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Abstract

Deep research agents powered by Large Lan-
guage Models (LLMs) can perform multi-step
reasoning, web exploration, and long-form re-
port generation. However, most existing sys-
tems operate in an autonomous manner, as-
suming fully specified user intent and evalu-
ating only final outputs. In practice, research
goals are often underspecified and evolve dur-
ing exploration, making sustained interaction
essential for robust alignment. Despite its
importance, interaction remains largely invis-
ible to existing deep research benchmarks,
which neither model dynamic user feedback
nor quantify its costs. We introduce IDR-
Bench, the first benchmark for systematically
evaluating inferactive deep research. IDR-
Bench combines a modular multi-agent re-
search framework with on-demand interac-
tion, a scalable reference-grounded user sim-
ulator, and an interaction-aware evaluation
suite that jointly measures interaction bene-
fits (quality and alignment) and costs (turns
and tokens). Experiments across seven state-
of-the-art LLMs show that interaction consis-
tently improves research quality and robust-
ness, often outweighing differences in model
capacity, while revealing substantial trade-offs
in interaction efficiency. The source code
is available at https://anonymous.4open.
science/r/IDRBench-F650.

1 Introduction

Large Language Models (LLMs) have revolution-
ized information seeking, evolving from single-turn
question answering to deep research agents that per-
form autonomous multi-step reasoning, web nav-
igation, and long-form report generation (Zheng
etal., 2024; Li et al., 2025; Zheng et al., 2025; Guo
et al., 2025; Yun and Jang, 2025). Unlike tradi-
tional Retrieval-Augmented Generation (RAG) sys-
tems (Gao et al., 2023; Wang et al., 2024), which
typically address isolated queries, deep research
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Figure 1: Comparison of autonomous and interactive
deep research. Autonomous agents execute indepen-
dently and may diverge from user intent, while interac-
tive agents incorporate feedback to maintain alignment.

agents operate through iterative cycles of planning,
searching, and synthesis to satisfy open-ended user
needs (Wei et al., 2025; Du et al., 2025).

Despite these advances, deep research remains
largely autonomous: users provide an initial query,
after which agents independently control the entire
research trajectory (Li et al., 2025; Zheng et al.,
2025). This design is brittle in practice: real-
world queries are often underspecified or ambigu-
ous (Rahmani et al., 2023; Zhang et al., 2025), and
as reasoning unfolds over long horizons, agents
face repeated high-stakes decisions. Without mech-
anisms for sustained user alignment, agents risk
hallucinating intent or drifting toward irrelevant di-
rections. While recent work and deployed systems
(e.g., GPT and Gemini) attempt pre-execution clar-
ification (Zhang et al., 2024b, 2025, 2024a), they
largely fail to address uncertainties that emerge
during exploration of complex topics.

We argue that deep research should transition
from a solitary process to an interactive deep re-
search paradigm, where the agent acts as a collabo-
rative partner that communicates progress, solicits
guidance, and iteratively refines its direction. How-
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ever, effective interaction is non-trivial. Agents
must decide when to ask questions, what to ask,
and how often, balancing information gain against
interruption cost and cognitive burden. Interaction
thus introduces an inherent trade-off between align-
ment benefits and operational overhead.

Despite its importance, interaction remains
largely invisible to existing evaluation bench-
marks (Wu et al., 2025; Shao et al., 2024; Du et al.,
2025). Current benchmarks rely on static (Query,
Reference Document) pairs and evaluate only fi-
nal outputs, ignoring the intermediate decision pro-
cess. This limitation has two consequences. First,
static settings lack dynamic feedback, even though
adaptability to evolving information is crucial for
real-world robustness (Yao et al., 2025). Second,
they obscure communicative competence: an agent
that reaches a correct answer by chance is indis-
tinguishable from one that verifies and corrects its
reasoning through interaction.

To bridge this gap, we introduce IDRBench,
the first Interactive Deep Research Benchmark de-
signed to evaluate the interactive capabilities of
deep research agents systematically. IDRBench as-
sesses not only what agents produce, but how they
adapt, communicate, and align through interaction.
Our contributions are threefold:

¢ Interactive Deep Research Framework. We
propose a modular, multi-agent pipeline aug-
mented with an explicit interaction mechanism
that enables dynamic clarification and align-
ment throughout the research lifecycle.

* Scalable User Simulation. We develop a
reference-grounded User Simulator that pro-
vides realistic, goal-oriented feedback, en-
abling large-scale evaluation without costly
human annotation.

* Interaction-Aware Evaluation. We intro-
duce a comprehensive evaluation suite that
jointly measures Interaction Benefits (quality,
coverage, and intent alignment) and Interac-
tion Costs (turns and tokens). Experiments
across seven state-of-the-art LLMs show con-
sistent gains from interaction while revealing
critical trade-offs in efficiency and robustness.

2 Related Work

Deep Research Frameworks. Recent deep re-
search systems enable LLMs to generate long-form,
citation-grounded reports through multi-step rea-
soning and external tool use (Shao et al., 2024;

Coelho et al., 2025; Guo et al., 2025; Zhou et al.,
2024; Zhao et al., 2024). Two dominant paradigms
have emerged: multi-agent frameworks that decom-
pose research into specialized roles (Zheng et al.,
2024; Alzubi et al., 2025; Li et al., 2025), and end-
to-end agentic models trained with reinforcement
learning (Jin et al., 2025; Zheng et al., 2025). De-
spite strong performance, these approaches largely
operate in autonomous settings without user inter-
action, making them prone to compounding mis-
alignment over long reasoning horizons.

Deep Research Benchmarks. Several benchmarks
have been proposed to evaluate research-oriented
generation, focusing on retrieval quality (Wei et al.,
2025; Zhou et al., 2025), long-form writing (Bai
et al., 2025; Wu et al., 2025), or combined arti-
cle generation and citation accuracy (Shao et al.,
2024). DeepResearch Bench (Du et al., 2025) fur-
ther advances this direction by providing a compre-
hensive evaluation of report quality across diverse
domains. However, these benchmarks assess only
final outputs and do not capture the dynamics of
human-agent interaction during research.

