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Abstract

Understanding and reasoning on the web-scale scientific literature
is a crucial touchstone for large language model (LLM) based agents
designed to support complex knowledge-intensive tasks. However,
existing works are mainly restricted to tool-free tasks within iso-
lated papers, largely due to the lack of a benchmark for cross-paper
reasoning and multi-tool orchestration in real research scenarios.
In this work, we propose PaperArena, an evaluation benchmark
for agents to address real-world research questions that typically
require integrating information across multiple papers with the as-
sistance of external tools. Given a research question, agents should
integrate diverse formats across multiple papers through reasoning
and interacting with appropriate tools, thereby producing a well-
grounded answer. To support standardized evaluation, we provide
a modular and extensible platform for agent execution, offering
tools such as multimodal parsing, context retrieval, and program-
matic computation. Experimental results reveal that even the most
advanced LLM powering a well-established agent system achieves
merely 38.78% average accuracy. On the hard subset, accuracy drops
to only 18.47%, highlighting great potential for improvement. We
also present several empirical findings, including that all agents
tested exhibit inefficient tool usage, often invoking more tools than
necessary to solve a task. We invite the community to adopt Paper-
Arena to develop and evaluate more capable agents for scientific
discovery. Our code and data are available!.
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1 Introduction

With the web-scale scientific literature continually expanding, re-
searchers are increasingly challenged by information overload and
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Figure 1: Confronted with vast literature, researchers must
orchestrate a diverse toolset for cross-paper reasoning to
answer complex scientific questions.

declining efficiency [8, 18, 64]. As shown in Figure 1, this stems
largely from the need to search across numerous papers and syn-
thesize diverse and heterogeneous content such as text, charts,
and pseudocode [24, 25]. In response to this challenge, a growing
trend is to use LLM-based agents to assist researchers with their
knowledge-intensive tasks that typically require navigating and
reasoning on this vast literature corpus [14].

Despite this potential, progress in LLM-based agents for scien-
tific research remains limited. A primary obstacle is the lack of a
benchmark and an evaluation platform designed to assess agents’
ability to address complex real-world research questions, which
usually involve cross-document reasoning and coordinated tool
usage. As shown in Table 1, existing benchmarks such as Pub-
MedQA [22] and SPIQA [41] focus on question answering (QA)
over scientific documents, but they typically restrict tasks to single-
paragraph, single-modality settings, such as explaining a concept
from a paragraph or extracting a value from a figure. However,
modern advanced LLMs can often solve these directly using their
inherent capabilities without tool invocation, offering limited chal-
lenge to tool-augmented agents [11, 30, 66]. Meanwhile, although
recent efforts such as ReAct [60] and ToolLLM [43] begin to explore
the tool-use capabilities of agents, they lack the specific adaptations
of navigating and reasoning on scientific literature.

To bridge these gaps, we undertake the pioneering work of con-
structing a comprehensive benchmark and evaluation platform for
LLM-based agents reasoning on scientific literature. This endeavor
is challenging for several reasons. First, constructing the bench-
mark itself is a non-trivial task. It requires synthesize information
across multiple papers, resolve inter-document citations through
fine-grained search, and integrate heterogeneous modalities using
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Table 1: Comparison of PaperArena with existing scientific
question answering benchmarks across key dimensions.

Dataset ‘ Agentic Multi-Step ~ Multimodal Cross-doc Database
Tool-Use | Reasoning Understanding Integration Interfacing
PubMedQA [22] X X X X X
CharXiv [55] X X v X X
emrQA [39] X X X v X
QASA [29] X X X X X
ArgSciChat [45] X v X X X
QASPER [13] X X X X X
SPIQA [41] X v v X X
PaperArena ‘ v ‘ v v v v

specialized parsing tools. Second, building the evaluation platform
necessitates implementing a dedicated toolset for scientific research
and designing core agent execution mechanisms for planning, inter-
action with tools, long-context management, and reflection. Finally,
a meaningful evaluation must extend beyond the correctness of the
final answer. It must also assess the underlying reasoning process,
including the efficiency and rationality of tool usage throughout
the agent’s entire reasoning trace.

With these challenges in mind, we propose PaperArena and
its corresponding PaperArena-Hub. The construction of Paper-
Arena begins with a corpus of tens of thousands of papers from
premier open-access Al conferences. From this collection, we sam-
ple a representative subset and employ a multimodal large language
model (MLLM) to automatically generate initial question-answer
pairs. To ensure high complexity and broad coverage, we guide
this generation process with a curated tool chain experience that
mirrors realistic research scenarios. This process yields a final set of
784 high-quality question-answer pairs. Notably, the multi-step rea-
soning required for each question ensures a substantial evaluation
cost. The cumulative complexity and number of required LLM calls
are thus comparable to benchmarks with a much larger volume of
simpler queries. Concurrently, we implement PaperArena-Hub to
support the evaluation of both single-agent and multi-agent sys-
tems. The platform offers a modular tool suite with capabilities
including multimodal parsing, context retrieval, and code execu-
tion, while also managing the complete agent lifecycle including
planning, action, memory, and reflection.

We conduct extensive experiments on a range of leading LLM-
based agents. Our results reveal a stark performance gap: the most
advanced LLM, Gemini 2.5 Pro, powering a well-established multi-
agent system achieves an average accuracy of only 38.78% and drops
to 18.47% on the hard subset, a performance far below the 83.5%
achieved by a human expert. Beyond overall accuracy, our in-depth
analysis of agents’ reasoning trajectories uncovers three key find-
ings: (1) agents exhibit inefficient tool usage by often invoking more
tools than necessary and showing a strong bias towards general-
purpose tools; (2) despite attempting longer reasoning chains for
complex tasks, their performance consistently and severely de-
grades; and (3) agents still struggle with both suboptimal planning
and flawed tool invocation. These findings suggest clear directions
for future improvements in agent capabilities. We invite the com-
munity to adopt PaperArena and PaperArena-Hub to develop and
evaluate more capable agents for scientific discovery and to accel-
erate progress in agent-driven research.

