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Abstract001

Deep research agents synthesize long-form re-002
ports by searching and reasoning over retrieved003
evidence. Reinforcement learning with rubric-004
based rewards improves these agents by op-005
timizing them against checkable criteria that006
translate report quality into reward signals, but007
its efficiency depends on whether those criteria008
reliably capture the task scope and evidence009
needs. Most existing studies ask an LLM to010
generate rubrics for a given query, but when the011
model fails to infer the underlying information012
needs, the generated rubrics may be incomplete013
and reduce RL efficiency. To obtain more re-014
liable query–rubric supervision, we introduce015
DEEPRUBRIC, a data construction framework016
that reverses this process: instead of inferring017
evaluation criteria for a given query, it first018
determines what an evidence-backed report019
should be evaluated on and then synthesizes020
aligned query–rubric pairs from those evalu-021
ation targets. Starting from a sampled seed022
topic, DEEPRUBRIC builds an evidence tree023
by recursively expanding evidence-backed sub-024
questions, whose leaves serve as atomic and025
verifiable evaluation targets. It then uses the026
evidence tree to synthesize the training query027
and rubrics, ensuring that the reward evaluates028
exactly the information requested by the query.029
Using DEEPRUBRIC, we construct 9K query–030
rubric supervision examples and train DEEP-031
RUBRIC-8B with rubric-based GRPO, achiev-032
ing comparable performance to prior open state-033
of-the-art deep research models across three034
benchmarks with roughly 13× fewer RL GPU-035
hours. 1036

1 Introduction037

Deep research agents synthesize long-form reports038

by searching open corpora and reasoning over re-039

trieved documents (OpenAI, 2025; Li et al., 2026b;040

Shi et al., 2025; Hu et al., 2025). Unlike short-form041

1Code is available on¸ Anonymous GITHUB.
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Figure 1: Query-first vs. Evidence-first rubric con-
struction. Query-first pipelines infer rubrics from a
given query; DEEPRUBRIC builds an evidence tree first
and derives both the query and rubric from the same
structure, making criteria traceable and query-aligned.

question answering, these agents must identify rele- 042

vant sources, integrate evidence across documents, 043

support claims with citations, and organize find- 044

ings into reports that satisfy complex information 045

needs (Yifei et al., 2025; Sharma et al., 2025; Du 046

et al., 2025; Li et al., 2026a; Han et al., 2025). 047

Recently, reinforcement learning (RL) with rubric- 048

based rewards has become an increasingly com- 049

mon way to improve such systems (Gunjal et al., 050

2025; Shen et al., 2026; Shao et al., 2025). In this 051

paradigm, rubrics decompose report quality into 052

checkable criteria, including coverage of important 053

sub-questions, appropriate use of evidence, and 054

citation-supported claims, and then translate them 055

into reward signals to optimize agents (Ruan et al., 056

2025; Viswanathan et al., 2026). The effective- 057

ness of this training paradigm therefore depends on 058

whether the rubric faithfully captures the task scope 059

and evidence needs behind the research query. 060

Ensuring such rubric faithfulness is especially 061

important for expensive and time-consuming RL 062

systems, because each rollout may require multi- 063

step tool use and long-form report generation, and 064
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prior systems have required thousands to tens of065

thousands of GPU-hours (Shao et al., 2025; Gao066

et al., 2025). However, most existing pipelines con-067

struct rubrics in a query-first manner in Figure 1.068

Given a user query, they ask a strong language069

model or human annotator to infer evaluation crite-070

ria, often using retrieved documents or reference an-071

swers as auxiliary context. This query-first design072

is natural, but it is also underdetermined. A user073

query rarely reveals the full evidence landscape,074

and auxiliary context offers only a partial view of075

what should be evaluated. As a result, generated076

rubrics may miss important answerable aspects or077

include weakly supported criteria, yielding noisy078

rewards that waste costly rollouts.079

To improve the efficiency of deep research RL080

with more reliable reward supervision, we intro-081

duce DEEPRUBRIC, a data construction frame-082

work that derives training queries and rubric cri-083

teria from the same information structure. Unlike084

prior pipelines that infer rubrics for a given query,085

DEEPRUBRIC first determines what an evidence-086

backed report should be evaluated on, and then087

derives both the rubric and the training query from088

these evaluation requirements. Concretely, start-089

ing from a sampled seed topic, it recursively ex-090

pands related sub-questions and grounds them in091

retrieved documents until reaching fine-grained in-092

formation needs, which form the leaf nodes of an093

evidence tree. These leaf nodes are then converted094

into atomic rubric criteria, while the training query095

is synthesized bottom-up from the same tree into a096

coherent long-form research task. By deriving the097

rubric and query from the same tree, DEEPRUBRIC098

makes each criterion traceable to supporting evi-099

dence and keeps the generated query aligned with100

what the reward evaluates.101

Using DEEPRUBRIC, we construct 9K query–102

rubric examples from local corpora Wikipedia103

and OpenScholar without manual expert annota-104

tion and train DEEPRUBRIC-8B with rubric-based105

GRPO (Shao et al., 2024). During RL rollouts,106

the agent retrieves only from the same local cor-107

pora used to construct the training tasks, rather108

than calling external web search APIs. With only109

750 GPU-hours of RL training, DEEPRUBRIC-8B110

matches or surpasses the closest open rubric-RL111

baseline, DR Tulu-8B (Shao et al., 2025), while112

using roughly 13× fewer RL GPU-hours. Al-113

though DEEPRUBRIC constructs supervision from114

local corpora, the learned behavior is not tied to115

a fixed retrieval environment. At evaluation time,116

we replace the local retriever with public online 117

search tools and evaluate on out-of-domain open- 118

retrieval deep research benchmarks, including 119

AstaBench-ScholarQA-CS2 (Bragg et al., 2025), 120

ResearchQA (Yifei et al., 2025), and DeepRe- 121

searchBench (Du et al., 2025). DEEPRUBRIC- 122

8B achieves competitive or superior performance 123

against prior open deep research models, outper- 124

forming larger open models with up to 32B pa- 125

rameters, including Tongyi-DR-30B (Team et al., 126

2025) and WebThinker-32B (Li et al., 2026b). It 127

also narrows the gap to proprietary systems such 128

as OpenAI Deep Research. 129

Our contributions are as follows: (i) we in- 130

troduce DEEPRUBRIC, an evidence-first frame- 131

work for constructing aligned query–rubric super- 132

vision from raw corpora; (ii) we train an 8B deep 133

research model with 9K constructed examples, 134

reaching strong open-retrieval performance with 135

only 750 GPU-hours of RL training; and (iii) we 136

show through ablations and analyses that evidence- 137

tree construction, bottom-up query synthesis, and 138

query–rubric alignment are key to the gains. 139

2 Related Work 140

Deep research agents. Search-augmented agents 141

are increasingly expected to move beyond short 142

factual answers and produce long-form, evidence- 143

grounded research reports. Early work mainly 144

studies short-answer or bounded search settings, 145

improving search-augmented reasoning, explo- 146

ration, and asynchronous RL in interactive envi- 147

ronments (Jin et al., 2025; Zheng et al., 2025; Liu 148

et al., 2025b; Gao et al., 2025). Recent deep re- 149

search systems extend this direction to long-form 150

report generation through specialized workflows 151

and report-writing agents (Li et al., 2026b; Hu et al., 152

2025; Li et al., 2026c; Yang et al., 2026), larger 153

multi-tool agents (Team et al., 2025), and synthetic 154

information-seeking queries or trajectories (Sun 155

et al., 2025; Wu et al., 2026; Tao et al., 2025; Chen 156

et al., 2026). These works construct agents, work- 157

flows, or behavior traces for producing research 158

reports, but RL still requires training tasks paired 159

with reliable criteria for judging the reports. DEEP- 160

RUBRIC focuses on constructing training data for 161

deep research, where each task is paired with rubric- 162

based supervision for long-form answers. 163

Rubrics for evaluation and RL Rubrics pro- 164

vide a practical interface for evaluating open-ended 165

generation by decomposing answer quality into 166
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checkable criteria. They are used in long-form167

