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Abstract001

Large language models are increasingly ex-002
pected to handle complex, long-horizon real-003
world tasks whose context demands can grow004
without bound, yet model context windows re-005
main inherently finite. Recent work explores006
a paradigm where a main agent decomposes007
tasks and dispatches subtasks to subagents,008
which execute and return only summarized009
results, conserving the main agent’s context010
budget. However, performing this well re-011
quires delegation intelligence: the ability to012
decompose complex tasks, determine when and013
what to delegate, and integrate returned results014
into the ongoing workflow. Training data for015
this capability is scarce in naturally occurring016
text, and to our knowledge, no open-source017
work has addressed how to synthesize such018
data or train models to acquire this skill. To019
bridge this gap, we present a preliminary explo-020
ration targeting deep research, a representative021
long-horizon agent task. Specifically, we de-022
sign a harness that guides the model toward023
high-quality task decomposition and delega-024
tion, while constraining subagents to return re-025
sults properly to support the main agent’s work-026
flow. The harness-guided trajectories naturally027
encode correct delegation decisions, which we028
use as supervised fine-tuning data to internal-029
ize delegation intelligence into model weights.030
Our resulting model, SearchSwarm-30B-A3B,031
achieves 68.1 on BrowseComp and 73.3 on032
BrowseComp-zh, the best results among all033
models of comparable scale. We will re-034
lease our harness, model weights, and train-035
ing data to facilitate future research. Our code036
is available at https://anonymous.4open.037
science/r/SearchSwarm-0385/.038

1 Introduction039

Large language models are increasingly deployed040

as agents for complex, long-horizon real-world041

tasks whose context demands can grow without042

bound (Jimenez et al., 2024; Yang et al., 2026),043
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Figure 1: Performance comparison of SearchSwarm
against lightweight models of comparable scale and
larger closed-source/open-source models on four bench-
marks. SearchSwarm achieves the best results among
all models at the same scale and remains competitive
with models over 10× larger.

yet model context windows remain inherently fi- 044

nite. This fundamental tension necessitates context 045

management strategies that selectively retain or 046

condense information to fit within limited capacity. 047

Early approaches include summarizing interaction 048

history after exceeding a length threshold, or re- 049

taining only a portion of tool outputs, among oth- 050

ers (Liu et al., 2025; Zeng et al., 2026). However, 051

these methods are fundamentally passive: they lack 052

prior planning, waiting until a context budget is ex- 053

hausted before compressing, or indiscriminately 054

discarding past observations by fixed rules. 055

In contrast, a paradigm where the main agent 056

decomposes tasks and delegates subtasks to sub- 057

agents represents a more active and intelligent 058

form of context management (Anthropic, 2025a). 059

Rather than directly executing all steps and pas- 060

sively post-processing an ever-growing trajectory, 061

the main agent plans the decomposition in ad- 062

vance, dispatches bounded subtasks to subagents, 063

and receives only their summarized execution re- 064

sults. Several recent efforts have explored this di- 065
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rection with encouraging outcomes. Kimi Team066

(2026) propose Agent Swarm, which freezes sub-067

agent parameters and uses reinforcement learning068

to train the main agent to distribute tasks effectively.069

Huang et al. (2026) have also reported positive re-070

sults with a main-distributes, sub-executes frame-071

work. However, these efforts focus on high-level072

architecture and training algorithms, without detail-073

ing the practical methodology for eliciting effective074

delegation behavior, such as prompt and harness075

design or training data construction.076

While this paradigm is conceptually straightfor-077

ward, executing it well is non-trivial. We term078

the requisite capability delegation intelligence: the079

main agent’s ability to decompose complex tasks,080

determine when and what to delegate to subagents,081

and integrate returned results into its ongoing work-082

flow. Training data for developing delegation in-083

telligence is scarce in naturally occurring text, as084

natural corpora rarely exhibit explicit multi-agent085

coordination. To our knowledge, no open-source086

work has provided a recipe for synthesizing such087

training data or training models to acquire this skill.088

To address this, we present a preliminary explo-089

ration of constructing training data for delegation090

intelligence in the context of deep research, a rep-091

resentative long-horizon agent task. Our core idea092

is to first design a harness that elicits high-quality093

delegation behavior at inference time, and then094

use the resulting trajectories as a source of train-095

ing data. Specifically, in this framework, the main096

agent dispatches work to parallel subagents via a097

call_sub_agent tool. Our harness encourages the098

main agent to delegate lower-level execution while099

maintaining an independent understanding of the100

overall research progress. Unlike similar work, we101

require the main agent to brief each subagent with102

not only the task description but also the rationale,103

including why the subtask matters and how it fits104

into the broader research goal, so that the subagent105

can conduct focused research without redundant ex-106

ploration. On the reporting side, we constrain sub-107

agent outputs to include explicit source citations,108

enabling the main agent to verify conclusions and109

propagate citations to its final response for a more110

trustworthy user experience. With this harness, we111

demonstrate improved deep research performance112

on existing models at inference time.113

Beyond inference-time improvements, we lever-114

age the harness to synthesize high-quality super-115

vised fine-tuning data. The harness-guided trajecto-116

ries naturally encode correct delegation decisions,117

including when to decompose, how to scope sub- 118

tasks, and how to brief subagents with appropri- 119

ate context. Supervised fine-tuning internalizes 120

these decision patterns into model weights, en- 121

abling a model that initially lacks delegation in- 122

telligence to exhibit this behavior. Our resulting 123

model, SearchSwarm-30B-A3B, achieves 68.1 on 124

BrowseComp and 73.3 on BrowseComp-zh, the 125

best results among all models of comparable scale. 126

Our work makes the following contributions: 127

• We design a harness for the main-distributes, sub- 128

executes paradigm that improves deep research 129

performance through guided delegation behavior. 130

• We synthesize high-quality training data target- 131

ing delegation intelligence and demonstrate that 132

training on this data yields state-of-the-art deep 133

research performance among models of compa- 134

rable scale. 135

• Extensive experiments demonstrate the effec- 136

tiveness of our approach. SearchSwarm-30B- 137

A3B achieves 68.1 on BrowseComp, 73.3 on 138

BrowseComp-ZH, 82.5 on GAIA, and 80.8 on 139

xbench-DeepSearch, the best results among all 140

models of comparable scale. 141

2 Related Work 142

Delegation is a fundamental strategy by which 143

human intelligence manages complexity (Simon, 144

2013). Individual cognitive resources are limited, 145

yet real-world tasks can far exceed any individ- 146

ual’s processing capacity (Kahneman, 1973). By 147

entrusting subtasks to others and integrating their 148

results, humans collaboratively accomplish work 149

well beyond individual capability (March and Si- 150

mon, 1993). Effective delegation is not mere task 151

forwarding: the delegator must judge when to dele- 152

gate, how to scope subtasks, what context to pro- 153

vide so the delegatee can work independently, and 154

how to integrate returned results into the overall 155

workflow (Castelfranchi and Falcone, 1998). 156

For LLM agents, the context window constitutes 157

an analogous resource constraint. When a task’s in- 158

formation demands exceed the capacity of a single 159

context, the model similarly benefits from dele- 160

gation: offloading subtasks to independent agent 161

instances and receiving only condensed results. 162

Recent work has begun exploring this direction. 163

Anthropic (2025a) described a multi-agent archi- 164

tecture in which a coordinator dispatches focused 165

subagents in parallel and synthesizes their reports. 166
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Kimi Team (2026) introduced Agent Swarm, train-167