In summary, our main contributions are as follows:

o We propose PaperArena, a novel and challenging benchmark
featuring questions mirrors realistic research scenarios that
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demand agents to reason across multiple papers and orches-
trate diverse tools.

e We present PaperArena-Hub, a modular and extensible open-
source platform that enables standardized evaluation on
LLM-based agents, including a dedicated scientific tool suite
and full lifestyle management.

e Through extensive experiments, we reveal a significant per-
formance gap and key failure patterns of leading LLM-based
agents, offering concrete insights.

2 Related Work

In this section, we review scientific literature understanding bench-
marks and tool-augmented agent with their evaluation. Finally, we
explain how our work addresses the existing gaps.

2.1 Benchmarks on Scientific Literature

Benchmarks for scientific literature understanding have rapidly
grown in the past few years. [16, 46]. Early benchmarks target spe-
cific tasks such as claim verification [52] and phrases extraction [6].
With the rise of LLMs, inquiries on knowledge-intensive scientific
data receive increasing attention. For example, SciQA [5] focuses
on scientific QA over structured academic knowledge. In special-
ized domains, PubMedQA [22] and BioASQ [26] focus on biomed-
ical literature, while ChemLLMBench [15] extends evaluation to
chemical challenges. Recently, LLM-based agents show promis-
ing potential, inspiring the development of expert-level bench-
marks for scientific literature mining. In terms of reproducibility,
ResearchCodeBench [19] evaluates machine learning code comple-
tion, whereas PaperBench [49] centers on reproducing code from
scratch, providing only a paper. Numerous task-oriented bench-
marks are also proposed to evaluate agents [10, 28, 34, 38]. In the
domain of scientific inquiry, PeerQA [7] compiles QA pairs from
peer review questions, and Humanity’s Last Exam [40] assesses
LLM performance in high-difficulty professional questions.

2.2 Tool-Augmented Agents

The rapid advancement of LLMs and their emerging reasoning
capabilities [1, 9, 21, 30, 57] pave the way for the development of
agent workflows. Early agents demonstrated the extension of rea-
soning through external interactions. WebGPT [35] showed LLMs
retrieving and synthesizing information via web browsing, while
SayCan [2] highlighted planning and acting in embodied tasks.
Building on these ideas, ReAct [60] introduced a paradigm that syn-
ergizes reasoning and actions, marking the beginning of a new era
for tool-augmented reasoning agents. Following ReAct, research has
expanded the capabilities of agents in planning [20], tool use [44],
memory [31, 65], and reflection [47]. Recently, there are also some
influential works in multi-agent systems [17, 42, 56, 58, 63]. From
the perspective of evaluation [54], PaperQA [27, 48] evaluate agents
on real-world literature retrieval tasks and STELLA [23] evaluate
agents through a dynamic tool ocean to advance biological research.
However, existing works are restricted to tool-free tasks within iso-
lated papers, with no effective benchmarks for tool-centric complex
literature understanding. To bridge this gap, we propose Paper-
Arena, a new benchmark for tool-augmented agents on scientific
literature, and its corresponding evaluation platform.
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Figure 2: The effect of our sampling strategy in creating a
more representative and comprehensive paper subset.

3 The PaperArena Benchmark Construction

In this section, we detail the construction of the PaperArena, in-
cluding a clear task formulation, the preparation of a diverse paper
corpus, and a pipeline for generating QA pairs. Finally, we summa-
rize the key features of PaperArena. Details in Appendix B.

3.1 Task Formulation

Given a complex question g, the goal in PaperArena is to produce a
well-grounded answer by leveraging a predefined set of external
tools 77, grounded in the content of a paper P. Each participating
agent system A must plan and execute a multi-step reasoning
process. Specifically, it first constructs an internal state sy from

(P, q), and then iteratively applies tools ¢; € 7 to transition between
5 t t
intermediate states: sy —> 51 —> - - - —> s,,. At each step, the agent

system must select the most suitable tool based on its evolving state
and task needs. The final state s, encodes the complete reasoning
trace and yields the answer a. This evaluates the agent’s ability to
decompose complex questions, plan tool usage, and accumulate
evidence across operations like realistic research scenarios.

3.2 Paper Corpus Preparation

We construct our benchmark on a curated corpus of 14,435 open-
access latest Al papers from OpenReview? and Open Access® plat-
forms. Each paper is labeled with a one-hot vector encoding its
influence level, research field, method category and evaluation type.
A t-SNE visualization of these vectors (Figure 2(a)) reveals strong
domain-level clustering, indicating topic redundancy and the risk
of evaluation bias. To address this, we adopt a hierarchical sampling
strategy. We first apply K-Medoids to identify 50 representative
prototype papers that reflect dominant research trends. Meanwhile,
to ensure broader coverage, we further apply Farthest Point Sam-
pling (FPS) to select 50 boundary papers from underrepresented
regions. As shown in Figure 2(b) and (c), the resulting 100-paper
subset balances representativeness and diversity, forming a solid
foundation for tool-centric QA generation.
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Figure 3: Key features of PaperArena, highlighting four core
capabilities required for scientific reasoning agents.

3.3 QA Generation from Papers

We construct tool-centric QA pairs from scientific papers through
a three-stage pipeline that integrates tool library design, heuristic
QA generation, and semi-automated verification.

3.3.1 Tool Library. To facilitate agentic interaction with scientific
literature, we construct a comprehensive tool library, denoted as
7. As detailed in Figure 4, it comprises a curated suite of tools for
multimodal parsing, external information retrieval, and cross-paper
entity localization. This tool library is crucial for enabling advanced
functionalities beyond the capabilities of traditional LLMs.