evaluation benchmarks (Ruan et al., 2025; Bragg168

et al., 2025; Yifei et al., 2025; Sharma et al., 2025;169

Li et al., 2026a), and automatic methods generate170

or refine criteria from task descriptions, retrieved171

evidence, reference answers, trajectories, or model172

outputs (Shen et al., 2026; Ma et al., 2025; Jia173

et al., 2025; Gao et al., 2026; Wadhwa et al., 2025).174

Rubric rewards further enable RL without exact175

verifiers: Rubrics as Rewards trains with gener-176

ated criteria (Gunjal et al., 2025), DR Tulu evolves177

search-grounded rubrics from policy rollouts (Shao178

et al., 2025), and related work adapts criteria or179

critics online (Rezaei et al., 2025; Wu et al., 2025).180

These criteria generators improve how a given task181

is judged, but they are largely query-first: they182

start from a fixed prompt, question, response set, or183

coarse rubric and infer evaluation criteria afterward.184

DEEPRUBRIC instead treats evidence-backed in-185

formation needs as the starting point, building an186

evidence tree first and co-generating the training187

query and rubric from the same structure.188

3 Method189

We introduce DEEPRUBRIC, an evidence-first190

pipeline that constructs query-rubric supervision191

from document corpora for RL post-training of192

deep research agents. Given a corpus, DEEP-193

RUBRIC first builds an evidence tree by recursively194

expanding a sampled seed topic into evidence-195

grounded sub-queries (§3.1), then co-synthesizes196

a training query and verifiable rubric criteria from197

the same tree (§3.2), and finally uses the rubric198

as the primary content reward during RL post-199

training (§3.3). We depart from the usual query-200

first pipeline by first identifying corpus-verifiable201

information needs and then formulating a query202

around them, rather than starting from a query and203

inferring evaluation criteria afterward.204

3.1 Evidence Tree Construction205

Task representation. We represent each training206

task as a rooted evidence tree T = (V, E , v0) with207

root node v0. Each node v ∈ V contains three208

components: (1) a sub-query qv that specifies what209

information this node seeks; (2) a set of retrieved210

documents Pv = {pv,1, . . . , pv,kv} that provide211

evidence relevant to qv; and (3) a set of children212

Ch(v), each representing a finer-grained sub-query213

derived from qv. A node is called a leaf if it has214

no children: L(T ) = {v ∈ V : Ch(v) = ∅}.215

The tree is a recursive decomposition of a broad 216

topic (the root v0) into progressively more specific, 217

evidence-grounded sub-queries. 218

Root initialization. Given a corpus C and re- 219

triever ρ, we sample a seed topic t from C, convert 220

it into a broad research sub-query qv0 , and retrieve 221

documents Pv0 ← ρ(qv0). 222

Top-down expansion. The tree is built by 223

breadth-first expansion. For each frontier node 224

v, an LLMM observes its sub-queryqv, retrieved 225

documentsPv, and ancestor path Anc(v), and pro- 226

poses complementary child sub-queries that decom- 227

pose qv into finer-grained aspects: 228

Q̃v =M
(
qv,Pv,Anc(v)

)
. (1) 229

For each proposed child sub-query q̃ ∈ Q̃v, we 230

retrieve its document set P̃ = ρ(q̃) and askM to 231

ground the child node by selecting the documents 232

that support answering q̃. The resulting grounded 233

pair (q̃, P̃) is added as a child of v. IfM cannot 234

propose further meaningful child sub-queries, or 235

if the proposed children cannot be grounded in 236

retrieved evidence, v becomes a leaf. 237

To prevent unbounded growth, we impose struc- 238

tural budgets on the evidence tree: a maximum 239

depth of 3, with depth-aware branching that allows 240

up to 6 children at the root, 4 at intermediate levels, 241

and 3 at deeper levels. The output of this stage is an 242

evidence tree T , a hierarchical decomposition of 243

the topic into progressively finer sub-queries, each 244

grounded in retrieved documents. Further details 245

are provided in Appendix C.2 and Algorithm 1. 246

3.2 Query-Rubric Co-Generation and 247

Revision 248

The tree T captures the information structure of a 249

topic, but training an RL agent requires a concrete 250

query-rubric pair (x,R(T )). We co-generate both 251

by presenting T to an LLMM, which synthesizes 252

them in a bottom-up pass guided by the tree, then 253

verify the result with a separate model. 254

Bottom-up synthesis. Given the tree T , we 255

promptM to reason from the leaves upward, pro- 256

gressively merging leaf-level content into more ab- 257

stract summaries at each internal node (the full 258

prompt is provided in Appendix C.2). At the root, 259

the model produces two outputs: (1) a natural re- 260

search query x that integrates the information cap- 261

tured by the tree, and (2) a set of rubric criteria 262

R(T ) derived from the leaf content. The merge 263
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Figure 2: Method overview. Stage 1: An evidence tree is constructed top-down from a document corpus; a
root topic is recursively decomposed into sub-queries, each grounded in retrieved evidence. Stage 2: The tree is
aggregated bottom-up to co-generate a query–rubric pair (x,R(T )); a verification-and-revision step checks evidence
support, query–rubric alignment, and criterion quality. Stage 3: The policy πθ generates reports conditioned on the
query, a rubric-based reward model scores them againstR(T ), and the policy is updated via GRPO.

process makes the query’s scope follow the evi-264

dence structure of T rather than being generated265

independently.266

Rubric structure. Each criterion is a typed,267

weighted, evidence-grounded check:268

r =
(
cr,Pr, τr, wr

)
, r ∈ R(T ), (2)269

where cr is a natural-language verifiable crite-270

rion, τr ∈ {FACTUAL, LOGICAL} is its type, and271

wr ∈ [0, 1] is its importance weight. For FACTUAL272

criteria, Pr contains supporting documents from273

selected leaves and the report should state informa-274

tion supported by those documents. For LOGICAL275

criteria, Pr = ∅ because the criterion evaluates276

synthesis, comparison, or reasoning over the report277

rather than the mention of a specific evidence fact.278

The model may discard peripheral or redundant279

leaves during synthesis, so R(T ) selects the cri-280

teria that jointly define a well-scoped, answerable281

research task.282

Verification and revision. To improve the con-283

sistency of the synthesized supervision, we apply284

a separate verifier Mverify to check each tuple285

(x, T ,R(T )):286 (
d, x′,R′) =Mverify

(
x, T,R(T )

)
, (3)287

where d ∈ {KEEP, REVISE, DROP} denotes the288

verifier decision. The verifier checks evidence sup-289

port, query–rubric scope alignment, and criterion290

quality, including atomicity and redundancy. For 291

KEEP examples, we retain the original tuple; for 292

REVISE examples, we use the corrected query x′ 293

and rubricR′; and for DROP examples, we remove 294

the tuple from training. We provide the full verifi- 295

cation prompt together with an analysis of revision 296

and drop decisions in Appendix C.3 and C.4. 297

3.3 RL with Rubric Rewards 298

We use the verified query–rubric pairs as reward 299

supervision for RL post-training. Given a training 300

query x, the policy πθ samples reports y ∼ πθ(· | 301

x). We use standard GRPO for optimization, and 302

the reward is computed by applying the synthesized 303

rubric to each sampled report y. 304

Rubric reward. For each criterion r ∈ R(T ), 305

we use LLM-as-a-judge to score whether the gen- 306

erated report y satisfies the criterion statement cr. 307

The score is assigned on a 0-4 integer scale and nor- 308

malized to sr(y) ∈ [0, 1]. The full scoring prompt 309

is provided in Appendix A.1. The rubric reward is 310

the importance-weighted mean: 311

Rrubric(y) =

∑
r∈R(T )wr · sr(y)∑

r∈R(T )wr
, (4) 312

where sr(y) ∈ [0, 1] is the normalized judge score 313

for criterion r. 314

Composite reward. Following prior deep- 315

research RL training (Shao et al., 2025), we 316
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combine the rubric reward with auxiliary rewards317

for format, citation quality, and tool use:318

R(y) = 0.5 ·Rrubric(y) + 0.2 ·Rformat(y)

