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Abstract001

Enterprise deep research often fails to produce002
decision-ready reports due to uneven informa-003
tion coverage, context explosion, and prema-004
ture stopping. We propose a scalable Enter-005
prise Deep Research (EDR) architecture to ad-006
dress these failures. Our system (i) decomposes007
requests into coverage-driven objectives via008
outline generation with reflection, (ii) localizes009
context with dependency-guided execution and010
explicit information sharing, and (iii) enforces011
evidence-based completion criteria so agents012
iteratively collect information until sufficiency013
conditions are met. We evaluate on an internal014
sales enablement task and the public DeepRe-015
search Bench benchmark, where our proposed016
system design achieves the strongest overall017
performance against competitive deep-research018
baselines. The results show that dependency-019
controlled context and explicit evidence suffi-020
ciency criteria reduce premature stopping and021
improve the consistency and depth of enterprise022
research outputs. We will make our code and023
permitted data publicly available.024

1 Introduction025

Deep Research (DR) systems (OpenAI, 2025;026

Google, 2025; Anthropic, 2025) typically gener-027

ate long, structured reports designed to provide028

comprehensive coverage of a topic. In enterprise029

settings, the requirements are substantially more030

demanding (Huang et al., 2025). Reports are ex-031

pected not only to be comprehensive but also to032

deliver deeper, decision-ready analysis that inte-033

grates publicly available information with internal034

organizational knowledge such as customer rela-035

tionship management (CRM) records, prior deal036

history, and product documentation (Choubey et al.,037

2025). Consequently, Enterprise Deep Research038

(EDR) systems must first identify the appropriate039

source for each required piece of information (in-040

ternal systems or external data) and then perform041

multi-step reasoning processes to integrate this in- 042

formation into a coherent, structured analysis. 043

Beyond information integration, enterprise DR 044

systems face two practical challenges. First, execu- 045

tion efficiency becomes critical. DR tasks naturally 046

involve multiple stages of investigation, and purely 047

sequential execution leads to very long runtimes. In 048

enterprise environments, where timely insights are 049

often required, efficient execution is essential (Lin 050

et al., 2026). EDR systems must therefore enable 051

parallel execution of independent research steps 052

while preserving logical dependencies among tasks, 053

ensuring that improvements in execution speed do 054

not compromise coverage or correctness. 055

Second, enterprise research tasks are evidentially 056

uneven (Zhang et al., 2025a). The availability and 057

quality of supporting information vary significantly 058

across customers, products, and markets. For some 059

areas, relevant data may be abundant; for others, 060

evidence may be sparse, fragmented, contradic- 061

tory, or difficult to verify. As a result, it is of- 062

ten unclear when sufficient information has been 063

gathered to produce decision-ready analysis. In 064

practice, agents often stop after collecting limited 065

surface-level evidence, leading to uneven depth and 066

inconsistent analytical rigor across sections. Ro- 067

bust EDR systems must therefore reason explicitly 068

about evidence sufficiency, identify gaps, and con- 069

tinue targeted investigation until each part of the 070

analysis meets a consistent standard of support 1. 071

To address these challenges, we design our 072

DR system around three core principles: a) high 073

coverage-driven task decomposition, b) easy-to- 074

control context and dependency-based information 075

flow, and c) robust evidence-based termination cri- 076

teria. We first convert a research request into a 077

1Enterprise data access is governed by permission hierar-
chies, data residency, and compliance requirements. All our
research and evaluation were conducted in controlled inter-
nal environments; authentication and permission enforcement
were therefore not implemented, though privacy and access
control remain important for real-world deployment.
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structured outline that enumerates explicit informa-078