Interactive Agents. To address underspecified
queries, prior work studies clarification questions
and conversational search (Rahmani et al., 2023;
Tavakoli et al., 2022; Feng et al., 2023; Alianne-
jadi et al., 2021). More recent LLM-based ap-
proaches introduce explicit clarification mecha-
nisms (Zhang et al., 2024b, 2025, 2024a), but focus
primarily on pre-execution interaction. Interaction-
Driven Browsing (Yun and Jang, 2025) enables
iterative feedback during exploration, yet lacks a
unified evaluation framework. Most closely related,
STEER (Anonymous, 2025) integrates clarification
into deep research but evaluates only output qual-
ity, leaving the cost-benefit trade-offs of interaction
largely unexplored. In contrast, our work jointly
assesses both the benefits and costs of interaction,
enabling a more complete evaluation of human-Al
collaboration in deep research.

3 IDRBench

We present IDRBench, an Interactive Deep
Research Benchmark for evaluating whether Large
Language Models (LLMs) can move beyond au-
tonomous generation toward collaborative, human-
aligned research workflows (Figure 2). Unlike
prior benchmarks that assess only final outputs,
IDRBench evaluates how models reason, adapt,
and refine their trajectories through interaction.
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Figure 2: Overview of IDRBench. The benchmark integrates an interactive deep research framework with curated
data construction, representative LLMs, and interaction-aware evaluation. It features a multi-agent pipeline for
Planning, Research Loop, and Generation, augmented with an interaction mechanism for Clarification and User
Feedback, and enables systematic evaluation of both interaction benefits and interaction costs.

3.1 Interactive Deep Research Framework

3.1.1 Basic Architecture

Our framework builds on the langchain-ai
open deep research architecture (LangChain-Al,
2025), which decomposes complex, multi-step
information-seeking tasks into modular stages:
Planning, Research Loop, and Generation. This
modularity is essential for interaction-aware work-
flows, as different stages exhibit distinct uncertain-
ties and cognitive demands. The architecture con-
sists of four coordinated agents:

Planner. The Planner translates the user’s natural-
language query into a structured research brief that
specifies scope, objectives, and key dimensions.
This brief acts as a shared north star, guiding all
downstream components.

Supervisor. The Supervisor acts as the executive
controller, decomposing the brief into paralleliz-
able sub-tasks and assigning them to Researchers.
It monitors progress, reasons over intermediate re-
sults, and dynamically adjusts or terminates execu-
tion once sufficient coverage is reached.

Researcher. Each Researcher focuses on a specific
subtopic, performing autonomous web exploration
and retrieval. It iteratively gathers evidence, re-
flects on coverage gaps, and distills relevant find-
ings into structured summaries, enabling scalable
and focused exploration.

Reporter. The Reporter synthesizes intermediate
outputs into a coherent final report. Beyond ag-
gregation, it performs content selection, thematic
organization, and linguistic refinement to produce
a well-structured and self-contained narrative.

3.1.2 Interaction Mechanism

To bridge autonomous execution and evolving user
intent, we introduce an interaction mechanism
embedded at key decision points of the basic archi-
tecture, allowing our framework to pause execution
and solicit guidance when uncertainty arises.

It consists of two coordinated modules: (1) Clar-
ification, which contains an Evaluator and a Ques-
tioner to determine when and how to ask questions;
and (2) User Feedback, which employs a User
Simulator to provide guidance. Together, these
components dynamically steer the research trajec-
tory toward closer alignment with user intent. See
Appendix C for prompt designs.

Evaluator. The Evaluator determines whether in-
teraction is necessary based on the current research
context. It balances two competing factors: (i) the
benefit of resolving ambiguity and (ii) interruption
burden in latency and cognitive load. Instead of bi-
nary decisions, it produces a rationale based on the
ambiguity of the research topic, task completeness,
and remaining interaction budget.

Questioner. When interaction is triggered, the



Questioner formulates targeted inquiries guided by
the Evaluator’s rationale. It first summarizes the
current research state, then asks 1-2 focused ques-
tions concerning direction, scope, or emphasis. To
preserve natural interaction, the Questioner adapts
its tone to the user’s original language style.

User Simulator. The User Simulator enables scal-
able evaluation without human intervention by act-
ing as a proxy for user feedback. This simula-
tor treats the reference document as oracle knowl-
edge and generates responses under three guid-
ing constraints: (i) Human-like Behavior (concise,
first-person responses), (ii) Macroscopic Guidance:
(high-level goals over fine-grained facts), and (iii)
Corrective Behavior (rejecting misaligned options
and redirecting focus. Since it is decoupled from
the framework, this component can evaluate arbi-
trary interactive research systems.

3.2 Data Construction

IDRBench is built upon DeepResearch Bench (Du
et al., 2025), which comprises 100 high-quality
(Query, Reference Document) pairs spanning di-
verse domains such as science, law, and the human-
ities. This scale strikes a balance between domain
coverage, statistical reliability, and the computa-
tional cost of multi-step agent execution.
However, these queries are often highly detailed
(up to ~800 tokens), providing near-complete task
specifications that reduce the need for interaction.
To better reflect real-world underspecification, we
introduce an Ambiguity Injection process. Specif-
ically, we compress each query by 10%-90% using
LLM-based summarization, intentionally remov-
ing detail while preserving core intent (examples
in Appendix B). This encourages agents to actively
resolve uncertainty through interaction rather than
passively executing a fully specified prompt.

3.3 Model Selection

To evaluate interactive reasoning across diverse
modeling paradigms, we select a set of rep-
resentative proprietary and open-weight LLMs.
Specifically, we evaluate four proprietary mod-
els: GPT-5.1 (OpenAl, 2025), Gemini-2.5-Pro
(Comanici et al., 2025), Claude-Sonnet-4.5 (An-
thropic, 2025), and Grok-4.1-Fast (xAl, 2025),
which represent leading commercial systems opti-
mized for long-context reasoning and tool use. We
also include three open-weight models: Qwen3-
235B (Yang et al., 2025), Llama-4-Maverick
(Meta Al 2025), and DeepSeek-V3.2 (Liu et al.,

2025), to assess how interaction benefits transfer
to openly accessible models with different scaling
and alignment characteristics.