+ 0.2 ·Rcite(y) + 0.1 ·Rsearch(y),
(5)319

where Rformat rewards adherence to the ex-320

pected output structure (<think>, <tool_call>,321

<answer> tags), Rcite measures per-claim citation322

quality over cited sources, and Rsearch encourages323

sufficient use of retrieval tools during generation.324

The rubric reward receives the largest weight be-325

cause it provides the main signal for evidence-326

grounded content synthesis. Full reward definitions327

and details are provided in Appendix A.328

Optimization. We optimize the policy with329

Group Relative Policy Optimization (GRPO; Shao330

et al., 2024), sampling a group of candidate reports331

for each query and computing advantages relative332

to the group. Model initialization, training size,333

and hyperparameters are reported in Appendix B.334

4 Experiments335

We evaluate DEEPRUBRIC from three perspec-336

tives. First, we test whether evidence-tree super-337

vision improves open-retrieval deep research per-338

formance (§4.2). Second, we measure how effi-339

ciently the model reaches competitive performance340

under RL (§4.3). Third, we analyze which con-341

struction choices affect supervision quality through342

ablations, and training-data analysis (§4.4–§4.6).343

4.1 Experimental Settings344

Datasets and Evaluation Metrics. We evaluate345

deep research agents on three long-form, open-346

retrieval benchmarks spanning scientific and gen-347

eral research domains: AstaBench-ScholarQA-348

CS2 (SQAv2; Bragg et al., 2025), which assesses349

synthesis over up-to-date scientific literature; Re-350

searchQA (Yifei et al., 2025), which covers aca-351

demic research questions across diverse fields; and352

DeepResearch Bench (DRB; Du et al., 2025),353

which evaluates open-ended research tasks requir-354

ing comprehensive reports with citations. All355

benchmarks follow their official evaluation pro-356

tocols. The details are provided in Appendix E.1.357

Baselines. We organize baselines into three groups358

in Table 1: (1) non-rubric open systems, in-359

cluding Qwen3-8B/QwQ-32B RAG (Yang et al.,360

2025; Team, 2025), Search-R1 (Jin et al., 2025),361

ASearcher (Gao et al., 2025), WebExplorer (Liu362

et al., 2025c), WebThinker and its report-mode vari- 363

ants (Li et al., 2026b), Tongyi DeepResearch (Team 364

et al., 2025), and Ai2 ScholarQA (Singh et al., 365

2025b); (2) matched rubric-RL systems, especially 366

DR Tulu-8B (Shao et al., 2025), which shares our 367

Qwen3-8B scale and GRPO-style training but uses 368

query-conditioned rubrics; and (3) Proprietary ref- 369

erence systems, including Perplexity, Gemini, GPT- 370

5 (Singh et al., 2025a), and OpenAI Deep Research. 371

Open baselines use official code and recommended 372

configurations; additional setup details are in Ap- 373

pendix E.2. 374

Implementation Details. 375

Data construction. We build evidence trees 376

from two source corpora: Wikipedia 2 and Open- 377

Scholar (Asai et al., 2024)3. To control annotation 378

cost, we use DeepSeek-V3.2 (Liu et al., 2025a) for 379

the high-volume stages, including evidence-tree 380

expansion from seed topics and query–rubric syn- 381

thesis from each tree. This yields approximately 382

10K candidate pairs. We reserve GPT-5.1 (Singh 383

et al., 2025a) for verification, which checks evi- 384

dence support, query–rubric alignment, and crite- 385

rion redundancy. After revision, 9,064 pairs are 386

retained and used for SFT and RL training. 387

Training. We initialize from Qwen3-8B (Yang 388

et al., 2025). To adapt the model to the ex- 389

pected tool-use and report format, we perform a 390

lightweight cold-start SFT stage on our 200 gener- 391

ated queries. GPT-5.1 annotates reference trajec- 392

tories for these queries, including reasoning steps, 393

search actions, and final report writing, and we fine- 394

tune for 2 epochs (∼3 GPU-hours). We then train 395

the SFT checkpoint with GRPO on the remaining 396

8,886 query–rubric pairs for 140 steps, correspond- 397

ing to approximately 1 epochs (∼750 GPU-hours), 398

using Qwen3.5-35B-A3B as the rubric reward 399

judge. All training uses 8×A100 80GB GPUs; 400

hyperparameters are reported in Appendix B. 401

Tool environment. During training, the agent 402

uses three local tools backed by the same Wikipedia 403

and OpenScholar corpora used for data construc- 404

tion: search performs dense retrieval over the 405

local Wikipedia corpus, browse fetches full arti- 406

cle text from the local Wikipedia database, and 407

scholar performs dense retrieval over Open- 408

Scholar papers. This local environment avoids 409

external API calls during RL rollouts, reducing 410

2https://huggingface.co/datasets/inclusionAI/
ASearcher-Local-Knowledge

3https://huggingface.co/datasets/OpenSciLM/
OpenScholar-DataStore-V3
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Model Backbone SQAv2 ResearchQA DRB Average
Overall Rubric Answer Cite-P Cite-R Overall Comp. Depth Instr. Read.

Proprietary Deep Research
Claude-Sonnet Search Claude Sonnet – – – – – 64.3∗ 34.5∗ 39.0 37.7 45.8 41.5 –
Perplexity-Sonar (High) Proprietary – – – – – 69.1∗ 40.7∗ 37.4 36.1 45.7 44.7 –
Perplexity Deep Research Proprietary 67.3 91.6 92.7 47.3 37.6 75.3∗ 42.3∗ 40.7 39.3 46.4 44.3 61.6
Gemini Deep Research Proprietary – – – – – 68.5∗ 48.8∗ 48.5 48.5 49.2 49.4 –
Gemini 3 Pro + Search Gemini 3 Pro 69.8 83.1 98.3 68.5 29.4 74.3 46.3 43.4 44.9 49.8 49.0 63.5
GPT-5 + Search GPT-5 74.8 92.3 93.8 67.8 45.6 78.2† 50.7 49.7 51.5 51.6 48.5 67.9
OpenAI Deep Research o3/o4 79.6 91.5 95.6 77.4 43.1 79.2† 46.9∗ 46.8 45.2 49.2 47.1 68.6

Naive RAG
Qwen3-8B + RAG Qwen3-8B 40.4 69.2 92.3 – – 56.1 33.3 29.4 27.0 40.2 41.1 43.3
QwQ-32B + RAG QwQ-32B 41.9 77.5 90.3 – – 60.9 40.3 38.1 34.8 47.0 44.6 47.7

Open Deep Research Models
Search-R1-7B Qwen2.5-7B 22.2 9.7 79.0 – – 27.9 9.5 5.2 2.1 18.6 16.8 19.9
ASearcher-Web-7B Qwen2.5-7B 26.9 13.7 94.0 – – 19.4 7.8 5.1 1.7 15.2 11.8 18.0
WebExplorer-8B Qwen2.5-8B 42.5 78.6 91.4 – – 64.8 36.7 33.7 28.5 45.7 42.2 48.0
WebThinker-32B-DPO Qwen2.5-32B 32.9 36.7 94.9 – – 48.6 23.3 19.7 12.3 36.8 26.3 34.9
Tongyi DeepResearch-30B-A3B Qwen2.5-30B 46.5 89.5 96.4 – – 66.7 40.6 39.1 34.3 46.8 45.4 51.3

Fixed Pipeline Deep Research
WebThinker QwQ-32B (report) QwQ-32B 45.2 86.4 94.3 – – 72.8 37.9 36.2 32.6 43.2 42.9 52.0
WebThinker-32B-DPO (report) Qwen2.5-32B 46.7 91.2 95.5 – – 74.2 40.6 39.4 35.4 46.0 43.5 53.8

Ai2 ScholarQA Claude Sonnet 87.7 88.1 89.1 92.4 81.2 75.0† 36.1 35.1 32.0 40.5 38.9 66.3

Open Deep Research
Qwen3-8B + Search Qwen3-8B 57.2 42.8 92.1 53.7 40.3 46.3 18.2 14.3 8.7 29.5 24.4 40.6

DR Tulu-8B (SFT) Qwen3-8B 72.3 81.4 91.0 65.3 51.6 68.5 39.0 36.3 35.3 45.5 39.5 59.9
DR Tulu-8B (1000-step, ≈6000h) Qwen3-8B 86.7 84.8 95.4 90.6 76.1 71.1 41.8 39.5 39.4 47.3 41.6 66.5
DR Tulu-8B (1900-step, ≈9700h) Qwen3-8B 86.8 89.6 95.4 88.6 73.7 74.3 43.4 41.7 41.8 48.2 41.3 68.2
Ours (SFT) Qwen3-8B 79.5 78.4 94.2 83.9 61.4 64.8 38.0 33.8 36.0 43.5 40.1 60.8
Ours (75-step, ≈402h) Qwen3-8B 85.1 85.3 93.7 89.3 72.1 74.2 41.9 39.7 40.0 46.9 41.5 67.1
Ours (140-step, ≈750h) Qwen3-8B 86.0 86.4 94.0 91.5 72.2 75.2 43.6 41.7 41.8 48.4 42.5 68.3

Table 1: Main results with expanded SQAv2 and DRB columns. The average is computed over the displayed
overall scores (SQAv2, ResearchQA, and DRB) when all three are available. Rows with gray background use

proprietary models. Green highlights our method. indicates open model weights and training data; indicates
open training code. Bold numeric values mark the best score among open models for that column. ∗Scores reported
by original benchmark authors. †Evaluated on 100-sample subset. “–” = not reported.

latency, eliminating per-step search costs, and im-411

proving run-to-run stability. For evaluation, we fol-412

low prior work (Shao et al., 2025) and use the same413

live tools for fair comparison: search calls Google414

Search via the Serper API, browse reads web pages415

through Jina Reader, and scholar queries Google416

Scholar via Serper API.417

4.2 Main Results418

Table 1 reports performance across the three main419

open-retrieval benchmarks. Relative to Qwen3-420

8B with the same search setting, DEEPRUBRIC-421

8B raises the three-benchmark average from 40.6422

to 68.3, with gains on SQAv2 (57.2→86.0), Re-423

searchQA (46.3→75.2), and DRB (18.2→43.6).424

The SFT checkpoint reaches a 60.8 average, and the425

75-step RL checkpoint reaches 67.1 after roughly426

402 GPU-hours. The consistent improvement427

across benchmarks suggests that the gains are not428

confined to a single benchmark-specific metric.429

Comparison with open models. DEEPRUBRIC-430

8B achieves the strongest average among open deep431

research systems in our evaluation. Relative to the 432

Qwen3-8B search-only base agent, it raises the 433

three-benchmark average from 40.6 to 68.3, with 434

large gains on SQAv2 (57.2→86.0), ResearchQA 435

(46.3→75.2), and DRB (18.2→43.6). The clos- 436

est comparison is DR Tulu-8B (RL), which uses 437

the same Qwen3-8B backbone family, GRPO-style 438

training, and rubric-reward interface, but evolves 439

search-grounded rubrics from policy rollouts. In 440

contrast, DEEPRUBRIC uses the fixed rubrics gen- 441

erated and verified before RL, yet reaches a similar 442

average (68.3 vs. 68.2) with 140 RL steps and 750 443

GPU-hours, compared with DR Tulu’s 1,900-step, 444

9,700 GPU-hour run. DEEPRUBRIC is higher on 445

ResearchQA (75.2 vs. 74.3) and DRB (43.6 vs. 446

43.4), but slightly lower on SQAv2 (86.0 vs. 86.8), 447

where DR Tulu has higher rubric coverage and cita- 448

tion recall. It attains the best open-model scores on 449

ResearchQA, DRB overall, and DRB instruction 450

following, while also improving SQAv2 citation 451

precision over DR Tulu (91.5 vs. 88.6). 452
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Variant SQAv2 ResearchQA DRB Avg.

Ours (full) 85.1 74.2 41.9 67.1
w/o revision 83.8 73.2 39.9 65.6−2.2%

Search-based rubrics 80.6 72.1 37.3 63.3−5.7%

Closed-book rubrics 83.2 70.4 40.7 64.8−3.4%

Table 2: Ablation on rubric construction (75 steps).

