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Abstract001

Large-language-model (LLM) agents excel at002
reasoning and tool use, yet existing multi-agent003
systems (MAS) rely on static, hand-crafted004
topologies and struggle with open-ended, evolv-005
ing tasks. We introduce AGENTHIVE, a006
delegation-centric MAS framework that treats007
delegation as a first-class primitive: any agent008
may spawn and coordinate sub-agents, en-009
abling decentralized control without a cen-010
tral orchestrator. Through recursive delega-011
tion, AGENTHIVE dynamically forms task-012
adaptive structures—trees, forests, and star013
topologies—without predefined agent graphs.014
We evaluate AGENTHIVE across four real-015
world domains, showing that MAS emerge au-016
tomatically from task demands. The perfor-017
mance gains arise from an expressive, adap-018
tive MAS that allows agents to explore more019
deeply and cover a wider solution space. Our020
results demonstrate that first-class delegation021
is a powerful paradigm for scaling LLM-based022
autonomous systems. An anonymized version023
of the source code is available at https://anon024
ymous.4open.science/r/anonymous-B-3F03/.025

1 Introduction026

Large-language-model (LLM) agents exhibit027

strong reasoning, tool use, and autonomous task ex-028

ecution. Coordinating multiple agents into a multi-029

agent system (MAS) further amplifies these capa-030

bilities through parallel exploration, hierarchical031

task decomposition, and cooperative problem solv-032

ing. Real-world tasks, however, are often complex,033

open-ended, and unpredictable. The required sub-034

tasks and agents cannot be determined in advance,035

posing challenges for conventional MAS designs.036

Most existing MAS frameworks (AutoGen (Wu037

et al., 2023b), DeepAgents (Inc., 2025a), and Cre-038

wAI (Inc., 2024)) employ static, hand-crafted agent039

topologies with fixed roles and interaction patterns040

(Figure 1, left). For example, AutoGen provides a041

predefined orchestration pipeline with fixed agent042
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Figure 1: Motivation: Comparison of existing MAS
versus dynamic MAS in AGENTHIVE. Left: static,
hand-crafted agent topologies with limited flexibility
and coverage. Right: dynamic, task-driven topologies
with autonomous delegation, parallel exploration, and
multi-domain applicability.

roles; DeepAgents supports task delegation but re- 043

lies on a central orchestrator to coordinate agents; 044

and CrewAI enables collaborative reasoning, yet 045

its workflows remain largely tailored to specific 046

task templates. As tasks grow in depth and breadth, 047

these static MAS designs quickly become brittle: 048

they cannot spawn new agents on demand, dynam- 049

ically build the MAS, or reliably aggregate and 050

verify results across large exploration spaces. 051

Meanwhile, most LLM-as-agent research has fo- 052

cused on prompt engineering, memory mechanism, 053

context engineering, or single-agent planning, leav- 054

ing system-level MAS design largely unaddressed. 055

Consequently, there remains no general frame- 056

work that enables LLMs to autonomously gen- 057

erate agents, and adapt multi-agent topologies to 058

the evolving nature of complex, open-ended tasks. 059

To address this gap, we introduce AGENTHIVE, 060

a composable multi-agent framework with first- 061

class delegation (Figure 1, right). AGENTHIVE 062

treats delegation as a first-class primitive: any agent 063

can dynamically generate sub-agents and coordi- 064

nate their execution, effectively becoming an or- 065

chestrator itself. Consequently, the system does 066

not rely on a central controller—every agent has 067

the capability to manage its own sub-agents and 068

form multi-layered topologies. This enables flexi- 069
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ble hierarchical structures such as trees, forests, or070

