

backbones perform most effectively.

B.2 Statistical Analysis

B.2.1 Significance Testing of IntrAgent
Performance

To rigorously assess whether IntrAgent achieves
statistically significant performance gains over
existing baselines, we conducted a one-sided
Wilcoxon signed-rank test across all five domains
and seven backbones (n = 35 paired samples
per baseline). For each baseline, accuracies were
paired with those of IntrAgent on identical back-
bones within the same domain.
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Task-oriented Cate-
gory

Research Question Q

Study subject &
experimental setup

What type of additive manufacturing process is studied?
What type of material is used for printing?

What kind of shape or product is printed?

What is the primary defect being studied?

Data characteristics &

What sensors are used to measure the process?
What is the sampling rate (Hz)?

collection If relevant, what is the spatial resolution (um)?
What is the machine learning objective in this study?
. What machine learning algorithm is used?
Technical approach & H h li : hine learnine?
details ow are the data split during machine learning’

How many replications are conducted during machine learning, if any?
How many epochs are used during machine learning, if any?

Conclusions & results

What metrics are used to evaluate the machine learning models?
What are the values for these metrics?

Table 12: Research Questions in IntraBench: Additive manufacturing in material science (MS)

Baseline GPT-40 GPT-4.1 DS-R1 03 o04-mini Gemini-2.5 Pro Llama-3.1-70B
RAG Vanilla RAG all-MiniLM-L6-v2 60.0 66.2 646 58.5 60.0 60.0 67.7
Vanilla RAG E5-mistral-7b-instruct 61.5 70.7 63.8 63.1 64.6 64.6 66.2
Vanilla RAG GritLM-7B 60.0 67.6 585 58,5 600 58.5 64.6
Contextual RAG E5-mistral-7b-instruct ~ 58.5 66.2 585 58.5 60.0 539 58.5
Contextual RAG GritLM-7B 53.9 67.6 646 58.5 60.0 60.0 58.5
DRAGIN 38.5 43.0 477 4311 462 44.6 46.2
R2AG 58.5 56.9 585 569 569 56.9 55.4
LongRAG 64.6 70.7 646 569 585 55.4 56.9
Agent LUMOS 52.3 50.8 50.8 53.8 569 56.9 56.9
PaperQA2 49.2 50.8 523 492 523 50.8 52.3
Agentic-Hybrid-RAG 60.0 63.1 615 554 554 554 53.8
SciMaster 58.5 58.5 63.1 53.8 585 55.4 55.4
IntrAgent (Ours) 754 78.5 78.5 769 81.5 78.5 72.3

Table 13: Accuracies (%) on IntraBench, Physics

Baseline GPT-40 GPT-4.1 DS-R1 03 o04-mini Gemini-2.5 Pro Llama-3.1-70B
RAG Vanilla RAG all-MiniLM-L6-v2 52.7 60.0 656 582 61.8 58.2 54.5
Vanilla RAG E5-mistral-7b-instruct 52.7 61.7 656 546 564 54.6 58.2
Vanilla RAG GritLM-7B 52.7 61.7 582 564 527 54.5 58.2
Contextual RAG E5-mistral-7b-instruct ~ 56.4 58.3 65.6 582 545 56.4 56.4
Contextual RAG GritLM-7B 58.3 58.3 546 564 582 56.4 54.5
DRAGIN 41.8 40.0 473 41.8 473 43.6 43.6
R2AG 54.5 58.2 61.8 509 49.1 50.9 50.9
LongRAG 50.9 54.6 60.0 473 49.1 50.9 47.3
Agent LUMOS 43.6 47.3 49.1 49.1 473 473 52.7
PaperQA2 38.2 45.5 473 473 455 473 50.9
Agentic-Hybrid-RAG 54.5 58.2 60.0 52.7 527 50.9 50.9
SciMaster 58.2 54.5 60.0 509 509 49.1 50.9
IntrAgent (Ours) 58.2 69.1 69.1 655 673 70.9 69.1

Table 14: Accuracies (%) on IntraBench, Public Health

Hypotheses

Hj : Median(IntrAgent — Baseline) = 0,

H; : Median(IntrAgent — Baseline)

> 0.

Here Hj indicates no improvement of IntrAgent
over the baseline, while H; tests for significantly
higher performance, result shown 18.

Interpretation Across all baselines, the me-
dian performance improvements range from
+10.9 to +27.3 percentage points. The Holm—
Bonferroni—adjusted p-values (p.gj < 107%) in-
dicate that these gains are highly significant and
not attributable to random variation. Even after
correction for multiple comparisons, all 12 tests
reject the null hypothesis Hy at « = 0.05. These
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Baseline GPT-40 GPT-4.1 DS-R1 03 o04-mini Gemini-2.5 Pro Llama-3.1-70B
RAG Vanilla RAG all-MiniLM-L6-v2 60.0 58.3 60.0 58.3 61.7 55.0 60.0
Vanilla RAG E5-mistral-7b-instruct 60.0 60.0 583 583 61.7 51.7 60.0
Vanilla RAG GritLM-7B 61.7 60.0 583 533 517 51.7 61.7
Contextual RAG E5-mistral-7b-instruct ~ 58.3 61.8 60.0 51.7 51.7 58.3 61.7
Contextual RAG GritLM-7B 58.3 58.2 60.0 483 56.7 58.3 60.0
DRAGIN 40.0 433 40.0 433 450 46.7 46.7
R2AG 58.3 56.7 583 550 550 53.3 60.0
LongRAG 60.0 63.3 633 533 533 53.3 58.3
Agent LUMOS 46.7 51.7 46.7 533 56.7 51.7 55.0
PaperQA2 51.7 50.0 533 50.0 450 48.3 55.0
Agentic-Hybrid-RAG 58.3 58.3 583 56.7 550 55.0 60.0
SciMaster 56.7 56.7 60.0 56.7 583 60.0 61.7
IntrAgent (Ours) 63.3 70.0 70.0 70.0 69.1 70.1 65.0

Table 15: Accuracies (%) on IntraBench, Earth Science

Baseline GPT-40 GPT-4.1 DS-R1 03 o04-mini Gemini-2.5 Pro Llama-3.1-70B
RAG Vanilla RAG all-MiniLM-L6-v2 64.6 61.5 60.0 58.5 554 61.5 52.3
Vanilla RAG E5-mistral-7b-instruct 60.0 58.5 61.5 60.0 60.0 60.0 554
Vanilla RAG GritLM-7B 63.1 56.9 61.5 61.5 63.1 63.1 55.4
Contextual RAG E5-mistral-7b-instruct ~ 63.1 64.3 60.0 61.5 569 63.1 52.3
Contextual RAG GritLM-7B 66.2 64.3 60.0 60.0 584 63.1 60.0
DRAGIN 47.7 50.8 523 462 446 44.6 46.2
R2AG 60.0 61.5 63.1 60.0 569 56.9 56.9
LongRAG 67.7 69.2 70.8 63.1 662 63.1 61.5
Agent LUMOS 55.4 58.5 646 58.5 569 58.5 53.8
PaperQA2 50.8 52.3 58.5 538 477 52.3 52.3
Agentic-Hybrid-RAG 64.6 61.5 66.2 61.5 63.1 61.5 58.5
SciMaster 64.6 60.0 662 61.5 61.5 60.0 56.9
IntrAgent (Ours) 80.0 81.5 785 815 754 76.9 66.2

Table 16: Accuracies (%) on IntraBench, Engineering

Baseline GPT-40 GPT-4.1 DS-R1 03 o4-mini Gemini-2.5 Pro Llama-3.1-70B
RAG Vanilla RAG all-MiniLM-L6-v2 64.3 60.0 714 68.6 68.6 74.3 61.4
Vanilla RAG E5-mistral-7b-instruct 62.9 70.0 70.0 65.7 64.3 68.6 62.9
Vanilla RAG GritLM-7B 64.3 70.0 714 68.6 64.3 64.3 67.1
Contextual RAG E5-mistral-7b-instruct ~ 67.1 68.6 70.0 65.7 68.6 62.9 65.7
Contextual RAG GritLM-7B 67.1 65.7 686 686 70.0 70.0 62.9
DRAGIN 443 45.7 47.1 457 514 50.0 44.3
R2AG 65.7 64.3 65.7 60.0 58.6 60.0 57.1
LongRAG 67.1 65.7 686 643 643 62.9 62.9
AgenLUMOS 52.9 57.1 657 614 643 60.0 61.4
PaperQA2 48.6 45.7 586 586 557 57.1 58.6
Agentic-Hybrid-RAG 61.4 60.0 657 614 629 614 60.0
SciMaster 57.1 58.6 67.1 629 614 614 60.0
IntrAgent (Ours) 72.9 80.0 757 729 75.7 82.9 71.4

Table 17: Accuracies (%) on IntraBench, Material Science

findings confirm that IntrAgent consistently and
significantly outperforms every baseline across do-
mains and backbones, demonstrating robust, model-
agnostic performance advantages.

