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Abstract

Scientific research involves complex
information-seeking and reasoning workflows
across heterogeneous sources. However,
existing benchmarks primarily emphasize
general-domain retrieval or static scientific
question answering, and therefore fail to
assess key capabilities required in realistic
scientific research workflows. We introduce
SciExplore, a benchmark designed to evaluate
scientific information-seeking and reasoning
capabilities of LLMs and agents. SciExplore
comprises four task types covering 103
expert-curated tasks across more than ten
scientific disciplines: scientific database
navigation, ambiguous literature retrieval,
missing reference completion, and cross-
source structured knowledge synthesis, which
probe progressively higher-level abilities from
entity-level reasoning and document-level
identification to evidence-level grounding and
domain-level synthesis. We evaluate over
ten state-of-the-art LLMs and autonomous
agents on SciExplore, revealing substantial
performance gaps with performance degrading
sharply as task complexity increases and
extremely low accuracy on the most chal-
lenging structured synthesis tasks. These
results highlight significant limitations of
current models and agents in realistic scientific
information-seeking scenarios.

1 Introduction

As scientific discovery becomes increasingly data-
intensive and interdisciplinary, Large Language
Models (LLMs) are envisioned as autonomous sci-
entific assistants (Schmidgall et al., 2025; Baek
et al., 2025; Chai et al., 2025; Li et al., 2025a; Wu
et al., 2025a; Li et al., 2025c; Bran et al., 2023;
Li et al., 2025b; Huang et al., 2025) capable of
supporting complex research workflows. These
workflows extend well beyond fact lookup (Yang

* Equal contribution. † Corresponding author.

et al., 2018; Wei et al., 2025; Zhou et al., 2025a) or
question answering (Saikh et al., 2022; Wang et al.,
2023; Yue et al., 2024), encompassing tasks such
as navigating specialized databases, identifying
relevant literature under ambiguous descriptions,
grounding claims in appropriate evidence, and syn-
thesizing structured knowledge across heteroge-
neous sources. A central challenge for the commu-
nity, therefore, is to rigorously evaluate whether
current LLMs or agents can reliably perform these
research behaviors in realistic settings.

Despite rapid progress, existing evaluation
paradigms remain poorly aligned with the demands
of authentic scientific research. On one hand, deep
search benchmarks (Wei et al., 2025; Zhou et al.,
2025a; Wu et al., 2025b; Wong et al., 2025) pri-
marily target general-domain information retrieval
and open-web exploration, overlooking the struc-
tured databases, domain-specific conventions, and
methodological reasoning intrinsic to scientific
inquiry. Deep Research benchmarks (Du et al.,
2025a) extend this paradigm by evaluating agents
through long-form research report generation, with
primary emphasis on the completeness and flu-
ency of written reports rather than fine-grained
evidence grounding or structured knowledge syn-
thesis. On the other hand, science-oriented QA
benchmarks (Saikh et al., 2022; Wang et al., 2023;
Yue et al., 2024; He et al., 2024; Guo et al., 2023;
Cui et al., 2025; Du et al., 2025b; Zhou et al.,
2025b; Wang et al., 2022) typically reduce eval-
uation to static question answering in closed en-
vironments, abstracting away crucial steps such
as evidence discovery, literature disambiguation,
and cross-source integration. As a result, neither
paradigm adequately measures the capabilities re-
quired of LLMs as research assistants—namely,
evidence-driven, multi-step reasoning grounded in
real, noisy, and heterogeneous scientific informa-
tion environments.

To address this gap, we introduce SCIEXPLORE,
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Figure 1: Overview of SCIEXPLORE. The benchmark evaluates scientific information seeking as a progressive
cognitive process, spanning four task types that advance from (A) entity-level reasoning, to (B) document-level
literature identification, (C) evidence-level reference grounding, and finally (D) domain-level knowledge synthesis.

an expert-curated benchmark for evaluating LLMs
or agents in authentic scientific information-
seeking and reasoning workflows. SCIEXPLORE

is designed based on the observation that scientific
information seeking is a progressive cognitive pro-
cess where researchers incrementally move from
locating individual entities to identifying relevant
documents, grounding claims in evidence, and syn-
thesizing structured knowledge at the domain level.

Accordingly, SCIEXPLORE comprises four task
types, each targeting a distinct and essential scien-
tific capability, as illustrated in Fig. 1. (T1) Sci-
entific Database Navigation evaluates the foun-
dational ability to traverse structured scientific
databases, requiring multi-step reasoning to lo-
cate precise entities and attributes across intercon-
nected records. (T2) Ambiguous Literature Re-
trieval builds on this foundation by shifting from
databases to the scientific literature, challenging
agents to identify a specific key paper based on
vague, incomplete, or noisy methodological de-
scriptions, without relying on explicit keywords.
(T3) Missing Reference Completion further in-
creases difficulty by moving from single-document
identification to evidence-level grounding: given a
scientific paragraph with missing citations, agents
must correctly align multiple claims with their
appropriate supporting references. (T4) Cross-
Source Structured Knowledge Synthesis represents
the highest level of abstraction, requiring agents to
aggregate evidence from a broad set of papers and
synthesize these findings into a structured compar-
ison table that captures a domain-level overview of
a research topic.

This study outlines a closed-loop evaluation of
scientific information seeking, moving systemati-

cally from entity retrieval to knowledge synthesis,
involving 103 PhD-level tasks curated by experts
across various disciplines. The platform, SCIEX-
PLORE, maintains strict difficulty levels and en-
sures answer uniqueness, requiring deep domain
understanding and multi-step reasoning instead of
simple memorization.

We assessed 12 advanced LLMs and search
agents on SCIEXPLORE, revealing significant per-
formance gaps: most achieved success rates un-
der 50%, with a sharp decline in effectiveness as
task complexity increased. Notably, the toughest
task—Cross-Source Structured Knowledge Synthe-
sis—showed even top agents with accuracy lower
than 20%. These results indicate that while current
systems manage basic retrieval and shallow reason-
ing, they significantly falter in complex scientific
research that requires comprehensive evidence, pre-
cise grounding, and accurate synthesis.

In summary, our contributions are threefold:

• We introduce SCIEXPLORE, a novel bench-
mark that evaluates agents along a hierarchy
of scientific reasoning capabilities, spanning
entity-level database navigation, document-
level literature identification, evidence-level
reference grounding, and domain-level struc-
tured knowledge synthesis.

• We propose a rigorous, expert-driven data con-
struction and validation framework that en-
forces high reasoning depth, strong domain
specificity, and answer uniqueness, effectively
preventing shortcut-based or memorization-
driven solutions.

• Through extensive evaluation of state-of-the-
art agents, we expose substantial limitations
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Table 1: Comparison of SCIEXPLORE with existing benchmarks. Abbreviations: Sci. K. & R.: Scientific
Knowledge and Reasoning; Sci. DB & Lit.: Scientific Database and Literature; ST: Short Text; MC: Multi Choice;
Ref.: Bibliographic Reference.

Benchmark Domain Sci. K. & R. Search Depth Search Width Search Source Output Format

Deep Search and Deep Research Benchmarks
HotpotQA (Yang et al., 2018) General Low Low Low Wikipedia ST
BrowseComp (Wei et al., 2025) General Low High Low Open Web ST
WideSearch (Wong et al., 2025) General Low Low High Open Web Table
DeepResearchBench (Du et al., 2025a) General Low Middle Middle Open Web Report

Scientific QA Benchmarks
ScienceQA (Saikh et al., 2022) Science Low Low Low Open Web MC
SciBench (Wang et al., 2023) Science Middle Middle Low Open Web ST
SuperGPQA (Du et al., 2025b) Science High High Low Open Web ST
HLE (Phan et al., 2025) Math & Science High High Low Open Web ST

Our proposed
SCIEXPLORE Science High High High Sci. DB & Lit. ST & Ref. & Table

in current systems when deployed in realistic
scientific research scenarios, particularly their
inability to reliably integrate multi-source ev-
idence into precise, structured outputs.