Although Gemini-3-Pro (Google DeepMind,
2025) is more recent, it shows unstable adherence
to structured outputs under the LangChain frame-
work, frequently disrupting long-horizon execu-
tion. We thus adopt Gemini-2.5-Pro, which ex-
hibits more reliable structured prompting and tool
invocation under identical settings.

3.4 Evaluation Suite

We design an evaluation suite capturing both output
quality and interaction efficiency (see Appendix A
for configurations). Unlike prior benchmarks that
focus solely on final outputs (Du et al., 2025; Wu
et al., 2025), our evaluation measures how interac-
tion improves alignment with user intent and the
cost incurred. We decompose evaluation into two
complementary dimensions: Interaction Benefits,
capturing quality gains, and Interaction Costs,
measuring human-Al collaboration overhead.

3.4.1 Interaction Benefits

We evaluate interaction benefits along three or-
thogonal axes: document-level semantic alignment,
multi-granularity structural coverage, and intent-
level coverage with respect to user goals.

Report Similarity. Let e(-) € R? denote a text em-
bedding. We measure global semantic alignment
between the generated report D#" and reference
D! using normalized cosine similarity:

14cos(e( D), e(Dgen
(D)D)

sim( D™, Dgen) —

This captures whether interaction improves seman-
tic consistency beyond surface overlap.

Multi-Granularity F1-Score. To assess structural
coverage, we compute F1-scores at sentence, para-
graph, and chunk-level granularities. For chunk-
level evaluation, documents are segmented into
overlapping chunks (300 tokens, 50 overlap). Let
U™ = {u } | and UM = {v;}¥,. Recall (R)
and Precision (P) are defined as:
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with 7 = 0.8. The harmonic mean F1-Score cap-

tures both omission (low recall) and redundancy or
hallucination (low precision).



LLM Aspect Coverage Score (LLM-ACS). LLM-
ACS evaluates how well a generated report satisfies
the user’s intent. Given a query ¢, we first generate
M € [8,20] intent aspects {a; }, each representing
a required informational facet. For each aspect a;,
an LLM assigns coverage scores g/*" and g5 (0-5)
to the reference D™ and generated report D",

respectively. The final score is computed as:

M
1 L,
LLM-ACS = i § 1 Chp(ﬁ,o, ), @
]:

where € = 10™%. This normalization accounts for
query ambiguity and reflects how well the gener-
ated report fulfills the intended information needs.

3.4.2 Interaction Costs

Beyond output quality, effective interaction must
balance benefit against human effort. We quantify
interaction costs along two dimensions: interaction
turns and interaction tokens.

Interaction Turns. Interaction turns measure how
often the system pauses to solicit user input. While
additional turns may improve alignment, they also
increase latency and cognitive load. To ensure com-
parability, we cap interactions at one turn during
planning, three during the research loop, and one
during generation, enforcing realistic yet flexible
interaction budgets.

Interaction Tokens. We further assess the volume
of information exchanged during interaction along
two dimensions: question tokens, representing
tokens exposed to the user, and response tokens,
representing tokens written by the user. Rather than
assuming shorter context is always preferable, we
treat token usage as a trade-off between informa-
tiveness and cognitive cost, reflecting the balance
between guidance quality and user effort.

Summary. Together, these metrics provide a holis-
tic view of interactive deep research, enabling prin-
cipled comparison of interaction strategies and
model behaviors under realistic constraints.

4 [Experiments

4.1 Experimental Setup

We compare the standard autonomous setting with
our interactive framework under a controlled exper-
imental setup. Following the Open Deep Research
project (LangChain-Al, 2025), we adopt a tiered
model strategy to balance performance and cost. In
the experiments, we assign seven LLMs (discussed

in Section 3.3) to all core agent roles: Planner, Su-
pervisor, Researcher, Reporter, as well as the Eval-
uator and Questioner. For high-frequency utility
operations (e.g., web page summarization), we use
lightweight models (e.g., GPT-4.1-nano) to reduce
overhead without affecting interaction behavior.
To isolate the effect of interaction strategies, we
standardize the User Simulator as GPT-5.1 across
all experiments, ensuring consistent feedback and
attributing performance differences solely to the
evaluated models. Information retrieval is handled
via the Tavily APL!, and all other hyperparameters
(see Appendix A) follow the default Open Deep
Research configuration (LangChain-Al, 2025).

4.2 Interaction Benefits

Table 1 summarizes the effect of interaction on
report quality across models.

Universal Gains. Interaction consistently im-
proves performance for all models and metrics,
demonstrating that LLMs can effectively incor-
porate feedback to better align with user intent.
Notably, interaction can outweigh intrinsic model
capacity. For instance, DeepSeek-V3.2 (avg.
73.35) surpasses GPT-5.1°s autonomous perfor-
mance (75.59) once interaction is enabled. Simi-
larly, although Gemini-2.5-Pro starts below GPT-
5.1 (73.45 vs. 75.59), it ultimately exceeds GPT-
5.1 even in the interactive setting (79.89 vs. 78.97).
These results indicate that interactive capability is
as critical as raw autonomous strength in collabora-
tive research workflows.

Diminishing Returns. We observe an inverse
relationship between model capacity and interac-
tion gains: lower-capacity models (e.g., Llama-
4-Maverick, Grok-4.1-Fast) gain substantially
(+10.96, +7.97), while top-tier models (e.g., GPT-
5.1, Claude-Sonnet-4.5) show smaller improve-
ments (+3.38, +4.96). This suggests diminishing
marginal returns for stronger models and highlights
interaction quality as a key bottleneck.

