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Abstract001

Current deep research typically generate re-002
search brief by expanding user queries using003
large language model (LLM). This expansion-004
only approach often produces underspecified005
formulations that lack clear scope and contex-006
tual grounding, creating a boundary ambiguity007
challenge that leads to redundant exploration008
and inefficient tool usage. While existing meth-009
ods rely on iterative user clarification, they of-010
ten fail when users cannot provide precise do-011
main constraints. In this paper, we propose012
that robust research planning requires proac-013
tively exposing implicit constraints, rather than014
relying solely on query expansion or user clari-015
fication. We introduce the Context-Aware Plan-016
ning Framework (CAPF), which utilizes a pre-017
search phase to surface contextual signals and018
analyze boundary ambiguities. By integrating019
these insights into the planning, CAPF gener-020
ates grounded research briefs that better con-021
strain downstream exploration. Experiments022
across four complex fact-seeking tasks demon-023
strate that CAPF consistently outperforms re-024
cent deep research agents and agentic retrieval025
systems. Our analysis further reveals that ex-026
posing the agent to the inherent difficulties of027
a question during planning stage is a critical028
factor for achieving higher accuracy while si-029
multaneously reducing resource consumption.030

1 Introduction031

The paradigm of deep research (Zheng et al., 2025;032

Xu and Peng, 2025; Java et al., 2025) has emerged033

as a significant advancement over traditional Re-034

trieval Augmented Generation (RAG) systems (Lee035

et al., 2019; Karpukhin et al., 2020; Mao et al.,036

2021) for its ability to plan, search, react and syn-037

thesize over multiple rounds. Unlike passive RAG038

systems (Singh et al., 2025) that simply consume039

retrieved information, deep research systems (Shi040

et al., 2025) continuously revise the initial plan041

based on newly acquired evidence and decide how042

(A) General LLM-based Research Brief:

 Andy 
O'Brien

(B) Our CAPF Research Brief: Portsmouth

Bolton 
Wanderers
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Newcastle
United 

Aug 1996 

Mar 2001 

LLM

Question

I need to find information about Andy O'
Brien, the footballer, and specifically which 
team he played for between February 2007 
and August 2009. This is a factual question 
that requires searching for information about 
this player'scareer timeline.

CAPF

LLM

Question

Given conflicting initial snippet analyses, some 
indicate Andy O'Brien played for Portsmouth
until August 2007, while others state he
played for Bolton Wanderers from February 
2007 to August 2009, and remained there
until at least October 2010. I need definitive
confirmation of  which team(s) he played for 
between February 2007 and August 2009,
including precise transfer dates and any
overlapping or transitional periods. 

Fact-seeking Question from Dynaquest:

Which team did Andy O'Brien (footballer) 
play for between  Feb 2007 and Aug 2009?

Jul 2005 

Aug 2007 

Oct 2010 

Aug 2012 

Figure 1: Comparison between an LLM-based research
brief and a CAPF-generated research brief. By detecting
the transfer conflict, CAPF formulates a precise scope
to guide downstream exploration.

to adjust next steps. However, this operational flex- 043

ibility introduces a critical vulnerability: bound- 044

ary ambiguity. Without explicitly defined search 045

constraints, agents are prone to over-exploring un- 046

constrained information spaces where irrelevant 047

or boundary-external content becomes entangled 048

with core evidence (Lei et al., 2025; Pham et al., 049

2025). In such settings, contradictory statements, 050

outdated data, or vague messages do not merely de- 051

grade individual responses but propagate through 052

the iterative planning loop. This interference shifts 053

the agent’s trajectory, leading to divergent reason- 054

ing (Lin et al., 2025b) and excessive resource con- 055

sumption (Zhang et al., 2025b). For instance, when 056

answering the query "What is the most recent film to 057

join the top 10 highest-grossing films of all time?", 058

the correct answer is Ne Zha 2 (2025), but the 059

agent is frequently misled by abundant references 060

to Inside Out 2 (2024). 061

Existing deep research frameworks (Sun et al., 062

2025; Wan et al., 2025) primarily rely on iterative 063
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user clarification to resolve boundary ambiguity.064

This strategy is inherently constrained by the user’s065

prior knowledge and their ability to discern latent066

noise within the problem space. When users can-067

not provide precise domain constraints, agents re-068

main vulnerable to underconstrained exploration.069

In this paper, we propose that effective boundary070

definition should be grounded in intrinsic signals071

surfaced prior to formal exploration rather than072

solely on external user feedback. We introduce073

the Context-Aware Planning Framework (CAPF),074

which employs a pre-search to expose and ana-075

lyze implicit constraints and potential ambiguities076

during the planning stage. As illustrated in Fig-077

ure 1, this proactive exposure enables the agent078

to identify critical contextual pivot points, specifi-079

cally the transfer event in August 2007 involving080

"Portsmouth" and "Bolton Wanderers". By integrat-081

ing these identified entity and temporal boundaries082

into the research plan, the agent effectively con-083

strains the subsequent search space, ensuring more084

targeted and robust downstream exploration.085

We evaluate our framework on four recent ques-086

tion answering (QA) benchmarks, including Re-087

altimeQA (Kasai et al., 2023), HoHQA (Ouyang088

et al., 2025), DynaQuest (Lin et al., 2025a), and089

SealQA (Pham et al., 2025). These datasets mirror090

realistic information environments where ground-091

truth answers are often obscured by temporal drift,092

conflicting claims, or latent ambiguities. As a re-093

sult, simple information retrieval frequently returns094

documents that are misleading or only superficially095

relevant but unhelpful, which makes it difficult096

for conventional systems to identify correct an-097

swers. Existing deep research agents also strug-098

gle with these underconstrained explorations, as099

user-provided clarification typically lacks the nec-100

essary contextual or temporal granularity. This101

process may result in excessive tool usage, un-102

necessary computational cost, and degraded an-103

swer quality. Our experimental results demon-104

strate that by integrating proactive context-aware105

signals into the planning stage, our framework con-106

sistently outperforms state-of-the-art (SOTA) deep107

research agents and agentic retrieval systems in ac-108

curacy. Furthermore, our analysis indicates that109

CAPF significantly optimizes resource efficiency110

by constraining the exploration process, it reduces111

redundant tool usage and computational overhead112

while maintaining superior performance across all113

benchmarks.114

Our contributions are summarized as follows:115

• We identify the boundary ambiguity challenge 116

in current deep research, where underspecified 117

queries and inadequate user clarification lead 118

to inefficient exploration. 119

• We introduce CAPF, a context-aware planning 120

framework that utilizes pre-search phrase to 121

surface and analyze latent contextual signals 122

and implicit constraints, ensuring the genera- 123

tion of grounded research briefs. 124

• Evaluations on four realistic QA benchmarks 125

show that CAPF consistently outperforms 126

SOTA deep research agents and agentic re- 127

trieval systems. 128

• Further analysis demonstrates that proactive 129

boundary exposure during planning is critical 130

for enhancing answer accuracy while simulta- 131

neously reducing computational overhead. 132

2 Related Work 133

2.1 Agentic Reasoning Systems 134

The emergence of agentic deep research sys- 135

tems (Xu and Peng, 2025; Shi et al., 2025) repre- 136

sents a substantive shift from passive retrieval to ac- 137

tive exploration in addressing complex information- 138

seeking tasks. Rather than merely answering a sin- 139

gle query, these systems (Java et al., 2025; Wan 140

et al., 2025) are required to operate through struc- 141

tured and iterative cycles of planning, retrieval, rea- 142

soning, and revision. A defining characteristic (Sun 143

et al., 2025) of these systems is their reliance on the 144

internal reasoning of LLMs to interpret retrieved 145

information, evaluate its relevance or correctness, 146

filter out noise, and revise their search plans ac- 147

cordingly. This agentic workflow (Li et al., 2025b) 148

allows systems to handle multi-step reasoning and 149

cross-source document synthesis, surpassing the 150

capabilities of static RAG pipelines (Dong et al., 151

2025; Li et al., 2025c). 152

However, recent analyses (Lan et al., 2025; 153

Huang et al., 2025) reveal a persistent weakness 154

that current deep research agents often exhibit in- 155

termediate reasoning traces marked by frequent 156

backtracking, shallow exploration, and an inabil- 157

ity to anticipate challenging subtasks when faced 158

with difficult tasks. One of the bottlenecks lies 159

in the construction of the research plan. Existing 160

agents (Lei et al., 2025; Zheng et al., 2025) typi- 161

cally respond to errors or noisy evidence only after 162

such issues emerge within the exploration cycle, 163
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relying on the LLM’s internal reasoning to detect164