ing the main agent’s task allocation policy via rein-168

forcement learning while keeping subagent weights169

frozen. Huang et al. (2026) similarly adopted a hi-170

erarchical design with a main agent orchestrating171

lightweight executors. However, these efforts focus172

on high-level architecture and training algorithms,173

without detailing the practical methodology for elic-174

iting effective delegation behavior, such as prompt175

and harness design or training data construction.176

Our work presents a preliminary exploration in this177

direction. A broader discussion of related work178

on agentic LLMs and search agents is provided in179

Appendix A.180

3 Method181

3.1 Formulation182

We model the deep research task as a multi-turn183

interaction between an agent and a tool-equipped184

environment. Given a user question q, the agent185

issues tool calls over multiple steps to gather in-186

formation and produces an evidence-grounded an-187

swer y. We adopt the ReAct (Yao et al., 2022)188

framework to organize the interaction. Each step t189

consists of three components:190

• Thought (τt): The agent’s internal reasoning,191

including analyzing available evidence, identify-192

ing information gaps, assessing the plausibility193

of current hypotheses, and planning the next ac-194

tion. τt serves as a compact representation of the195

interaction history that guides action selection.196

• Action (at): A tool call executed by the agent.197

The action space includes standard information198

retrieval tools and call_sub_agent.199

• Observation (ot): The result returned by the200

environment after executing at.201

A complete trajectory is recorded as:202

HT =
(
q, (τ0, a0, o0), . . . , (τT , aT , oT ), y

)
.
(1)203

At each step, thought and action are sampled from204

the policy:205

τt, at ∼ π(· | q,Ht−1). (2)206

The final answer is generated from the accumulated207

evidence: y = g(q,HT ). When evidence is incom-208

plete or contradictory, y should explicitly reflect209

uncertainty.210

Delegation. When at = call_sub_agent(b), 211

the agent delegates a subtask for execution. The 212

brief b contains a subtask description and relevant 213

context distilled from the agent’s current reasoning. 214

It triggers an independent sub-trajectory: 215

Hsub =
(
b, (τ s0 , a

s
0, o

s
0), . . . , (τ

s
S , a

s
S , o

s
S), r

)
,

(3) 216

which executes in a separate context conditioned 217

solely on b, with no visibility into the main agent’s 218

history Ht−1. Upon completion, the sub-trajectory 219

produces a report r, and the main agent receives: 220

ot = r. (4) 221

The main agent observes only the final report; the 222

intermediate steps of Hsub are not visible. 223

Delegation as context management. In long- 224

horizon tasks, the agent’s context grows continu- 225

ously as tool calls accumulate, necessitating man- 226

agement strategies. Existing approaches address 227

this through various mechanisms: discarding his- 228

tory beyond a threshold, retaining only recent steps, 229

or compressing the trajectory into a summary. 230

Our approach can be considered as single-agent 231

context management with a more sophisticated 232

compression mechanism. When call_sub_agent 233

is invoked, the next reasoning step is conditioned 234

only on the brief b, not the full history Ht−1, re- 235

taining only the information the agent deems essen- 236

tial for the subtask. After execution completes, 237

what enters the main context is the report r, a 238

compressed summary of the entire sub-trajectory. 239

Both the brief and the report are generated by the 240

model, rather than determined by fixed rules. This 241

places our approach and other single-agent meth- 242

ods within the same comparative framework. 243

3.2 Harness Design 244

We design a harness comprising a tool set and sys- 245

tem prompts for the main agent and subagents that 246

guides an LLM toward high-quality delegation be- 247

havior. This section describes the tool interface 248

and core design principles. Full system prompts 249

are provided in Appendix D. 250

Tools. The agent is equipped with the following 251

tools: search submits queries to a search engine 252

and returns ranked results with titles, URLs, and 253

snippets; visit accesses a specified URL and ex- 254

tracts page content; google_scholar retrieves aca- 255

demic literature; python provides a code execution 256

environment for numerical computation and data 257
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Figure 2: Overview of SearchSwarm. Left: System architecture. The main agent receives a user query and is
equipped with standard information retrieval tools and the call_sub_agent delegation tool. The harness design
guides the main agent through four principles: encouraging delegation, writing comprehensive briefs, retaining core
judgment, and requiring citation-grounded subagent reporting. Each subagent operates in an independent context
with standard tools, receiving only a brief and returning a report. Right: Execution flow of a research session.
The main agent alternates between reasoning and tool calls; upon invoking call_sub_agent, a subagent executes
the subtask through its own multi-turn tool interactions in a separate context, and returns a condensed report that
re-enters the main agent’s context for further reasoning.

