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Abstract. Scientific research follows multi-turn, multi-step workflows
that require proactively searching the literature, consulting figures and
tables, and integrating evidence across papers to align experimental set-
tings and support reproducible conclusions. This joint capability is not
systematically assessed in existing benchmarks, which largely under-
evaluate proactive search, multi-evidence integration and sustained ev-
idence use over time. In this work, we introduce EpiBench, an episodic
multi-turn multimodal benchmark that instantiates short research work-
flows. Given a research task, agents must navigate across papers over
multiple turns, align evidence from figures and tables, and use the ac-
cumulated evidence in the memory to answer objective questions that
require cross-paper comparisons and multi-figure integration. EpiBench
introduces a process-level evaluation framework for fine-grained test-
ing and diagnosis of research agents. Our experiments show that even
the leading model achieves an accuracy of only 29.23% on the hard
split, indicating substantial room for improvement in multi-turn, multi-
evidence research workflows. Code and data are available at https:
//github.com/RetroDnix/EPIBench.

Keywords: Multi-turn Research · Proactive Search · Multimodal Inte-
gration · Evidence Memory

1 Introduction

The accelerating expansion of the scientific literature has made literature review,
verification, and experimental reproduction increasingly costly and time con-
suming, creating a pressing demand for automated research assistance [15, 30].
This demand has fueled growing interest in research agents for literature re-
view, verification, and experimental reproduction. Recent advances in large mul-
timodal models and tool-using agents make this direction increasingly practical,
enabling systems to browse the web, read PDFs, invoke external tools, and pro-
duce citation-supported answers with intermediate traces [19,22,36]. As a result,
agents are now expected to locate relevant articles, interpret figures and tables,

https://github.com/RetroDnix/EPIBench
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Table 1: Comparison of agentic reasoning benchmarks by key capabilities. ✓ indicates
supported, and × indicates not supported.

Benchmark Cross-paper
Integration

Multimodal
Integration

Proactive
Search

Evidence
Memory

Multi-turn
Dialogue

Non-paper benchmarks

MMCR [35] × × × × ✓
Vision-DeepResearch [37] × ✓ ✓ × ×
MMDU [13] × ✓ × × ✓
VisChainBench [14] × ✓ × × ×
MMDeepResearch [8] ✓ ✓ ✓ × ×
MMSearch-Plus [26] × ✓ × × ×

Paper-centric benchmarks

LiveXiv [23] × × × × ×
CharXiV [33] × × × × ×
SPIQA [18] × × × × ×
SciVQA [16] × × × × ×
SCIGraphQA [11] × × × × ×
SIN-Bench [20] × ✓ × × ×
PaperArena [32] ✓ ✓ × × ×
EpiBench (Ours) ✓ ✓ ✓ ✓ ✓

align experimental settings across sources, and deliver conclusions that can be
checked and reproduced.

Despite these advances, current evaluations still fall short of real research
workflows, especially in paper-related settings. Table 1 suggests two fundamen-
tal mismatches. First, benchmark design is often not workflow-faithful. Many
tasks begin from an explicitly specified target paper or direct identifiers, so agents
are not required to perform proactive search from citation cues or indirect hints.
When the target is already known, questions are frequently answerable from
a single figure or table, and cross-paper multimodal integration over multiple
figures and tables is seldom necessary [20, 33]. In addition, many benchmarks
provide limited coverage of multi-turn research episodes where evidence must be
accumulated, refined, and reused over time. Second, the evaluation protocol
is incomplete. Because repeated re-browsing is typically allowed, benchmarks
rarely measure whether an agent reuses previously acquired evidence, and they
seldom check whether intermediate evidence is correctly grounded, which makes
evidence attribution errors and integration failures hard to diagnose [18, 23].
These two mismatches naturally lead to two core gaps. (Problem 1) existing
benchmarks do not comprehensively assess human-like workflows that require
proactive search, multi-turn interaction, and cross-paper multimodal evidence
fusion over time. (Problem 2) existing protocols lack process-level metrics for
evidence reuse and evidence correctness needed for fine-grained diagnosis.