Granularity Shift. The nature of interaction gains
varies with model capability. For weaker mod-
els, interaction primarily improves coarse-grained
alignment: Llama-4-Maverick shows large gains in
Chunk F1-Score (+13.53) and LLM-ACS (+13.47),
exceeding its improvement in Sentence F1-Score
(+6.21). In contrast, strong models benefit more at
finer granularity: Claude-Sonnet-4.5 gains more in
Sentence F1-Score (+7.94) than in Chunk F1-Score

"https://www. tavily.com/
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Multi-Granularity F1-Score
Model Mode ] R.epo‘rt y ) LLM-ACS Average E;t/R API Cost
Similarity T Sentence =~ Paragraph  Chunk Score T ($/Report) |
Autonomous 84.92 46.05 69.07 82.30 95.61 75.59 0.473
GPT-5.1 Interactive 87.54 50.44 71.99 88.08 96.79 78.97 0.586
Difference +2.62 +4.39 +2.92 +5.78 +1.18 +3.38 +0.113
Autonomous 85.00 38.36 76.62 80.92 86.37 73.45 0.393
Gemini-2.5-Pro Interactive 88.88 46.60 82.15 89.21 92.60 79.89 0.752
Difference +3.88 +8.24 +5.53 +8.29 +6.23 +6.43 +0.359
Autonomous 85.96 44.98 69.20 81.52 95.88 75.51 0.987
Claude-Sonnet-4.5 Interactive 89.15 52.92 74.20 88.06 98.00 80.47 2.220
Difference +3.19 +7.94 +5.00 +6.54 +2.12 +4.96 +1.233
Autonomous 81.28 30.76 65.33 72.93 87.44 67.55 0.192
Grok-4.1-Fast Interactive 86.68 38.63 76.47 83.24 92.56 75.52 0.275
Difference +5.40 +7.87 +11.14 +10.31 +5.12 +7.97 +0.083
Autonomous 76.06 18.44 64.72 61.78 53.06 54.81 0.021
Llama-4-Maverick Interactive 83.93 24.65 78.46 75.31 66.53 65.78 0.026
Difference +7.87 +6.21 +13.74 +13.53 +13.47 +10.96 +0.005
Autonomous 79.76 28.19 61.03 69.00 81.84 63.96 0.139
Qwen3-235B Interactive 82.83 32.81 65.14 75.89 91.70 69.67 0.133
Difference +3.07 +4.62 +4.11 +6.89 +9.86 +5.71 -0.006
Autonomous 84.32 37.94 73.65 80.73 90.09 73.35 0.146
DeepSeek-V3.2 Interactive 88.11 44.93 79.47 87.13 93.54 78.64 0.185
Difference +3.79 +6.99 +5.82 +6.40 +3.45 +5.29 +0.039

Table 1: Interaction Benefits results. Black bold and underlined denote the best and second-best results. Gains in

quality metrics and API cost changes are reported.

(+6.54) or LLM-ACS (+2.12). Thus, interaction
evolves from establishing global coverage to refin-
ing local details as model capability increases.

Estimated API Cost. We estimate the average
API cost per report to assess the economic impli-
cations of interaction (the last column of Table 1).
While absolute costs vary due to stochastic execu-
tion, model verbosity, and tiered pricing, the rela-
tive difference between autonomous and interactive
modes reliably reflects interaction overhead and its
downstream effects on reasoning and search.

Overall, interaction increases cost, with Claude-
Sonnet-4.5 and Gemini-2.5-Pro incurring substan-
tial overhead, often comparable to or exceeding
their autonomous baselines. In contrast, open-
weight models like Llama-4-Maverick and Qwen3-
235B exhibit negligible cost increases. Notably,
Qwen3-235B even achieves a slight cost reduc-
tion (—$0.006), suggesting that interaction can
streamline reasoning and search. DeepSeek-V3.2
emerges as the most cost-effective trade-off, de-
livering strong performance gains with minimal
marginal cost (+$0.039), roughly 1/30 of Claude’s
interaction overhead.

Robustness. Figure 3 shows that interaction en-
hances model robustness and suppresses extreme
failures. For strong models like GPT-5.1 and
Gemini-2.5-Pro, interaction mainly raises the per-
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Figure 3: Distribution of average scores across seven
LLMs, showing stability gains from interaction.

formance floor, while for weaker models such as
Llama-4-Maverick and Qwen3-235B, it shifts the
entire distribution upward. Overall, interaction im-
proves both accuracy and reliability.

4.3 Interaction Costs

We next analyze the cost of interaction in terms of
interaction turns and interaction tokens, quan-
tifying the trade-off between alignment gains and
human effort. The results are depicted in Table 2.

4.3.1 Interaction Turns

Interaction frequency varies systematically across
research stages. During Planning, all models
frequently seek clarification (0.72~1.00 turns),
correctly identifying initial task specification as
highly uncertain. Differences emerge in the Re-
search Loop. Models such as Llama-4-Maverick,
Qwen3-235B, and Gemini-2.5-Pro interact fre-



Interaction Turns

Interaction Tokens

Model
Planning Research Loop Generation Total Question  Response

GPT-5.1 m—— ().81/] = 043/3 o 0.08/1 1.32/5 253.96 119.85
Gemini-2.5-Pro ] 00/]1 e——— 1.59/3 wmmmm (82/1 3.41/5 184.64 102.52
Claude-Sonnet-4.5 wwmmmm ().04/]  s— 0.75/3 = 024/1 1.93/5 261.71 114.76
Grok-4.1-Fast — (.72/1 = 0.29/3 s 0.07/1 1.08/5 151.91 125.57
Llama-4-Maverick s 1.00/1 284/3 wmmm  (78/1 4.62/5 139.86 126.78
Qwen3-235B —— ().06/] —e— 1.88/3 = 0.26/1 3.10/5 206.79 116.06
DeepSeek-V3.2 — ().75/1 e— 1.78/3 = 0.17/1  2.70/5 252.70 111.21

Table 2: Interaction Costs results. Interaction turns across research stages and interaction token usage are reported.

