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Abstract001

LLM-powered multi-agent systems (MAS)002
have demonstrated strong performance on com-003
plex tasks. However, most existing approaches004
still rely on hand-crafted communication pro-005
tocols or automatically designed communica-006
tion topologies, which generalize poorly across007
tasks. We introduce NeuralFSM, a state-driven008
framework that formulates multi-agent prob-009
lem solving as a finite-state execution pro-010
cess. NeuralFSM learns both the state tran-011
sition distribution and inter-agent communi-012
cation weights from interaction traces using013
a Temporal Coordination Controller. Rather014
than prioritizing explicit structure generation,015
the proposed framework uses task context016
to modulate transition and routing decisions,017
enabling flexible coordination without man-018
ual protocol design. To improve robustness019
against noisy or adversarial agents, we in-020
corporate graph regularization during train-021
ing and apply trust-aware message attenuation022
at runtime. Experiments on diverse bench-023
marks show that NeuralFSM consistently out-024
performs prior baselines by an average margin025
of 6.74% ∼ 19.39%, while substantially reduc-026
ing token consumption. Moreover, NeuralFSM027
exhibits strong inherent robustness, which is028
further enhanced by the protection layer, result-029
ing in only a 1.82% performance drop under030
attack1.031

1 Introduction032

Large language models (LLMs) have enabled033

strong reasoning and generation capabilities, moti-034

vating LLM-based multi-agent systems (MAS) that035

decompose complex tasks into specialized roles036

and collaborative interactions (Wu et al., 2024a;037

Hong et al., 2023; Qian et al., 2024a). In many038

domains, such role specialization and coordination039

can outperform single-agent prompting, while also040

1Our anonymous code is available at https://anonymous.
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Figure 1: Comparison of multi-agent system design
paradigms. Hand-crafted approaches rely on fixed inter-
agent communication routing, lacking cross-domain
flexibility, while broadcast-style collaboration incurs
significant communication overhead. Automatically
designed methods can learn problem-specific com-
munication routing but still require partial specifying
the initial agent interaction graph. In contrast, our
approach dynamically and adaptively performs both
state-conditioned transitions and communication rout-
ing within an FSM for each problem, guided by a tem-
poral coordination controller.

improving interpretability through explicit interme- 041

diate artifacts (Guo et al., 2024; Li et al., 2024; 042

Tran et al., 2025). 043

Despite this progress, existing MAS are often 044

limited by (i) fixed or hand-crafted communication 045

topologies that fail to adapt to task context (Park 046

et al., 2023; Zhang et al., 2024a), (ii) manually 047

specified state-machine rules that require exten- 048

sive domain engineering (Zhang et al., 2025c; Wu 049

et al., 2024b), (iii) inefficient information sharing 050

via broadcast or ad-hoc routing (Chen et al., 2025; 051

Wu et al., 2024a), and (iv) fragility under noisy or 052

adversarial agents as both coordination scale and 053

domain complexity increase (Wang et al., 2025; Li 054

et al., 2025c). 055
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Figure 2: Overview of the NeuralFSM Framework. (Left) Initialization of the FSM by embedding the problem
instance, agents, and states into a shared vector space. (Middle) A temporal Coordination Controller processes
interaction trajectories to produce state transition distribution and communication routing weights. (Right) Joint
optimization of the controller parameters and FSM execution by maximizing the effectiveness-efficiency objective
under a fixed horizon, with robustness further enhanced by a dual-defense protection mechanism.