star-shaped exploration layers, allowing the MAS071

to adapt naturally to complex, open-ended tasks.072

AGENTHIVE decouples framework-level orchestra-073

tion (agent lifecycle, delegation decision, topology074

formation) from task-level logic, allowing devel-075

opers to focus solely on defining constraints rather076

than manually wiring agent interactions.077

We evaluate AGENTHIVE on four real-world078

tasks: vulnerability discovery, Linux-based filesys-079

tem security analysis, academic writing, and080

commercial-website crawling to extract firmware081

download URLs and metadata. Through first-class082

delegation, the system automatically constructs083

four different MAS structures without any hand-084

crafted topology: a forest for vulnerability discov-085

ery, a tree for filesystem analysis, a star for aca-086

demic writing, and a two-layer star for firmware087

crawling. Across all tasks, the improvements stem088

not from enhancing the underlying LLM, but from089

providing a more expressive and adaptive MAS090

substrate that enables deeper exploration, wider091

coverage, and more efficient coordination.092

Our contributions are threefold:093

• A delegation-centric paradigm without an or-094

chestrator. We treat delegation as a first-class095

operation: every agent can autonomously cre-096

ate, and coordinate child agents.097

• A framework for dynamic, task-adaptive098

MAS topologies. Through recursive delega-099

tion, the system dynamically constructs multi-100

layer structures—including trees, forests, and101

star—without any hard-coded topology or pre-102

specified agent graph.103

• A unified evaluation across four real-world104

tasks. We show that forest, tree, star, and two-105

layer star MAS topologies naturally emerge106

from task demands, demonstrating that per-107

formance gains stem from MAS architecture108

rather than LLM improvements.109

2 Related Work110

LLM Agents and LLM-assisted Code Analy-111

sis. LLMs have demonstrated strong reasoning112

and code understanding capabilities, and have been113

applied to code generation, patch generation, bi-114

nary analysis, and vulnerability discovery (Feng115

and Chen, 2023; Li et al., 2023; Pearce et al., 2023;116

Deng et al., 2023; Lemieux et al., 2023; Wang et al.,117

2024; Liu et al., 2025). Single-agent LLM systems,118

however, are constrained by context windows, lim- 119

iting deep exploration of multi-path conditions or 120

hierarchical structures in code or binaries. 121

LLM-based MAS. MAS extends single-agent 122

paradigms by coordinating multiple LLM agents, 123

often with heterogeneous roles, memory modules, 124

and tool integrations (Zhuge et al., 2024; Tran 125

et al., 2025). The evolution of MAS includes: (i) 126

manually configured systems, such as AutoGen, 127

MetaGPT, and AgentVerse (Wu et al., 2023a; Hong 128

et al., 2023; Chen et al., 2023), which rely on fixed, 129

hand-coded prompts, roles, and topologies; (ii) sys- 130

tems with partial runtime support, like GPTSwarm 131

and G-Designer (Zhuge et al., 2024; Zhang et al., 132

2024a), which can adjust certain inter-agent com- 133

munication or routing rules but still execute largely 134

fixed MAS code; and (iii) fully synthesized MAS, 135

such as ADAS, MaAS, and AFlow (Hu et al., 136

2025b; Zhang et al., 2025a, 2024b), whose config- 137

urations are generated end-to-end before execution. 138

Most existing MAS therefore follow a “generate- 139

once-and-deploy” paradigm, meaning their code 140

and structure remain fixed during runtime, limiting 141

adaptability to failures or dynamic tasks. 142

Orchestrators. Orchestrators coordinate and 143

manage tasks among worker agents in multi-agent 144

systems (Xiong et al., 2025; Hu et al., 2025a; Zhang 145

et al., 2025b; Shi et al., 2025; Fang et al., 2025; 146

Hong et al., 2023; Qian et al., 2023; Hu et al., 2024). 147

In most existing systems, the orchestrator is a sin- 148

gle controlling entity, limiting hierarchical delega- 149

tion and adaptability. Our system generalizes this 150

role into an agent’s capability, supporting recursive 151

delegation, dynamic agent creation, and flexible 152

runtime topologies for fully adaptive execution. 153

Automating MAS Construction. Several 154

works explore automatic MAS construction via 155

external modules, supervised fine-tuning, or 156

RL (Zhuge et al., 2024; Zhang et al., 2024a; Yue 157

et al., 2025; Ye et al., 2025; Wang et al., 2025; Gao 158

et al., 2025; Nie et al., 2025). Our system supports 159

self-adjusting MAS that dynamically adapts to the 160

task and environment. 161

3 The AGENTHIVE Framework 162

AGENTHIVE operationalizes first-class delegation 163

through a lightweight, composable tool in which 164

every agent can autonomously generate and coor- 165

dinate task-specific sub-agents. This section intro- 166

duces the three core components of the framework: 167

the Base Agent, the Tool interface, and the Delega- 168
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Figure 2: Architecture of AGENTHIVE. Base Agent
provides the minimal execution abstraction; tools extend
capabilities. Delegation is a first-class primitive that
creates and coordinates sub-agents, enabling dynamic
MAS structures.

tion primitive (Figure 2).169

3.1 Basic Agent170

In AGENTHIVE, the Basic Agent serves as the fun-171

damental execution unit for MAS, which underlies172

all agent behaviors. Specifically, the Base Agent173

integrates three essential capabilities.174

1) LLM-backed reasoning. The agent interacts175

with external LLMs through a robust client that176

supports synchronous and asynchronous invoca-177

tion, streaming outputs, and resilience mechanisms178

such as retry and backoff strategies.179

2) Memory and state management. Each agent180

maintains a short-term conversational history and181

optional long-term factual memory. All memory182

entries include origin metadata for verifiability and183

traceability.184

3) Tool execution and background tasks. The185

agent invokes external tools through a unified in-186

terface. Long-running operations are executed as187

background tasks to avoid blocking the main loop.188

Returned results are reinjected into the conversa-189

tion as inputs to subsequent reasoning rounds.190

Decision–execution loop. At runtime, the agent191

repeatedly performs the following steps: (1) con-192

struct a prompt from system instructions, memory,193

and the latest messages; (2) query the LLM; (3)194

parse the LLM’s response; (4) execute the corre-195

sponding action: complete the task, invoke a tool,196

or delegate a task.197

Customized Agent. Developers can create cus-198

tomized agents by extending the Base Agent with199

domain-specific tools, memory policies, reasoning200

strategies, or other custom logic. Because cus-201

tomized agents share the same messaging interface202

and decision loop, they can converse and collabo- 203

rate seamlessly, enabling the construction of multi- 204

layered composable MAS. 205

3.2 Tools 206

Tools encapsulate executable capabilities used by 207

agents during task resolution. AGENTHIVE pro- 208

vides a minimal yet expressive tool abstraction. 209

Tool Abstraction. Each tool is an object that 210

declares: (i) a name, (ii) a natural-language descrip- 211

tion,(iii) a structured parameter specification, and 212

(iv) a single unified execution entrypoint. This min- 213

imal viable contract—returning a single string—is 214

compatible with emerging model–tool cooperation 215

standards such as MCP while maximizing simplic- 216

ity and ease of use. 217

Customized Tools. A customized tool extends 218

the base abstraction with task- or domain-specific 219

functionality. 220

3.3 Delegation: A First-Class Primitive 221

Delegation is the core innovation of AGENTHIVE. 222

It is implemented as a specialized, customized tool 223

that enables an agent to spawn and coordinate sub- 224

agents through a minimal callable interface. From 225

the caller’s perspective, invoking the delegation 226

tool is indistinguishable from invoking any stan- 227

dard tool. Internally, however, delegation orches- 228

trates multi-agent workflows, supporting recursive 229

delegation, isolated reasoning contexts, and hierar- 230

chical result aggregation. 231

Delegation workflow. The delegation process 232

proceeds in four steps: (1) Delegation Invocation: 233

The parent agent calls the delegation tool with a 234

sub-task. (2) Sub-Agent Instantiation: A new sub- 235

agent is created with its own isolated context and 236

the tools specified in its configuration. (3) Task 237

Execution: The sub-agent processes the sub-task. 238

If the sub-agent also has delegation installed, it may 239

recursively create additional sub-agents. (4) Result 240

Aggregation: The parent agent collects and folds 241

the sub-agent’s results into a compact return value. 242

Formally, for an agent A with delegation tool λ: 243

r = λA(t) 244

B = InstantiateSubAgent(CA, config) 245

rB = Execute(B, tB) 246

r = AggregateResults(rB) 247

If sub-agent B also has delegation: 248

rB = λB(tB) 249
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Each sub-agent runs in an isolated context CB ⊥250

CA, ensuring that execution is independent, and251

only the aggregated result flows back to the parent.252

Key design considerations. 1 Delegation is a253

primitive tool: it provides the interface, but policies254

like recursion depth, sub-task triggers, and termi-255

nation conditions are left to the application layer.256

2 Agents without the delegation tool cannot or-257

chestrate; installing the delegation tool equips an258

agent with orchestrator capability. 3 Delegation259

enables flexible, problem-dependent multi-agent260

topologies rather than fixed workflows. 4 From261

the system perspective, delegation is a tool like262

any other: its structural position is determined by263

whether an agent is equipped with it.264

Delegation-Induced Design Implications. The265

delegation primitive not only enables dynamic task266

decomposition but also brings several intrinsic de-267

sign advantages that enhance multi-agent work-268

flows:269

Context Isolation. Each sub-agent spawned via270

delegation executes within a strictly isolated con-271

text. This ensures that the reasoning of a sub-agent272

does not interfere with or depend on the parent273

agent’s context, enabling safe parallel execution.274

Context Compression. The internal reasoning of275

sub-agents is folded into compact results returned276

to the parent agent. This semantic compression al-277

lows the parent to incorporate the essential informa-278

tion from sub-agent executions without saturating279

its own context window, supporting scalable and280

efficient long-chain and large-scale reasoning.281

Evidence Flow and Traceability. Delegation pro-282

duces a structured chain of results that propagate283

upward through the hierarchy of agents. These284

compact results act as traceable evidence, provid-285

ing observability for debugging, auditing, and veri-286

fication purposes.287

Contrast with existing MAS frameworks. Sys-288

tems such as DeepAgents (Inc., 2025a), Cre-289

wAI (Inc., 2024), and AutoGen (Wu et al.,290

2023b) rely on bespoke code or external con-291

trollers to enable sub-agent workflows. In contrast,292

AGENTHIVE treats delegation as a composable,293

installable tool, unifying sub-agent creation with294

the core tool infrastructure—registration, configu-295

ration, observability, and runtime execution.296

4 Dynamic Task-Dependent MAS297

AGENTHIVE enables the construction of task-298

dependent MAS dynamically, allowing agents to299

Customized Agent & Toolset

AgentHive

1 Delegation Relationship2

Star Topo Linear Topo Tree Topo Forest Topo

Figure 3: Two-step configuration (agent types and
toolsets; declarative delegation relations) and example
runtime-generated MAS topologies (star, linear, tree,
and forest).