3.3.2  Heuristic QA Pair Generation. To generate diverse and chal-
lenging QA pairs, we first parse each paper’s pdf into markdown
format using MinerU* and segment it into structured sections. We
then employ the state-of-the-art MLLM Gemini 2.5 Pro to pro-
duce draft QA pairs, using the paper metadata, segmented content,
and extracted visual elements such as tables and figures as input.
To guide this process toward high-complexity and high-coverage
questions, we introduce a curated tool chain experience &, which
contains diverse and rational tool chains in real research scenarios.
These experiences are designed to target multi-step, multimodal,
cross-paper, and cross-database reasoning. Under the guidance of
&, the generation process yields QA pairs annotated with question
type (e.g., Multiple Choice, Concise Answer) and difficulty level
(Easy, Medium, Hard). This produces 1,215 high-quality QA pairs
with their corresponding theoretical tool chains before filtering.

3.3.3  Semi-Automated QA Verification. By executing each gener-
ated tool chain step by step, we programmatically obtain interme-
diate outputs that reflect the expected reasoning trajectory for a
given question. These outputs help identify invalid or underspeci-
fied QA pairs and guide the subsequent filtering process. We then
refine each QA pair through two procedures: (1) question obfusca-
tion, which removes explicit structural cues to increase difficulty,
and (2) answer standardization, which unifies output formats and

*https://github.com/opendatalab/MinerU
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Figure 4: Illustration of the PaperArena benchmark construction and PaperArena-Hub platform details, featuring the tool-
centric QA generation pipeline and the evaluation platform including single-agent and multi-agent systems.

introduces plausible distractors. During this stage, any newly dis-
covered high-quality tool chains are added to the experience pool &,
forming a virtuous feedback loop that improves subsequent gener-
ations. After this automated refinement, all 1,215 QA pairs undergo
human verification. We discard those deemed ambiguous, trivial,
or infeasible, resulting in 784 ones that form our final benchmark.

3.4 Features of PaperArena

Consider that most existing benchmarks evaluate QA or retrieval
over isolated papers, overlooking the multi-tool and cross-paper
reasoning required in real research. As shown in Figure 3, Paper-
Arena fills this gap by evaluating whether agents possess four
essential capabilities to solve scientific problem:

Multi-Step Reasoning. PaperArena requires agents to perform
multi-step reasoning that reflects real scientific workflows. An
example question requires sequential tool use, such as parsing
PDFs, analyzing tables, and searching the web. This process aims to
trace claims, retrieve evidence, and validate results. This evaluates
the agent’s ability to effectively plan and then and interactively
invoke tools across heterogeneous sources.

Multi-Modal Understanding. PaperArena requires agents to ex-
tract, align, and reason over multimodal content, including text,
figures, tables, and equations. Tasks may involve aligning visual
data with textual claims, comparing chart trends to tabular met-
rics, or interpreting formulas in context. These challenges test the
agent’s capacity for cross-modal analysis and integration.

Cross-Document Integration. PaperArena requires agents to rea-
son over multiple papers by modeling citation relationships and
synthesizing information across documents. Example Tasks include
verifying whether a claim is supported or contradicted by another
paper and retrieving implementation details from cited methods.
This evaluates the agent’s ability to synthesize coherent arguments
and reconcile conflicting information from distributed sources.

Database Interfacing. PaperArena requires agents to issue precise
queries over a structured paper database containing metadata such
as titles, abstracts, and influence scores. Agents must interpret the
returned results, extract relevant information, and incorporate it
into subsequent reasoning steps. This tests their ability to interface
with large knowledge sources and integrate retrieved evidence.

4 PaperArena-Hub: Agent Evaluation Platform

In this section, we introduce PaperArena-Hub, a modular and ex-
tensible platform for standardized and reproducible evaluation on
PaperArena. We describe its architecture, integrated tool environ-
ment, and evaluation setup, with details in Appendix C.

4.1 Platform Overview

As shown in Figure 4, PaperArena-Hub is a modular evaluation
platform built on the smolagents®. It supports both single-agent
and multi-agent systems. In the single-agent system, we adopt the
ReAct mechanism, where the LLMs reason and act in alternation. In
the multi-agent setting, we use a centralized design, with a manager
agent responsible for high-level planning and delegating subtasks to
worker agents. The platform is designed to be extensible, enabling
evaluations across different agent configurations and supporting
fine-grained analysis of tool usage and reasoning strategies.

4.2 Integrated Tool Environment

PaperArena-Hub integrates the full suite of tools defined in Paper-
Arena, allowing agents to interact with scientific papers, databases,
and external resources. For example, our implementation of the
database querying tool is backed by a structured dataset covering
metadata from over one hundred major Al conferences in recent
years. This includes paper titles, abstracts, influence scores, and
document links. Agents can perform operations such as retrieving

Shttps://github.com/huggingface/smolagents
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Table 2: Comprehensive evaluation of nine state-of-the-art LLMs in single- and multi-agent systems, simultaneously with Ph.D.
experts. The best single-agent performance (%) is highlighted in blue, and the best multi-agent performance (%) in purple. We
also report the average number of reasoning steps and reasoning efficiency (%), reflecting the tool usage of agents.