processing. These form the base information re-258

trieval capabilities. On top of them, we introduce259

call_sub_agent as the core delegation tool: the260

main agent submits a brief, and the subagent exe-261

cutes in an independent context and returns a report.262

Subagents are equipped with the same standard263

tools but do not have access to call_sub_agent,264

limiting delegation to a single level.265

Encouraging delegation. If the main agent per-266

sonally executes all search and visit operations,267

its context is quickly filled with raw tool outputs,268

leaving little room for high-level reasoning and269

planning. To address this, the harness explicitly270

encourages the main agent to delegate multi-step271

information gathering to subagents, reserving its272

own context for task decomposition, result verifica-273

tion, and logical synthesis. The main agent handles274

execution directly only when a subtask is obviously275

simple and requires just a few steps.276

Comprehensive briefing. Subagents start in a277

fresh context with no knowledge of prior investiga-278

tion progress. The brief is the sole channel through279

which a subagent receives context, and its quality280

directly determines subagent effectiveness. When281

a brief contains only a simple task instruction, sub-282

agents tend to search aimlessly or re-investigate283

facts the main agent has already confirmed, produc-284

ing results that fail to advance the overall investiga-285

tion. We therefore require the main agent to write286

each brief as if addressing a new collaborator join-287

ing the investigation: beyond the subtask descrip- 288

tion, the brief includes why this subtask matters 289

to the overall question, what has been established 290

so far, what remains uncertain, and which direc- 291

tions have been tried or ruled out. This aligns the 292

subagent with the main agent’s research progress, 293

ensuring its output contributes maximally to the 294

overall investigation. 295

Main agent retains core judgment. The main 296

agent is the only entity with a complete view across 297

all subtasks, and only it can judge whether a sub- 298

agent’s findings are consistent with other findings 299

and the overall evidence landscape. If subagent re- 300

ports are trusted without scrutiny, errors propagate 301

and accumulate, undermining the coherence of the 302

overall reasoning. The harness therefore requires 303

subagents to focus on gathering evidence and test- 304

ing specific hypotheses, while all directional deci- 305

sions are made independently by the main agent, 306

including which hypothesis to pursue, when to ter- 307

minate the investigation, and how to adjudicate 308

between conflicting reports. 309

Citation-grounded reporting. Under the delega- 310

tion architecture, the main agent cannot observe a 311

subagent’s intermediate execution. If a subagent’s 312

report does not cite its sources, the main agent can- 313

not distinguish well-supported conclusions from 314

hallucinations or misinterpretations. We therefore 315

require subagent reports to attach inline citations 316

to every important conclusion, pointing to specific 317
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source URLs, enabling the main agent to verify the318

reliability of reported findings. The main agent’s319

final response likewise includes inline citations,320

providing end-to-end traceability from sources to321

conclusions for the user.322

3.3 Supervised Fine-tuning323

Data Collection. To train a model that can both324

delegate effectively and execute delegated tasks, we325

require trajectories exhibiting both behaviors. We326

source queries from the open-source RedSearcher327

(Chu et al., 2026) and OpenSeeker (Du et al., 2026)328

datasets. The model executes deep research tasks329

on these queries under harness guidance, and we330

record the complete execution trajectories, includ-331

ing thinking, tool calls, and environment returns,332

as training data. We use two configurations for333

trajectory collection. In the first, a single model334

serves as both main agent and subagent, and trajec-335

tories from both roles are retained. In the second, a336

stronger model serves as the main agent paired with337

a weaker subagent, and only main agent trajectories338

are retained. The rationale for the second configu-339

ration is that less reliable subagent results force the340

main agent to exercise tighter control over the re-341

search mainline, producing trajectories with more342

deliberate task decomposition and more rigorous343

result verification. Data from both configurations344

are mixed to form the training set. The main agent345

context window is set to 128K tokens and the sub-346

agent to 64K. When a trajectory approaches the347

context limit, the model is prompted to produce a348

final answer immediately. We retain these forced-349

answer trajectories rather than discarding them, so350

that the model learns to deliver high-quality re-351

sponses when the same forced-answer mechanism352

is triggered at test time.353

Filtering. We retain only main agent trajectories354

with correct final answers. Subagent trajectories355

are kept only when the corresponding main trajec-356

tory is correct, and overly short subagent trajecto-357

ries are downsampled. Samples containing unde-358

sirable behavior patterns are removed, including359

repeated identical tool calls, hallucinated citations360

to nonexistent sources, and tool misuse such as web361

access attempts through the Python interpreter.362

Training Objective. Let a trajectory τ =363

(a1, o1, a2, o2, . . . , aT , oT ) consist of alternating364

model outputs at (thinking and tool calls) and envi-365

ronment returns ot (tool results, including subagent366

reports). We fine-tune the base model via next- 367

token prediction with environment masking: 368

L = −
T∑
t=1

|at|∑
j=1

log pθ
(
a
(j)
t | a(<j)

t , τ<t

)
(5) 369

where a
(j)
t is the j-th token of the model output 370

at step t, and τ<t = (a1, o1, . . . , at−1, ot−1) is the 371

preceding context. The loss is computed only over 372

model outputs at; all environment returns ot are 373

masked. This applies uniformly to both main agent 374

and subagent trajectories, training the model to 375

produce appropriate reasoning and tool invocations 376

given the observed context without memorizing 377

environment content. 378

4 Experiments 379

4.1 Experimental Setup 380

Benchmarks. We evaluate on four challeng- 381

ing benchmarks representative of long-horizon re- 382

search tasks: BrowseComp (Wei et al., 2025), 383

BrowseComp-ZH (Zhou et al., 2025), GAIA (Mi- 384

alon et al., 2024), and xbench-DeepSearch-2505 385

(xbench-Team, 2025). We follow the evalua- 386

tion method of MiroMind Team (2026). We use 387

DeepSeek-V4-Flash as the judge model and manu- 388

ally verified the correctness of its judgments. For 389

BrowseComp-ZH, we use the corrected version 390

provided by Meituan LongCat Team (2026). 391

Baselines. We compare against three categories 392

of models. Closed-source models: GPT-5.2- 393

Thinking (OpenAI, 2025b), GPT-5 (OpenAI, 394

2025a), Claude-4.5-Sonnet (Anthropic, 2025c), 395

Claude-4.5-Opus (Anthropic, 2025b), Gemini-3.0- 396

Pro (Google, 2025), and Seed-2.0-Pro (ByteDance 397

Seed Team, 2026). Open-source models: DeepSeek 398

V3.2 (Liu et al., 2025), GLM-4.7 (GLM Team, 399

2025), GLM-5.0 (Zeng et al., 2026), MiniMax-M2 400

(MiniMax-AI, 2025), MiniMax-M2.5 (MiniMax- 401

AI, 2026), Kimi-K2.5 (Kimi Team, 2026), 402

LongCat-Flash-Thinking-2601 (Meituan LongCat 403

Team, 2026), and Step-3.5-Flash (Huang et al., 404

2026). Open-source lightweight models at the same 405

30B-A3B scale: Tongyi-DeepResearch (Tongyi 406

DeepResearch Team, 2025), RedSearcher (Chu 407

et al., 2026), LongSeeker (Lu et al., 2026), 408

MiroThinker-1.5-mini, and MiroThinker-1.7-mini 409

(MiroMind Team, 2026). 410

Implementation Details. Details of our training 411

and inference setup are provided in Appendix B. 412
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4.2 Main Results413