tion objectives, ensuring that required analytical079

dimensions are represented upfront. We then trans-080

form this outline into executable research steps and081

specify dependencies among them, allowing inde-082

pendent steps to execute in parallel while preserv-083

ing logical consistency across the overall research084

process. Each step is executed by a specialized085

agent operating within a bounded local context, re-086

ceiving only the inputs necessary for its objective.087

Explicit dependency links control when intermedi-088

ate results are shared, preventing uncontrolled con-089

text growth. Finally, each step defines sufficiency090

conditions prior to execution, requiring agents to091

iteratively gather and evaluate evidence until pre-092

defined completion criteria are met, thus reducing093

premature termination and stabilizing analytical094

depth across the report.095

We evaluate our design on (i) internal enter-096

prise sales enablement tasks involving structured097

win-card generation and (ii) the public DeepRe-098

search Bench benchmark (Du et al., 2025). Under099

matched public-search constraints, our system im-100

proves win-card coverage relative to strong DR101

baselines; enabling internal tools and knowledge102

yields further gains. On DeepResearch Bench, our103

approach achieves the best overall average score104

among compared methods, with especially strong105

improvements in comprehensiveness and insight-106

fulness. Ablation studies indicate that dependency-107

gated context sharing and step-level sufficiency cri-108

teria are key contributors to performance.109

Overall, our results show that coverage-first de-110

composition, dependency-controlled information111

flow, and evidence-based termination form practi-112

cal foundations for enterprise deep research: they113

reduce omissions, prevent context growth, and limit114

premature stopping by enforcing consistent stan-115

dards of evidential support across sections.116

2 Related Work117

DR systems typically follow one of two designs.118

Single-agent approaches (Yao et al., 2023; Moon-119

shotAI, 2025; Tao et al., 2025; Nguyen et al., 2025;120

Li et al., 2025a) use one model to plan, search,121

and write in a shared context. This can improve122

coherence, but it is often costly, hard to steer123

over long tasks, and prone to context growth as124

tool outputs and intermediate drafts accumulate.125

Multi-agent approaches (Alzubi et al., 2025; Miro-126

Mind, 2025; Li et al., 2025b; LangChain-AI, 2025;127

ByteDance, 2025; mannaandpoem et al., 2025; 128

Prabhakar et al., 2025) split work across roles (e.g., 129

planner, searcher, writer, reviewer), which can im- 130

prove modularity and parallelism. In practice, they 131

often introduce coordination overhead, uneven cov- 132

erage across sections, and excessive cross-agent 133

communication that inflates context and can lead to 134

early stopping. We build on a multi-agent architec- 135

ture, but focus our design on reducing these failure 136

modes. 137

Graph-based planning has also been explored for 138

a range of LLM reasoning and agentic tasks (Liu 139

et al., 2025; Wang et al., 2025b; Wu et al., 2024; 140

Zhang et al., 2025b), including code generation 141

(Wei et al., 2025b), tool-use workflows (Wei et al., 142

2025a), and RAG (Verma et al., 2025). Inspired by 143

these efforts, we use a plan DAG to support task 144

decomposition and scheduling, while also control- 145

ling context by limiting what information can flow 146

between dependent steps. 147

Recent analyses of multi-agent LLM systems 148

emphasize that termination is a recurring failure 149

point. Cemri et al. (2025) identify “task verification 150

and termination” as a major error category, where 151

agents stop early or fail to recognize unmet re- 152

quirements. Most DR systems prioritize improved 153

planning and retrieval, but do not explicitly con- 154

trol termination. In contrast, our approach encodes 155

completion criteria at both planning and agent ex- 156

ecution stages, substantially reducing premature 157

stopping in our experiments. 158

3 Deep Research System 159

We observe three recurring failure modes in naive 160

multi-agent deep research systems (Cemri et al., 161

2025): uneven coverage, context explosion, and 162

premature stopping. These issues lead to incon- 163

sistent analytical depth and unstable report quality. 164

We address these problems through three corre- 165

sponding design mechanisms: 166

• High coverage-driven task decomposition (un- 167

even coverage): Before execution begins, the 168

system explicitly enumerates the required objec- 169

tives from the research task. The plan is con- 170

structed to satisfy these objectives rather than 171

being driven by available tools, ensuring that re- 172

quired objectives are represented upfront. 173

• Context localization using dependency-based 174

information flow (context explosion): Each 175

research step is executed independently with 176
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Figure 1: Overview of the proposed Enterprise Deep Research (EDR) system.