2 Related Works

Deep Search and Deep Research Benchmarks.
Recent benchmarks for evaluating search agents in
the general domain have progressively moved be-
yond single-hop fact retrieval toward deeper multi-
step search, planning, and synthesis. Early QA
datasets (Kwiatkowski et al., 2019; Yang et al.,
2018) focus on limited multi-hop reasoning, while
later benchmarks explicitly introduce tool use and
long-horizon search behaviors (Mialon et al., 2023;
Chen et al., 2025). More recent work expands
the evaluation scope along complementary dimen-
sions. BrowseComp-EN/ZH (Wei et al., 2025;
Zhou et al., 2025a) emphasize search depth and
robustness to noise and entity ambiguity, whereas
WideSearch (Wong et al., 2025) stresses search
breadth and structured aggregation from large-
scale web sources. DeepResearchBench (Du et al.,
2025a) further pushes this paradigm by requiring
agents to synthesize multi-source evidence into
long-form research-style reports.

Despite these advances, existing deep search
benchmarks remain largely confined to the gen-
eral web domain, relying on open-web sources and
common-sense fact aggregation, and thus failing to
evaluate core scientific assistant capabilities such
as database navigation, interpretation of ambigu-
ous methodological contexts, and evidence-level
grounding. Moreover, synthesis is typically as-
sessed through free-form text, avoiding the stricter
requirement of producing precise, structured scien-

tific artifacts with high-fidelity evidence alignment
(Table 1), leaving a gap in evaluating agents in au-
thentic scientific information-seeking workflows.
Scientific QA Benchmarks. Scientific QA
benchmarks primarily evaluate models’ paramet-
ric scientific reasoning under closed-book or min-
imally grounded settings. Early benchmarks
target high-school or undergraduate-level sci-
ence questions (Saikh et al., 2022; Hendrycks
et al., 2020), while more recent datasets such as
SciBench (Wang et al., 2023) introduce college-
level problems involving multi-step calculations.
Advanced benchmarks including GPQA (Rein
et al., 2024), SuperGPQA (Du et al., 2025b), and
HLE (Phan et al., 2025) further push difficulty to-
ward expert-level and frontier scientific reasoning.

While effective at measuring reasoning depth,
existing scientific QA benchmarks do not explicitly
evaluate information seeking, evidence discovery,
or cross-source validation, as high performance
can often be achieved using parametric knowledge
alone. In contrast, SCIEXPLORE is constructed to
favor problems whose resolution requires substan-
tial retrieval and filtering from external scientific
sources, encouraging agents to acquire missing
knowledge and ground their reasoning in externally
obtained evidence for structured scientific synthe-
sis.

3 SCIEXPLORE

To operationalize the desiderata above, SCIEX-
PLORE instantiates scientific information-seeking
as four complementary tasks, curated through a
fully expert-driven construction and verification
pipeline. We formalize this task taxonomy in Sec-
tion 3.1, detail the corresponding data construction
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Figure 2: Dataset construction pipeline of SCIEXPLORE. The pipeline illustrates expert-driven task design,
multi-stage validation, and rigorous quality control across T1–T4.

procedure in Section 3.2, and describe our qual-
ity control mechanisms in Section 3.3. Detailed
data statistics and evaluation metrics are further
provided in Appendix A.3 and Appendix A.5, re-
spectively.

3.1 Task Definition

Table 2 elaborates on the taxonomy of tasks in
SCIEXPLORE, which spans a progression from
entity-level retrieval to cross-source structured syn-
thesis and is designed to jointly cover the core
information-seeking competencies required in au-
thentic scientific research workflows.

Specifically, T1, Scientific Database Navigation,
helps researchers identify, filter, and disambiguate
relevant entities in complex databases, which is
crucial for efficiently locating specific data. T2,
Ambiguous Literature Retrieval, aids users in dis-
ambiguating intent and discriminating among docu-
ments to eliminate irrelevant ones. Together, these
tasks assess the ability of LLMs or agents to lo-
cate precise information in dense scientific envi-
ronments. T3, Missing Reference Completion, en-
sures the integrity of scientific claims. This task
includes claim abstraction, aligning claims with
supporting evidence, and validating relevant evi-
dence, thereby enriching the quality of research
by ensuring adequate support for claims. Finally,
T4, Cross-source Structured Knowledge Synthesis,
represents a higher-order capability, involving do-
main abstraction, information extraction, and the

integration of information from multiple sources
for structured synthesis. Collectively, T3 and T4
probe the evidence-grounding and cross-source in-
tegration competencies that go beyond mere in-
formation location, complementing T1–T2 and to-
gether forming a comprehensive evaluation suite
that mirrors the end-to-end workflow of a scientific
research assistant.

3.2 Dataset Construction

SCIEXPLORE is constructed through a fully expert-
driven process to ensure realism, answer unique-
ness, and resistance to shortcut retrieval. All task
instances are manually curated by domain experts
and designed to reflect authentic scientific research
behaviors, rather than synthetic or template-based
generation, as shown in Fig. 2.

Scientific Database Navigation. For T1, we de-
sign tasks that require genuine multi-step database
navigation using a Reverse Trajectory Construc-
tion Strategy, where explicit entity identifiers are
progressively replaced by nested attribute-based
constraints. This design enforces structured rea-
soning over interconnected database records and
prevents direct lookup.
Ambiguous Literature Retrieval. In T2, experts
apply Feature Denoising and Fuzzification to delib-
erately obscure surface-level cues, while preserv-
ing answer uniqueness through Validation Con-
straint Injection, which enables post-retrieval veri-
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Table 2: Task taxonomy of SCIEXPLORE, detailing the task types, corresponding capability levels, atomic
capabilities, task counts, and associated metrics.

No. Task Type Capability Level Atomic Capabilities Tasks Metric

T1 Scientific Database
Navigation

Entity-Level
Reasoning

Entity identification, filtering, disambiguation,
multi-constraint navigation 39 Accuracy

T2 Ambiguous Literature
Retrieval

Document-Level
Identification

Intent disambiguation,
document-level discrimination and elimination 32 Accuracy

T3 Missing Reference
Completion

Evidence-Level
Grounding

Claim abstraction, claim–evidence alignment,
evidence discovery and validation 14 Accuracy

T4 Cross-source Structured
Knowledge Synthesis

Domain-Level
Synthesis

Domain abstraction, information extraction,
cross-source integration, structured synthesis 18 Recall

fication without guiding the search process.
Missing Reference Completion. For T3 tasks,
we construct citation reconstruction tasks that re-
quire aligning scientific claims with their appro-
priate supporting references. Surface-level textual
overlap is minimized, ensuring that successful pre-
diction depends on understanding claim–evidence
relationships rather than keyword matching.
Cross-Source Structured Knowledge Synthesis.
Tasks in T4 are derived from expert-curated com-
parison schema and require agents to integrate het-
erogeneous evidence across multiple papers into
a strictly formatted table. This setting emphasizes
cross-source consistency, schema compliance, and
high-precision synthesis.

A detailed description of the construction pro-
cedure and validation criteria for each task is pro-
vided in Appendix A.4.

3.3 Quality Control

To ensure the rigor of SCIEXPLORE, we imple-
mented a streamlined three-stage quality control
process: query difficulty calibration, human cross-
validation and answer uniqueness verification.
Query Difficulty Calibration. To minimize para-
metric memory reliance, we strictly enforce two
principles: Explicit Index Blocking (removing
unique identifiers to compel semantic matching)
and Long-tail Entity Preference (prioritizing ob-
scure entities). This ensures tasks require deep
retrieval reasoning rather than simple knowledge
recall.
Human Cross-Validation. Annotators indepen-
dently attempt to solve each question using search
engines. Questions are retained only if no solu-
tion can be found within a strict 10-minute limit,
ensuring sufficient difficulty for the target models.
Answer Uniqueness Verification. We utilize
search-enabled LLMs (e.g., Gemini-3-Pro, o3) to
generate candidate solutions, which are then re-

viewed by human annotators. If any alternative
answer is satisfied, the task is deemed ambiguous
and discarded.