Table 1 presents the main results. As established414

in Section 3.1, our delegation mechanism can be415

understood as a form of context management from416

the main agent’s perspective: each subagent call417

resets the working context to a brief, and only a418

compressed report re-enters the main context upon419

completion. This places our method in the same420

category as other context management approaches,421

making comparisons with models employing such422

techniques (marked with *) fair.423

SearchSwarm achieves state-of-the-art perfor-424

mance among open-source lightweight models425

across all four benchmarks, with only 3B activated426

parameters. It surpasses MiroThinker-1.7-mini, the427

previous best at this scale, on BrowseComp (68.1428

vs. 67.9), BrowseComp-ZH (73.3 vs. 72.3), and429

GAIA (82.5 vs. 80.3). On xbench-DeepSearch-430

2505, SearchSwarm (80.8) exceeds LongSeeker431

(78.0) and Tongyi-DeepResearch (75.0). Com-432

pared to the base model without context manage-433

ment (43.4 on BrowseComp), our training yields434

a 24.7-point absolute improvement, demonstrating435

the substantial impact of delegation intelligence.436

Beyond the lightweight category, SearchSwarm437

exhibits strong competitiveness against models438

of substantially larger scale. On BrowseComp,439

it matches DeepSeek V3.2 (671B-A37B, 67.6)440

and exceeds GPT-5.2-Thinking (65.8). On GAIA,441

SearchSwarm (82.5) surpasses GPT-5 (76.4) and442

Seed-2.0-Pro (78.6), falling short only of Step-443

3.5-Flash (84.5). These results suggest that444

well-trained delegation intelligence enables a445

lightweight model to achieve performance competi-446

tive with frontier systems on long-horizon research447

tasks.448

We additionally report Tongyi DR Swarm,449

which applies our harness to the base Tongyi-450

DeepResearch model without fine-tuning. We451

observe that this model never invokes the452

call_sub_agent tool, behaving identically to453

Tongyi-DeepResearch without the harness. We454

therefore report official Tongyi-DeepResearch per-455

formance. This confirms that delegation behavior456

does not emerge from the harness alone and re-457

quires explicit training.458

4.3 Effectiveness of the Harness459

We conduct an ablation study to validate the effec-460

tiveness of our harness design. On a 200-question461

subset of BrowseComp, we compare DeepSeek462

V3.2 under three configurations: (1) the original 463

Tongyi DeepResearch framework, which scores 464

47.7; (2) the Tongyi DeepResearch framework aug- 465

mented with the call_sub_agent tool with only 466

its parameter schema described, which scores 50.0; 467

and (3) our full harness, which scores 57.7. Sim- 468

ply providing the delegation tool yields a modest 469

improvement (+2.3), but the full harness with its de- 470

sign principles for encouraging delegation, compre- 471

hensive briefing, and citation-grounded reporting 472

produces a substantially larger gain (+10.0 over the 473

base framework). Analysis of model behavior con- 474

firms that subagent invocation frequency increases 475

significantly under the full harness. These results 476

demonstrate the effectiveness of our harness in elic- 477

iting intelligent delegation behavior. 478

4.4 Generalization to the Single-Agent Setting 479

We evaluate whether the capabilities acquired 480

through delegation training generalize to a setting 481

where the call_sub_agent tool is not available. 482

On the same 200-question BrowseComp subset and 483

BrowseComp-ZH, our model achieves 52.0 and 484

53.3 respectively, compared to 50.2 and 46.5 for 485

Tongyi-DeepResearch under the same single-agent 486

setting. Notably, our training data does not include 487

any trajectories collected without the subagent tool. 488

The improvement suggests that the intelligence em- 489

bodied in our training data, including systematic 490

problem decomposition, methodical resolution of 491

sub-questions, and maintenance of overall research 492

progress, generalizes beyond the delegation setting 493

and benefits the model even when it must execute 494

all steps itself. 495

4.5 Generalization to Open-Ended Deep 496

Research 497

The benchmarks in Section 4 focus on short-answer 498

information retrieval tasks. To assess whether our 499

model generalizes to tasks requiring long-form, 500

synthesized responses, we additionally evaluate 501

on four open-ended deep research benchmarks: 502

ScholarQA-v2, HealthBench, ResearchQA, and 503

DeepResearchBench. We follow the evaluation 504

protocol of Shao et al. (2025). Due to resource 505

constraints, we evaluate on a 200-question subset 506

of HealthBench and ResearchQA. Table 2 presents 507

the results. 508

SearchSwarm substantially outperforms its base 509

model, Tongyi-DeepResearch, across all four 510

benchmarks, with an average improvement of 14.2 511

points (64.2 vs. 50.0). The gains are particu- 512
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Table 1: Main results. Baseline results are collected from respective technical reports or model cards. * indicates
results with context management. Bold indicates the best result among open-source lightweight models.

Model Size BrowseComp BrowseComp-ZH GAIA xbench-DeepSearch-2505

Closed-source models
GPT-5.2-Thinking – 65.8 76.1 – –
GPT-5 – 54.9 65.0 76.4 77.8
Claude-4.5-Opus – 67.8 62.4 71.5 –
Claude-4.5-Sonnet – 24.1 42.4 66.0 66.5
Gemini-3.0-Pro – 59.2 66.8 74.8 –
Seed-2.0-Pro – 77.3* 82.4* 78.6 –

Open-source models
Kimi-K2.5 1T-A32B 78.4* – – –
GLM-4.7 355B-A32B 67.5* 66.6* – 72.0
GLM-5.0 744B-A40B 75.9* 72.7* – –
DeepSeek V3.2 671B-A37B 67.6* 65.0* 75.1 78.0
LongCat-Flash-Thinking-2601 560B-A27B 73.1* 77.7* – –
MiniMax-M2 230B-A10B 44.0 – 75.7 72.0
MiniMax-M2.5 230B-A10B 76.3* – – –
Step-3.5-Flash 196B-A11B 69.0* 66.9 84.5 83.7

Open-source lightweight models
Tongyi-DeepResearch 30B-A3B 43.4 46.7 70.9 75.0
Tongyi DR Swarm 30B-A3B ≈43.4 ≈46.7 ≈70.9 ≈75.0
RedSearcher 30B-A3B 57.4* 58.2* 80.1 –
LongSeeker 30B-A3B 61.5* 62.5* 77.7* 78.0*
MiroThinker-1.5-mini 30B-A3B 56.1* 66.8* 72.0* 73.1*
MiroThinker-1.7-mini 30B-A3B 67.9* 72.3* 80.3* –

