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Abstract001

While LLM-based agents have shown promise002
for deep research, most existing approaches003
rely on fixed workflows that struggle to adapt004
to real-world, open-ended queries. Recent work005
therefore explores self-evolution by allowing006
agents to rewrite their own code or prompts to007
improve problem-solving ability, but uncon-008
strained optimization often triggers instabil-009
ity, hallucinations, and instruction drift. We010
propose EvoFSM, a structured self-evolving011
framework that achieves both adaptability and012
control by evolving an explicit Finite State Ma-013
chine (FSM) instead of relying on free-form014
rewriting. EvoFSM decouples the optimization015
space into macroscopic Flow (state-transition016
logic) and microscopic Skill (state-specific017
behaviors), enabling targeted improvements018
under clear behavioral boundaries. Guided019
by a critic mechanism, EvoFSM refines the020
FSM through a small set of constrained opera-021
tions, and further incorporates a self-evolving022
memory that distills successful trajectories as023
reusable priors and failure patterns as con-024
straints for future queries. Extensive evalua-025
tions on five multi-hop QA benchmarks demon-026
strate the effectiveness of EvoFSM. In partic-027
ular, EvoFSM reaches 58.0% accuracy on the028
DeepSearch benchmark. Additional results on029
interactive decision-making tasks further vali-030
date its generalization.031

1 Introduction032

Large Language Model (LLM) based agents have033

demonstrated remarkable progress in automat-034

ing Deep Research tasks (Li et al., 2025a; Jin035

et al., 2025; Li et al., 2025b). However, domi-036

nant approaches still rely heavily on pre-defined,037

static procedural paradigms, typically charac-038

terized by fixed, iterative “toolcall-generation-039

reflection” pipelines (Wei et al., 2025; Zhao et al.,040

2025). The inherent rigidity of these structures041

struggles to adapt to the dynamic query paths re-042
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quired by real-world, open-ended research prob- 043

lems, significantly constraining system flexibility 044

and generalization capabilities. 045

To address the limitations of static workflows, 046

the research community has pivoted towards “Self- 047

Evolution” mechanisms (Deppen et al., 2024; 048

Wang et al., 2024; Li et al., 2024), aiming to em- 049

power agents to dynamically adjust strategies based 050

on task feedback. However, existing self-evolution 051

methods often employ “unconstrained rewriting,” 052

where a Meta-Agent is granted the freedom to 053

rewrite the entire system prompt or tools of worker 054

agents (Schmidhuber et al., 2024). This uncon- 055

strained approach poses significant stability chal- 056

lenges, as agents may suffer from core instruction 057

drift, hallucination, or the corruption of robust func- 058

tional modules during self-modification, potentially 059

causing the system to deteriorate rather than im- 060

prove (Shao et al., 2024), as shown in Figure 1. 061

In human organizational collaboration, effi- 062

ciency gains typically stem from the joint optimiza- 063

tion of two dimensions: workflow planning and 064
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specific execution skills. Drawing inspiration from065