and correct mistakes. In other words, they seldom165

define a clear research scope and anticipate poten-166

tial pitfalls during the planning stage, leaving the167

subsequent search process vulnerable to avoidable168

failures. In contrast, our approach takes a proactive169

and anticipatory perspective by surfacing contex-170

tual signals at the outset of the research process.171

Making these signals explicit early allows the agent172

to recognize upcoming difficulties and incorporate173

them into the plan, which produces more robust174

and efficient exploration.175

2.2 Noisy Evidence in Context176

The role of noisy evidence (Zhang et al., 2025a;177

Li et al., 2025a) is typically framed as a negative178

factor in reasoning systems, as low-quality informa-179

tion is assumed to disrupt exploration by degrading180

answer accuracy and increasing resource consump-181

tion. In traditional information retrieval research,182

mechanisms for conflict detection or factual verifi-183

cation (Zheng et al., 2024) are usually applied only184

after the retrieval stage. In current deep research185

agents (Java et al., 2025; Xu and Peng, 2025), noise186

handling is largely shifted to the research explo-187

ration phase, where LLMs rely on their internal188

reasoning ability to assess credibility and resolve189

contradictions. As a result, noisy or contradictory190

evidence is handled in a reactive manner, being191

filtered or corrected only after it has already influ-192

enced the agent’s workflow. This reactive treatment193

can easily misguide the agent, leading to two major194

consequences. First, it increases the likelihood of195

producing incorrect conclusions (Wu et al., 2025).196

Second, it amplifies the overall cost of the search197

process by triggering unnecessary exploration and198

tool usage (Zhang et al., 2025b).199

Recent research has begun to reconsider the role200

of noisy evidence, highlighting several ways in201

which weak signals can benefit reasoning systems.202

For instance, studies on conflict-aware evaluation203

demonstrate that partially incorrect evidence can204

reveal model vulnerabilities and promote more re-205

liable decision-making (Wu et al., 2024). In par-206

allel, verification-feedback frameworks show that207

low-confidence or weak evidence can strengthen208

retrieval by guiding subsequent evidence selection209

and encouraging iterative refinement (Deng et al.,210

2025). Despite this growing recognition, prior211

work has not explored how research agents might212

incorporate potential noise during planning. We213

address this gap by treating weak signals as critical214

cues to define a clear research boundary. By surfac- 215

ing noisy snippets before execution, our framework 216

allows the agent to anticipate difficulty, adjust its 217

plan proactively, and improve robustness and effi- 218

ciency on complex tasks. 219

3 Methodology 220

In this section, we present our CAPF, a context- 221

aware planning framework that exposes the agent 222

to the contextual boundaries of a question during 223

the planning stage, enabling more effective deep 224

research exploration on complex tasks. 225

3.1 Preliminaries 226

The goal of a deep research agent is to generate 227

a comprehensive, evidence-grounded report that 228

addresses the user’s query. Given a query Q, the 229

agent typically begins by using an LLM to con- 230

struct a research plan O that guides the subsequent 231

research process: 232

Obase ∼ PLLM(O | Q), (1) 233

where PLLM denotes the planning distribution in- 234

duced by the LLM when conditioned solely on the 235

original query Q. Then the research supervisor ex- 236

amines the plan Obase, decomposes it into manage- 237

able tasks {O1,O2, ...,ON}, and delegates these 238

tasks to the corresponding research sub-agents: 239

D(Obase) = {O1,O2, ...,ON}, (2) 240

where D(Obase) denotes the decomposition of the 241

plan into N manageable sub-tasks, and On refers 242

to the n-th sub-task. 243

For each sub-task On, the research supervisor 244

initiates an iterative research process carried out by 245

a pool of sub-agents. At t-th iteration, the research 246

topic τnt is defined as: 247

τnt = TLLM(On,Fn
t−1), (3) 248

where TLLM denotes an LLM-based topic generator 249

that produces the research topic conditioned on the 250

sub-task and past findings. Fn
t−1 represents the set 251

of findings produced by the sub-agents in the pre- 252

vious iteration based on the retrieved information 253

and their corresponding analyses. 254

Finally, once all sub-tasks have been completed, 255

the research agent integrates findings F with the 256

original research plan Obase and query Q. The final 257

report is generated as: 258

R = GLLM

(
Q,Obase,

N⋃
n=1

T⋃
t=1

Fn
t

)
, (4) 259
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User: Scope:

Research:

CAPF Research Brief:

Search
Query

CAPF
FindingsCAPF:

Search: Analyse:Collect:

What was the position of Trygve Lie between
July 1947 and April 1948? 

 Local 
Search

 Web  Search

Web-1
Content

Web-2
Content

Web-3
Content

...
Web-N
Content

Doc-1
Content

Content LLM Snippet Analysis

Doc-2
Content

Doc-3
Content

...

...
...

...
...

Doc-M
Content

1st:   No relevant information.

4th:  He was serving as UN 
        Secretary-General during
        July 1947 - April 1948

3rd:  On 1 Feb 1946, he was 
            elected as Minister of
                 Justice.

2nd:  From 1946 to 1952, he 
                  was Minister of Justice.

kth:  ...
...

request

clarification
    Plan
Generation

What was Trygve Lie's official position between 
July 1947 and April 1948, given that he served 
as Norway's Minister of Justice from February 
1946 and later became Secretary General of 
United Nations? Clarify whether he held both 
roles simultaneously between July 1947 and April 
1948 or transitioned between them, and provide
authoritative sources confirming his exact 
position in this timeframe 

topic

findings

summarize

 Research
Supervisor

 Research
Sub-agents

Write:

  Report
Generation

 Final
Report

Figure 2: Overview of our CAPF framework, which performs fast pre-search over web and local sources to surface
weak signals before research exploration begins. By analyzing noisy snippets and clarifying the research scope,
CAPF enables the agent to generate a more accurate and robust research plan.

where GLLM denotes the LLM-based report gener-260

ator, and
⋃T

t=1Fn
t represents the complete collec-261

tion of findings accumulated for sub-task n over all262

iterations until its termination.263

3.2 CAPF264

CAPF operates primarily at the research planning265

stage, producing a more informed and resilient plan266

that subsequently strengthens the entire deep re-267

search workflow. As illustrated in Figure 2, it con-268

ducts a fast pre-search over web and local sources269

using the user’s query to surface weak signals be-270

fore the main exploration process begins. Specif-271

ically, given a user query Q, CAPF retrieves an272

initial set of noisy or ambiguous snippets from ex-273

ternal and internal sources:274

Spre = Rweb(Q) ∪ Rlocal(Q), (5)275

where Spre denotes the weak-signal evidence col-276

lected during the pre-search stage, and R(·) repre-277

sents the search function.278

For each collected snippet si, CAPF processes279

it individually and sends it to the LLM to extract280

potential cues from its content:281

ci = ALLM(si), si ∈ Spre, (6)282

and aggregates all extracted analyses into:283

Cpre = { ci | si ∈ Spre }, (7)284

where ALLM denotes the LLM-based evidence an-285

alyzer, and ci is the analysis produced for snippet286

si.287

Using the extracted cue set Cpre, CAPF augments288

the planning stage by conditioning the LLM on289

both the original query and the surfaced weak sig- 290

nals. The enhanced research plan is generated as: 291

Ocapf ∼ PLLM(O | Q, Cpre), (8) 292

where PLLM denotes the planning distribution in- 293

duced by the LLM when provided with additional 294

contextual cues extracted during pre-search. By in- 295

corporating Cpre, the planner can explicitly account 296

for early indications of ambiguity, missing infor- 297

mation, or potential conflicts, thereby producing a 298

more informed and resilient plan. 299

With CAPF, the extracted cue set Cpre influences 300

not only the construction of the research plan but 301

also the downstream task decomposition and iter- 302

ative topic generation through Ocapf. The result- 303

ing sub-tasks are obtained by decomposing the en- 304

hanced plan as: 305

D(Ocapf) = {O 1
capf, . . . ,O

Ncapf
capf }, (9) 306

where the decomposition is shaped by the weak 307

signals surfaced during pre-search. During iterative 308

exploration, the topic for the t-th iteration of sub- 309

task n is generated as: 310

τnt,capf = TLLM
(
On

capf,Fn
t−1

)
, (10) 311

which enables the agent to incorporate weak signal 312

cues into sub-task refinement, priority decisions, 313

and the resolution of early ambiguities. 314

By integrating these contextual signal cues 315

throughout both planning and execution, CAPF re- 316

shapes the entire deep research workflow, enabling 317

the agent to anticipate difficulties, refine its strat- 318

egy, and conduct exploration more effectively. The 319

full workflow is detailed in Algorithm 1. 320
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Algorithm 1 CAPF for Deep Research
Require: user query Q, web search function Rweb, local

search functionRlocal, snippet analyzer ALLM, LLM plan-
ner PLLM, plan decomposer D(·), topic generator TLLM,
report generator GLLM

Ensure: final research reportRfinal

1: Spre ←Rweb(Q) ∪Rlocal(Q) ▷ Fast pre-search to collect
weak-signal snippets

2: Cpre ← ∅
3: for each snippet si ∈ Spre do
4: ci ← ALLM(si) ▷ Analyze snippet and extract cues
5: Cpre ← Cpre ∪ {ci}
6: end for
7: CAPF-enhanced plan Ocapf ∼ PLLM(O | Q, Cpre)

8: {O 1
capf, . . . ,O

Ncapf
capf } ← D(Ocapf) ▷ Decompose plan into

sub-tasks
9: for n = 1 to Ncapf do

10: Fn
0 ← ∅

11: t← 1
12: while |Fn

t−1| < θ do
13: τn

t,capf ← TLLM(On
capf,Fn

t−1)
14: fn

t ← EXECUTE(τn
t,capf)