B.2.2 Statistical Analysis of Paper Length and
IntrAgent Performance

IntraBench spans a wide range of paper lengths,
with an average of 15.2 pages (SD =9.04), a me-
dian of 13 pages, a minimum of 6 pages, and a
maximum of 49 pages. To examine whether pa-

per length affects agent performance, we build a
mixed-effects linear regression model with the per-
paper accuracy of IntrAgent as the response and
paper length as the predictor. Since each paper is
evaluated using three backbone LLMs (GPT-4o,
GPT-4.1, and DeepSeek-R1), we treat backbone
choice as repeated measurements.
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Baseline

Median A(%) Draw Dadj

Vanilla RAG all-MiniLM-L6-v2
Vanilla RAG E5-mistral-7b-instruct
Vanilla RAG GritLM-7B
Contextual RAG E5-mistral-7b-instruct
Contextual RAG GritLM-7B
DRAGIN

R%AG

LongRAG

LUMOS

PaperQA2

Agentic-Hybrid-RAG

SciMaster

+11.7 29x 107 35%x 10710
+10.9 29x 1071 35x 1071
+11.7 29x 107 35x 1071
+12.8 2.9 x 107! 3.5x%x 10710
+12.9 58 x 107! 3.5 x 10710
+27.3 29x 107 35x 1071
+16.8 2.9x 107! 3.5x%x 10710
+12.3 29x%x 107 35x%x 1071
+18.5 2.9 x 107! 3.5x%x 10710
+21.8 29x 1071 35x 10710
+14.1 29x 107 35x 1071
+14.6 1.8x 1077 1.8x 1077

Table 18: Wilcoxon signed-rank test comparing IntrAgent with all baselines across 35 paired samples (5 domains
x 7 backbones). All tests are one-sided (H;: IntrAgent > baseline). Reported p-values are Holm—Bonferroni
corrected for multiple comparisons. All comparisons remain significant at p,g; < 0.001.

D&C

T&D S&E

C&R
—e— GPT-40 —e— 03 —e— Gemini 2.5 Pro
—o— GPT-4.1 —e— 04-mini Llama 3.1 70B

—e— DeepSeek R1

Figure 3: Radar plot comparing the performance of
seven backbone LLMs—GPT-40, GPT-4.1, DeepSeek-
R1, 03, o4-mini, Gemini 2.5 Pro, and Llama-3.1-
70B—across four research-question categories: Study
subject & experimental setup (S&E), Data character-
istics & collection (D&C), Technical approach & de-
tails (T&D), and Conclusions & results (C&R). GPT-4.1
and o4-mini show the strongest overall balance, while
Gemini 2.5 Pro and Llama-3.1-70B demonstrate stable
domain-specific strengths. The plot highlights that de-
spite moderate variation across backbones, IntrAgent
remains consistently robust across all task categories.

Hypotheses

Hy : Blength =0,
Hy : Blength 7é 0.

Here, Bjength denotes the regression coefficient as-
sociated with paper length. Hj indicates that paper
length has no effect on IntrAgent’s performance,
while H; tests whether paper length has a statisti-
cally significant effect.

Interpretation The model estimates a slope co-
efficient of —0.1444 for paper length, with p =

0.463 > 0.05 and a 95% confidence interval of
(—0.535, 0.246). Although the estimated coeffi-
cient is negative, its magnitude is small, and the p-
value is well above the standard significance thresh-
old of a@ = 0.05. Therefore, we fail to reject Ho,
indicating that paper length is not significantly as-
sociated with IntrAgent’s performance in the cur-
rent evaluation.

B.3 Execution Time Report

In this section, we report the computational runtime
required to complete a single test instance on av-
erage. The runtime of IntrAgent is influenced by
several factors, including the number of reasoning
iterations until information sufficiency is achieved,
API connection stability, and the response speed
of the backbone LLM. Nevertheless, we provide
an approximate runtime in seconds, averaged over
multiple runs. (See Table19)

Since the number of runs can vary across exper-
iments, we place greater emphasis on the median
runtime on the default setting to provide a more rep-
resentative estimate. IntrAgent achieves a median
runtime of approximately 129 seconds, or about
two minutes per paper per question. In comparison,
the baseline methods require slightly less than one
minute.

Given the nature of the IntraView task, our pri-
mary concern is accuracy rather than speed. Never-
theless, the agent remains significantly faster than
human-level reading and reasoning over multiple
full-text papers.
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Method Step Time estimation (sec)
Evaluation protocol MCQ mapping 5
IntrAgent Format conversion 36
Section Ranking stage 4
Iterative Reading stage (1 iter) 42
Median (Default setting) 129
Average (Default setting) 259
Vanilla RAG Plaintext conversion 2
Short answer generation 35
DRAGIN Plaintext conversion 2
Paragraph-Level Corpus Construction 4
Chain-of-Thought Construction(each one) 23
Step-by-step Reasoning 55
R2AG Plaintext conversion 2
Retriever Embedding 2
Ranking 5
Reranking 10
Answer Generation with Retrieval Guidance 30
Lumos Plaintext conversion 2
Planning for a single Subgoal 6
Converting Subgoal into a Retrieval Action 2
Execution 2

Table 19: Estimated runtime (in seconds) for IntrAgent and baselines. Running with GPT-40. Values are averaged

over multiple runs per test instance.

C Ablation Studies Detail
C.1 Failure Case Study

C.1.1 Hallucination Failure Case from
Missing Information Sufficiency Check

As an extension of our ablation study, we examine
a specific failure mode caused by removing the
information sufficiency check from the Iterative
Reading stage. This case highlights the critical
role of sufficiency verification in preventing answer
hallucination.

We analyze a representative question from the
SERS dataset based on the paper by Rathnayake et
al. (Rathnayake et al., 2024): The correct section is
successfully retrieved by section ranking stag: Ex-
perimental - Surface entrapping of AGP and SERS
measurements. The following detail is extracted:

“The measurements were performed on a
ProRaman-L spectrometer with 785 nm
excitation wavelength using a 40x
objective, under the following condi-
tions: power density of approximately
40 uW /um?, accumulation time of 40 s,
averaging over 3 spectra, and a spectral
range of 400-3000 cm™—!’

This evidence directly supports the correct an-
swer: 785 nm.

In contrast, when the information sufficiency
check is disabled, the agent outputs a fully halluci-
nated answer:

“The excitation laser wavelength used for
SERS measurements is confirmed to be
532 nm. This is supported by the direct
statement: ‘The excitation wavelength
for the SERS measurements is 532 nm’
found in the text (Chunk 3, Section_title:
Methodology).”

In this case, the cited sentence, section title, and
numerical value are entirely fabricated and do not
exist in the original document. The agent not only
provides an incorrect answer but does so with un-
justified confidence and fabricated attribution.

This failure mode demonstrates how critical the
information sufficiency check is for ensuring fac-
tual grounding. Its absence increases the risk of hal-
lucination, where the system generates plausible-
sounding yet entirely unsupported responses.

C.1.2 Contextual Relationship Blindness from
Domain-Specific Knowledge Gaps

Another failure pattern not resolved simply by us-
ing a more advanced LLM is Contextual Rela-
tionship Blindness. We believe this is partly due
to gaps in domain knowledge: during the Section
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Detail Extraction phase, the model fails to estab-
lish the correct relationship between the question
and the corresponding sections in a given iteration.
As a result, it may overlook crucial information,
leading to deficiencies during the information suffi-
ciency check stage and causing the system to loop
to later sections, ultimately selecting “None of the
Above.”

For example, in our Earth Science dataset
(specifically, the subfield of urban remote sens-
ing), the main study targets are urban landscapes
or buildings. Consider question #8 from the batch:

Are auxiliary features used beyond raw
spectral bands?

In remote sensing, it is well understood that the
main features are spectral bands and radar bands.
Auxiliary features are additional derived features,
such as vegetation indices (NDVI, LAI, FAPAR),
land surface temperature, albedo, emissivity, topo-
graphic information (e.g., DEM), or other external
variables. However, when the LLM does not pick
up the meaning or understand the term, even if
the paragraph includes terms like NDVI, the rela-
tionship may still be overlooked. Cases like these
highlighting IntraBench remain challenging. To
improve the usability of the dataset for researchers
who are not familiar with cross-domain terminol-
ogy, we have annotated these terms in the bench-
mark; however, these annotations are not provided
as inputs to the agent.

D Robustness of IntrAgent to Mapping
Model and Input Variability Detail

D.1 Section Heading Rework

In Section 6.4, we investigated how IntrAgent per-
forms when provided with subpar or non-standard
section headings in scientific literature. Specifi-
cally, we examine whether the agent can maintain
accuracy even when the section structure is rewrit-
ten in unfamiliar or distorted styles.

To conduct this study, we extracted all section
headings from the paper by Thrift et al. (Thrift
and Ragan, 2019), listed in the first column of Ta-
ble 20. We then created three alternate versions
of these headings: a simplified "Beginner Style",
a distorted "Highly Noisy Version", and a stylized
"Shakespearean Style", each shown in the subse-
quent columns.

For each variant, we replaced the original section
titles in the document with the newly generated ver-

sions. IntrAgent was then applied to the modified
texts using GPT-4o as the backbone LLM and GPT-
4.1 as the mapping model, under default settings.
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Original Title | Beginner Style | Highly Noisy Version | Shakespearean Style
ARTICLEINFO Stuff About This Paper ZXCV ARTICLE BLAH Prologue of This Learned
Work
ABSTRACT What This Thing’s About QWERT ABSTRACT Abstract of Most Worthy
THING Endeavor
1. Introduction 1. Starting Out 1. asdjkh Introduction blah | 1. An Overture to the
Matter at Hand

2. Materials and methods

2.1. Bacteria and sample
preparation

2.2. AFM imaging

2.3. SERS measurements

2.4. Machine learning
model development

3. Results

3.1. AFM analysis of
microbial shape and
dimension

3.2. SERS signature of
periodontal pathogens

3.3. ML-enabled
identification of periodontal
pathogens

4. Discussion

5. Conclusion

CRediT authorship
contribution statement

Declaration of competing
interest
Data availability

Acknowledgement
Appendix A.