bounded context, accessing only the outputs of177

the steps it depends on rather than the full ex-178

ecution history. Outputs are shared only when179

required by explicit dependencies, preventing ac-180

cumulation of irrelevant context and reducing181

cascading errors.182

• Evidence-based termination criteria (prema-183

ture stopping): Each research step defines ex-184

plicit sufficiency conditions before execution.185

Agents gather and evaluate evidence until these186

conditions are met, reducing early termination187

and improving consistency in analytical depth.188

3.1 System Architecture189

Given a research task, the system converts it into190

an explicit execution plan and coordinates multiple191

agent workflows. The architecture operationalizes192

the three design mechanisms described above by193

separating (1) outlining research objectives to en-194

sure coverage, (2) planning investigation steps with195

dependency-aware execution to localize context,196

and (3) executing agents with explicit termination197

criteria to prevent premature stopping (fig. 1).198

Outline Generation and Reflection: The sys-199

tem first generates a structured outline aligned with200

the research task. Each major component of the201

task is expanded into concrete sub-questions that202

define the required information. For example, a203

customer background component may require iden-204

tifying the company’s industry, business model,205

recent initiatives, and organizational structure.206

This outline makes all required information ex-207

plicit before investigation begins. We then perform208

an outline reflection step that checks for missing209

fields, underspecified questions, or ambiguous ob- 210

jectives. Identified gaps are resolved before plan- 211

ning, reducing the likelihood of incomplete cover- 212

age during execution. 213

Planning, Dependency Construction, and Re- 214

planning: The refined outline is passed to a plan- 215

ner that converts related sub-questions into exe- 216

cutable research steps. Each step corresponds to 217

a specific information objective, allowing closely 218

related questions to be addressed within a single 219

investigation. 220

For each step, the planner assigns an appropri- 221

ate agent type (public researcher or internal agent), 222

defines dependencies based on information require- 223

ments, and determines which steps can execute in 224

parallel. The resulting plan is represented as a di- 225

rected acyclic graph (DAG); for example, in fig. 1, 226

independent step 3 (defining customer [Y]’s key 227

data challenges) and step 4 (identifying relevant 228

features of product [X] for the healthcare industry) 229

can run in parallel, while step 7 (mapping product 230

[X] features to customer [Y]’s key challenges) can 231

only be executed after steps 3 and 4 are completed, 232

since it requires their outputs as inputs. 233

After completing the currently executable set of 234

steps, the system performs progress reflection by 235

comparing collected outputs against the original 236

outline to identify missing coverage or insufficient 237

evidence. Based on this evaluation, the planner may 238

introduce new steps, refine existing ones, or update 239

dependencies to incorporate newly available infor- 240

mation. Planning and replanning are performed for 241

a fixed number of iterations, treated as a system 242

hyperparameter. After the final planning iteration, 243

3



the plan is frozen, and all remaining steps in the244

DAG are executed to completion according to their245

dependency constraints.246

Agent Execution and Termination: When a247

step becomes executable, the system calls an agent248

configured for the corresponding objective. Each249

agent has access to its own tools and to selected250

outputs from prior steps, as specified by the plan-251

ner. This controlled information sharing prevents252

unrelated steps from inheriting irrelevant context.253

Agents execute independently and may run con-254

currently when dependencies allow. Each agent255

follows an iterative reasoning-and-action loop. At256

initialization, the agent defines explicit termina-257

tion criteria that specify what information must be258

collected to complete the assigned objective. For259

example, identifying the customer’s organizational260

structure may require determining relevant teams,261

key roles, their responsibilities, reporting relation-262

ships, and decision ownership.263

During execution, the agent uses tools to gather264

evidence and evaluates whether termination crite-265

ria are satisfied. The loop continues until suffi-266

cient evidence is collected. Upon termination, the267

agent produces a structured step-level output that268

becomes available to dependent steps. This ensures269

bounded execution while improving consistency in270

analytical depth across the research task.271

Agent Types and Tool Interfaces: We define272

agent types based on primary information source.273

The public researcher agent gathers publicly avail-274

able information such as company announcements,275

industry trends, and competitor activity using web-276

based tools. The internal agent retrieves internal277

enterprise data, including CRM records, prior in-278

teractions, opportunity context, and internal docu-279

mentation relevant to the target account.280

The planner assigns agent types based on the281

objective of each step, while tool selection oc-282

curs during execution. Public information is ac-283

cessed through Web Search. Internal data access is284

implemented via MCP-based tool interfaces (An-285

thropic, 2024), which expose enterprise connec-286

tors for Enterprise Knowledge Search over un-287

structured repositories (e.g., Confluence, Highspot,288

Trailhead), CRM Search for structured customer289

and opportunity data, and Conversation Search for290

indexed internal communications (e.g., Slack).291

We show examples of the outline (Ap-292

pendix B.1), the PlanDAG (Appendix B.2), and293

the agent termination criteria (Appendix B.3).294

4 Enterprise Deep Research Task for 295

Sales Enablement 296

Our DR task focuses on automatically generating 297

structured win-cards to support sales preparation. 298

Given a target account such as CVS Health and a 299

predefined multi-section template, the system must 300

produce a complete, account-specific report for cus- 301

tomer meetings. The template includes sections 302

such as customer background, customer engage- 303

ment footprint, organizational structure, business 304

goals and pain points, tailored value propositions, 305

competitive landscape, technical readiness, rele- 306

vant success stories, and key discovery questions. 307

These sections define broad objectives rather than 308

fixed fields, and the required content varies depend- 309

ing on the product, industry, and customer context. 310

Completing each section requires investigation 311

and synthesis rather than simple field population, 312

and the reasoning process must adapt to each ac- 313

count. For example, identifying business goals 314

for a large public enterprise may require analyz- 315

ing earnings calls and regulatory filings, whereas 316

for a private growth-stage company it may rely 317

on hiring trends and product announcements. The 318

system cannot apply the same reasoning steps uni- 319

formly across customers. Each section therefore 320

represents a standalone research task that demands 321

context-specific analysis while still conforming to 322

the overall template structure. 323

5 Experiments and Results 324

5.1 Experimental Setup 325

We evaluate our proposed DR system on 10 ran- 326

domly selected customer scenarios. Each scenario 327

corresponds to a different target account, while 328

following the same predefined win-card template. 329

This setup allows us to assess whether the sys- 330

tem can effectively adapt content to variations in 331

customer context, industry characteristics, and the 332

availability of supporting evidence. We evaluate 333

under two tool configurations: Public Search Tool, 334

where only external web search is available; and 335

Public + Internal Search Tools, where the system 336

additionally has access to enterprise knowledge 337

search, CRM search, and conversation search tools. 338

Public search is implemented using Tavily Search2, 339

and the overall system is implemented using Lang- 340

Graph3 to support structured multi-agent orchestra- 341

2https://tavily.com
3https://github.com/langchain-ai/langgraph
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Model HAA Cov. Read. IIR

Public Search Tool

Gemini 60.00 3.51 3.94 0.58
OpenAI 59.67 3.53 3.84 0.54
ODR 4.1 46.36 3.18 3.70 0.44
DeerFlow 4.1 49.80 3.30 3.70 0.48
Our 4.1 71.94 3.99 3.69 0.55
Our 5.1 64.60 3.70 3.90 0.56

Public + Internal Search Tools

ODR 4.1 54.82 3.41 3.71 0.64
DeerFlow 4.1 57.60 3.54 3.70 0.70
Our 4.1m 73.22 4.01 3.67 0.84
Our 4.1 82.09 4.31 3.70 0.89
Our 5.1 72.58 4.01 3.90 0.87

Table 1: Results on the enterprise sales enablement task

tion and controlled execution flow.342

We compare our approach against both propri-343

etary and open-source Deep Research systems.344

Proprietary baselines include Gemini DR and345

OpenAI DR. Open-source baselines include two346

multi-agent research frameworks: Open Deep Re-347

search (ODR) (LangChain-AI, 2025) and Deer-348

Flow (ByteDance, 2025). For fair comparison,349

all systems are evaluated under identical tool con-350

straints. In the Public Search Tool setting, all meth-351

ods are restricted to web search only. In the Public +352

Internal Search Tools setting, we extend ODR and353

DeerFlow with the same internal tool interfaces354

used by our system. This ensures that performance355

differences primarily reflect architectural choices356

rather than disparities in tool availability.357

For evaluation on DeepResearch Bench, we run358

our system in a simplified setting: a single pub-359

lic researcher agent equipped with a web-search360

tool. We compare against the top three systems on361

the benchmark leaderboard—Salesforce AIR (Prab-362

hakar et al., 2025), Tavily Research (Griff et al.,363

2025), and ThinkDepth.ai (Li et al., 2025a).364

In result tables, the notation Ourx denotes our365

DR system instantiated with a specific backbone366

LLM. Specifically, Our4.1m uses gpt-4.1-mini,367

Our4.1 uses gpt-4.1, and Our5.1 uses gpt-5.1.368

5.2 Evaluation Protocol369

Sales Enablement: We follow a structured evalu-370

ation framework, similar to Du et al. (2025); Venkit371

et al. (2025); Narayanan Venkit et al. (2025); Wang372

et al. (2025a), that measures DR report quality us-373

ing four metrics: Coverage (cov.), High Action-374

ability Answers (HAA), Readability (read.), and375

Internal Information Richness (IIR). Coverage376

Model Avg. Comp. Ins. IF Read.