To address Problem 1, we introduce EpiBench, a benchmark that evaluates
research workflows at the process level. Each instance is an episodic multi-turn
task that simulates a short research process. In our formulation, the task de-
scription does not provide a target paper or direct identifiers, mirroring realistic
user queries that rarely include precise citations. This setting requires agents
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Fig. 1: EpiBench motivation and key features. Top: A human research workflow
proceeds iteratively from posing a question to searching papers, inspecting figures and
tables, aligning evidence across papers, archiving findings, and validating the final
claim. Bottom: EpiBench mirrors this workflow with four benchmark features: multi-
turn coherence, active paper search, cross-paper grounding over figures and tables, and
evidence memory that supports reuse in later turns.

to perform proactive search, using citation cues and indirect hints to dis-
cover multiple papers, extract structured evidence from specific figure and
table regions, and repeatedly integrate evidence across turns to produce the fi-
nal answer. The questions are objective and enforce cross-paper multi-figure and
multi-table alignment through comparisons, selection rules, and set-style con-
straints grounded in visual legends and plotted values. This design reduces the
possibility of answering from prior world knowledge or incomplete visual context,
and it directly tests an agent’s ability to accumulate and integrate multimodal
evidence over multi-turn interaction.

To address Problem 2, EpiBench goes beyond task design and introduces
an access-budget evaluation setting that quantifies evidence reuse and efficiency
from agent interaction logs. As illustrated in Fig. 1, we focus on human-like re-
search workflows where evidence is actively collected, aligned, and reused across
turns. To enforce memory-based reuse, we restrict the agent to answering ques-
tions exclusively from memory without invoking external tools when reuse is
required. To measure reuse correctness and evidence grounding, we annotate re-
quired evidence units at the granularity of paper identifiers and figure or table
identifiers, enabling automatic provenance-based scoring. Using these traces, we
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evaluate not only final correctness but also evidence reuse and tool efficiency,
and we diagnose failures such as retrieval errors, perception errors, stale or in-
consistent reuse, and reasoning errors.

We conduct extensive experiments with representative open source and closed
source Large Multimodal Model (LMM) based agents and observe that research
workflow performance remains limited. Beyond the final accuracy, intermediate
traces reveal brittle behavior. Agents often rely on incomplete visual evidence,
link answers to incorrect figures or tables, and resort to erroneous memory or
prior knowledge instead of seeking information that truly supports the evidence.
These failure modes are difficult to diagnose with accuracy alone, but are exposed
by EpiBench through process level evaluation of evidence grounding, memory
reuse, and tool efficiency. We expect EpiBench to support the development of
more reliable research agents and to accelerate progress in multimodal literature
understanding and evidence based scientific reasoning.

Our main contributions are summarized as:

– We introduce EpiBench, an episodic workflow-level benchmark for research
agents, filling a key gap in prior evaluations that largely lack process-level
research-workflow tasks. It requires proactive search across papers and joint
use of figures, tables, and text, with each retrieved paper contributing essen-
tial evidence to the final answer.

– We propose a budgeted evaluation protocol with annotations and diagnos-
tics of the evidence unit to measure episode success, evidence grounding,
evidence reuse, and tool efficiency under explicit access constraints of paper
and figures.

– We identify robustness weaknesses of current LMM agents on research-
workflow tasks: they often hallucinate answers based on prior knowledge or
incomplete visual evidence, and fail to reliably retrieve, ground, and reuse
evidence correctly across papers and figures over multiple turns.