Supplementary data
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2. Stuff We Used and Did

2.1. Germs and How We
Got Them

2.2. Taking Tiny Pics

2.3. Laser Stuff on the
Germs

2.4. Computer Things We
Tried

3. What Happened

3.1. Shapes of the Germs
3.2. Shiny Lights from
Germs

3.3. Using Computer to
Guess Germs

4. What We Think It Means

5. Wrapping It Up

Who Did What

We Don’t Got Any Fights
About This
Where the Stuff Is

Thanks and Shoutouts

Extra Stuff We Didn’t Put
Up There

Books and Papers We
Looked At

2. jkjhas Materials and
doings

2.1. ajskdth Bacteria things
and getting stuff

2.2. kjashdf AFM
looking-at-things

2.3. asdkljth SERS zappy
laser stuff

2.4. zmxnv Machine
learning magic box

3. kjsdhf Results what
happened

3.1. gwekjh Germ shapes
and sizes

3.2. kjasdh SERS noise
from germs

3.3. hgjdksh Computer
guessing germ names

4. 1kjdfh What we think
(maybe?)

5. THE END (idk lol)

blorpflorp CRediT who did
what maybe

nope-no-fightz Declaration
or whatever
canhasdata Data place??

thxbye Acknowlegmints

Appendix A. More junk we
had

Books n Stuff We Readed
(aka refs)

2. Of Materials Gathered
and Deeds Undertaken

2.1. Of Bacterium’s Harvest
and Preparations Befitting
Study

2.2. Wherein the Art of
Atomic Force Is Employed
to Gaze Upon the
Minuscule

2.3. Of Golden Gleams and
SERS—The Spectral Oracle
2.4. Wherein the Machine,
Apt in Learning, Is Taught
to Discern

3. Revelations and Findings
Most Curious

3.1. Of Form and
Measure—The Shape of the
Microscopic Realm

3.2. Upon the Light’s
Whisper: Signatures of the
Mouth’s Hidden Foes

3.3. The Thinking Engine’s
Triumph in Unmasking the
Pathogen

4. A Discourse Upon the
Meaning of These
Happenings

5. A Summation, As the
Curtain Draws Near

Of Quills and Labors: A
Testament to Those Who
Contributed

Of Conflicts, None
Declared nor Concealed
Where Might the Curious
Find the Data?

Gratitude, in Verse and
Spirit

Appendix the First: Scrolls
of Supplement Yet Untold
Tomes and Records
Consulted—A Catalog of
the Wise

Table 20: Rewriting original section headings from Thrift et al. (Thrift and Ragan, 2019) into three alternative
styles—Beginner Style, Highly Noisy Version, and Shakespearean Style—to evaluate the robustness of IntrAgent
to variation in document structure.
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D.2 Section Heading Rework - Highly Noisy
Version Reasoning Example

This is a detailed reasoning example from the SERS
dataset Thrift et al. (Thrift and Ragan, 2019), using
the second section title rewrite variation, labeled
as the Highly Noisy Version. The rewritten section
headings are provided in Table 20.

With paper main title provided alongside with
the research question for this case is: What are the
material and structural properties, or the morphol-
ogy, of the SERS substrates used?

After the Hierarchy Preservation step, the pro-
cessed section headings are as follows:

77ZXCV ARTICLE BLAH; QWERT AB-
STRACT THING; asdjkh Introduction
blah; 2. jkjhas Materials and doings -
2.1. ajskdfh Bacteria things and getting
stuff; 2. jkjhas Materials and doings -
2.2. kjashdf AFM looking-at-things; 2.
jkjhas Materials and doings - 2.3. asd-
kljfth SERS zappy laser stuff; 2. jkjhas
Materials and doings - 2.4. zmxnv Ma-
chine learning magic box; 3. R kjsdhf
Results what happened - 3.1. qwekjh
Germ shapes and sizes; 3. R kjsdhf Re-
sults what happened - 3.2. kjasdh SERS
noise from germs; 3. R kjsdhf Results
what happened - 3.3. Mhgjdksh Com-
puter guessing germ names; 4. lkjdth
What we think (maybe?); 5. THE END
(idk lol); blorpflorp CRediT who did
what maybe; nope-no-fightz Declaration
or whatever; canhasdata Data place??;
thxbye Acknowlegmints; more junk we
had; Books n Stuff We Readed (aka refs)

In semantic section ranking, we derived the rea-
soning step:

1. 2. jkjhas Materials and doings - 2.3.
asdkljth SERS zappy laser stuff — This
section specifically mentions "SERS"
in its title, indicating it likely contains
detailed information about the SERS
substrates, including their materials and
structure or morphology.

2. 2. jkjhas Materials and doings - 2.1.
ajskdfh Bacteria things and getting stuff
— As part of the "Materials and doings"
main section, this subsection may dis-
cuss materials related to the experimen-

tal setup, possibly including the SERS
substrates.

3. 2. jkjhas Materials and doings - 2.2.
kjashdf AFM looking-at-things — This
subsection likely involves materials char-
acterization using AFM, which may in-
clude details about substrate morphology
or materials.

4. asdjkh Introduction blah — The in-
troduction often contains a summary of
the materials and methods used, poten-
tially offering an overview of the SERS
substrate materials and structure.

This ultimately leads to correct section alloca-
tion, enabling detailed information gathering and
passing the information sufficiency check without
difficulty. It also results in accurate final mapping
to the correct multiple-choice answer. This exam-
ple highlights the model’s ability to extract relevant
information from scrambled headings by reasoning
through their underlying intent, even in the pres-
ence of noise during section ranking.

E Prompts
Here is the list of prompts we used in our study.

E.1 Section Ranking Prompts

E.1.1 Hierarchy Preservation Prompt

Prompt: Hierarchy Preservation

nnn

hierarchy_preservation_prompt =
You are an expert in scientific research
and academic writing, proficient in
analyzing the structural organization
of research papers. Your task is to
infer the hierarchical structure of a
research paper based on a list of
section titles provided in sequential
order.

FELEEL LS

#i## xxTask*x

You are given a list of section titles

< extracted from a research paper, shown
— in the order they appear in the

— document:

{headings?}

These titles are not annotated to indicate
< their level (e.g., section,

< subsection, sub-subsection). Your job
— is to infer the *xtree structurexx by
— determining which titles are:

- **Main sectionsx*
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- **Subsections*x under a main section
- *xSub-subsections** under a subsection

#i#H# *xRulesx=
- Maintain the *xoriginal order*x of the
« titles.
- Do **not** introduce any new titles or
< remove existing ones.
- Use the **first title** as the likely
< **main titlexx of the paper, unless
— it's clearly a preamble (e.g.,
< "Abstract”, "Introduction”).
- Infer nesting levels based on typical
< academic paper structure and semantic
— cues in the titles.
- Structure the output using this format:
- “"Section Title"”™ (main section)
- “"Section Title - Subsection Title""
< (subsection)
- “"Section Title - Subsection Title -
— Sub-subsection Title""
<« (sub-subsection)

#i## xxExample*x

Given:
["Experiment setup”, "sample preparation”,
— "device setup”, "SERS measurements”,

< "Result and Discussion”]
Expected output:

["Experiment setup”,

"Experiment setup - sample preparation”,
"Experiment setup - device setup”,
"Experiment setup - SERS measurements”,
"Result and Discussion”]

### **Expected Output Format*x*
- Provide the inferred tree structure in a
< Python list format.

- Follow the form: ~["Section”, "Section -
< Subsection”, "Section - Subsection -
< Sub-subsection”, ...]"

- Output **only the listxx. Do not include
< explanations, reasoning steps, or
< extra comments.

Let's think step by step.

nnn

E.1.2 Reasoning-Based Ranking Prompt

Prompt: Reasoning-Based Ranking

nnn

ranking_prompt =

You are an AI research assistant with
expertise in analyzing academic papers.
Your task is to determine which
sections of a paper are most likely to
contain the answer to a given research
question. The section titles are
provided in a **tree structurexx,
where main sections and their
subsections are denoted using a hyphen
("-"). Your goal is to rank these
sections and subsections from **most
relevant to least relevant** in
relation to the research question.

FEELELEL L ELEL L

**Paper Title*x: {main_title_heading}
**Research Questionx*: {question}

**Section Titles*x:
{formatted_headings}

### **Instructions**

- Analyze the research question and the
— structure of the section titles.

- Rank the section titles in order of

— likelihood to contain the answer —

— from most to least relevant.

- Subsections may be more specific than
< main sections; use their nesting to
< guide your ranking.

- For each section in the ranking, provide
< a x*one-sentence explanationx* for its
— placement.

- Maintain the original order of section
— titles when relevance is tied.

- Do **not*x skip or omit any section

— titles from the list.

- Format the final ranking using only

— integer indices, enclosed in <<<#>>>
< brackets, based on the position of

< each title in the provided list

— (starting from 1).

- Do not repeat section titles or include
< any extra commentary after the final
< ranking.

### **Response Templatexx

Reasoning steps:

1. [Title 1] — [1-sentence justification]
2. [Title 2] — [1-sentence justification]
*xFinal ranking:x* <<<2>>>, <<<1>>>,

o <<K<3>>>, . <LKKLn>>>

Let's think step by step.

nnn
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E.2 Iterative Reading Prompts

E.2.1 Action Loop Prompt

Prompt: Action Loop

nnn

main_prompt =
You are an assistant designed to select
< the next Action based on the current
< oObservation.

Each observation contains:

- The current chunk index, indicating

— which chunk of the document you are
— working on.

- The total number of available chunks.

- A record of past Actions taken in

< previous iterations.

- If the most recent Action was EVALUATE,
— the observation will also include the
< evaluation result.

To ensure accuracy, you must follow these
— instructions:

{main_prompt_instructions}

Descriptions of all allowed actions:

- GET_CHUNK: Retrieve the next Knowledge
« Chunk. Use this when no chunk is

— currently loaded or when advancing to
— the next chunk.

- GET_DETAIL: Extract relevant details

< with respect to the Research Question
< from the currently loaded Knowledge
< Chunk.

- EVALUATE: Determine whether the

— extracted details from the current

< Knowledge Chunk are sufficient to

< answer the Research Question.

- TERMINATE: End the process once you have
gathered enough relevant information
to confidently answer the Research
Question. (TERMINATE is only valid if
the most recent evaluation yielded a
“YES” result.)