Salesforce AIR 50.65 50.00 51.09 50.77 50.32
ThinkDepth.ai 52.43 52.02 53.88 52.04 50.12
Tavily Research 52.44 52.84 53.59 51.92 49.21

Our 4.1m 43.46 44.52 40.35 46.69 42.99
Our 4.1 47.02 47.95 45.09 48.81 46.72
Our 5.1 53.40 54.85 55.63 50.82 49.84

Table 2: Results on DeepResearch benchmark

assesses how comprehensively a report addresses 377

task-relevant information needs using a checklist 378

of 124 evaluation questions. HAA measures the 379

insight depth of covered questions by capturing the 380

proportion of answers that reach a high level of 381

actionability and practical usefulness. Readability 382

evaluates structural clarity, coherence, and linguis- 383

tic quality of the report. IIR measures how effec- 384

tively the report incorporates internal knowledge 385

to contextualize externally retrieved information. 386

Full definitions, annotation procedures, and scoring 387

details are in Appendix A. 388

DeepResearch Bench: We adopt the RACE pro- 389

tocol and use Comprehensiveness (comp.), In- 390

sight/Depth (ins.), Instruction Following (IF), and 391

Readability (read.) metrics (Du et al., 2025). We 392

use Gemini-2.5-Pro as the LLM judge, following 393

prior findings demonstrating strong agreement be- 394

tween Gemini-2.5-Pro judgments and expert hu- 395

man evaluation (Du et al., 2025). 396

5.3 Results 397

Tables 1 and 2 present results on the enterprise 398

sales enablement task and the public DeepResearch 399

benchmark, respectively. 400

Our DR system substantially improves cov- 401

erage and informational depth. On the enter- 402

prise sales enablement task using public search 403

tools, Our 4.1 achieves the best coverage (3.99) and 404

the highest HAA (71.94), reflecting broader evi- 405

dence gathering and stronger synthesis than com- 406

peting DR baselines. On DeepResearch Bench, 407

our system also outperforms leading external DR 408

systems including Salesforce AIR, ThinkDepth.ai, 409

and Tavily Research, ranking first in both compre- 410

hensiveness and insightfulness. In particular, Our 411

5.1 attains the top Comprehensiveness (54.85) and 412

Insightfulness (55.63), consistent with more thor- 413

ough coverage and deeper reasoning over collected 414

information. 415

Internal tools further widen our lead on the 416

sales enablement task. In the public+internal set- 417
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Model HAA Cov. Read. IIR Time (min) #Tool Public #Tool Internal

Our 4.1 82.09 4.31 3.70 0.89 47 327 90
Sequential (no plan DAG) 76.40 4.10 3.70 0.85 222 368 112

Agent Termination 73.67 4.02 3.70 0.84 43 224 64
Outline Reflection 70.75 3.94 3.65 0.84 42 216 65
Outline 67.30 3.80 3.64 0.82 40 198 57

Table 3: Ablation study examining the role of dependency-aware planning and explicit completion criteria in report
quality, coverage, and efficiency for the sales enablement task

ting, Our 4.1 achieves the strongest overall results,418

with the highest coverage (4.31) and HAA (82.09),419

improving over the public-only setting (3.99 cov-420

erage, 71.94 HAA). It also leads on IIR, which421

measures how effectively internal search evidence422

is incorporated into the final report: Our 4.1 scores423

0.89 versus 0.70 for DeerFlow and 0.64 for ODR,424

indicating more effective integration of internal425

knowledge with external sources.426

Templates improve enterprise DR by con-427

straining decisions and reducing dependence on428

the strongest reasoning models. On sales enable-429

ment, Our 4.1 performs best, with Our 5.1 and Our430

4.1m close behind. On DeepResearch Bench, per-431

formance more clearly tracks model capacity: Our432

5.1 outperforms Our 4.1, which outperforms Our433

4.1m. We attribute this difference to how tightly434

each task constrains the research process. Deep-435

Research Bench provides no fixed structure and a436

less-specified target response, so the system must437

decide what to cover and how to organize it, reward-438

ing stronger reasoning. Sales enablement, by con-439

trast, uses a fixed report template that pre-defines440

key sections and reduces planning ambiguity. In441

this setting, the more focused Our 4.1 produces442

more aligned reports, whereas Our5.1 sometimes443

expands beyond the template and adds context that444

is not required.445

5.4 Ablation Study446

Table 3 presents an ablation study on the sales en-447

ablement task, analyzing the role of key system448

components to both performance and efficiency.449

Dependency-aware planning and selective450

context sharing improve both report quality and451

research efficiency. We first evaluate a sequential452

variant that generates a plan but omits an explicit453

dependency graph. Steps are executed strictly one454

at a time, and the context for each step is the cu-455

mulative output of all prior steps. Removing the456

PlanDAG substantially degrades both quality and457

efficiency: HAA drops from 82.09 to 76.40 and458

coverage falls from 4.31 to 4.10, while execution 459

time increases from 47 to 222 minutes. The slow- 460

down coincides with heavier tool use, public search 461

calls rise from 327 to 368 and internal search calls 462

from 90 to 112, consistent with losing dependency- 463

aware parallelism and weakening reuse of interme- 464

diate results. 465

Removing explicit completion criteria causes 466

large drops in quality and coverage. We next ab- 467

late components that govern “done-ness.” Remov- 468

ing agent termination yields the largest degrada- 469

tion: HAA falls from 82.09 to 73.67 and coverage 470

from 4.31 to 4.02. This variant also stops earlier, 471

with tool calls dropping from 327 to 224 (public) 472

and from 90 to 64 (internal), indicating premature 473

termination before sufficient evidence is gathered. 474

Removing outline reflection and outline generation 475

further reduces performance: coverage declines to 476

3.94 and 3.80, and HAA to 70.75 and 67.30, respec- 477

tively. Overall, these components operationalize 478

what “done” means: completion criteria at both the 479

plan level and the step level are essential to prevent 480

premature stopping and to produce high-coverage, 481

actionable reports. 482

6 Conclusion 483

We presented an Enterprise Deep Research system 484

that improves reliability by making information 485

needs, information flow, and completion decisions 486

explicit. The system (i) decomposes requests into 487

coverage-driven objectives with reflective auditing, 488

(ii) executes them via a dependency-structured plan 489

with localized contexts and dependency-gated shar- 490

ing, and (iii) applies evidence-based sufficiency 491

criteria to reduce premature stopping and stabi- 492

lize depth across sections. Experiments on inter- 493

nal sales enablement win-card generation and the 494

public DeepResearch Bench show improved cov- 495

erage and report quality versus competitive base- 496

lines, with ablations indicating that dependency- 497

controlled context sharing and step-level suffi- 498

ciency criteria drive most of the gains. 499
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Limitations500