SearchSwarm (Ours) 30B-A3B 68.1* 73.3* 82.5* 80.8*

larly evident on ScholarQA-v2 (+32.7) and Re-513

searchQA (+13.5), both of which require com-514

prehensive multi-source synthesis. Among open-515

source models, SearchSwarm achieves the second-516

highest average, closely trailing Dr.Tulu (65.6)517

while outperforming WebThinker-32B-DPO (50.2)518

by a wide margin. Compared to closed-source sys-519

tems, SearchSwarm approaches OpenAI DeepRe-520

search (64.9) and exceeds Perplexity DeepResearch521

on the benchmarks where both report scores.522

Notably, our training data contains exclusively523

short-answer deep research queries; no open-ended524

tasks are included. The generalization to open-525

ended settings likely stems from two aspects of526

our training regime. First, the delegation training527

teaches the model to decompose complex ques-528

tions into focused subtasks and explore multiple529

hypotheses in parallel through subagents. This530

structured investigative process transfers naturally531

to open-ended research, where thoroughness and532

breadth of coverage are essential. Second, even533

on short-answer tasks, our harness requires the534

main agent to produce a comprehensive expla-535

nation with inline citations, and subagents to de-536

liver detailed reports grounding every conclusion537

in retrieved evidence. This emphasis on complete- 538

ness and evidence-grounded reasoning during train- 539

ing cultivates the model’s ability to generate well- 540

organized, long-form responses that open-ended 541

tasks demand. 542

4.6 Model Behavior Analysis 543

To understand whether the model has internalized 544

the intended delegation patterns, we analyze the 545

tool usage distribution of the main agent and sub- 546

agents across all four short-answer benchmarks. 547

Figure 3 presents the results. 548

The main agent operates primarily as an or- 549

chestrator. call_sub_agent is the most fre- 550

quently invoked tool by the main agent across all 551

datasets, accounting for over 70% on BrowseComp 552

and BrowseComp-zh, and 43–51% on GAIA and 553

xbench, confirming that the model has learned to 554

delegate information gathering rather than execut- 555

ing searches itself. 556

Direct tool use by the main agent is verification- 557

oriented. When the main agent invokes tools di- 558

rectly, visit is disproportionately prominent relative 559

to search—on GAIA, visit calls (26.4%) substan- 560

tially exceed search calls (11.1%). This arises be- 561
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Table 2: Results on open-ended deep research benchmarks. Due to resource constraints, we evaluate on a 200-
question subset of HealthBench and ResearchQA. Average is computed only when all four scores are available.
Bold indicates the best result among open-source models.

Model ScholarQA-v2 HealthBench ResearchQA DeepResearchBench Average

Closed-source systems
OpenAI DeepResearch 79.6 53.8 79.2 46.9 64.9
Perplexity DeepResearch 67.3 – 75.3 42.3 –
Gemini-3.1-Pro + search – 47.5 74.5 44.4 –

Open-source models
Dr.Tulu 88.3 52.8 75.7 45.4 65.6
WebThinker-32B-DPO 46.7 39.4 74.2 40.6 50.2
Tongyi-DeepResearch 46.5 46.2 66.7 40.6 50.0
QwQ-32B 41.9 24.5 60.9 40.3 41.9
Qwen3-8B 40.4 16.5 56.1 33.3 36.6

SearchSwarm (Ours) 79.2 52.8 80.2 44.4 64.2

11.7%

14.4%

73.8%

0.1%

BrowseComp

17.4%

10.1%

72.5%

BrowseComp-zh

11.1%

26.4%

11.6%

50.9%

GAIA

29.2%

13.1%
14.8%

43.0%

xbench

Search Visit Scholar Python Sub-Agent

(a) Main agent

62.9%

33.8%

2.6%
0.7%

BrowseComp

76.6%

21.6%

1.3%
0.5%

BrowseComp-zh

46.5%
48.1%

1.4%
4.0%

GAIA

60.8%

36.8%

0.7%
1.7%

xbench

Search Visit Scholar Python

(b) Subagent

Figure 3: Tool usage distribution on four benchmarks. (a) The main agent delegates extensively via
call_sub_agent; its direct tool use is dominated by visit for verification. (b) Subagents focus on search and
visit for information gathering.

cause the main agent tends to follow citation URLs562

from subagent reports to verify conclusions rather563

than initiating new searches. Subagents exhibit564

the opposite pattern: search consistently dominates565

(46.5–76.6%), reflecting their role in exploratory566

retrieval.567

Tool distributions reflect task characteristics.568

GAIA and xbench require mathematical computa-569

tion, reflected in higher Python usage by the main570

agent (11.6% and 14.8%) and subagents (4.0% and571

1.7%), while BrowseComp tasks show negligible572

Python usage. The main agent’s Python usage is573

consistently higher than the subagents’, suggest-574

ing the model handles computation directly while575

delegating search-intensive work.576

Additional behavioral analysis, including sub-577

agent dispatch frequency, main agent round distri-578

butions, and subagent round distributions, is pro-579

vided in Appendix C.580

5 Conclusion581

We presented SearchSwarm, a preliminary explo-582

ration of training delegation intelligence for long-583

horizon deep research. We designed a harness that 584

guides the main agent toward effective task de- 585

composition, comprehensive subagent briefing, and 586

citation-grounded result integration, and demon- 587

strated that this harness improves deep research 588

performance at inference time. Using the har- 589

ness, we synthesized supervised fine-tuning data 590

that internalizes delegation behavior into model 591

weights. The resulting model, SearchSwarm-30B- 592

A3B, achieves state-of-the-art performance among 593

models of comparable scale on BrowseComp, 594

BrowseComp-ZH, GAIA, and xbench-DeepSearch, 595

while remaining competitive with models over 596

10× larger. Analysis shows that the delegation 597

intelligence acquired through training generalizes 598

to single-agent settings and open-ended research 599

tasks, suggesting that the structured investigative 600

patterns encoded in our training data confer bene- 601

fits beyond the specific delegation paradigm. We 602

hope that our released harness, model weights, and 603

training data will facilitate future research on del- 604

egation intelligence and multi-agent coordination 605

for complex agent tasks. 606
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6 Limitations607

• All experiments are conducted at the 30B-A3B608

scale. We have not yet verified whether our609

training data and harness design yield similar610

improvements when applied to larger models.611

• Deep research is one representative long-horizon612

agent task. Delegation intelligence is potentially613

applicable to other domains with unbounded con-614

text demands, such as repository-level code engi-615

neering and complex multi-step planning, which616

we leave to future work.617

7 Ethics Statement618

Our system retrieves and synthesizes information619

from the open web, which may contain inaccurate620

or biased content. Although our citation-grounded621

reporting design provides end-to-end traceability622

from conclusions to source URLs, enabling users623

to verify claims against original sources, it does not624

guarantee the accuracy of the retrieved information625

itself. Additionally, as with any capable language626

model system, deep research agents could poten-627

tially be misused to generate misleading content628

that appears well-sourced. We recommend that629

users independently verify critical information be-630

fore making consequential decisions based on the631

model’s outputs.632
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A Additional Related Work776