15: Fn
t ← Fn

t−1 ∪ {fn
t }

16: t← t+ 1
17: end while
18: end for
19: Fall ←

⋃Ncapf
n=1 Fn ▷ Aggregate findings across all

sub-tasks
20: Rfinal ← GLLM(Q,Ocapf,Fall) ▷ Synthesize final

evidence-grounded report
21: returnRfinal

4 Experiments321

4.1 Experimental Setup322

Evaluation Datasets. To evaluate the effective-323

ness of our framework, we select datasets whose324

answers are highly susceptible to noisy or mis-325

leading evidence, including RealtimeQA (Kasai326

et al., 2023), HoHQA (Ouyang et al., 2025), Dy-327

naQuest (Lin et al., 2025a), and SealQA (Pham328

et al., 2025). Note: Many questions in these bench-329

marks are extremely time-sensitive, and must be330

updated to ensure the correctness of the test. We331

provide details of the dataset updates and verifica-332

tion process in Appendix A.333

Comparison and Metrics. We compare CAPF334

with both proprietary and open-source deep re-335

search agents, including the official deep research336

systems in GPT-5.1 (OpenAI, 2025), Qwen3-337

Max (Qwen AI, 2025), and Kimi-K2 (Moonshot338

AI, 2025), as well as a locally deployed LangChain-339

AI open deep research agent (LangChain AI, 2025).340

We also include a range of retrieval baselines,341

from naive-RAG (Karpukhin et al., 2020) and web-342

search pipelines (Tavily AI, 2024) to agentic RAG343

systems such as Madam-RAG (Wang et al., 2025)344

and FastGPT (FastGPT AI, 2024) (web search en- 345

abled). Evaluation uses both rule-based and model- 346

based metrics: EM and F1 scores (Rajpurkar et al., 347

2016), and an LLM-as-a-Judge setup (Zheng et al., 348

2023) with DeepSeek-R1 (Guo et al., 2025). Since 349

deep research systems generate long-form reports, 350

we summarize each report using the base model 351

to obtain the final answer for evaluation. The effi- 352

ciency of different systems is analyzed separately 353

in Section 5. Additional experimental details are 354

provided in Appendix B. 355

4.2 Experimental Results 356

Table 1 presents the overall performance of rep- 357

resentative deep research agents and information 358

retrieval systems against our CAPF, leading to the 359

following observations: 360

(i) Access to up-to-date information is crit- 361

ical for accuracy. Systems equipped with web 362

search capabilities consistently outperform those 363

relying solely on local knowledge bases, as the lat- 364

ter are prone to producing incorrect answers due 365

to information staleness. This trend is clearly re- 366

flected in the superior performance of Web-search 367

compared to Naive-RAG. We further observe that 368

more recently trained models tend to achieve higher 369

accuracy than earlier versions. A plausible expla- 370

nation is that newer models have been exposed to 371

more recent news and web corpora during training, 372

whereas older models have not. 373

(ii) Deep research agents outperform tradi- 374

tional information retrieval systems. Across 375

all evaluated settings, deep research agents con- 376

sistently achieve better performance than tradi- 377

tional information retrieval systems, including web- 378

enabled systems such as FastGPT. We attribute this 379

performance gap to the iterative exploration nature 380

of deep research agents. This performance gap can 381

be attributed to the iterative exploration paradigm 382

adopted by deep research agents. By repeatedly 383

incorporating intermediate feedback and dynami- 384

cally adjusting their research strategies during ex- 385

ecution, these agents exhibit greater robustness to 386

noisy evidence and a stronger capacity for factual 387

verification. 388

(iii) Exposing the agent to a clear contextual 389

scope during planning is crucial for improving 390

accuracy. Our framework enables a controlled 391

comparison with the LangChain-AI open deep re- 392

search system, as both approaches are locally de- 393

ployed agents built on LangGraph. The primary 394

distinction is the integration of the CAPF mod- 395
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Method RealtimeQA HoHQA Dynaquest SealQA

EM F1 MBE EM F1 MBE EM F1 MBE EM F1 MBE

LLM Direct

Qwen3-235B (Yang et al., 2025) 13.11 25.30 24.39 5.11 17.15 9.85 9.14 24.16 15.14 15.35 19.82 18.89

DeepSeek-V3 (Liu et al., 2024) 29.87 40.65 43.29 5.83 15.10 9.12 18.09 30.79 28.07 14.57 17.40 15.35

DeepSeek-V3.2 (Liu et al., 2025) 31.70 44.04 45.73 7.66 20.82 15.32 20.82 38.08 34.38 18.50 23.66 25.19

GPT-5.1 (OpenAI, 2025) 34.15 49.57 50.91 10.22 24.97 25.55 22.08 40.80 37.53 20.87 28.13 28.74

Information Retrieval System

Naive-RAG (Karpukhin et al., 2020) 9.45 17.33 26.52 4.01 18.04 22.37 3.15 13.14 21.14 9.06 11.26 12.99

Web-Search (Tavily AI, 2024) 38.41 54.12 59.15 28.47 41.16 38.32 28.39 41.76 38.48 13.39 18.00 14.17

Madam-RAG (Wang et al., 2025) 20.12 28.35 30.48 13.87 30.08 28.10 16.08 27.55 23.66 21.65 27.80 31.89

FastGPT (FastGPT AI, 2024) 42.07 59.46 60.06 21.17 43.64 40.51 33.75 48.49 50.78 23.23 26.58 31.49

Deep Research Agent

Open DR (LangChain AI, 2025) 39.33 56.87 58.84 32.48 52.53 51.46 37.54 51.62 52.68 18.90 25.68 28.34

Kimi-K2 DR (Moonshot AI, 2025) 49.09 67.60 70.73 42.33 62.41 64.60 41.50 54.13 54.57 31.50 36.47 32.68

Qwen3-Max DR (Qwen AI, 2025) 45.12 59.70 64.63 38.69 59.40 63.87 43.40 56.80 53.31 30.31 35.90 35.83

GPT-5.1 DR (OpenAI, 2025) 57.62 72.03 76.22 46.72 66.76 71.17 45.30 59.91 57.72 34.25 40.55 42.52

Our framework

CAPF DRQwen3−235B 46.95 61.24 67.07 40.14 56.47 58.02 40.38 53.67 52.36 31.89 35.24 33.46

CAPF DRDeepSeek−V 3 59.75 73.95 78.35 48.54 64.29 68.61 46.69 60.45 58.99 33.85 41.39 39.76

CAPF DRDeepSeek−V 3.2 55.49 67.58 74.46 41.97 61.25 66.79 44.48 55.38 53.31 29.92 36.23 32.68

CAPF DRGPT−5.1 61.89 75.82 79.87 48.91 67.52 69.34 44.79 58.19 58.35 35.04 43.34 44.49

Table 1: Performance comparison across four fact-seeking benchmarks (RealtimeQA, HoHQA, DynaQuest, and
SealQA). MBE represents the model-based evaluation score obtained via an LLM-as-a-Judge protocol. DR denotes
Deep Research agent.

ule into the planning stage. By strengthening the396

research brief with a clearer and more informed397

contextual scope, CAPF guides downstream explo-398

ration more effectively and leads to a substantial399

improvement in answer accuracy. Notably, this im-400

provement allows our approach to match or exceed401

the performance of several widely used proprietary402

deep research agents, including the official deep403

research functionalities in GPT-5.1, Qwen3-Max,404

and Kimi-K2. Additional case studies that reveal405

further insights are provided in Appendix C.406

4.3 Ablation Study407

We present an ablation study that quantifies the408

contribution of individual CAPF components to an-409

swer accuracy across multiple datasets. As shown410

in Table 2, the agent without CAPF exhibits the411

weakest performance, although it still marginally412

outperforms directly prompting an LLM to answer413

the question, highlighting the benefit of structured414

research workflows even without context-aware415

planning. Enabling either local or web pre-search416

leads to consistent performance gains, with web417

pre-search providing a larger improvement than418

local search. This difference can be attributed to419

the ability of web search to surface more recent420

and diverse evidence, which helps the agent iden-421

tify temporal constraints and conflicting signals 422

during planning. As a result, the research brief be- 423

comes more precise and better scoped, leading to 424

improved downstream exploration and answer gen- 425

eration. Finally, the full CAPF framework achieves 426

the best performance among all variants, show- 427

ing absolute improvements of +15.36% in F1 and 428

+17.52% in MBE over the agent without CAPF, 429

demonstrating the complementary benefits of inte- 430

grating context-aware pre-search signals into the 431

planning process. 432

5 Analysis 433

In this section, we present a comprehensive analy- 434

sis of how CAPF improves the efficiency of deep 435

research by comparing agents with and without 436

CAPF. Our analysis focuses on four aspects: re- 437

source utilization, message quality, evolution of the 438

search tree, and synthesis coherence. A qualitative 439

comparison between CAPF and proprietary deep 440

research agents is provided in Appendix C. 441

5.1 Resource Utilization 442

We analyze the impact of CAPF on resource uti- 443

lization from three perspectives: the number of 444

search API calls (S-API), total execution time (E- 445

Time), and the number of tool invocations (T-Call). 446
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Method RealtimeQA HoHQA Dynaquest SealQA

EM F1 MBE EM F1 MBE EM F1 MBE EM F1 MBE

LLM DirectDeepSeek−V 3 29.87 40.65 43.29 5.83 15.10 9.12 18.09 30.79 28.07 14.57 17.40 15.35

No CAPF DRDeepSeek−V 3 38.41 56.70 54.87 30.29 47.81 51.09 32.18 53.87 50.79 16.93 20.25 18.90

CAPFLocal DRDeepSeek−V 3 41.16 59.76 60.67 32.11 53.65 54.74 35.96 54.73 51.10 20.87 24.41 27.16

CAPFWeb DRDeepSeek−V 3 50.91 64.13 66.76 37.23 58.59 60.21 38.48 56.78 57.10 30.71 34.56 34.25

CAPF DRDeepSeek−V 3 59.75 73.95 78.35 48.54 64.29 68.61 46.69 60.45 58.99 33.85 41.39 39.76

Table 2: Ablation results of CAPF on four fact-seeking benchmarks. CAPFLocal and CAPFWeb enable only local
and web search, respectively, while CAPF enables both. All experiments use DeepSeek-V3 as the base model.

No CAPF Deep Research CAPF Deep Research
S-API

Comparison of Resource Consumption per Task

E-Time T-Call

4.94 4.62

198 176

3.83 3.75

Figure 3: Comparison of resource consumption per task
with and without CAPF. Best viewed by zooming in.