FELES

Here are some examples:

- Past Action Taken: GET_CHUNK. I have
< already obtained the chunk, so I will
« GET_DETAIL.

— then I will now EVALUATE the summary.
- Past Action Taken: GET_CHUNK,

< GET_DETAIL, EVALUATE. The result does
— not seem to be going well, so I will
< GET_CHUNK again.

- Past Action Taken: GET_CHUNK, GET_DETAIL,
< EVALUATE. The result seems to be going
< well, so I will TERMINATE the process.

- Past Action Taken: GET_CHUNK, GET_DETAIL.
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- Past Action Taken: GET_CHUNK, GET_DETAIL,
EVALUATE, ... ,GET_CHUNK, GET_DETAIL,
EVALUATE. This is chunk 10 out of 10.
I was supposed to get more chunks, but
I have already retrieved the last one.
No more knowledge chunks are available,
so I will TERMINATE the process.

FELEE LD

Observation:

You are currently at chunk
— {current_chunk_index} out of
— {total_chunks_len} chunks.

Past actions taken:
{past_action}

{evaluation_result}

Response Format:

Your final answer must follow the exact
— format below. Do not include any text
— outside this format.

Format:

Reasoning Steps: [In one sentence, explain
< why this Action is the best next step.]

Action: [Choose one of the following:
< GET_CHUNK, GET_DETAIL, EVALUATE,
< TERMINATE]

nnn

E.2.2 Action Loop - Default Balanced
Instruction

For the instruction given in the loop above, depend
on confidence level, different prompt was provided.
This given Instruction subject to confidence level 2.
This instruction is being used for default setting.

Prompt: Action Loop

main_prompt_instructions_confidence_level_2
o =

1. You will be provided with a list of

< Knowledge Chunks, ordered by relevance
< to the research question. Earlier

— Knowledge Chunks are more likely to

— contain useful information.

2. Your task is to iteratively retrieve a
< Knowledge Chunk, extract relevant

— details, and evaluate whether you can
< answer the research question. Repeat
< this process until you can confidently
— terminate.

3. You will be given a list of predefined
< actions to select from.

4. In each iteration, you must select

< exactly one action based on the

— current observation.
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The observation includes: the current
Knowledge Chunk index, the total
number of available Knowledge Chunks,
and the list of past actions taken.

The available actions are: GET_CHUNK,
GET_DETAIL, EVALUATE, and TERMINATE,
as defined in the action list.

If the most recent action in the past
actions taken was GET_CHUNK, your next
action **must*x be GET_DETAIL to
extract information from the current
Knowledge Chunk — do not perform this
extraction yourself.

If the most recent action was
GET_DETAIL, your next action *xmust*xx*
be EVALUATE to assess whether the
gathered details are sufficient to
answer the research question — do not
perform the evaluation yourself.

You must select only one action at a
time — never choose multiple actions
in a single step.

Since Knowledge Chunks are ordered by
relevance to the research question,
earlier Knowledge Chunks are more
likely to contain useful information.
Use this ordering to guide your
reading sequence.

. You must TERMINATE the process once

you have gathered enough information
to confidently answer the research
question.

Pay attention to the total number of
Knowledge Chunks. If your most recent
EVALUATE action was performed on the
*%*last available Knowledge Chunk** and
the result was insufficient, you must
TERMINATE the process due to lack of
additional information.

The expected workflow is: GET_CHUNK -
GET_DETAIL - EVALUATE - TERMINATE (if
evaluation result is sufficient). If
not, continue to the next Knowledge
Chunk. If you reach the final
Knowledge Chunk and the evaluation is
still insufficient, you must
TERMINATE.

You may TERMINATE early if an EVALUATE
action confirms that the gathered
information is sufficient to answer
the research question with high
confidence.

After your reasoning, output your
response in the specified format.

E.2.3 Section Detail Extraction Prompt

Prompt: Action: Section Detail Extraction

nnn

get_detail_prompt =
You are a research assistant helping

— extract detailed information relevant
— to the given Research Question based
— on a Knowledge Chunk given.

Research Question: {question}

Knowledge Chunk:
{chunk}

Task:

- Extract all key points from the current

< Knowledge Chunk *xonly as they relate

< to the Research Question*x.

- Include all relevant information such as
scientific terms, numerical data,
experimental results, measurements,
statistical indicators, conclusions,
and any comparative or causal
statements that explicitly support or
address the Research Question.

Do not infer or assume missing content.

— If essential information is absent,

— clearly state what is missing—avoid

— speculation or completion.

- When a sentence directly answers or

— supports the Research Question, quote

— it **verbatimxx from the x*original

—  chunk**.

- If there are multiple key points,

— present them as a structured list in

< bullet point format.

- If there are no key points relevant to

— the Research Question, clearly state:

— *"This chunk does not provide relevant

— information."”*

- Perform this task step by step, ensuring

— that each extracted detail is

— justified and directly traceable to

— the original content.

SRR

Response Format:

Your final answer must follow the exact
— format below. Ensure strict adherence
— to this structure. Do not include

— additional explanations outside of

— this format.

Format:

Reasoning Steps: [reasoning step by step
— goes here]

Details: The Section_title is

< <Section_title>.[Details based on the
< Research Question and chunk go here.
— Include all relevant findings and

— quote supporting sentences, present
— them as a structured list.]

nnn
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E.2.4 Default Balanced Information
Sufficiency Check Prompt

The Information Sufficiency Check Prompt, con-

fidence level 2. This prompt is being used for the

default setting.

Prompt: Sufficiency Check Confidence Level 2 ‘

nnn

evaluation_prompt_confidence_level_2 =
You are a research assistant tasked with
evaluating whether the provided
details are both sufficient and
accurate to answer a given research
question. Based solely on the current
details, determine whether they
contain all the necessary and correct
information required to answer the
research question. Your evaluation
must include direct references to
original sentences from the provided
details to support your reasoning.

FELLEEELELE O

Research Question: {question}

Current Details:
{observation_stage}

Task:
- Assess whether the current details
< contain all essential and accurate
— information needed to answer the
<> Research Question.
- Respond with "YES" **only ifxx the
« provided details fully and correctly
— address the research question with no
< missing elements or uncertainties.
- In this case, provide a complete
< answer supported by quoted or
— clearly referenced content from the
— current Knowledge Chunk.
- If the information is incomplete,
< partially correct, or uncertain in any
— way, respond with "NO."
- Clearly identify what specific
— information is missing or ambiguous.
- Then provide the closest possible
— answer using only the available
— details.
- If no relevant information is present
< at all, write: *"No information in
— given details."*

- After reasoning step by step, output
both ~Sufficiency” and
“Detail_Answer™. Your ~Detail_Answer’
must include direct evidence from the
knowledge chunk — avoid general
summaries.

FELES

Response Format:

Your response must strictly follow the
— format below:

Sufficiency: [YES or NOJ

Detail_Answer: The Section_title is
<Section_title>. [Provide your best
possible answer to the research
question, using direct references from
the details. Explain your reasoning
step by step, ensuring each claim is
supported by the provided content.]

FELELELES

E.2.5 Detail Aggregation Final Answer

Prompt

Prompt: Summary for Final Answer

nnn

full_set_answer_prompt =
You are a research assistant tasked with
synthesizing a final answer to the
research question based on the
evaluations of multiple knowledge
chunks provided below. Each evaluation
entry includes:

- A sufficiency judgment (YES or NO),

- A detailed answer (Detail_Answer),

- Referenced original sentences, each

— tagged with its Chunk number and

— Section title.

ELEELEL

Use the complete set of evaluation entries
to construct a coherent,
well-supported, and evidence-based
final answer to the research question.
You must include direct references to
the *xoriginal sentences*x, along with
their corresponding **Chunk number*x
and **Section titlex*, to justify each
claim you make.

FELEELELE L

Research Question: {question}

Evaluation Entries:
{observation_stage}

Task:

- Synthesize the provided evaluation

< entries to generate a comprehensive
— and conclusive answer to the Research
< Question.

- Your answer must be fully supported by
— specific content from the evaluation
< entries.

- When making a claim, x*explicitly citexx*
< the source using the format: "~ "Quoted
— sentence from the original text”

< (Chunk #, Section_title:

— <Section_title>)".

- If multiple entries support the same

< point, cite each one.
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- Do **not** introduce new information or
< inferred content that is not present
— in the evaluation entries.

- Avoid vague generalizations — every

— component of the answer must be

— evidence-backed.

- After reasoning step by step, output

< “Final_Answer” using the exact format
— below.

Response Format:

Final_Answer: [Provide your final answer
with supporting evidence from the
evaluation entries. For every claim,
cite the original sentences along with
the Chunk number and Section title
they came from. Explain your reasoning
step by step, covering all required
aspects of the Research Question.]

FELEERLE

E.3 Evaluation Protocol Prompts

E.3.1 Evaluation Protocol - Baseline Final

Answer Prompt

Prompt: Final Answer - Choices Mapping ‘

nnn

full_set_answer_prompt =
You are a research assistant tasked with
synthesizing a final answer to the
research question based on the
evaluations of multiple knowledge
chunks provided below. Each evaluation
entry includes:

- A sufficiency judgment (YES or NO),

- A detailed answer (Detail_Answer),

- Referenced original sentences, each

— tagged with its Chunk number and

< Section title.

ELELET

Use the complete set of evaluation entries
to construct a coherent,
well-supported, and evidence-based
final answer to the research question.
You must include direct references to
the *xoriginal sentencesx*x, along with
their corresponding x*Chunk number#*x
and **Section titlex*, to justify each
claim you make.

EELEEEL L&

Research Question: {question}

Evaluation Entries:
{observation_stage}

Task:

- Synthesize the provided evaluation

< entries to generate a comprehensive
— and conclusive answer to the Research
< Question.