For win-card evaluation, we partnered with real501

account executives, the intended end users of these502

reports, to ensure the assessment reflects practi-503

cal sales needs. The findings are specific to the504

win-card setting, since building reliable evaluation505

setups for other enterprise tasks requires substan-506

tial domain effort. At the same time, our strong507

performance on the public DeepResearch Bench508

benchmark suggests the core design generalizes509

beyond a single internal task. We recommend ap-510

plying the approach to new enterprise tasks along-511

side a tailored evaluation protocol to verify quality,512

coverage, and decision-readiness in the target use513

case.514
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A Evaluation Framework for Sales 663

Enablement Task 664

Following recent work (Du et al., 2025; Venkit 665

et al., 2025; Narayanan Venkit et al., 2025; Wang 666

et al., 2025a) on deep research agents, we adopt a 667

structured evaluation framework that decomposes 668

output quality into three primary dimensions: Cov- 669

erage, Readability, and Internal Information Rich- 670

ness (IIR). Within Coverage, we additionally report 671

High Actionability Answers (HAA) as a subcompo- 672

nent that captures the depth and practical usability 673

of insights within covered content. Each dimension 674

is defined through an explicit protocol and evalu- 675

ated using a combination of human annotation and 676

LLM-based judges. 677

A.1 Coverage 678

Coverage measures whether a generated research 679

report addresses the full set of information needs 680

relevant to the sales enablement task context. To 681

evaluate coverage, we first constructed an initial 682

set of 90 coverage questions based on domain ex- 683

pertise and external company-specific data, cover- 684

ing strategic, business, and technical aspects that a 685

sales enablement report should address. We then 686

expanded this pool with an additional 83 questions 687

generated using LLM-based analysis of deep re- 688

search reports produced by OpenAI, Gemini, and 689

Deerflow systems. This resulted in a combined set 690

of 173 candidate questions. 691

To refine this set, we conducted a relevance anno- 692

tation study with three Account Executives (AEs) 693

with at least two years of experience in technology 694

and CRM systems, recruited via UserInterviews. 695

Annotators independently labeled each question 696

as either relevant or non-relevant and suggested 697

missing questions. Only questions with unanimous 698

agreement on relevance were retained, resulting in 699

a set of 104 questions. Additional AE-suggested 700

questions were added after removing duplicates, 701

yielding a final set of 124 questions. 702

These questions serve as a checklist for evalua- 703

tion. Coverage is measured by scoring how well 704

each question is addressed in the generated report 705

using a five-point Likert scale that reflects the depth 706

and usefulness of the answer for sales enablement. 707

A score of 1 (No Answer) indicates that the 708

8

https://arxiv.org/abs/2510.17797
https://arxiv.org/abs/2510.17797
https://arxiv.org/abs/2510.17797
https://arxiv.org/abs/2510.17797
https://arxiv.org/abs/2510.17797
https://arxiv.org/abs/2507.15061
https://arxiv.org/abs/2507.15061
https://arxiv.org/abs/2507.15061
https://arxiv.org/abs/2507.15061
https://arxiv.org/abs/2507.15061
https://arxiv.org/abs/2509.04499
https://arxiv.org/abs/2509.04499
https://arxiv.org/abs/2509.04499
https://arxiv.org/abs/2509.04499
https://arxiv.org/abs/2509.04499
https://arxiv.org/abs/2410.20753
https://arxiv.org/abs/2410.20753
https://arxiv.org/abs/2410.20753
https://arxiv.org/abs/2510.14240
https://arxiv.org/abs/2510.14240
https://arxiv.org/abs/2510.14240
https://arxiv.org/abs/2503.18891
https://arxiv.org/abs/2503.18891
https://arxiv.org/abs/2503.18891
https://arxiv.org/abs/2503.18891
https://arxiv.org/abs/2503.18891
https://arxiv.org/abs/2511.10037
https://arxiv.org/abs/2511.10037
https://arxiv.org/abs/2511.10037
https://arxiv.org/abs/2511.10037
https://arxiv.org/abs/2511.10037
https://arxiv.org/abs/2504.03723
https://arxiv.org/abs/2504.03723
https://arxiv.org/abs/2504.03723
https://arxiv.org/abs/2404.11483
https://arxiv.org/abs/2404.11483
https://arxiv.org/abs/2404.11483
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2512.01948
https://arxiv.org/abs/2512.01948
https://arxiv.org/abs/2512.01948
https://arxiv.org/abs/2502.14563
https://arxiv.org/abs/2502.14563
https://arxiv.org/abs/2502.14563