Slow Open Multiple Choice Concise Answer Open Answer Avg. Avg.  Avg.
Base LLM e s . . .
Thinking Source | Easy Medium Hard Easy  Medium Hard Easy Medium Hard | Score | Eff. (%) Steps
PaperArena-Hub (Single-Agent)
Gemini 2.5 Pro [12] v X 57.89 40.98 22.22 58.49 40.00 21.95 56.52 36.07 13.57 36.10 41.20 9.81
OpenAlI 04-mini-high [37] v X 57.89 44.26 22.22 55.66 37.30 14.63 52.17 33.61 12.86 33.93 35.12 10.63
Claude Sonnet 4 [4] v X 60.53 37.70 18.52 53.77 38.92 19.51 52.17 31.97 15.00 34.18 37.34 9.55
GPT-4.1 [36] X X 55.26 34.43 14.81 49.06 35.68 17.07 52.17 28.69 10.71 30.61 35.26 8.27
Claude 3.5 Sonnet [3] X X 47.37 28.23 11.11 48.11 25.95 10.98 43.48 22.95 7.14 24.62 21.98 7.89
Qwen3-235B-Thinking [59] v v 52.63 32.79 14.81 53.77 33.51 15.85 47.83 27.87 10.00 29.97 31.21 10.20
GLM-4.5 [62] v v 47.37 29.51 11.11 49.06 30.27 13.41 43.48 27.05 8.57 27.17 25.13 11.82
Qwen3-235B-Instruct [59] X v 44.74 24.59 11.11 46.23 24.32 10.98 39.13 22.13 7.14 23.47 36.85 7.24
Kimi-K2-Instruct [51] X v 44.74 22.95 11.11 45.28 22.70 9.76 39.13 20.49 6.43 22.32 23.57 12.86
PaperArena-Hub (Multi-Agent)
Gemini 2.5 Pro [12] 4 X 60.53 42.62 33.33 63.21 42.70 21.95 65.22 39.34 13.57 38.78 45.39 8.58
OpenAl 04-mini-high [37] v X 60.53 41.00 25.93 62.26 41.08 21.95 56.52 36.89 14.29 37.37 43.41 8.30
Claude Sonnet 4 [4] v X 68.42 39.34 18.52 61.32 40.00 23.17 56.52 36.07 12.86 36.73 39.13 8.92
GPT-4.1 [36] X X 57.89 37.70 18.52 59.43 38.38 19.51 52.17 34.43 12.14 34.57 34.35 7.94
Claude 3.5 Sonnet [3] X X 50.00 31.15 14.81 52.83 3243 14.63 47.83 29.51 9.29 29.34 23.67 8.16
Qwen3-235B-Thinking [59] v v 57.89 37.70 18.52 59.43 37.84 19.51 52.17 33.61 12.14 34.31 33.79 10.48
GLM-4.5 [62] v v 52.63 32.79 14.81 54.72 34.05 15.85 47.83 30.33 10.71 30.74 27.01 10.90
Qwen3-235B-Instruct [59] X v 50.00 31.15 14.81 51.89 31.35 14.63 47.83 28.69 9.29 28.83 38.13 7.82
Kimi-K2-Instruct [51] X v 50.00 27.87 11.11 50.00 28.11 12.20 43.48 25.41 7.86 26.28 29.45 11.94
Human Baseline
Ph.D. Experts - - | 8750 8421 7143 9167 8542 68.18 87.50 86.67 8235 | 8350 | 7548 652

all papers on a topic from a specific conference and year, or ex-
tracting relevant entries based on keyword queries. More broadly,
we implement standardized interfaces for all tools and incorporate
robust error handling to minimize execution failures. This ensures
reliable performance during long tool chains and enables accurate
measurement of tool-use effectiveness across different agents.

4.3 Benchmark Evaluation

We evaluate nine state-of-the-art LLMs in both single-agent and
multi-agent systems: Gemini 2.5 Pro [12], OpenAI o4-mini-high [37],
Claude Sonnet 4 [4], GPT-4.1 [36], Claude 3.5 Sonnet [3], Qwen3-
235B-Thinking [59], GLM-4.5 [62], Qwen3-235B-Instruct [59], and
Kimi-K2-Instruct [51]. We construct a 200-question subset from Pa-
perArena (PaperArena-Human) and recruit three computer science
Ph.D. candidates to complete it using standard tools such as GPT-40
and web search engines. All answers both from LLMs and human
experts are evaluated using an LLM-as-a-Judge protocol [32], where
GPT-4o assigns binary correctness labels. To emphasize reasoning
over surface form [33, 53], we allow flexible output styles as long as
the reasoning is valid and the final answer is unambiguous. In addi-
tion to correctness, we measure agent behavior using two metrics:
(1) average reasoning steps, defined as the mean length of executed
tool chains; and (2) average reasoning efficiency, computed as the
average overlap between the agent’s executed tool chain and the
predefined chain, normalized by the executed length. To ensure
evaluation reliability, we manually verify all human answers and a
sample of LLM responses within the human subset.

5 Experiments

In this section, we evaluate the overall performance of the agents
and present three key observations regarding their reasoning pro-
cesses. Finally, we conduct in-depth analysis of agent capabilities,
error patterns, and human evaluation.

5.1 Experimental Results

Table 2 summarizes the performance of nine leading LLMs un-
der both single-agent and multi-agent systems. Gemini 2.5 Pro
achieves the best overall results in both settings, yet a substan-
tial performance gap persists between all LLM-based agents and
the Ph.D. expert baseline. Across all settings, performance consis-
tently degrades from easy to hard tasks and from multiple-choice
to open-ended formats, reflecting the growing challenges posed by
increased reasoning and synthesis requirements. Moreover, closed-
source LLMs generally outperform open-source counterparts across
most metrics. Slow-thinking LLMs (with long chain-of-thought)
achieve higher accuracy than fast-thinking ones, likely due to their
implicit task decomposition and tool planning during thinking.
Notably, the multi-agent system typically yields improvements in
both accuracy and tool-use efficiency, suggesting that agent col-
laboration supports more effective coordination and division of
reasoning labor. However, most agents still exhibit poor planning:
they invoke tools far more often than needed, leading to low aver-
age efficiency. This inefficiency highlights fundamental limitations
in current LLMs’ ability in multi-step reasoning, tool selection, and
execution control in complex scientific problem-solving,.
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Theoretical Tools  Practical Tools on Gemini 2.5 Pro (Single-Agent)

Web Searcher 942 2158
Cross-Ref Searcher 831 1342
PDF Parser 79 752
Context Retriever 751 821
Figure Analyzer 521 712
Table Analyzer 345 584
Code Executor 210 1085
Database Querier 154 241
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Figure 5: Comparison of theoretical and practical number
of tool calls by Gemini 2.5 Pro on the single-agent system,
which reveals the far greater number of practical calls.

5.2 Observation of Reasoning Trace

We observe that agents exhibit strong biases in tool usage, often
favoring general-purpose tools. Moreover, although harder tasks
require more tool invocations, this does not consistently improve
performance. Instead, effective tool planning, rather than sheer tool
quantity, plays a critical role in solving complex problems.