- Your answer must be fully supported by
< specific content from the evaluation
< entries.

- When making a claim, x*explicitly citex=*
the source using the format: ~"Quoted
sentence from the original text”
(Chunk #, Section_title:
<Section_title>)".

If multiple entries support the same

— point, cite each one.

- Do #**not** introduce new information or

— inferred content that is not present

— in the evaluation entries.

- Avoid vague generalizations — every

— component of the answer must be

— evidence-backed.

- After reasoning step by step, output

< “Final_Answer” using the exact format

— below.

U

Response Format:

Final_Answer: [Provide your final answer
with supporting evidence from the
evaluation entries. For every claim,
cite the original sentences along with
the Chunk number and Section title
they came from. Explain your reasoning
step by step, covering all required
aspects of the Research Question.]

ELELELE L

E.3.2 Evaluation Protocol - Final Answer to

MCQ Answer Mapping

Prompt: Final Answer - Final Answer to MCQ

Answer Mapping

prompt = f"""

You are a research assistant. Your task is
< to map a short answer to a research
< question, derived from a scientific
< research paper, to the most

— appropriate option among the provided
— answer choices in a multiple-choice
< question (MCQ) format.

We are given the following research

— question:

{question}

To support your understanding of the
— research question, here is some
< relevant contextual information:
{additional_note}

Here are the extracted answers to the
< research question, taken from the
— research paper:

{relevant_chunks}

Here are the answer choices:
{paper_choice}

**Instructions:x*




You must select **only one answer
choicexx from the list that is either
correct or most relevant to the
research question.

Provide your answer as a single letter
(e.g., A, B, C, D, E, F) enclosed in
the format <<<ANS>>>. Do not include
any other text in your final output.

You may include step-by-step reasoning
to justify your decision, but your
final output must consist of only one
answer choice in the required format.

This is a science and
technology-related research question.
For cases where the short answer
involves numerical values:

- You must map the short answer to the

< most accurate and relevant answer

— choice.

- If the short answer and an answer

< choice represent numerical values,

apply the following decimal
precision alignment rules:

- If the short answer and an answer
— choice have the *xsame number
— of decimal placesxx, compare
— them directly without
— rounding.

- If they have *xdifferent numbers
of decimal places**, round the
value with x*more digitsx* to
match the **shorter decimal
precision**, then compare.

After alignment, select the

— answer choice that x*exactly
— matches** the short answer.
- If no answer choice matches after
— applying these rules, select
— *x“F. None of the above.”xx*

- **Examples*x:
- Short answer = 1.1111, answer
— choices include 1.1 =+ round
— short answer to 1.1 =+ match -
— select 1.1
- Short answer = 2.01, answer
— choices include 1.98 =+ both
< have two decimal places = no
— rounding = no match - select
— “F. None of the above”

5. Never provide multiple answers.

*xExample of output format:=*x

*reasoning steps*

U A A

—
—

'8 (

<LLC>>>
Let's think step by step.

nnn

E.4 Confidence Level Ablation Study Prompts

E.4.1 Confidence Level 1 Ablation Study -
Conservative Information Sufficiency
Check Prompt

Prompt: Sufficiency Check Confidence Level 1

nnn

evaluation_prompt_confidence_level_1 =
You are a research assistant tasked with
evaluating whether the provided
details are both sufficient and
accurate to answer a given research
question. Based solely on the current
details, determine whether they
contain all the necessary and correct
information required to answer the
research question. You must act
conservatively — your evaluation
should follow the strictest standard:
any ambiguity, missing element, or
lack of clarity must result in a "NO".

FEEELELEELEL S

Research Question: {question}

Current Details:
{observation_stage}

Task:

- Assess whether the extracted details

— contain all #**necessary elements*x to

— fully and unambiguously answer the

< Research Question.

- Only respond with "YES" if x*xall
aspects** of the research question are
addressed with precise and complete
evidence from the provided knowledge
chunk.

- No assumptions, inferred logic, or

< external knowledge are allowed.

- If **xany part*x of the required

< information is missing, vague,

— incomplete, or unclear, respond with

— "NO".

- Clearly identify what is missing or
< uncertain.

- Then provide the closest possible

< answer that can be supported solely
< by the available content from the
— Knowledge Chunk.

- If no relevant information is present
— at all, state: *"No information in
— given details.”"*

U )

- After step-by-step reasoning, output
both ~Sufficiency” and
“Detail_Answer~. Your “Detail_Answer"
must include direct evidence from the
knowledge chunk — avoid general
summaries.

FELE L&

Response Format:
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Your response must strictly follow the
— format below:

Sufficiency: [YES or NOJ

Detail_Answer: The Section_title is
<Section_title>. [Provide your best
possible answer to the research
question, using direct references from
the details. Explain your reasoning
step by step, addressing all required
components. ]

EELELELRE

E.4.2 Confidence Level 3 Ablation Study -

Aggressive Information Sufficiency
Check Prompt

Prompt: Sufficiency Check Confidence Level 3

nnn

evaluation_prompt_confidence_level_3 =
You are a research assistant tasked with
evaluating whether the provided
details are both sufficient and
accurate to answer a given research
question. You may act more
aggressively and confidently. Based
solely on the current details,
determine whether they contain
**enough relevant content to
reasonably answerx* the research
question, even if some minor points
are not fully explicit.

EELEEEEELEERE

Research Question: {question}

Current Details:
{observation_stage}

Task:
- Assess whether the current details
< provide **most or all of the key
informationx* needed to reasonably
— answer the Research Question.
- Respond with "YES" if the answer can be
supported using the provided
information, even if a few supporting
— details are missing, implicit, or only
< partially clear.

- If confident, provide a full answer

— backed by the best available

— references from the Knowledge Chunk.
- Only respond with "NO" if xxcritical*x
information is missing or the answer
< would be too speculative.

- Clearly explain what is missing or

— unclear.

- Then provide the closest possible

< answer based only on the available

— content.

- If no relevant information is present
at all, state: *"No information in
< given details."x*

—

—

—

—

—

- After step-by-step reasoning, output

< both ~Sufficiency™ and

< “Detail_Answer”. Your ~Detail_Answer"
— must include direct evidence from the
< knowledge chunk — avoid general

< summaries.

Response Format:

Your response must strictly follow the
— format below:

Sufficiency: [YES or NOJ

Detail_Answer: The Section_title is
<Section_title>. [Provide your best
possible answer to the research
question, using direct references from
the details. Explain your reasoning
step by step, addressing all required
components. ]

FELEEEL

E.4.3 Confidence Level 1 Ablation Study -

Action Loop Conservative Instruction

Prompt: Confidence Level Case Study Prompts 1

main_prompt_instructions_confidence_level_1
o =

1. You will be provided with a list of
— Knowledge Chunks, ordered by relevance
< to the research question. Earlier
< Knowledge Chunks are more likely to

contain useful information.

2. Your task is to iteratively retrieve a
Knowledge Chunk, extract relevant
details, and evaluate whether you can
answer the research question. Repeat
this process until you have evaluated
all available Knowledge Chunks or
gathered enough information to
confidently terminate.

You will be given a list of predefined
actions to select from.

4. In each iteration, you must select

exactly one action based on the

< current observation.

5. The observation includes: the current

< Knowledge Chunk index, the total

number of available Knowledge Chunks,

— and the list of past actions taken.

6. The available actions are: GET_CHUNK,

< GET_DETAIL, EVALUATE, and TERMINATE,
as defined in the action list.

If the most recent action in the past
actions taken was GET_CHUNK, your next
action **must*x be GET_DETAIL to
extract information from the current
Knowledge Chunk — do not perform this
extraction yourself.

nnn
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If the most recent action was
GET_DETAIL, your next action **must**
be EVALUATE to assess whether the
gathered details are sufficient to
answer the research question — do not
perform the evaluation yourself.

You must select only one action at a
time — never choose multiple actions
in a single step.

. Since Knowledge Chunks are ordered by
relevance to the research question,
earlier Knowledge Chunks are more
likely to contain useful information.
Use this ordering to guide your
reading sequence.

. You must TERMINATE the process only
after either (a) all available
Knowledge Chunks have been evaluated,
or (b) you are confident that the
research question can be answered
based on the most recent evaluation.

. Pay attention to the total number of
Knowledge Chunks. If your most recent
EVALUATE action was performed on the
*xlast available Knowledge Chunkxx*,
you must TERMINATE the process
regardless of the outcome.

. The expected workflow is: GET_CHUNK -
GET_DETAIL - EVALUATE - TERMINATE (if
evaluation result is sufficient). If
not, continue to the next chunk. If
you reach the final chunk and the
evaluation is still insufficient, you
must TERMINATE.

. Do not TERMINATE early based solely on
assumptions about relevance. Always
continue until a conclusive evaluation
result is available or all chunks are
exhausted.

N A R S
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15. After your reasoning, output your
< response in the specified format.
E.4.4 Confidence Level 3 Ablation Study -

Action Loop Aggressive Instruction

Prompt: Confidence Level Case Study Prompts 3 ‘

main_prompt_instructions_confidence_level_3
o =

1. You will be provided with a list of

< knowledge chunks, ordered by relevance
< to the research question. Earlier

— chunks are more likely to contain

— useful information.

2. Your task is to iteratively retrieve a
< knowledge chunk, extract relevant

— details, and evaluate whether you can
< answer the research question. Repeat
< this process until you can confidently
< terminate.

3. You will be given a list of predefined
< actions to select from.

4. In each iteration, you must select

< exactly one action based on the

— current observation.

5. The observation includes: the current

< chunk index, the total number of
available chunks, and the list of past
actions taken.

The available actions are: GET_CHUNK,
GET_DETAIL, EVALUATE, and TERMINATE,
as defined in the action list.

If the most recent action in the past
actions taken was GET_CHUNK, your next
action **must*x be GET_DETAIL to
extract information from the current
knowledge chunk — do not perform this
extraction yourself.