adjust and reconfigure based on the task. Figure 3 300

illustrates the flexibility of our framework: through 301

delegation, the system can generate various MAS 302

topologies, such as star, linear, tree, and forest, at 303

runtime. The construction of the MAS involves 304

two main steps: 305

Once configured, the initial agent receives the 306

task and enters its decision-execution loop. When 307

the delegation tool is invoked, the runtime gener- 308

ates a sub-agent according to the delegation relation 309

R, assigns the corresponding toolset and instruc- 310

tions, and executes the subtask in an isolated con- 311

text. This process continues iteratively until the 312

termination conditions are met. Externally, the sys- 313

tem operates as a single agent, while internally, it 314

dynamically orchestrates a multi-agent system. 315

Single-Agent Mode as a Special Case of MAS. 316

In AGENTHIVE, single agent mode is considered 317

a specific configuration within the broader of MAS 318

application. In this mode, no delegation occurs, and 319

the system behaves as a single agent performing 320

the task. 321

4.1 Star Topology 322

In the star topology 1, there is one central co- 323

ordinator agent that delegates tasks to multiple 324

worker agents. The system dynamically generates 325

this topology using a 1 → n delegation relation. 326

Agents with the delegation tool act as coordinators, 327

while those without it serve as workers. The exact 328

nature of the tasks and tools can vary depending on 329

the specific application, but the delegation relation 330

remains the same. 331

4.2 Linear Topology 332

A linear topology emerges when subtasks must ex- 333

ecute sequentially. In our system, a linear topology 334

uses a 1 → 1 delegation relation. Each agent with 335

1Appendix D presents an example of such a star topology
for academic writing.
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the delegation tool can create its successor, allow-336

ing the chain length to vary dynamically: an agent337

may stop after one step or delegate further based338

on intermediate results. AGENTHIVE enables lin-339

ear structures 2 that traditional frameworks cannot340

express.341

4.3 Tree Topology342

Tree topologies are relatively uncommon in exist-343

ing frameworks, where flat or star-based orchestra-344

tions are more common. Implementing a true tree345

structure typically requires manual coding for node346

expansion, branching logic, dependency manage-347

ment, and result aggregation. Determining when348

to expand nodes, how to generate child agents, and349

which results to propagate upward presents a com-350

plex and difficult problem in traditional systems.351

In AGENTHIVE, a tree topology 3 uses 1 → n352

and 1 → 1 delegation relations. Developers only353

need to define the delegation relations, and the354

framework automatically handles the creation of355

child agents and result aggregation.356

4.4 Forest Topology357

Forest topologies are even less supported in tradi-358

tional frameworks. In our system, a forest topol-359

ogy 4 emerges when multiple agents independently360

apply recursive 1 → n and 1 → 1 delegation. Each361

root agent generates its own tree, and the trees exe-362

cute in parallel without shared state. No additional363

orchestration code is needed.364

5 Evaluation365

5.1 Experimental Setup366

Benchmarks. To provide a comprehensive evalua-367

tion of AGENTHIVE, we employ eight benchmarks368

spanning four domains: binary vulnerability dis-369

covery, represented by a real-world dataset of bi-370

nary programs from Mango dataset (Gibbs et al.,371

2024); Linux-based filesystem security analy-372

sis, using the Karonte dataset (Redini et al., 2020);373

deep research, represented by benchmark evalua-374

tion suite (Du et al., 2025); web crawling, using375

a custom benchmark that simulates multi-domain376

information gathering tasks.377

Baselines. The baselines against which we com-378

pare AGENTHIVE can be broadly grouped into two379

2This linear topology is reflected by Forest and Tree MAS
3Appendix C is a tree MAS for Linux-based filesystem

analysis task.
4Appendix B is a forest MAS for binary vulnerability dis-

covery.

Table 1: Expressiveness comparison with existing MAS
frameworks.

Topology/Capability Deep
Agents

Auto
Gen

Crew
AI

Agent
Hive

Star (1→n) Yes Yes Yes Yes
Linear (1→1 chain) No No No Yes
Tree (recursive 1→n) No No No Yes
Forest (multi-tree) No No No Yes
Dynamic depth/width No No No Yes
Recursive growth No No No Yes

categories: (1) Single Agent System. Frameworks 380

that operate a single agent or use tool-augmented 381

prompting without forming MAS structures, in- 382

cluding SWE-Agent (Yang et al., 2024). (2) Star 383

MAS., Systems that support multi-agent collabo- 384

ration but only via fixed coordinator–worker pat- 385

terns, including DeepAgents (Inc., 2025a) and 386

Open Deep Research (Inc., 2025b). (3) Pipeline 387

MAS. Frameworks that construct sequential or 388

workflow-based chains without branching, Auto- 389

Gen (Wu et al., 2023b), LLM-Debate (Du et al., 390

2023), and CrewAI (Inc., 2024). (4) Rule-Driven 391

MAS. Systems that allow limited routing but still 392

require handcrafted role definitions and branching 393

logic, including DyLAN (Liu et al., 2024). To our 394

knowledge, no existing framework can automati- 395

cally synthesize tree or forest topologies through 396

declarative delegation. This capability is unique to 397

AGENTHIVE, which supports multi-level branch- 398

ing, recursive expansion, and automatic result ag- 399

gregation. 400

Parameter & Model Configurations. The 401

backbone LLM is DeepSeek-v3, with temperature 402

fixed at 0 for deterministic reasoning. Each agent 403

is allocated up to 30 iterative reasoning steps. All 404

baselines use the same task interface, analysis tools, 405

and prompts as AGENTHIVE. 406

5.2 Qualitative Comparison 407

We qualitatively compare the expressiveness of 408

AGENTHIVE with representative MAS frame- 409

works. Table 1 shows that most existing frame- 410

works support only fixed-pattern star topologies, 411

whereas AGENTHIVE supports runtime-generated 412

star, linear, tree, and forest configurations. 413

Simple star topologies (1→n) with a central co- 414

ordinator are common in existing MAS. Linear 415

chains (1→1) and recursive trees (1→n) are rarely 416

supported, as they require explicit node expansion, 417

branching, and result aggregation. Linear chains 418

are a special case of trees, but typically still need 419
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Table 2: Vulnerability detection performance across baseline categories and AGENTHIVE.