Multi-Granularity F1-Score
Research Model ~ User Simulator Model ~__ R€POrt y T LLM.ACS 4 Average
Similarity T Sentence Paragraph  Chunk Score T
GPT-5.1 87.17 46.25 69.31 85.20 96.88 76.96
GPT-5.1 Gemini-2.5-Pro 87.14 46.60 69.57 85.76 96.70 77.15
Claude-Sonnet-4.5 86.60 45.96 69.94 86.03 97.04 77.11
GPT-5.1 85.61 33.74 73.63 78.67 92.78 72.89
Grok-4.1-Fast Gemini-2.5-Pro 84.67 33.11 72.30 79.32 92.16 72.31
Claude-Sonnet-4.5 85.85 33.92 73.46 80.82 92.31 73.27
GPT-5.1 87.47 42.06 77.91 84.73 94.07 77.25
DeepSeek-V3.2 Gemini-2.5-Pro 86.45 38.17 77.42 85.26 93.40 76.14
Claude-Sonnet-4.5 87.22 38.82 76.68 86.24 93.88 76.57

Table 3: Results with different User Simulator models, showing stable evaluation metrics across simulators.

quently (1.59~2.84 turns), favoring continuous re-
alignment. In contrast, GPT-5.1, Claude-Sonnet-
4.5, and Grok-4.1-Fast rely more on autonomous
reasoning (0.29~0.75 turns). Despite minimal
interaction, Grok-4.1-Fast achieves strong gains,
demonstrating high interaction efficiency—the abil-
ity to extract maximal benefit from sparse feedback.
In the Generation stage, interaction is rare for most
models (< 0.3 turns), indicating that uncertainty is
largely resolved before report synthesis.

4.3.2 Interaction Tokens

Given linguistic differences in token density, we
restrict our analysis to the English query-oriented
deep research process. Models differ markedly in
Question Tokens, reflecting distinct communica-
tion styles. For instance, Claude-Sonnet-4.5 and
GPT-5.1 pose long, context-rich questions (> 250
tokens), whereas Llama-4-Maverick and Grok-4.1-
Fast favor brevity (140~152 tokens). An inverse
trend appears between frequency and length: mod-
els with frequent interaction (e.g., Gemini-2.5-Pro)
ask shorter questions (= 185 tokens), suggesting a
strategy of focused, incremental clarification. Grok
exemplifies a “few-and-short” pattern while main-
taining strong performance, achieving an effective
balance between alignment and cognitive load.

In contrast, Response Tokens from User Simula-
tor remain stable (around 102~127 tokens) across

all settings. This confirms that performance differ-
ences stem from how agents utilize feedback rather
than how much feedback they receive.

4.4 Parameter Study

We conduct a parameter study to analyze two fac-
tors central to IDRBench’s design: (i) robustness
to the choice of the User Simulator, and (ii) sensi-
tivity to when interaction is introduced across the
interactive deep research phases. For efficiency, we
randomly sampled 30 instances, which suffices to
reveal stable trends.

Impact of User Simulator Model. To evaluate
robustness, we pair three representative research
agents (GPT-5.1, Grok-4.1-Fast, and DeepSeek-
V3.2) with three strong LLMs acting as User Sim-
ulators: GPT-5.1, Gemini-2.5-Pro, and Claude-
Sonnet-4.5. As shown in Table 3, performance
remains largely invariant to the simulator choice
for each research agent, while inter-model perfor-
mance gaps are consistently preserved. This indi-
cates that the User Simulator provides stable and
standardized feedback, and that IDRBench primar-
ily measures the intrinsic interactive capability of
research agents rather than artifacts of simulator
selection. Overall, these results validate the robust-
ness and low variance of our evaluation protocol.

Impact of Interaction Timing. We analyze how



Research Model Interactive Module . R.ep o‘rt F1-Score 7 LLM-ACS 1 Average
Similarity T Sentence Paragraph  Chunk Score T
None 85.26 37.37 77.29 82.02 86.60 73.71
Planning 87.15 38.78 79.63 84.69 88.63 75.78
Gemini-2.5-Pro Research Loop 86.55 37.68 79.48 83.51 89.11 75.27
Generation 86.08 36.82 76.35 82.73 89.32 74.26
All 88.13 42.45 81.15 87.60 92.64 78.39
None 76.18 15.34 61.99 59.00 54.93 53.49
Planning 81.71 21.62 72.77 71.16 64.28 62.31
Llama-4-Maverick  Research Loop 79.18 17.29 68.67 63.57 59.74 57.69
Generation 77.45 16.13 62.43 60.05 59.83 55.18
All 83.33 21.57 73.90 70.29 67.08 63.23

Table 4: Results with interaction enabled in different modules. Bold and underlined denote the best and second-best
results. The table compares module-specific interaction with full-lifecycle interaction.

Scenario Recommendation  Rationale

Claude-Sonnet-4.5
Gemini-2.5-Pro
Grok-4.1-Fast
DeepSeek-V3.2

Performance Ceiling
Interaction Intensity
Efficiency

Cost Constraints

Achieves the highest performance ceiling and superior robustness.

Yields large alignment gains through active, frequent clarification.
Demonstrates high interaction efficiency by leveraging sparse feedback.
Open-weight model delivering proprietary-tier performance at minimal cost.

Table 5: Scenario-based recommendations for selecting LLMs in interactive deep research.

interaction timing affects performance, focusing
on Gemini-2.5-Pro and Llama-4-Maverick, which
show proactive interaction behavior and large gains.
Beyond the autonomous (None) and fully interac-
tive (All) settings, we introduce three restricted
modes that allow a single interaction in one mod-
ule: Planning, Research Loop, or Generation.

As shown in Table 4, interaction at any stage im-
proves over the autonomous baseline, confirming
the broad utility of user feedback. However, inter-
action timing matters: early-stage interaction, es-
pecially during Planning, consistently yields larger
gains than later intervention, highlighting the im-
portance of early intent alignment. Full-lifecycle
interaction achieves the best overall performance,
demonstrating the advantage of continuous align-
ment over one-shot clarification. Yet, Llama-4-
Maverick exhibits mild instability, with fully inter-
active settings underperforming Planning-only on
some metrics. This suggests that while early guid-
ance is critical, the capability to manage frequent,
multi-turn interactions varies among models.

4.5 Recommendations

Beyond serving as an evaluation benchmark, IDR-
Bench offers actionable guidance for deploying
interactive deep research systems. Based on ob-
served trade-offs between interaction-induced per-
formance gains and interaction costs, we provide
scenario-driven recommendations in Table 5.