Figure 3 compares a deep research agent with and447

without CAPF across these metrics. It shows that448

incorporating CAPF consistently reduces resource449

consumption along all three dimensions. In partic-450

ular, the S-API per task decreases by 0.32, and the451

E-Time is reduced by 22 seconds. These improve-452

ments indicate that exposing the agent to a clear453

research scope during the planning stage enables454

more efficient exploration by avoiding unnecessary455

searches and redundant execution steps. A com-456

parison of resource consumption across different457

backbone models is provided in Appendix D.458

5.2 Message Quality459

We investigate the quality of messages propagated460

within deep research agent systems, as these mes-461

sages play a critical role in guiding the entire re-462

search process. Figure 4 presents two examples463

from RealtimeQA and SealQA, illustrating how464

CAPF enhances user queries by both constraining465

the problem scope to relevant candidates and ex-466

plicitly surfacing critical pitfalls inherent in the467

questions. To enable systematic comparison, we468

manually select a set of challenging cases from469

the four benchmarks and annotate key points cor-470

responding to the core aspects. We then conduct471

a human evaluation of the research briefs and sub-472

topics generated with and without CAPF, measur-473

ing how well they align with these annotated key474

points. As shown in Figure 5, CAPF improves475

RealtimeQA Case

Two planes collided on a runway, causing a massive fireball
most recently. Where did the incident occur?Question: 

SealQA Case

The most recent accident that fits the description occurred at Kalispell City 
Airport on August 11, 2025, but the agent is easily distracted by the more 
famous November 4, 2025 crash, which did not involve two planes 
colliding on a runway.

Key Point: 

The user is asking about a recent incident where two planes collided on a 
runway, causing a massive fireball. I need to search for this specific incident 
to find out where it occurred. I should search for recent news about plane 
collisions on runways with fireballs. Since the user mentions this happened 
"most recently," I should look for very recent incidents.

General LLM-based Research Brief: 

I want to find out the exact location where two planes recently collided on a
runway, causing a massive fireball, with conflicting initial reports suggesting 
possible incidents at Kalispell City Airport in Montana, Teterboro Airport, 
Louisville SDF, or Evansville (U.S. 41 and Lynch Road). Specifically, I need 
to confirm which of these locations (or another) matches the most recent 
collision involving two planes on a runway, as some reports describe 
single-plane crashes or collisions with parked aircraft rather than two 
planes colliding mid-runway.

Our CAPF Research Brief: 

Our CAPF Research Brief: 
Given the current discrepancies in the reported rankings and box office figures
for 'Inside Out 2' (from #9 to #13 in different snippets) and conflicting claims
about other recent entrants like 'Avatar: The Way of Water' (2022) and
unverified 2025 titles ('Ne Zha 2', 'Deadpool & Wolverine', 'Mission: Impossible 
The Final Reckoning'), I need to determine the definitive, chronologically most
recent film to join the top 10 highest-grossing films of all time.

What is the most recent film to join the top 10 highest-grossing 
films of all time?Question: 

This question is tricky because search results may misleadingly highlight 
Inside Out 2 reaching the top 10, whereas the latest film to actually enter 
the all-time top-10 list is Ne Zha 2.

Key Point: 

The user is asking about the most recent film to join the top 10 highest
grossing films of all time. This is a question about current box office 
records and film rankings. I need to search for the most up-to-date 
information about the highest-grossing films list and which film most 
recently entered the top 10.

General LLM-based Research Brief: 

Figure 4: Case studies comparing general LLM-based
research briefs and our CAPF-enhanced research briefs.
Best viewed by zooming in.

message quality by surfacing inherent difficulties 476

through pre-search, leading to higher key-point cov- 477

erage in research briefs and sub-topics. Additional 478

qualitative examples are provided in Appendix E. 479

5.3 Evolution of the Search Tree 480

We explore how CAPF influences the evolution of 481

the search tree during research exploration from 482

both global and local perspectives. At the global 483

level, we focus on search tree depth (STD), which 484
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Key-Point Aligned Partially Relevant Key-Point Missing

Research Brief
Without CAPF

Research Brief
With CAPF

   Sub-topic
Without CAPF

 Sub-topic
With CAPF

Comparison of Human Evaluation Results on Message Quality 

28% 29%

14% 49%

37%

46%17%

16% 17%

58%
35%

54%

Figure 5: Comparison of human evaluation results on
message quality with and without CAPF. Best viewed
by zooming in.

No CAPF Deep Research CAPF Deep Research
STD

Impact of CAPF on Search Tree Structure

3.29 3.07

QIS/B

32.18

15.54

S-API/B

4.79
3.55

T-Call/B

3.72
2.88

Figure 6: Comparison of search tree structure with and
without CAPF. Best viewed by zooming in.

reflects how efficiently the search process con-485

verges. At the local level, we examine branch-486

level efficiency using three complementary metrics:487

query intent shift rate per branch (QIS/B), search488

API calls per branch (S-API/B), and tool invoca-489

tions per branch (T-Call/B). These metrics charac-490

terize how efficiently each branch conducts focused491

exploration and reaches resolution. As shown in492

Figure 6, CAPF consistently optimizes the struc-493

ture of the search tree, with particular improve-494

ments in branch-level efficiency metrics. These495

results suggest that by surfacing inherent difficul-496

ties through pre-search, CAPF provides more de-497

tailed guidance for each branch, enabling more498

focused and efficient exploration and verification.499

Additional qualitative examples are provided in500

Appendix F.501

5.4 Synthesis Coherence502

We observe that CAPF also improves the coherence503

of the final report by shaping how retrieved evi-504

dence is interpreted and integrated. Importantly, we505

find that retrieving critical evidence during research506

exploration does not guarantee that the agent will507

correctly utilize it in the final report. Figure 3 illus-508

trates a representative case in which both systems509

correctly identify a player transfer that occurred in510

August 2007 based on the retrieved evidence. How-511

ever, without a CAPF-enhanced research brief and512

sub-topics that highlight this key point, the report513

incorrectly infers affiliation with Bolton Wander-514

Our CAPF Deep Research Final Report: 
Andy O'Brien's Football Clubs (February 2007 – August 2009): 
Detailed Career Timeline  
Between February 2007 and August 2009, Andy O'Brien played for:  
   1. Portsmouth FC (until August 13, 2007).  
   2. Bolton Wanderers (from August 13, 2007, onward, with no further     
       transfers during this period).  
Key details:  
   - Context: O'Brien had joined Portsmouth from Newcastle United in 2005 
      but  lost his starting position after Sol Campbell’s arrival [1].  
   - Announcement: Bolton manager Sammy Lee described the signing as 
      an "astute acquisition," emphasizing O'Brien’s defensive versatility [1].  
  - Immediate Impact: O'Brien was included in Bolton’s squad for their     
      Premier League  match against Fulham shortly after the transfer [1].  
Discrepancy Note     
   ...
Appearances and Performance
  ...
Contract Status
     - O'Brien’s original two-year deal (signed in 2007) was extended through 
      June 2011,  confirming his uninterrupted tenure at Bolton until at least
       August 2009 [6][8].  
Conclusion
   ... 

Andy O'Brien's Football Career (February 2007–August 2009)  
Clubs Played For  
Bolton Wanderers (August 2007–August 2009)  
  - Signed on August 13, 2007, from Portsmouth for an undisclosed   
     fee, agreeing to a two-year contract [1][4].  
  - Key Role: Operated as a center-back under manager Sammy
     Lee, who praised his versatility and defensive strength [1].  
  - Contract Extension: In October 2008, O'Brien signed an 
     extension securing his stay at Bolton until 2011 [3][5].  
  - Appearances: Made 90 total appearances for Bolton during this
     period, contributing to their Premier League campaigns [6].  
   - Player Statement: O'Brien expressed gratitude for Bolton reviving his
     career after losing favor at Portsmouth [2].  
Loan Moves  
  - No loan activity occurred between February 2007 and August 2009. 
     O'Brien remained with Bolton Wanderers throughout this timeframe [1][6].  
Performance and Impact  
  ...
  
Sources  
  ...  

General Deep Research Final Report: 

Figure 7: Case studies comparing the general deep re-
search final report and our CAPF deep research final
report. Best viewed by zooming in.

ers, overlooking the previous transfer. As a result, 515

the report misinterprets the temporal implications 516

of the transfer event. In contrast, CAPF explic- 517

itly surfaces this temporal inconsistency during the 518

planning stage. This guidance is reflected in the fi- 519

nal report, which correctly accounts for the player’s 520

club affiliation both before and after the transfer, 521

generating a more coherent synthesis. 522

6 Conclusion 523

In this work, we identify a key limitation of current 524

deep research systems, which relies on shallow re- 525

search briefs from underspecified query expansion 526

that fail to anticipate research scope. To address 527

this issue, we introduce CAPF, a context-aware 528

planning framework that incorporates contextual 529

signals into the planning stage to establish clearer 530

research boundaries and guide more focused ex- 531

ploration. Experiments on four recent realistic QA 532

benchmarks show that CAPF consistently outper- 533

forms SOTA deep research and agentic retrieval 534

systems. Further analysis indicates that exposing 535

the agent to the inherent difficulty of a question dur- 536

ing the planning stage is critical for improving both 537

accuracy and efficiency in deep research agents. 538
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Limitations539

Although our approach achieves SOTA perfor-540

mance across a wide range of realistic fact-seeking541

benchmarks while also demonstrating improved re-542

source efficiency, it has two notable limitations: (i)543

Multi-entity Queries and (ii) Search Tree Opti-544

mization.545

First, our framework is primarily designed for546

questions whose answers are obscured by noisy547

or misleading search evidence. By introducing a548

context-aware planning stage, CAPF allows the549

agent to surface potential ambiguities and antic-550

ipate difficulties during planning. However, for551

multi-entity queries that mainly rely on user clarifi-552

cation and semantic decomposition, such as "What553

are the investment philosophies of Duan Yongping,554

Warren Buffett, and Charlie Munger?", the core555

challenge lies less in handling noisy evidence and556

more in decomposing the query into coherent sub-557

problems and conducting structured analysis for558

each component. In such scenarios, the pre-search559

signals provided by CAPF offer limited additional560

benefits. Table 3 presents a comparison of dif-561

ferent deep research systems on DeepResearch562

Bench (Du et al., 2025). Compared with deep re-563

search agents without CAPF, our framework shows564

a clear improvement in overall performance. Al-565

though it still lags behind Cellcog, it nevertheless566

surpasses agents such as OpenAI Deep Research567

and Claude Research. We note that DeepResearch568

Bench does not provide a local text corpus. Our569

evaluation adopts a web-only variant of CAPF, de-570

noted as CAPFWeb, which enables web pre-search571

during the CAPF stage.572

Method overall comp. insight inst. read.
Cellcog 51.94 52.17 51.9 51.37 51.94
CAPFWeb DR 49.59 49.24 47.06 51.96 52.14
OpenAI DR 46.45 46.46 43.73 49.39 47.22
Claude Research 45.43 45.34 42.79 47.58 44.66
No CAPF DR 44.94 44.75 42.83 46.75 47.86

Table 3: Comparison of different deep research systems
on DeepResearch Bench.