4 Experiments

4.1 Experimental Setup
We evaluate a wide range of systems on SCI-
EXPLORE to assess the reliability of AI assis-
tants in realistic scientific workflows, spanning
three paradigms: Foundation LLMs, LLMs with
Search Tools, and Specialized Deep Research
Agents. Foundation LLMs are evaluated to mea-
sure intrinsic scientific reasoning and parametric
knowledge. These include open-source models
DeepSeek-V3.2 (Liu et al., 2025), Qwen2.5-72B-
Instruct (Team, 2024), Qwen3-30B-A3B-Thinking,
and Qwen3-235B-A22B-Thinking (Yang et al.,
2025), as well as closed-source models GPT-
5.1 (OpenAI, 2025), Gemini-2.5-Pro (Google Gem-
ini, 2025), and Gemini-3-Pro (Google, 2025b).
To examine the effect of retrieval augmenta-
tion, we further evaluate LLMs with Search
Tools by enabling search API or web brows-
ing for GPT-5.1 and Gemini-3-Pro. Finally, we
benchmark Deep Research Agents designed for
autonomous long-horizon scientific inquiry, in-
cluding Tongyi-DeepResearch-30B-A3B, Gemini
Deep Research (Google, 2025a), and OpenAI Deep
Research (OpenAI, 2024). Together, this setup iso-
lates the roles of parametric knowledge, retrieval
augmentation, and agentic planning in multi-step
scientific problem solving.

4.2 Main results
Deep Research agents consistently outperform
foundation LLMs and retrieval-augmented
LLMs across all task types. As shown in Table 3,
this advantage holds across both standalone LLMs
and search-augmented baselines. Across model
families, closed-source systems generally outper-
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Table 3: Main results on the SCIEXPLORE. T4 is reported at two granularities: item- and row-level. All scores are
percentages (%).

Model Category T1 T2 T3
T4

Overall
Item Row

Foundation LLMs
DeepSeek-V3.2 Open-Source 20.51 6.25 5.95 8.32 2.25 11.06
Qwen2.5-72B-Instruct Open-Source 7.69 0.00 0.00 8.63 6.94 4.99
Qwen3-30B-A3B-Thinking Open-Source 10.26 0.00 3.57 2.54 1.60 4.50
Qwen3-235B-A22B-Thinking Open-Source 20.51 3.12 0.00 7.85 4.15 7.87
GPT-5.1 Closed-Source 17.95 9.38 9.66 8.76 4.83 12.83
Gemini-2.5-Pro Closed-Source 20.51 6.25 4.17 10.57 3.78 11.25
Gemini-3-Pro Closed-Source 23.08 12.50 13.69 16.23 7.29 19.08

LLMs with Search Tools
DeepSeek-V3.2 w/ search Open-Source 17.95 9.38 9.66 9.20 3.95 11.12
GPT-5.1 w/ search Closed-Source 15.38 34.38 20.85 12.13 5.12 21.61
Gemini-3-Pro w/ search Closed-Source 33.33 53.12 49.40 23.53 11.49 46.46

Deep Research Agents
Tongyi-DeepResearch-30B-A3B Open-Source 43.59 50.00 34.40 11.12 4.26 36.93
Gemini Deep Research Closed-Source 35.90 56.25 36.56 15.61 7.35 39.30
OpenAI Deep Research Closed-Source 23.08 43.75 59.91 30.14 18.59 49.39

form open-source models, with particularly pro-
nounced advantages on tasks involving ambiguous
retrieval, citation reasoning, and cross-source syn-
thesis. At the entity level, Tongyi-DeepResearch-
30B-A3B achieves the strongest performance on
Scientific Database Navigation. For Ambiguous
Literature Retrieval, Gemini Deep Research at-
tains the highest accuracy. OpenAI Deep Research
achieves the best results on Missing Reference
Completion and Cross-source Structured Knowl-
edge Synthesis, and obtains the highest overall
score among all evaluated systems. In some cases,
search augmentation degrades performance by am-
plifying hypothesis-first reasoning rather than cor-
recting it, leading to lower accuracy than non-
search baselines (see Appendix 12).

There remains a substantial gap before current
agents can function as reliable autonomous sci-
entific assistants. Despite the relative advantages
of Deep Research agents observed above, evalua-
tion results on SCIEXPLORE indicate that existing
systems still far from reliably fulfilling the role of
autonomous scientific assistants. As shown in Ta-
ble 3, even the strongest system, OpenAI Deep Re-
search, achieves an Overall Score of only 49.39%,
while most evaluated systems remain below 20%.
These limitations stem from the long and heteroge-
neous cognitive chain required by SCIEXPLORE,
which extends far beyond conventional scientific
question answering.

Domain-level structured synthesis reveals crit-
ical weaknesses in long-horizon reasoning and
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cross-source integration abilities. Across all
evaluated systems, performance on domain-level
synthesis remains consistently low, indicating de-
mands well beyond entity- or document-level rea-
soning. Although Table 3 reports moderate item-
level scores—for example, OpenAI Deep Research
correctly fills 30.14% of individual cells—this par-
tial correctness does not scale to coherent struc-
tured outputs. Models often recover isolated facts
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Table 4: T4 formatting accuracy (Format Acc) and pri-
mary key recall (PK Recall) across evaluated systems.
All values are reported as percentages.

Model Format_Acc Recall

LLMs
DeepSeek-V3.2 94.44 20.15
Qwen2.5-72B-Inst 100.00 16.86
Qwen3-30B-Think 88.89 3.44
Qwen3-235B-Think 94.44 14.95
GPT-5.1 100.00 18.23
Gemini-2.5-Pro 94.44 19.94
Gemini-3-Pro 100.00 19.05

LLMs with Search Tools
DeepSeek-V3.2 w/ search 88.89 17.01
GPT-5.1 w/ search 100.00 22.02
Gemini-3-Pro w/ search 100.00 21.42

Deep Research Agents
Tongyi-DeepRes-30B 77.78 19.9
Gemini Deep Research 55.56 29.84
OpenAI Deep Research 88.89 30.04

from multiple sources, yet fail to assemble them
into complete and internally consistent scientific
representations, revealing a gap between local cor-
rectness and global structure.

5 Analysis

5.1 Search Effort and Task Difficulty

To understand the performance differences noted
in Section 4, we analyze the relationship between
agents’ information-seeking behavior and task ac-
curacy by examining the correlation between aver-
age search calls and performance across systems
and task types.

Figure 3 displays the average search calls per
question for each model on tasks T1–T4. A
clear trend emerges: systems with more frequent
searches achieve significantly higher accuracy on
SCIEXPLORE. For instance, models with minimal
search usage, like GPT-5.1-search, average fewer
than two search calls per question and show low
success rates. In contrast, Deep Research agents,
which utilize a larger search budget, consistently
outperform others across all tasks. This analy-
sis highlights that search intensity is crucial for
scientific activities. Effective scientific assistance
requires agents to actively explore and verify in-
formation through repeated searches, rather than
relying on shallow retrieval.
The number of retrieval hops is not correlated
with task difficulty. Table 6 shows a counterin-
tuitive finding: increasing hop length in scientific
database navigation does not consistently degrade

<think> ... The formula given (C9H12N3O7P2^2-) 

doesn’t seem to match typical diphosphate or 

deoxycytidine structures correctly. I‘m 

considering whether the formula might instead 

represent cytidine diphosphate (CDP), but 
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same… </think>
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Figure 5: An example of guess-and-verify thinking
process. “Guess” and “verify” are highlighted in blue
and red, respectively.

performance across models. In some cases, per-
formance remains steady or even improves with
higher hop counts. This indicates that the human-
defined concept of “search depth”—which implies
increasing difficulty with more hops—does not
reliably translate to the challenges faced by LLM-
based agents. Thus, hop length is an imperfect
measure of the cognitive or operational complexi-
ties involved in task execution.

This discrepancy arises from differences in
problem-solving approaches between humans and
models. Human experts typically refine their
searches using structured filters and explicit enti-
ties, while LLM agents often employ a guess-and-
verify strategy as shown in Fig. 5: they hypothesize
a target entity based on parametric knowledge and
then use retrieval queries mainly to confirm or re-
fute that hypothesis.

5.2 Error Analysis

To deeply analyze the root causes of the poor per-
formance of current systems in SCIEXPLORE, we
conducted an in-depth qualitative and quantitative
analysis of typical failure cases in the experiments.
The analysis reveals that existing models, when
dealing with real-world scientific tasks, are primar-
ily constrained by the following four key defects.
Representative empirical examples for each failure
mode are illustrated in Appendix A.7 (Fig. 8–11).