Comparison with Proprietary systems. DEEP-453

RUBRIC-8B is competitive with proprietary sys-454

tems on scientific QA, while the strongest pro-455

prietary systems remain ahead on broader report456

generation. On SQAv2, DEEPRUBRIC exceeds457

the proprietary deep-research references in the up-458

per block, including GPT-5 + Search and OpenAI459

Deep Research; the only higher score in the ta-460

ble comes from Ai2 ScholarQA, a fixed pipeline461

built on Claude Sonnet. On ResearchQA and DRB,462

the best proprietary systems still lead, especially on463

DRB report-quality dimensions such as comprehen-464

siveness, depth, and readability. This pattern sug-465

gests that evidence-tree supervision can make an466

8B open model highly competitive on rubric- and467

citation-oriented scientific QA, while open-ended468

report generation still benefits from stronger base469

models and retrieval infrastructure. The expanded470

SQAv2 and DRB columns help localize these ef-471

fects: rubric coverage, comprehensiveness, and472

depth are closest to our supervision signal, whereas473

citation precision/recall, instruction-following, and474

readability also depend on auxiliary rewards and475

inference-time formatting choices.476

4.3 Training Efficiency Analysis477

Step efficiency. Figure 3 compares checkpoint478

performance as a function of RL training steps. The479

figure includes three trajectories: DEEPRUBRIC480

(green, ours), DR Tulu (pink, full RLER with481

SFT cold-start), and No SFT (grey, DR Tulu-style482

RL from the base model without SFT). DEEP-483

RUBRIC reaches strong performance rapidly: by484

140 steps it achieves 86.0 on SQAv2 and 43.6 on485

DRB, matching or exceeding DR Tulu’s 1,900-486

step endpoint (86.8 and 43.4 respectively) with487

13.6× fewer RL updates. We continued train-488

ing to 285 steps to test whether further updates489

help; DRB remains stable (43.1/43.6/43.8 at steps490

190/235/285), while SQAv2 slightly decreases491

(86.3→86.0→84.6). This decline mirrors a trend492

also observed in DR Tulu: later checkpoints pro-493

duce longer answers with more claims, but citation494

recall drops when some claims are not adequately495

0 140 285 600 1000 1900
RL training steps

55
60
65
70
75
80
85
90

Sc
or

e 
(%

)

SQAv2

0 140 285 600 1000 1900
RL training steps

15
20
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35
40
45
48
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(%

)

DRB

DR Tulu No SFT DeepRubric

Figure 3: Training-step efficiency. DEEPRUBRIC
reaches competitive performance with fewer RL steps.

Method Data annotation SFT RL training GPUs Est. cost

DR Tulu-8B GPT-5 (16K traj.)† 136 GPU-hrs 9,700 GPU-hrs 8–16×H100 ≥$30K
Ours (8B) $180 (API) 3 GPU-hrs 750 GPU-hrs 8×A100 ∼$1.7K

Table 3: Training cost comparison.

grounded. Given the marginal returns beyond 140 496

steps, we stop at 285 steps and select the 140- 497

step checkpoint for final evaluation. We attribute 498

this early plateau to corpus saturation: within the 499

fixed local retrieval environment, the policy largely 500

learns to exploit the bounded evidence space early. 501

Training cost. Table 3 summarizes the end-to- 502

end cost. Our total training budget is ∼$1.7K (in- 503

cluding $180 in API calls, 3 GPU-hours for SFT, 504

and 750 GPU-hours for RL on 8×A100), compared 505

to ≥$30K for DR Tulu—a ∼17× reduction. GPU 506

costs are estimated using rental server pricing. The 507

reduction is driven by higher reward signal quality 508

per rollout: evidence-tree rubrics provide denser, 509

more structured feedback, enabling the policy to 510

converge in 140 steps rather than 1,900, which di- 511

rectly translates to ∼13× fewer RL GPU-hours. 512

4.4 Ablation Study 513

To isolate the effect of evidence-tree construction, 514

we conduct a fixed-query counterfactual ablation: 515

the training queries are kept unchanged, while the 516

rubrics are regenerated without access to the origi- 517

nal evidence tree. This setup tests whether the tree 518

structure provides supervision beyond what can 519

be recovered from the final query alone. We com- 520

pare three variants: Closed-book rubrics, which 521

generate criteria directly from the query; Search- 522

based rubrics, which first retrieve passages using 523

the query and then generate criteria from the re- 524

trieved context; and w/o revision, which keeps 525

the tree-based rubrics but removes the LLM-based 526

verification pass. For cost efficiency, all variants 527

are trained for 75 GRPO steps under the same 528

recipe. The full pipeline outperforms both query- 529
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Figure 4: Training query distribution. BGE-large embeddings projected with t-SNE. Left: scatter plot of training
queries and benchmark queries. Right: density contours of training data with benchmark queries overlaid.

first rubric baselines by 1.8–3.8 points on average,530

showing that adding retrieved passages to query-531

first rubric generation does not recover the benefit532

of tree-structured decomposition.533

4.5 Training Data Analysis534

Construction statistics. Starting from 9,838 evi-535

dence trees (depth 3, ∼55 nodes each), the LLM-536

based verification produces 9,064 retained query–537

rubric pairs (92.1% retention rate): among these,538

91.5% are revised for improved query–rubric align-539

ment and 0.6% are kept unchanged; the remaining540

7.9% are dropped. Each retained pair contains on541

average 7.0 rubric criteria (58.4% factual, 41.6%542

logical) grounded in 5.0 selected evidence leaves543

with 2.9 passages per leaf. Full statistics are re-544

ported in Appendix C.3.545

Semantic Distribution. Figure 4 projects BGE-546

large query embeddings for DEEPRUBRIC,547

DR Tulu RL, and three evaluation benchmarks via548

t-SNE. The two training sets occupy complemen-549

tary regions despite targeting the same task, and550

their density shapes differ: DEEPRUBRIC covers551

a wider area with lower peak density, reflecting552

greater query diversity from multi-leaf evidence-553

tree synthesis; DR Tulu RL concentrates in a nar-554

rower region, reflecting more homogeneous single-555

document queries. The benchmark overlays con-556

nect this to downstream performance: SQAv2557

queries fall within the DR Tulu RL density region558

(both methods perform comparably there), while559

ResearchQA and DRB queries have greater pres-560

ence near the DEEPRUBRIC-dense region, consis-561

tent with our gains on these benchmarks. This sug-562

gests the advantage of evidence-tree co-generation563

is structural—it produces more diverse training 564

queries that teach the model to decompose complex 565

information needs—rather than merely topical. 566

4.6 Case Study 567

Table 8 presents a representative DRB case, includ- 568

ing the prompt, abridged final answers, and DRB 569

scores. The prompt requires a multi-faceted anal- 570

ysis of investments, products, client cases, strat- 571

egy, talent programs, and future trends, rather than 572

a flat enumeration of firms. DR Tulu-8B mainly 573

organizes its response by first identifying a set of 574

firms and then accumulating firm-specific evidence, 575

yielding a broad inventory but making the cross- 576

firm implications less explicit. In contrast, DEEP- 577

RUBRIC-8B begins with a higher-level pattern and 578

concludes by assigning firms to comparative roles, 579

such as platform builders, large-scale adopters, and 580

strategy/governance specialists. 581

5 Conclusion 582

We introduced DEEPRUBRIC, an evidence-first 583

framework for constructing query–rubric supervi- 584

sion for reinforcement learning of deep research 585

agents. By deriving both training queries and re- 586

ward criteria from the same evidence tree, DEEP- 587

RUBRIC grounds rubrics in retrieved documents 588

and aligns rewards with the intended task scope. 589

Experiments on three open-retrieval benchmarks 590

show that an 8B model trained with DEEPRUBRIC 591

approaches the strongest open rubric-RL baseline 592

with substantially fewer RL steps and GPU-hours, 593

while ablations and additional evaluations further 594

validate the effectiveness of evidence-tree construc- 595

tion for reward supervision. 596
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Limitations597

DEEPRUBRIC is limited by the corpora used to con-598

struct supervision. Our current data is built from599

Wikipedia and OpenScholar, which provide broad600

factual and scholarly coverage but may not fully601

support specialized domains such as clinical, le-602

gal, or proprietary enterprise research. Moreover,603

because training queries are synthesized from cor-604

pus evidence rather than sampled from real user605

demand, the resulting distribution is corpus-shaped606

and may not cover all deployed deep-research sce-607

narios equally well, especially those involving pri-608

vate data, domain-specific standards, or rapidly609

changing information.610
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Appendix820

A Reward Function Details821

We provide additional details of each reward com-822

ponent in the composite reward (Eq. 5).823

A.1 Rubric Scoring824

For each leaf criterion in the evidence tree, we use825

an LLM judge (Qwen3.5-35B-A3B) to evaluate826

whether the generated report adequately addresses827

the criterion. The judge receives the original query,828

the model’s response, and a single criterion (in-829

cluding criterion ID, type, description, and sup-830

porting evidence for factual criteria), and returns831

a score on an integer scale from 0 to 4. The score832

is normalized to [0, 1] by dividing by 4. We adopt833

a structured rubric scoring prompt adapted from834

DR Tulu (Shao et al., 2025), shown in Figure 5.835
836

Rubric Scoring Judge Prompt

[System]

You will be given a question (in <question>
tags), an answer (in <response> tags), and
a single criterion (in <criterion> tags).
Judge only how well the answer satisfies
that specific criterion.

The criterion can be of different types:
– Factual: judge whether the answer provides
the specific, correct, and relevant factual
content required. Do not reward merely
mentioning related topics.
– Logical: judge whether the answer performs
the specific reasoning required—comparison,
distinction, synthesis, or conclusion.