Second, while CAPF effectively shapes the early-573

stage research plan and constrains the exploration574

space, it does not perfectly optimize the each step575

of the exploration trajectory. Through our case576

studies, we identify several directions that could577

further improve downstream research efficiency.578

The first issue arises in the transition from the re-579

search brief to sub-topic generation. This process580

is currently driven by a fixed system prompt in con- 581

junction with an LLM. In some cases, the resulting 582

decomposition is suboptimal. As illustrated in the 583

second case study in Appendix F, the downstream 584

sub-topic decomposition is constrained by the in- 585

herent capabilities of the LLM. From a human per- 586

spective, the research brief could be more cleanly 587

decomposed into two independent sub-tasks, one 588

focusing on the Prime Minister role and the other 589

on the Vice President role. In contrast, the model- 590

generated sub-topics remain partially entangled, 591

which complicates subsequent exploration. A sec- 592

ond issue concerns query generation conditioned 593

on sub-topics. We observe that the LLM tends to 594

produce queries that are highly similar in seman- 595

tics. Figure 14 shows two representative exam- 596

ples: "Mercedes Aráoz roles Second Vice President 597

Prime Minister Peru 2017–2018" and "Mercedes 598

Aráoz acting president Peru 2017–2018". Due to 599

their close semantic overlap, these queries yield 600

largely redundant web search results, leading to 601

unnecessary resource consumption. 602
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Appendix821

A Evaluation Datatsets822

To assess the effectiveness of our framework, we823

evaluate it on a set of benchmarks designed to chal-824

lenge systems with noisy and potentially mislead-825

ing evidence that cannot be effectively resolved826

through user clarification. Specifically, we adopt827

RealtimeQA (Kasai et al., 2023), HoHQA (Ouyang828

et al., 2025), DynaQuest (Lin et al., 2025a), and829

SealQA (Pham et al., 2025), all of which include830

questions whose correct answers are easily con-831

founded by outdated, conflicting, or ambiguous832

information.833

However, we observe that these benchmarks are834

highly time-sensitive. Many questions were cor-835

rect at the time of dataset construction, become836

partially or fully incorrect after only a few months837

due to real-world changes. For example, SealQA838

originally annotated the answer to "Which com-839

pany most recently surpassed a $1 trillion mar-840

ket capitalization for the first time in its history?"841

as Broadcom, based on its valuation in December842

2024. Subsequent market developments render this843

annotation outdated, as Eli Lilly surpassed the $1844

trillion threshold on November 21, 2025.845

In addition to temporal drift, some questions ex-846

hibit intrinsic ambiguity that can lead to systematic847

misinterpretation by agents. For instance, Real-848

timeQA includes the question "What is the name849

of the storm that pummelled Britain this week?".850

The phrase "this week" is underspecified and de-851

pends on the evaluation time, which introduces852

uncertainty during question analysis. To ensure a853

reliable evaluation, we replace such vague temporal854

expressions with explicit references, such as "Jan-855

uary 2025", and update the corresponding answer856

to "Storm Éowyn".857

To quantify the extent of these issues, we con-858

struct a statistical analysis that compares the re-859

vision rates across the four benchmarks. Figure 8860

reports the proportion of questions and answers that861

require updates to ensure temporal correctness and862

clarity. We observe that the majority of revisions863

are concentrated in RealtimeQA, as the dataset was864

created in 2023 and contains a substantial number865

of entries whose underlying facts or annotations866

have since become outdated. The remaining three867

benchmarks also exhibit non-negligible revision868

needs, with approximately 15% of their questions869

or answers requiring modification to maintain eval-870
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Figure 8: Proportion of question and answer requiring
updates across four benchmarks.

uation validity. 871

B Experimental Setup 872

Baseline and Hyperparameters. We implement 873

our framework with LangGraph and incorporate 874

CAPF into the planning node of the system. 875

CAPF incorporates two complementary retrieval 876

modules: a web-search component powered by 877

the Tavily search API (Tavily AI, 2024), and 878

a local retrieval component implemented as a 879

customized RAG system (Karpukhin et al., 2020) 880

built from the noisy context passages supplied 881

by each dataset. We evaluate our approach on 882

four widely deployed LLMs, including Qwen3- 883

235B (Yang et al., 2025), DeepSeek-V3 (Liu 884

et al., 2024), DeepSeek-V3.2 (Liu et al., 2025), 885

and GPT-5.1 (OpenAI, 2025), which serve as the 886

research models for our agent. For hyperparam- 887

eters, we set "max_concurrent_research_units" 888

to 5, "max_researcher_iterations" to 6, 889

"research_model_max_tokens" to 10000, and 890

"max_react_tool_calls" to 10. 891

System Prompts. This section presents the sys- 892

tem prompts used in our framework. The prompts 893

are organized according to the three main stages 894

of the deep research pipeline: research plan- 895

ning, research exploration, and report synthe- 896

sis. While most prompts are specifically de- 897

signed for CAPF, a subset is adapted from the 898

open deep research agent proposed by LangChain- 899

AI (LangChain AI, 2025). Figure 9 illustrates the 900

key prompts associated with CAPF. In particular, 901

"CAPF_snippet_analysis_prompt" focuses on the 902

processing of retrieved text snippets. It is designed 903

to extract only the core factual information from 904

each snippet that is directly relevant to the user’s 905

question, while explicitly prohibiting interpreta- 906

tion, inference, or correctness judgment. By en- 907
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forcing strict constraints on the extraction behavior,908

this prompt ensures that noisy, incomplete, or po-909

tentially misleading evidence is preserved in its910

original form, rather than prematurely filtered or911

corrected. In contrast, "Research_brief_prompt"912

focuses on transforming the extracted snippet-level913

cues into a concrete and actionable research objec-914

tive. It takes as input the user’s original query, the915

conversation context, and the weak signals surfaced916

during the CAPF snippet analysis stage, and syn-917

thesizes them into a single, well-scoped research918

question. Rather than treating snippet-derived in-919

formation as confirmed facts, this prompt explicitly920

frames such information as leads to be verified, and921

requires potential conflicts, ambiguities, or missing922

attributes to be articulated in the research brief it-923

self. As a result, the generated research question924

not only specifies what information needs to be925

found, but also highlights which aspects require926

careful validation or disambiguation, thereby pro-927

viding clearer guidance for subsequent exploration.928

C Main Experiment929

In this section, we provide a qualitative analysis of930

representative proprietary deep research systems,931

including the official deep research functionalities932

in GPT-5.1 (OpenAI, 2025), Qwen3-Max (Qwen933

AI, 2025), and Kimi-K2 (Moonshot AI, 2025).934

Since these systems are closed-source, our anal-935

ysis goes beyond the performance differences re-936

ported in Table 1 and focuses on practical usage937

experience, illustrative case studies, and qualitative938

comparisons with our CAPF framework.939

For GPT-5.1 (OpenAI, 2025) and Kimi-940

K2 (Moonshot AI, 2025), the deep research agents941

operate in a largely closed manner. These sys-942

tems do not expose explicit research briefs or in-943

termediate sub-topics to the user. Instead, they944

provide partial intermediate reflections with lim-945

ited transparency into how subsequent actions are946

selected during execution. Figure 10 presents an947

example from GPT-5.1 for the query “What was948

the position of Trygve Lie between Jul 1947 and949

Apr 1948?”. The generated output offers an ex-950

tensive narrative that aggregates a wide range of951

contextual details related to Trygve Lie during the952

target period. While such thoroughness can be953

informative, it is often unnecessarily verbose for954

fact-seeking queries, where a precise, well-scoped955

research objective and targeted verification would956

suffice. We also observe that both systems exhibit957

Backbone Model E-Time S-API T-Call
DeepSeek-V3 176 4.62 3.75
DeepSeek-V3.2 397 7.16 9.28
Qwen3-235B 274 6.54 7.73
GPT-5.1 246 11.25 8.48

Table 4: Comparison of resource utilization of different
backbone models with CAPF.