Recent work has explored automated MAS con-056

struction and workflow search (Zhuge et al., 2024;057

Zhang et al., 2024b; Yuan et al., 2025; Hu et al.,058

2024; Zhang et al., 2025b,a; Ke et al., 2025; Yang059

et al., 2025), topology learning and communication060

optimization (Li et al., 2025b; Yue et al., 2025; Li061

et al., 2025a; Zhou et al., 2025; Feng et al., 2025;062

Chen et al., 2025), FSM-driven system synthesis063

(Zhang et al., 2025c; Wu et al., 2024b; Liu et al.,064

2023; Xinjie et al., 2025), and robustness-oriented065

defenses (Wang et al., 2025; Li et al., 2025c). How-066

ever, these directions are typically studied in isola-067

tion, lacking a unified learning-based coordination068

framework.069

To address these challenges, we propose Neu-070

ralFSM: a framework that uses Temporal Graph071

Networks (TGN) (Rossi et al., 2020) as a task-072

adaptive finite-state temporal coordination con-073

troller to learn multi-agent coordination. TGNs074

extend graph neural networks to dynamic graphs075

evolving by updating node memories through tem-076

poral message passing. Our key insight is that077

inter-agent coordination naturally forms a dynamic078

interaction graph, making TGNs well suited for079

learning finite-state execution policies.080

NeuralFSM performs task-conditioned coordi-081

nation modeling. The controller conditions TGN-082

based predictors on task representations and exe-083

cution context, enabling adaptive state transitions 084

and communication routing without manually de- 085

signed protocols or task-specific rules. The con- 086

troller learns probabilistic distributions governing 087

both state transitions and inter-agent communica- 088

tions from interaction traces within a finite state 089

machine (FSM), thereby enabling task-adaptive co- 090

ordination policies that generate structured and con- 091

trollable execution trajectories. 092

NeuralFSM also includes a dual-defense protec- 093

tion layer, which regularizes anomalous commu- 094

nications during training and attenuates low-trust 095

messages at runtime, improving robustness without 096

altering the normal coordination mechanism. 097

Our main contributions are summarized as follows: 098

Adaptive FSM traversal. We cast coordination 099

as traversing a Finite State Machine and learn a 100

history-aware temporal coordination controller that 101

jointly predicts state transitions and sparse commu- 102

nication routing from interaction traces. 103

Dual-Defense Protection. We introduce a pro- 104

tection layer combining training-time graph regu- 105

larization with runtime trust-aware message attenu- 106

ation to mitigate frequency and semantic attacks. 107

Empirical evaluation of effectiveness, effi- 108

ciency, and robustness. Across six benchmarks, 109

NeuralFSM achieves the best average performance, 110

surpassing prior baselines by 6.74% ∼ 19.39%, 111
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while reducing token cost via sparse routing and112