Return ONLY a JSON object {"score": x} where
x is an integer from 0 to 4.

Scoring guidelines:
4: Fully satisfies. All essential
components explicitly, correctly addressed.
3: Mostly satisfies. Minor omissions or
ambiguities.
2: Partially satisfies. One or more
essential parts missing.
1: Minimally satisfies. Mostly generic,
weak, or poorly connected.
0: Does not satisfy. Required content
missing or incorrect.

[User]

<question>{question}</question>
<response>{answer}</response>
<criterion>{criterion_text}</criterion>

837

Figure 5: Rubric scoring judge prompt. For factual
criteria, the criterion text includes the criterion type,
description, and supporting evidence from the evidence
tree, enabling the judge to verify factual claims against
specific sources.

The per-criterion scores are aggregated into a 838

single rubric reward via a weighted average over 839

all criteria: 840

Rrubric(y) =

∑
r∈R(T )wr · sr(y)∑

r∈R(T )wr
, (6) 841

where sr(y) ∈ [0, 1] is the normalized judge score 842

for criterion r and wr is its importance weight. 843

A.2 Format Reward 844

The format reward Rformat(y) ∈ [0, 1] checks 845
whether the model output follows the expected 846
structured format. It is computed as a weighted 847
sum of four binary indicators: 848

Rformat(y) = 0.5Ianswer(y) + 0.2Icite(y)

+ 0.1Itool(y) + 0.2Ithink(y),
(7) 849

where Ianswer(y) indicates the presence of prop- 850

erly formed <answer>...</answer> tags contain- 851

ing the final report, Icite(y) indicates the presence 852

of inline citations, Itool(y) indicates at least one 853

valid tool call was issued, and Ithink(y) indicates 854

the model produced reasoning blocks. The largest 855

weight is assigned to the answer tag, as it is the 856

most critical structural requirement. 857

A.3 Search Turn Reward 858

The search turn reward Rsearch(y) ∈ [0, 1] encour- 859

ages the agent to issue a sufficient number of search 860

queries during report generation: 861

Rsearch(y) = min

(
Nsearch(y)

U
, 1.0

)
, (8) 862

where Nsearch(y) is the number of valid tool calls 863

(across search, browse, and scholar tools) ex- 864

tracted from <tool_call> JSON blocks, and U = 865

6 is the upper bound. The reward saturates at U 866

calls to avoid rewarding excessive searching. 867

A.4 Citation Reward 868

The citation reward Rcite(y) ∈ [0, 1] evaluates the 869

quality of inline citations in the generated report, 870

adapted from DR Tulu (Shao et al., 2025). Unlike 871

simple citation-format checks, we employ a per- 872

claim evaluation framework that assesses both the 873

content quality of citations (do they support the 874

claims?) and the structural quality (are they well- 875

distributed and properly formatted?). 876

A.4.1 Claim Extraction 877

We first segment the generated answer into individ- 878

ual claims. Each <cite id="ID">text</cite> 879
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tag defines a cited claim paired with its citation IDs;880

text outside cite tags is treated as an uncited claim.881

This yields a set of claims C = {(ci,Si)}|C|i=1,882

where ci is the claim text and Si ⊆ D is the set of883

cited source IDs (empty for uncited claims), and D884

is the citation store of all retrieved snippets.885

A.4.2 Per-Claim F1 Score886

For each claim ci we compute recall and precision887

scores using an LLM judge (same Qwen3.5-35B-888

A3B used for rubric scoring):889

Citation recall. For cited claims (Si ̸= ∅), we890

concatenate the source texts and ask the judge to891

assess support on a three-point scale:892

recall(ci) =


1.0 if Fully supported
0.5 if Partially supported
0.0 if No support

(9)893

For uncited claims (Si = ∅), we instead ask894

whether the claim requires a citation. If the judge895

determines the claim is a factual statement that896

needs grounding, the recall score is 0 (penalizing897

the missing citation); otherwise it is 1 (the claim is898

a transition, summary, or reasoning step that does899

not need citation).900

Citation precision. For cited claims, the judge901

assesses whether the cited snippets contain key902

information relevant to the claim:903

precision(ci) =

{
1.0 if Relevant
0.0 if Irrelevant

(10)904

Uncited claims receive a precision of 1 (no irrele-905

vant citation was introduced).906

Per-claim F1. The per-claim score combines re-907

call and precision via the harmonic mean:908

F1(ci) =
2 · recall(ci) · precision(ci)
recall(ci) + precision(ci)

. (11)909

The average per-claim F1 across all claims is:910

F̄1 =
1

|C|

|C|∑
i=1

F1(ci). (12)911

A.4.3 Citation Format Reward912

Beyond content quality, we reward well-structured913

citation usage via the citation format reward Rfmt.914

This score captures three aspects:915

Citation ID validity. Let A be the set of all cita- 916

tion IDs referenced in the answer. The ID validity 917

ratio is v = |{a ∈ A : a ∈ D}|/|A|, measuring the 918

fraction of cited IDs that resolve to actual retrieved 919

snippets. 920

Meaningful claim ratio. Among cited claims, 921

we filter out trivially short or symbol-dominated 922

spans. The meaningful claim ratio m is the fraction 923

of cited claim texts that pass lexical quality checks 924

(at least 4 lexical units and 18 characters). The base 925

quality is Q = v ·m. 926

Citation distribution. We compute the normal- 927

ized position of each unique valid citation within 928

the answer text and score the distribution on three 929

sub-metrics: (i) span: the range covered by cita- 930

tions (normalized by 0.6); (ii) uniformity: deviation 931

from ideal even spacing; and (iii) center: proximity 932

of mean citation position to 0.5. The distribution 933

score is d = 0.4·span+0.4·uniformity+0.2·center. 934

Citation count. The count score rewards using 935

a sufficient number of distinct valid citations: n = 936

min(|{a ∈ A : a ∈ D}|/6, 1.0). 937

The final citation format reward is: 938

Rfmt = Q · (0.7 + 0.1 · d+ 0.2 · n). (13) 939

A.4.4 Final Citation Reward 940

The overall citation reward combines content qual- 941

ity and structural quality: 942

Rcite(y) = 0.6 · F̄1 + 0.4 ·Rfmt. (14) 943

The citation judge prompts are shown in Fig- 944

ures 6–8. 945
946

Citation Recall Prompt (Cited Claims)

You are an expert in evaluating text quality.
You will receive a user’s question, a
factual statement from an AI assistant’s
response, and a snippet from the document.
Assess whether this statement is supported
by the snippet.

– [[Fully supported]]: Most information in
the statement is supported by or extracted
from the snippet. Statement and snippet
parts are almost identical.
– [[Partially supported]]: More than half
of the content is supported, but a small
portion is not mentioned or contradicts the
snippet.
– [[No support]]: The statement is largely
unrelated, or most key points do not align.

Provide: “Rating: [[...]] Analysis: ...”

<question>{question}</question>
<statement>{statement}</statement>

947
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<snippet>{cited_snippets}</snippet>
948

Figure 6: Citation recall judge prompt for cited claims
with source snippets.

949
Citation Recall Prompt (Uncited Claims)

You are an expert in evaluating citation
coverage for source-grounded QA.

You will receive: (1) the user’s question, (2)
the assistant’s final answer, (3) one sentence
from the final answer.

Determine whether the sentence is a factual
claim that should be grounded with an explicit
citation.

Answer [[Yes]] if the sentence introduces
a concrete factual claim, empirical result,
dataset/model detail, number, comparison, or
attribution.
Answer [[No]] if the sentence is only an
introductory phrase, transition, restatement
of the question, or summary following already
cited claims.

Output: “Need Citation: [[Yes/No]] Analysis:
...”

<question>{question}</question>
<final_answer>{full_response}</final_answer>
<statement>{statement}</statement>

950

Figure 7: Citation recall judge prompt for uncited
claims. Claims judged as needing citation but lacking
one receive a recall score of 0.

951
Citation Precision Prompt

You are an expert in evaluating text quality.
Assess whether the snippet contains key
information of the statement.

– [[Relevant]]: Some key points of the
statement are supported by or extracted from
the snippet.
– [[Irrelevant]]: The statement is almost
unrelated to the snippet.

Provide: “Rating: [[...]] Analysis: ...”

<question>{question}</question>
<statement>{statement}</statement>
<snippet>{cited_snippets}</snippet>

952

Figure 8: Citation precision judge prompt. Evaluates
whether each cited snippet is relevant to the claim it
supports.