Premature Abandonment in the Face of Ambi-
guity. In scientific exploration, perseverance in
the face of ambiguous or incomplete cues is cru-
cial for researchers. However, we observe that
agents exhibit “search inertia” when confronted
with complex problems, often deeming tasks as
“unsolvable” and prematurely terminating searches
after few attempts. As shown in Fig. 8, agents fre-
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quently interpret the lack of an immediate semantic
match as proof of non-existence, failing to broaden
the query space or reformulate hypotheses. This
premature abandonment fundamentally contradicts
the exploratory nature of scientific inquiry.

Hallucinated Responses after Search Stagna-
tion. A more concerning issue than explicit refusal
is the emergence of hallucinated answers following
prolonged search stagnation. Our analysis reveals
that when multi-step reasoning fails to yield con-
clusive evidence, some models begin to relax their
internal verification mechanisms. In later reason-
ing stages, they may invent or overgeneralize de-
tails to make partial retrievals appear relevant to the
original query. Fig. 9 illustrates this, showing un-
verified document attributes that are fabricated to
meet strict user constraints. In scientific research,
where rigor is paramount, such behavior severely
undermines trustworthiness.

Information Loss in Long Contexts. Even when
agents locate the correct literature, extracting pre-
cise answers from lengthy scientific documents
remains a significant challenge. Scientific texts
are often dense, with critical evidence buried un-
der extensive background or methodology. While
models can retrieve the correct web pages or PDFs,
their limitations in long-context attention hinder
them from isolating fine-grained details. As shown
in Fig. 10, models tend to rely on high-level sum-
maries, such as abstracts, while overlooking con-
tradictory or corrective information deeper in the
text. This lack of "needle-in-a-haystack" capabil-
ity ultimately fractures the reasoning chain during
final extraction.

Instruction Following Mismatch in Structured
Output. Cross-source structured knowledge syn-
thesis reveals significant deficiencies in instruction
following within rigid output schemas. Despite
Markdown tables with predefined headers required,
many models output headers omissions, column
misalignment, and unit inconsistencies. Fig. 11
exemplifies a schema alignment failure, where re-
quired fields are omitted for a simplified summary-
style table. As shown in Table 4, this issue is es-
pecially notable in Gemini Deep Research, which,
despite strong retrieval performance, shows a "re-
port generation bias" with only 55.56% accuracy
in table format. Such structural instability severely
limits practical usability in automated scientific
pipelines that depend on strict schemas for down-
stream processing.

Low Primary-Key Recall Reflects Insufficient
Search Breadth. In addition to formatting and
instruction-following issues, poor performance on
T4 is primarily constrained by insufficient primary-
key recall. Table 4 demonstrates that even the best
systems achieve recall rates below 60%, meaning
many required core entities are not retrieved. In
cross-source structured knowledge synthesis, miss-
ing primary keys lead to unrecoverable failures:
the absence of essential row entities renders table
construction and alignment infeasible, regardless
of downstream extraction accuracy. This indicates
that current systems struggle to conduct retrieval
with adequate breadth and systematic coverage in
scientific domains, directly limiting their ability to
perform high-quality structured knowledge synthe-
sis in T4.

6 Discussion and Conclusion

We introduce SCIEXPLORE, a benchmark for eval-
uating large language models as autonomous sci-
entific assistants in realistic research workflows.
It assesses multi-hop database navigation, fuzzy
literature retrieval, supported reference inference,
and structured table synthesis, bridging the gap be-
tween general deep-search benchmarks and static
scientific question answering. Experiments with
ten state-of-the-art systems reveal significant short-
comings, particularly in structured scientific syn-
thesis, indicating that advancements in retrieval
and tool use alone are not sufficient for reliable
scientific assistance.

Our evaluation identifies a critical bottleneck:
while current AI systems excel in general retrieval,
they lack the systematic breadth and cognitive re-
silience required for effective autonomous scien-
tific research. Future development may prioritize
three areas: (1) models must become planners with
broader search capabilities; (2) agents need to be
robust against search ambiguity; and (3) “prema-
ture abandonment” and hallucination highlight the
importance of handling noisy retrieval results with-
out fabricating evidence. Finally, there is an urgent
need for schema-constrained long-context under-
standing to enable accurate extraction of structured
data from full-text PDFs. Ultimately, the next gen-
eration of scientific AI must optimize for answer
correctness and process reliability in long-horizon
inquiry. We hope SCIEXPLORE can serve as a
foundation for future research on improving scien-
tific agents under realistic, open-ended conditions.
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A Appendix

A.1 Limitations

Despite providing a focused and rigorous evalua-
tion of scientific search and reasoning capabilities,
SCIEXPLORE has several limitations that point to-
ward important directions for future work.
First, the scale of SCIEXPLORE reflects an in-
tentional quality–coverage trade-off. All tasks
are manually constructed by domain experts and
subjected to strict multi-stage filtering and valida-
tion, during which a large number of low-quality or
weakly constrained candidates are discarded. As
a result, the final benchmark consists of just over
one hundred high-quality tasks. While this expert-
driven curation ensures strong difficulty control
and answer uniqueness, it may limit coverage of
the full breadth of scientific disciplines and re-
search styles. Future work will explore expanding
the benchmark while preserving its core quality
guarantees.
Second, the current benchmark primarily
emphasizes text-centric scientific information
sources. SCIEXPLORE focuses on reasoning over
structured databases and scientific literature, which
constitute a central component of many research
workflows. However, real-world scientific inquiry
often involves additional modalities such as figures,
tables, experimental datasets, or code artifacts. Ex-
tending the benchmark to incorporate multi-modal
scientific evidence and heterogeneous data formats
remains an important direction for future research.
Finally, the maintenance and factual verifica-
tion of SCIEXPLORE currently rely on expert-
driven manual updates. To ensure correctness
and answer uniqueness, all tasks are curated and
fact-checked by domain experts against the under-
lying scientific databases and literature at the time
of construction. While this process guarantees high
factual accuracy, it is time-consuming and labor-
intensive, making frequent or real-time updates dif-
ficult to sustain. An important direction for future
work is to develop automated or semi-automated
updating pipelines that can continuously verify, re-
fresh, and expand benchmark content as scientific
databases and literature evolve.

A.2 Models and API Identifiers

The models used in our benchmark and their cor-
responding API identifiers (which may include
version or date information) are listed in Table 5.

Model / Product API Identifier

GPT-5.1 gpt-5.1-2025-11-13
Gemini-2.5-Pro gemini-2.5-pro
Gemini-3-Pro gemini-3-pro-preview
GPT-5.1 w/ search gpt-5.1-2025-11-13
Gemini3-Pro w/ search gemini-3-pro-preview
Gemini Deep Research deep-research-pro-preview-12-25
OpenAI Deep Research o3-deep-research-25-06-26

Table 5: Correspondence between model/product names
and their API identifiers.

The “Model/Product” column denotes the short-
hand name used throughout the paper.

It is worth noting that GPT-5.1 and GPT-5.1
w/search share the same API identifier but are
evaluated under different tool configurations (with
search disabled and enabled, respectively). Sim-
ilarly, Gemini-3-pro and Gemini-3-pro w/search
use the same API identifier with different search
settings.

A.3 Dataset Distribution

Unlike benchmarks grounded in a small set of
homogeneous web sources, SCIEXPLORE spans
over ten scientific sub-domains and integrates 16
authoritative databases with a pronounced long-
tail distribution. This design forces models to
navigate heterogeneous database structures and
domain-specific metadata, thereby evaluating their
robustness and generalization in authentic, inter-
disciplinary scientific workflows.

In this section, we characterize the statistical
composition of SCIEXPLORE with respect to disci-
plinary scope and database coverage.

SCIEXPLORE encompasses more than ten sci-
entific sub-domains spanning Life Sciences, Chem-
ical Sciences, Materials Science, Earth Sciences,
and Artificial Intelligence (Fig. 7). The resulting
distribution reflects a deliberately balanced cov-
erage across heterogeneous research areas, pre-
venting over-concentration on any single discipline
and enabling a more robust assessment of cross-
domain generalization in scientific information-
seeking tasks.

In addition, the benchmark integrates sixteen
authoritative scientific databases, exhibiting a pro-
nounced long-tail distribution (Fig. 6). While
widely adopted resources such as PubChem and
Open Targets contribute a substantial portion of
instances, a significant fraction of tasks rely on
highly specialized databases, including ChEMBL,
UniProt, Materials Project, and GWAS. This de-
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sign imposes nontrivial challenges in navigating
heterogeneous database schema, access patterns,
and domain-specific metadata, thereby setting SCI-
EXPLORE apart from conventional web-centric
search benchmarks.

