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Abstract001

Generating deep research reports requires large-002
scale information acquisition and the synthe-003
sis of insight-driven analyses, posing a ma-004
jor challenge for current language models.005
Existing methods largely follow a plan-then-006
write paradigm, whose performance strongly007
depends on the quality of the initial outline.008
We propose a Writing As Reasoning Pol-009
icy (WARP) framework, which enables mod-010
els to dynamically revise outlines during re-011
port writing. In this policy, the agent alter-012
nates between Evidence-Based Drafting and013
Reasoning-Driven Deepening phases, jointly014
supporting information acquisition, knowledge015
refinement, and outline updating. We fur-016
ther introduce a Multi-Stage Agentic Train-017
ing—including cold start, atomic skill RL, and018
holistic pipeline RL—that enables small mod-019
els to operate the WARP effectively. Exper-020
iments on DeepResearch Bench, DeepCon-021
sult, and DeepResearch Gym show that our022
approach allows small models to surpass lead-023
ing closed-source systems, particularly with024
substantial improvements in Insight metric.025

1 Introduction026

Open-ended deep research requires artificial agents027

to navigate vast information landscapes and syn-028

thesize their findings into coherent, insightful029

reports (OpenAI, 2025; Google, 2025; x.AI,030

2025; Perplexity, 2025; Kimi, 2025; ByteDance,031

2025). In the context of such complex in-032

quiry, writing is far more than the mere transcrip-033

tion of retrieved data. Instead, it mirrors the034

knowledge-transforming process in cognitive psy-035

chology (Scardamalia and Bereiter, 1987): since036

the information landscape is initially opaque, re-037

searchers rarely execute a rigid, end-to-end plan038

derived from pre-existing thoughts. Rather, the act039

of writing serves as a reasoning mechanism itself,040

helping to uncover what is not yet known. Re-041

searchers frequently identify gaps, contradictions,042
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Figure 1: Comparison of different writing paradigms.

and new directions only while drafting, indicating 043

that effective synthesis relies on a tight coupling 044

between planning and writing. 045

However, existing approaches have struggled to 046

replicate this dynamic. Early methods relied on a 047

retrieval-then-write paradigm (Fig. 1a) (Hu et al., 048

2025), where agents generated content sequentially. 049

While flexible, this unstructured approach often de- 050

teriorates into incoherence over long horizons. To 051

address this, recent frameworks (Fig. 1b) (Wang 052

et al., 2024, 2025; Yan et al., 2025) like Web- 053

Weaver (Li et al., 2025d) adopted a plan-then-write 054

paradigm. By freezing a comprehensive outline 055

before writing, these systems ensure structural sta- 056

bility. However, this approach relies on the assump- 057

tion of initial information completeness—a premise 058

often fallacious in open-ended research. By treat- 059

ing the downstream writer merely as an executor 060
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of a static blueprint, this dichotomy prevents the061

agent from capturing emergent insights—nuanced062

connections that surface only when articulating spe-063

cific arguments. Consequently, such baselines en-064

counter an insight ceiling, producing reports that065

are structurally sound but intellectually shallow.066

To bridge this gap, we introduce WARP (Writ-067

ing As Reasoning Policy), which transcends the068

limitations of static planning by modeling deep re-069

search as an iterative refinement loop. Instead of070

adhering to a fixed outline, the agent alternates be-071

tween two macro-states: Evidence-based Drafting072

and Reasoning-driven Deepening.073

Crucially, WARP operates as a dynamic pol-074

icy rather than a static rule-based system. In the075

Reasoning-driven Deepening state, the agent au-076

tonomously decides whether to terminate or con-077

tinue deepening, by evaluating the semantic den-078

sity and logical coherence of the current draft. If079

deepening, it decomposes broad sections into gran-080

ular inquiries and updates the outline based on the081

actual writing feedback, effectively mirroring the082

human knowledge-transforming process.083

Considering the expansive action space and ex-084

tended decision horizons inherent to WARP, we085

design a systematic training pipeline to ensure sta-086

ble convergence under reasonable resource con-087

straints. Specifically, we introduce a trajectory088

pruning strategy to rigorously filter data for higher089

quality supervision, and adopt a multi-stage re-090

inforcement learning curriculum that sequentially091

fine-tunes local atomic actions before optimizing092

end-to-end performance. This approach instills a093

robust policy that autonomously balances research094

depth against computational cost, triggering recur-095

sive optimization cycles only when they yield sig-096

nificant informational gain.097

Extensive experiments on DeepResearch Bench,098

Deep Consult, and DeepResearch Gym validate the099

efficacy of our framework, demonstrating marked100

improvements in report quality, particularly in the101

Insight metric. Notably, our 8B agent outperforms102

many closed-source deep research systems, demon-103

strating that specialized WARP inference diagram104

can enable small-scale models to rival proprietary105

large-scale models such as Gemini-2.5-Pro.106

2 Method107

In this section, we formally present WARP (Writ-108

ing As Reasoning Policy). Unlike traditional109

pipelines (Wang et al., 2024; Shi et al., 2025) that110

treat planning and writing as temporally segregated 111

stages, we formulate deep research as a unified 112

sequential decision-making process. The core intu- 113

ition of WARP is that the intermediate draft serves 114

not merely as an output buffer, but as a dynamic 115

reasoning context that should actively shape future 116

planning. By maintaining the draft as an evolv- 117

ing state variable, our framework enables an inter- 118

leaved inference loop: the agent alternates between 119

Evidence-Based Drafting (filling the report based 120

on the current plan) and Reasoning-Driven Deep- 121

ening (expanding the plan based on the generated 122

report). This mechanism allows the system to pivot 123

from a broad initial skeleton to fine-grained ex- 124

ploration, ensuring the final report achieves both 125

comprehensive breadth and analytical depth. 126

2.1 Problem Formulation 127

In specific, we formulate open-ended deep research 128

as an iterative hierarchical decision-making pro- 129

cess: At any interaction loop i, the agent observes 130

a global state Si = (Q,Oi, Di, Ci), comprising 131

the user query Q, a dynamic outline Oi, the current 132

draft Di, and the context Ci retrieved at the current 133

loop i. At the j-th step ti,j in a loop i, the agent ex- 134

ecutes an action Ai,j selected from a defined action 135

space: {INITIALIZE, SEARCH, WRITE, EXPAND, 136

TERMINATE}. 137

This formulation unifies planning and writing: 138

outline adjustments (Oi → Oi+1) and content gen- 139

eration (Di → Di+1) are treated as equivalent state 140

transitions driven by the policy. 141

2.2 The WARP Inference Diagram 142

WARP begins with a coarse-to-fine initialization 143

strategy designed to establish a comprehensive re- 144

search scope before diving into details. Starting 145

from the initial state S0, the agent analyzes the 146

query Q to generate broad search queries q0. Upon 147

retrieving the background context C0, it synthe- 148

sizes an initial Level-1 outline O0: 149

O0 ← INITIALIZE(Q,C0). (1) 150

In contrast to static planners (Li et al., 2025d) that 151

attempt to generate a fully detailed hierarchy, our 152

O0 is intentionally sparse, consisting only of high- 153

level section titles and brief writing intents. This 154

design mitigates the risk of ungrounded. 155

To maximize the final report quality, the agent 156

operates under a unified policy πθ that orchestrates 157

the research trajectory. Crucially, this workflow is 158
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Figure 2: The WARP framework. The agent interleaves Evidence-Based Drafting (writing content) and Reasoning-
Driven Deepening (updating the dynamic outline). This loop allows the agent to discover and bridge logical gaps
that emerge only during the writing process.