Our results indicate that no single model uni-
formly outperforms others across all scenarios. In-
stead, model suitability depends critically on oper-
ational priorities, such as maximizing performance
ceilings, supporting intensive interaction, achieving
high interaction efficiency, or operating under strict
cost constraints. By jointly evaluating interaction
benefits and costs, IDRBench enables informed
model selection tailored to the cognitive and bud-
getary requirements of real-world applications.

5 Conclusions

We introduce IDRBench, the first benchmark for
systematically evaluating interactive deep research
with LLMs. Going beyond final outputs, IDR-
Bench captures how agents interact, adapt, and
align with users under uncertainty, jointly measur-
ing interaction benefits and costs. Through a mod-
ular interactive framework, a scalable reference-
grounded user simulator, and an interaction-aware
evaluation suite, IDRBench enables principled anal-
ysis of human-Al collaboration in long-horizon re-
search tasks. Experiments on seven state-of-the-art
LLMs show that interaction consistently improves
research quality and robustness, often rivaling gains
from increased model capacity, while revealing im-
portant trade-offs in interaction efficiency and cost.
We believe IDRBench provides a strong founda-
tion for developing more reliable, efficient, and
user-aligned deep research agents.



Limitations

Idealized User Simulation. We acknowledge that
the reference-grounded User Simulator induces an
idealized interaction setting that may not fully cap-
ture real-world user behavior, such as volatility,
ambiguity, or shifting intent over time. However,
such stability is a necessary design choice for rig-
orous and reproducible benchmarking. In compar-
ative evaluation, inconsistent or contradictory feed-
back would act as a confounding factor, obscuring
whether failures stem from an agent’s reasoning or
from noise in user input. By standardizing feed-
back to be consistent, goal-oriented, and grounded
in reference documents, IDRBench isolates the
agent’s intrinsic interactive capability as the pri-
mary source of performance variation. This design
choice aligns with emerging evaluation practices,
where high-capacity LLMs are increasingly used as
scalable and controlled proxies for human behavior
in agent benchmarking (Yao et al., 2025). Future
extensions may relax this assumption to study ro-
bustness under more stochastic user behaviors.

Limited Scope of Ambiguity Types. Our current
ambiguity injection strategy focuses on underspec-
ification, implemented by compressing detailed
queries into vague prompts. We recognize that
real-world ambiguity is more diverse, arising from
user misconceptions, polysemy, or domain-specific
errors. We deliberately focus on underspecification
because it preserves a recoverable ground truth,
the original detailed query, enabling objective and
quantitative evaluation of intent recovery. With-
out such a reference, alignment assessment would
necessarily rely on subjective judgments, reducing
reproducibility. Nonetheless, this represents only
one dimension of ambiguity. An important direc-
tion for future work is to extend IDRBench with
richer ambiguity types, including factual inaccu-
racies and cognitive biases, to evaluate not only
clarification but also correction and negotiation in
human-AlI research collaboration.
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A Hyperparameter Configuration

To ensure reproducibility, we detail the specific hy-
perparameter configurations for both the execution
of the framework and the calculation of evaluation
metrics. These settings are summarized in Table 6.

Framework Execution Parameters. We impose
specific constraints on the research process to pre-
vent unbounded execution and maintain a realistic
simulation environment.

* Iteration Limits: We set the Max Supervisor
Iterations to 6 and Max Researcher Tool Calls
to 5. These values are aligned with the default
configuration of the Open Deep Research ar-
chitecture, serving as a standard baseline to
control the depth of reasoning without incur-
ring excessive latency.

* Concurrency and Context: To model the par-
allel nature of human research teams, we allow
up to 3 concurrent research units. Further-
more, we enforce a 50,000-character limit
on raw web content, balancing information
retention with context management.

Evaluation Metrics Configuration. Table 6 fur-
ther details the parameters used to compute our
interaction-aware metrics, categorized by the spe-
cific metric they support:

* Report Similarity: We utilize Qwen/Qwen3-
0.6B as the embedding backbone for calculat-
ing cosine similarity. Its 32k-token context
window is essential for encoding full-length
research reports, ensuring that the similar-
ity score reflects global semantic consistency
rather than truncated segments.

* Multi-Granularity F1-Score: To compute
F1-scores at the chunk level, we adopt a slid-
ing window approach with a 300-token chunk
size and 50-token overlap. A strict hard
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Description Setting
Execution Constraints

Max Supervisor Iterations 6
Max Researcher Tool Calls 5
Max Concurrent Research Units 3
Max Content Length 50,000 chars

Report Similarity & Multi-Granularity F1-Score
Embedding Model Qwen/Qwen3-0.6B

Multi-Granularity F1-Score

Chunk Size 300 tokens
Chunk Overlap 50 tokens
Hard Match Threshold (7) 0.8

LLM Aspect Coverage Score (LLM-ACS)

Generated Aspects (M) 8-20

Table 6: Summary of hyperparameter configurations
for the Interactive Deep Research framework and the
IDRBench evaluation suite.

match threshold of 7 = 0.8 is applied to filter
out low-confidence matches, ensuring captur-
ing genuine structural overlap.

¢ LLM Aspect Coverage Score (LLM-ACS):
For evaluating intent fulfillment, we gener-
ate between 8 and 20 specific aspects per
query. This range provides sufficient granu-
larity to evaluate intent coverage comprehen-
sively while avoiding trivial details.

B Examples of Ambiguity Injection

Table 7 presents selected examples of ambiguity
injection from our dataset. In these pairs, the Orig-
inal Query represents a highly specified user re-
quest, characterized by explicit constraints, rich
background context, and detailed output require-
ments (e.g., specific technical limitations, target
demographics, or required data dimensions). The
complete version of the dataset is available in our
GitHub repository.