this, we posit that agent evolution should not be a066

chaotic global rewriting process, but rather a form067

of structured and controllable optimization. We068

explicitly decouple the optimization space into two069

orthogonal dimensions: Flow (i.e., macroscopic070

transition logic) and Skill (i.e., microscopic node-071

specific capabilities). This decomposition trans-072

forms the self-evolving process from chaotic mod-073

ification into a targeted, structured self-evolution074

mechanism.075

In this paper, we propose EvoFSM, a struc-076

tured self-evolving framework designed for deep077

research and general enough to be applied across078

diverse tasks and domains. Specifically, EvoFSM079

first models the complex retrieval-reasoning pro-080

cess as an explicit Finite State Machine (FSM) (Wu081

et al., 2024). By decomposing uncertain, long-082

horizon tasks into a state graph with clear transition083

logic, we establish deterministic behavioral bound-084

aries that guarantee foundational stability. Sec-085

ond, to mitigate the uncontrollability of evolution,086

EvoFSM employs a “Structured Self-Evolution”087

mechanism. Rather than allowing free-form rewrit-088

ing, we restrict the system to modifying the FSM089

topology only via a set of atomic operations guided090

by a critic mechanism. This targeted adjustment en-091

sures the system flexibly adapts to new tasks with-092

out compromising functional integrity. Finally, to093

accumulate experience across tasks and enable con-094

tinual improvement, we introduce a self-evolving095

memory mechanism that stores successful strate-096

gies as priors and failure patterns as constraints for097

future queries.098

By integrating these mechanisms, EvoFSM es-099

tablishes a structured, self-evolving system. In100

summary, our main contributions are as follows:101

• We introduce EvoFSM, a structured self-102

evolution framework that models task solv-103

ing as an FSM, enabling controllable evolu-104

tion through explicit states and transition logic105

rather than unconstrained rewriting.106

• We introduce a self-evolving memory mecha-107

nism that accumulates experience across tasks108

and uses it to guide future evolution, enabling109

continual improvement beyond per-task opti-110

mization.111

• Extensive evaluations on five multi-hop QA112

benchmarks demonstrate the effectiveness113

of EvoFSM, and results on two interactive114

decision-making datasets further support its 115

generality across settings. 116

2 Related Work 117

2.1 Deep Research Agents 118

To tackle open-ended and complex information- 119

seeking tasks, recent work has proposed a range 120

of deep research agents. Search-o1 (Li et al., 121

2025a) integrates agentic RAG with a Reason-in- 122

Documents module to support on-demand knowl- 123

edge acquisition during long-horizon reasoning. 124

Search-R1 (Jin et al., 2025) further trains LLMs via 125

reinforcement learning to generate search queries 126

and interact with search engines over multiple 127

turns. For richer web interaction, WebThinker (Li 128

et al., 2025b) enables autonomous browsing and 129

report drafting, while WebAgent-R1 (Wei et al., 130

2025) uses end-to-end reinforcement learning for 131

decision-making in dynamic web environments. 132

RepoMaster (Wang et al., 2025) extends agentic 133

exploration to software engineering through reposi- 134

tory structure graphs. Efficiency-oriented methods 135

such as ReSearch (Sun et al., 2024) and ZeroSearch 136

(Xu et al., 2024) improve ranking or reduce supervi- 137

sion. In contrast, EvoFSM uses an explicit FSM to 138

organize deep research, decomposing the process 139

into specialized states with clear transition logic. 140

Crucially, it can adapt the FSM to each query by 141

evolving the workflow based on task feedback and 142

prior experience. 143

2.2 Self-Evolving Agents 144

Recent work has explored self-evolving agents that 145

improve during deployment (Shinn et al., 2023; 146

Madaan et al., 2023; Yang et al., 2023). In code 147

and tool domains, LIVE-SWE-AGENT (Deppen 148

et al., 2024) and STELLA (Wang et al., 2024) allow 149

agents to synthesize tools or update their scaffold- 150

ing on the fly, while ShieldLearner (Ni et al., 2025) 151

learns reusable defenses against jailbreaks. Self- 152

evolution has also been extended to multi-agent 153

settings, e.g., MorphAgent (Li et al., 2024) adapts 154

agent profiles and CoMAS (Wu et al., 2025) drives 155

decentralized co-evolution via interaction rewards. 156

More radical proposals such as the Huxley-Gödel 157

Machine (Schmidhuber et al., 2024) pursue open- 158

ended self-improvement through recursive modifi- 159

cations, and SE-Agent (Lin et al., 2025) optimizes 160

reasoning trajectories through multi-step interac- 161

tion. Despite these advances, many approaches rely 162

on unconstrained prompt rewriting or global archi- 163

tecture search with limited structural guardrails, 164
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which can lead to instability and failed evolution165