not linear but iterative, alternating between Draft-159

ing and Deepening.160

Evidence-Based Drafting Given a tentative out-161

line Oi, the agent executes a retrieve-then-write162

strategy to convert the structural plan into substan-163

tiated content. Unlike independent parallel gen-164

eration, which often leads to fragmentation or re-165

dundancy, we enforce contextual consistency by166

conditioning retrieval queries on the accumulating167

narrative. For a specific section k, the agent first168

formulates query qi,k based on user query Q, the169

section’s intent Ok
i , and the draft context Di:170

qi,k ← SEARCH(Q,Ok
i , Di). (2)171

Then, the retrieval tools will acquire new content172

Ck
i based on the query qi,k. This ensures that new173

information strictly extends the logical flow of pre-174

vious sections. The agent then synthesizes the sec-175

tion content ck by grounding the text in retrieved176

evidence to guarantee faithfulness:177

Dk
i ← Dk−1

i ⊕WRITE(Q,Ok
i , D

k−1
i , Ck

i ). (3)178

The objective is to achieve information integra-179

tion—synthesizing disparate sources into a coher-180

ent argument—rather than mere aggregation. This181

phase focuses on writing, iteratively populating the182

outline to produce a new draft Di+1 that serves as183

the foundation for deeper reasoning.184

Reasoning-Driven Deepening Initial outlines 185

are inevitably constrained by the model’s pre- 186

retrieval knowledge, which often creates an insight 187

ceiling: the structure may cover the breadth of the 188

topic but fail to capture its nuanced depth. To break 189

this ceiling, the policy πθ periodically shifts from 190

local drafting to global planning, treating the newly 191

generated draft Di+1 as a fresh observation for rea- 192

soning and diagnosis. 193

Since Di+1 provides a concrete reasoning con- 194

text, the agent can detect logical gaps or superficial 195

arguments that were invisible during initial plan- 196

ning. If section k∗ lacks depth, the agent generates 197

a local sub-sections to decompose the topic, updat- 198

ing Oi and triggering a targeted drafting cycle: 199

Oi+1 ← Oi ⊕ EXPAND{k∗}(Q,Oi, Di+1). (4) 200

The process concludes only when the agent verifies 201

that the logical chain is complete and the content 202

depth aligns with the query’s complexity: 203

End← TERMINATE(Q,Oi, Di+1). (5) 204

2.3 Multi-Stage Agentic Training 205

While large-scale models have demonstrated 206

strong capabilities within our WARP framework 207

(see §3.3.1), training small-scale models (such as 208

8B) for open-ended research is non-trivial. The 209
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Figure 3: Overview of our multi-stage agentic training process.

Table 1: Reward definition for Atomic Skill RL. For each metric, we indicate whether it requires references (Ref.)
or relies on an LLM-Judge. "Dec. Making" indicates the decision-making ability.

Atomic Ability Metric Name Need Ref.? LLM-Judge? Description & Reward Objective

Planning
Basic Properties ✗ ✗ Section number and language consistency.
Holistic Quality ✓ ✓ Quality metrics such as guidance, logic, clarity, etc.
Faithfulness ✗ ✓ Whether the content in the plan is real and reliable.

Retrieval Relevance Recall ✓ ✗ Overlap score between retrieved docs and golden ones.

Writing

Basic Properties ✗ ✗ Content length, citation number, and language consistency.
Holistic Quality ✓ ✓ Quality metrics such as relevance, coverage, depth, etc.
Faithfulness ✗ ✓ Penalizes unsupported claims.
Citation Precision ✓ ✗ Rewards citations that overlaps with golden ones.

Dec. Making Accuracy ✓ ✗ Whether terminate at the suitable time.

challenges are twofold: (1) Ambiguous Termina-210

tion: even teacher models struggle to determine211

the optimal stopping point for research; (2) Sparse212

Rewards: long horizons make reward assignment213

difficult. To address these, we first introduce a214

trajectory pruning strategy in §2.3.1. Then, we215

propose a curriculum learning pipeline in §2.3.2.216

2.3.1 Data Preparation217

A critical challenge in training is the scarcity of218

expert trajectories that exhibit efficient decision-219

making. Teacher models often either expand indef-220

initely or terminate arbitrarily, giving rise to what221

we term the optimal stopping problem. To solve222

this, we introduce trajectory pruning strategy. In-223

stead of cloning the teacher’s termination behavior,224

we force the teacher to "over-expand" recursively.225

This generates a sequence of drafts with varying226

granularity {D1, . . . , DN}. We then retroactively227

identify the optimal point i∗ where the report draft228

Di∗ has the highest score. We prune the trajectory 229

at i∗, relabeling the action to TERMINATE. This 230

provides a supervision signal for information satu- 231

ration, teaching the agent to stop based on report 232

quality rather than arbitrary imitation. Details on 233

our query construction and retrieval environment 234

are provided in App. A.2 and App. A.3. 235

2.3.2 Curriculum Policy Optimization 236

Our optimization includes three stages, as shown 237

in Figure 3: (1) SFT for Cold Start: Establishes 238

basic instruction following and format adherence. 239

(2) Atomic Skill RL: Uses teacher trajectories as 240

anchors to master local execution and stabilize ex- 241

ploration. (3) Holistic Pipeline RL: Optimizes 242

global report quality, enabling the agent to refine 243

its strategy beyond the teacher’s limitations. 244

Atomic Skill RL To tackle the reward assign- 245

ment problem, we first decompose the global ob- 246

jective to atomic abilities: planning (Initialize, Ex- 247
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pand), retrieval (Search), writing (Write), and248