relatively long response times, with a single re- 958

quest frequently exceeding ten minutes. In addi- 959

tion, Kimi-K2 tends to produce excessively long 960

intermediate outputs that include substantial infor- 961

mation not directly relevant to the original question. 962

For relatively simple fact-seeking tasks, this lack of 963

adaptive control can lead to redundant exploration 964

and reduced overall efficiency. 965

For Qwen3-Max (Qwen AI, 2025), the research 966

team has not yet released a dedicated deep research 967

mode. However, by enabling both the thinking 968

and search options, the system can approximate 969

a deep research style workflow. Under this con- 970

figuration, Qwen3-Max is able to decompose the 971

original question into multiple sub-questions and 972

conduct independent exploration for each sub-task. 973

We consider this setup to be a reasonable proxy 974

for comparison. Unlike GPT-5.1 and Kimi-K2, 975

Qwen3-Max exposes part of its research process, 976

particularly the generated research brief. Figure 11 977

presents a comparison between the research briefs 978

produced by Qwen3-Max and those generated by 979

CAPF. While Qwen3-Max relies primarily on di- 980

rect question decomposition by the language model, 981

it lacks an explicit mechanism for anticipating po- 982

tential difficulties or ambiguities in advance. In 983

contrast, CAPF incorporates weak signals surfaced 984

during pre-search to proactively identify challeng- 985

ing aspects of the question, resulting in a more 986

informed and focused research plan. 987

D Resource Utilization 988

The main body of the paper analyzes the impact of 989

CAPF on resource utilization by comparing agents 990

with and without CAPF. In this section, we focus on 991

a complementary analysis that examines how differ- 992

ent backbone models affect resource consumption 993

under the same CAPF framework. We adopt the 994

same evaluation metrics as in the main experiments, 995

including the number of search API calls (S-API), 996

total execution time (E-Time), and the number of 997

tool invocations (T-Call). 998
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Table 4 reports the resource utilization of four999

widely deployed large language models, namely1000

Qwen3-235B (Yang et al., 2025), DeepSeek-1001

V3 (Liu et al., 2024), DeepSeek-V3.2 (Liu et al.,1002

2025), and GPT-5.1 (OpenAI, 2025), when all are1003

equipped with CAPF under identical experimental1004

settings. The results indicate that resource con-1005

sumption does not exhibit a strict positive correla-1006

tion with answer accuracy. For example, DeepSeek-1007

V3 consumes the least resources, using nearly half1008

the resources required by DeepSeek-V3.2, while1009

achieving higher answer accuracy. In contrast,1010

GPT-5.1 incurs the highest S-API cost but also1011

attains the best overall performance. Qwen3-235B1012

and DeepSeek-V3.2 fall between these extremes,1013

reflecting different trade-offs between efficiency1014

and effectiveness under the same planning frame-1015

work.1016

E Message Quality1017

In this section, we provide a detailed analysis of1018

how CAPF improves message quality in deep re-1019

search systems by strengthening the formulation of1020

research briefs and sub-topics. Specifically, CAPF1021

enhances user queries along two complementary di-1022

mensions. First, it constrains the problem scope by1023

explicitly enumerating plausible candidates, tempo-1024

ral ranges, or organizational entities implicated by1025

the query, thereby reducing ambiguity and prevent-1026

ing unfocused exploration. Second, it surfaces crit-1027

ical pitfalls inherent in the question, such as com-1028

peting interpretations, entity confusion, or poten-1029

tially misleading assumptions suggested by early1030

evidence, and incorporates these issues directly into1031

the planning stage.1032

Figure 12 presents two representative cases that1033

illustrate these effects in practice. In the first1034

case, CAPF transforms an underspecified historical1035

query into a research brief that explicitly distin-1036

guishes between alternative roles and geographic1037

contexts, ensuring that each plausible interpreta-1038

tion is independently verified. In the second case,1039

CAPF identifies multiple potential ownership struc-1040

tures implied by the query and organizes them into1041

structured sub-topics, allowing the agent to system-1042

atically investigate competing hypotheses rather1043

than prematurely committing to a single narrative.1044

Across both examples, the resulting research briefs1045

are more precise, better aligned with the true diffi-1046

culty of the questions, and provide clearer guidance1047

for downstream exploration.1048

F Evolution of Search Tree 1049

In this section, we analyze how CAPF influences 1050

the evolution of the search tree during deep re- 1051

search. Our analysis focuses on how planning sig- 1052

nals introduced by CAPF shape the branching struc- 1053

ture, depth progression, and query refinement be- 1054

havior throughout the research process. Figures 13, 1055

14, 15, 16 present four representative case studies 1056

that illustrate the resulting search tree structures 1057

under CAPF. 1058

In the first case, CAPF enables the agent to sepa- 1059

rate alternative career paths and timeline intersec- 1060

tions at an early stage. This results in shallow yet 1061

well-targeted branches that converge quickly to- 1062

ward resolution. By explicitly structuring compet- 1063

ing explanations into parallel branches, the agent is 1064

able to systematically compare alternatives instead 1065

of prematurely committing to a single narrative, 1066

thereby reducing unnecessary exploration. 1067

The second case further illustrates both the 1068

strengths and current limitations of CAPF. Dur- 1069

ing the pre-search stage, CAPF successfully identi- 1070

fies a key difficulty of the question that Mercedes 1071

Aráoz may have simultaneously held the positions 1072

of Prime Minister and Vice President during the 1073

period from 2017 to 2018. Based on this observa- 1074

tion, CAPF generates a research brief with a clear 1075

scope and explicit verification goals. However, we 1076

also observe that the downstream decomposition 1077

into sub-topics is constrained by the capabilities 1078

of the LLM. From a human perspective, the re- 1079

search brief could be more effectively decomposed 1080

into two independent sub-tasks, one focusing on 1081

the Prime Minister role and the other on the Vice 1082

President role. In contrast, the model-generated 1083

sub-topics remain partially entangled, which leads 1084

to an additional round of search that may not be 1085

strictly necessary. 1086

Overall, these case studies demonstrate that ex- 1087

posing weak signals and potential pitfalls during 1088

planning not only improves message quality but 1089

also fundamentally alters the dynamics of explo- 1090

ration by shaping a more structured and inter- 1091

pretable search tree. At the same time, they high- 1092

light a promising direction for future research, 1093

namely how to better align LLMs with explicit 1094

investigative structures in order to further reduce 1095

redundant exploration and improve resource effi- 1096

ciency. 1097
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CAPF_snippet_analysis_prompt

You will be given the user's question and a retrieved snippet of text.
Your goal is only to extract the core information from the snippet that directly relates to the 
question.
CRITICAL: Always respond in {language}.
The user's question is:
<Question>
{user_question}
</Question>
The retrieved snippet is:
<SNIPPET>
{snippet}
</SNIPPET>
Do NOT interpret, infer, expand, reason, or judge correctness.  
Do NOT mention contradictions, uncertainties, or irrelevant content.  
If the snippet contains NO information that meaningfully helps answer the question, output 
exactly: "No relevant information"
Otherwise, output only the directly relevant information, quoted or summarized very briefly.

Research_brief_prompt

You will be given a set of messages that have been exchanged so far between yourself and the 
user, along with additional clues from initial research snippets related to the user's query.
Your job is to translate this information into a more detailed and concrete research question that 
will guide the next stage of research.
CRITICAL: Always respond in {language}. All your responses and the final research question
 must be in {language}.
The messages exchanged so far are:
<Messages>
{messages}
</Messages>
The following are clues from initial snippet analysis related to the question:
<SnippetsAnalysis>
{snippets_analysis}
</SnippetsAnalysis>
Today's date is {date}.
You will return a single, well-formulated research question that will be used to guide further 
research.
Guidelines:
1. **Maximize Specificity and Detail**: Incorporate all relevant details from the user's messages 
*and* the snippet clues. Include known user preferences and key attributes mentioned by the 
user. Ensure the research question is specific about what needs to be found, investigated, or 
confirmed.
2. **Include All Relevant Dimensions**: If the user has provided certain criteria or context, make 
sure these are included. If there are essential attributes missing from the user’s query, explicitly 
state them as open-ended or to be determined (e.g., “for all regions” if no region is specified).
3. **Avoid Unwarranted Assumptions**: Do not invent or assume details that the user hasn’t provided.
If something is not specified, indicate that it’s not specified and may require exploration. Do not treat
the snippet clues as confirmed facts—treat them as leads or evidence to follow up on.
4. **Use the User’s Perspective (First Person)**: Phrase the research question from the user’s 
perspective, as if the user is stating what they want. For example, "I want to find out ..." or "What is
 the ...".
5. **Source Prioritization**: If the user has indicated preferences for certain sources or if the query
 type suggests an ideal source, mention it. (For instance, for a product query, suggesting looking at 
official sites or reputable reviews; for academic queries, focusing on original research papers; for 
person queries, official profiles like LinkedIn, etc. Ensure sources align with the user's language if 
specified.)
6. **Leverage Snippet Clues**: Use the information from the snippet analysis to enrich the research
question. 
   - If the clues suggest possible answers or important details (e.g., specific names, dates, or facts), 
include these details in the question as context or points to verify. 
   - If the clues reveal conflicting information or uncertainties, explicitly mention these issues in the 
research question so that the research can address them (for example, “some sources indicate X while
 others suggest Y”). 
   - Treat snippet-derived information as leads that need confirmation; the research question should
 reflect the need to investigate those leads rather than taking them at face value.
7. **Clarity and Focus**: The final research question should be clear and focused, leaving no 
ambiguity about what needs to be researched. It should be detailed enough to guide a researcher 
or sub-agents in finding the necessary information, including resolving any conflicts or gaps identified.
Your output should be a single, standalone research question (in one sentence or a short paragraph) 
that integrates the user's request with the snippet-derived clues, ready to be passed to the 
research phase.

Figure 9: The CAPF system prompts.
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What was the position of Trygve Lie between Jul 1947 and Apr 1948?

I'm verifying Trygve Lie's official UN role from July 1947 to 
April 1948. He should be the Secretary-General during this
period, based on the timeline.

Searched for Trygve Lie Secretary-General details

...

Read en.wikipedia.org

Step1: Research Planning 
Research Brief and Sutopics

Step3: Final Report

Step2: Detailed Exploration 

2-1:  

Trygve Lie’s Official Position (July 1947 – April 1948)

Position and Title (1947–1948)
Between July 1947 and April 1948, Trygve Lie was serving as the 
Secretary-General of the United Nations, the highest administrative
official of the UN. In fact, he was the first person to hold this post,
...

Role and Responsibilities
As UN Secretary-General, Trygve Lie’s role was essentially to act 
as the organization’s top administrator and an international 
diplomat. The United Nations Charter defines the Secretary-General 
...