report provides no relevant information, is too709

generic, outdated, or off-topic, and offers no ac-710

tionable detail for a sales conversation. A score of711

2 (Weak / Generic) indicates that the report men-712

tions broad themes or priorities but lacks customer-713

specific details, ownership, or timeframe, requiring714

substantial additional research by the AE. A score715

of 3 (Partial / Usable) indicates that the question716

is addressed with some customer-specific informa-717

tion, but key details such as timelines, sponsors,718

KPIs, or specificity are missing, meaning the AE719

would need to supplement the information before720

a meeting. A score of 4 (Strong but Incomplete)721

indicates that most aspects are covered with spe-722

cific details such as initiatives, timelines, or metrics,723

but one or two important elements are missing. A724

score of 5 (Fully Covered) indicates complete, ac-725

tionable, and customer-specific coverage, including726

relevant names, numbers, timelines, KPIs, and con-727

text, making the information ready to use directly728

in a customer meeting.729

We report two coverage-derived measures. The730

first is the average coverage score, computed as731

the mean score across all evaluation questions and732

reflecting the breadth of information addressed by733

the report. The second is High Actionability An-734

swers (HAA), a subcomponent of coverage defined735

as the percentage of questions receiving a score of736

4 or higher. HAA captures the proportion of an-737

swers that are sufficiently detailed and actionable738

for practical use, reflecting the depth and opera-739

tional usefulness of covered content.740

A.2 Readability741

Readability evaluates whether a generated report is742

easy to follow, well structured, and appropriate for743

its intended audience. We decompose readability744

into five components commonly used in discourse-745

level evaluation (Du et al., 2025): structure and in-746

formation flow, language fluency and style, lexical747

and syntactic complexity, cohesion and coherence,748

and presentation and formatting. Each component749

is scored on a five-point Likert scale, and the final750

readability score is computed as their unweighted751

average.752

A.3 Internal Information Richness753

Internal Information Richness (IIR) measures754

how effectively the report incorporates inter-755

nal knowledge to enrich and contextualize exter-756

nally retrieved information, rather than present-757

ing external facts in isolation. IIR rewards reports758

that use internal context to interpret ambiguous 759

signals, connect findings to account-specific real- 760

ities, and produce actionable, customer-tailored 761

analysis. Relevant evidence includes deal-specific 762

signals, named stakeholders, references to internal 763

tools or artifacts, customer-specific implementation 764

or architectural details, confirmed product usage, 765

prior engagements, and internally grounded strate- 766

gic framing. 767

We compute IIR as a weighted combination of 768

three components. Internal Access Advantage 769

captures the density of signals indicating internally 770

sourced or internally contextualized knowledge, ex- 771

tracted via structured detection of internal-facing 772

evidence. Internal Knowledge Depth evaluates 773

whether the report demonstrates multi-layered un- 774

derstanding of the customer environment (e.g., im- 775

plementation constraints, organizational structure, 776

cross-system dependencies) and uses that under- 777

standing to interpret external findings. Ground- 778

Truth Alignment assesses consistency with inter- 779

nally verifiable account realities, such as confirmed 780

product consumption, prior interactions, identified 781

stakeholders, and evidence of previous trials or 782

proof-of-concept activity. Together, these compo- 783

nents measure whether internal knowledge is used 784

to add explanatory power and decision relevance to 785

external retrieval, not merely to surface non-public 786

facts. 787

B Examples 788

B.1 Outline 789

Task & Outline

Task:
From 2020 to 2050, how many elderly people will
there be in Japan? What is their consumption po-
tential across various aspects such as clothing, food,
housing, and transportation? Based on population
projections, elderly consumer willingness, and po-
tential changes in their consumption habits, please
produce a market size analysis report for the elderly
demographic.

Outline:
I. What are the projected demographic and eco-
nomic trends of Japan’s elderly population (aged
65+) from 2020 to 2050, and how do these interact
to shape consumption potential?

A. What are the overall population projections for
Japan’s elderly by decade (2020, 2030, 2040,
2050)?

1. What is the expected absolute number of
elderly (65+) in each reference year?

2. What is the projected percentage of el-
790
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derly relative to the total Japanese popu-
lation in each decade?

3. What is the annualized growth or decline
rate of the elderly demographic across
each decade?

4. How have elderly population trends
evolved pre-2020, and what is the tra-
jectory for 2020–2050?

B. How are demographic variables expected to
change within the elderly group?

1. How will gender distribution (male vs. fe-
male) within the elderly population shift
per decade?

2. What are the projected geographical dis-
tributions (urban vs. rural; by prefecture
or region) of the elderly, and how will
regional trends diverge or converge over
time?

3. How will age subgroups evolve within
the elderly (e.g., 65–74, 75–84, 85+)
over time?

4. What is the expected life expectancy for
the elderly by gender in each decade?

C. How will trends in household composition and
living arrangements affect the elderly market?

1. What proportions of elderly are expected
to live alone, with spouse/family, or in
institutions (e.g., senior living facilities,
nursing homes) in each decade?

2. How do these living arrangements differ
by age, gender, region, or income level?

3. How will changes in household compo-
sition influence sectoral consumption po-
tential (clothing, food, housing, trans-
portation)?

D. What are the primary factors influencing el-
derly demographic and economic projections?

1. What are projected trends for fertility,
mortality, and migration affecting the el-
derly segment?

2. How might government policies, includ-
ing retirement age, healthcare systems,
and immigration, influence the elderly
demographic size and structure?

3. How will projected changes in pension
systems, social security reforms, or el-
igibility ages affect elderly disposable
income and overall market size?

4. How will shifts in elderly labor force
participation or prolonged workforce en-
gagement interact with consumption po-
tential?

E. How does projected elderly growth compare to
other age groups and past trends?

1. How does projected elderly consumption
and population size compare with the
working-age (15–64) and youth (0–14)
populations in each decade?

2. What are the implications for overall mar-
ket structure and sectoral shifts?
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II. What is the estimated market size and con-
sumption potential of Japan’s elderly (65+) in key
sectors from 2020 to 2050?

A. What are the estimated market sizes (in JPY or
USD) for each sector (clothing, food, housing,
transportation) in the base year (2020)?

1. What are the data sources and method-
ologies (e.g., per capita spending, con-
sumption surveys) used for establishing
the 2020 baseline?

2. What are the estimated sector market
sizes by demographic subgroup (age
band, gender, income, region) in 2020?

B. What is the methodology for projecting sector
market sizes from 2020 to 2050?

1. What estimation models, key assump-
tions (e.g., per capita consumption
growth, inflation or deflation per sector),
and demographic drivers are used for
forecasting?

2. How are sector-specific price trends and
inflation/deflation incorporated into mar-
ket size projections?

3. What are the scenarios or sensitivity anal-
yses for key variables (e.g., economic
growth, policy changes, shocks)?

C. What are the projected market sizes for the
elderly in each sector and sub-sector for each
decade?

1. Clothing: What is the total and sub-
group consumer spending on clothing,
and how is demand expected to be dis-
tributed across types or brands?