decision-making (Terminate). Then, we design249

different reward functions for them, which com-250

bine execution results (e.g., basic properties, holis-251

tic quality, and faithfulness) with reference align-252

ment, as shown in Table 1. This stage ensures the253

agent masters the "how"—producing valid plans,254

precise searches, and coherent paragraphs—before255

attempting to optimize global strategy.256

Holistic Pipeline RL Local correctness (e.g., a257

valid paragraph) does not guarantee global coher-258

ence. Thus, the final stage shifts to end-to-end259

optimization to evaluate the final report quality,260

such as Comprehensiveness and Insight. Crucially,261

this stage empowers the agent to deviate from the262

teacher’s path. By propagating the holistic report263

score backward, the agent learns to trigger the deep-264

ening only when it yields significant informational265

gain. This effectively refines the quality-efficiency266

frontier, suppressing redundant expansions that the267

teacher might have made.268

3 Experiments269

3.1 Settings270

Implementation Details. We implement WARP271

using MiniCPM4.1-8B (Team et al., 2025) as the272

backbone for our deep research agent system.273

Training follows the curriculum described in §2.3,274

progressively scaling from atomic skills to holistic275

reporting. During training and inference phase, we276

cap the report structure at three levels and limit277

the number of deepening steps to 12 to ensure effi-278

ciency. Detailed hyperparameters and data statis-279

tics per stage are provided in App. B.1.280

Benchmarks and Metrics. To ensure compre-281

hensive evaluation, we test on three diverse bench-282

marks: (1) DeepResearch Bench (Du et al., 2025)283

(100 PhD-level scientific tasks); (2) DeepCon-284

sult (Dee, 2025) (102 business and financial analy-285

sis queries); and (3) DeepResearchGym (Coelho286

et al., 2025) (100 general-purpose information-287

seeking tasks). We adhere to the standard eval-288

uation protocols of each benchmark, employing289

Gemini-2.5-Pro, o3-mini, and GPT-4.1-mini respec-290

tively as impartial judges.291

Baselines. We compare WARP against three dis-292

tinct categories of latest systems: (1) Proprietary293

Systems: Leading commercial deep research sys-294

tems including OpenAI (OpenAI, 2025), Gem-295

ini (Google, 2025), and Claude (claude, 2025), and296

Doubao (ByteDance, 2025). (2) Prompt-Based 297

Frameworks: WebWeaver (Li et al., 2025d), En- 298

terprise DR (Prabhakar et al., 2025), and RhinoIn- 299

sigh (Lei et al., 2025). (3) Trained Open Models: 300

Recent open-source research agents including Web- 301

Shaper (Tao et al., 2025), WebThinker (Li et al., 302

2025c) and DR Tulu (Shao et al., 2025). 303

3.2 Main Results 304

Our results on three benchmarks are summarized 305

in Table 2 and Figure 4. 306

(1) Our WARP framework has strong per- 307

formance on Insight and Comprehensiveness. 308

Across these benchmarks, our method achieves 309

nearly the best performance in both Insight and 310

Comprehensiveness metrics despite using the small- 311

est model. Specifically, on the DeepResearch 312

Bench, it achieves an Insight score of 52.64 and 313

a Comprehensiveness score of 50.54, surpassing 314

Gemini-2.5-Pro-deepresearch (49.45 and 49.51, re- 315

spectively). On the DeepResearch Gym, it gets 316

the highest 100.0 score in the Depth, Breadth, 317

and Insightfulness metrics. These gains stem di- 318

rectly from our reasoning-driven deepening. On 319

one hand, the agent continuously extracts insights 320

from condensed intermediate drafts, enabling 321

deeper reasoning and synthesis. On the other hand, 322

by revisiting intermediate outputs, it can identify 323

missing topics and globally assess which sections 324

require further expansion, resulting in broader 325

and more balanced coverage. 326

(2) The Multi-Stage Agentic Training brings sta- 327

ble and comprehensive improvement. The per- 328

formance of WARP-8B steadily improves from 329

SFT to Atomic RL and finally to Pipeline RL across 330

all metrics on these benchmarks. On DeepResearch 331

Bench, the metric comprehensiveness rises from 332

46.24 to 50.54, Insight from 48.10 to 52.64, and 333

Readability from 41.79 to 44.17. On DeepCon- 334

sult, average score grows from 6.04 to 6.60, win 335

rate increase from 54.17% to 57.60%, and loss rate 336

drop from 35.54% to 28.68%. These consistent 337

gains demonstrate that each stage of the curricu- 338

lum contributes to mastering the full deep research 339

workflow, yielding a more stable and capable agent. 340

(3) Small-scale agent systems can rival large- 341

scale ones. Averaged across benchmarks, our 342

deep research system demonstrates excellent per- 343

formance. Our WARP-8B (Pipeline RL) achieves 344

an Overall score of 50.11 on DeepResearch Bench, 345
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Table 2: Performance of agent systems on DeepResearch Bench in terms of comprehensiveness (Comp.), insight,
instruction-following (Inst.), readability (Read.) and DeepConsult (Avg., Win, Tie, Lose).

Agent systems DeepResearch Bench DeepConsult

Overall Comp. Insight Inst. Read. Avg. Win Tie Lose

Proprietary Deep Research Systems
Doubao-research 44.34 44.84 40.56 47.95 44.69 5.42 29.95 40.35 29.70
Claude-research 45.00 45.34 42.79 47.58 44.66 4.60 25.00 38.89 36.11
OpenAI-deepresearch 46.45 46.46 43.73 49.39 47.22 5.00 0.00 100.00 0.00
Gemini-2.5-Pro-deepresearch 49.71 49.51 49.45 50.12 50.00 6.70 61.27 31.13 7.60

Prompt-Based Frameworks
WebWeaver (Qwen3-30B-A3B) 46.77 45.15 45.78 49.21 47.34 4.57 28.65 34.90 36.46
WebWeaver (Claude-Sonnet-4) 50.58 51.45 50.02 50.81 49.79 6.96 66.86 10.47 22.67
Enterprise DR (Gemini-2.5-Pro) 49.86 49.01 50.28 50.03 49.98 6.82 71.57 19.12 9.31
RhinoInsigh (Gemini-2.5-Pro) 50.92 50.51 51.45 51.72 50.00 6.82 68.51 11.02 20.47

Trained Open Models
WebShaper-32B 34.93 31.58 26.17 44.81 40.38 1.63 3.25 3.75 93.00
WebThinker-32B-DPO – 39.40 35.40 46.00 43.50 – – – –
DR Tulu-8B – 41.70 41.80 48.20 41.30 – – – –

Our Deep Research Systems
WARP-8B (SFT) 46.73 46.24 48.10 47.61 41.79 6.04 54.17 10.29 35.54
WARP-8B (Atomic RL) 48.81 48.70 51.36 48.64 42.25 6.06 56.13 11.03 32.84
WARP-8B (Pipeline RL) 50.11 50.54 52.64 48.87 44.17 6.60 57.60 13.73 28.68

surpassing Gemini-2.5-Pro-deepresearch (49.71).346

It also attains state-of-the-art results on DeepRe-347

search Gym, with an average score of 98.48. These348

results show that integrating WARP with multi-349

stage agentic training enables small models to350

reach the performance level of leading proprietary351

research systems. These findings suggest that, for352

deep research tasks, the primary bottleneck lies not353

in model size, but in the design of effective cog-354

nitive and planning processes that fully leverage a355

model’s inherent capabilities.356

3.3 Analysis357

3.3.1 Does Reasoning As Writing Policy358

remain effective without training?359

To assess whether our framework is intrinsically360

effective without training, we conduct a prompt-361

based comparison on DeepResearch Bench us-362

ing a larger model, Qwen3-235B-A22B-Instruct-363

2507 (Yang et al., 2025). We compare two poli-364

cies: (1) Plan-then-write, where the model first365

constructs a detailed outline through retrieval and366

then generates the report from this fixed plan; and367

(2) WARP, which starts from an simple outline and368

interleaves writing with iterative deepening.369

As shown in Table 3, WARP consistently out-370

performs the Plan-then-write paradigm across all371

metrics, with a notable gain in Insight (+1.19) and372

Comprehensiveness (+0.98). By using the evolv-373

ing draft as a reasoning context, WARP can de-374

Table 3: Evaluation for different generation paradigms.

Paradigm Overall Comp. Insight Inst. Read.