improving robustness under attack.113

2 Related Work114

Automated MAS Design and Topology Learn-115

ing. Prior work constructs LLM-based multi-116

agent systems through workflow-oriented proto-117

cols and predefined templates (e.g., CAMEL, Auto-118

Gen, MetaGPT, and ChatDev) (Li et al., 2023; Wu119

et al., 2024a; Hong et al., 2023; Qian et al., 2024a),120

as well as automated workflow search and com-121

position methods (Zhang et al., 2025c; Hu et al.,122

2024; Yuan et al., 2025; Zhang et al., 2025a, 2024b,123

2025b; Ke et al., 2025; Yang et al., 2025). A com-124

plementary line of work focuses on learning or125

optimizing inter-agent communication topologies126

(Zhang et al., 2024a; Li et al., 2025b; Yue et al.,127

2025; Zhou et al., 2025; Li et al., 2025a; Chen128

et al., 2025; Feng et al., 2025; Xinjie et al., 2025).129

In contrast, NeuralFSM does not produce a fixed130

workflow or topology; instead, it learns a history-131

aware controller that traverses a reusable FSM via132

task-conditioned state transitions and sparse rout-133

ing decisions.134

Robustness and Security. Prior work stud-135

ies the safety and robustness of LLM-based MAS136

from multiple perspectives, including topology-137

aware safety analyses (Yu et al., 2025; Wang et al.,138

2025), defenses against unknown or evolving at-139

tacks (Miao et al., 2025; Zeng et al., 2024), trust140

management (He et al., 2025; Amayuelas et al.,141

2024), and anomaly-aware mitigation for unreli-142

able communications (Li et al., 2025c).143

3 Problem Formulation144

Given a domain problem q ∈ Σ, a finite state145

machine autonomously generates a set of states146

S = {s0, s1, . . . , sn−1} and a corresponding set of147

agents A = {a0, a1, . . . , am−1} from the problem148

description. Our goal is to learn a coordination149

policy within the FSM that reliably solves q based150

on generated states, while minimizing unnecessary151

communication and tool or LLM calls.152

3.1 Coordination policy153

NeuralFSM executes in discrete steps t ∈154

{0, . . . , Tmax − 1} with state st ∈ S. At each155

step, the controller makes two coupled decisions:156

state transition, sample the next state st+1; and157

communication routing, select a sparse receiver158

set {ar}t ⊆ A with |{ar}t| ≤ k, which obtains the 159

output of sate st. 160

Let q = Enc(q) denote the problem embedding 161

and ct denote the accumulated execution context at 162

step t. The coordination policy is parameterized by 163

θ and factorized as: πθ(st+1, {ar}t | st, ct,q) = 164

P trans
θ (st+1 | st, ct,q) · P route

θ ({ar}t | st, ct,q), 165

where P trans
θ and P route

θ are distinct conditional dis- 166

tributions that share parameters θ through a com- 167

mon encoder, corresponding to state transition con- 168

trol and sparse communication routing. 169

Given st+1, the responsible agent ȧt+1 = 170

responsible(st+1), which may be reused across 171

multiple states, is executed and produces an output 172

ot+1, which is routed to {ar}t+1 and used to up- 173

date the context ct+1. A rollout yields a trajectory τ 174

comprising accessed states, agent executions, rout- 175

ing decisions, and context updates, whose length is 176

bounded by a fixed horizon Tmax. 177

3.2 Objective 178

We optimize a coordination policy that explicitly 179

trades off performance and cost. Let R(q, y, τ) 180

denote the execution reward of an FSM rollout τ , 181

provided by a task-specific evaluator u(q, τ) that 182

compares the prediction ŷ with the ground-truth y. 183

Let C(τ) denote the execution cost incurred during 184

the rollout. The learning objective is formulated as 185

the maximization of an expected utility: 186

θ∗ = argmax
θ

Eτ∼πθ

[
R(q, y, τ)− νC(τ)

]
, (1) 187

where ν > 0 controls the trade-off between perfor- 188

mance and cost. In Section 4, we instantiate πθ as a 189

temporal coordination controller and optimize a dif- 190

ferentiable multi-objective loss that jointly captures 191

execution performance, communication sparsity, 192

cost awareness, and robustness. 193

4 NeuralFSM 194

As shown in Fig. 2, this section presents Neu- 195

ralFSM as a task-adaptive coordination mechanism 196

formalized as a finite-state process. It consists of 197

three components: (i) an FSM backbone that de- 198

fines the coordination search space, (ii) a temporal 199

coordination controller that predicts state transi- 200

tions and communication routing conditioned on 201

the task and execution context, and (iii) a specific 202

protection layer designed for adversarial settings. 203

4.1 FSM Backbone 204

Following the classical formulation of finite state 205

machines (Moore et al., 1956), we define an FSM 206
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tuple extended with an explicit agent set and a com-207

munication mapping:208

FSM = (S,Σ,A, δ,L, s0,F), (2)209

where S represents the set of states, correspond-210

ing to distinct phases in the problem-solving pro-211

cess, Σ is the input alphabet representing the set212

of domain problems, δ : S × X → S is the state213

transition function determining the next state given214

the current state and contextual information X ac-215

cumulated during execution, L : S → 2A is the216

communication mapping enabling selective infor-217

mation flow based on relevance, s0 ∈ S is the218

initial state and F ⊆ S is the set of final states, and219

the rollout returns an final answer by executing a220

final state.221

Neural Finite State Machine dynamically tra-222

verses a task-adaptive sequence of states s0→s2→223

· · · → sn, with the ability to backtrack from the224

current state to a previously visited state. Both225

forward transitions and backtracking behaviors are226

determined by the controller πθ, as shown in Fig. 1.227

4.2 Temporal Coordination Controller228

Section 3 formulates coordination as state transi-229

tions with sparse routing. At step t, the controller230

produces (i) a transition distribution over S and (ii)231

communication weights over A, both conditioned232

on feature embeddings and execution context:233

P trans
θ (τ) = softmax

(
f trans
θ (st, ct,q)