A.4 Dataset Construction

The construction of SCIEXPLORE follows a princi-
pled, expert-driven methodology designed to faith-
fully reflect the cognitive demands faced by au-
tonomous scientific research assistants. All task
instances are manually crafted by domain experts
to ensure realism, difficulty, and alignment with
authentic scientific workflows. Rather than relying
on automatic generation, our construction process
emphasizes controllability, answer uniqueness, and
resistance to shortcut retrieval.
Multi-hop Database Navigation. To construct
tasks requiring multi-step structured reasoning, we
adopt a Reverse Trajectory Construction Strategy.
Task generation begins from a uniquely identifiable
target entity and progressively replaces explicit

entity mentions with composite attribute-based
descriptions extracted from scientific database
records. During this process, related entities are
recursively masked and substituted by their own
attributes, forming nested constraints that encode
deep dependency chains. Consequently, the final
query can only be resolved by reversing the con-
struction trajectory through stepwise database navi-
gation, enforcing genuine multi-hop reasoning and
preventing direct lookup.

Ambiguous Literature Retrieval. Tasks involv-
ing ambiguous literature search are constructed to
simulate early-stage exploratory research under un-
certainty. Experts first extract core methodological
or conceptual signals from a target paper and delib-
erately degrade them into vague, noisy descriptions
through Feature Denoising and Fuzzification, sub-
stantially enlarging the candidate retrieval space.
To ensure answer uniqueness despite this ambigu-
ity, we introduce Validation Constraint Injection,
adding auxiliary constraints that cannot directly
guide retrieval but serve as strong post-retrieval
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validators (e.g., publication venue or author-level
properties). This design compels agents to balance
broad exploration with rigorous verification.
Missing Reference Completion. For tasks re-
quiring citation inference, we select citation-dense
paragraphs from high-impact scientific literature
and systematically rewrite the surrounding context
to remove surface-level textual overlap with the
original references. Overly canonical or survey-
style citations are excluded to avoid trivial match-
ing. This construction emphasizes reasoning over
claim–evidence relationships, ensuring that correct
reference reconstruction depends on contextual un-
derstanding rather than keyword similarity.
Cross-Source Structured Knowledge Synthesis.
Tasks targeting structured synthesis are derived
from expert-curated comparison tables in review
papers across natural sciences and artificial intel-
ligence. Given a predefined comparison schema,
experts identify representative source papers and
design tasks that require extracting heterogeneous
methodological details scattered across multiple
documents. Particular care is taken to include vari-
ations in terminology, implicit descriptions, and
inconsistent reporting conventions. Strict schema
and format constraints are enforced so that success-
ful completion depends on accurate cross-source
integration rather than partial or approximate ex-
traction.

A.5 Evaluation Details

To systematically assess model performance on
SCIEXPLORE, we design task-specific evaluation
metrics tailored to the structural characteristics and
reasoning requirements of each task type. Scores
are reported independently for each task, and an
overall score is computed as a weighted aggre-
gation to reflect holistic scientific information-
seeking and reasoning capability.

A.5.1 T1 and T2 Evaluation

T1 and T2 are evaluated using Exact Match (EM)
accuracy. A prediction is considered correct if and
only if the generated answer is semantically equiva-
lent to the ground-truth answer, allowing for minor
surface-form variations (e.g., formatting or phras-
ing differences) that do not alter the underlying
meaning.

Let C, I , and N denote the numbers of correct,
incorrect, and not-attempted answers, respectively.

We define an Exact-Match-based score Fem as:

Fem =
2C

2C + 2I +N
. (1)

This formulation penalizes incorrect and miss-
ing answers symmetrically while rewarding exact
correctness.

A.5.2 T3 Evaluation

T3 evaluates a model’s ability to recover support-
ing literature citations. Both the ground-truth ref-
erences and model-predicted references are first
grouped by citation slots, and predictions are filled
into a unified evaluation table for comparison.

Judging protocol. For each predicted citation en-
try, a judge LLM is prompted to determine whether
the predicted reference is CORRECT or INCORRECT.
The judgment proceeds in two steps: (1) whether
the core cited work is correct, and (2) whether
the key bibliographic attributes (e.g., authorship,
venue, or year) of the correct work are accurately
identified.

Per-group metrics. For each citation group, we
compute:

P =
correct

correct + incorrect
, (2)

R =
correct

GT_total_num
, (3)

Fscore =
2 · P ·R
P +R

, (4)

where correct and incorrect denote the number
of correctly and incorrectly predicted citations in
the group, and GT_total_num is the total number
of ground-truth citations required for that group.

Final T3 score. The final citation score is ob-
tained by averaging the Fscore across all N citation
groups:

Fcite =
1

N

N∑

i=1

F
(i)
score. (5)

This metric jointly captures both precision
(avoiding spurious references) and recall (recover-
ing required citations), reflecting realistic citation-
completion requirements.
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A.5.3 T4 Evaluation
T4 evaluates models on cross-source structured
knowledge synthesis, where outputs are required
to be presented as comparison tables. Following
prior work on structured evaluation (Wong et al.,
2025), we adopt a fine-grained, multi-level evalua-
tion protocol.

LLM-assisted cell judgment. Each predicted
table cell is judged by an LLM as either CORRECT
or INCORRECT. Evaluation proceeds hierarchically:
the correctness of the primary entity (row key) is
assessed first, followed by the correctness of its
associated attributes.

Item-level recall. To further evaluate fine-
grained extraction accuracy, we compute recall
over all table cells:

RItem =
correctItem

GT_total_numItem
, (6)

where correctItem counts correctly predicted cells
(including both primary keys and attribute val-
ues), and GT_total_numItem is the total number
of ground-truth cells. Compared to PK recall, item-
level recall captures both entity identification and
attribute correctness.

Row-level recall. Finally, we evaluate whether
complete rows are correctly reconstructed:

RRow =
correctRow

GT_total_numRow
, (7)

where a row is counted as correct only if the pri-
mary key and all associated attributes are simulta-
neously correct. This strict criterion ensures that
models are evaluated on their ability to produce
fully consistent structured outputs.

A.5.4 Overall Score
To reflect a model’s holistic capability across sci-
entific information-seeking and reasoning tasks of
varying difficulty, we compute a weighted overall
score:

Scoreoverall =
4∑

i=1

wi · ScoreTi , (8)

where ScoreTi denotes the task-specific score for
task Ti and wi is the corresponding task weight.
We adopt difficulty-aware weighting with w1 =
0.2, w2 = 0.2, w3 = 0.3, and w4 = 0.3, assigning
higher weights to tasks that require more complex
reasoning and structured synthesis.

A.6 Run-to-Run Variance Analysis

Given the moderate scale of SCIEXPLORE, we as-
sess the robustness of model performance via a
multi-run variance analysis. Specifically, for each
evaluated model, we repeat the full benchmark
evaluation four times under identical settings and
compute the variance of scores across runs for each
task (T1–T4) as well as the overall score. As shown
in Table 7, the variance is consistently low across
models and tasks, with a mean overall variance
of 0.78, indicating strong stability. Most models
exhibit small fluctuations, suggesting that the ob-
served performance differences are not driven by
stochastic generation effects. Even for cases with
relatively higher per-task variance (e.g., Gemini-
2.5-Pro on T3), the overall score remains stable.
These results demonstrate that our benchmark pro-
vides a reliable and reproducible evaluation signal,
and that the main conclusions of the paper are ro-
bust to randomness in model outputs.