Plan-then-write 49.90 49.35 51.60 50.13 46.46
WARP (ours) 50.72 50.33 52.79 50.32 47.20

tect underdeveloped or ambiguous content during 375

writing and trigger targeted Deepening with addi- 376

tional evidence, whereas Plan-then-write remains 377

constrained by a static outline. This confirms that 378

draft-aware deepening is a key driver of insight. 379

3.3.2 How Multi-Stage Training shapes agent 380

actions and report structure? 381

In this section, we analyze how agent behavior 382

evolves across training stages by examining statis- 383

tics of its actions and report sections. Specifically, 384

we focus on the Write and Expand actions, which 385

directly determine the report structure. 386

Table 4: Evolution of action usage and hierarchical sec-
tioning across training stages on DeepResearch Bench.

Stages Actions Sections

Write Expand Level-1 Level-2 Level-3

SFT 21.24 4.44 6.27 10.11 4.86
Atomic RL 36.89 8.88 6.49 14.17 16.50
Pipeline RL 39.51 8.63 6.52 15.75 17.32

As shown in Table 4, a clear behavioral shift 387

emerges when moving from SFT to the RL-based 388
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Figure 5: The Expand steps on DeepResearch Bench.

training stages. The frequency of Expand (Deep-389

ening) actions nearly doubles (from 4.44 to around390

8.8), which in turn leads to a dramatic growth in391

fine-grained subsectioning (Level-3: from 4.86 to392

17.32). Moreover, Figure 5 illustrates that RL train-393

ing drives the agent to deepen more compared to394

SFT, ensuring at least 4 Expand steps in all cases.395

This trend indicates that RL training effectively396

equips the agent with Reasoning-Driven Deepen-397

ing: Rather than adhering to a shallow outline as398

in SFT, the agent learns to identify underdevel-399

oped parts of a draft and proactively expand them400

through iterative refinement, resulting in reports401

with substantially richer structure.402

3.3.3 How does the number of deepening403

influence report quality?404

To examine whether the model has learned an ap-405

propriate stopping policy for deepening and to406

quantify how deepening depth affects report qual-407

ity, we conduct a "Forced Expansion" experiment.408

Specifically, during inference, we force WARP-8B409

(Pipeline RL) to apply the Expand action exactly410

k times, where k ranges from 0 to 15. We then411

compare this forced expansion curve with the ac-412

tual deepening behaviors of WARP-8B at different413

training stages (SFT, Atomic RL, and Pipeline RL),414

overriding their learned termination policies. This415

allows us to directly evaluate report quality as a416

function of deepening depth and to compare the417

model’s learned stopping behavior against the opti-418

mal expansion point. 419

The results in Figure 6 reveal three consistent 420

patterns. First, performance increases steadily with 421

deeper expansion and begins to plateau at around 422

nine steps, indicating diminishing returns beyond 423

this depth. Second, both Comprehensiveness and 424

Insight rise strongly with deepening, improving by 425

nearly 6 points from shallow to sufficiently deep 426

regimes, confirming the importance of iterative re- 427

finement for rich and insightful reports. Third, 428

different training stages exhibit distinct stopping 429

behaviors. The SFT agent typically stops within 430

6 steps and rarely reaches the saturation regime, 431

whereas the Atomic RL and Pipeline RL agents 432

shift their stopping distributions toward 6–15 steps, 433

closely matching the empirically optimal depth. 434

3.3.4 How does the Trajectory Pruning affect 435

the agent training? 436

To address the optimal stopping problem, we in- 437

troduce a trajectory pruning strategy to construct 438

higher-quality training data. In this section, we 439

isolate its impact by training SFT models using the 440

same teacher-generated trajectories, either with or 441

without pruning. We consider two settings: (1) w/o 442

pruning, which directly uses the raw trajectories 443

produced by the teacher model, and (2) with prun- 444

ing, which selects the best intermediate draft in one 445

trajectory based on reward scores, retaining only 446

the sub-trajectory before that draft. 447

Table 5: Effect of trajectory pruning on SFT training.

Trajectory Overall Comp. Insight Inst. Read.

w/o pruning 45.80 44.95 47.35 46.71 40.86
with pruning 46.73 46.24 48.10 47.61 41.79

As shown in Table 5, models trained on pruned 448

trajectories consistently outperform those trained 449

on raw teacher ones across all evaluation dimen- 450

sions. This indicates that trajectory pruning effec- 451

tively improves the quality of supervision. More 452
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Figure 6: Mean Performance metrics per Deepen Steps on DeepResearch Bench.