)
, (3)234

235
wt(τ) = f comm

θ (st, ct,q) ∈ [0, 1]m, (4)236

where wt(τ) parameterizes the routing distribution237

P route
θ induced by sparse sampling: P route

θ ({ar}t |238

st, ct,q) := Pr
(
Samplek(wt(τ), k) = {ar}t

)
.239

The receiver budget k enforces communication240

sparsity and controls context growth.241

The two heads f trans
θ and f comm

θ share a tempo-242

ral interaction encoder that encodes how informa-243

tion propagates across agents over time. Static244

graph designs compress the entire interaction his-245

tory into a single fixed topology, thereby discard-246

ing temporal credit assignment information and247

preventing the collaboration pattern from being248

adjusted according to task-solving progress, i.e.249

state. Consequently, NeuralFSM models the multi-250

agent collaboration pattern within each rollout τ251

as a time-stamped directed communication graph252

G = (V,Eτ ), and learns a history encoder ϕθ that253

maps past interactions on G into per-agent mem-254

ories, which are then used as representations for255

predicting the next state and communication rout- 256

ing decisions. 257

In a graph G, the node set V corresponds to 258

agents, and the time-stamped directed edge set Eτ 259

represents routed communications. The controller 260

maintains a memory state mv(t) for each node v 261

and updates it through message passing over ob- 262

served interactions. The resulting node represen- 263

tation is denoted as hv(t) = gθ(mv(t), ev), where 264

ev is the embedding of node v and gθ is a learnable 265

decoder. 266

Temporal message. For an interaction (u→ v) 267

at time t with edge features euv and time gap ∆tuv, 268

we compute 269

m(u→ v, t) = ϕθ
(
[hu(t),hv(t), euv, ψ(∆tuv)]

)
,

(5) 270

where ψ(∆t) is a temporal encoding (Fourier fea- 271

tures with learnable frequencies {ωℓ}
dψ
ℓ=1): 272

ψ(∆t) =
[
cos(ω1∆t), sin(ω1∆t), . . . ,

cos(ωdψ∆t), sin(ωdψ∆t)
]
.

(6) 273

Aggregation and update. Incoming messages 274

are aggregated to update memory: 275

Mt
v = Agg

(
{m(u→ v, t) : u ∈ N (v)}

)
,

mv(t) = Updθ(mv(t
−),Mt

v),
(7) 276

where t− denotes the previous time step. We then 277

derive per-agent features and a global interaction 278

summary: 279

zaj (t) = paθ
(
haj (t)

)
,

gt = Pool
(
{haj (t)}m−1

j=0

)
,

(8) 280

where p∗θ(·) is a projection and Pool(·) denotes at- 281

tention pooling. We augment the execution context 282

as 283

c̃t =
[
ct,gt

]
, (9) 284

so the controller conditions on both ct and interac- 285

tion history. 286

Transition head. Let est be the embedding of 287

state st. We compute transition logits by fusing 288

state, task, and context features: 289

zs = psθ(est), zq = pqθ(q), zc = pcθ(c̃t),

f trans
θ (st, ct,q) = rtrans

θ

(
[zs, zq, zc]

T
)
,

(10) 290

which instantiates Eq. (3). Here, rtrans
θ (·) is a 291

learnable readout mapping the fused representation 292

[zs, zc, zq] to a |S|-dimensional logit vector over 293

4



next states. Similarly, rQθ (·) and rKθ (·) are learn-294

able readouts that produce query and key vectors295

for computing routing scores. In our implementa-296

tion, these readouts are lightweight feed-forward297

networks whose parameters are included in θ.298

Routing head. We compute per-agent routing299

scores wt,j ∈ [0, 1] via query-key compatibility300

between the fused representation and per-agent fea-301

tures:302

Qt = rQθ
(
[zs, zq, zc]

)
,Kj(t) = rKθ

(
zaj (t)