B Training Details953

Our training infrastructure is built on954

verl-tool (Jiang et al., 2025), an open-source955

framework for training tool-augmented language956

models with reinforcement learning. The reward957

scoring pipeline is adapted from DR Tulu (Shao958

Hyperparameter Value

Base model Qwen3-8B
SFT data size 200 examples
Annotation model GPT-5.1
Number of training epochs 2
Learning rate 4× 10−5

Learning rate scheduler cosine
Warmup ratio 0.1
Per-device batch size 1
Gradient accumulation steps 16
Max sequence length 16,384
Data type BF16
Weight decay 0.0

Table 4: Hyperparameters for SFT training.

et al., 2025). All training runs use 8×A100 80GB 959

GPUs on a single node. 960

B.1 SFT Hyperparameters 961

We provide the hyperparameters used during the 962

SFT cold-start stage in Table 4. 963

B.2 RL Hyperparameters 964

We provide the hyperparameters used during 965

GRPO training in Table 5. 966

C Data Construction Details 967

We provide additional details of the evidence-tree 968

data construction pipeline described in §3.1. 969

C.1 Source Corpora 970

We build evidence trees from two source corpora: 971

• Wikipedia (2018 dump): We use the December 972

2018 Wikipedia dump as a general-knowledge 973

retrieval corpus. Seed topics are sampled from 974

a diverse set of Wikipedia categories spanning 975

science, history, technology, and social sciences. 976

• OpenScholar (Asai et al., 2024): We use the 977

OpenScholar corpus as a scientific-literature re- 978

trieval source. Seed topics are sampled from 979

academic research areas to ensure coverage of 980

scientific deep research tasks. 981

Both corpora are indexed and exposed to the 982

agent during data construction and RL training via 983

three local retrieval tools: search (keyword search 984

over the corpus), browse (full-text reading of a re- 985

trieved document), and scholar (semantic search 986

over scientific papers). During benchmark evalua- 987

tion, the agent switches to the live search, browsing, 988

and scholar tools described in §4.1. 989

14



Hyperparameter Value

RL algorithm GRPO
Base checkpoint SFT checkpoint
Training data 9,064 query-rubric pairs
Unique prompts per batch 8
Rollouts per prompt (group size) 8
Batch size 64
Mini-batch size 4
Max prompt length 2,096 tokens
Max response length 28,288 tokens
Max action length per tool call 2,048 tokens
Max observation length per tool call 4,096 tokens
Max tool call turns 20
Temperature 1.0
Top-p 1.0
Learning rate 1× 10−6

Learning rate schedule constant
KL penalty coefficient 0.0
Entropy coefficient 0.0
Total GRPO steps 140
Checkpoint save frequency every 5 steps
Data type BF16
Weight decay 0.0
Parallelism strategy FSDP (param + optimizer offload)
vLLM GPU memory utilization 0.6
Rubric judge model Qwen3.5-35B-A3B

Reward weights (Eq. 5)

Rubric weight (αrubric) 0.5
Format weight (αformat) 0.2
Citation weight (αcite) 0.2
Search weight (αsearch) 0.1

Table 5: Hyperparameters for GRPO training. Train-
ing is performed on 8×A100 80GB GPUs with FSDP
and full parameter/optimizer offloading. The reward
weights follow the composite reward in Eq. 5.

C.2 Evidence Tree Generation Pipeline990

The evidence tree generation proceeds in the fol-991

lowing steps:992

1. Seed topic sampling. We sample diverse seed993

topics from both corpora.994

2. Recursive decomposition. Starting from a seed995

topic, we use DeepSeek-V3.2 (Liu et al., 2025a)996

to recursively decompose the topic into sub-997

queries. At each internal node, the model gen-998

erates 2–6 child sub-queries that collectively999

cover distinct parallel facets of the parent (e.g.,1000

mechanisms, stakeholders, risks, quantitative1001

evidence, alternatives). The branching factor is1002

depth-aware: 6 children at the root, 4 at inter-1003

mediate levels, and 3 at deeper levels, up to the1004

configured maximum depth. The decomposition1005

prompt (Figure 9) explicitly requires coverage1006

of comparison/alternatives, risks/failures, and1007

quantitative evidence.1008

3. Gating. At each level, a separate LLM call de-1009

termines whether further branching would add1010

meaningful evidence. Expansion continues only1011

if the proposed children open substantively dif-1012

ferent facets.1013

4. Evidence retrieval and extraction. At each1014

node, we retrieve supporting passages from the1015

source corpus using the node’s sub-query. An 1016

evidence extractor (Figure 10) produces 1–3 1017

concise factual statements per passage, ground- 1018

ing each node in specific retrieved content. 1019

5. Termination. Expansion terminates when a sub- 1020

query is judged atomic (i.e., further branching 1021

is unlikely to add novel, decision-relevant evi- 1022

dence) or when it reaches the configured maxi- 1023

mum depth. The resulting trees average 54.48 1024

nodes and 38.66 leaves, providing a broad evi- 1025

dence set for downstream synthesis. 1026

6. Bottom-up merge and rubric generation. The 1027

complete tree (nodes + leaf evidence) is se- 1028

rialized into a compact JSON representation 1029

and fed to DeepSeek-V3.2 with the bottom-up 1030

merge prompt (Figure 11). The model (a) se- 1031

lects a small set of leaf nodes covering distinct 1032

facets, (b) iteratively merges them bottom-up 1033

through intermediate queries into a single final 1034

research question, and (c) generates grounded 1035

rubric criteria, each with a type (factual/logical), 1036

description, importance weight in [0, 1], source 1037

leaf IDs, and supporting evidence for factual 1038

rubrics. 1039

7. Verification and revision. A separate ver- 1040

ification pass using GPT-5.1 (Singh et al., 1041

2025a) audits each sample on six dimensions: 1042

question–rubric alignment, deep-research suit- 1043

ability, rubric quality (atomic, non-redundant), 1044

evidence sufficiency, merge faithfulness, and 1045

scoring validity. The auditor returns a KEEP- 1046

/REVISE/DROP decision; REVISE samples re- 1047

ceive repaired questions and rubrics. This stage 1048

conservatively revises 91.50% of generated tu- 1049

ples and drops 7.87%. 1050

We retain 9,064 KEEP or REVISE examples and 1051

use all retained pairs for training. 1052

Tree-depth upper bound. We set the maximum 1053

node depth to 3 to control construction cost and 1054

avoid excessive expansion. The purpose of the 1055

tree is to provide enough complementary evidence 1056

facets for query–rubric co-generation, not to ex- 1057

haustively enumerate every possible subtopic. Un- 1058

der this upper bound, the generated trees already 1059

contain four evidence levels, 54.48 nodes, 38.66 1060

leaves, and 2.54 evidence passages per leaf on 1061

average; 91.40% of terminal leaves reach depth 1062

3. These statistics indicate that coverage is al- 1063

ready high for our intended use: each tree provides 1064

dozens of candidate evidence leaves, from which 1065

the bottom-up merge selects the subset most rel- 1066
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Algorithm 1: Evidence-Tree Query–Rubric Co-Generation

Require: Corpus C, retriever ρ, LLMM, maximum depth Dmax

Ensure: Dataset D = {(xi, Ti,R(Ti))}Ni=1

1: for each sampled topic t ∼ C do
Stage 1: top-down evidence-tree construction

2: Initialize root v0 with qv0 ← t and Pv0 ← ρ(t)
3: QUEUE ← {v0}
4: while QUEUE ̸= ∅ do
5: v ← QUEUE.pop()
6: if depth(v) = Dmax orM judges qv as atomic then
7: continue ▷ v becomes a leaf
8: end if
9: Qv ←M(qv,Pv,Anc(v))

10: for each child query q̃ ∈ Qv do
11: P̃ ← ρ(q̃)

12: if P̃ is sufficient and q̃ is non-redundant then
13: Create child u with qu ← q̃ and Pu ← P̃
14: Add u to Ch(v) and push u to QUEUE
15: end if
16: end for
17: end while

Stage 2: bottom-up co-generation and revision
18: (x,R(T ))←Msynth(T )
19: (x,R(T ))←Mverify(x, T,R(T ))
20: D ← D ∪ {(x, T,R(T ))}
21: end for

evant to a coherent research question and rubric.1067

Increasing the upper bound would also increase1068

retrieval calls, serialized context length, duplicate1069

or weakly related leaves, and topic drift, which can1070

make the final question and rubrics harder to verify.1071

We therefore use depth 3 as a cost-controlled upper1072

bound that provides sufficient multi-facet cover-1073

age while keeping synthesis, audit, and revision1074

reliable.1075

1076
Recursive Decomposition Prompt

You are expanding a research search tree.
Parent query: “{parent_query}”
Current depth: {depth}, max depth:
{max_depth}.

Current evidence (snippets + extracted
statements):
{snippets}
Statements (sample, deduped top 8):
{statements}

Goal: maximize coverage AND depth potential.
Propose up to {limit} sibling queries that:
– Each covers a different parallel
facet of the parent: stakeholders,
timeline, mechanisms/causality, outcomes,
risks/failures, alternatives, quantitative
data, geography, policy, controversy.
– Ensure at least one query targets
comparison/alternatives, one targets
risks/failures, and one targets
quantitative evidence.
– Keep at the same abstraction level as the
parent.
– Avoid overlap; prioritize facets not yet

1077

evidenced.
– Keep queries concise (<12 tokens),
factual, non-redundant.

Return JSON: {"queries": ["q1", "q2",
"q3"]}

1078

Figure 9: Recursive decomposition prompt. Branch-
ing factor is depth-aware: 6 children at the root, 4 at
intermediate levels, 3 at deeper levels.

1079
Evidence Extraction Prompt

You are an evidence extractor. Given search
queries, an action note (goal), and a webpage
summary, return 1–3 concise factual statements
for each query from the summary that are
relevant to the queries and help achieve the
action note.

Queries: {queries}
Action note: {note}
Webpage summary: {summary}

Return JSON: {"statements": ["...", "..."]}
1080

Figure 10: Evidence extraction prompt. Applied at
every tree node after retrieval to extract atomic factual
statements from passages.

C.3 Data Statistics 1081

Table 6 summarizes the statistics of the generated 1082

training data. 1083
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Statistic Value

Generated examples 9,838
Final retained (KEEP + REVISE) 9,064 (92.1%)
Final training pairs 9,064

Tree depth (fixed) 3
Nodes per tree 54.5
Leaves per tree 38.7
Selected leaves per example 5.0
Evidence passages per selected leaf 2.9

Rubric criteria per example 7.0
Factual / Logical 58.4% / 41.6%

Revision rate 91.5%
Drop rate 7.9%

Tree generation model DeepSeek-V3.2
Quality audit model GPT-5.1
SFT subset size 200
SFT annotation model GPT-5.1

Table 6: Training data statistics. Revision indicates
auditor-guided repair rather than rejection; retained ex-
amples include both KEEP and REVISE cases.