A.7 Error Analysis

This section provides detailed examples for each of
the failure modes identified in Section 5. We utilize
the trajectories of representative state-of-the-art
agents (e.g., Gemini-DeepResearch or GPT-4o) to
illustrate these distinct cognitive breakdowns. Each
case includes the user’s task, the agent’s actions
(queries and retrieval), and a diagnostic analysis of
the specific error.
Case 1: Premature Abandonment due to Search
Inertia Figure 8 illustrates a case of premature
abandonment when facing strict retrieval con-
straints. The agent was tasked with identifying
specific mutations in the RNLS gene associated
with "cerebral amyloid deposition" with a highly
specific P-value threshold (< 8 × 10−7) and re-
questing allele frequencies from the gnomAD
database. The agent initiated a reasonable key-
word search ("RNLS gene cerebral amyloid deposi-
tion..."). However, upon finding no direct semantic
match in the first page of search results, the agent
immediately concluded that no such evidence ex-
ists and terminated the process. This demonstrates
a lack of strategic resilience; instead of broadening
the search scope (e.g., searching for the phenotype
in GWAS catalogs first, then cross-referencing the
gene) or attempting synonymous queries, the agent
exhibited "search inertia," treating the absence of
immediate results as proof of non-existence.
Case 2: Hallucination in Constraint Verifica-
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Table 6: Performance on multi-hop T1 tasks with varying hop lengths. All scores are percentages (%).

Model 2-hop 3-hop 4-hop 5-hop 6-hop

LLMs
DeepSeek-V3.2 33.33 20.00 12.50 12.50 25.00
Qwen2.5-72B-Instruct 11.11 10.00 12.50 12.50 0.00
Qwen3-30B-A3B-Thinking 11.11 20.00 12.50 12.50 0.00
Qwen3-235B-A22B-Thinking 33.33 30.00 12.50 25.00 0.00
GPT-5.1 22.22 20.00 12.50 12.50 25.00
Gemini-2.5-Pro 33.33 20.00 12.50 12.50 25.00
Gemini-3-Pro 33.33 20.00 12.50 25.00 25.00

LLMs with Search Tools
DeepSeek-V3.2 w/ search 22.22 20.00 12.50 12.50 25.00
GPT-5.1 w/ search 11.11 30.00 0.00 12.50 0.00
Gemini-3-Pro w/ search 44.44 40.00 12.50 25.00 25.00

Deep Research Agents
Tongyi-DeepResearch-30B-A3B 44.44 50.00 25.00 62.50 25.00
Gemini Deep Research 33.33 20.00 12.50 25.00 25.00
OpenAI Deep Research 22.22 40.00 12.50 12.50 25.00

Human 66.70 60.00 50.00 37.50 25.00

Table 7: Run-to-run variance across four repeated evaluations. Lower values indicate higher stability.

Model T1 T2 T3 T4_Item T4_Row Overall

DeepSeek-V3.2 2.10 2.40 2.25 1.05 0.67 1.41
Qwen2.5-72B-Instruct 0.34 0.43 0.52 0.52 0.24 0.24
Qwen3-30B-A3B-Thinking 1.02 0.18 0.55 0.06 0.14 0.64
Qwen3-235B-A22B-Thinking 1.17 3.24 3.19 1.89 0.44 0.64
GPT-5.1 2.75 2.43 2.90 1.67 0.39 0.21
Gemini-2.5-Pro 2.30 0.00 4.02 0.82 0.12 1.32
Gemini-3-Pro 1.65 3.24 0.85 0.73 0.29 0.28
DeepSeek-V3.2 w/ search 0.36 0.20 1.16 0.18 0.39 0.45
GPT-5.1 w/ search 2.85 2.60 2.95 4.86 1.61 2.91
Gemini-3-Pro w/ search 0.98 0.22 0.66 0.29 0.12 0.76
Tongyi-DeepResearch-30B-A3B 0.53 0.29 0.67 0.51 0.31 0.28
Gemini Deep Research 0.59 0.29 0.18 0.09 0.35 0.36
OpenAI Deep Research 0.92 0.93 0.80 0.13 0.07 0.68

Mean 1.35 1.27 1.59 0.98 0.40 0.78

tion Figure 9 provides an example of model hal-
lucination triggered by complex constraint verifi-
cation. The task required identifying a specific
paper published after 2015, containing over 50
references, and featuring five spectra in Figure
6. The agent successfully retrieved a candidate
paper ("A Plasmonic Coupling Substrate...") that
matched the topic and publication year. However,
it failed to rigorously verify the fine-grained vi-
sual and structural constraints. Instead of rejecting
the paper or performing a specific "Ctrl+F" style
verification for the reference count, the agent hallu-
cinated that the paper contained "more than 50 ref-
erences" and "five spectra" to align with the user’s
prompt. This error highlights a critical reliability
gap where the model prioritizes user-compliance
over factual groundedness, fabricating details to
force a retrieved document to fit the query criteria.

Case 3: Information Loss in Long-Context Ex-
traction Figure 10 illustrates a failure in precise
evidence extraction within long-context scenar-
ios ("Needle-in-a-Haystack" failure). The task
involved summarizing tDCS studies, specifically
requiring the number of samples/subjects. The
agent correctly located the relevant study (Khan
et al., 2020) and ingested the full text. How-
ever, it extracted the sample size as "20" based
on the Abstract ("Twenty subjects were randomly
assigned..."). It failed to attend to the conflicting,
ground-truth information buried deeper in the Re-
sults or Subjects section, which clarified that "only
18 subjects... were able to finish." This discrep-
ancy indicates that despite having large context
windows, current models exhibit a attention bias
toward high-level summaries (abstracts) and strug-
gle to resolve conflicting information dispersed
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Task: Please identify the mutations related to the phenotype cerebral amyloid deposition 

measurement, with the mapped gene being RNLS and a P-value less than 8×10⁻⁷, and provide the allele 

frequencies of these mutations in the Amish population from gnomAD, rounded to four decimal places.

Search Queries:

"RNLS gene cerebral amyloid deposition GWAS PET amyloid RNLS association"

"RNLS gene variant association amyloid deposition RNLS genotype amyloid PET"

Final Output:

I cannot find any evidence in the available scientific literature or public variant databases indicating that 

RNLS (renalase) has any variants associated with cerebral amyloid deposition (as measured by amyloid PET 

or similar imaging biomarkers) with a P-value < 8×10⁻⁷.

Error:  Premature Abandonment

Figure 8: Premature Abandonment due to Search Inertia. The agent terminates the search after failing to find a
direct semantic match, ignoring alternative search strategies.

across long scientific texts.

Case 4: Structural Instruction Non-Compliance
Figure 11 presents a failure in following strict struc-
tural constraints during synthesis. The task explic-
itly required the generation of a Markdown table
with five specific headers: "Polymer Type," "Key
Chemical Properties," "Drug Release Mechanism,"
"Applications," and "Examples." While the agent
successfully retrieved relevant content regarding
polymeric drug delivery systems, the final output
completely omitted the "Key Chemical Properties"
and "Examples" columns, collapsing the informa-
tion into a simplified three-column table. This
exemplifies a schema alignment failure, where the
model’s internal training bias toward generating
generic summaries overrides the explicit format-
ting constraints provided in the prompt. In au-
tomated scientific workflows where downstream
parsers rely on fixed schemas, such structural in-
stability renders the agent unusable.

Case 5: Premature Hypothesis Commitment
under Search. Figure 12 shows a failure case
where search augmentation degrades performance
by amplifying a hypothesis-first reasoning bias.
Although the task explicitly specified a hard con-
straint on the target protein length (604 aa), the
model prematurely inferred the pain-associated
sodium channel Nav1.8 (SCN10A) based on su-
perficial semantic cues. When search results later
indicated that the canonical SCN10A protein is ap-
proximately 1956 aa, the model failed to revise its

hypothesis and instead fabricated a non-existent
“604 aa SCN10A construct” to satisfy the con-
straint. This behavior reflects post-hoc rational-
ization rather than evidence-driven hypothesis up-
dating, where retrieved information is selectively
distorted to justify an internally committed con-
clusion. Such failures highlight a key limitation
of current search-augmented LLMs: external re-
trieval does not guarantee improved correctness
when constraint enforcement and hypothesis revi-
sion mechanisms are absent.

A.8 Representative QA Examples of
SCIEXPLORE

In this section, we present representative question–
answer examples for each task type (T1–T4) in
SCIEXPLORE, illustrating the diverse reasoning
and information-seeking behaviors required by the
benchmark. These examples highlight how tasks
progressively increase in complexity, ranging from
structured database navigation and ambiguous lit-
erature retrieval to missing citation completion and
cross-source structured knowledge synthesis. By
examining concrete model inputs and outputs, we
aim to provide an intuitive understanding of the
challenges posed by each task type and the typical
failure modes observed in current systems. Rep-
resentative examples for T1, T2, T3, and T4 are
shown in Figures 14, 15, 16, 17, respectively.
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Task: A certain paper developed a coupling method. The paper was published after 2015 and 

contains more than 50 references. Figure 6 of the paper includes a total of five spectra. 