(Shao et al., 2024). In contrast, our EvoFSM intro-166

duces explicit structural guardrails and experience-167

guided evolution to keep self-improvement stable.168

It adapts its strategy to each query while preserv-169

ing core functionality, mitigating the instruction170

drift and instability commonly observed in uncon-171

strained self-evolution.172

3 Methodology173

In this section, we present the EvoFSM frame-174

work, as illustrated in Figure 2. EvoFSM com-175

prises three core components: FSM Initialization,176

Structured Self-Evolution, and the Self-Evolving177

Memory Mechanism. We detail each of these com-178

ponents in the following subsections.179

3.1 FSM Initialization180

While recent works have explored self-evolution to181

improve adaptability, these approaches often rely182

on an unconstrained rewriting mechanism (Shao183

et al., 2024), which frequently leads to hallucina-184

tion and instruction drift. To address the uncontrol-185

lable evolution, we model the deep research pro-186

cess as a deterministic yet dynamic FSM. Funda-187

mentally, the FSMs serve as a directed behavioral188

graph, where nodes represent specialized action189

phases (e.g., Search, Browse) and edges define the190

logical transitions between them based on runtime191

context. This graph-based structure grounds the192

agent’s behaviors, serving as a robust backbone that193

enables the precise, targeted self-evolving optimiza-194

tion described in Section 3.2. We formalize this195

graph-based system as a tuple M = ⟨S, T , I, C⟩,196

structured to align with the dual optimization di-197

mensions of Flow and Skill:198

• S represents the extensible set of cognitive199

states (nodes), initially comprising fundamen-200

tal capabilities such as Problem Decomposi-201

tion, Search, and Browsing.202

• T : S ×H → S constitutes the macroscopic203

Flow logic. It functions as a dynamic router204

that determines the next state st+1 based on205

the current state st and runtime context H,206

thereby shaping the sequential execution path207

of the collaboration.208

• I represents the set of node-specific system209

prompts, defining the microscopic Skill di-210

mension. Each instruction i ∈ I specifies211

the operational guidelines and expertise for its 212

corresponding agent. 213

• C denotes the Critic Mechanism, a supervi- 214

sory module that evaluates the final output 215

against the user query. Unlike passive eval- 216

uation metrics, C serves as the active trigger 217

for the self-evolving process, identifying spe- 218

cific failure modes (e.g., lack of quantitative 219

evidence or logical inconsistencies) 220

Based on the formal definitions above, the FSM 221

initialization proceeds as follows: 222

When the system receives a user query q, the 223

framework first retrieves the top-k relevant histori- 224

cal strategies from the Experience Pool E , which 225

accumulates the system’s historical successful and 226

failed trajectories from previously executed tasks 227

and detailed in Section 3.3, to initialize the FSM 228

configuration, denoted as Minit. During the ex- 229

ecution phase, the agents first perform the node- 230

specific actions (Skill I) defined by the current 231

state. Since the topology of Minit remains static 232

during this phase, the agent may encounter capabil- 233

ity gaps or become trapped in unproductive loops 234

when confronting novel, complex scenarios, espe- 235

cially in deep research scenarios. Consequently, 236

following the execution phase, the critic mecha- 237

nism C validates the system’s output against the 238

query requirements, where detected failures (e.g., 239

hallucination or incomplete reasoning) serve as trig- 240

ger signals to activate the Structured Self-Evolution 241

(detailed in Section 3.2) to dynamically reconfigure 242

the FSM structure. 243

3.2 Structured Self-Evolution 244

Departing from unconstrained modification, 245

EvoFSM constrains the evolution process to a 246

structured mechanism grounded in discrete atomic 247

operations. By leveraging the explicit components 248

of the tuple M, we decouple the optimization 249

space into two dimensions. First, Flow Operators, 250

denoted as Oflow, reconfigure the collaboration 251

topology governed by the transition function 252

T . Second, Skill Refinement, denoted as Oskill, 253

enhances the individual expertise of each agent 254

governed by the instruction set I. 255

The framework evolves the FSM exclusively 256

through a strictly defined set of Atomic Opera- 257

tions. Let Mt represent the FSM structure at it- 258

eration t. The evolution process is formulated as 259

Mt+1 = Mt ⊕ op, where the operation op is cho- 260
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Figure 2: Overview of the EvoFSM framework. Our approach consists of three core components: (1) FSM
Initialization, which formalizes the research process as a dynamic finite state machine initialized from prior
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skill operators (Oskill) and flow operators (Oflow) based on critic feedback; and (3) Self-Evolving Memory
Mechanism, which distills successful and failure trajectories into an experience pool to facilitate continuous learning
and warm-starting for future tasks.

sen from one of two operator sets, corresponding261

to Flow- and Skill-level evolution.262

Flow Operators Oflow These operations recon-263

figure the collaboration topology by editing the264

state set and/or the transition logic, without chang-265

ing any node-specific instructions.266

• ADD_STATE inserts an intermediate state (e.g.,267

a verification state) to bridge a workflow gap.268

• DELETE_STATE removes redundant or low-269

utility states to streamline execution.270

• MODIFY_TRANSITION adjusts transition con-271

ditions (e.g., revisiting Search when the re-272

trieved evidence is insufficient).273

Skill Operators Oskill These operations refine274

node-specific instructions while keeping the global275

topology unchanged.276

• REVISE_INSTRUCTION updates the guidelines277

or constraints for a single state (e.g., instruct-278

ing the browsing state to prioritize PDFs over 279

news sources to improve evidence quality). 280

By enforcing these atomic operations, EvoFSM 281

ensures that any modification remains local, inter- 282

pretable, and reversible. 283

3.3 Self-Evolving Memory 284

While the structured evolution framework empow- 285

ers agents to dynamically adapt to specific queries, 286

treating each task as an isolated optimization prob- 287

lem prevents the system from accumulating valu- 288

able experience. To address this limitation and en- 289

able continuous improvement, EvoFSM integrates 290

a self-evolving memory mechanism that functions 291

as a repository of successful strategies. 292

The system maintains an experience pool E to 293

persist high-quality self-evolving patterns. Upon 294

the completion of a task, a specific reflection agent 295

analyzes the execution trajectory to determine if the 296

task was resolved successfully. In such cases, the fi- 297

nal optimized FSM configuration and the sequence 298
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of atomic operations are distilled into a strategy299