2 Related Work

2.1 Benchmarks on Scientific Literature

Recent benchmarks have explored scientific document understanding, particu-
larly focusing on figures and charts in scholarly papers. Datasets such as SciVQA
[16], CharXiv [33], and SPIQA [18] study question answering over scientific fig-
ures, while LiveXiv [23] extends this paradigm by generating large-scale and
continuously updated VQA tasks from academic papers. More recent work has
focused on multimodal reasoning across figures and textual context. For example,
SIN-Bench [20] simulates multi-step workflows such as evidence discovery and
grounded question answering in long multimodal documents. PaperArena [32]
is a closely related benchmark that evaluates tool-augmented multi-hop naviga-
tion across academic papers. However, its tasks rarely require jointly integrating
information from multiple figures and tables to derive an answer.
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However, these benchmarks remain largely limited to single-document set-
tings. Most tasks involve answering isolated questions about a single figure, table,
or text span within one paper, so they rarely require integrating multimodal ev-
idence across multiple figures and tables or aligning evidence across multiple
papers, and they seldom require reusing information obtained from earlier ques-
tions. In contrast, EpiBench evaluates agents in a setting that requires cross-
paper reasoning, multi-figure and multi-table evidence integration, and iterative
evidence accumulation and reuse across turns.

2.2 Multi-Turn Benchmarks and Long-Horizon Memory

Several recent benchmarks investigate multi-turn reasoning in multimodal set-
tings. MMDU [13] introduces multi-image, multi-turn dialogues derived from
Wikipedia content. MULTIVERSE [10] further expands this direction by con-
structing a dataset with greater scale and depth, while MMCR emphasizes con-
textual reasoning across dialogue turns to improve model performance.

The development of multi-turn benchmarks has extended the reasoning hori-
zon required to solve a question, necessitating that agents reuse information accu-
mulated during earlier reasoning steps. However, existing studies (e.g., Memory-
QA [9] and EMP [4]) primarily focus on retrieving answers to individual queries
from previously stored memories. Moreover, they are generally not paper-centric
and rarely require cross-paper multimodal evidence integration over figures and
tables. In contrast, EpiBench targets research workflows by requiring agents
to iteratively explore multiple papers, integrate multimodal evidence, and build
upon prior findings across turns to answer objective, evidence-grounded scientific
questions.

3 EpiBench: The Benchmark

In this section, we introduce EpiBench and describe its benchmark design. We
first formalize the episodic task setting and the corresponding evidence and pro-
cess annotations, followed by our benchmark construction pipeline. Furthermore,
we summarize the key features that distinguish EpiBench from existing bench-
marks. Finally, we define the evaluation metrics used throughout the paper.

3.1 Task Formulation

EpiBench evaluates research agents on episodic multi-turn tasks grounded in
multimodal evidence from scientific papers. Each episode is a sequence of turns
{(qt, It)}Tt=1, where qt is an objective question and It optionally provides a seed
cue such as an image snippet or a short bibliographic hint. The agent answers
each qt and may invoke an external toolkit T for paper discovery and content
access, including searching for papers, opening a paper, and extracting figures,
tables or text. Figure 2 illustrates a representative episode and the corresponding
tool-use workflow.
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Fig. 2: Example episode and tool-use workflow in EpiBench. A research task
is instantiated as a multi-turn question chain. At each turn, the agent uses tools to
search for relevant papers, open PDFs, and locate and extract target figures or tables.
Retrieved evidence is stored in a memory pool and reused in later turns. The final turn
requires multi-evidence fusion across papers, combining visual and textual evidence in
the memory pool to produce the structured answer.

3.2 Benchmark Construction

We construct EpiBench through an expert extraction, expansion, and curation
pipeline on papers. We first collect a seed set of classic papers from public venues
and preprint repositories, including OpenReview [2] and arXiv [1]. The seed set
covers six broad areas of computer vision and machine learning and contains 68
representative papers.

Next, we expand the candidate pool using Connected Papers [25], a citation
graph exploration tool that discovers relevant papers around each seed paper at
scale. After deduplication and basic quality filtering, we obtain a pool of 485
papers as the source corpus for episode construction.

We then use GPT-5.2 [17] to draft episodic question chains. Each draft
episode is designed to follow a research workflow. Early turns locate papers
and extract evidence from specific figures or tables. Later turns require reusing
previously accessed evidence and integrating multiple evidence units across pa-
pers. For each turn, we also generate a checklist of tool calls, where each call
specifies the target paper and, when applicable, the target figure or table. This
supports verification of the intended solution path.