If the most recent action was
GET_DETAIL, your next action **must#*x
be EVALUATE to assess whether the
gathered details are sufficient to
answer the research question — do not
perform the evaluation yourself.

. You must select only one action at a

time — never choose multiple actions

in a single step.

Since knowledge chunks are ordered by

relevance to the research question,

earlier chunks are more likely to
contain useful information. Use this
ordering to guide your reading
sequence.

. You may TERMINATE the process as soon

as you believe that additional

knowledge chunks are unlikely to
provide significantly better
information, even if you are not fully
confident.

If your most recent EVALUATE action

was performed on the *xlast available
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« chunk**, you must TERMINATE the

< process regardless of the outcome.

13. The expected workflow is: GET_CHUNK -

— GET_DETAIL - EVALUATE - TERMINATE. You
< may also TERMINATE early based on the

— assumption that remaining chunks have

— diminishing relevance.

14. Terminate aggressively if your

— evaluation suggests NO from

— continuing, even if high confidence

— has not yet been achieved.

15. After your reasoning, output your

response in the specified format.

nnn

E.5 Contextual RAG Prompt

Prompt: Contextual RAG Prompt

nnn

prompt =
You are an expert technical writer
— specialised in contextual retrieval.

<document>
{whole_document}
</document>

Here is the chunk we want to situate
— within the whole document
<chunk>

{chunk}

</chunk>
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Please give a short succinct context to
<« situate this chunk within

the overall document for the purposes of
< improving search retrieval

of the chunk. Answer only with the

< succinct context and nothing else.

nnn

F Baseline Evaluation Details

F.1 Vanilla RAG

Vanilla RAG refers to the original implementation
proposed by Lewis et al. (Lewis et al., 2020). In
our setup, we first convert the PDF versions of pa-
pers into plain text. Subsequently, we tokenize the
text into fixed-length chunks of 500 tokens with an
overlap of 50 tokens between consecutive chunks.
We select 500 tokens as it provides a balance be-
tween semantic coherence and memory efficiency,
allowing enough context to be preserved within
each chunk. The 50-token overlap ensures that
important information occurring at chunk bound-
aries is not lost, improving retrieval continuity and
robustness.

For embedding generation and similarity compu-
tation, we use the all1-MiniLM-L6-v2304 model
to encode each chunk. During retrieval, we adopt a
top-k strategy, defaulting to the top 3 chunks most
similar to the given research question, based on co-
sine similarity scores. This top-k selection aligns
with our evaluation protocol, where these top 3
chunks are passed into the generation module to
produce short-form answers.

For final answer generation, we evaluate selected
backbone LLLMs under identical input conditions to
ensure a fair comparison. Each model generates an
answer conditioned on the retrieved top-3 chunks
and the research question.

F.2 Contexual RAG

To enhance retrieval precision beyond conventional
dense embedding approaches, we implemented a
Contextual Retrieval-Augmented Generation (Con-
textual RAG) framework (Anthropic, 2024). Un-
like vanilla RAG, which embeds document chunks
in isolation, Contextual RAG explicitly augments
each chunk with a succinct, model-generated con-
text situating it within the broader document struc-
ture. This implementation effectively bridges se-
mantic and structural understanding, allowing the
retrieval component to capture both what is being
discussed and where it fits contextually within the

paper. This contextual enrichment helps disam-
biguate semantically similar fragments, improv-
ing the embedding model’s ability to capture fine-
grained relationships between queries and relevant
content.

Our pipeline first extracts raw text given litera-
ture, followed by cleaning and token-level chunk-
ing with a 500-token window and 50-token over-
lap to preserve local continuity. For each chunk,
a lightweight contextualization module built on
GPT-40 generates concise summaries that describe
how the chunk fits within the overall document;
prompt used see E.5. These augmented chunks are
then encoded using models—either ES-Mistral-7B-
Instruct or GritLM-7B— for efficient batch infer-
ence. Query and chunk embeddings are computed
with cosine similarity to identify the top-k most
relevant text segments per question, enabling high-
precision retrieval aligned with the document’s nar-
rative structure.

F.3 DRAGIN

We adopt DRAGIN (Dynamic Retrieval Aug-
mented Generation based on the real-time Informa-
tion Needs of LLMs)(Su et al., 2024b) as the base-
line framework for dynamic retrieval-augmented
generation. DRAGIN explicitly determines both
when to retrieve and what to retrieve based on
the model’s internal uncertainty and token-level
salience signals, enabling fine-grained control over
evidence acquisition during generation.

To adapt DRAGIN to our customized scenario
involving a small-scale paragraph-level corpus and
chain-of-thought-style few-shot prompting, we in-
troduce the following modifications:

Paragraph-Level Corpus Construction.
We replace the default Wikipedia corpus
(psgs_w100.tsv) used in the official DRAGIN
release with a custom paragraph-level corpus
(DRAGIN_paragraphs.tsv) tailored to our do-
main. Each entry consists of a unique paragraph
ID, a document title, and the paragraph text. This
design enables the retrieval module to operate at a
finer granularity, which is essential for scenarios
involving a small collection of five domain-specific
documents.

Few-Shot Prompting with Summary-Driven
CoT Chains. We generate ten chain-of-thought
(CoT) reasoning exemplars from the five domain-
specific documents. For each test instance,
IntrAgent summarizes the top five retrieved para-
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graphs to construct a condensed context represen-
tation. These summaries serve as inputs to guide
CoT generation and are incorporated into the demo
field during the inference() stage. For example:

“The spatial extent of the study area is
approximately 966 km?, derived from
the Residential category’s area (398 km?)
and its proportion (41.20%) of the total
impervious surface...”

This procedure ensures that the few-shot prompt
incorporates domain-relevant knowledge in a struc-
tured format, strengthening the alignment between
the model’s reasoning path and the underlying evi-
dence.

Dynamic Retrieval at Inference Time. Dur-
ing inference, DRAGIN actively monitors for
hallucination-prone segments and triggers retrieval
of relevant evidence in real time. Retrieved para-
graphs are incrementally integrated into the gener-
ation context, enabling iterative refinement of the
model’s output. Unlike short-form QA systems,
DRAGIN produces complete chain-of-thought rea-
soning sequences, along with auxiliary metadata
such as retrieval count and token usage for diagnos-
tic analysis.

Following CoT generation, we initiate a final
synthesis stage. The full reasoning trace, rather
than the retrieved paragraphs themselves, is incor-
porated into a standardized prompt alongside the
original question. This prompt is then passed to an
external language model (e.g., GPT-4-turbo, GPT-
4o, or DeepSeek-Chat), which is instructed to sum-
marize the reasoning and produce a concise final
answer. This decoupled architecture ensures inter-
pretability during intermediate steps while main-
taining fluency and coherence in the final output.

F4 RZAG

We adopt R?AG (Reranking-augmented Retrieval-
Augmented Generation) as one of our baseline(Ye
et al., 2024). R?AG enhances generation quality
by incorporating a reranking module that explicitly
guides evidence selection, thus mitigating retrieval
noise and improving relevance alignment in the
final output.

To implement the R?AG pipeline in our setting,
we follow the procedures below:

Retriever Fine-Tuning and Dense Indexing.
We fine-tune a Sentence-BERT retriever using posi-
tive and negative question-paragraph pairs. Specifi-
cally, we leverage the DuReader benchmark, which

provides human-annotated relevance labels for
question-passage pairs, ensuring high-quality su-
pervision during training. Positive samples are pas-
sages annotated as relevant to the given question,
while negatives are randomly selected or chosen as
hard negatives from the same context. After train-
ing, the retriever encodes all corpus paragraphs into
dense embeddings, which are then indexed using
FAISS (IndexFlatIP) for efficient top-k similarity
search during retrieval.

Construction ofR?AG Training Samples. Each
training instance comprises a question, reference
answer, k retrieved paragraph embeddings, and a
binary relevance label for each paragraph. Labels
are heuristically assigned based on similarity with
the gold answer using token overlap or ROUGE.
These samples are used to jointly supervise both
generation and reranking.

Relevance-Aware Generation via RFormer.
During training, paragraph embeddings are pro-
cessed by R-Former, a lightweight transformer en-
coder that outputs a relevance-guided vector. This
vector is projected to match the hidden dimension
of a frozen LLM (Here we used LLaMA) and in-
jected into the prompt via a placeholder token. The
model jointly optimizes generation loss (over the
answer) and binary classification loss (over para-
graph relevance).

Inference At inference time, R2AG retrieves top-
k passages, processes them via RFormer, and in-
jects the reranking-aware signal into the prompt
before decoding with the LLM.

F.5 LongRAG

We adopt LongRAG (Jiang et al., 2024) as one
of our baselines. LongRAG enhances retrieval-
augmented reasoning through a dual-perspective
design consisting of a Hybrid Retriever for coarse-
to-fine semantic recall, an LLM-augmented Infor-
mation Extractor for global context recovery, and
a CoT-guided Filter for relevance refinement. To
adapt LongRAG to our scientific literature corpus
and domain-specific QA task, we apply several
modifications.

First, each paper is segmented into seman-
tically coherent chunks of approximately 200
words, using sentence boundaries as the min-
imal division unit. Each chunk is encoded

with the intfloat/multilingual-e5-large
dual encoder and stored in a FAISS in-
dex for dense retrieval. In the fine-

grained re-ranking stage, the cross-encoder
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nreimers/mmarco-mMinilMv2-L12-H384-v1 is
used with default settings (chunk_size = 200,
top-k = 7).

Second, the retrieved chunks are mapped back
to their original paragraphs to restore paragraph-
level semantic continuity. When multiple chunks
correspond to the same paragraph, only the most
relevant one is retained. The resulting paragraphs
are passed to an LL.M-based extractor, which gen-
erates a global contextual representation capturing
structural and semantic relationships across the pa-
per.