# Single Agent Star MAS Pipeline MAS Rule-Driven MAS AGENTHIVE
Binary Vulns Verified Vulns Verified Vulns Verified Vulns Verified Vulns Verified

120 3.43 0.91 11.41 4.52 7.12 2.94 9.30 3.88 43.82 34.14

Table 3: SBOM extraction performance comparison between AGENTHIVE and baselines.

Method # Components & CVEs Reasoning Steps Files Accessed

Single Agent 5.6 49.1 7.3
Star MAS 9.7 173.9 24.9
Pipeline MAS 7.2 102.4 18.1
Rule-Driven MAS 9.3 145.7 21.6
AGENTHIVE 28.5 1718.2 96.5

manual orchestration. Forests, consisting of multi-420

ple independent trees, are even less supported due421

to the complexity of coordinating multiple roots. In422

contrast, AGENTHIVE leverages first-class delega-423

tion to dynamically construct all these topologies,424

enabling flexible, adaptive multi-agent execution425

without hard-coded hierarchies.426

5.3 Task Performance Overview427

Forest Topology for Binary Vulnerability Dis-428

covery. This task is very challenging, requiring429

deep exploration of multiple taint-tracing paths430

to uncover hidden vulnerabilities. We evaluate431

AGENTHIVE’s ability to automatically instantiate432

a forest MAS for real-world binary vulnerability433

discovery. Each source initiates an independent434

analysis tree, where an agent may delegate mul-435

tiple sub-agents to explore different taint-tracing436

paths concurrently.437

Results. AGENTHIVE consistently outperforms438

all baseline categories. As shown in Table 2, single-439

agent and star-pattern MAS systems discover only a440

small fraction of vulnerabilities, while pipeline and441

rule-driven MAS offer moderate but still limited442

improvements. In contrast, AGENTHIVE achieves443

a 4–10× increase in vulnerabilities and a 7–30×444

increase in verified vulnerabilities.445

Analysis. Single-agent systems fail at deep bi-446

nary vulnerability analysis because all reasoning447

must fit into a single LLM context, leading to con-448

text saturation and forgetting. Star-style MAS base-449

lines partially mitigate this via parallel workers, but450

the coordinator still absorbs all outputs, causing451

context rot. Pipeline and rule-driven MAS simi-452

larly serialize reasoning through a growing context,453

limiting depth.454

AGENTHIVE overcomes these limits by using455

tree and forest topologies: each sub-agent explores456

a confined subproblem in isolation, and results are 457

recursively aggregated, enabling deep call-chain 458

exploration, multi-path condition handling, and ac- 459

cumulation of semantic evidence. 460

Tree Topology for Linux-Based Filesystem 461

Security Analysis. Our second task evaluates 462

how AGENTHIVE builds a tree-structured MAS 463

to analyze Linux-based filesystems extracted from 464

firmware images. The goal is to identify third- 465

party components and map them to known CVEs 466

(SBOM). The filesystem contains many files and 467

nested directories, which require both broad ex- 468

ploration and long reasoning chains. This task is 469

naturally hierarchical: a root agent scans the filesys- 470

tem layout, spawns sub-agents for directories or 471

packages, and each sub-agent recursively explores 472

deeper layers until all relevant components are re- 473

covered. 474

Results. Table 3 reports the average SBOM ex- 475

traction performance per filesystem image. Single- 476

agent systems recover only a small fraction of com- 477

ponents due to LLM context limits. Star MAS 478

and rule-driven MAS improve coverage via paral- 479

lel workers or limited delegation, while pipeline 480

MAS suffers from serialized reasoning along the 481

workflow. AGENTHIVE outperforms all baselines 482

by a large margin, recovering 28.5 components and 483

CVEs on average, with far deeper reasoning steps 484

and broader file access. 485

Analysis. This task is inherently challenging be- 486

cause the components and their names are unknown 487

in advance. Agents must navigate the filesystem 488

step by step to discover relevant files, and for each 489

file, determine the version to link it to known CVEs. 490

This results in very long reasoning chains. Single- 491

agent LLMs often halt after identifying only a few 492

components, and when multiple components are 493
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Table 4: Results on Deep Research Bench using the RACE evaluation protocol. Scores are normalized (0–100).

Model Overall Comp. Ins. Inst. Read. C.Acc. Eff.C.

Open Deep Research (Inc., 2025b) 50.60 50.06 50.76 51.31 49.72 32.94 21.06
AGENTHIVE (ours) 44.34 44.84 40.56 47.95 44.69 52.86 52.62

analyzed, the LLM tends to forget earlier findings494

due to context limitations. Moreover, each filesys-495

tem has different components and nested direc-496

tory structures, requiring dynamic adaptation of497

the MAS topology.498

AGENTHIVE tree topology enables adaptive ex-499

pansion: agents descend into complex directory500

structures, spawn deeper subtrees when encoun-501

tering nested archives or packaged libraries, and502

terminate branches when no further components503

are found. This flexible recursion leads to signifi-504

cantly richer results and deeper exploration.505

Star Topology for Deep Research Genera-506

tion. Our third task evaluates AGENTHIVE on507

long-horizon deep research generation. Given a508

high-level research query, the system must gather509

domain knowledge, analyze evidence, synthesize510

arguments, and produce a structured research re-511

port. Note that our system employs only a minimal512

star topology without any task-specific optimiza-513

tions. We use an LLM (Gemini) judge that com-514

pares system-generated reports to expert-written515

reference reports across six dimensions: Compre-516

hensiveness (Comp.), Insight Quality (Ins.), In-517

struction Following (Inst.), Readability (Read.), Ci-518

tation Accuracy (C.Acc.), and Effective Citations519

(Eff.C.).520

Results. Table 4 reports the Deep Research521

Bench results under the RACE protocol. Overall,522

our system achieves performance comparable to523

Open Deep Research. Specifically, AGENTHIVE524

reaches an overall score of 46.04, only 1.44525

points lower than the fully optimized Open Deep526

Research baseline (47.48). On several dimen-527

sions, AGENTHIVE performs competitively or528

even slightly better. The system also achieves529

marginally better Effective Citations (22.43 vs.530

21.62), demonstrating that even without special-531

ized retrieval or citation optimization, the star con-532

figuration can coordinate external information use533

effectively.534

Analysis. AGENTHIVE exhibits comparable535

performance to existing single-coordinator frame-536

works. This outcome is expected: the system537

does not perform task-specific optimizations such538

Table 5: Firmware collection performance across ven-
dors websites.

Vendor Depth Navigation Scraping

D-Link 2 100% 61%
Foscam 2 68% 95%
MikroTik 1 — 93%
OpenWrt 3 100% 95%
QNAP 4 43% 77%
Supermicro 4 22% 97%
TP-Link (en) 2 60% 95%
UI 2 99% 96%
Zyxel 4 78% 89%

Table 6: Firmware extraction rate comparison between
AGENTHIVE and baseline categories. Firmware rate
indicates the percentage of firmware entries successfully
identified.