Notable Actions and Events
During the period in question, Secretary-General Lie was 
involved in several significant international issues, given 
that the late 1940s were a very turbulent time. Some of the
notable actions and events he dealt with include:
...

I'm thinking about how the Secretary-General of the UN handles
political initiatives and secures roles, typically detailed in the UN
Charter and official pages.

Searched for chief administrative officer United Nations

2-N:  

Considering Trygve Lie's tenure as UN Secretary-General from
July 1947 to April 1948, noting his exit from Norwegian position
and involvement in key events like the Palestine partition plan 
and Cold War initiatives.

2-2:  

Figure 10: The detailed response of GPT5.1 deep research agent on a fact-seeking question.
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Qwen3-Max Research Brief:

CAPF Research Brief:

Let me break this down:

1. I need to find out who Trygve Lie was

2. I need to determine what position he held specifically between July 
    1947 and April 1948

This seems like a straightforward historical fact question. I should search
for information about Trygve Lie and his roles during this time period.

Let me start with a search about Trygve Lie and his position in 1947-194

This question is asking about the position held by Trygve Lie between
July 1947 and April 1948. I need to search for information about Trygve
Lie and his positions during this specific time period.

What was Trygve Lie's official position between July 1947 and April 1948, 
given that he served as Norway's Minister of Justice from February 1946
and later became Secretary General of United Nations? Clarify whether 
he held both roles simultaneously between July 1947 and April 1948 or
transitioned between them, and provide authoritative sources confirming 
his exact  position in this timeframe 

Figure 11: The comparison of Qwen3-Max research brief and our CAPF research brief.

What position did Joseph Martin (Canadian politician) take in Jun 1910?

I want to find out what political position Joseph Martin (Canadian politician) held in 
June 1910, as initial snippet analysis suggests he may have been serving as a 
British MP for St Pancras East from 1910-1918 or possibly as Attorney General 
and Acting Provincial Secretary in Canada at that time. The research should clarify 
whether he was in the UK or Canada during this period and confirm his specific 
role(s).

Question: 

Research Brief: 

(1) Investigate whether Joseph Martin (Canadian politician) was serving as a British
MP for St Pancras East in June 1910, including confirming the date range of his  
tenure and whether he was actively in the UK during that period.
(2) Investigate whether Joseph Martin (Canadian politician) was serving as Attorney 
General and Acting Provincial Secretary in Canada in June 1910, including 
confirming the timeline of his service in these roles and his location during that 
period.

Sub-topics: 

Which organization owned Ampad between Dec 2006 and Aug 2009?

Find out which organization owned Ampad between December 2006 and August 
2009, given that Crescent Capital Investments (later renamed Esselte) acquired 
the company in 2003, and verify whether ownership changed during this period or 
remained under Esselte/Crescent. Also investigate any potential connection to 
American Tissue or Bain Capital (given their historical ties to Ampad) during 
this timeframe.

Question: 

Research Brief: 

(1) Investigate the ownership of Ampad between December 2006 and August 2009, 
specifically whether Esselte (formerly Crescent Capital Investments) retained 
ownership during this period. Include any known changes in ownership or 
corporate restructuring during this timeframe.
(2) Explore any historical or business connections between Ampad and American 
Tissue during the period from December 2006 to August 2009, including any 
shared ownership, partnerships, or financial ties.

(3) Investigate any potential ties between Ampad and Bain Capital during the period 
from December 2006 to August 2009, including ownership stakes, financial
 involvement, or corporate affiliations.

Sub-topics: 

Figure 12: Two case studies illustrating how CAPF enhances user queries into structured research briefs and
sub-topics.
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"Query": "What was Francis H. Case 's occupation before Oct 1920?",
"CAPF_info": {
     "rag_info": [
          "Francis H . Case： Francis Higbee Case ( December 9 , 1896June 22 , 1962 ) was  an American 
          journalist and politician who served for 25 years as a member of United States Congress...",
          "Biography： Case was born in Everly , Iowa , the son of Mary Ellen ( née Grannis ) and the                          Reverend Herbert Llywellen Case . He moved with his parents to Sturgis...",   
          ],
      "web_info": [
           "Francis H. Case - South Dakota Historical Society Press: Dakota Images Francis Highbee         
            Case was born in Everly, Iowa, on 9 December 1896. When he was thirteen, his family...",
           "Case Collection - Archives - McGovern Library at Dakota Wesleyan ...: Francis H. Case was 
            born in Everly, Iowa, on December 9, 1896, and moved with his parents to Sturgis, South...", 
           "CASE, Francis Higbee (1896-1962) - Voteview: # UCLA Presents voteview.com beta\n\n## 
                CASE, Francis Higbee (1896-1962)\n\n#### Republican of South Dakota\n\n#### 0th...",
           "...",
          ]
         "snippet_analysis": [
          "[Snippet 1 Analysis]  He received his B.A. from Dakota Wesleyan University in 1918 and his

                                              M.A.  from Northwestern University in 1920.",
                           "[Snippet 2 Analysis]  An assistant editor at the Epworth Herald in Chicago and later the 
                                             telegraph writer and editorial writer for the Daily Journal.",
           "[Snippet 3 Analysis]  ...",
           "..." 
          ]},  
"Research_brief":  "I want to find out Francis H. Case's occupation before October 1920, considering 
that he graduated with an M.A. from Northwestern University in 1920, served as a private in the U.S. 
Marine Corps during World War I, and may have worked as a journalist (specifically as an assistant 
editor at the Epworth Herald in Chicago or in other editorial roles). Did he hold any specific jobs or 
titles prior to October 1920, and how did his military service and education timeline intersect with 
his  early career?",
"Research_process": {
"Identify Francis H. Case's roles in journalism before October 1920, specifically whether he worked 
as an assistant editor at the Epworth Herald in Chicago or held other editorial positions. Gather 
details about these roles, including job titles, responsibilities, and dates of employment.": {
    "iterations": [
        {
          "iteration": 1,
          "queries": [
              "Francis H. Case journalism roles before October 1920",
              "Francis H. Case assistant editor Epworth Herald Chicago",
              "Francis H. Case editorial positions pre-1920" ],
          "results": [
              "Search results: SOURCE 1: Francis Case - Wikipedia URL: https://en.wikipedia.org/wiki/
               Francis_Case\n\nSUMMARY:\n<summary>\nFrancis Higbee Case (December 9, 1896 
               – June 22, 1962) was an America..."] } ] },
"Examine the timeline of Francis H. Case's military service during World War I and his  education
 (M.A. from Northwestern University in 1920) to determine how these intersected with his early 
career.": {
    "iterations": [
        {
          "iteration": 1,
          "queries": [
                 "Francis H. Case military service World War I timeline",
                 "Francis H. Case education Northwestern University 1920",
                 "Francis H. Case early career before October 1920" ],
          "results": [
              "Search results: SOURCE 1: Francis Higbee Case (1896 - 1962) - Genealogy URL: https://    
               www.geni.com/people/Francis-H-Case-U-S-Senator/6000000016303748055\n\nSUMMARY:
               Meanwhile, during World Wa..." ] } ] } },
"compressed_research": [
"List of Queries and Tool Calls Made  1. Search for: Francis H. Case journalism roles before...",
"List of Queries and Tool Calls Made 1. Initial search: Francis H. Case roles before October..."
"..."]
"findings": "Reflection recorded: To research Francis H. Case's occupation before October 1920...",
"final_report": "Francis H. Case’s Occupation Before October 1920:  A Comprehensive Analysis..."

Figure 13: Case 1 illustrates the structure of the search tree with CAPF.
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"Query": "What was the position of Mercedes Aráoz between Dec 2017 and Mar 2018?",
"CAPF_info": {
     "rag_info": [
         "Vice presidency： In August 2016 , Aráoz was appointed as chair of the APEC Peru 2016 High
          Level Commission . The commission was made to determine necessary guidelines...",
         "Mercedes Aráoz： At the 2016 general election , Aráoz ran for the Second Vice Presidency                          along Pedro Pablo Kuczynski and Martin Vizcarra in the Peruvians for Change ticket...",   
         "Academic career： She is Principal Professor of International Economy at the University                          of the Pacific and member of the Research Center . She is also professor at the...",
          ],
      "web_info": [
            "Mercedes Aráoz: Mercedes Rosalba Aráoz Fernández (born 5 August 1961) is a Peruvian        
            economist, professor and politician.\n\nShe was the second Vice President of Peru of...",
            "Mercedes Aráoz: Council of Women World Leaders\nCouncil of Women World Leaders
            Prime Minister of Peru (2017-2018)\n\nMercedes Aráoz became Peru’s Prime...", 
           "Mercedes Aráoz - Crop Trust:  Vice-Chair of the Executive Board Mercedes Araoz headshot
                H.E. Mercedes Aráoz is a Peruvian economist and politician. Currently, she is a...",
           "...",
          ]
         "snippet_analysis": [
          "[Snippet 1 Analysis]  In the Kuczynski administration, she was appointed Prime Minister,