C.4 Verification Statistics and Strong-Model1084

Influence1085

A natural concern is that the 91.5% revision rate1086

might indicate that the final supervision is gener-1087

ated primarily by the strong verifier rather than by1088

the evidence tree. We clarify that the verifier is1089

not used as an open-ended content generator. As1090

shown in Table 7, the dominant revision categories1091

are structural alignment errors—question–rubric1092

mismatch, evidence sufficiency, scope or merge1093

overreach, invalid weights, and rubric granularity—1094

rather than the addition of new factual targets.1095

The verification prompt (Figure 12) further1096

enforces tree-grounded revision: revised factual1097

rubrics must cite source_leaf_ids that are a sub-1098

set of the already selected tree leaves, and their sup-1099

porting evidence must be verbatim or tightly faith-1100

ful paraphrases of selected-leaf statements. Thus,1101

the verifier cannot introduce external evidence or1102

new factual support; it can only repair how tree-1103

derived information needs are expressed as a query1104

and evaluation criteria.1105

We therefore view the verifier as improving the1106

quality and alignment of the reward specification,1107

rather than changing the factual source of the su-1108

pervision. This distinction is also supported by the1109

no-revision ablation: removing the verifier lowers1110

performance, but the unrevised tree-based rubrics1111

still outperform query-first rubric baselines, indicat-1112

ing that the evidence tree itself provides substantial1113

supervision signal.1114

Primary Revision Reason Rate

Question–rubric mismatch 56.4%
Evidence sufficiency / grounding 18.2%
Question scope / merge overreach 8.3%
Negative-weight rubric removal 8.2%
Rubric design / granularity 5.3%
Entity / domain / time mismatch 2.5%
Other 1.0%

Table 7: Primary revision reasons. All categories are
structural alignment corrections; none involves generat-
ing new factual content.

D Tool and Inference Details 1115

During both training and evaluation, the agent uses 1116

the same three retrieval-tool interfaces, but the 1117

backends differ between local RL rollouts and live 1118

benchmark inference: 1119

• search: Issues a keyword query and returns 1120

ranked snippets (dense retrieval over the local 1121

Wikipedia/OpenScholar corpora during training; 1122

Google Search via Serper API during evaluation). 1123

• browse: Given a URL or document identifier, 1124

retrieves and returns the full text of the page (di- 1125

rect corpus lookup during training; Jina Reader 1126

during evaluation). 1127

• scholar: Issues a scientific-literature query and 1128

returns paper snippets (dense retrieval over Open- 1129

Scholar during training; Google Scholar via Ser- 1130

per API during evaluation). 1131

Tool calls are issued via structured <tool_call> 1132

JSON blocks within the generation. Each tool call 1133

includes a name field and an arguments field (con- 1134

taining the query or URL). Observations are re- 1135

turned in <tool_response> blocks and masked 1136

during gradient computation to avoid training on 1137

retrieval artifacts. We cap the number of tool call 1138

turns at 20 during training and 10 during evaluation 1139

to balance efficiency and performance. 1140

D.1 System Prompt 1141

We use a unified system prompt for both training 1142

and evaluation. The prompt instructs the model to 1143

act as a deep research assistant that performs itera- 1144

tive, multi-source investigations. Key elements 1145

include: (1) mandatory multi-round search (at 1146

least 2–4 rounds of tool calls), (2) structured out- 1147

put with <think>, <tool_call>, and <answer> 1148

tags, (3) inline citation requirements using <cite 1149

id="...">...</cite> grounded only in returned 1150

snippets, and (4) a strict workflow alternating rea- 1151

soning → tool call / answer. The full system 1152
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prompt is shown in Figure 13.1153

E Evaluation Details1154

E.1 Benchmark Descriptions1155

We provide additional details on the three evalua-1156

tion benchmarks:1157

• AstaBench-ScholarQA-CS2 (SQAv2) (Bragg1158

et al., 2025): We use the official evaluation code1159

to evaluate all methods on the 100 test-set ques-1160

tions. We compute rubric score, answer preci-1161

sion, citation precision, and citation recall using1162

Gemini-2.5-Flash as the judge, following Bragg1163

et al. (2025).1164

• ResearchQA (Yifei et al., 2025): We evaluate1165

using the official ResearchQA evaluation suite1166

with GPT-4.1-mini as the judge. We compute1167

averaged rubric scores on a 200-question subset.1168

• DeepResearch Bench (DRB) (Du et al., 2025):1169

We use the official evaluation code on 501170

English open-ended deep research questions.1171

We compute Comprehensiveness, Insight/Depth,1172

Instruction-Following, and Readability, and re-1173

port Overall as the macro average of component1174

metrics. We use Gemini-2.5-Pro as the judge1175

following Du et al. (2025).1176

E.2 Details of Baselines1177

For all open deep research baselines, we run their1178

officially released code with default or recom-1179

mended configurations:1180

• Search-R1-7B (Jin et al., 2025): We use the1181

official checkpoint and inference code.1182

• ASearcher-Web-7B (Gao et al., 2025): We use1183

the official checkpoint and inference code.1184

• WebExplorer-8B (Liu et al., 2025c): We use the1185

official checkpoint. Note that WebExplorer does1186

not release training code or data.1187

• WebThinker-32B-DPO (Li et al., 2026b): We1188

use the official DPO checkpoint. For the fixed-1189

pipeline variant (report mode), we additionally1190

enable the iterative report generation module.1191

• Tongyi-DR-30B-A3B (Team et al., 2025): We1192

use the official checkpoint.1193

• DR Tulu-8B (Shao et al., 2025): We use both1194

the SFT and RL checkpoints with the official1195

dr-agent-lib inference pipeline.1196

• Ai2 ScholarQA (Singh et al., 2025b): We use the1197

official code with Claude Sonnet as the backbone1198

LM.1199

For closed deep research systems (Perplexity1200

Deep Research, Gemini 3 Pro + Search, GPT-1201

5 + Search, and OpenAI Deep Research), we use 1202

their public APIs with default settings. Results 1203

marked with † in Table 1 are evaluated on a 100- 1204

sample subset due to cost constraints. Results 1205

marked with ∗ are reported by the original bench- 1206

mark authors. 1207

F Case Study Response Comparison 1208

Table 8 shows the prompt, abridged final answers, 1209

and DRB scores for the case study discussed in 1210

§4.6. Ellipses omit intermediate details and citation 1211

markup. 1212
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Item Content

Question Summarize global AI investments, key initiatives, and outputs by major international consulting
firms, including the Big Four, Accenture, MBB, IBM, and Capgemini. The report should cover
products/services, client cases, strategy, talent programs, and future trends.

DR Tulu an-
swer

“For this summary, ‘major international consulting firms’ includes the Big Four . . . MBB firms . . . IBM
. . . Capgemini . . . Accenture . . . The focus is on their global investments, AI-driven products and services,
client-facing initiatives . . . strategic thrusts . . . and talent development programs.”

“Several high-impact items . . . were not retrievable in this session and therefore are not asserted beyond
cautious, sourced generalizations. A next-step due-diligence plan would capture . . . annual reports
. . . firm newsrooms . . . learning and development pages . . . venture and research lab updates.”

DEEPRUBRIC
answer

“The available evidence points to a clear pattern: major international consulting firms are investing
heavily in AI, but their approaches diverge by firm type and by stage of maturity.”

“In conclusion, the major international consulting firms are pursuing AI through a mix of platform
development, client-facing solutions, strategic advisory, and talent upskilling. Accenture and IBM are
particularly prominent as platform builders . . . Big Four are scaling AI at massive scale . . . MBB firms
are emphasizing strategy, governance, and human-capital transformation . . . For all firms, the central
challenge is translating AI ambition into sustained business value without losing sight of the human
and organizational dimensions of transformation.”

DRB score
Overall Comp. Depth/Insight Instr. Follow. Readability

DR Tulu-8B 32.6 24.7 33.8 37.5 37.2
DEEPRUBRIC-8B 47.6 47.1 47.6 54.2 38.5

Table 8: Abridged final-answer comparison for one DRB case study. Ellipses mark omitted details.
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Bottom-Up Merge & Rubric Generation Prompt

You are an autonomous agent for proposing deep-research questions from a search tree.

Input is a compact JSON representation of a search tree with: nodes (id, parent, depth, query,
children) and leaves (leaf id, path root→leaf, evidence statements).

Your task is to define a complete, well-formed research problem that ultimately requires a

long-form, structured answer. You are expected to make the question self-contained and answerable
in scope (but you are NOT expected to solve it).

Important: The tree may contain noise or even harmful/irrelevant information not related to the
root topic. You must identify and avoid such nodes/claims when forming the question and rubrics.
If a leaf is misleading but must be addressed, reflect this with negative-weight rubrics that
require debunking or exclusion.

You must:
1) Select a small set of leaf nodes that best cover distinct facets of the root topic.
2) Perform a bottom-up merge: combine selected leaf queries into intermediate queries, then merge
those into the final research question.
3) Create rubrics grounded only in statements from the selected leaves.
4) Provide a visualizable reasoning trace: which leaves were selected, why, and how they were

merged step-by-step.