Question: Who is the first author of this article?.

Final Output:

Based on the search results, the paper that fits the description is titled "A Plasmonic Coupling Substrate 

Based on Sandwich Structure of Ultrathin Silica-Coated Silver Nanocubes and Flower-Like Alumina-Coated 

Etched Aluminum for Sensitive Detection of Biomarkers in Urine" (or similar, referring to a plasmonic 

coupling substrate/method).This paper was published in Advanced Healthcare Materials in 2017 (which is 

after 2015).The paper describes a method for plasmonic coupling using a sandwich structure (Ag@SiO2/f-

Al2O3/e-Al).Figure 6 of the paper displays SERS (Surface-Enhanced Raman Scattering) and MEPL (Metal-

Enhanced Photoluminescence) spectra. Specifically, the text mentions that "five spectra of Raman signals 

or PL intensities were acquired" and displayed (e.g., for different conditions or analytes like Creatinine and 

FAD). The paper contains more than 50 references (typical for this journal and topic) .\boxed{Minh-Kha 

Nguyen}

Error:  Hallucinated Responses after Search Stagnation

Figure 9: Hallucination in Constraint Verification. The agent fabricates details (reference count and number of
spectra) to force alignment with the user’s complex constraints.

A.9 Prompt Templates
We present the prompt templates used for
each component in the SCIEXPLORE evaluation
pipeline at the end of Appendix.
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Task: Summarize the studies that used tDCS techniques to modulate ACC activity before 2025. 

Show the information in a table including "Study", "Sample", "Design", "No. of sessions", "Protocol", 

"Duration (min)", "Intensity (mA)". 

Open Page:

https://pmc.ncbi.nlm.nih.gov/articles/PMC7772238/

Retrieved Information:

"Abstract: Twenty subjects were randomly assigned to the experimental and sham group, and their medial 

prefrontal area was stimulated using MRI compatible tDCS....

Subject: However, only 18 subjects (13 males and five females) were able to finish the experiment, of 

which 10 were in the experimental group and eight in the sham stimulation group."

Final Output:

| Khan et al., 2020    | 20 | Between subject      | 1   | Online and Offline    | 15    | 2    |

Error: Information Loss in Long Contexts

Figure 10: Information Loss in Long-Context Extraction. The agent relies on the abstract summary ("20 subjects")
rather than the ground truth buried in the results ("18 subjects").

Task: Summarize the types of polymeric drug delivery systems in chemical design published before 

2025, and list their drug release mechanisms and applications. Make a table and the headers must be 

"Polymer Type", "Key Chemical Properties", "Drug Release Mechanism", "Applications", "Examples".

Final Output:

| Type of Polymeric Drug Delivery System | Drug Release Mechanism | Applications |

Error: Instruction Following Mismatch in Structured Output

Figure 11: Structural Instruction Non-Compliance. The agent omits required columns ("Key Chemical Properties"
and "Examples"), failing to adhere to the strict table schema provided.

Task: \nA certain medication is used to reduce pain in sore throats and to relieve painful 

inflammatory side effects caused by cancer therapies. The molecular formula of this drug is 

C₁₉H₂₃N₃O. What is the name of the target protein, which has a sequence length of 604 amino acids?

Final Output:

Prostaglandin G/H synthase 2

Search-Enabled vs. Non-Search Responses

Final Output:

Nav1.8 voltage-gated sodium channel (SCN10A) (w/search)(wo/search)

Figure 12: Comparison between search-enabled and non-search responses on a constraint-sensitive biomedical
query. While the non-search model correctly identifies Prostaglandin G/H synthase 2 by adhering to the explicit
sequence-length constraint (604 aa), the search-enabled model prematurely commits to a pain-related hypothesis
(Nav1.8 / SCN10A) and fails to revise it after encountering contradictory evidence, resulting in an incorrect answer.

22266



Task: The molecular formula of Compound A is C₉H₁₁N₂O₁₄P₃⁴⁻, and its Topological Polar Surface Area 

(TPSA) is 250 Å². Among the chemical substances involved in the pathway associated with Aquilegia 

coerulea (Colorado blue columbine) is Compound B. The molecular formula of Compound B is 

C₉H₁₂N₃O₇P²⁻, and it is one of the products of the following biochemical reaction: 2'-deoxycytidine 

reacts with a ribonucleoside 5'-triphosphate to yield H⁺, Compound B, and a ribonucleoside 5'-

diphosphate. The enzyme catalyzing this reaction in mouse is Protein C.What is the sequence length 

of Protein C?

Thinking:

I'm trying to figure out the sequence of the Protein C enzyme and the type of compound produced. The 

formula given (C9H12N3O7P2^2-) doesn’t seem to match typical diphosphate or deoxycytidine structures 

correctly. I'm considering whether the formula might instead represent cytidine diphosphate (CDP), but 

there's a mismatch. I’ll check the details further. The reaction involving 2'-deoxycytidine and 

ribonucleoside 5'-triphosphate might resemble the activity of deoxycytidine kinase, but it’s not exactly the 

same. This could result in 2'-deoxycytidine 5'-monophosphate (dCMP), but the formula and charge don’t 

align well. I’m checking the details to confirm the exact structure of Compound B. The formula 

"C₉H₁₂N₃O₇P²⁻" likely indicates dCMP (2'-deoxycytidine 5'-monophosphate) with a -2 charge, not a 

phosphorus group with a -2 charge. The enzyme involved is deoxycytidine kinase (dCK), which is responsible 

for phosphorylating deoxycytidine. Next, I need to confirm the sequence length of mouse dCK.

Final Output:
260

Model ’s Problem-Solving Reasoning Process

Figure 13: Illustration of hypothesis-driven reasoning during model inference. The model first proposes candidate
interpretations for Compound B based on partial chemical cues, and subsequently validates these hypotheses
against reaction mechanisms and known enzyme functions. The final answer is obtained after this verification stage,
exemplifying a hypothesis-driven (guess-then-check) problem-solving process.
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Question. The molecular formula of Compound A is C9H11N2O14P4−
3 , and its Topological Polar

Surface Area (TPSA) is 250 Å2. Among the chemical substances involved in the pathway associated
with Aquilegia coerulea (Colorado blue columbine) is Compound B. The molecular formula of
Compound B is C9H12N3O7P2−, and it is one of the products of the following biochemical reaction:
2’-deoxycytidine reacts with a ribonucleoside 5’-triphosphate to yield H+, Compound B, and a
ribonucleoside 5’-diphosphate. The enzyme catalyzing this reaction in mouse is Protein C. What is
the sequence length of Protein C? [The prediction error range is ±0]

Answer. 260

Figure 14: T1 Example Scientific Database Navigation.

Question. A research paper obtained various mixed crystals by adjusting the feed ratio. In the
experiments of the paper, the surface growth method was used. The paper contains six figures in
total, was published after 2018, and has at least one author with the surname Wang. What is the title
of the paper?

Answer. A solid-solution approach for controllable photomechanical crystalline materials

Figure 15: T2 Example Ambiguous Literature Retrieval.

Question. I would like to write an article on plastic pollution. The introduction section is already
complete, but the sources supporting some key conclusions are still missing—please help me add
them.
Plastic chemicals may also impede the transition to a circular economy, including technological
solutions to plastic pollution[ref.1]. For instance, increasing the reuse of plastic products can increase
the release of chemicals[ref.2], and uncontrolled recycling can further perpetuate the spread of
hazardous chemicals in products with high exposure potential, such as food packaging and toys.
Chemicals in plastics can also hinder sorting and recycling and thereby impede the production of
high-quality secondary materials[ref.3].
Previous efforts to compile an overview of the chemical diversity of plastics[ref.4] have jointly
identified more than 13,000 known plastic chemicals.
Problem description: All in-text citations appear as “[ref.NUMBER]”. Please supply the complete
bibliographic information for every citation, adhering to the specifications below.