record r. This record encapsulates the query em-300

bedding qembedding, the optimized model structure301

Moptimized, and the rationale for the changes.302

When the system receives a new query qnew, the303

module retrieves the top-k historical records from304

the experience pool E , where E = E+ ∪ E−. In305

this context, successful strategies (E+) serve as306

initialization priors, allowing the agent to inherit307

effective execution trajectories (e.g., initializing308

with a search-verify loop for medical diagnoses as309

shown in Figure 2). Conversely, retrieved failure310

patterns (E−) serve as negative constraints, actively311

warning the transition logic against specific tran-312

sition paths or tool usages that previously led to313

dead ends in similar contexts. This mechanism en-314

ables the system to exhibit progressively stronger315

performance by building upon past experiences.316

4 Experiments317

4.1 Experimental Settings318

Datasets and Metrics. We evaluate our EvoFSM319

on five multi-hop question answering (QA) bench-320

marks that require aggregating evidence across mul-321

tiple documents. Specifically, we consider the fol-322

lowing benchmarks: HotpotQA (Yang et al., 2018),323

the first large-scale dataset requiring reasoning over324

multiple Wikipedia paragraphs; 2WikiMultihopQA325

(2WIKI) (Ho et al., 2020), which provides multi-326

hop QA with explicit reasoning paths; MuSiQue327

(Trivedi et al., 2022), which synthesizes 2–4 hop328

questions by composing evidence from five single-329

hop datasets; Bamboogle (Press et al., 2023), a330

collection of compositional questions that search331

engines often answer incorrectly; and xbench-332

DeepSearch (Deepsearch) (Chen et al., 2025), part333

of the xbench AGI-Aligned series, which provides334

a Chinese-context question pool for multi-hop QA335

and deep search.336

Baselines. We compare EvoFSM against three337

baseline methods. Standard RAG performs a sin-338

gle web-search round and appends the top−10339

retrieved documents to the prompt as additional340

context. Agentic RAG1 introduces an iterative341

retrieve–reason loop, allowing the model to au-342

tonomously issue additional retrieval requests343

when the current evidence is insufficient. Search-344

o1 (Li et al., 2025a) further strengthens the agentic345

RAG pipeline by adding a Reason-in-Documents346

1We follow the implementation details in (Li et al., 2025a).

stage, which distills retrieved passages into con- 347

cise, relevant evidence while preserving the in- 348

termediate reasoning process. In addition, to 349

demonstrate the generality of our method, we 350

conduct experiments with a diverse set of LLMs, 351

including proprietary models (GPT-4o(OpenAI, 352

2024) and Claude-4(Anthropic, 2025)) and open- 353

weight models (Llama-3-70B(Grattafiori et al., 354

2024), DeepSeek-V3(DeepSeek-AI et al., 2024), 355

and Qwen3-32B(Yang et al., 2025)). 356

Implementation Details. Our system builds on 357

AutoGen (Wu et al., 2023) for multi-agent orches- 358

tration, enabling reliable inter-agent communica- 359

tion and stateful execution. We further provide a 360

tool library, including the Serper2 API for retrieval 361

and the Jina Reader3 API for web-page content ex- 362

traction. To ensure fair comparison of structural 363

efficiency and avoid overfitting, we limit the opti- 364

mization loop to 3 iterations. We also cap the num- 365

ber of states at 10 to prevent unbounded growth, 366

while still permitting dynamic refinements to state 367

definitions and transitions when necessary. 368

4.2 Main Results 369

Table 1 presents the performance comparison of dif- 370

ferent frameworks across five diverse benchmarks. 371

From these results, we draw three observations. 372

First, iterative retrieval-and-reasoning frame- 373

works consistently outperform Standard RAG 374

across all benchmarks. For instance, under GPT-4o, 375

Agentic RAG delivers a 15.0% absolute gain on 376

DeepSearch over the single-shot retrieval baseline. 377

This gap reflects a fundamental limitation of one- 378

pass retrieval: the system must surface all necessary 379

evidence in a single query, with limited opportu- 380

nity to recover from missing or off-target context. 381

In contrast, iterative methods can progressively re- 382

fine queries and validate intermediate hypotheses 383

against newly retrieved evidence. EvoFSM retains 384

this iterative capability, but makes it more reliable 385

by explicitly structuring the loop into well-defined 386

phases and transitions, reducing wasted iterations 387

and stabilizing evidence accumulation. 388

Second, the relative comparison among frame- 389

works is largely stable across the evaluated LLMs. 390

In other words, the improvements brought by 391

EvoFSM are not tied to a single backbone or a nar- 392

row operating regime; instead, the same design ad- 393

vantages tend to persist when the underlying model 394

2https://serper.dev
3https://jina.ai
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Model & Framework Multi-hop QA Benchmarks