Finally, five master-level candidates in computer science refine, validate, and
curate the generated episodes. They remove ambiguous cases, correct evidence
targets, and resolve annotation inconsistencies through a final consolidation pass,
ensuring that each required paper contributes essential evidence to the final
answer. The resulting benchmark contains 102 high-quality episodes, split into
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Fig. 3: Dataset overview of EpiBench. Left: Statistics of the EpiBench dataset by
difficulty level. Middle: Data distribution across categories. Right: Episode counts
across subject areas stratified by difficulty.

Easy (37) and Hard (65). Difficulty is assigned based on the required number of
turns, the amount of cross-paper and multimodal evidence integration, and the
extent of evidence reuse required in later turns. Figure 3 illustrates key statistics
of the benchmark. The left panel shows the average count of papers, turns, and
images across different difficulty levels. The middle panel presents the overall
distribution across difficulty levels and answer formats. The right panel further
breaks down the number of episodes by subject area for the easy and hard splits.

3.3 Key Features of EpiBench

Multi-turn research episodes. EpiBench evaluates agents on short research
workflows rather than isolated questions. Each instance is organized as an episode
with multiple turns, where later questions depend on evidence acquired earlier.
This structure captures common research behaviors such as iterative retrieval,
progressive refinement of hypotheses, and cross-turn consistency requirements,
and it exposes failure modes that do not appear in single-turn settings.
Multimodal evidence integration across papers. The benchmark empha-
sizes evidence fusion from figures, tables, and text. Questions are designed so
that a correct answer requires aligning information across multiple visual arti-
facts and, in many cases, across multiple papers linked by citations or indirect
cues. This setting stresses multimodal grounding, such as reading plotted val-
ues and legends, extracting table entries, and reconciling experimental settings
across sources.
Proactive citation-guided search. EpiBench requires agents to proactively
discover relevant papers instead of starting from an explicitly specified target
title or identifier. Agents must use citation cues and indirect hints accumulated
during the episode to formulate search queries, follow reference trails, and re-
solve paper identities, which better reflects realistic research settings where users
rarely provide precise citations.
Evidence reuse with process supervision. EpiBench explicitly targets
memory use by marking evidence units that should be reused in later turns.
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In particular, for the final high-difficulty turn that requires fusing all previously
acquired multimodal evidence, we disable tool access to enforce memory-based
reuse rather than repeated re-browsing. This enables process-level evaluation
of whether agents revisit the right evidence and reuse earlier findings correctly
when appropriate.

3.4 Evaluation Metrics

We report four metrics that capture success rate, evidence correctness, minimal-
ity gap and error analysis.
Success rate. We report episode success rate (ESR), where an episode is
counted as correct only if the agent answers all turns correctly. Since the final
turn is intentionally harder and requires multi-evidence fusion, we additionally
report turn-level accuracy for the final turn (Accfinal) and the average accuracy
over all non-final turns (Accpre).
Evidence correctness. To verify that correct answers follow the intended rea-
soning path rather than lucky guesses, we annotate each turn t with a set of
required evidence units Ei,t, indexed by paper identifier and figure or table iden-
tifier, and evaluate whether the agent’s accessed evidence Ai,t from the tool trace
aligns with Ei,t on correctly answered turns:

EC =

∑N
i=1

∑Ti

t=1 yi,t |Ei,t ∩ Ai,t|∑N
i=1

∑Ti

t=1 yi,t |Ei,t|
. (1)

This measures the fraction of required evidence units that are actually accessed
when the answer is correct.
Minimality gap. Each episode is annotated with a checklist that specifies a
minimal viable tool-use path with c⋆i tool calls. Let ci be the number of tool
calls executed by the agent in episode i, and let si ∈ {0, 1} indicate episode
success. We report the minimality gap on successful episodes:

MGsucc =
1∑N

i=1 si

N∑
i=1

si ·
ci
c⋆i

. (2)

A larger gap indicates more redundant tool usage relative to the minimal viable
solution path.
Error analysis. To understand failure modes beyond aggregate accuracy, we
perform trace-based error attribution. For each failed episode, we assign a single
error label based on the earliest point of failure in the tool trace and evidence
alignment, and then report the proportion of episodes in each category.