Third, we retain LongRAG’s two-stage CoT-
guided filtering mechanism to eliminate redundant
or irrelevant content. The model produces interme-
diate reasoning traces to identify evidence-bearing
segments and synthesizes an intermediate answer
by combining globally summarized and filtered in-
formation. In our adaptation, GPT-3.5-Turbo-16k
serves as the backbone model for extraction, filter-
ing, and generation.

Finally, a more capable external LLM—such as
GPT-40, GPT-4.1, DeepSeek-R1, Gemini 2.5 Pro,
03, 04-mini, or Llama-3.1-70B-Instruct-Turbo—is
employed to refine intermediate outputs and pro-
duce the final synthesized answers. Accuracy is
reported as the primary evaluation metric, consis-
tent with our multiple-choice benchmark protocol.
The models used in each stage are summarized in
Table 21.

F.6 Agent LUMOS

This section details our customized version of
the LUMOS iterative framework(Yin et al., 2024),
adapted specifically for the multiple-choice ques-
tion (MCQ) task. Unlike the original LUMOS
framework designed for open-domain QA, our ver-
sion retains its iterative structure with separate
Planning, Grounding, and Execution modules.
At each step, the system generates subgoals, for-
mulates paragraph retrieval actions, retrieves rel-
evant evidence, and accumulates results. Once
enough evidence is collected, we use an external
LLM (GPT-40, GPT-4-turbo, or DeepSeek-Chat)
to synthesize the final answer based on all retrieved
content.

Our method retains LUMOS’s modular design,
consisting of a planning module, grounding mod-
ule, and execution module. The models used in
each stage are summarized in Table 22:

The baseline system adopts an iterative multi-
stage reasoning framework composed of four core

modules: planning, grounding, execution, and final
synthesis.

The process begins by initializing an interme-
diate result dictionary with the original question
and an initial context. In each iteration, the plan-
ning module generates a reasoning subgoal based
on the question, accumulated results, and previous
actions. This is achieved using a pretrained model,
lumos_complex_ga_plan_iterative, which is
built on LLaMA 2-7B. The iteration process ter-
minates either when the planning module outputs
an explicit stop signal (e.g., “Yes, I will stop plan-
ning.”) or when a fixed maximum of 5 steps is
reached.

Once a subgoal is generated, the system proceeds
to the grounding stage, where the subgoal is trans-
lated into a structured paragraph retrieval action
conditioned on the current reasoning context.

The execution module is responsible for retriev-
ing the most relevant paragraph. It segments the
context into overlapping chunks and selects the top
match based on semantic similarity using a custom
retriever. To evaluate the effect of evidence gran-
ularity, we test retrieval based on the top-5, top-7,
and top-9 most relevant paragraphs.

After sufficient evidence has been collected
through iterations, the system enters the final syn-
thesis stage. All retrieved content is compiled into
a standardized prompt, including the original ques-
tion and numbered evidence chunks. This prompt
is then passed to an external large language model—
such as GPT-4-turbo, GPT-40, or DeepSeek-Chat—
to generate the final answer. The model is in-
structed to synthesize an answer strictly based on
the retrieved content, ensuring transparency and
faithfulness.

This modular design supports step-wise and in-
terpretable reasoning, separates control logic from
retrieval, and uses the LLM exclusively in the final
answer synthesis stage.

FE.7 PaperQA2

We reproduce and adapt the PaperQA2 frame-
work for our controlled setting involving a small
fixed corpus of input PDFs(Skarlinski et al., 2024),
rather than a large open-domain scientific literature
database. The original PaperQA?2 pipeline includes
dynamic Paper Search and Citation Traversal mod-
ules, which rely on inter-paper citation graphs and
large-scale retrieval. Since our corpus consists of
a limited number of static papers without citation
links, these modules are disabled in our adapta-
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Stage Model / Tool

Dual-Encoder Retrieval
Cross-Encoder Re-ranking
Information Extraction (Global)
CoT-guided Filtering (Local)
Answer Generation (Intermediate)

Final Answer External LLMs:

intfloat/multilingual-e5-large
nreimers/mmarco-mMinilMv2-L12-H384-v1
GPT-3.5-Turbo-16k

GPT-3.5-Turbo-16k

GPT-3.5-Turbo-16k

GPT-40, GPT-4.1, DeepSeek-R1, Gemini

2.5 Pro, 03,

o4-mini, L1ama-3.1-70B-Instruct-Turbo

Table 21: Models used in each stage of the LongRAG baseline.

Module Role Model Used

Planning Generate reasoning subgoals LLaMA 2-7B

Grounding Convert subgoals into retrieval actions /

Execution Execute retrieval over provided context dpr-reader-multiset-base

Final Answer

Synthesize final answer using retrieved content

External LLM (GPT-4-Turbo,
GPT-40, or DeepSeek-Chat)

Table 22: Models used in each stage of the LUMOS baseline.

GPT-40 GPT-4.1 DeepSeek-R1
Phys PH ES Avg. Phys PH ES Avg. Phys PH ES Avg.
LUMOS (3 chunk) 43.1 364 417 404 415 41.8 400 41.1 385 40.0 383 389
LUMOS (5 chunk’) 523 43.6 467 475 50.8 473 51.7 499 50.8 49.1 46.7 489
LUMOS (7 chunk) 58.5 49.1 51.7 53.1 569 52.7 550 549 554 564 51.7 545
LUMOS (9 chunk) 61.5 527 533 558 60.0 564 56.7 57.7 585 61.8 55.0 584
IntrAgent (ours) 754 582 633 65.6 78,5 69.1 70.0 72.5 723 67.3 63.3 67.6

Table 23: Accuracy (in percentage) of LUMOS across the three domains in IntraBench —SERS in chemistry
physics (Phys), infectious-disease modeling in public health (PH), and remote sensing in earth science (ES)—under
varying chunk configurations, with GPT-40, GPT-4.1, and DeepSeek-R1 backbones. LUMOS achieves consistent
performance gains as chunk size increases, peaking at 55.8%, 57.7%, and 58.4% in the Phys, PH, and ES domains,
respectively. The default 5-chunk setup strikes a balance between accuracy and efficiency across all models.

Note. LUMOS with 5 chunks' is the default setting.

tion. Instead, we preserve the core reasoning-based
retrieval and summarization components of Pa-
perQAZ2, ensuring a faithful yet context-appropriate
baseline implementation.

Each question—document pair is processed
through a streamlined multi-stage pipeline con-
sisting of: (1) Document Parsing, where each
input PDF is converted to structured text using
Grobid; (2) Chunking & Indexing, where parsed
text is segmented into semantically coherent units
and indexed with FAISS; (3) Dense Retrieval, us-
ing intfloat/multilingual-e5-large to iden-
tify the most relevant chunks to the input query;
(4) RCS (Contextual Summarization), where
GPT-40 performs reasoning-based summarization
and relevance scoring to produce high-quality ev-
idence summaries; and (5) Answer Generation,
where the top-ranked evidence summaries are con-
solidated and passed to external LLMs (GPT-4o,
GPT-4.1, DeepSeek-R1, Gemini 2.5 Pro, 03,

04-mini, Llama-3.1-70B-Instruct-Turbo) for
final response synthesis. All models operate with
temperature fixed at 0.0 to ensure deterministic
factual outputs.

The dense retriever
(intfloat/multilingual-e5-large) encodes
both query and chunk representations under cosine
similarity. For each question, the top-k = 30
retrieved chunks are summarized by the RCS stage.
The final answer generation step utilizes one of the
listed external LLMs, which directly synthesize
concise, evidence-grounded answers. The overall
model configuration and stage-wise mapping are
summarized in Table 24.

F.8 Agentic-Hybrid-Rag

This section presents the implementation and
evaluation setup of the Agentic-Hybrid-Rag base-
line(Nagori et al., 2025), adapted to our exper-
imental environment featuring a small, offline
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Stage Model / Tool

Document Parsing

Dense Retrieval

RCS (Contextual Summarization)
Final Answer

Grobid (structure-aware scientific text parser)
intfloat/multilingual-e5-large (dual encoder for chunk retrieval)
GPT-4o0 (reasoning-based summarization and relevance scoring)
External LLMs: GPT-40, GPT-4.1, DeepSeek-R1, Gemini 2.5 Pro, 03,

o4-mini, L1ama-3.1-70B-Instruct-Turbo

Table 24: Models used in each stage of the Paper(QA2 baseline.

corpus consisting of a few domain-specific PDF
documents. Since the original Agentic-Hybrid-
Rag framework relies on large-scale online bibli-
ographic sources (e.g., PubMed, ArXiv, Google
Scholar) and a server-based Neo4j knowledge
graph, we develop a lightweight variant suitable
for a fully local, closed-data scenario.

The customized version retains Agentic-Hybrid-
Rag’s dual-retrieval architecture—combining
graph-based retrieval and vector-based
retrieval—but replaces all cloud-dependent
components with locally executable modules.
The system is organized into three main stages:
Document Preprocessing, Dual Retrieval,
and Final Answer Synthesis. The models and
resources used are summarized in Table 25.

Each PDF in the corpus is first converted to
structured text using pdfminer.six. Section head-
ers and paragraphs are segmented based on typo-
graphic cues, and both the extracted text and associ-
ated metadata (title, author, year, and keywords) are
serialized into JSON format. The resulting dataset
thus supports both symbolic (graph) and semantic
(vector) indexing without external dependencies.

To emulate HybridRAG’s structured reason-
ing component without a full Neo4j server, we
construct an in-memory knowledge graph using
NetworkX. Nodes represent papers, authors, and
keywords, while edges encode relations such as
written_by and has_keyword. Given a ques-
tion involving bibliographic relations (e.g., “Which
study by Author X discusses. .. ?”), the agent issues
rule-based lookups that traverse this lightweight
graph and retrieve the corresponding document set.