HotpotQA 2WIKI MuSiQue Bamboogle Deepsearch

GPT-4o

Standard RAG 68.2 54.2 42.8 80.0 18.0
Agentic RAG 76.6 71.4 41.6 84.0 33.0
Search-o1 77.8 85.6 48.2 87.2 35.0
EvoFSM 80.2 88.8 50.4 82.4 45.0

Claude-4

Standard RAG 65.4 30.8 33.4 75.2 17.0
Agentic RAG 80.6 90.0 51.0 88.8 53.0
Search-o1 81.2 91.6 51.0 87.2 47.0
EvoFSM 82.2 91.8 57.6 91.2 58.0

Llama3-70B

Standard RAG 72.2 57.0 40.4 84.0 16.0
Agentic RAG 61.6 74.4 38.0 67.2 23.0
Search-o1 76.2 85.2 43.0 83.2 24.0
EvoFSM 76.6 75.6 46.4 80.4 28.0

DeepSeek-v3

Standard RAG 72.6 51.8 41.0 82.4 30.0
Agentic RAG 65.2 71.2 42.0 66.4 31.0
Search-o1 74.6 85.0 46.6 84.0 43.0
EvoFSM 80.4 88.8 54.2 89.6 51.0

Qwen3-32B

Standard RAG 63.2 41.6 33.8 74.4 20.0
Agentic RAG 64.6 69.6 34.8 68.8 19.0
Search-o1 67.0 76.2 37.2 84.0 27.0
EvoFSM 77.8 83.6 43.8 81.6 32.0

Table 1: Accuracy (%) of different retrieval frameworks for each backbone model on five challenging multi-hop QA
benchmarks. Best results are in bold and second-best results are underlined.

changes. This robustness suggests that the perfor-395

mance gains primarily come from the workflow396

and optimization mechanisms, rather than from397

model-specific quirks.398

Finally, EvoFSM delivers the strongest overall399

results and a consistent margin over both Agen-400

tic RAG and Search-o1. In particular, EvoFSM401

consistently outperforms Search-o1 across all five402

LLMs on DeepSearch. For example, it improves403

by 11.0% with Claude-4 and 10.0% with GPT-4o,404

and still yields a 4.0% gain with Llama-3-70B. We405

attribute this additional margin to structured evolu-406

tion, which makes the iterative retrieve–reason pro-407

cess experience-guided and adaptively evolvable.408

EvoFSM initializes each new query with relevant409

historical strategies and then refines its workflow410

to the specific instance, enabling more robust evi-411

dence acquisition and stronger multi-hop reasoning412

under the same tool budget.413

4.3 Ablation Study414

To disentangle the contribution of each compo-415

nent in EvoFSM, we perform ablation studies with416

DeepSeek-v3 as the backbone on five benchmarks.417

Specifically, we isolate the effects of (i) the struc- 418

tured self-evolution mechanism with memory and 419

(ii) the explicit FSM topology. The results are sum- 420

marized in Table 2. 421

Impact of Structured Self-Evolution. We first 422

evaluate the role of the evolution mechanism by 423

removing the optimization loop and memory re- 424

trieval, denoted as w/o Structured Evolution (Static 425

FSM). This variant uses a fixed FSM initialized 426

with a manually designed workflow. Specifically, 427

it contains three predefined states—Search, Brows- 428

ing, and Analysis—together with hand-written in- 429

structions and deterministic transition rules. The 430

transition logic routes the state from Search to 431

Browsing after retrieving candidate sources, pro- 432

ceeds to Analysis once sufficient evidence is col- 433

lected, and otherwise falls back to Search to issue 434

refined queries. Since both the state set and the tran- 435

sition conditions are fixed, the workflow cannot be 436

reconfigured during execution. Both the state set 437

and the transition logic remain unchanged through- 438

out execution. The results reveal a substantial per- 439

formance drop across all datasets, most notably on 440

the DeepSearch benchmark, where accuracy plum- 441
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Method
Multi-hop QA Benchmarks