Method Firmware Rate

Single Agent 7.5%
Star MAS 58.3%
Pipeline MAS 71.2%
Rule-Driven MAS 70.3%
AGENTHIVE 87.4%

as prompt engineering, memory management, or 539

context-aware planning, which primarily reside at 540

the application layer. Furthermore, the task only 541

requires a star topology, where a single agent can 542

orchestrate all subtasks. Leveraging first-class del- 543

egation in this scenario does not confer additional 544

advantage. Nevertheless, AGENTHIVE can natu- 545

rally instantiate such star topologies, demonstrating 546

that its flexible delegation mechanism preserves 547

compatibility with traditional MAS configurations 548

while remaining generalizable to more complex 549

topologies. 550

Two-Layer Star Topology for Firmware Web 551

Crawling. Existing web crawling benchmarks typ- 552

ically evaluate tasks with either partially known 553

targets or constrained navigation structures, where 554

the number of relevant items or their identifiers 555

is at least partially known. In contrast, commer- 556

cial firmware websites present fully open-ended 557

exploration problems: the number and names of 558

firmware entries are unknown, multi-level menus 559

and dynamic JavaScript routing must be handled, 560

and download URLs may be hidden behind redi- 561
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rects or CDNs. We evaluate AGENTHIVE on 9562

commercial vendors: D-Link, Foscam, MikroTik,563

OpenWrt, QNAP, Supermicro, TP-Link (EN), TP-564

Link (CN), UI, and Zyxel. Each website presents565

different challenges in terms of page depth, naviga-566

tion complexity, and download link structures.567

Results. Table 5 presents per-vendor firmware568

collection statistics, including navigation depth,569

navigation success, and scraping coverage. Ta-570

ble 6 reports the aggregated Firmware Rate for each571

baseline category and AGENTHIVE. AGENTHIVE572

achieves the highest firmware rate of 87.4%, out-573

performing single-agent systems (7.5%), star MAS574

(58.3%), pipeline MAS (71.2%), and rule-driven575

MAS (70.3%).576

Analysis. Extracting firmware URLs and meta-577

data from vendor websites requires navigating578

multi-level menus, expandable hierarchies, and dy-579

namic scripts from only the homepage. Single-580

agent systems struggle due to limited context, while581

star, pipeline, and rule-driven MAS partially paral-582

lelize exploration but still bottleneck at a single583

coordinator. AGENTHIVE employs a two-layer584

star MAS: sub-agents independently explore site585

branches, and the top-level agent aggregates re-586

sults. This aligns naturally with the site’s hierarchi-587

cal structure, avoids context collapse, and achieves588

higher firmware discovery coverage.589

5.4 Additional Analysis590

Effect of the Backbone LLM. We evaluate the effect591

of the backbone model on the overall performance592

of AGENTHIVE with four widely used candidates:593

GPT-4o, o1, DeepSeek-v3, and DeepSeek-r1. The594

results in Table 7 show that the number of validated595

findings remains within a narrow band (128–162),596

and precision stays consistently high (70–79%).597

These results highlight an important property of598

AGENTHIVE: as long as the backend LLM pos-599

sesses basic reasoning competence, the multi-agent600

structure—not the individual model—dominates601

overall performance. Different LLMs introduce602

only moderate variation, suggesting that the frame-603

work is largely insensitive to the specific LLM used604

and can operate reliably across mainstream back-605

ends.606

Scalability & Cost. Table 8 summarizes the cost607

characteristics of three approaches. As expected,608

a dynamic MAS incurs more runtime and token609

consumption than a single-agent system. This over-610

head primarily comes from additional reasoning611

steps required when an agent evaluates whether del-612

Table 7: Effect of different backbone LLMs on the
overall performance of AGENTHIVE.

Backbone Model Confirmed Findings Precision

GPT-4o 33 70.2%
o1 39 77.5%
DeepSeek-v3 31 72.3%
DeepSeek-r1 31 78.8%

Table 8: Per-binary resource footprint across different
system designs.

Single Agent Star MAS AGENTHIVE

Runtime (min) 7.3 26.3 38.5
Token Usage (M) 0.25 0.87 1.62
Agents Spawned 1.0 22.4 30.2
Reasoning Steps 29.6 236.3 432.7

Table 9: End-to-end execution cost on SBOM (tokens
in millions).

System Time (h) Tokens (M) Tokens / Component

Single Agent 0.10 0.30 0.05
Star MAS 0.90 1.88 0.19
AGENTHIVE 1.40 5.66 0.20

egation is needed—not from the number of agents 613

itself. However, the total expense is determined 614

by the intrinsic complexity of the task, not by the 615

mere presence of additional agents. Table 9 further 616

illustrates task-level cost trends. AGENTHIVE con- 617

sumes more tokens because it explores more com- 618

ponents and expands deeper into nested structures. 619

This extra spending directly corresponds to broader 620

discovery coverage rather than inefficiencies of the 621

MAS itself. Star MAS variants are cheaper, but 622

their fixed structure prevents them from handling 623

deeply nested components, demonstrating that non- 624

recursive or shallow agent hierarchies cannot scale 625

to real-world task. 626

6 Conclusion 627

We introduce a novel LLM agent framework 628

where delegation is a first-class capability, allow- 629

ing agents to spawn sub-agents, assign tasks dy- 630

namically, and aggregate results recursively. This 631

stage-collapsing MAS adapts its topology at run- 632

time, enabling efficient exploration of complex, 633

hierarchical tasks, such as binary analysis, SBOM 634

detection, and website crawling. By combining 635

delegation, reasoning folding, and dynamic archi- 636

tecture, our system bridges single-agent simplicity 637

and multi-agent power, providing a practical foun- 638

dation for scalable, real-world AI reasoning. 639
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Limitations640

Dynamic MAS Generation. The MAS genera-641

tion process in our framework is flexible, support-642

ing dynamic depth and breadth of agent deploy-643

ment based on task requirements. Delegation poli-644

cies—when an agent spawns sub-agents or halts645

further delegation—are task-dependent and not646

hardcoded in the framework. Our four evaluation647

tasks exemplify practical configurations, demon-648

strating how application-level decisions can shape649

MAS behavior. Detailed task-specific delegation650

parameters are provided in Appendix B-E.651

Agent Redundancy. Since delegation decisions652

are made by LLMs, dynamic MAS execution may653

create more agents than strictly necessary. This654

behavior is expected in LLM-driven systems and655

reflects uncertainty in intermediate reasoning steps656

rather than a flaw of the framework. Our frame-657

work does not attempt to enforce global optimiza-658

tion or cross-agent deduplication, because doing659

so would constrain the flexibility and generality of660

delegation-based reasoning. Instead, redundancy661

control is treated as an application-layer concern.662

Different tasks have different tolerances for par-663

allel exploration, speculative branching, or multi-664

path verification, so the most suitable optimiza-665

tion strategies must be selected per task. In our666

evaluation tasks, redundancy is controlled through667

lightweight mechanisms embedded in agents’ sys-668

tem prompts—such as path pruning, checklist-669

based progress verification, and duplication detec-670

tion over navigation states.671

Limitations on DAG Topology. While our672

framework can automatically construct tree, forest,673

and star topologies, it currently does not support674

directed acyclic graph (DAG) structures. DAGs675

introduce multi-parent dependencies, where multi-676

ple agents converge to spawn the same sub-agent,677

creating context management challenges that can678

lead to inconsistent or duplicated reasoning states.679

Addressing these issues is a promising direction for680

future work.681
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A AGENTHIVE Architecture Design869