4 Agent Framework

This section describes the agent implementation used in our experiments. Our
goal is to provide a clean and reproducible interface that couples an LMM
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with external tools and a persistent memory, and supports detailed logging for
process-level evaluation. We build on smolagents [21] and adapt it to our
episodic paper-centric setting.

4.1 Agentic Workflow

At each turn t, the agent receives a question qt and optional images. It maintains
a memory state Mt that stores all previously observed content in the episode.
The agent follows an iterative loop that alternates between tool invocation and
answering. In practice, we implement this loop using function-calling. The model
decides whether to call a tool and how to parameterize the call based on the
current question and memory context.

4.2 Tool Environment

We provide four tools tailored to literature search and paper content access.

– Web Search. Queries a search backend and returns ranked results with
titles, snippets, and URLs. We use both Google search and DuckDuckGo
search as backends [6,7]. This tool is used to locate candidate papers, resolve
paper identities from indirect cues, and follow citation leads.

– PDF Extractor [31]. Given a paper identifier (for example, title or
arXiv ID), this tool downloads the PDF and parses it into a normalized
markdown representation.

– PDF Extractor RAG. Performs retrieval over the cached markdown
for a given paper. Given a text query, it returns the most relevant spans
together with lightweight provenance, such as section context and figure or
table references. This tool supports targeted evidence lookup without re-
reading the full paper.

– Content Extractor. Extracts a specified figure or table from a cached
paper. For figures, it returns the figure image and caption context. For tables,
it returns a structured table representation together with surrounding text
when available. This tool is used when a question requires visual grounding.

All tools share a unified interface and return structured outputs that can be
appended to memory and traced during evaluation.

4.3 Memory Management

Memory is implemented as an episode-level chronological store. We append re-
trieved PDFs, extracted figures and tables, and tool observations in the order
they are accessed. This design keeps the agent state transparent and enables
post hoc computation of reuse and efficiency metrics from the interaction trace.

To stress evidence reuse, we run the final turn in a memory-only mode for
episodes that require reuse. In this mode, we disable all tools. The agent must
answer using evidence already stored in memory rather than re-browsing or re-
downloading documents. This setting isolates memory utilization from additional
retrieval and makes reuse behavior measurable and comparable across models.
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5 Experiment

5.1 Experimental Setup

Models. We evaluate six representative open-source and four closed-source
LMMs as agent backbones. Our open-source baselines include the Qwen3.5-
9B, Qwen3.5-35B-A3B [28], Qwen3-VL-235B-A22B-Instruct, Qwen3-VL-235B-
A22B-Thinking [3], GLM-4.5V [29], and Kimi-K2.5 [27]. Our closed-source base-
lines include GPT-5-Mini [24], GPT-5.2 [17], Grok-4.1 [34], and Gemini-2.5-
Pro [5]. We also include a human baseline from two computer-science master-
level candidates, who solve the same episodes under the same tool interface.
Evaluation Metrics. We report three primary outcome metrics in the main
table, episode success rate (ESR), accuracy on the final turn (Accfinal), and accu-
racy on all non-final turns (Accpre). Full metric definitions are given in Sec. 3.4.
All turn answers are scored with the LLM-as-a-Judge [12], where GPT-5.2 [17]
assigns binary correctness labels under a fixed rubric. In addition, we present di-
agnostic analyses using evidence correctness and minimality gap, together with
an error analysis that attributes failures to retrieval, perception, memory read-
ing, or reasoning.
Implementation Details. We employ a ReAct-like [36] workflow, in which the
agent first generates a plan outlining its intended actions before producing ex-
ecutable code for tool invocation. For each turn within an episode, the agent is
constrained by a limited step budget (10 steps by default). If the agent fails to
provide a final answer within the allotted steps, it is granted one additional op-
portunity to summarize its exploration process and deliver an alternative answer
in a single response. For generation, we use the default decoding configuration
for all evaluated models and enable their reasoning mode when available.