                                             serving from 17 September 2017 to 2 April 2018.",
                           "[Snippet 2 Analysis]  Mercedes Aráóz was the Second Vice President of Peru from 28 July
                                             2016 to 7 May 2020 and Prime Minister from 17 September 2017 to
                                             2 April.",
           "[Snippet 3 Analysis]  Professor Aráoz served as the Acting President and Prime Minister of 
                                             Peru from 2017 to 2018.",
           "..." 
          ]},  
"Research_brief":  "I want to confirm the exact political position(s) held by Mercedes Aráoz between 
December  2017 and March 2018, particularly whether she served as Prime Minister of Peru during
this entire period (17 September 2017 to 2 April 2018, per multiple snippets) and whether she
simultaneously held other roles like Second Vice President (mentioned July 2016-May 2020) or
'acting president' (as one snippet suggests). Sources should prioritize official government records,
accredited news reports from that timeframe, and her parliamentary/LinkedIn profiles to resolve",
    potential inconsistencies about additional titles during this tenure.",
"Research_process": {
"Please research the exact political positions held by Mercedes Aráoz between December 2017
and March 2018, focusing on whether she served as Prime Minister of Peru during the entire period
from 17 September 2017 to 2 April 2018. Additionally, verify if she simultaneously held other roles
such as Second Vice President (as mentioned from July 2016 to May 2020) or 'acting president' 
during this tenure. Sources should prioritize official government records, accredited news reports 
from that timeframe, and her parliamentary/LinkedIn profiles to clarify any inconsistencies about
 additional titles during this period.": {       "iterations": [
        {
          "iteration": 1,
          "queries": [
              "Mercedes Aráoz political positions September 2017 to April 2018",
             "Mercedes Aráoz roles Second Vice President Prime Minister Peru 2017-2018",
              "official government records Mercedes Aráoz Prime Minister Peru 2017-2018",
                                    "Mercedes Aráoz acting president Peru 2017-2018" ],
          "results": [
              "Search results: SOURCE 1: Mercedes Aráoz - Simple English Wikipedia, the free
              encyclopedia URL: https://simple.wikipedia.org/wiki/MercedesSUMMARY:
               Mercedes Rosalba A..."] } ,
        {
          "iteration": 2,
          "queries": [
                "Mercedes Aráoz political positions December 2017 to March 2018",
                 "Peru government records Mercedes Aráoz Prime Minister 2017-2018",,
                "Mercedes Aráoz parliamentary speeches December 2017" ],            
          "results": [
             "Search results:  SOURCE 1: Mercedes Aráoz - Wikipedia URL: https://en.wikipedia.org/wiki    
               /Mercedes_Ar%C3%A1oz\n\nSUMMARY: <summary>Mercedes Rosalba Aráoz Fernández is
               a Peruvian economist, pr..." ] } ] } },
"compressed_research": [
"List of Queries and Tool Calls Made:**\n1. Initial search for Mercedes Aráoz's political positions ...",
"List of Queries and Tool Calls Made:**\n1. Initial search for Mercedes Aráoz's political positions ...",
"..."]
"findings": "Reflection recorded: The user is asking about Mercedes Aráoz's political positions...",
"final_report": "Political Positions of Mercedes Aráoz (December 2017 – March 2018)  Key Roles..."

Figure 14: Case 2 illustrates the structure of the search tree with CAPF.
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"Query": "Who was the head coach of the team Gold Coast Suns between Sep 2016 and Aug 2017?",
"CAPF_info": {
     "rag_info": [
          "Players acquired through concessions： Initial 2011 playing squad recruitment 2011–2014 : 
          McKenna era . Guy McKenna would continue to coach the team throughout the 2011...",

          "Inaugural TAC Cup team： In November 2009 the team signed twelve 17-year-olds around                         the country to compete in the Victorian Football League ( VFL ) year through...",
          "Brisbane： The Gold Coast Suns have a rivalry with fellow Queensland AFL team the 
           Brisbane Lions . The two teams contest the QClash twice each season . The first QClash ...",
           "...",   
          ],
      "web_info": [
         "Where it all went wrong for Rodney Eade at the Gold Coast Suns: Expectations were raised         

            when Rodney Eade, who had a track record of turning the Sydney...",
         "Rodney Eade sacked by Gold Coast Suns as AFL coach - ABC News: Eade had endured a                         testing reign as Suns coach, with the club's inconsistent on-field form mixed in with a ...", 

           "Damien Hardwick joins the Gold Coast SUNS: “We have been unequivocal in our desire to 
            deliver success for our football club, for our loyal and growing group of members and ...",
           "...",
          ]
         "snippet_analysis": [
          "[Snippet 1 Analysis]  Guy McKenna was the inaugural coach of the Gold Coast Suns until                           

                                              he was sacked at the end of the 2014 season. Rodney Eade was the
                                                                                   head coach from 2015 and was sacked during the 2017 season.",
                           "[Snippet 2 Analysis]  No relevant information.",
           "[Snippet 3 Analysis]  No relevant information",
                                 "[Snippet 4 Analysis]  Rodney Eade was the head coach of the Gold Coast Suns during the                                                                        specified period.",
           "..." 
          ]},  
"Research_brief":  "Confirm who served as the head coach of the Gold Coast Suns between September
2016 and August 2017, specifically verifying if Rodney Eade held this position until his reported sacking 
in August 2017, and identifying any interim or permanent replacements during this timeframe. 
Prioritize sourcing this information from official club announcements, reputable sports news outlets, or 
the team's historical coaching records to resolve any potential conflicts or gaps in the available 
information.",
"Research_process": {
"Investigate Rodney Eade's tenure as head coach of the Gold Coast Suns between September 2016 
and August 2017. Verify if he held this position until his reported sacking in August 2017 and identify 
any interim or permanent replacements during this timeframe. Prioritize sourcing from official club
announcements, reputable sports news outlets, or the team's historical coaching records to ensure 
accuracy.": {
    "iterations": [
        {
          "iteration": 1,
          "queries": [
              "Rodney Eade Gold Coast Suns head coach tenure September 2016 August 2017",
              "Gold Coast Suns coach replacement August 2017",
              "official Gold Coast Suns coaching records 2016-2017" ],
          "results": [
              "Search results: SOURCE 1: Rodney Eade - Wikipedia URL: https://en.wikipedia.org/wiki/
               Rodney_Eade\n\nSUMMARY:\n<summary>\nRodney Eade, born April 4, 1958 is a former
               Australian rules footballe..."] } ] } },
"compressed_research": [
"List of Queries and Tool Calls Made  1. Search for: Rodney Eade Gold Coast Suns head coach tenure...",
"List of Queries and Tool Calls Made  1. Search for: Rodney Eade Gold Coast Suns head coach tenure...",
"..."]
"findings": "Reflection recorded: To accurately answer this question, we need to focus on verifying...",
"final_report": "Head Coach of the Gold Coast Suns (September 2016 - August 2017): Confirmation..."

Figure 15: Case 3 illustrates the structure of the search tree with CAPF.
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"Query": "Who was the spouse of Robert Hossein before Aug 1957?",
"CAPF_info": {
    "rag_info": [
          "Foreign honours： - : Commander of the Order of Cultural Merit ( 2006 ) Member of
          Eurasian Academy ( 2016 ) .",

          "Robert Hossein： Robert Hossein ( 30 December 1927 – 31 December 2020 ) was a French                       film actor , director , and writer . He directed the 1982 adaptation of Les Misérables...",
          "Death： Hossein died of COVID-19 during the COVID-19 pandemic in France on 31 December
          2020, one day after his 93rd birthday ."
          "...",   
         ],
     "web_info": [
         "Robert Hossein - European Film Star Postcards: The role of the jaded criminal stuck with him       

           in the coming decades. Hossein also started directing with the thriller Les salauds vont...",
         "Robert Hossein: Robert Hossein's grandfather was born in Iran.[better source needed] His                      father was André Hossein, a composer of Iranian Azerbaijani origin and his mother...", 

          "Marina Vlady: | Marina Vlady | Vlady in 2009 |  Born | Marina Catherine de Poliakoff-Baydaroff 
          (1938-05-10) 10 May 1938 (age 87) Clichy, Hauts-de-Seine, France...",
          "...",
         ]
        "snippet_analysis": [
          "[Snippet 1 Analysis]  No relevant information.",

                         "[Snippet 2 Analysis]  No relevant information.",
          "[Snippet 3 Analysis]  No relevant information",
                              "[Snippet 4 Analysis]  He was married first to Candice Patou (then Marina Poliakoff; on 23
                                             December 1955).",
                 "[Snippet 5 Analysis]  The spouse of Robert Hossein before Aug 1957 was Marina Vlady.",
          "..." 
         ]},  
"Research_brief":  "What is the name of Robert Hossein's spouse before August 1957, given conflicting
information from initial snippets suggesting it could be either Candice Patou (also referred to as Marina
Poliakoff, married on 23 December 1955) or Marina Vlady (married in 1955, with varying divorce years
 mentioned as 1959 or 1960), and additional mention of Marina de Poliakoff Baydaroff as another name? 
The research should aim to clarify these discrepancies by verifying the correct identity and marital 
timeline.",
"Research_process": {
"Identify Robert Hossein's spouse before August 1957, including the correct name (Candice Patou, 
Marina Poliakoff, or Marina Vlady) and the exact marriage and divorce dates. Verify the information 
through official records, biographies, or reputable historical sources to resolve discrepancies in reported
names and timelines.": {
   "iterations": [
       {
         "iteration": 1,
         "queries": [
             "Robert Hossein spouse before August 1957",
             "Robert Hossein and Marina Vlady marriage date",
             "Robert Hossein and Candice Patou relationship",
             "Robert Hossein and Marina Poliakoff marriage"],
         "results": [
             "Search results: SOURCE 1: Robert Hossein - Timenote -  URL: https://timenote.info/en/
              Robert-Hossein\n\nSUMMARY:\n<summary>\nRobert Hossein (30 December 1927 – 31 
              December 2020) was a prominent Fr..."] } ] } },
"compressed_research": [
"Fully Comprehensive Findings on Robert Hossein's Spouse (Before August 1957): 1. Marriage to...",
"Fully Comprehensive Findings on Robert Hossein's Spouse (Before August 1957): 1. Marriage to...",
"..."]
"findings": "Reflection recorded: The research question involves verifying Robert Hossein's spouse...",
"final_report": "Clarification of Robert Hossein's Spouse Before August 1957 \n Summary of Findings..."

Figure 16: Case 4 illustrates the structure of the search tree with CAPF.
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