The Ambiguity Injected Query is derived from
the original text. As illustrated in the table, while
the core user intent (such as performing a com-
parative analysis, conducting a medical review, or
summarizing a cultural topic) is strictly preserved,
the specific details and constraints are intention-
ally omitted. For instance, in Example 68, the tech-
nical constraint regarding the “standard Cluster Au-
toscaler relying on pending pods” is removed, leav-
ing a broader request for “approaches beyond the
standard.” This transformation results in prompts
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ID

Original Query

Ambiguity Injected Query

54

In the field of FinTech, machine learning algorithms are now
widely applied to asset allocation and investment decisions.
Examples include classic models like Mean-Variance and
Black-Litterman, as well as emerging deep learning mod-
els. While these models have shown certain advantages
under different market conditions, each also has its limita-
tions. For instance, the Mean-Variance model assumes asset
returns follow a normal distribution, which often doesn’t
align with actual market conditions. The Black-Litterman
model relies on subjective view inputs, introducing a degree
of subjectivity. Although deep learning models can handle
complex non-linear relationships, they suffer from poor inter-
pretability. So, what are the core differences between these
various models in terms of risk measurement, return predic-
tion, and asset allocation? And is it possible to combine
their strengths to build a more general-purpose and effective
modeling framework?

What are the main differences between traditional and ma-
chine learning models in asset allocation regarding risk mea-
surement and return prediction, and can their strengths be
integrated into a more effective framework?

68

I need to dynamically adjust Kubernetes (K8S) cluster node
counts based on fluctuating business request volumes, ensur-
ing resources are scaled up proactively before peak loads and
scaled down promptly during troughs. The standard Cluster
Autoscaler (CA) isn’t suitable as it relies on pending pods
and might not fit non-elastic node group scenarios. What are
effective implementation strategies, best practices, or exist-
ing projects that address predictive or scheduled autoscaling
for K8S nodes?

What are effective approaches or tools for predictive or sched-
uled autoscaling of Kubernetes nodes beyond the standard
Cluster Autoscaler, especially for handling varying request
volumes?

76

The significance of the gut microbiota in maintaining nor-
mal intestinal function has emerged as a prominent focus in
contemporary research, revealing both beneficial and detri-
mental impacts on the equilibrium of gut health. Disruption
of microbial homeostasis can precipitate intestinal inflamma-
tion and has been implicated in the pathogenesis of colorectal
cancer. Conversely, probiotics have demonstrated the capac-
ity to mitigate inflammation and retard the progression of
colorectal cancer. Within this domain, key questions arise:
What are the predominant types of gut probiotics? What
precisely constitutes prebiotics and their mechanistic role?
Which pathogenic bacteria warrant concern, and what toxic
metabolites do they produce? How might these findings in-
form and optimize our daily dietary choices?

What is the role of gut microbiota and its balance in intestinal
health and disease, and how can insights into probiotics,
prebiotics, and harmful bacteria guide dietary choices to
support gut health?

91

I would like a detailed analysis of the Saint Seiya franchise
(anime/manga). The analysis should be structured around
the different classes of armor (Cloths, Scales, Surplices, God
Robes, etc.), such as Bronze Saints, Silver Saints, Gold
Saints, Marina Generals, Specters, God Warriors, etc. For
each significant character within these categories, provide
details on their power level, signature techniques, key appear-
ances/story arcs, and final outcome/fate within the series.

Provide an overview of the Saint Seiya franchise focusing on
the major armor classes and their representative characters,
discussing their roles and significance within the series.

95

Create comprehensive, in-depth study notes for the Diamond
Sutra (Vajracchedika Prajiiaparamita Saitra). These notes
should offer deep analysis and interpretation from various
perspectives, exploring its teachings and relevance in con-
texts such as daily life, the workplace/career, business prac-
tices, marriage, parenting, emotional well-being, and inter-
personal dynamics.

Create comprehensive study notes for the Diamond Sutra,
including analysis of its teachings and relevance in various
aspects of life.

Table 7: Examples of Ambiguity Injection
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that are significantly shorter and inherently more
ambiguous, effectively simulating the underspeci-
fied nature of real-world initial user queries.

C Core Agent Prompt Designs

We detail the prompt specifications for the three
agents central to the interactive deep research
framework.

Evaluator. This agent (Figure 4) functions as the
interaction gatekeeper. It analyzes the current re-
search context to determine whether the informa-
tion gain from user clarification outweighs the inter-
ruption burden. Instead of indiscriminate question-
ing, it enforces a binary decision based on specific
guidelines tailored to the different research stages.

Questioner. When interaction is triggered, the
Questioner formulates targeted inquiries. The
prompt (Figure 5) explicitly constrains the agent to
focus on high-level scope, intent, and structural am-
biguities rather than trivial technical details. It en-
sures that questions are concise and tonally adapted
to the user’s language to minimize cognitive load.

User Simulator. This agent (Figure 6) acts as a
proxy for human feedback, enabling scalable and
reproducible evaluation. It is strictly grounded in
the Reference Document. The prompt instructs the
simulator to provide natural, goal-oriented guid-
ance that steers the research trajectory toward the
target result without hallucinating requirements.

D Ethical Considerations

The dataset constructed in this work is derived from
the publicly available dataset and is used in strict
adherence to its original license and usage terms.
We have rigorously reviewed the data samples to
verify that they do not contain personally identifi-
able information (PII), offensive text, or sensitive
content. Additionally, we utilized Large Language
Models to assist in data construction, specifically
for generating ambiguous queries through summa-
rization, with human verification to ensure seman-
tic consistency. As this work focuses on bench-
marking and evaluating the capabilities of research
agents rather than deploying a user-facing gener-
ative system, we do not foresee any significant
ethical or societal risks associated with the release
or use of this dataset.
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You are a Research Evaluator in a deep research pipeline. The pipeline's goal is to generate a comprehensive research
report (markdown format) based on the user's research topic. Your current task is to analyze the research progress
and decide if we need to ask the user for clarification or more specific direction.

Today's date is {date}.