2. Food: How is spending distributed
among groceries, prepared/ready-to-eat
meals, and dining out, and how do shares
shift over time?

3. Housing: How will demand be split
among home ownership, rental apart-
ments, senior living facilities, and insti-
tutional care; what are the value and unit
demand in each?

4. Transportation: How do public trans-
port, private vehicles, and emerging
mobility services (e.g., ride-sharing,
autonomous shuttles) factor into and
change the overall market size?

5. For each sector, what is the breakdown
by age subgroup (65–74, 75–84, 85+),
gender, region, income, household type,
and living arrangement?

D. To what extent do market sizes in each sec-
tor reflect regional disparities and urban/rural
divides?

1. What are the current and projected re-
gional (e.g., by prefecture, metropolitan
area) market sizes in each sector?

2. How do regional time trends—such as
regional divergence or convergence—
shape overall market opportunities?
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3. How does access to sector-relevant goods
and services (e.g., proximity to super-
markets or transport networks) affect re-
gional sector potential?

E. How do market entry barriers or facilitators
influence sector growth for elderly consumers?

1. What regulatory, infrastructural, or
supply-side factors (e.g., housing policy,
transport regulation, healthcare licens-
ing) might constrain or promote elderly
market expansion in each sector?

2. How might ecosystem development or
new business models unlock untapped
consumption potential?

F. How does the penetration of new goods/ser-
vices and digital adoption affect future market
sizes?

1. What are the projected adoption and
penetration rates of technology-enabled
goods/services (e.g., smart homes, online
food/grocery shopping, telemedicine,
mobility-as-a-service) among the elderly,
especially in 2040–2050?

2. What are the barriers and catalysts for
digital and technological adoption in
each sector?

G. How does sector-specific inflation/deflation im-
pact real consumption capacity and market
growth?

1. What are the trends in price indices for
clothing, food, housing, and transporta-
tion?

2. How does cost growth, especially in es-
sentials (e.g., housing, healthcare, food),
affect elderly real purchasing power?

3. What is the likely influence of public sub-
sidies, sector regulations, or consumer
protection on affordability?

III. How do changes in elderly consumer behavior,
willingness, and external factors influence market
size projections over time?

A. How does elderly consumer willingness to
spend evolve from 2020 to 2050?

1. How do changes in disposable income,
pension coverage, and wealth impact
willingness and ability to spend in each
sector?

2. What are the projected elderly saving ver-
sus spending rates for each decade?

3. How do psychological factors (e.g., per-
ceptions of health, longevity, economic
security) influence consumption behav-
ior by sector?

B. How are elderly consumption habits, needs,
and sector preferences evolving?

1. How are generational effects (e.g.,
wartime vs. baby boomer cohorts) and
societal shifts altering consumption pat-
terns, preferences for brands, conve-
nience, or sustainability?
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2. How do health trends, mobility limita-
tions, or the need for care services alter
consumption of clothing, food, housing,
and transportation?

3. How will the growth of single-person el-
derly households and institutionalization
influence goods/services demand?

4. What is the projected uptake of novel
products/services (e.g., smart appliances,
AI-enabled eldercare, mobility aids, pre-
pared meal delivery) by different elderly
segments and over time?

C. How do external macroeconomic and policy
factors affect elderly market size projections?

1. What are the effects of macroeconomic
shifts—recessions, inflation, pension sys-
tem shocks—on sectoral consumption
among the elderly?

2. How might government or private sector
policies (retirement age, eldercare sup-
port, subsidies, tax code revisions) alter
affordability and sectoral spending pat-
terns?

3. What is the potential impact of signifi-
cant social and technological events (e.g.,
pandemics, climate disasters, break-
throughs in assistive technology) on el-
derly consumption, both positive and
negative?

D. How do cross-sector and cross-demographic
interactions shape the future elderly market?

1. To what extent do shifts in elderly con-
sumption displace or complement that
of younger age groups, and how might
intergenerational transfers (inheritance,
family support) influence market dynam-
ics?

2. How could the evolution of elderly con-
sumption patterns catalyze new market
opportunities, supply chain adaptations,
or disruptive innovation?
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B.2 Plan DAG 795

Task & Plan DAG

Task:
Research on the price dynamics of chub
mackerel in major aquatic markets of Pa-
cific Rim countries, and its interannual vari-
ations in weight/length. Combined with
oceanographic theory, these research find-
ings can further establish direct correlations
between high-quality marine biological re-
sources, aquatic markets, fishery economics,
and the marine environment.

Plan DAG:

• Locale: en-US
796
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• Task statement: Investigate the price dy-
namics of chub mackerel in major aquatic
markets of Pacific Rim countries, analyze
interannual variations in weight/length,
and integrate oceanographic theory to ex-
amine correlations between marine bio-
logical resources, aquatic markets, fishery
economics, and the marine environment.

• Completion flag: task_completed = false

Step Groups:

1. Map Pacific Rim chub mackerel mar-
kets and price/value chain dynamics
across countries and over time.

• S01-01 (research, pending; deps: —
): Identify primary Pacific Rim coun-
tries and major aquatic markets in-
volved in chub mackerel trade; deter-
mine market centers, volume leaders,
and export/import nodes using FAO,
UN Comtrade, government fisheries
reports, and market authority sources.

• S01-02 (research, pending; deps:
S01-01): Collect landing/wholesale/re-
tail price ranges (avg/min/max) across
identified markets for the last 10–15
years; capture domestic vs. export
shares where possible.

• S01-03 (research, pending; deps:
S01-01, S01-02): Analyze spatial/tem-
poral price trends and shocks; assess
geographic differentials and responses
to supply shocks (seasonality, ocean
events, regulation) using time-series
analysis and fisheries news archives.

• S01-04 (research, pending; deps:
S01-01): Research value-chain struc-
ture (actors, transaction systems, grad-
ing/quality standards, logistics, trade
rules/tariffs), distinguishing domestic
vs. export flows.