This section describes the architectural design and870

key design decisions of the AGENTHIVE frame-871

work, focusing on the foundational abstractions872

that enable declarative multi-agent system construc-873

tion.874

A.1 Core Abstractions875

The framework is built on three core abstractions876

that together enable flexible, composable multi-877

agent systems.878

Unified Tool Interface. To enable composabil-879

ity and uniform integration, all agent capabilities880

are encapsulated through a unified tool interface.881

Each tool declares its identity, a natural-language882

description, a structured parameter specification,883

and a single execution entry point that returns a884

string result. This minimal interface design ensures885

compatibility with emerging model–tool coopera-886

tion standards while maximizing simplicity. Tools887

receive a context object during initialization that888

provides access to shared state across the agent889

hierarchy, enabling stateful operations while main-890

taining clear boundaries. The framework automat-891

ically formats tool metadata into LLM-readable892

documentation, allowing agents to discover and893

invoke tools dynamically.894

Context Management. The framework employs895

a flexible context mechanism for sharing state be-896

tween parent and sub-agents. Rather than enforcing897

a rigid schema, the context supports dynamic at-898

tribute assignment, enabling task-specific context899

passing tailored to different domains. This design900

choice accommodates diverse use cases: filesys- 901

tem operations may require paths and directory 902

information, web crawling tasks may need browser 903

contexts, and document editing tasks may require 904

workspace references. When delegation occurs, the 905

framework creates isolated context copies through 906

deep copying, ensuring that sub-agents cannot pol- 907

lute parent state while still allowing selective at- 908

tribute inheritance. This isolation mechanism is 909

critical for enabling safe parallel execution and re- 910

cursive delegation. 911

Message and Logging Infrastructure. Conver- 912

sation history is structured as typed message ob- 913

jects with roles (system, user, assistant, tool) and 914

content payloads. The framework applies content 915

filtering to sanitize sensitive information and nor- 916

malize outputs before messages enter the conversa- 917

tion history. All messages are logged to structured 918

files in each agent’s dedicated directory, enabling 919

complete trace reconstruction for debugging and 920

analysis. This logging infrastructure supports ob- 921

servability across the entire agent hierarchy, mak- 922

ing it possible to understand the decision flow even 923

in complex multi-agent scenarios. 924

A.2 Agent Execution Model 925

Reasoning Loop Architecture. Agents operate 926

through an iterative reasoning loop that alternates 927

between LLM reasoning and tool execution. Each 928

iteration begins with prompt construction from sys- 929

tem instructions, conversation history, and avail- 930

able tool descriptions. The LLM responds with a 931

structured output specifying its reasoning, the se- 932

lected action (either tool invocation or task comple- 933

tion), and the action parameters. The agent parses 934

this output, validates it against available tools, and 935

either executes the selected tool or terminates if the 936

task is complete. This loop continues until comple- 937

tion or until a maximum iteration limit is reached, 938

ensuring bounded execution. 939

The framework requires LLMs to produce struc- 940

tured JSON outputs, enabling reliable parsing and 941

tool selection. This design choice trades some flex- 942

ibility for robustness: while it requires the LLM 943

to conform to a specific output format, it elimi- 944

nates ambiguity in action selection and enables 945

predictable execution flow. 946

Tool Execution and Error Handling. When an 947

agent invokes a tool, the framework validates the 948

parameters against the tool’s specification before 949

execution. Tool execution is wrapped with timeout 950
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protection to prevent indefinite blocking, with con-951

figurable timeout limits (typically 30 seconds by952

default). If execution fails or times out, the error953

is captured, logged, and returned to the agent as954

a structured error message. This approach allows955

agents to receive feedback about failures and poten-956

tially retry with corrected parameters, rather than957

crashing the entire system. The framework sup-958

ports both synchronous and asynchronous tool exe-959

cution modes, enabling optimization for different960

tool characteristics (I/O-bound vs. compute-bound961

operations).962

A.3 Declarative Configuration963

To enable programmatic construction of multi-964

agent topologies, the framework adopts a declar-965

ative configuration approach that separates agent966

specification from runtime instantiation.967

Configuration Structure. Agent configurations968

specify three key aspects: the agent type, the set of969

available tools, and execution parameters (system970

prompt, iteration limits, etc.). The configuration971

structure supports two types of tool specifications:972

regular tools that provide domain-specific capabil-973

ities, and delegation tools that carry nested sub-974

agent configurations. This recursive structure is975

fundamental to the framework’s ability to construct976

arbitrary topologies: a delegation tool’s sub-agent977

configuration can itself contain further delegation978

tools, enabling multi-level hierarchies.979

Builder Pattern for Topology Construction.980

The framework uses a builder pattern to convert981

declarative configurations into runnable agent in-982

stances. The builder processes tool configura-983

tions recursively: for regular tools, it instantiates984

them directly with the current context; for delega-985

tion tools, it creates tool instances that carry their986

nested sub-agent configurations. When an agent987

invokes a delegation tool at runtime, the tool uses988

its stored configuration to instantiate sub-agents on989

demand. This lazy instantiation design ensures that990

sub-agents are only created when actually needed,991

avoiding unnecessary resource allocation for un-992

used delegation paths.993

This configuration-driven approach enables de-994

velopers to specify complex multi-agent topologies995

declaratively, without writing imperative orchestra-996

tion code. The framework handles the complexity997

of agent lifecycle management, context isolation,998

and result aggregation, allowing developers to fo-999

cus on defining the logical structure of their multi- 1000

agent system. 1001

A.4 Delegation Mechanism 1002

Delegation is implemented as a specialized tool 1003

type that wraps sub-agent creation and coordina- 1004

tion. From the invoking agent’s perspective, calling 1005

a delegation tool is identical to calling any other 1006

tool: it provides input parameters and receives a 1007

result string. Internally, however, the delegation 1008

tool orchestrates a multi-agent workflow. 1009

Delegation Execution Flow. When an agent in- 1010

vokes a delegation tool, the tool receives the task 1011

parameters and prepares isolated execution con- 1012

texts for sub-agents. The tool then instantiates sub- 1013

agents using their pre-configured specifications, 1014

passing each sub-agent its isolated context. Sub- 1015

agents execute independently, processing their as- 1016

signed subtasks and generating evidence strings as 1017

results. The delegation tool aggregates these results 1018

and returns a compact summary to the parent agent. 1019

This aggregation step is crucial for maintaining con- 1020

text efficiency: rather than passing all intermediate 1021

reasoning steps upward, only the essential results 1022

flow back to the parent. 1023

Recursive Delegation. Since delegation tools are 1024

themselves tools, sub-agents can be equipped with 1025

delegation capabilities, enabling arbitrary nesting. 1026

This recursive design allows the framework to con- 1027

struct hierarchies of arbitrary depth, with the depth 1028

controlled by the configuration structure rather than 1029

hard-coded limits. Each level of the hierarchy oper- 1030

ates in isolation, with context boundaries enforced 1031

through the context copying mechanism described 1032

earlier. The framework’s logging infrastructure 1033

ensures that the entire execution trace remains ob- 1034

servable despite this hierarchical structure. 1035

B Forest MAS for Binary Vulnerability 1036

Discovery 1037

Forest topologies are even less supported in tra- 1038

ditional frameworks. Multiple independent trees 1039

require coordinating several root agents, which usu- 1040

ally demands complex orchestration. 1041

B.1 Customized Toolset 1042

For binary vulnerability discovery, we implement 1043

specialized tools that agents use to analyze bina- 1044

ries and coordinate subtasks, as summarized in 1045

Table 10. 1046
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Table 10: Customized Tools for Binary Vulnerability Analysis