Observation 1: The agent’s tool usage is strongly imbal-
anced, showing a clear preference for general-purpose tools
like Web Searcher and Code Executor over more specialized
ones. Figure 5, which details the gap between practical and the-
oretical number of tool calls, clearly illustrates this phenomenon.
This biased preference is a primary driver of the significant effi-
ciency gap between practical actions and the theoretical optimum.
For instance, the practical use of the Code Executor is over five
times its theoretical requirement, suggesting the agent defaults
to a brute-force, trial-and-error coding approach. Similarly, the
Web Searcher’s practical usage is more than double its theoretical
baseline, indicating that the agent’s imbalanced strategy results
in inefficient, exploratory searches rather than precise queries. In
contrast, for deterministic tasks requiring a specific, non-preferred
tool like the PDF Parser, the practical and theoretical calls are nearly
identical. This suggests that the agent’s inefficiency is not a univer-
sal failure of its capabilities, but rather a direct consequence of its
imbalanced tool selection strategy.

Observation 2: Agents tend to employ more reasoning
steps for more difficult problems requiring more tools, yet
this fails to avert a decline in performance. The task difficulty
distribution in Figure 6 confirms this, showing a clear positive corre-
lation between the variety of tools required in theory and the num-
ber of reasoning steps taken. Moreover, harder tasks consistently
require longer and more complex reasoning steps. However, this
increased effort does not prevent a drop in performance. As shown
in Figure 7, the scores of both single-agent and multi-agent systems
decline as task complexity increases, suggesting that the ability
to execute complex plans diminishes even as the agent expends
more effort. Within this trend, multi-agent systems consistently
outperform single-agent systems on complex, multi-tool tasks. This
enhanced performance underscores the critical planning capability
of the manager agent within a centralized design. For multi-step
problems, although a single agent may execute localized planning,
the comprehensive synthesis and coordination of a multi-agent
architecture are essential for success.

Wang et al.
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Figure 6: Task difficulty distribution in the benchmark, show-
ing a clear positive correlation between the variety of tools
required in theory and the number of reasoning steps taken.
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Figure 7: Performance and efficiency analysis of differ-
ent agent systems. Average Inefficiency is defined as
Average Ineffiency = 1 — Average Effiency, where a higher
value indicates less efficient tool use.

Observation 3: The single agent, when explicitly provided
with the globally optimal tool chain in its prompt, outper-
forms multi-agent systems guided by a planning manager.
This suggests that the endogenous planning capabilities of current
LLMs may be susceptible to local optima and warrant further inves-
tigation. We conduct this experiment by adding the theoretical tool
chain directly into the agent’s prompt during its reasoning process.
As shown in Figure 7, the agent with a predefined tool chain estab-
lishes a clear performance ceiling based on near-perfect planning.
The multi-agent system, while effective, operates below this ceiling,
and the gap between them quantifies the performance loss from its
suboptimal, endogenously generated plans. The efficiency analysis
further illuminates this: while the multi-agent’s planning leads to
a higher efficiency rate than the standard single agent, its rate is
still significantly lower than that of the agent given a perfect plan.
Crucially, even the agent with the predefined tool chain shows a
rising inefficiency rate. This reveals a second distinct failure mode:
flawed tool invocation. Even with a perfect plan, agents can fail
to use tools correctly (e.g., by providing incorrect parameters), es-
pecially as complexity increases. Therefore, overall performance
degradation is a composite of both suboptimal planning and flawed
tool invocation, revealing possible directions for improving agents.
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5.3 In-Depth Analysis

Our in-depth analysis reveals the agent’s nuanced capabilities by
pinpointing individual model strengths and its upper scaling limits
at test time, while also diagnosing key error sources, verifying
evaluation reliability, and validating the consistency of LLM-as-a-
Judge with human evaluation to provide a truly comprehensive
understanding beyond aggregate metrics.

5.3.1 Analysis of Fine-Grained LLM Capabilities. To further probe
the specific strengths and weaknesses of the top-performing models,
we categorized the benchmark questions into four primary ability
areas in Table 3: web browsing (Browsing), code execution (Coding),
multimodal understanding (Multi-Modality), and complex reason-
ing chains (Multi-Steps). The performance breakdown, presented in
the table, reveals that no single LLM universally dominates across
all capabilities. Gemini 2.5 Pro demonstrates superior proficiency
in browsing and multi-modality task, showcasing its strength in
information retrieval and visual data interpretation. In contrast,
Claude Sonnet 4 emerges as the standout performer in coding tasks,
significantly surpassing its competitors in this domain. In contrast,
Qwen3-235B, regardless of whether it is a slow-thinking LLM or a
fast-thinking one, performs very poorly on multimodal understand-
ing tasks because they do not have visual capability, showing the
importance of multimodal perception for agents. This fine-grained
analysis highlights the nuanced and often complementary strengths
of state-of-the-art LLMs. This insight suggests that a promising
direction for building more powerful and versatile agents is to de-
velop heterogeneous systems that can strategically leverage the
distinct advantages of different specialized LLMs for appropriate
sub-tasks, rather than relying on a single one.

Table 3: Fine-grained performance of five leading LLMs on
the single-agent system, revealing their specialized strengths
and weaknesses across the four primary capabilities required
in questions on PaperArena benchmark.

Base LLM Browsing Coding Multi-Modality Multi-Steps
Gemini 2.5 Pro 40.61 33.27 40.03 32.85
Claude Sonnet 4 36.68 41.12 32.59 31.30
GPT-4.1 27.54 35.26 29.81 25.58
Qwen3-Think. 31.22 32.85 12.54 22.39
Qwen3-Inst. 28.70 25.58 11.96 20.13

5.3.2  Analysis of Pass@k Performance. We evaluate agent test-time
scaling in a pass@k scenario, where each task is executed k times
under identical parameters and the final result is determined by a
majority vote. As shown in Figure 8, our analysis reveals a clear
positive correlation between the number of attempts and agent
performance, a trend consistent across all models. Notably, this
scaling effect allows fast-thinking models to match or even sur-
pass the single-pass performance of slow-thinking ones. However,
this approach introduces a significant challenge: a naive parallel
implementation leads to a nearly linear cost growth with respect
to k. Compounding this issue, we find that the performance gains
exhibit diminishing returns; the improvement is substantial for
small values of k but becomes marginal as k increases. These dual
findings highlight the central problem of achieving an optimal
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Figure 8: The performance in the pass@k evaluation reveals
the limits of the agent’s test-time scaling capabilities on Pa-
perArena. By trying multiple times and taking consistent
answers, the agent can achieve better performance.

trade-off between performance gains and evaluation cost. Future
work can thus focus on designing agents with larger token budgets
under controlled cost constraints and developing more efficient
parallelization strategies that move beyond simple majority voting.