• S01-05 (research, pending; deps:
S01-01, S01-02): Compare chub
mackerel prices with substitute species
(e.g., horse mackerel, sardine, other
small pelagics); assess co-movement
using price series and industry/nutri-
tion market reports.
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2. Assess interannual and spatial varia-
tions in chub mackerel biological met-
rics (weight, length, quality) and their
market relevance.

• S02-01 (research, pending; deps: —
): Collect datasets on weight/length-
/age/condition from fisheries agencies,
surveys, and literature across Pacific
Rim fishing grounds; include zones,
seasons, inshore/offshore differences.

• S02-02 (research, pending; deps:
S02-01): Assess comparability and
gaps in biological data across coun-
tries/years; identify harmonization ef-
forts and key inconsistencies (interna-
tional survey methods, FAO technical
papers).

• S02-03 (research, pending; deps:
S02-01, S02-02): Analyze interannu-
al/regional changes in size metrics;
link market grading to survey size/-
condition; use LMEM/von Bertalanffy
models where available.

• S02-04 (research, pending; deps:
S02-01): Investigate drivers of vari-
ation (age structure, fishing intensity,
recruitment, management regimes, def-
initions of quality) using stock assess-
ments and market grading standards.

3. Analyze oceanographic and environ-
mental influences on chub mackerel
biology and markets, and their quan-
titative integration.

• S03-01 (research, pending; deps:
—): Compile key oceanographic
variables (SST, upwelling, produc-
tivity, oxygenation, marine heat-
waves, ENSO, hypoxia, pollutants) us-
ing NOAA/JAMSTEC/IMOS/Coperni-
cus and peer-reviewed studies; summa-
rize magnitude/variation/impacts.

• S03-02 (research, pending; deps: —
): Review modeling frameworks inte-
grating biological, oceanographic, and
market data (multivariate, regression,
time-series; GTWR, LMEM, bioeco-
nomic models, SEM); evaluate ap-
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proaches for causality/feedback.

• S03-03 (research, pending; deps:
S03-01, S03-02): Investigate quanti-
tative links between ocean variables
and biology/market outcomes; iden-
tify mechanisms and statistical asso-
ciations tied to shifts in quality and
prices.

• S03-04 (research, pending; deps:
S01-03, S02-03, S03-02): Identify
how confounders (policy/regulation,
anomalies, non-environmental shocks)
are controlled for in integrative analy-
ses using methodological reviews and
controlled model studies.

4. Contextualize biological, market, and
environmental results: socioeconomic,
policy, and regional mediation.

• S04-01 (research, pending; deps: —
): Profile demographic/economic/regu-
latory characteristics shaping exploita-
tion and trade (employment, food secu-
rity, export earnings, resilience/vulner-
ability) using national reports, World
Bank/FishStat, and development stud-
ies.

• S04-02 (research, pending; deps: —
): Review fisheries management sys-
tems (TAC/quota, ITQs, closures, size
limits, certifications, enforcement);
evaluate impacts on biological and
market outcomes.

• S04-03 (research, pending; deps: —
): Examine value-chain orientation (lo-
cal vs. export) and market/process in-
novations (processing, freezing, auc-
tions) affecting prices and competitive-
ness; synthesize sector analyses.

5. Synthesize applied management impli-
cations and future research needs for
integrating biological, market, and en-
vironmental knowledge.

• S05-01 (research, pending; deps:
S01-03, S02-03, S03-03, S04-02):
Identify adaptive management strate-
gies, policy innovations, and sustain-

799

ability interventions emerging from in-
tegrated analysis (best practices, incen-
tives, certifications, resilience/vulnera-
bility studies).

• S05-02 (research, pending; deps:
S01-03, S02-03, S03-03, S04-03): As-
sess data/knowledge gaps and needs
for monitoring/modeling/harmoniza-
tion; compile recommendations for in-
terdisciplinary and international col-
laboration from white papers and sum-
mit outcomes.

800

B.3 Agent Termination Criteria 801

Step & Termination Criteria

Step:
Collect official population projections for Japan’s
elderly (aged 65+) for the years 2020, 2030, 2040,
and 2050 from sources such as the National Institute
of Population and Social Security Research, Japan
Statistics Bureau, and United Nations Population Di-
vision. Record absolute numbers, percentages of
total population, decade growth/decline rates, and
historical context (pre-2020 trends and post-2020 tra-
jectory).

Termination Criteria:

• Coverage specification: Official population pro-
jections for Japan’s elderly (aged 65+) must be
provided for the years 2020, 2030, 2040, and 2050.

• Each data point must include:

– Absolute number of elderly (aged 65+) for each
year.

– Percentage of elderly (aged 65+) as a share of
total population for each year.

– Growth or decline rate of elderly (aged 65+)
between each decade (2020–2030, 2030–2040,
2040–2050), expressed as a percentage.

• Sources must include, at minimum, published
data or projections from:

– National Institute of Population and Social Se-
curity Research (Japan)

– Japan Statistics Bureau
– United Nations Population Division

• Discrepancies or variances between sources must
be explicitly noted.

• Provide a summary of historical context:

– High-level narrative of pre-2020 trends in
Japan’s elderly population (e.g., demographic
shifts, major changes in growth rates), with
quantitative references where possible.

– Outline and reference the projected post-2020
trajectory to 2050, highlighting key inflection
points or notable patterns from the projections.
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• All figures must be precisely attributed to the orig-
inating source and use the latest available official
projection sets as of the research cutoff.

• Coverage is national only; no subnational (e.g.,
prefectural, city) or international breakdowns are
required or permitted.

• Only projections/models produced or published by
the three specified organizations are valid; exclude
unofficial estimates, academic papers, news reports,
or secondary data compilers.

• The elderly population must be defined as aged 65
and over; any other definitions or segmentations
(e.g., 75+, 85+) are excluded unless directly rele-
vant to calculating totals for 65+.
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