HotpotQA 2WIKI MuSiQue Bamboogle DeepSearch

EvoFSM (Full Model) 80.4 88.8 54.2 89.6 51.0
w/o Structured Evolution (Static FSM) 77.8 (-2.6) 82.4 (-6.4) 50.8 (-3.4) 85.6 (-4.0) 36.0 (-15.0)

w/o FSM Topology (Unstructured Evolution) 77.0 (-3.4) 83.8 (-5.0) 50.2 (-4.0) 86.4 (-3.2) 42.0 (-9.0)

w/o All (Standard ReAct) 76.6 (-3.8) 84.0 (-4.8) 48.4 (-5.8) 82.4 (-7.2) 34.0 (-17.0)

Table 2: Ablation Study of EvoFSM framework. We systematically remove the structured self-evolution mechanism
and the FSM topology to evaluate their contributions.

mets by 15.0% (from 51.0% to 36.0%). This sharp442

decline underscores the critical limitation of static443

workflows: without the ability to dynamically ap-444

ply atomic operations (Oflow and Oskill) or recall445

successful priors from memory, the agent cannot446

adapt to unforeseen bottlenecks in complex queries,447

leading to repeated strategic failures such as insuf-448

ficient verification or data extraction errors.449

Necessity of FSM Topology. Next, we inves-450

tigate the importance of the graph-based control451

structure by removing the explicit FSM constraints452

while retaining the self-evolution capability, de-453

noted as w/o FSM Topology (Unstructured Evolu-454

tion). In this setting, the system allows for free-455

form prompt rewriting but lacks the deterministic456

guidance of a state transition graph. We observe a457

performance degradation of 9.0% on DeepSearch.458

While prompt evolution provides some adaptabil-459

ity, the absence of a rigid structural backbone leads460

to unstable behavior. Without the explicit Flow461

logic governed by the FSM, agents are prone to462

redundant looping or losing track of the research463

objective, confirming that structural boundaries are464

essential for keeping self-evolution targeted and465

stable.466

Synergy of Structure and Evolution. Finally,467

the w/o All (Standard ReAct) baseline, which strips468

away both the FSM structure and the self-evolving469

mechanism, yields the lowest performance across470

the board, with a 17.0% drop on DeepSearch. Com-471

paring this baseline with the single-component ab-472

lations reveals a compounding effect: combining473

the FSM structure with self-evolution yields larger474

gains than either component alone. The FSM pro-475

vides the necessary stability for long-horizon rea-476

soning, while structured self-evolution ensures that477

this stability does not degenerate into rigidity. To-478

gether, they enable EvoFSM to achieve both high479

precision and robust adaptability.480
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Figure 3: Transferability study on the ALFWorld and
WebShop benchmarks. We compare the success rate (a)
and average reasoning steps (b) of each method.

4.4 Further Analysis 481

Cross-Domain Generalization Capabilities. To 482

assess the versatility of EvoFSM beyond deep re- 483

search, we evaluate it on two interactive decision- 484

making benchmarks, ALFWorld (Shridhar et al., 485

2021) and WebShop (Yao et al., 2022). ALFWorld 486

is a text-based household environment containing 487

134 tasks spanning six types, such as object manip- 488

ulation and navigation. The agent interacts through 489

natural-language actions (e.g., moving to locations, 490

picking up objects) and receives textual observa- 491

tions as feedback. WebShop simulates an online 492

shopping platform with 1.18M real-world prod- 493

ucts and 12k human-written instructions, where 494

the agent must satisfy user requirements by issu- 495

ing search queries and selecting products through 496

multi-step interactions. 497

As shown in Figure 3(a), EvoFSM consistently 498

outperforms both ReAct (Yao et al., 2023) and 499

Reflexion (Shinn et al., 2023), with particularly 500

strong gains on WebShop. These results suggest 501

that the structured FSM execution helps mitigate 502

degenerate long-horizon behaviors such as redun- 503

dant looping, and that the benefits of structured 504

self-evolution transfer from deep research to gen- 505

eral interactive tasks. In terms of efficiency, Fig- 506

ure 3(b) shows that EvoFSM uses slightly more 507
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Figure 4: Effect of number of iterations on accuracy in
the Bamboogle and DeepSearch benchmarks.