Context

<research topic>{research_topic}</research topic>

<research plan>{research_plan}</research plan>

<current research progress>{current_research_progress}</current research progress>

Current Phase: {current_phase}
« Research iteration: {iteration_count}
* Remaining question opportunities: {remaining_opportunities}

Guidelines for Decision
1. Pre-Research Phase (no findings yet):
+ Research Outline: How should the research outline be formulated? Does it align with user expectations?
* Report Genre: What is the desired genre of the report (e.g., academic survey, practical guide, etc.)?
+ Key Concepts: Are there any key terms or concepts in the topic that need clarification or interpretation?
2. Mid-Research Phase (research in progress):
+ Scope and Priorities: What aspects should be included in the research? Which areas deserve deeper exploration?
+ Research Completeness: Are the current plan and findings complete and well-rounded? Any obvious gaps or
missing elements?
3. Final Phase (ready to generate final report):
+ Report Structure: What is the expected structure of the final report? How should content be organized across
sections?
+ Presentation Preferences: How should the content be presented (e.g., use of tables, citation format, etc.)?

Trade-off to Consider
+ Benefit of asking: Asking for user clarification can help produce a report that better aligns with user expectations.
+ Cost of asking: Each question may increase user interaction burden and slow down the research process.
+ Consideration: A well-targeted question often saves more effort than it costs.

Constraints
« If you decide to ask, you will be able to ask up to two questions.
* Questions must address the core focus of the research topic - avoid trivial or peripheral matters.
+ Each question should focus ONLY on one single aspect of the research process. Stay focused on high-level aspects
rather than technical details.

Task
1. Based on the guidelines and constraints, evaluate whether the corresponding aspects are already clear.
2. Considering the trade-off and remaining opportunities, decide if the questions worth asking.

Output

(All the "thinking", "should_ask", and "reason" fields are required in the final response):
+ In the "thinking" field: first think about whether to ask questions based on the Task steps.
+ In the "should_ask" field: provide your decision (true or false).
+ In the "reason"” field: provide a brief explanation for your decision.

CRITICAL: All fields can be written in English.

Figure 4: Evaluator’s prompt
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Questioner

You are a Research Assistant in a deep research pipeline. The pipeline's goal is to generate a comprehensive research
report (markdown format) based on the user's research topic. Your current task is to ask clarifying questions to guide
the ongoing research.

Context

<research topic>{research_topic}</research topic>

<research plan>{research_plan}</research plan>

<current research progress>{current_research_progress}</current research progress>

Reason for Asking
{reason_for_asking}

Current Phase: {current_phase}
* Research iteration: {iteration_count}
* Remaining question opportunities: {remaining_opportunities}

Guidelines for Decision
1. Pre-Research Phase (no findings yet):
+ Research Outline: How should the research outline be formulated? Does it align with user expectations?
* Report Genre: What is the desired genre of the report (e.g., academic survey, practical guide, etc.)?
+ Key Concepts: Are there any key terms or concepts in the topic that need clarification or interpretation?
2. Mid-Research Phase (research in progress):
+ Scope and Priorities: What aspects should be included in the research? Which areas deserve deeper exploration?
+ Research Completeness: Are the current plan and findings complete and well-rounded? Any obvious gaps or
missing elements?
3. Final Phase (ready to generate final report):
* Report Structure: What is the expected structure of the final report? How should content be organized across
sections?
+ Presentation Preferences: How should the content be presented (e.g., use of tables, citation format, etc.)?

Constraints
* You can ask up to two questions in this round. Each question should be concise (max 3 sentences) and focus on
one aspect only.
* Questions must address the core focus of the research topic - avoid trivial or peripheral matters.
+ FOCUS ON THE BIG PICTURE: Ask about high-level aspects of the research process - NOT technical details or
specifications.

Output
(All the "thinking", "summary", and "question" fields are required in the final response):
+ In the "thinking" field: first think step by step about how to ask questions based on the guidelines.
+ In the "summary" field: provide a brief summary of the current research progress (max 200 words).
+ In the "question" field: provide question(s) in numbered format (e.g., 1) ... 2) ...).
CRITICAL: The content of the "summary" and "question" fields will be passed to the user, so they MUST be written in
the SAME language type as the research topic. The "thinking" field can be written in English.

Figure 5: Questioner’s prompt
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User Simulator

You are a User Simulator, acting as a user who has given a research question to request a comprehensive markdown
research report. The researcher is currently conducting research for the user and has encountered some questions
that require user feedback. Your role is to simulate the user and provide answers based on the expected report, which
represents what the user ideally wants from the research.

Your Goal
Answer the researcher's questions strategically to guide them toward producing a final report as similar as possible to
the expected report.

Context
<question>{question}</question>
<expected report>{article}</expected report>

Guidelines

1. Natural User Tone: Simulate a real user expressing requirements (e.g., "I think..." or "I don't want..."). NEVER
mention the given expected report itself (e.g., "The expected report says..." or "Not specified in the expected
report").

2. Steer Research Focus: Answer the questions to guide the researcher to produce a report similar to the expected
report. ALWAYS steer toward the major focus of the expected report, not trivial details. If the question focuses on
minor or less important aspects, actively redirect attention to the major focus of the expected report (e.g., "Price
doesn't matter much here - what's more important is comparing the performance and scalability of each
approach.").

3. Strict Fidelity & Independent Thinking: Answer only based on the expected report. NEVER fabricate details or
deliverables not explicitly mentioned in the expected report. If the question provides options, DO NOT feel
obligated to pick one. Ignore misleading options and answer based on the expected report.

4. Be Comprehensive Yet Brief: Provide comprehensive answers that fully convey your requirements. Omitting key
parts could impact the comprehensiveness of the research. Keep each individual answer under 50 words.

5. Answer Format: When providing multiple answers, use numbered format (e.g., 1) ... 2) ...) to separate different
answers. Within each individual answer, use plain natural language sentences ONLY - avoid using lists, bullet
points, or other structured formats. Speak naturally as a real user would.

Output
(Both the "thinking" and "answer" fields are required in the final response):
+ In the "thinking" field: first search for relevant information from the Expected Report, then check and refine it
against each Guideline step by step.
+ In the "answer" field: provide your answer(s) in numbered format (e.g., 1) ... 2) ...).
CRITICAL: The "answer" field MUST be written in the SAME language as the expected report. The "thinking" field can be
written in English.

Figure 6: User Simulator’s prompt
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