Tool Purpose Key Features

r2 Reverse engineering wrap-
per

Persistent session; auto initialization (aaa); state persis-
tence; cleanup on exit

StoreStructured-
Findings

Vulnerability knowledge
base

Structured storage (type, function, constraints); JSON
persistence; file locking; metadata enrichment

ParallelTask-
Delegator

Parallel task distribution Subtask delegation; per-function/module decomposition;
lifecycle management; result aggregation

ParallelFunction-
Delegator

Inter-procedural delegation Taint tracking; explicit entry points; context passing
(registers, global state); callee analysis

Table 11: Customized Agents for Binary Vulnerability Discovery

Agent Type Role Key Responsibilities

FunctionAgent Function-level analyzer Taint tracking; disassembly analysis; vulnerability pat-
tern matching; callee delegation

KnowledgeAgent Findings validator Vulnerability assessment; false positive filtering; struc-
tured storage; severity classification

ForestAgent Root coordinator Task decomposition; parallel function delegation; evi-
dence aggregation; knowledge base coordination

B.2 Customized Agent1047

Our binary vulnerability discovery system employs1048

three specialized agent types that form a forest1049

topology, as summarized in Table 11.1050

B.3 Forest Topology Construction1051

The forest topology is constructed through declara-1052

tive configuration rather than explicit orchestration1053

code. The multi-agent structure is specified using1054

nested configuration objects that define delegation1055

relationships and agent capabilities at each level.1056

Three-Layer Architecture. The forest topology1057

is organized into three hierarchical layers:1058

1. Root Layer: The root agents coordinate the1059

overall binary analysis by decomposing the1060

binary into per-function analysis tasks. Each1061

root agent is equipped with a parallel task1062

delegation capability that distributes function-1063

level analysis to task-layer agents.1064

2. Task Layer: Each task-layer agent focuses on1065

analyzing a single function and carries a paral-1066

lel function delegation capability that enables1067

inter-procedural analysis. When a function1068

calls other functions, the agent delegates the1069

analysis of callee functions to recursive tree1070

agents.1071

3. Recursive Function Tree: This layer forms1072

a recursive tree structure with configurable1073

depth (typically 4 levels) for tracking taint1074

propagation through function call chains.1075

Each level of the tree analyzes one function 1076

in the call chain, and delegates to the next 1077

level when further callees need to be analyzed. 1078

This recursive structure enables tracking of 1079

deep call chains while maintaining isolation 1080

between different analysis paths. 1081

The declarative configuration approach allows 1082

developers to specify this complex three-layer 1083

structure without writing explicit orchestration 1084

logic. The framework handles the instantiation, 1085

coordination, and result aggregation across all lay- 1086

ers automatically. 1087

C Tree MAS for Linux-based Filesystem 1088

Analysis 1089

Tree topologies are uncommon in existing frame- 1090

works. Flat or star orchestrations dominate; imple- 1091

menting a true tree requires manually coding node 1092

expansion policies, branching logic, dependency 1093

management, and result aggregation. Deciding 1094

when to expand nodes, how to spawn sub-agents, 1095

and what results to propagate upward is complex 1096

and hard to generalize, so most frameworks rely on 1097

bespoke hierarchical planners. 1098

C.1 Customized Toolset 1099

For filesystem analysis, we implement tools that op- 1100

erate on Linux-based filesystem images extracted 1101

from firmware. Agents use these tools to explore 1102

the filesystem, analyze binaries, manage findings, 1103

and search for known vulnerabilities, as summa- 1104

rized in Table 12. 1105
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Table 12: Customized Tools for Filesystem Analysis

Tool Purpose Key Features

execute_shell Safe shell executor Restricted command set; directory scope enforcement;
read-only operations; path validation

get_context_info Context query Current file/directory info; relative paths; analysis focus
tracking

StoreStructuredFindings Knowledge base writer Append-mode storage; file locking; automatic context
enrichment

QueryKnowledgeBase Knowledge base reader Field-based queries (file_path, link_identifiers,
notes); exact/substring matching

ListUniqueValuesInKB Knowledge base explorer Unique value enumeration; query formulation support;
coverage assessment

cve_search_nvd Vulnerability lookup NVD API integration; keyword search; CVSSv3 scoring;
result ranking

DeepDirectory-
AnalysisAssistant

Directory delegation Subdirectory scope enforcement; path validation; con-
text switching; single/parallel modes

DeepFileAnalysisAssistant File delegation File-level scope isolation; path resolution; context prepa-
ration; single/parallel modes

Table 13: Customized Agents for Filesystem Analysis

Agent Type Role Key Responsibilities

ExecutorAgent Leaf node analyzer Tool execution; file/directory inspection; shell command
execution; binary analysis

PlannerAgent File-level planner File analysis coordination; embedded knowledge agent;
finding validation; result storage

KnowledgeBaseAgent Knowledge manager Finding storage/query; duplicate detection; cross-
reference support; knowledge base maintenance

FirmwareMasterAgent Root orchestrator Analysis coordination; verification management; report
generation; token tracking