5.3.3 Analysis of Error Attribution. To understand agent ineffi-
ciency, we conduct an error attribution analysis. We perform this
experiment by inspecting tool outputs, error messages, and the
agent’s subsequent actions to attribute each failure. We then cat-
egorize these issues into four types: improperly formatted inputs
(Parameter Error), actions that violate task dependencies (Logical Er-
ror), unnecessary calls for existing information (Redundant Action),
and external tool execution problems (Tool Failure). Our analysis
in Table 4 reveals distinct failure patterns. The low rate of tool
failure across all LLMs suggests the tools themselves are reliable
and not the primary performance bottleneck. Open-source LLMs
exhibit more parameter and logical errors, indicating weaknesses
in complex planning and reflection. In contrast, closed-source slow-
thinking LLMs tend toward redundant actions, suggesting a form
of cognitive overthinking where agents needlessly re-verify infor-
mation they already possess. These findings inform future agent
design. To mitigate these errors, agents could incorporate explicit
memory modules that record the reasoning chain to guide subse-
quent actions and prevent repetition. Enhancing self-correction
mechanisms and robust error handling would also increase overall
task success and efficiency.

Table 4: Error attribution analysis of the primary failure
modes for five leading LLMs on the single-agent system. This
table present the proportion of each error type out of the
total observed failures for that specific LLM.

Parameter Logical Redundant Tool

Base LLM Error Error Action Failure
Gemini 2.5 Pro 23.71 23.28 38.35 14.82
GPT-4.1 22.69 22.90 39.14 15.46
Claude Sonnet 4 21.83 25.17 36.91 16.25
Qwen3-Think. 35.40 30.88 20.13 13.79
Qwen3-Inst. 38.96 28.12 18.77 14.34
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Figure 9: Case study of QA examples in PaperArena that challenge the agent’s core capabilities in multi-step reasoning and
information synthesis. To derive the correct answer, the agent must integrate data from diverse formats and sources.

Table 5: Consistency between GPT-40 and Human Judgments
on PaperArena-Human Evaluations.

Metrics Gemini 2.5 Pro Ph.D. Experts
Agreement Rate (%) 98.5 98.0
Cohen’s Kappa (k) 0.97 0.93

5.3.4  Analysis of Evaluator Consistency. Assessing agent perfor-
mance in complex scientific domains presents a significant evalua-
tion challenge, often demanding costly and time-consuming human
expert judgment. To develop a scalable alternative, we evaluate the
consistency of GPT-4o0 as an automatic evaluator. We compare its
binary correctness labels against independent human scoring on
the PaperArena-Human subset, using both simple agreement rates
and Cohen’s Kappa (k) to measure inter-rater reliability while cor-
recting for chance agreement [50]. As shown in Table 5, GPT-40’s
judgments exhibit exceptionally high consistency with those of hu-
man evaluators. When evaluating Gemini 2.5 Pro’s responses, the
agreement rate reaches 98.5% (x = 0.97). Similarly, for a Ph.D. ex-
pert answers, the agreement is 98.0% (x = 0.93). The Cohen’s Kappa
values are particularly compelling, as scores above 0.81 are typically
interpreted as almost perfect agreement. This level of alignment,
with discrepancies observed in at most three samples per category,
underscores the stability and predictability of GPT-40’s evaluation
standard. These results strongly indicate that GPT-4o functions as a
dependable and consistent judge, providing a reproducible and scal-
able method for evaluating complex agent reasoning and mitigating
the bottlenecks associated with manual expert assessment.

5.4 Case Study

To illustrate the challenges and capabilities involved in multi-step,
cross-modal scientific reasoning, we present two representative
case studies in Figure 9. Each example showcases a real-world ques-
tion grounded in a scientific paper and requires agents to coordinate
multiple tools such as PDF parsers, table analyzers, figure analyz-
ers, and code executors to derive an accurate answer. The first case

involves numerical comparison of model variants across tabular re-
sults, requiring fine-grained metric extraction, citation tracking, and
percentage calculation. The second case centers on interpreting bar
charts to assess performance improvements in meta-optimization,
demanding precise visual parsing and numerical estimation. Both
cases include ground-truth answers and complete tool chains, en-
abling systematic evaluation of intermediate reasoning steps. These
examples highlight the complexity of aligning textual, tabular, and
visual evidence, and underscore the need for efficient tool orchestra-
tion, reliable data interpretation, and precise numerical reasoning
in automated scientific literature understanding.

6 Conclusion and Future Work

In this work, we proposed PaperArena, a novel benchmark de-
signed to evaluate tool-augmented agentic reasoning on scientific
literature. Unlike existing QA benchmarks that focus on isolated
paragraphs or simple fact retrieval, PaperArena requires multi-step,
multimodal, and cross-document reasoning grounded in real re-
search questions. To enable standardized, reproducible evaluation,
we develop PaperArena-Hub, an extensible platform that supports
both single-agent and multi-agent system, equipped with a compre-
hensive tool suite such as PDF parsing, table and figure analysis and
code execution. Our extensive experiments on nine state-of-the-art
LLMs with mature agent systems reveal a persistent performance
gap compared to human experts, especially the hard subset. Most
agents still struggle with ineffcient tool usage and sub-optimal plan-
ning, highlighting the challenges of end-to-end scientific reasoning
and tool invocation in current agent systems.