importantly, these results reveal a key limitation of453

large teacher models: although they generate strong454

drafts, their termination decisions are often subop-455

timal. By applying reward-based selection over456

intermediate states, trajectory pruning filters out457

poorly timed stopping points and provides cleaner458

training signals. As a result, the student model459

learns a more accurate termination policy, which is460

crucial for effective Reasoning-Driven Deepening.461

4 Related Work462

4.1 Deep Information Seeking463

Retrieval-augmented generation (RAG) meth-464

ods (Li et al., 2022; Guu et al., 2020; Lewis465

et al., 2020; Wang et al., 2023; Press et al., 2022;466

Shao et al., 2023; Trivedi et al., 2022; Yan et al.,467

2024; Asai et al., 2023) enhance large models on468

knowledge-intensive tasks by incorporating exter-469

nal information, mitigating hallucinations, and ex-470

tending factual coverage. Beyond passive retrieval,471

recent agentic systems enable models to actively472

seek information through tool invocation (Li et al.,473

2025b; Wu et al., 2025; Schmidgall and Moor,474

2025; Wei et al., 2025b; Song et al., 2025; Chen475

et al., 2025a) or specialized actions (Tang et al.,476

2025; Zheng et al., 2025; Age, 2025). As task com-477

plexity increases, effective performance requires478

multi-round, reasoning-driven retrieval rather than479

isolated queries. We refer to this capability as deep480

information seeking, which has become a core com-481

ponent of recent deep research systems (Google,482

2025; x.AI, 2025; OpenAI, 2025; Perplexity, 2025;483

Li et al., 2025c; Kimi, 2025; Han et al., 2025; Team,484

2025; Asai et al., 2024). Existing benchmarks and485

systems primarily target either complex question486

answering (Mialon et al., 2024; Phan et al., 2025;487

Wei et al., 2025a; Zhou et al., 2025) or long-form488

research report generation (Du et al., 2025; Dee,489

2025; Coelho et al., 2025). Our work focuses on490

emphasizing scalable discovery of retrieval direc-491

tions to improve information completeness.492

4.2 Knowledge-Intensive Long Writing 493

Knowledge-intensive long-form writing aims to 494

generate reliable and comprehensive articles, such 495

as Wikipedia-style entries (Shao et al., 2024), aca- 496

demic surveys (Wang et al., 2024; Hu et al., 2024; 497

Wang et al., 2025), and research reports (Li et al., 498

2025c,d). These tasks require both factual reliabil- 499

ity—with explicit citations—and coverage of all 500

major subtopics. Most prior approaches adopt a 501

retrieve-then-generate pipeline combined with a 502

plan-then-write strategy, where an initial outline 503

guides subsequent hierarchical retrieval and writ- 504

ing (Yan et al., 2025; Li et al., 2025c; Wang et al., 505

2025; Li et al., 2025d). Consequently, the final 506

quality heavily depends on the completeness of 507

the initial outline. To address this issue, existing 508

works improve outline generation through multi- 509

perspective discussion (Shao et al., 2024; Jiang 510

et al., 2024), concept-pool expansion (Li et al., 511

2025a), or iterative refinement (Yan et al., 2025; 512

Li et al., 2025d). In contrast, we adopt a writing 513

as reasoning policy that integrates outline expan- 514

sion into the writing process, enabling progressive 515

refinement and targeted post-hoc revision. 516

5 Conclusion 517

We present a new paradigm for open-ended deep 518

research, Writing As Reasoning Policy (WARP), 519

which tightly integrates outline refinement with 520

long-form writing. By iteratively alternating be- 521

tween content generation and structural expansion, 522

WARP treats intermediate drafts as compact knowl- 523

edge that continuously updates the plan, overcom- 524

ing the rigidity of fixed outlines while reducing 525

reliance on large-scale models. Combined with a 526

multi-stage agentic training strategy, our compact 527

8B agent achieves strong performance across multi- 528

ple benchmarks, surpassing leading closed-source 529

systems. These results demonstrate that dynamic, 530

draft-driven planning with small models is suffi- 531

cient for high-quality deep research. 532
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Limitations533

Report presentation. In most existing deep re-534

search systems, including ours, tables and fig-535

ures are generated inline with paragraph-level text.536

However, constructing tabular layouts requires a537

reasoning process fundamentally different from538

writing prose, placing heavy demands on a model’s539

structural and formatting abilities. This coupling540

partly explains why agent systems based on smaller541

models often underperform large ones in presenta-542

tion quality. A promising direction is to decouple543

presentation from content generation and assign it544

to a dedicated rendering agent, which could enable545

small models to achieve comparable or even supe-546

rior layout quality. Moreover, current readability547

evaluation remains largely text-based and weakly548

reflects the true visual structure of rendered reports,549

suggesting the need for visual-modality evaluation550

in future work.551

Information sources. Our system relies on a lo-552

cally deployed textual knowledge base (e.g., arXiv553

abstracts and web summaries), which ensures sta-554

bility and reproducibility but limits coverage and555

timeliness. It also lacks access to images, videos,556

domain-specific corpora, and personalized data. Fu-557

ture extensions will expand the knowledge base558

to support multi-modal content, local and person-559

alized sources, and continuous updates, enabling560

richer and more realistic research scenarios.561
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A Method Details 823

A.1 The Prompts in WARP Framework 824

In our WARP framework, there are five actions 825

in all three stages: Initialize, Search, Write, Ex- 826

pand(Deepen), and Terminate. In the Initialization 827

stage, the agent generates the initial Level-1 out- 828

line with writing plans by the search and initialize 829

actions. The prompt for the search is shown in 830

Figure 8, and the prompt for the initialize is shown 831

in Figure 7. Then, in the Evidence-Based Draft- 832

ing stage, the agent writes the paragraphs by the 833

search and write actions. The prompt for the write 834

is shown in Figure 9. After that, in the Reasoning- 835

Driven Deepening stage, the agent will decision 836

whether to expand a section for more details by the 837

expand action or to end the total process directly by 838

the terminate action. The prompt for both actions 839

is shown in Figure 10. 840

A.2 User Query Construction 841

We constructed a dataset of approximately 2000 842

user queries with corresponding scoring checklists 843

to support the multi-stage training process. Of 844

these, around 700 queries are focused on special- 845

ized academic survey topics, while the remaining 846

1300 address general research reporting topics. 847

For the academic survey queries, we employed 848

a reverse question construction approach: we first 849

selected 700 surveys from ArXiv and then used a 850

large model to generate user questions based on 851
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You are a professional report generation expert, skilled at creating high-quality report outlines.
Now, you need to analyze the users question and provide a simple article outline structure (only
top-level sections).

** User Query **
[user query]

** Latest Retrieved Information **
[current information]

## Notes
1. The outline must be comprehensive, logically sound, and aligned with the users stated
preferences and requirements.
2. The output language must match the language of the users query.

** Available Actions **
- initialize: Generate the top-level section outline along with an appropriate title.

## Action Format:
<action> {"name": "initialize", "title": "...", "sections": [{"title": "...", "plan": "..."}, {"
title": "...", "plan": "..."}, ...]} </action>

** Output Format **
<thought> Provide a detailed reasoning process </thought>
<action> Action (in JSON format) </action>

Please output strictly according to the specified format.

Figure 7: The LLM prompt for the initialize action.

these articles. The prompts used for this process852

are available in Figure 11. For general research853

reporting queries, we selected 1300 real questions.854

In addition, we constructed a preference check-855

list inspired by DeepResearch Bench (Du et al.,856

2025) for each user query. A large model was used857

to generate weighted scores for different evaluation858

aspects based on the existing questions. The final859

report score for a query is computed as a weighted860

sum across these aspects. The method for checklist861

generation is same as DeepResearch Bench. Out of862

the 2000 queries, approximately 1500 were used to863

construct trajectory data for SFT and single-step864

RL, while the remaining 500 were directly used for865

end-to-end RL training.866

A.3 Retrieval Environment Setup867

We constructed a local database containing approx-868

imately 2.86 million documents to serve as the869

agent’s retrieval environment. This database sup-870

ports both trajectory data collection and interactive871

RL training. Among these documents, roughly 2.71872

million are abstracts of papers from ArXiv, sourced873

via Kaggle1 . The remaining 150k documents come874

1https://www.kaggle.com/api/v1/datasets/
download/Cornell-University/arxiv

from general web pages, for which we employed 875

Gemini 2.0-Flash to generate concise summaries 876

while controlling for document length and quality. 877

To ensure efficient retrieval, we built a 878

vector database. Specifically, all documents 879

were vectorized using the embedding model 880

MiniCPM-Embedding-Light 2 and indexed with 881

Faiss3. The pipeline is implemented via 882

UltraRAG(Chen et al., 2025b), an open-source li- 883

brary for constructiong Retrieval-Augmented Gen- 884

eration (RAG) systems. 885

A.4 Trajectory Data Construction 886

Base on the user queries in §A.2 and the retrieval 887

environment in §A.3, we collected 1,500 actual ex- 888

ecution trajectories within our WARP framework. 889

We chose Qwen3-235B-A22B-Instruct-2507 as 890

the teacher model, and use the prompts in §A.1. 891

Despite their scale, current large language models 892

still struggle with high-level decision-making and 893

cannot reliably determine when to stop. To address 894

this, we introduce an trajectory pruning strategy. 895

The gathering process here slightly differs from the 896

standard inference phase of the WARP framework: 897

2https://huggingface.co/openbmb/
MiniCPM-Embedding-Light

3https://github.com/facebookresearch/faiss
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You are a searcher within a multi-agent system consisting of "Analyst-Searcher-Writer". You must
perform retrieval based on instructions from the "Analyst". Carefully select the most accurate
search keywords and strictly adhere to the specified output format.
You should focus on the user's query and the current article outline to determine the most
relevant keywords for searching. You can give one or less to five keywords. The content should be
in the same language as the user's query.

** User Query **
[user query]

** Current Article Outline **
[current outline]

** Analyst's Instruction **
[current instruction]

## Action Example:

<action> {"name": "search", "keywords": [keyword-1, keyword-2, ..]} </action>

** Output Format **
<thought> Your reasoning process </thought>
<action> Action (in JSON format) </action>

Please output strictly according to the specified format.