A.1 Agentic Large Language Models777

Large language models are evolving from chat778

models to agents. Beyond single-turn question an-779

swering, models are now expected to use tools,780

interact with their environment, adjust strategies781

based on feedback, and complete complex tasks782

through multi-turn observation-action loops. The783

community has trained capable models, including784

Claude 4.7 (Anthropic, 2026), GPT 5.5 (OpenAI,785

2026), Gemini 3.1 (Google, 2026), DeepSeek V4786

(DeepSeek, 2026), Qwen 3.7 (Qwen Team, 2026),787

GLM 5.1 (GLM Team, 2026), Kimi 2.6 (Kimi,788

2026), and Ring 2.6 (Inclusion AI, 2026), achiev-789

ing strong performance on benchmarks for coding,790

search, and general tool use. As tasks grow more791

complex with potentially unbounded context de-792

mands, delegating subtasks to subagents offers a793

principled way to manage the main agent’s context794

budget. Our work is among the earliest open-source795

contributions in this direction.796

A.2 Search Agents797

The parameter capacity of a language model is798

smaller than the totality of world knowledge ex-799

pressible in language, making it inherently a lossy800

compressor (Delétang et al., 2024; Allen-Zhu and801

Li, 2024). Moreover, model parameters are fixed802

after training and cannot capture real-time infor-803

mation. The value of information lies in improv-804

ing decisions (Howard, 1966), and for many deci-805

sions, long-tail and real-time information is crit-806

ical. Search serves as the model’s primary inter-807

face for accessing such information. For a spe-808

cific retrieval task, constructing effective queries809

requires the model to have some familiarity with810

the knowledge neighborhood of the answer, yet the811

model’s world knowledge is incomplete (Belkin,812

1980). Consequently, multi-round iterative search813

is often necessary, where the model progressively814

approaches the target information through incre-815

mental refinement. This motivates the development816

of search agents capable of multi-turn iterative re-817

trieval. Existing work, including Tongyi DeepRe-818

search (Tongyi DeepResearch Team, 2025), Red-819

Searcher (Chu et al., 2026), MiroThinker (Miro-820

Mind Team, 2026), and OpenSeeker (Du et al.,821

2026), has explored data construction, tool design,822

and training pipelines for building search agents.823

Building on this line of work, our approach equips824

the main agent with subagents as callable tools,825

each independently handling a coherent subtask 826

and returning only a completion summary. This 827

shields the main agent’s context from raw tool out- 828

puts, freeing capacity for broader exploration. 829

B Implementation Details 830

We fine-tune the base model with a batch size of 831

128. The learning rate decays from 5e-5 to 1e-6 832

following a cosine schedule. During inference, we 833

set the temperature to 0.85, top_p to 0.95, and pres- 834

ence penalty to 1.1. The maximum context length 835

is 128K tokens for the main agent and 64K tokens 836

for the subagent. The maximum generation length 837

per turn is 8K tokens for both roles. When either 838

agent’s context exceeds its limit, we roll back to 839

the previous round and force the model to produce 840

a final answer. We explicitly inform the agent that 841

the Python interpreter is stateless: variables and im- 842

ports from previous calls are not preserved across 843

turns. For the search tool, we use the Serper API, 844

returning 10 results per query. For the visit tool, 845

we use Jina for web page content extraction. 846

C Behavioral Analysis 847

We present additional behavioral statistics sepa- 848

rated by whether the question was ultimately an- 849

swered correctly (blue) or incorrectly (red). 850

Figure 4 shows the distribution of subagent call 851

counts per question. Correctly answered ques- 852

tions concentrate in a moderate range (peaks at 2–3 853

calls on GAIA and xbench, 3–5 on BrowseComp 854

and BrowseComp-zh), while incorrectly answered 855

questions exhibit a flatter distribution extending to 856

much higher call counts, reflecting that harder ques- 857

tions demand more rounds of subagent exploration. 858

Figure 5 shows the main agent turn count distri- 859

bution. Correctly answered questions peak at 3–5 860

turns on BrowseComp and 3–6 on GAIA, dropping 861

quickly. Incorrectly answered questions spread 862

more broadly, with BrowseComp showing a sec- 863

ondary peak around 20–30 turns. 864

Figure 6 shows the subagent turn count distri- 865

bution. On BrowseComp, the difference is pro- 866

nounced: correct questions have subagents com- 867

pleting within 5–10 turns, while incorrect questions 868

peak at 15–20 turns with a long tail to the 50-turn 869

limit. On GAIA, the distributions are more similar. 870
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Figure 4: Distribution of call_sub_agent invocation counts per question.
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Figure 5: Distribution of main agent turn counts per question.
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Figure 6: Distribution of subagent turn counts per question.
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D Full Prompts871

We present the complete system prompts as seen872

by the model at inference time. In our local de-873

ployment, tool definitions are appended directly to874

the system prompt content following the Qwen3875

chat template convention. The user question (for876

the main agent) or the dispatched task brief (for877

the subagent) is provided as the user message. The878

main agent prompt is shown in Table 3 and the879

subagent prompt in Table 4.880
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Table 3: Main agent system prompt with tool definitions. The model receives this as the system message content,
with the user question as the user message.

881
You are an agent responsible for deep search tasks. Use appropriate strategies to decompose the task, direct subagents,882

and leverage tools to gather information comprehensively, then synthesize the findings into a complete, accurate,883
and impartial answer.884

885
## Operating principles886

887
1. **Find the unique answer; do not legitimize failure.** Each question is carefully designed and has a unique entity that888

strictly satisfies every constraint. Do not rationalize failure to identify it as the question being "ambiguous" or a889
constraint being "open to interpretation" —legitimizing failure or vague reasoning disrespects the user. Push to890
confirm every entity's identity and verify each constraint is fully satisfied before answering. If you must answer891
without full confirmation, name the unconfirmed parts explicitly. Vagueness or dishonesty misleads the user and is892
unethical.893

894
2. **Compare candidates explicitly.** Whenever multiple hypotheses remain alive, compare them side by side —name895

each candidate, list the evidence for and against, and state the specific reason for your final choice as well as the896
specific reason each rejected candidate is rejected. Do this in <think> while researching, and again in <explanation>897
at delivery.898

899
3. **Search strategically.** The search tool is well−tuned. If a query returns no relevant results, do not repeat near−900

duplicate queries —re−think the angle, decompose the sub−question differently, or switch tool. Fine−tuning the901
same query rarely yields fundamentally different results.902

903
4. **Your attention budget is limited —do NOT do everything yourself.** It is strongly recommended that you not904

personally handle every step. Whenever a sub−task requires multi−step investigation or verification, actively905
consider using the subagent tool —this gives you a comprehensive conclusion at low context cost. Your core work906
is task decomposition, dispatch, result verification, and logical synthesis. Delegate the actual search, visit, and grunt907
work to subagents. Only handle execution yourself when the sub−task is obviously simple and takes just a few908
steps.909

910
5. **Decompose and parallelize hypothesis branches.** When a question requires maintaining multiple hypotheses or911

investigation from multiple angles, decompose it into sub−questions and dispatch them to subagents in parallel.912
Synthesize the subagent outputs to support your further analysis.913

914
6. **Parallel hypothesis exploration in the early phase.** In the early phase when there is no clear evidence or915

conclusion, it is strongly recommended to dispatch parallel subagents to explore multiple candidate hypotheses —916
do NOT prematurely commit to a single deep−exploration direction based on insufficient evidence.917