For semantic retrieval, all document sections are
embedded using the al1-MinilLM-L6-v2 sentence
transformer and indexed in FAISS. During infer-
ence, queries are encoded into the same embedding
space, and the top-k passages are selected based
on cosine similarity. To approximate HybridRAG’s
hybrid search strategy, BM25 lexical scores are lin-
early combined with dense similarity scores before
reranking. This design ensures that both surface-

level and semantic signals are leveraged despite the
small data scale.

The retrieved passages from both retrieval modes
are merged into a unified context, ordered by rele-
vance, and passed to an answer generator. For fair-
ness across baselines, we use the same instruction-
tuned model (Mistral-7B-Instruct) for all an-
swer synthesis tasks. The model is explicitly
prompted to reason only over the retrieved evidence
to avoid hallucination.

The baseline is evaluated on the same set of
expert-curated questions used for IntrAgent. For
each query, the router decides between graph or
vector retrieval depending on the question type. We
report accuracy using the LLM-grounded multiple-
choice evaluation metric described in Section 5.2.
This adaptation allows HybridRAG to operate fully
offline while preserving its dual-retrieval reasoning
capability, thus serving as a reproducible and inter-
pretable baseline for comparison with IntrAgent.

F.9 SciMaster

We adopt SciMaster (Chai et al., 2025) as the
baseline framework for tool-integrated agentic rea-
soning. SciMaster enables a reasoning model to
dynamically interact with external environments
through Python-based code execution, combin-
ing tool-augmented reasoning with a multi-stage
inference-time workflow involving Solver, Critic,
Rewriter, and Selector roles. To adapt SciMaster to
our task setting involving domain-specific scientific
literature and structured information extraction, we
introduce several modifications.

First, we perform Domain-Specific Query
Adaptation. Each research question from our
benchmark is reformulated into SciMaster’s stan-
dard input template, consisting of a user query
followed by a reasoning block enclosed within
<think> and </think> tags. This ensures that the
baseline reasoning process remains consistent with
the original workflow while aligning the query se-
mantics with scientific reading tasks. The same
backbone model, DeepSeek-R1-0528, is employed
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Stage Implementation / Model Used

Graph-based Retrieval
Vector-based Retrieval
sparse—dense retrieval)

Final Answer External LLMs:

GPT-40, GPT-4.1,

NetworkX( Query structured metadata relations)
all-MinilLM-L6-v2 + BM25 + FAISS (Retrieve semantically similar passages using hybrid

DeepSeek-R1, Gemini 2.5 Pro, 03, o4-mini,

Llama-3.1-70B-Instruct-Turbo (Synthesize a concise, evidence-grounded response based

on all retrieved information)

Table 25: Models used in each stage of the Agentic-Hybrid-Rag baseline.

with a temperature of 0.6 and a context length of
64k tokens, identical to the configuration reported
in the original paper.
We replace the original general-purpose modules
websearchand
G Experiments Compute Resources and
Model Choices

We conducted all experiments using API access
to GPT-40-20240806, GPT-4.1-20250414, and
DeepSeek-R1-20250120, 03-20250416, 04-mini-
20250416, gemini-2.5-pro-20250617, and Llama-
3.1-70B-Instruct-Turbo-20250723 — using their de-
fault settings.

Other experiments compute resources indicated
in Table 26.

Component Specification

GPU Model NVIDIA RTX 3090
GPU Memory 24 GB per GPU
CPU Cores 22

System Memory 64 GB

Table 26: Hardware Configuration Used for Training
and Inference

H Detailed Impact of Mapping Model
Across Domains

To complement our primary analysis of map-
ping model robustness (Section Robustness of
IntrAgent to Mapping Model and Input Variabil-
ity), we present a comprehensive evaluation across
all three scientific domains in IntraBench: SERS
in chemistry physics (Phys), infectious-disease
modeling in public health (PH), and remote sens-
ing in earth science (ES). This analysis inves-
tigates how different mapping models perform
when paired with short-form answers generated
by IntrAgent and vanilla RAG under different
backbone LLMs.

Specifically, we follow a standard evaluation pro-
tocol: short-form answers are first generated by two
methods using three backbone LLMs—GPT-4o0,
GPT-4.1, and DeepSeek-R1. These responses are
then mapped to multiple-choice (MCQ) selections
using three separate mapping models (GPT-4o,
GPT-4.1, and DeepSeek-R1), resulting in 18 unique
backbone-mapping combinations. Each configura-
tion is evaluated using a consistent prompt template.
Accuracy scores for each domain and setting are
reported in Table 27.

Regardless of the mapping model used,
IntrAgent consistently outperforms the RAG
baseline across all domains and backbone config-
urations on average. The performance gains re-
main substantial, demonstrating the robustness of
IntrAgent ’s short-form answers across different
downstream mapping strategies. Across all nine
mapping—backbone pairs, IntrAgent consistently
exceeds the vanilla RAG baseline: averaged over
the three scientific domains, its accuracy gains are
4.8%, 10.0%, and 7.7% when GPT-4o0 is the map-
ping model (for GPT-40, GPT-4.1, and DeepSeek-
R1 backbones, respectively); 8.0%, 11.0%, and
4.9% when GPT-4.1 performs the mapping; and
5.6%, 5.0%, and 8.7% when DeepSeek-R1 is used
as the mapping model.

In addition, we revisited the results of hu-
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Backbone GPT-40 GPT-4.1 DeepSeek-R1
Mapping Method Phys PH ES Avg. Phys PH ES Avg. Phys PH ES Avg.
GPT-40 IntrAgent 73.8 52.7 60.0 622 769 63.6 683 69.6 73.8 673 63.3 68.1
RAG 63.1 509 583 574 66.2 527 60.0 59.6 63.1 582 60.0 60.4
GPT-4.1 IntrAgent 754 582 633 656 785 69.1 700 72.5 723 673 633 67.6
’ RAG 60.0 52.7 60.0 57.6 66.2 60.0 583 61.5 64.6 63.6 60.0 62.7
DeepSeek-R1 IntrAgent 67.7 582 583 614 70.8 58.2 633 64.1 769 673 55.0 664
P RAG 61.5 50.9 55.0 558 662 52.7 583 59.1 63.1 582 51.7 57.7

Table 27: Accuracy (in percentage) of our IntrAgent and the Vanilla RAG baseline across three scientific domains
in IntraBench —SERS in chemistry physics (Phys), infectious-disease modeling in public health (PH), and remote
sensing in earth science (ES). Each row block corresponds to a mapping model (GPT-40, GPT-4.1, or DeepSeek-R1),
and each column block shows performance under a different backbone LLM. Short-form answers from each
backbone are mapped to MCQ choices using each mapping model.

Method Top-1 Acc. Top-2 Ace.  Top-3 Acce.
Similarity-based (RAG) 25.0 (14/56)  32.0 (18/56)  50.0 (28/56)
Reasoning-based (IntrAgent)  87.5(49/56)  92.9(52/56)  94.6(53/56)

Table 28: Section title ranking accuracy (in percentage) on the physics dataset (Top-1, Top-2, and Top-3). Ground

truth is based on expert-annotated sections.

man mapping annotation in collaboration with our
physics domain expert. In a prior study, RAG
achieved a score of 61 out of 65 when evaluated
using GPT-4.1 as the mapping model. Upon closer
inspection of the four mismatches, we found that
in two cases the model’s selections were arguably
more accurate than those of the human annotator,
indicating possible human error when the task is
challenging (which causes potential ambiguities
in answer interpretation). Nevertheless, even with
minor fluctuations in performance across different
mapping models, we consistently observe a sub-
stantial performance gap between the best baseline
and our approach. This further reinforces our con-
clusion that IntrAgent achieves state-of-the-art
performance in IntraView.

I Similarity-Based Section Selection

In addition to evaluating baseline approaches, we
further investigate how to identify the section of a
paper most relevant to a given research question by
analyzing section titles. To this end, we conduct an
additional experiment comparing two section se-
lection strategies. The first is the reasoning-based
ranking from the Section Ranking stage developed
in IntrAgent. The second is a retrieval-based ap-
proach that selects the section whose title exhibits
the highest cosine similarity with the research ques-
tion, using a vanilla RAG framework.

This experiment focuses on the physics dataset,
where domain experts have annotated the section

titles from which correct answers are expected to
originate. We first collect the section titles ranked
by the reasoning-based method. For comparison,
we replace this with the retrieval-based strategy de-
scribed above, computing cosine similarity scores
between each question and all section titles, and
ranking them in descending order. Both methods
are evaluated by comparing their top-3 ranked sec-
tion titles against the expert-annotated ground truth.
Results are reported in Table 28.

Note that in some cases where the correct an-
swer is F' (none of the above)—indicating that the
relevant content does not appear in the paper—we
exclude those questions from the evaluation, as
there is no valid section title to compare. As a re-
sult, the physics dataset contains 56 questions that
are valid for Section Ranking comparison.

We observe that our method achieves a top-1
accuracy of 87.5%, a top-2 accuracy of 92.9%, and
a top-3 accuracy of 94.6%, in comparison to the
RAG-based method, which yields an accuracy of
25.0% at top-1, 32.0% at top-2, and 50.0% at top-3
on the physics dataset.

We also evaluate end-to-end task performance
using the standard protocol. When replacing our
reasoning-based section ranking with the RAG-
based reordering strategy, the overall accuracy
drops to 66.2%, compared to 78.5% achieved by
IntrAgent using GPT-4.1 as both the backbone
and mapping model. While this substitution leads
to a performance decline, the decrease is not sub-
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stantial. These results highlight the robustness of
our iterative reading stage: even when section titles
fail to generate an ideal ranking, the model contin-
ues to perform strongly by reasoning over multiple
retrieved sections.
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