PaperArena and PaperArena-Hub provide a foundation for future
research. Researchers can easily evaluate novel agent strategies,
test custom tools using our modular interface, or extend the bench-
mark with new domains. Future directions include enhancing the
question generation pipeline, expanding the benchmark beyond AI
to other scientific disciplines, and integrating new metrics for tool
rationale, planning transparency, or interpretability. We invite the
community to adopt PaperArena and PaperArena-Hub to design
more capable and interpretable agents for scientific discovery.
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B Benchmark Construction Details
B.1 Paper Corpus Preparation

Our benchmark is constructed from a curated corpus of N = 14,435
open-access latest Al research papers collected from OpenReview
and Open Access, all published in 2025 to minimize potential leak-
age from LLM pre-training data. Each paper P; is annotated us-
ing GPT-40-mini and mapped to a 20-dimensional binary vector
v; € {0,1}?, encoding its influence, research field, method and
evaluation type. Figure 2 visualizes this representation via t-SNE,
highlighting a strong clustering effect around dominant topics.

To prevent this concentration from biasing our benchmark, we
develop a hierarchical sampling strategy. First, we select K = 50
representative medoids by applying K-Medoids clustering:

N
Pprototype =  arg min Z min _d(v;, v, ). (1)
{Pcl,m,PcK}CP i=1 ke{l...K}

To enhance diversity, we further apply Farthest Point Sampling
(FPS) to iteratively select L = 50 boundary papers:

Py, = argmax ( min d(v;, vs)) , 2)
PjGP\Qifl Pseai_l

where Qi—1 = Pprototype U {Pby» - - -» Pp,;_, }. We use Hamming dis-

tance d(-, -) to measure dissimilarity. The final benchmark subset

Psub = Pprototype Y Phoundary thus includes 100 papers with high

representativeness and topical diversity.

B.2 QA Pair Generation Process

We construct QA pairs through a structured three-stage pipeline
involving tool library definition, heuristic generation, and semi-
automated verification.

Tool Library. We define a comprehensive toolset 77, enabling
agents to interact with scientific literature in a flexible manner:

T = {Tpat, Teabs Tig> Trets Twwebs Trags Tabs Teode }- )

Heuristic QA Generation. Guided by a tool chain experience pool
& = {11, 12,...}, we use prompt in Table 9 together with Gemini 2.5
Pro (G) to generate QA triplets (g, 7k, ax). Each paper is parsed
via MinerU into sections {51, S, .. .}. The generation process is:

N gen

{(qo a0} 5" = 6(Dis; 1 &), )
ij
For example, a question might be: "Regarding Table 2, the paper
X claims superior performance over Liu et al. (2024). Please locate
the result in paper Y and verify this claim." This requires the tool
chain 7 = Tp4¢(X) — Trap(Tab. 2) — Trer(Liu et al.) — Tyep(Y) —
7;ag(Y) — Trap(Tab. z).

Semi-Automated Verification. For each candidate QA pair, we
execute 7y to retrieve intermediate outputs and assess consistency.
We apply two refinements: (1) question obfuscation, e.g., removing
"According to the abstract..." to increase difficulty; and (2) answer
standardization, such as enforcing consistent formats and gener-
ating distractors. New tool chains discovered during this step are
added to &, forming a virtuous refinement loop. After human veri-
fication, we retain 784 high-quality QA triplets.
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B.3 Dataset Statistics

We analyze our benchmark from two perspectives: question format
with difficulty, and the primary capabilities required.

Question Type and Difficulty. The benchmark includes three ques-
tion formats: Multiple Choice (MC), Concise Answer (CA), and
Open Answer (OA). Each question is assigned a difficulty level of
Easy, Medium, or Hard. Table 6 shows the distribution for both the
full benchmark, which we call PaperArena (784 questions), and a
200-question subset reserved for human evaluation, PaperArena-
Human. The distribution highlights a focus on Medium difficulty
questions and a substantial number of open-ended questions to
rigorously test generative capabilities.

Table 6: Distribution of question types and difficulty levels in
PaperArena and PaperArena-Human. MC: Multiple Choice,
CA: Concise Answer, OA: Open Answer.

PaperArena PaperArena-Human

Difficulty yic ca oa | Total | MC CA OA | Total

Easy 38 106 23 | 167 | 8 24 8 40
Medium 61 185 122 | 368 | 19 48 30 | 97
Hard 27 82 140 | 249 | 7 22 34 | 63
Total 126 373 285 | 784 | 34 94 72 | 200

Required Agent Capabilities. We also categorize questions based
on the primary capability an agent must demonstrate. As shown in
Table 7, these categories are: Browsing, which requires searching
the web or databases; Coding, for solving numerical problems;
Multi-Modality, for interpreting figures and tables; and Multi-Steps,
for complex multi-step reasoning. The distribution ensures balanced
evaluation across these diverse and critical capacity dimensions.

Table 7: Distribution of questions based on the primary re-
quired agent capability.

Browsing Coding Multi-Modality Multi-Steps Total

194 159 261 170 784

C Evaluation Details on PaperArena-Hub

C.1 Tool Library Implementation

To facilitate agent interaction with scientific literature and exter-
nal knowledge sources, we implement a comprehensive suite of
tools on the PaperArena-Hub. Each tool is designed with specific
inputs, outputs, parameters and descriptions to perform distinct
tasks. Table 8 provides a detailed overview of the tool library.

C.2 Evaluation Setup

We evaluate nine state-of-the-art LLMs: Gemini-2.5-Pro-2506, OpenAl-
04-mini-high-2504, Claude-Sonnet-4-2505, GPT-4.1-2504, Claude-
3.5-Sonnet-2410, Qwen3-235B-Thinking-2507, GLM-4.5-2507, Qwen3-
235B-Instruct-2507, and Kimi-K2-Instruct-2507. For all agent-based

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

evaluations, we use a consistent set of inference parameters: the
temperature of 0.7, top_p of 0.9, a maximum of 4096 output tokens,
and a maximum of 40 reasoning steps per question.

To establish a human expert baseline, we recruit three computer
science Ph.D. candidates to complete the PaperArena-Human subset.
The evaluation is conducted under controlled conditions: partic-
ipants are allotted 16 hours over two days and are permitted to
use standard tools, including GPT-4o for document comprehension,
web search for information retrieval, and Python for coding tasks.