5.2 Main Results

Table 2 summarizes the main results on EpiBench across ten LMMs under our
agentic workflow. Across all models, GPT-5.2 achieves the best overall perfor-
mance, and it is also the strongest model on the Hard split in terms of ESR,
reaching 29.23%. Among the newly included Qwen3.5 models, Qwen3.5-35B-
A3B substantially outperforms Qwen3.5-9B in overall ESR, but still trails the
strongest closed-source model and Kimi-K2.5. However, even for the most capa-
ble closed-source systems, high turn-level accuracy on non-final turns does not
translate into reliable end-to-end performance. Accpre remains relatively high
for several closed-source models, yet Accfinal and ESR drop sharply, indicating
that multi-evidence fusion across papers and figures or tables, together with
memory-based evidence reuse, remains a major bottleneck.

Notably, Accfinal is particularly informative in our setting because the fi-
nal turn is designed to require reuse of previously retrieved evidence and joint
reasoning over multiple evidence units. The persistent gap between Accpre and
Accfinal, together with the low ESR on hard episodes, suggests that failures of-
ten arise after initial evidence acquisition, when agents must organize, recall,
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Table 2: Main results on EpiBench. We report episode success rate (ESR, %), ac-
curacy on the final turn (Accfinal, %), and accuracy on all non-final turns (Accpre,
%), stratified by difficulty. Instr. denotes instruction-tuned models and Think. denotes
thinking-mode models.

Base LMM
Easy Hard Average

ESR Accfinal Accpre ESR Accfinal Accpre ESR Accfinal Accpre

Open-source models

Qwen3.5-9B 5.26 55.26 41.11 0.00 36.07 24.07 2.02 43.43 28.33
Qwen3.5-35B-A3B 32.43 77.78 57.61 10.77 46.88 52.30 18.63 58.00 53.60
Qwen3-VL-235B-Instr. 16.98 41.51 70.67 8.16 51.02 49.77 12.75 46.08 55.17
Qwen3-VL-235B-Think. 30.00 65.00 76.09 3.23 43.55 43.84 13.73 51.96 51.90
GLM-4.5V 8.11 51.35 38.95 0.00 30.77 29.17 2.94 38.24 31.59
Kimi-K2.5 52.94 73.53 89.77 26.15 49.23 79.51 35.35 57.58 81.91

Closed-source models

GPT-5-Mini 29.73 62.16 84.21 21.54 50.77 74.65 24.51 54.90 77.02
GPT-5.2 58.33 77.78 91.30 29.23 49.23 86.46 39.60 59.41 87.63
Grok-4.1 15.38 66.67 63.10 6.35 39.68 51.07 9.80 50.00 53.85
Gemini-2.5-Pro 27.03 64.86 75.79 7.69 46.15 57.29 14.71 52.94 61.88

Human Baseline

Human 91.43 97.14 96.67 81.36 94.42 95.79 85.11 95.74 96.01

and align evidence under constraints. In contrast, two master-level candidates
achieve substantially higher performance, highlighting a large gap between cur-
rent agents and expert research workflows. To understand where models break
down, we next present a process-level analysis of tool use and evidence chains in
Sec. 5.3, followed by a focused study of memory reuse behavior and its impact
on success in Sec. 5.4.

5.3 Process-Level Diagnostics and Error Analysis

To understand why high turn-level accuracy does not translate into high episode
success, we analyze process-level behaviors beyond final answers. Table 3 reports
evidence correctness (EC), measuring alignment to required evidence units, and
minimality gap (MG), measuring tool-call redundancy relative to the minimal
viable checklist. GPT-5.2 and Kimi-K2.5 achieve consistently high EC, suggest-
ing that their correct answers are more often supported by sufficient evidence,
whereas other models more frequently rely on prior knowledge or guessing. MG
varies widely and is weakly coupled with EC, and redundancy is often higher
on Easy than on Hard, consistent with over-exploration on simpler tasks. Com-
pared with master-level candidates, both EC and MG reveal a substantial gap,
motivating finer-grained error analysis from interaction traces.