918
7. **Coordinate each subagent as a new research collaborator.** Treat each dispatch as working with someone joining919

the investigation for the first time. Make the division of labor explicit: what the subagent should investigate or920
verify, what evidence would be useful, and what result you need back. Then give the background needed to avoid921
wasted effort or the wrong target: why this sub−task matters to the larger question, what is already established,922
what remains uncertain, which leads have been tried or ruled out, and where the weak points or contradictions are.923
Provide enough context for the subagent to make sensible search and source−selection decisions without drifting924
away from the assigned work. Keep hypotheses, confirmed facts, and open gaps clearly separated.925

926
8. **Separate hypothesis from fact.** For all information, remain rational, neutral, and critical. Throughout the927

investigation, strictly distinguish your hypotheses from verified facts —do not treat a hypothesis as true just928
because you've built further work on top of it. When a hypothesis is not sufficiently supported, be willing to discard929
it entirely.930

931
9. **Evaluate source quality.** Prefer reputable institutions, peer−reviewed research, official documentation, and high−932

quality journalism. Note uncertainty, conflicts, and limitations when sources disagree.933
934

10. **Keep the core reasoning with you.** Subagents can be wrong —they may misread sources, draw stretched935
conclusions, or hedge over real gaps. They can gather evidence, test leads, and compare candidates, but any936
information that changes your research direction must be verified and understood by you before you rely on it. Do937
not let subagent reports substitute for your own judgment.938

939
When you have collected sufficient information and are ready to deliver the final response, write your complete940

explanation inside <explanation></explanation>, immediately followed by <answer></answer> containing only the941
final answer itself.942

943
## Rules for <explanation> (final−delivery turn only)944

945
Purpose. <explanation> is for the questioner —assume they have zero background on the topic —so they can verify your946
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answer at low cost. 947
948

Context. Questions typically involve ambiguous entities and the constraints those entities satisfy. For every such element, 949
inside <explanation> you must: 950

(a) clearly identify what the entity is; 951
(b) show why you infer the entity satisfies every constraint; 952
(c) for every judgment you make, attach an inline citation pointing to the specific textual evidence you relied on. 953

Do not omit any entity, any constraint, or any piece of supporting evidence —omissions will leave a non−expert reader 954
unable to follow. 955

956
Grounding. Every element of the question —every entity, constraint, and qualifier —MUST be supportable entirely from 957

passages returned by search and visit; prior knowledge does not substitute. Keep researching until this bar is met 958
before writing <explanation> and <answer>. Inside <explanation>, explicitly resolve and verify every ambiguous 959
entity and every constraint with a retrieved citation [n]. If a point cannot be rigorously supported, flag it as such 960
rather than fabricate evidence. 961

962
Candidate comparison. When multiple candidates remain alive at delivery, compare them side by side in <explanation> 963

—name each, list evidence for and against, and give the specific reason the chosen one wins and the specific reason 964
each rejected one loses. 965

966
Citations. An inline citation [n] asserts that the retrieved text at source [n] explicitly states or directly entails this specific 967

claim. Topic−adjacency, support for a different nearby claim, or non−trivial inference do not qualify, and an invalid 968
citation is strictly worse than none. Every URL in References must come from a page you actually visited or that 969
appeared in your search results —never fabricate URLs. For a citation supported only by a search snippet (not by a 970
full visit), append (search snippet) to the reference, and only do so if the snippet itself directly supports the claim; if 971
the snippet is only suggestive, visit the page to confirm before citing. 972

973
Append a References section at the end of the <explanation> block, listing every citation in order, formatted as: 974

975
References 976
[1] <page title> —<URL> 977
[2] <page title> —<URL> (search snippet) 978

979
Honesty. Be definite where evidence supports it; otherwise state uncertainty plainly. Hedges like "informed by", "reflects 980

", "consistent with", "broadly matches", or "could reference" may not paper over a missing supporting passage —if 981
you use one, immediately name the exact gap. When sources disagree, acknowledge it, name both sides, and say 982
which you prefer and why. 983

984
Current date: {date} 985

986
# Tools 987

988
You may call one or more functions to assist with the user query. 989

990
You are provided with function signatures within <tools></tools> XML tags: 991
<tools> 992
{"type": "function", "function": {"name": "search", "description": "Perform Google web searches then returns a string of 993

the top search results. Accepts multiple queries.", "parameters": {"type": "object", "properties": {"query": {"type": 994
"array", "items": {"type": "string", "description": "The search query."}, "minItems": 1, "description": "The list of 995
search queries."}}, "required": ["query"]}}} 996

{"type": "function", "function": {"name": "visit", "description": "Visit webpage(s) and return the summary of the content 997
.", "parameters": {"type": "object", "properties": {"url": {"type": "array", "items": {"type": "string"}, "description": 998
"The URL(s) of the webpage(s) to visit."}, "goal": {"type": "string", "description": "The specific information goal 999
for visiting webpage(s)."}}, "required": ["url", "goal"]}}} 1000

{"type": "function", "function": {"name": "PythonInterpreter", "description": "Executes Python code in a sandboxed 1001
environment. Each invocation runs in a completely fresh process: variables, imports, and any other state from 1002
previous calls are NOT preserved. If you need results from an earlier execution, you must redefine or recompute 1003
them in the current code. Pass the code as a string in the 'code' argument. Any output must be printed to stdout 1004
using print().", "parameters": {"type": "object", "properties": {"code": {"type": "string", "description": "The Python 1005
code to execute."}}, "required": ["code"]}}} 1006

{"type": "function", "function": {"name": "google_scholar", "description": "Leverage Google Scholar to retrieve relevant 1007
information from academic publications. Accepts multiple queries.", "parameters": {"type": "object", "properties": 1008
{"query": {"type": "array", "items": {"type": "string", "description": "The search query."}, "minItems": 1, " 1009
description": "The list of search queries for Google Scholar."}}, "required": ["query"]}}} 1010

{"type": "function", "function": {"name": "call_sub_agent", "description": "Dispatch research sub−tasks to independent 1011
agents running in parallel. Each agent can search the web and visit webpages. Coordinate each subagent as a new 1012
research collaborator joining the investigation for the first time. Make the division of labor explicit: what to 1013
investigate or verify, what evidence would be useful, and what result you need back. Then give the background 1014
needed to avoid wasted effort or the wrong target: why this sub−task matters, what is already established, what 1015
remains uncertain, which leads have been tried or ruled out, and where the weak points or contradictions are. Keep 1016
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hypotheses, confirmed facts, and open gaps clearly separated. IMPORTANT: the subagent sees only the prompt1017
field; the goal field is used only to label the subagent's response when it comes back to you.", "parameters": {"type1018
": "object", "properties": {"prompts": {"type": "array", "items": {"type": "object", "properties": {"prompt": {"type":1019
"string", "description": "A concrete research assignment for one subagent."}, "goal": {"type": "string", "description1020
": "A short one−line objective for this sub−task, used only to label the subagent's response when it returns. The1021
subagent itself does not see this field."}}, "required": ["prompt", "goal"]}, "minItems": 1, "description": "A list of {1022
prompt, goal} objects. Each object spawns one independent subagent; they run in parallel."}}, "required": ["1023
prompts"]}}}1024

</tools>1025
1026

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:1027
<tool_call>1028
{"name": <function−name>, "arguments": <args−json−object>}1029
</tool_call>10301031

Table 4: Subagent system prompt with tool definitions. The subagent does not have access to call_sub_agent.
The main agent’s dispatched task brief is provided as the user message.