Figure 8: The LLM prompt for the search action.

during each Reasoning-Driven Deepening stage,898

we explicitly force the agent to select a position for899

outline deepening, instead of allowing the model900

to autonomously decide whether to expand or ter-901

minate. This ensures that the agent continuously902

expands the outline and revises the report until a903

maximum of 12 expansions is reached. All the904

results are scored by the survey-level reward men-905

tioned in §A.6.2, and the highest-scoring result is906

selected as the endpoint of the trajectory.907

For each user query, we collect a single high-908

quality execution trajectory. In total, 1500 trajecto-909

ries were obtained corresponding to the 1500 user910

queries. Among these, 1200 trajectories were used911

as SFT data for cold-start training, while the re-912

maining 300 were reserved for atomic skill RL.913

A.5 Action Data Distribution914

For a complete trajectory collected in Section A.4,915

it typically contains one initialize action, one termi-916

nation action, several expand actions, and many917

search and write actions. These actions corre-918

spond to four core agent capabilities: planning,919

retrieval, writing, and decision-making. However,920

the natural distribution of actions is highly imbal-921

anced with respect to training needs: the more922

critical and challenging abilities—such as plan-923

ning and decision-making—are underrepresented,924

while easier-to-learn abilities—such as searching925

and writing—dominate the trajectories. 926

To address this issue, we introduce an action- 927

level balanced sampling strategy that increases 928

the sampling probability of more important and 929

difficult actions and decreases that of easier ones, 930

thereby providing more effective supervision for 931

training the agent’s core capabilities. 932

From the 1,500 collected trajectories, we ob- 933

tained approximately 100k actions in total. When 934

grouped by user query type, actions from academic 935

review tasks and general report tasks followed an 936

approximate ratio of 3:5. We used about 33k ac- 937

tions for cold-start training (SFT) and about 5k 938

actions for atomic skill RL, with the remaining 939

data discarded. 940

A.6 Reward System 941

In Reinforcement Learning (RL) training, the de- 942

sign of the reward functions is crucial, often di- 943

rectly impacting training efficiency and stability. In 944

this section, we introduce our reward system from 945

two aspects. First, in Section A.6.1, we introduce 946

our different ability-specific reward functions for 947

four abilities: planning, retrieval, writing, and 948

decision-making, primarily used for single-step 949

RL training. These functions are used for optimiz- 950

ing five actions: initialize, expand-plan, search, 951

write, and terminate, as shown in Table 6. Sec- 952

ond, in Section A.6.2, we introduce report-level 953
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reward design, which scores the overall quality of954

the generated report, primarily used for end-to-end955

RL training.956

A.6.1 Rewards for Action Optimization957

In this section, we introduce our reward design for958

action optimization, aimed at improving the agent’s959

four core capabilities. For LLM as Judgement, the960

judgment model we use is Qwen2.5-72B-Instruct.961

(1) Planning capability. Both Initialize and Ex-962

pand actions reflect the planning ability, and we963

calculate the rewards for these two actions by eval-964

uating their generated one-level outlines (with de-965

tailed writing plans for each section). We use basic966

properties, holistic quality, and faithfulness to967

evaluate the results.968

Outline Basic Properties mainly evaluates969

whether the number of sections in the outline is970

reasonable, and judges the language consistency.971

We constrain the number of subsections in a sec-972

tion to between 2 to 7. Meanwhile, we control the973

language consistency by character statistics.974

Outline Holistic Quality is evaluated by LLM975

for three aspects, following the setting of Omni-976

Think (Xi et al., 2025). The scoring criteria are in977

Table 8 and the prompt Figure 12:978

• Guidance for Content Generation Does979

the outline effectively guide content genera-980

tion, ensuring comprehensive coverage of the981

topic?982

• Hierarchical Clarity Does the outline clearly983

define a hierarchy of topics and subtopics,984

with a logical, diverse structure that is easy to985

understand?986

• Logical Coherence Does the outline logi-987

cally organize topics and subtopics, ensuring988

a smooth and natural flow of ideas with clear989

logical transitions?990

Outline Faithfulness (Min et al., 2023) verifys991

whether the content in the plan is real and reliable.992

(2) Retrieval capbility. Search action reflects the993

retrieval ability, and we calculate the rewards for994

the action by evaluating its generated search key-995

words. We use recall score to evaluate them.996

Recall Score is calculated by the comparison of997

the retrieved documents and the golden ones.998

(3) Writing capability. The Write action reflects 999

the writing ability, and we calculate the rewards for 1000

the action by evaluating its generated paragraphs. 1001

We use basic properties, holistic quality, faith- 1002

fulness, and citation precision to evaluate them. 1003

Paragraph Basic Properties mainly evaluates 1004

whether the length and the number of citations of a 1005

paragraph are reasonable, and judges the language 1006

consistency. We constrain the length of a paragraph 1007

to between 100 to 2000 tokens. Then, we constrain 1008

the citation number of a paragraph to between 0 to 1009

12. Finally, we control the language consistency by 1010

character statistics. 1011

Paragraph Holistic Quality is evaluated by 1012

LLM for four aspects, according to STORM (Shao 1013

et al., 2024), with the prompt Figure 13 and the 1014

critria Table 9 : 1015

• Relevance How effectively does the report 1016

maintain relevance and focus, given the dy- 1017

namic nature of the discourse? 1018

• Coverage Does the article provide an in-depth 1019

exploration of the topic and have good cover- 1020

age? 1021

• Depth How thoroughly does the report ex- 1022

plore the initial topic and its related areas, re- 1023

flecting the dynamic discourse? 1024

• Novelty Does the report cover novel aspects 1025

that relate to the user’s initial intent but are 1026

not directly derived from it? 1027

Paragraph Faithfulness checks whether the 1028

fact claims are consistent with citations. 1029

Citation Precision is calculated by the com- 1030

parison of the selected citations and the golden 1031

ones. We first check the citation hallucination phe- 1032

nomenon, any hallucination will make the score as 1033

0. Then we employ the F1 Score of the citations 1034

between the generated content with the golden one. 1035

(4) Decision-making capbility. The terminate 1036

action reflects the agent’s high-level decision- 1037

making ability, and its reward is computed by eval- 1038

uating the correctness of this decision. We use 1039

accuracy as the metric: if the agent’s decision 1040

matches the reference answer, the reward is 1.0; 1041

otherwise, it is 0.0. 1042

A.6.2 Rewards for Pipeline Optimization 1043

Unlike the action-level RL phase, the process-level 1044

RL phase no longer has a reference answer to con- 1045

strain the agent’s exploration, and the training data 1046
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Table 6: The mapping between actions and the four agent abilities.