Notably, EC and MG quantify whether agents follow the intended evidence
path and how efficiently they use tools, but they do not explain why episodes fail.
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Table 3: Process-level diagnostics on representative models with complete tool traces.
We report evidence correctness (EC, %) and minimality gap (MG) by difficulty. Higher
EC is better. Lower MG is better. Instr. denotes instruction-tuned models and Think.
denotes thinking-mode models.

Base LMM Easy Hard Average

EC ↑ MG ↓ EC ↑ MG ↓ EC ↑ MG ↓

Open-source models

Qwen3-VL-235B-Instr. 64.63 1.41 63.48 1.03 63.85 1.23
Qwen3-VL-235B-Think. 54.55 1.02 45.66 1.00 48.63 1.01
GLM-4.5V 24.49 2.60 31.20 2.60 29.31 2.60
Kimi-K2.5 81.30 1.49 84.91 1.20 84.13 1.35

Closed-source models

GPT-5-Mini 75.40 3.00 82.43 1.94 80.75 2.32
GPT-5.2 85.93 1.34 86.15 1.27 86.10 1.30
Grok-4.1 85.71 3.33 78.33 2.88 80.12 3.07
Gemini-2.5-Pro 71.30 2.17 68.71 1.41 69.39 1.80

Human Baseline

Human 83.45 1.00 88.35 1.02 86.88 1.01

We therefore conduct an error-rate analysis by attributing each failed episode to
its earliest point of deviation in the tool trace and evidence alignment. Specifi-
cally, based on their underlying causes, we categorize the failures into five types:

Fig. 4: Failure-type distribution (%)
across models.

Retrieve errors arise when the agent
fails to locate the intended papers. Per-
ception errors occur when the agent
accesses the relevant evidence but mis-
reads or misinterprets figures or ta-
bles. Reasoning errors refer to incor-
rect integration or constraint satisfac-
tion despite having accessed the neces-
sary evidence. Reading Memory er-
rors capture cases where the required
evidence was retrieved earlier but is not
correctly reused at later turns, includ-
ing conflation across sources or missing
evidence selection during final fusion.
Others collects residual failures that
do not fit the above categories, such as
max-step terminations, runtime errors
or pdf-parsing errors.

Figure 4 summarizes failure-type
distributions across models. We observe
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(a) Final-turn tool access. (b) Removing PDF text RAG.

Fig. 5: Ablations on memory-centric constraints. (a) Allowing tool use in the final
turn yields a large recovery in ESR and Accfinal, indicating that multimodal evidence
cached across turns is often insufficient for reliable final fusion under the memory-
only protocol. (b) Removing PDF text RAG has mixed effects and generally smaller
impact, suggesting that the primary bottleneck lies in multimodal evidence selection
and alignment rather than text retrieval alone.

a clear shift in where different agents
break down. Gemini-2.5-Pro and Qwen3-VL-Thinking are dominated by Re-
trieve errors, suggesting that they often fail before reaching the stage where
multi-evidence fusion becomes decisive. In contrast, stronger reasoning-oriented
models shift mass toward later-stage failures. GPT-5.2 and Kimi-K2.5 show
larger shares of Perception and Reasoning errors, indicating that once re-
trieval succeeds, the remaining bottleneck lies in reliable multimodal evidence
alignment and integration. GPT-5.2 also exhibits a higher Reading Memory
error rate, which is consistent with it reaching memory-reuse turns more often
due to stronger early evidence acquisition. This still highlights substantial room
for improvement in multimodal evidence reuse from memory.

5.4 Impact of Evidence Memory and Final-Turn Constraints

We probe how memory constraints affect episodic success with two ablations
in settings where EpiBench requires multi-evidence fusion across turns. First,
we compare the main memory-only protocol (tools disabled on the final turn)
with a relaxed setting that enables tool use on the final turn, which serves
as an upper-bound style reference when agents are allowed to re-open and re-
browse documents. Second, we remove the PDF text RAG tool to isolate the
contribution of within-document text retrieval.