C.2 Customized Agent1106

Our filesystem analysis system employs a hierarchi-1107

cal tree structure with four specialized agent types,1108

as summarized in Table 13.1109

C.3 Tree Topology Construction1110

The tree topology is constructed through declara-1111

tive configuration, where nested configuration ob-1112

jects define delegation capabilities at each level.1113

The configuration generates a hierarchical structure1114

with controlled depth and dual delegation paths:1115

one for file-level analysis and another for directory-1116

level exploration.1117

Three-Layer Architecture with Dual Branching.1118

The tree configuration is organized into three dis-1119

tinct layers:1120

1. Root Layer: The root agents explore the1121

firmware root directory and coordinate analy-1122

sis by delegating to either file analysis or di-1123

rectory exploration based on discovered struc-1124

ture. Root agents are equipped with four types1125

of delegation capabilities: single file analy-1126

sis, parallel file analysis, single subdirectory1127

exploration, and parallel subdirectory explo- 1128

ration. This dual delegation design allows the 1129

system to adapt to different firmware struc- 1130

tures, handling both file-heavy and directory- 1131

heavy layouts efficiently. 1132

2. File Analysis Branch: This branch operates 1133

separately from the directory hierarchy and 1134

uses a fixed two-level structure for analyzing 1135

individual files. The first level coordinates 1136

file analysis and delegates to the second level, 1137

which performs the actual file analysis without 1138

further file-level delegation. This branch also 1139

includes embedded function call chain analy- 1140

sis with configurable depth (typically 4 levels), 1141

enabling inter-procedural taint tracking within 1142

binary files. The function call analysis uses 1143

recursive delegation to track taint propagation 1144

through nested function calls. 1145

3. Recursive Directory Expansion: The direc- 1146

tory hierarchy expands recursively through it- 1147

erative configuration wrapping. Starting from 1148

a terminal executor configuration (which can- 1149

not delegate directories further), each itera- 1150

tion wraps the previous configuration with a 1151
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Table 14: Customized Tools for Academic Writing

Tool Purpose Key Features

add_item Content insertion Chapter/paragraph creation; precise positioning
(insert_after_id, insert_before_id); automatic
reference management; Markdown formatting

delete_item Content removal ID-based deletion; workspace permission checking; re-
cursive chapter deletion; orphan prevention

get_node_content Content retrieval Dual-format output (JSON structure, Markdown render-
ing); ID enumeration; hierarchy inspection

update_block_text Content modification Text rewriting; reference updating; workspace scope
enforcement; metadata preservation

search_report_content Content search Keyword/phrase matching; position tracking; duplica-
tion detection; cross-reference lookup

web_search External knowledge Web crawling; depth-controlled retrieval; headless
browser support; fact verification

FocusedChapterEditor Single chapter delegation Task-specific editing; automatic chapter creation; con-
text isolation; workspace path validation

ParallelChapterEditor Batch chapter delegation Parallel task distribution; duplicate path detection; effi-
cient structure scaffolding; concurrent writing

Table 15: Customized Agent for Academic Writing

Agent Type Role Key Responsibilities

SelfReviewingAgent Two-phase writer Content creation; self-review; format verification; itera-
tive refinement

new layer that can delegate subdirectory ex-1152

ploration. The iteration continues for a con-1153

figurable number of levels (typically 3 levels),1154

creating a depth-controlled tree structure. The1155

deepest level serves as the terminal executor,1156

which analyzes directories without further del-1157

egation, ensuring bounded exploration depth.1158

This configuration-driven approach enables the1159

construction of complex tree structures with con-1160

trolled depth, dual branching paths, and embedded1161

recursive analysis, all specified declaratively with-1162

out explicit orchestration code.1163

D Star MAS for Academic Writing1164

A star topology has one central coordinator and1165

multiple workers. Traditional systems implement1166

this with a dedicated orchestrator that creates work-1167

ers and merges results, requiring custom code1168

tightly coupled to task logic.1169

D.1 Customized Toolset1170

For academic writing, we implement tools that1171

manage hierarchical document structures and dele-1172

gate writing tasks to specialized agents, as summa-1173

rized in Table 14.1174

D.2 Customized Agent 1175

Our academic writing system employs a two-phase 1176

self-reviewing agent that forms a star topology, as 1177

summarized in Table 15. 1178

D.3 Star Topology Construction 1179

The star topology is constructed through iterative 1180

configuration wrapping, where each layer adds del- 1181

egation capability to the previous layer, forming a 1182

depth-controlled hierarchy with a single root coor- 1183

dinator. 1184

Iterative Configuration Assembly. The star con- 1185

figuration is generated through a bottom-up itera- 1186

tive process. The base layer consists of agents 1187

equipped only with document manipulation tools 1188

(for adding, updating, deleting, and querying doc- 1189

ument content) but no delegation capability. For 1190

each depth level (configurable via a depth parame- 1191

ter), the configuration is wrapped with a new layer 1192

that adds delegation capabilities: single-chapter 1193

delegation for focused editing tasks and parallel 1194

multi-chapter delegation for batch operations. Both 1195

delegation types reference the previous layer’s con- 1196

figuration, enabling recursive delegation. After the 1197

specified number of iterations, the final configura- 1198

tion represents a multi-layer star topology where 1199

the root agent can delegate to multiple chapter- 1200

scoped workers, and each worker can recursively 1201
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Table 16: Customized Tools for Web Crawling

Tool Purpose Key Features

search_online Search engine query Google search integration; top-5 results; title/URL/snip-
pet extraction; error handling

tavily_search Premium search API Tavily API integration; high-quality results; local SQLite
caching; configurable result count

read_pdf_content PDF extraction Direct PDF download; text extraction via PyMuPDF;
content-type validation; image-based detection

navigate_to_url Page navigation URL loading; network-idle waiting; 30-second timeout;
error recovery

click_element Element interaction Numerical label-based clicking; bounding box mapping;
DOM update waiting; validation checks

type_text Text input Input element targeting; keyboard simulation; focus man-
agement; confirmation feedback

scroll_page Page scrolling Viewport-based scrolling; up/down direction; 80% view-
port step; smooth navigation

get_hyperlinks Link extraction Visible link enumeration; keyword filtering; absolute
URL resolution; text/URL matching

go_back History navigation Browser history traversal; DOM load waiting; URL
tracking; error handling

ParallelTaskProcessor Parallel task delegation Multi-task distribution; isolated browser contexts; inde-
pendent agent instances; result aggregation

Table 17: Customized Agent for Web Crawling

Agent Type Role Key Responsibilities

WebSearchAgent Browser controller Page navigation; element interaction; screenshot annota-
tion; visual context capture; tool execution

delegate to its sub-chapters down to the leaf level.1202

E Two-layer star MAS for Web Crawling1203

E.1 Customized Toolset1204

For web crawling, we implement tools that enable1205

automated browser interaction and web content1206

extraction, as summarized in Table 16.1207

E.2 Customized Agent1208

Our web crawling system employs a specialized1209

browser-aware agent that forms a two-layer star1210

topology, as summarized in Table 17.1211

E.3 Two-Layer Star Topology Construction1212

The two-layer star topology is constructed through1213

recursive configuration building, where each depth1214

level adds a delegation tool wrapping the previous1215

level’s configuration.1216

Recursive Configuration Assembly. The star1217

configuration is generated through top-down recur-1218

sion with a configurable depth parameter. At depth1219

0 (the base case), the configuration contains only1220

terminal agents with basic browser interaction tools1221

(for web navigation, content extraction, and search)1222

but no delegation capability. For depth greater than1223

0, the configuration recursively builds a sub-agent 1224

configuration for depth-1, wraps it with a delega- 1225

tion tool, and creates a manager configuration that 1226

includes both the delegation capability and basic 1227

browser tools. After the specified number of recur- 1228

sions, the final configuration represents a two-layer 1229

star: the root layer has delegation capability to 1230

distribute tasks, and the worker layer consists of 1231

terminal agents with only browser tools. 1232
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