Agent Ability Action Name Action Parameters

planning initialize {"title": "...", "sections": [{"title": "...", "plan": "..."}, {"title": "...", "plan": "...",}, ...]}
expand {"position": "section-x.y.z", "content": "...", "subsections": [{"title": "...", "plan": "..."}, ...]}

retrieval search {"keywords": [keyword-1, keyword-2, ..,]}
writing write {"position": "section-x.y.z", "title": "...", "content": "..."}
decision-making terminate {}

only contains user questions. We will directly eval-1047

uate the final result of the entire process (the gener-1048

ated report) from several aspects, instead of scoring1049

the intermediate actions. We hope that in this phase,1050

the agent can explore more freely, generate more1051

diverse results, and ultimately surpass the capabili-1052

ties of the teacher model. This section will detail1053

our evaluation of the final result from four aspects:1054

comprehensiveness, insight, instruction-following,1055

and readability. The judgment model we use is1056

Qwen3-32B (Yang et al., 2025).1057

B Experiments Details1058

B.1 Training Details1059

We adopt a three-stage training pipeline consisting1060

of cold start training (SFT), atomic skill RL (single-1061

step RL), and holistic pipeline RL (end-to-end RL).1062

All our experiments are run on 8 A100 GPUs, and1063

the training settings are shown in Table 7.1064

Cold-Start Training For cold-start, we collect1065

approximately 33k action-level samples from 1,2001066

trajectories. The model is trained using SFT with1067

a learning rate of 1.5e-5 and batch size as 32 for 41068

epochs, taking about 2 days to complete.1069

Atomic Skill RL We further perform single-step1070

RL using approximately 5150 action-level samples1071

from 300 trajectories. We set the learning rate to1072

2.5e-6, batch size to 8, rollout number to 8, and1073

train for 200 optimization steps, taking about 21074

days to complete.1075

Holistic Pipeline RL Finally, we conduct end-to-1076

end RL on 500 user queries, optimizing the entire1077

report generation pipeline jointly. The learning rate1078

remains 1e-6, with a batch size of 8, rollout number1079

of 4, and a total of 50 training steps, taking about 41080

days to complete.1081

B.2 Metrics Details1082

We conducted evaluations on three benchmarks:1083

DeepResearch Bench (Du et al., 2025), DeepCon-1084

sult (Dee, 2025), and DeepResearch Gym (Coelho1085

Table 7: The training settings for different stages.

Parameters SFT Single-Step RL End-to-End RL

user queries 1,200 300 500
train samples 33,292 5150 500
learning rate 1.5e-5 2.5e-6 1e-6
batch size 32 8 8
rollout number – 8 4
train epochs 4 – –
train steps – 200 50

et al., 2025). 1086

DeepResearch Bench It consists of 100 PhD- 1087

level research tasks spanning 22 academic domains. 1088

It adopts the RACE and FACT evaluation frame- 1089

works. RACE assesses Comprehensiveness, In- 1090

sight/Depth, Instruction Following, and Readabil- 1091

ity, while FACT evaluates effective citations per 1092

report and citation reliability. We evaluate it by 1093

Gemini-2.5-Pro. 1094

Deep Consult It includes 102 queries from busi- 1095

ness and consulting scenarios. Evaluation is 1096

conducted via pairwise comparisons against an 1097

OpenAI-DeepSearch baseline, reporting win, tie, 1098

and loss rates, together with average quality scores 1099

on instruction following, comprehensiveness, com- 1100

pleteness, and writing quality. We evaluate it by 1101

o3-mini-2025-01-31. 1102

DeepResearch Gym It is built on the Researchy 1103

Questions dataset. Following WebWeaver (Li et al., 1104

2025d), we sample 100 queries from the top 1,000 1105

test queries and evaluate the report quality in six 1106

aspects: clarity, depth, balance, breadth, support, 1107

and insightfulness. We evaluate it by GPT-4.1-mini- 1108

20250414. 1109

C The Usage of LLMs 1110

We use LLMs (e.g., ChatGPT) to help polish the 1111

paragraphs of our paper. 1112
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You are a writer operating within a multi-agent system consisting of "Analyzer-Searcher-Writer".
Based on instructions from the "Analyzer", the current writing status, and the most recently
retrieved information, you are to compose a new paragraph while ensuring logical coherence and
accurate citation of facts.
You should give a paragraph with breadth and depth, ensuring it is informative and engaging. You
are encouraged to incorporate examples, **tables**, code snippets, and other elements to enhance
the content. But don't write other sections or chapters that are not assigned to you.
You'd better give analytical and comparative content, not just a summary of facts. Please
attention the coherence and logical flow of the entire article and the other sections.
You can extract the claims from the retrieved information, and design how to write the paragraph
based on the claims in the thought process.
**BE FAITHFUL! Make sure all your claims, especially the facts and the numbers, can be supported
by the retrieved information, with your citations. Don't add any claims can't be supported by your
citations. All the facts or data in your claims should can be found in the retrieved information
you cited.**
**You should ensure that the content you write is not redundant with other sections.**

**And you should strictly follow the citation format like \\cite{bibkey} or \\cite{bibkey1,
bibkey2..} for any referenced information. The content should be in the same language as the user'
s query.**

PLEASE JUST OUTPUT THE CONTENT IN ANALYZER'S INSTRUCTION, DO NOT OUTPUT OTHER SECTIONS.

THE OUTPUT SHOULD BE IN THE SAME LANGUAGE AS THE USER'S QUERY.

** User Query **
[user query]

** Current Article Summary **
[current survey]

** Analyzers Instruction **
[current instruction]

** Retrieved Information **
[current information]

## Action Example:
<action> content </action>

** Output Format **
<thought> Your thought process </thought>
<action> Your Content (in Markdown format) (include BIBKEY for citations within the content) </
action>

Please strictly follow the specified output format.

Figure 9: The LLM prompt for the write action.
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You are a professional report-generation expert skilled at crafting high-quality report outlines.
Based on the the users stated preferences, you must now determine whether any section requires
expansion into subsections.

## Important Notes:
1. Select only the single section or subsection most in need of expansion.
2. If no expansion is needed, output a "terminate" (no operation) action.
3. If you think the expendsion is necessary to make the article more comprehensive or insightful,
feel free to expand it.
4. Make sure the new subsections aren't redundant or overly detailed with other sections. If it's
too detailed or redundant with other sections, just terminate it.
5. Make sure the new subsections are relevant and coherent with other sections.
6. You can only expand the section in 1 level and 2 level, do not expand the section in 3 level or
more.
7. Please don't extend the section that is already extended.
8. Just extend one hierarchy level at a time, the subsections you give should not have more than
one hierarchy level.

8. The output language must match the language of the users query.

** User Query **
[user query]

** Current Full Report **
[current survey]

** Available Actions **
- extend-plan: Expand a section by adding subsections (e.g., section-1 to section-1.1, section-1.2,
section-1.3).
- terminate: No operation.

## Action Format:
<action> {"name": "expand", "position": "section-x.y.z", "subsections": [{"title": "...", "plan":
"..."}, {"title": "...", "plan": "..."}, ...]} </action>
<action> {"name": "terminate"} </action>

** Output Format **
<thought> Provide a detailed reasoning process </thought>
<action> Action (in JSON format) </action>

Please output strictly according to the specified format.

Figure 10: The LLM prompt for the expand and terminate actions.

You are a Instruction-writing expert. Below is a Survey title. Your task is to infer the
Instruction the user might have.

Survey Title:
{title}

Before crafting the Query, analyze the following:
1. **Avoid using exact titles.**
2. Use domain-specific keywords, synonyms.

First, output your analysis starting with "Thought:", simulating the Survey authors thought
process.
Then, generate one or more Queries based on the analysis, starting with "Instruction:". DONT
OUTPUT EXPLANATIONS AFTER THE Instruction.