1032
You are a deep search assistant. Your primary role is to perform rigorous, multi−step, multi−source investigations on any1033

topic, covering both broad, open−domain questions and highly specialized academic inquiries.1034
1035

You are assisting a collaborator with a task they have dispatched to you. Their task description follows as the user1036
message.1037

1038
To complete this task, you must actively seek out and cross−check information from credible and diverse sources, then1039

integrate the findings into a response that is comprehensive, accurate, well−structured, and objective.1040
1041

## Operating principles1042
1. **Plan and execute research**: Break complex questions into sub−questions, gather evidence across multiple sources,1043

and prioritize primary sources and authoritative references when available.1044
2. **Compare candidates explicitly.** Whenever multiple hypotheses remain alive, compare them side by side —name1045

each candidate, list the evidence for and against, and state the specific reason for your final choice as well as the1046
specific reason each rejected candidate is rejected. Do this throughout research and explicitly in your final report.1047

3. **Search strategically.** The search tool is well−tuned. If a query returns no relevant results, do not repeat near−1048
duplicate queries —re−think the angle, decompose the sub−question differently, or switch tool. Fine−tuning the1049
same query rarely yields fundamentally different results.1050

4. **Evaluate source quality**: Prefer reputable institutions, peer−reviewed research, official documentation, and high−1051
quality journalism. Note uncertainty, conflicts, and limitations when sources disagree.1052

5. **Synthesize, don't just list**: Combine evidence into a coherent narrative or structured output (e.g., sections, bullets,1053
comparisons, timelines), highlighting key takeaways and nuanced trade−offs.1054

6. **Maintain neutrality**: Present competing viewpoints fairly when relevant, and avoid unsupported speculation.1055
1056

When you have collected sufficient information and are ready to deliver the final report, write your complete findings1057
inside <report></report> —and prefer to say less than to include incorrect claims.1058

1059
## Rules for <report> (final−delivery turn only)1060

1061
Purpose. The <report> is what your collaborator reads —a self−contained synthesis that addresses the dispatched task1062

directly, presents your findings, and surfaces remaining uncertainty honestly. Do not assume the reader has seen1063
your <think> or your tool calls; do not refer to "above" or "as discussed" —every claim must stand on its own1064
inside the report.1065

1066
Candidate comparison. When multiple candidates remained alive during research, compare them side by side inside the <1067

report> —name each, list evidence for and against, and give the specific reason the chosen one wins and the1068
specific reason each rejected one loses. The collaborator needs this reasoning to trust the conclusion.1069

1070
Citations. Every important conclusion in the report —every named entity, date, place, factual claim, and any inference1071

that depends on retrieved evidence —must carry an inline citation [n]. An inline citation [n] asserts that the source1072
at reference [n] explicitly states or directly entails this specific claim. Topic−adjacency, support for a different1073
nearby claim, or non−trivial inference do not qualify, and an invalid citation is strictly worse than none. If you1074
cannot back a claim from retrieved text, either drop the claim or flag the gap explicitly inside the report.1075

1076
Append a References section at the very end of the <report> block, listing every citation in order, formatted as:1077

1078
References1079
[1] <page title> —<URL>1080
[2] <page title> —<URL> (search snippet)1081

1082

16



Append (search snippet) to a reference only when the supporting evidence is a search−result snippet you did not actually 1083
open via the visit tool —and only when the snippet itself directly states the claim. If a snippet is only suggestive, 1084
open the page via visit and confirm before citing. Never fabricate URLs —every reference URL must come from a 1085
page you actually visited or that appeared in your search results during this conversation. 1086

1087
Honesty. Be definite where evidence supports it; otherwise say so explicitly inside the <report>. When sources disagree 1088

on a relevant fact, acknowledge it, name both sides, and say which you prefer and why. A claim grounded only in 1089
topic−adjacent material is not supported —flag or drop it. 1090

1091
# Tools 1092

1093
You may call one or more functions to assist with the user query. 1094

1095
You are provided with function signatures within <tools></tools> XML tags: 1096
<tools> 1097
{"type": "function", "function": {"name": "search", "description": "Perform Google web searches then returns a string of 1098

the top search results. Accepts multiple queries.", "parameters": {"type": "object", "properties": {"query": {"type": 1099
"array", "items": {"type": "string", "description": "The search query."}, "minItems": 1, "description": "The list of 1100
search queries."}}, "required": ["query"]}}} 1101

{"type": "function", "function": {"name": "visit", "description": "Visit webpage(s) and return the summary of the content 1102
.", "parameters": {"type": "object", "properties": {"url": {"type": "array", "items": {"type": "string"}, "description": 1103
"The URL(s) of the webpage(s) to visit."}, "goal": {"type": "string", "description": "The specific information goal 1104
for visiting webpage(s)."}}, "required": ["url", "goal"]}}} 1105

{"type": "function", "function": {"name": "PythonInterpreter", "description": "Executes Python code in a sandboxed 1106
environment. Each invocation runs in a completely fresh process: variables, imports, and any other state from 1107
previous calls are NOT preserved. If you need results from an earlier execution, you must redefine or recompute 1108
them in the current code. Pass the code as a string in the 'code' argument. Any output must be printed to stdout 1109
using print().", "parameters": {"type": "object", "properties": {"code": {"type": "string", "description": "The Python 1110
code to execute."}}, "required": ["code"]}}} 1111

{"type": "function", "function": {"name": "google_scholar", "description": "Leverage Google Scholar to retrieve relevant 1112
information from academic publications. Accepts multiple queries.", "parameters": {"type": "object", "properties": 1113
{"query": {"type": "array", "items": {"type": "string", "description": "The search query."}, "minItems": 1, " 1114
description": "The list of search queries for Google Scholar."}}, "required": ["query"]}}} 1115

</tools> 1116
1117

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags: 1118
<tool_call> 1119
{"name": <function−name>, "arguments": <args−json−object>} 1120
</tool_call> 11211122

17


	Introduction
	Related Work
	Method
	Formulation
	Harness Design
	Supervised Fine-tuning

	Experiments
	Experimental Setup
	Main Results
	Effectiveness of the Harness
	Generalization to the Single-Agent Setting
	Generalization to Open-Ended Deep Research
	Model Behavior Analysis

	Conclusion
	Limitations
	Ethics Statement
	Additional Related Work
	Agentic Large Language Models
	Search Agents

	Implementation Details
	Behavioral Analysis
	Full Prompts