reasoning steps than ReAct. This is expected, since508

the FSM explicitly allocates steps for validation509

and disciplined state transitions to improve robust-510

ness, trading a modest increase in steps for higher511

task success rates.512

Impact of Optimization Iterations. We investi-513

gate the impact of the optimization depth on sys-514

tem performance by varying the number of evo-515

lution iterations, as illustrated in Figure 4. Each516

iteration corresponds to a complete cycle of tra-517

jectory analysis, experience extraction, and FSM518

refinement. The results, based on the GPT-4o back-519

bone, demonstrate a clear positive correlation be-520

tween iterative optimization and task accuracy. No-521

tably, on the highly complex DeepSearch bench-522

mark, we observe a substantial 16% performance523

gain as iterations increase, suggesting that intri-524

cate research tasks benefit significantly from con-525

tinuous structural refinement. In contrast, for the526

relatively straightforward Bamboogle benchmark,527

performance rapidly plateaus after just three iter-528

ations. This saturation indicates that while our529

self-evolution mechanism is highly effective, the530

optimal optimization depth is task-dependent. Prac-531

tically, this suggests that EvoFSM can adaptively532

balance performance gains against computational533

overhead, investing more self-evolving steps only534

where the problem complexity demands it.535

Cases Analysis and Discussion. The presented536

cases qualitatively validate the core hypothesis of537

EvoFSM: that robust self-evolution requires the dis-538

tinct treatment of workflow topology and individual539

expertise. As shown in Figure 5, structural bottle-540

necks like infinite search loops typically withstand541

simple prompt adjustments and instead necessi-542

tate a topological intervention, such as ADD_STATE,543

to fundamentally alter the reasoning path. Con- 544

versely, Figure 6 demonstrates that when the work- 545

flow is sound but the output lacks precision, tar- 546

geted REVISE_INSTRUCTION operations effectively 547

sharpen node-specific skills without disrupting the 548

global process. Most importantly, Figure 7 high- 549

lights the necessity of synergistic evolution for 550

complex tasks. By simultaneously deploying a 551

Verifier node to enforce source quality and re- 552

fining the Search Agent to target legal terminolo- 553

gies, EvoFSM successfully transforms a generic re- 554

trieval pipeline into a rigorous legal analysis work- 555

flow. Collectively, these examples illustrate that our 556

structured, decoupled framework enables agents 557

to precisely diagnose and repair specific failure 558

modes. This capability stands in sharp contrast 559

to unstructured rewriting approaches, which often 560

struggle to isolate such orthogonal issues, leading 561

to unstable or unpredictable evolution. 562

5 Conclusion 563

In this paper, we presented EvoFSM, a structured 564

self-evolving framework designed to overcome the 565

limitations of both static workflows and uncon- 566

strained self-evolving agents in deep research tasks. 567

By formalizing the research process as a dynamic 568

Finite State Machine, EvoFSM decouples the op- 569

timization space into macroscopic Flow and mi- 570

croscopic Skill. Unlike existing methods that rely 571

on unstructured global rewriting, our approach em- 572

powers system to adapt through a set of precise 573

atomic operations, ensuring that the self-evolving 574

process remains targeted and controllable. Further- 575

more, the integration of a self-evolving memory 576

mechanism allows the system to distill and trans- 577

fer successful exploration strategies across tasks, 578

facilitating continuous learning. Extensive exper- 579

iments show that our EvoFSM significantly out- 580

performs strong baselines on five multi-hop QA 581

benchmarks while exhibiting superior generaliza- 582

tion in interactive decision-making environments. 583

We believe this paradigm shift—from black-box 584

self-modification to structured, controllable evolu- 585

tion—provides a promising path toward reliable 586

autonomous agents that can tackle complex, open- 587

ended real-world problems. 588

Limitations 589

Despite the promising performance of EvoFSM 590

in automating deep research, three key limitations 591

remain to be addressed in future work. First, our 592

8



framework currently relies entirely on off-the-shelf593

proprietary LLMs via prompt engineering and in-594

context learning. We do not perform any fine-595

tuning or specialized training on the underlying596

models. While this ensures broad accessibility, it597

inherently limits the system’s efficiency and respon-598

siveness, as general-purpose models may struggle599

to internalize complex FSM logic without explicit600

weight updates. Future iterations could benefit sig-601

nificantly from distilling these self-evolving capa-602

bilities into smaller, specialized agents. Second,603

the reliability of the entire self-evolving process604

hinges on the Critic Mechanism. Since the system605

operates without external ground truth during de-606

ployment, it depends on the Critic (itself an LLM)607

to accurately diagnose failures. If the Critic hallu-608

cinates a successful verification or fails to detect609

subtle logical errors, the system may learn incorrect610

patterns or fail to evolve effectively. Developing611

more robust, verification-guided critics remains an612

open challenge. Finally, as the agent continuously613

solves new tasks, the self-evolving memory faces614

a scalability issue. The experience pool currently615

grows indefinitely without a mechanism for consol-616

idation or forgetting. Over time, this accumulation617

may lead to retrieval latency and the retrieval of618

redundant or outdated strategies. Implementing a619

long-term memory management system that can620

abstract, merge, or prune experiences is essential621

for sustaining performance in life-long learning622

scenarios.623
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A Illustrative Examples 788

Case 1: Flow Evolution via ADD_STATE

User Query: "What are the specific environmental impacts of the continuous construction of the Three Gorges Dam
recorded in 2023 reports?"