We assess performance using three primary metrics:

Correctness. We employ an LLM-as-a-Judge protocol where GPT-
40 assigns a binary score Scorr € {0, 1} to each answer. An answer
is deemed correct if its final conclusion is accurate and supported
by valid reasoning, regardless of stylistic format.

Reasoning Steps. To measure solution complexity, we compute
the average number of tool calls in an agent’s executed tool chain,
7°%¢¢_ For a set of questions Q, the average reasoning steps are:

1
Average Steps = ﬂ Z |75 ). (5)
Q q€Q
Reasoning Efficiency. To assess how concisely an agent solves a

problem, we measure the overlap between the executed tool chain
exec

7% and the ground-truth chain 72!, normalized by the length of
the executed chain:
t
| 1o e
Average Efficiency = @ Z W (6)
q

q€Q
To ensure reliability, we manually verify all human answers and a
sample of LLM responses on the PaperArena-Human subset.

C.3 Analysis of Reasoning Errors

Beyond quantitative metrics, we conduct a experiment to under-
stand the sources of inefficiency in agent reasoning. By examining
tool outputs, error messages, and the agent’s subsequent actions,
we perform a detailed attribution of erroneous and redundant tool
calls. We categorize these issues into four primary types:

Parameter Error. This error occurs when an agent invokes a tool
with incorrect or improperly formatted parameters. For example, an
agent might mistakenly provide a year when a month is expected
in a database query, leading to a failed retrieval.

Logical Error. This category includes actions that violate the
logical dependencies of a task. A common example is an agent
attempting to analyze a figure from a paper before executing the
PDF Parser to load the document’s content.

Redundant Action. This refers to tool calls that are unnecessary
because the required information has already been obtained. For
instance, an agent may fail to recall a previous action and re-execute
the PDF parser on a document that has already been processed.

Tool Failure. This type of error covers cases where a tool fails to
run correctly despite being called with valid parameters. Such fail-
ures are often external, such as a web search that returns no results
due to network issues or content filters on sensitive keywords.
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Table 8: Detailed specification of the implemented tool library on the PaperArena-Hub.

Tool Name Description Input Output Parameters Detailed Operation

PDF Parser Parses the non-readable PDF into PDF binary file Markdown content and each pdf_path Employs the MinerU to extract text, tables,
an LLM-readable structured format. layout block (JSON). and figures along with their layout.

Database Querier Retrieves papers from a vector data- Conference name, pa- List of relevant paper informa- conference, First applying BM25 for sparse retrieval, fol-
base based on topic or keywords. per status (e.g., Poster).  tion. status lowed by dense retrieval using cosine simi-

Code Executor

Cross-Ref
Searcher

Web Searcher

Executes code snippets in a sand-
boxed environment for calculations
or replication.

Finds and resolves bibliographic ci-
tations within a paper using arxiv
APIs.

Queries web search engines to find
background information on con-
cepts, terms, or technique&

String containing code
to be executed.

Citation key string from
the paper text.

Search query string.

Standard output (stdout) and
standard error (stderr)

Structured citation data includ-
ing title, abstract, and URL.

Snippets of information and cor-
responding source URLs.

code, timeout

citation_key

query, n_nums

larity.

Utilizes a secure, sandboxed Python envi-
ronment to execute arbitrary code strings
and return the execution results.

Extracts reference text from the document
and leverages GPT-4o to parse and retrieve
corresponding bibliographic details.

Interfaces with the SerpAPI to perform web
searches and parse the returned results into
a structured format.

Context Retriever Performs semantic search over long  Query string. Relevant text chunks. query, top_k Uses text-embedding-3-small to embed
texts to find relevant passages [61]. the query and chunks, then performs simi-

larity search.

Figure Analyzer  Analyzes visual content within fig- A  specific question Extracted textual or numerical figure_id, Feeds the figure and its caption directly to
ures and charts to extract informa- about the figure. data from the figure. query a multimodal LLM. If the base LLM is not
tion. multimodal, it first enriches the caption via

GPT-4o0.

Table Analyzer Extracts specific data points or ver- A specific question Extracted textual or numerical table_id, Converts the table image into structured
ifies trends from tables by parsing about the table. data from the table. query HTML for LLM processing to avoid context
their structure. limits of image input.

Table 9: Core components of the prompt for QA generation.
Component Content
Expert Role An Al Research Analyst and creative Content Creator, tasked with crafting insightful questions that test an
agent’s complex reasoning abilities on scientific literature.
Primary Task Generate Question-Answer pairs with associated metadata, including the required tool chain and difficulty

Core Principle

Precision Requirement

QA Metadata

QA Type Example

Difficulty Level Exam-

ple

Available Tools

Question Templates

Final Output Format

level, specifically for an Agentic Paper QA benchmark.

Questions must be unanswerable by a LLM’s direct reasoning, compelling an agent to execute a workflow,
interact with knowledge, and perform external verifications.

interaction and data retrieval operations.

All entities must be precise (e.g., Table 1, [Smith et al., 2023]) to provide unambiguous identifiers for tool

Each QA pair must be assigned a Type (e.g., Open Answer) and Difficulty (e.g., Hard) to ensure a diverse and
well-structured evaluation benchmark.

50 to 100 words, going beyond simple fact retrieval.

four or more sequential tool calls to derive the final answer.

Open Answer: Requires synthesizing, analyzing, and reasoning to produce a structured, logical paragraph of

Hard: Involves in-depth verification, causal analysis, or synthesizing heterogeneous sources, thus requiring

A sandbox environment with tools like PDF Parser, Code Executor, Cross-Ref Searcher, and Table Analyzer to
query, process, and verify information from documents.

programmatically replicating quantitative results reported in tables.

and a clear reasoning text explaining tool necessity.

Provide inspiration for complex reasoning patterns, such as verifying a paper’s claims against its citations or

A structured JSON list where each object contains the question, answer, all metadata, the required tool_chain,
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