Figure 11: The LLM prompt for reverse question (user query) construction.
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Rating Description

Guide
Score 1 The outline fails to guide content generation, omitting significant aspects of the topic or providing

insufficient direction.
Score 2 The outline provides limited guidance, covering some key areas but lacking depth or completeness

in addressing the topic.
Score 3 The outline provides moderate guidance for content generation, addressing most key areas but

leaving some gaps or ambiguities.
Score 4 The outline effectively guides content generation, covering all significant aspects with clear

direction, though minor refinements could enhance comprehensiveness.
Score 5 The outline is exemplary in guiding content generation, thoroughly addressing all aspects of the

topic with clear, detailed direction and no significant gaps.

Hierarchical
Score 1 The outline exhibits no discernible hierarchical structure. Topics and subtopics are jumbled

together without logical separation or clear levels, making it nearly impossible to follow or
identify any organization.

Score 2 The outline attempts to establish a hierarchy but fails to maintain logical consistency. Main
topics and subtopics are frequently misclassified, and the structure is overly rigid or disjointed.
Subtopics may be missing, misplaced, or redundant, making it hard to grasp the intent of the
structure.

Score 3 The outline demonstrates a basic level of logical coherence. Most topics follow a general
sequence, but some sections feel forced, with weak or unclear transitions. There are small jumps
in logic, causing slight confusion or loss of flow at certain points.

Score 4 The outline displays a clear, logical, and diverse hierarchical structure. Main topics are distinct,
and subtopics are properly nested. While most elements are well-placed, there may be minor
redundancies or opportunities to introduce more diverse formats for subtopics. Slight adjustments
could achieve better precision and variety in style.

Score 5 The outline showcases an exceptional, flawless hierarchical structure. Each main topic is distinct,
and subtopics are logically nested with absolute clarity and stylistic diversity. The outline
demonstrates flexibility in structure and organization, adapting its style where appropriate for the
content and logic. No further refinement is necessary.

Coherence
Score 1 The outline is highly disjointed and incoherent. Topics and subtopics appear in a random,

unordered manner, with no logical flow or sense of progression. Major conceptual gaps and
illogical jumps are present throughout the structure.

Score 2 The outline shows some attempt at logical organization, but it contains frequent inconsistencies,
abrupt shifts, or logical missteps. Topics and subtopics are misaligned or lack proper transitions,
making the reader work hard to follow the structure.

Score 3 The outline demonstrates a basic level of logical coherence. Most topics follow a general
sequence, but some sections feel forced, with weak or unclear transitions. There are small jumps
in logic, causing slight confusion or loss of flow at certain points.

Score 4 The outline exhibits a strong sense of logical flow, with ideas presented in a mostly smooth
and connected manner. Transitions between topics and subtopics are clear, but a few minor
adjustments could make the flow more seamless or natural. The logic is sound, but room for
refinement exists.

Score 5 The outline achieves exceptional logical coherence. Each topic and subtopic follows a deliberate,
thoughtful progression, with clear, natural, and intuitive transitions. The reader experiences a
seamless flow of ideas, and no adjustments are required to improve logical consistency or flow.

Table 8: The plan scoring criteria rating scale 1-5.
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###Task Description:
An instruction (might include an Input inside it), a response to evaluate, a reference answer that
gets a score of 5, and a score rubric representing a evaluation criteria are given.
1. Identify the major and minor errors in this Response. Write a detailed list of the errors in
the response strictly based on the given score rubric, not evaluating in general.
2. After writing the list of errors, write a score that is an integer between 1 and 5. You should
refer to the score rubric.
3. The output format should look as follows: "(write the list of errors for criteria) [RESULT] (an
integer number between 1 and 5)"
4. Please do not generate any other opening, closing, and explanations.

5. Please be fair, don't hesitate to give a low score like 1 or 2.
6. Note that Major errors refer to actual errors that affects the task severely, may change the
meaning of the output, and Minor errors refer to smaller imperfections, and purely subjective
opinions about the output.

###The instruction to evaluate:
{instruction}

###Response to evaluate:
{response}

###Reference Answer (Score 5):
{reference_answer}

###Score Rubrics:
{rubric}

###Feedback:

Figure 12: The Outline quality reward prompt template.

Here is an academic survey about the topic "[TOPIC]":
---
[SURVEY]
---

<instruction>
Please evaluate this survey about the topic "[TOPIC]" based on the criterion provided below,
identify the major and minor errors in this survey, and give a score from 1 to 5 according to the
score description:
---

Criterion Description: [Criterion Description]
---
Score 1 Description: [Score 1 Description]
Score 2 Description: [Score 2 Description]
Score 3 Description: [Score 3 Description]
Score 4 Description: [Score 4 Description]
Score 5 Description: [Score 5 Description]
---
Note that Major errors refer to actual errors that affect the task severely, may change the
meaning of the output, and Minor errors refer to smaller imperfections, and purely subjective

opinions about the output.
There may be multiple errors or no errors in the output.
After listing the errors, then, please score the survey with 1 to 5.
Return the score without any other information at the end of the output.

Figure 13: The Content quality reward prompt template.
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Rating Description

Relevance
Score 1 Very poor focus; discourse diverges significantly from the initial topic and intent with many

irrelevant detours.
Score 2 Poor focus; some relevant information, but many sections diverge from the initial topic.
Score 3 Moderate focus; mostly stays on topic with occasional digressions that still provide useful

information.
Score 4 Good focus; maintains relevance and focus throughout the discourse with minor divergences that

add value.
Score 5 Excellent focus; consistently relevant and focused discourse, even when exploring divergent but

highly pertinent aspects.

Coverage
Score 1 Severely lacking; offers little to no coverage of the topic’s primary aspects, resulting in a very

narrow perspective.
Score 2 Partial coverage; includes some of the topic’s main aspects but misses others, resulting in an

incomplete portrayal
Score 3 Acceptable breadth; covers most main aspects, though it may stray into minor unnecessary

details or overlook some relevant points.
Score 4 Good coverage; achieves broad coverage of the topic, hitting on all major points with minimal

extraneous information.
Score 5 Exemplary in breadth; delivers outstanding coverage, thoroughly detailing all crucial aspects of

the topic without including irrelevant information.

Depth
Score 1 Very superficial; provides only a basic overview with significant gaps in exploration.
Score 2 Superficial; offers some detail but leaves many important aspects unexplored.
Score 3 Moderate depth; covers key aspects but may lack detailed exploration in some areas.
Score 4 Good depth; explores most aspects in detail with minor gaps.
Score 5 Excellent depth; thoroughly explores all relevant aspects with comprehensive detail, reflecting a

deep and dynamic discourse.

Novelty
score 1 Lacks novelty; the report strictly follows the user’s initial intent with no additional insights.
score 2 Minimal novelty; includes few new aspects but they are not significantly related to the initial

intent.
score 3 Moderate novelty; introduces some new aspects that are somewhat related to the initial intent.
score 4 Good novelty; covers several new aspects that enhance the understanding of the initial intent.
score 5 Excellent novelty; introduces numerous new aspects that are highly relevant and significantly

enrich the initial intent.

Table 9: The content scoring criteria rating scale 1-5.
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