Bottom-up merge requirements:
– Start from selected leaves (last-layer nodes). Group them into multiple intermediate queries.
– Merge intermediate queries iteratively into higher-level queries until one final question.
– The merge can take many steps; include it in merge_trace with explicit inputs, outputs, and
short rationale. Each merge step should explain why those inputs were grouped and what new query

they form.

Rubric Types (each rubric MUST belong to exactly one):
– Logical: structure/organization/reasoning checks for a long-form answer.
– Factual: specific facts/claims that must be addressed, each supported by evidence from selected
leaves only.

Weighting:
– Importance score between 0 and 1; higher = more critical.
– Negative weight = misleading/harmful content that should be rejected or debunked.
– Weights do not need to sum to 1.

Rubric quality (applies to every rubric):
– Make each rubric precise, atomic, and binary-checkable; avoid vague verbs.

– Anchor factual rubrics to concrete supporting statements from selected leaf evidence; do not
invent new facts.
– Cover evidence breadth & attribution, reasoning soundness, completeness, organization/clarity,
and handling of ambiguity or counterpoints.
– Keep rubrics concise and avoid duplicate checks.
– Each rubric must be evaluated independently (no dependencies between rubrics).

– Every rubric MUST include source_leaf_ids ⊆ selected_leaf_ids.

Question Construction:
– Motivated by selected rubrics and evidence; expose meaningful gaps or unresolved relationships.
– Must NOT be fully answerable from provided material alone.
– Do NOT list rubrics or solution steps in the question.
– Brief, precise, research-heavy. Do NOT invent facts beyond the material.

– Minimum 5 rubrics (numbered R1, R2, R3, ...).

Return JSON only: {question, selected_leaf_ids, selection_trace, merge_trace, rubrics}.

Figure 11: Bottom-up merge and rubric generation prompt. This prompt is the core of the evidence-tree pipeline,
converting raw tree evidence into a research question paired with grounded rubric criteria. The source_leaf_ids
⊆ selected_leaf_ids constraint ensures all rubrics remain grounded in retrieved evidence.
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Quality Verification System Prompt

You are an expert auditor for tree-rubric data used in long-form answer evaluation and deep research

QA. You must audit one JSON sample.

Goal: Decide if the sample should be KEEP / REVISE / DROP. If REVISE, provide a repaired question

and/or repaired rubrics. Keep the original topic unless structurally unsalvageable.

Deep research standards: Requires synthesis across multiple evidence sources; multi-step

reasoning, not shallow fact lookup; connects mechanisms, evidence, limitations, uncertainty,

and conclusions; rewards structured, evidence-grounded comparative reasoning.

Audit dimensions (apply all, do not skip):

1) Question–rubric alignment: Rubrics must stay centered on the main question. Granularity should

match. Do not elevate a narrow technical detail into a mandatory rubric unless truly central.

2) Deep research suitability: Rubrics should evaluate deep reasoning—comparison, synthesis,

causal/mechanistic explanation, evidence qualification, structured conclusions—not reduce to a

checklist of isolated facts.

3) Rubric quality: Each rubric atomic, specific, independently judgeable, non-redundant. Avoid

vague or non-judgeable wording.

4) Evidence sufficiency: source_leaf_ids must sufficiently support each rubric. A detail in one

leaf does not automatically justify a required rubric. Flag claims stronger than cited support.

Note: leaf nodes may be truncated; judge based on visible information.

5) Merge faithfulness: Final question should reflect semantic union of selected leaves and

intermediate merges. Flag unjustified broadening, strengthening, or narrowing.

6) Scoring validity: Weights reasonable; core factual rubrics not dominated by vague logical

ones; negative-weight rubrics treated as problematic unless explicitly justified.

Decision policy: KEEP (usable as-is); REVISE (valuable but needs targeted repair); DROP (severe

structural or semantic failure). Prefer REVISE over DROP when topic remains valuable. Do not

invent unsupported claims.

If REVISE, follow hard rewrite template:

– revised_question: Keep topic, fix overreach/under-specification. Must stay faithful to selected

leaves + merge trace. Must remain a deep research question.

– revised_rubrics: Output 5–8 rubric objects. Every rubric MUST contain: id, type

(logical/factual), description, weight, source_leaf_ids. source_leaf_ids must be ⊆

selected_leaf_ids. Logical rubrics do NOT need evidence. Factual rubrics MUST include non-empty

evidence grounded in selected-leaf statements (verbatim or tightly faithful short paraphrase).

Avoid semantic duplicates. Prefer rubrics evaluating synthesis, evidence-based comparison, causal

reasoning, limitations, and conclusion quality.

Return valid JSON only: {decision, error_tags, major_issues, justification, fix_plan,

revised_question, revised_rubrics, implementation_guidance}.

Figure 12: Quality verification system prompt. The key constraint is that all revised rubrics must ground
source_leaf_ids within the tree’s selected_leaf_ids and provide evidence from leaf statements only, prevent-
ing the verifier from injecting parametric knowledge.
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Deep Research Agent System Prompt (Part 1: Task & Answer Requirements)

You are a deep research assistant. Your core function is to conduct thorough, multi-source
investigations into any topic. You must handle both broad, open-domain inquiries and queries
within specialized academic fields.

For every request, you MUST perform iterative, multi-step information gathering. You should
search as broadly and deeply as possible, gather as much relevant information as is reasonably
available, and synthesize evidence from credible, diverse sources to deliver a comprehensive,
accurate, and objective response.

You MUST NOT rely on a single search. Instead:
– Always perform multiple rounds of search using different queries, perspectives, or keyword
variations.
– After each search, analyze gaps, uncertainties, or missing aspects, and issue follow-up searches.
– Continue searching until the key aspects of the question are sufficiently covered.
– You should typically perform at least 2–4 rounds of tool calls before producing the final
answer, unless the question is extremely simple.

A response is NOT sufficient if: only one source or one perspective is used; key concepts in the
question are not individually investigated; there is no cross-source verification.

The final answer MUST be comprehensive, detailed, and in-depth. It should fully address all
aspects of the question, explain underlying mechanisms, compare different perspectives, and
provide clear reasoning supported by evidence.

When you have gathered sufficient information and are ready to provide the definitive response,
you must enclose the entire final answer within <answer></answer> tags.

You should ground every nontrivial claim in retrieved snippets. Cite using <cite
id="...">...</cite> drawn only from returned snippets. Prefer authoritative sources
(peer-reviewed papers, reputable benchmarks/docs) and prioritize recent work for fast-moving
areas. Acknowledge uncertainty and conflicts; if evidence is thin or sources disagree, state it
and explain what additional evidence would resolve it.

Structure the answer with clear markdown headers and a coherent flow. In each section, write 5–8
sentence paragraphs with clear topic sentences and transitions.

The answer MUST: be comprehensive and cover all key aspects; provide detailed explanations rather
than brief summaries; compare different models, assumptions, or perspectives when relevant;
explain causal mechanisms and not just describe phenomena; synthesize information across sources
into a coherent narrative.

Use lists sparingly only when they improve clarity. Synthesize rather than enumerate content:
group findings across papers, explain relationships, and build a coherent narrative supported by
citations.

DO NOT invent snippets or citations and never fabricate content.

You can reason and use tools iteratively, but all reasoning text must appear only inside a
standalone <think>...</think> block, and all tool calls must appear only inside a standalone
<tool_call>...</tool_call> block. Tool calls must never appear inside a <think> block.

Figure 13: System prompt for the deep research agent (Part 1). Task definition, search requirements, citation
policy, and answer formatting rules.
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Deep Research Agent System Prompt (Part 2: Tools & Workflow)

Tool Usage Constraints

– The browse tool can ONLY be used on URLs returned by a previous search call.
– You MUST NOT fabricate, guess, or manually construct URLs for browsing.
– If additional webpages are needed, first use search to retrieve them, then select from returned
results.
– Prioritize browsing multiple distinct URLs from different sources to ensure diversity of
evidence.

Available Tools

{"name":"search","description":"Perform web searches and return top
results.","parameters":{"query":[list of strings]}}

{"name":"browse","description":"Open a specific URL and return readable
content.","parameters":{"url":"string"}}

{"name":"scholar","description":"Retrieve information from scientific
papers.","parameters":{"query":[list of strings]}}

Tool Call Format

<tool_call>{"name":"tool_name","arguments":{...}}</tool_call>

Tool Output Format

For search/scholar: <tool_response><snippet id=ID>content</snippet>...</tool_response>
For browse: <tool_response><webpage id=ID>content</webpage></tool_response>

Support every non-trivial claim with retrieved evidence. Wrap the exact claim span in <cite
id="ID1,ID2">...</cite>, where IDs are snippet IDs from returned results (comma-separated if
multiple). Use only returned snippets; never invent IDs.

Workflow Rules

After every </tool_response>, the assistant must first output a standalone <think>...</think>
block. Then it must output either: (1) exactly one standalone <tool_call> block if more evidence
is needed, or (2) exactly one standalone <answer></answer> block if evidence is sufficient.

Final Answer Rules

– Generate a comprehensive, detailed, and in-depth final answer marked with <answer></answer>.
– Avoid short or shallow responses; prioritize depth, clarity, and completeness.
– Wrap supported text in <cite id="SNIPPET_ID">...</cite> using exact IDs from returned results.
– If multiple sources support a passage, use multiple <cite> tags around relevant clauses.

Figure 14: System prompt for the deep research agent (Part 2). Tool definitions, call/output format, workflow
rules, and final answer requirements. The same prompt is used for both training and evaluation; during training the
tools connect to local corpora, during evaluation they connect to live APIs.
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