Initial FSM Execution (Failed):
• [Search Agent]→ Queries "Three Gorges Dam environmental impact 2023".

• [Browse Agent]→ Reads generic Wikipedia pages.

• [Search Agent]→ Queries again (Loop detected).

• Outcome: The system enters a "Search-Browse" infinite loop, unable to find specific 2023 reports, leading to a
timeout.

Evolution (Flow Dimension):

• Diagnosis: The standard loop lacks a mechanism to verify the specificity of the date in retrieved documents.

• Atomic Operation: ADD_STATE(Verifier).

• New Topology: Search→ Browse→ Verifier→ Synthesize.

Evolved FSM Execution (Success):

• ... (Search & Browse steps) ...

• [Verifier Agent] → "The retrieved documents are from 2020. We need specific 2023 data. Refining query to
’Three Gorges Dam annual report 2023 pdf’."

• [Search Agent]→ Executes refined query.

• Outcome: Successfully locates the 2023 annual environmental report and extracts specific data points.
789

Figure 5: An example of Flow Evolution. EvoFSM identifies a reasoning deadlock and structurally intervenes by
injecting a new Verifier state, enabling the system to break out of a low-quality search loop.

Case 2: Instruction Evolution via REVISE_INSTRUCTION

User Query: "Compare the battery energy density of the latest EV models from Tesla, BYD, and Nio launched in Q4
2023."

Initial FSM Execution (Suboptimal):
• [Search Agent]→ Finds comparison articles.

• [Browse Agent]→ Summarizes content: "Tesla has high density, BYD uses Blade battery..."

• Outcome: The answer is vague and qualitative, missing the specific "Wh/kg" numerical values required for a
rigorous comparison.

Evolution (Instruction Dimension):

• Diagnosis: The Browse Agent is summarizing too aggressively, losing critical quantitative details.

• Atomic Operation: REVISE_INSTRUCTION(Browse Agent).

• Modification: Append constraint: "Do not summarize numerical data. Extract exact values with units (e.g.,
Wh/kg) verbatim from the text."

Evolved FSM Execution (Success):

• [Browse Agent] (Evolved)→ Extracts: "Tesla Model 3 Highland: 260 Wh/kg; BYD Seal: 150 Wh/kg..."

• Outcome: A precise, data-driven comparison table is generated.
790

Figure 6: An example of Instruction Evolution. EvoFSM detects information loss in the Browse node and fine-tunes
its system prompt without altering the overall workflow, achieving higher precision.
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Case 3: Synergistic Evolution (Flow + Skill)

User Query: "Analyze how the EU AI Act (late 2023 draft) regulates open-source foundation models compared to
proprietary ones, citing specific Articles."

Phase 1: Initial Failure (Static FSM)
• Execution: Search Agent queries "EU AI Act open source". Browse Agent summarizes TechCrunch articles.

• Failure Mode: The system produces a vague summary ("It has exemptions") without citing specific articles, as it
relies on secondary news sources.

• Diagnosis: 1. Flow Deficit: The workflow lacks a verification step to distinguish official legal texts from news. 2.
Skill Deficit: The Search Agent uses generic keywords instead of legal terminology.

Phase 2: Dual-Dimension Evolution

• Flow Action (Oflow): ADD_STATE(Legal_Verifier). Purpose: To explicitly filter retrieved documents for
official legislative formatting (e.g., "Recital", "Article").

• Skill Action (Oskill): REVISE_INSTRUCTION(Search Agent). Refinement: "Constraint: Do not search for news.
Construct queries targeting specific legal sections (e.g., ’EU AI Act Article 53 exemption’)."

Phase 3: Evolved Success

• New Workflow: Search (Legal-Focused)→ Browse→ Legal_Verifier→ Synthesize.

• Execution: 1. Search Agent executes a precise query. 2. Browse Agent reads the official PDF. 3. Legal_Verifier
confirms: "Found Recital 60i and Article 53(2)."

• Outcome: Synthesizes a legally accurate comparison citing the exact clauses.
791

Figure 7: An example of Synergistic Evolution. EvoFSM simultaneously reconfigures the collaboration topology
(adding a Verifier) and sharpens the individual search expertise. This dual optimization enables the agent to pivot
from superficial news summarization to rigorous legal analysis.
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