Answer.
[ref.1: Wang, Z. & Praetorius, A. Integrating a chemicals perspective into the global plastic treaty.
Environ. 2022.]
[ref.2: Mannoni, V. et al. Migration of formaldehyde and melamine from melaware and other amino
resin tableware in real life service. Food Addit. Contam. 2017.]
[ref.3: Wiesinger, H., Wang, Z. & Hellweg, S. Deep dive into plastic monomers, additives, and
processing aids. 2021.]
[ref.4: Aurisano, N., Weber, R. & Fantke, P. Enabling a circular economy for chemicals in plastics.
2021.]

Figure 16: T3 Example Missing Citation Completion.
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Question.
Find representative LLMs applied in bioinformatics in 2024, and list a table showing their Model
name, Venue name, Model type, and Task type.
Here, the Model type includes three categories: Encoder-only, Decoder-only, Encoder-Decoder; if
none of these apply, use - to indicate. The Task type includes four categories: DNA, RNA, protein,
scRNA.
Please organize the table in Markdown format.

Answer.
| Model | Venue | Type | Task |
|------------------------|---------------------------------|-----------------|---------|
| RNA-MSM | Nucleic Acids Research | Encoder-only | RNA |
| GROVER | Nature Machine Intelligence | Encoder-only | DNA |
| megaDNA | Nature Communications | Decoder-only | DNA |
| Nucleotide Transformer | Nature Methods | Encoder-only | RNA |
| RNAErnie | Nature Machine Intelligence | Encoder-only | RNA |
| RhoFold+ | Nature Methods | Encoder-only | RNA |
| GPTCelltype | Nature Methods | Decoder-only | scRNA |
| Evo | Science | Decoder-only | DNA |
| scFoundation | Nature Methods | Encoder-Decoder | scRNA |
| scGPT | Nature Methods | Encoder-Decoder | scRNA |
| AlphaFold3 | Nature | - | Protein |
| ESM-DBP | Nature Communications | Encoder-only | Protein |
| RoseTTAFold All-Atom | Science | Encoder-Decoder | Protein |
| ProstT5 | NAR Genomics and Bioinformatics | Encoder-Decoder | Protein |
| EpiGcPT | NAR Genomics and Bioinformatics | Encoder-only | DNA |
| RiNALMo | arXiv | Encoder-only | RNA |
| EMBED | Bioinformatics Advances | Encoder-Decoder | DNA |

Figure 17: T4 Example Cross-Source Structured Knowledge Synthesis .

22269



T1 and T2 JUDGE PROMPT

Task Description
As a grading expert, your task is to determine whether the candidate’s final answer matches the
provided standard answer. You must distinguish between exact matches, acceptable variations, and
incorrect responses based on the guidelines below.

Evaluation Protocol
Please follow these guidelines precisely:

1. Reference Standard:

• The standard answer is definitive but allows for a certain margin of error.
• Do not regenerate answers; only compare with the given standard.

2. Comparison Method:

• Carefully analyze the question’s requirements and the standard answer’s structure:
– Determine whether the question expects exact matching or allows partial matching.
– Base this determination on the question’s phrasing and the nature of the standard

answer.
• Compare ONLY the candidate’s final answer (ignore reasoning/explanation errors).
• Disregard formatting or presentation style differences.
• Use discretion for unit omission (avoid automatic rejection).
• Math: Calculate step-by-step to check if formulas are equivalent.
• Multiple Choice: Compare only the final choice and option content.

3. Multi-part Answers:

• For questions requiring multiple responses (e.g., multi-select): All parts must match the
standard answer exactly.

• Compare each sub-answer step by step. Partial matches are considered incorrect.

4. Validity Check: Reject answers that meet the following criteria (specify type in judgment):

• Incomplete: Cut off mid-sentence or lacks a complete response → Label as INCOM-
PLETE.

• Repetitive: Loops words or phrases → Label as REPETITIVE.
• Refusal: Explicit refusals (e.g., "I cannot answer...") → Label as REFUSAL.

Grading Scale
• A - CORRECT:

– Answer matches standard exactly (including equivalent expressions).
– Within the allowable error range specified by the question.
– Semantically equivalent responses.

• B - INCORRECT:

– Outside the allowable error range specified by the question.

• C - INCOMPLETE/REPETITIVE/REFUSAL:

– Fails validity criteria (must specify subtype).
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Output Format

Please strictly use the following format for your response:

Analysis step by step: [
Thoroughly evaluate the candidate 's answer including:
(1) First check if the answer is INCOMPLETE , REPETITIVE , or a

REFUSAL - if so, immediately classify as \boxed{C} with the
corresponding type.

(2) Analyze the question 's core requirements and the standard
answer 's structure (strict requirements vs. tolerant
allowances).

(3) Perform a detailed comparison between the candidate 's final
answer and the standard answer (content equivalence , numerical
precision , expression formats).

]
Final Judgment: \boxed{A/B/C} - <CORRECT/INCORRECT/INCOMPLETE/

REPETITIVE/REFUSAL >

Task Input
<Original Question Begin>
{question}
<Original Question End>

<Standard Answer Begin>
{gold_answer}
<Standard Answer End>

<Candidate’s Answer Begin>
{llm_response}
<Candidate’s Answer End>

T4 JUDGE PROMPT

Role
You are a strict evaluator for single-row item-level recall against a predicted table.

Inputs
You will receive:

• Gold Row Table (ANSWER): Contains a header + exactly one data row.
{ANSWER_TABLE}

• Predicted Table (PREDICTION): Contains a header + multiple rows (or may be empty).
{PREDICTION_TABLE}

Objective
Determine whether PREDICTION contains the gold row (by primary key), then compute item-level
recall for that single gold row.

• The first column of ANSWER is the primary key.
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• If the gold primary key is not present in any prediction row (after normalization), then recall
= 0.0.

• If the primary key is present, compare the remaining cells (items) and compute:

Let:

• items_total = number of gold cells in the gold row excluding the primary key column,
excluding empty/NA.

• items_recalled = number of those cells that are matched by the predicted row with the same
primary key (after column mapping + normalization).

Then:
recall =

items_recalled

items_total

Return recall as a float (e.g., 0.2) plus minimal supporting details.

Normalization Rules (apply BEFORE matching)
1. Ignore case, extra whitespace, and trivial punctuation.

2. Numeric tolerance:

• Match if absolute diff ≤ 10−6 OR relative diff ≤ 10−3 (when |value| > 10−6).
• Treat 0.25 as equal to 25% if clearly percentage-formatted.

3. Units: convert when unambiguous (e.g., g ↔ mg). If units conflict, treat as mismatch.

4. Aliases: allow common aliases if clearly the same entity.

5. List-in-cell:

• If a cell contains a list separated by commas/semicolons, treat as a set.
• Count as recalled only if predicted set contains all gold elements (subset match).

6. Be conservative: if uncertain, mark mismatch.

Column Mapping
• Use ANSWER headers as the canonical schema.

• Map each gold column to the best matching prediction column by:

1. exact header match after normalization, else
2. semantic similarity of header names.

• If a gold column cannot be mapped, that item is not recalled.

Matching Procedure (must follow)
1. Parse ANSWER: extract headers and the single gold row.

2. Identify pk_col = first header, gold_pk = normalized(value in pk_col).

3. Parse PREDICTION rows and build an index from normalized pk values to candidate rows.

4. If gold_pk not found in prediction index:

• Set items_total as defined above.
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• Set items_recalled = 0.
• Set recall = 0.0.

5. If gold_pk found:

• If multiple predicted rows share the same pk, choose the row that maximizes
items_recalled.

• For each eligible gold item cell:
– Compare gold cell vs predicted mapped cell after normalization.
– Count match as recalled; otherwise mismatch.

Output Format (STRICT JSON ONLY)

Return ONLY one JSON object:

{
"recall ": float ,
"items_recalled ": int ,
"items_total ": int ,
"primary_key_column ": "string",
"gold_primary_key ": "string (normalized)",
"matched_prediction_row_index ": int | null ,
"column_mapping ": { "gold_col ": "pred_col_or_null", ... },
"mismatches ": [

{
"column ": "gold column name",
"gold_value ": "normalized gold cell",
"pred_value ": "normalized predicted cell or null",
"reason ": "short reason"

}
]

}

Important Constraints
• Do not output any text outside the JSON.

• Do not hallucinate missing values.

• If items_total == 0, set recall = 0.0.

22273