As shown in Fig. 5a, allowing tool use on the final turn substantially improves
ESR and Accfinal, suggesting that memory-based reuse and multi-evidence inte-
gration remain a primary bottleneck. Figure 5b shows that removing text RAG
has smaller and model-dependent effects, suggesting that text retrieval is not the
main limiting factor for these episodes. Overall, the results point to multimodal
evidence selection, indexing, and alignment in memory as the primary challenge
for reliable research-workflow completion.
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Fig. 6: Closed-book no-tool ablation on EpiBench. Solid bars show no-tool ESR, and
hatched bars show the gain from the tool-augmented agent. The sharp drop indicates
that EpiBench requires active evidence acquisition and multimodal integration.

5.5 Closed-book No-tool Ablation

To further examine whether the benchmark can be solved by parametric memory
alone, we conduct a closed-book no-tool ablation. In this setting, all external
tools are disabled throughout the episode, including web search, PDF extraction,
PDF text retrieval, and figure/table extraction. The agent must answer each turn
directly from its internal knowledge and the dialogue context.

As shown in Fig. 6, disabling tools causes a substantial performance drop
across the models included in this ablation. On the overall split, GPT-5.2 de-
creases from 39.6% to 6.9% ESR, and Kimi-K2.5 decreases from 35.4% to 6.9%.
Qwen3-VL-235B-Thinking also drops from 13.7% to 2.9%, while GLM-4.5V re-
mains low in both settings. The gap is especially clear on the hard split, where
no-tool ESR is at most 3.1% for all models in this ablation, compared with 29.2%
for GPT-5.2 and 26.2% for Kimi-K2.5 under the full tool-augmented setting.
These results suggest that EpiBench cannot be reliably solved by closed-book
parametric knowledge alone. Instead, successful episode completion depends on
proactive search, evidence access, and cross-paper multimodal integration.

5.6 Effect of Reasoning Step Budget

We analyze how the step budget affects episodic performance by varying the
maximum number of tool calls Smax ∈ {5, 10, 15} while keeping all other settings
fixed. Figure 7 reports episode success rate (ESR) together with the max-steps
error rate, which captures failures caused by exceeding the step limit.

Figure 7a shows a consistent improvement in ESR when increasing the bud-
get from 5 to 10 across the evaluated models, but little to no additional gain
when further increasing to 15, indicating a saturation regime. Figure 7b explains
part of this behavior: max-steps errors drop sharply from 5 to 10, suggesting that
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(a) Episode success rate (ESR). (b) Max-steps error rate.

Fig. 7: Effect of step budget Smax on episodic performance. (a) ESR increases from 5
to 10 steps but saturates from 10 to 15. (b) Max-steps error rate drops sharply from
5 to 10, indicating fewer budget-induced terminations, while additional budget yields
diminishing returns.

a tighter budget often truncates episodes before agents complete evidence acqui-
sition and recovery steps. In contrast, the decrease from 10 to 15 is small while
ESR remains nearly unchanged, implying that remaining failures are not primar-
ily due to insufficient steps. Instead, beyond a moderate budget, performance
is limited by systematic issues in evidence grounding, cross-evidence alignment,
and memory-based evidence reuse that additional tool calls do not resolve.

6 Conclusion

We introduced EpiBench, an episodic multi-turn multimodal benchmark that
evaluates research agents in short, process-level workflows requiring proactive
cross-paper navigation, visual evidence extraction, and memory-based reuse for
objective multi-evidence questions. By emphasizing cross-paper multi-figure and
multi-table integration under workflow constraints, EpiBench provides fine-
grained evaluation and diagnostics beyond single-turn accuracy. Experiments
on leading open-source and closed-source agents show that current systems re-
main far from reliable research assistance, with the best model reaching only
29.23% on the hard split, highlighting persistent bottlenecks in evidence ground-
ing, multi-evidence fusion, and robust reuse of previously acquired evidence. We
hope EpiBench will serve as a practical platform for developing more verifiable,
efficient, and reproducible research agents.
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