)
.303

304

ut,j =
Q⊤

t Kj(t)√
dk

, wt,j = σ
(
ut,j

)
, (11)305

where σ(·) is the sigmoid and dk is the query/key306

dimension. The vector wt(τ) = [wt,0, ..., wt,m−1]307

instantiates Eq. (4).308

To optimize Eq. (1) with discrete state traversal,309

we use a Monte Carlo policy-gradient estimator310

(REINFORCE; (Williams, 1992)) with trajectory-311

level regularizers, yielding the multi-objective loss:312

Ltotal = Lstate + γLcomm + νLcost

+ ζLmax + λLprotect,
(12)313

where each term corresponds to a specific coordina-314

tion requirement and is computed on the sampled315

trajectory τ .316

Unified state-transition learning signal. We317

merge an outcome-driven policy gradient signal318

with a transition-likelihood regularizer into a single319

state-transition loss:320

Lstate = −
Tmax−1∑
t=0

logP trans
θ (τ) ·

(
α(R− b) + β

)
,

(13)321

where b is the average reward based on historical322

batches. The term α(R − b) provides outcome-323

driven credit assignment, while β stabilizes learn-324

ing under sparse rewards.325

Routing likelihood. Let yt,j ∈ {0, 1} indicate326

whether agent aj is selected as a receiver at step327

t. Given routing scores wt,j , we use a Bernoulli328

cross-entropy objective:329

Lcomm =−
Tmax−1∑
t=0

m−1∑
j=0

(
yt,j log(wt,j + ϵ)

+ (1− yt,j) log(1− wt,j + ϵ)
)
.

(14)330

Cost and horizon regularization. We set331

Lcost = (C(τ) − Cbaseline)
2 with a running base-332

line Cbaseline, and use Lmax = 1[|τ | = Tmax] to333

discourage degenerate long traversals.334

Lprotect is enabled only when the protection mod- 335

ule is active. The complete optimization and ex- 336

ecution procedures in this section are provided in 337

Appendix B (Algorithms 1–2). 338

4.3 Protection Layer 339

To address robustness issues arising from adversar- 340

ial agents, we augment NeuralFSM with a protec- 341

tion layer. 342

Threat model. A subset of agents may be compro- 343

mised and can affect coordination via the commu- 344

nication channel of the induced graph G. We con- 345

sider two representative attacks: (i) frequency at- 346

tacks, where compromised agents inject messages 347

at an abnormally high rate, and (ii) semantic at- 348

tacks, where compromised agents inject misleading 349

content into the execution context ct. We parame- 350

terize attacks by an attacked-agent ratio ρ ∈ (0, 1] 351

and an attack strength η > 0. 352

The protection layer computes (i) a structural 353

priority π(i) on G and (ii) an online anomaly 354

score φ(i, t), then derives a bounded trust score 355

trust(i, t) ∈ [0, 1] used for runtime attenuation and 356

training-time regularization. 357

Centrality analysis. On the induced directed 358

communication graph G(V,Eτ ), we compute a pri- 359

ority score from two centrality measures, between- 360

ness centrality BC(i) and PageRank PR(i), whose 361

formal definitions are provided in Appendix D.1: 362

π(i) = wBC BC(i) + wPR PR(i), (15) 363

where wBC, wPR ≥ 0 and wBC + wPR = 1. The 364

score π(i) serves as a graph-centric prior on struc- 365

tural influence. 366

Anomaly detection. We compute an online 367

anomaly score from two complementary observ- 368

able anomalous signals, frequency anomaly φfreq 369

and semantic anomaly φsem, whose computations 370

are described in Appendix D.2: 371

φ(i, t) = σ
(
ωfreqφfreq(i, t) + ωsemφsem(i, t)

)
,

(16) 372

where ωfreq, ωsem ≥ 0 are fusion weights, and 373

ωfreq + ωsem = 1. 374

We convert π(i) and φ(i, t) into a bounded trust 375

score that penalizes anomalous senders while ac- 376

counting for graph structure: 377

trust(i, t) = σ
(
π(i)

)
·
(
1− φ(i, t)

)
. (17) 378

Dual-defense strategy. We deploy the protec- 379

tion layer in two complementary ways. (i) Run- 380
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time defense. The protection layer attenuates mes-381

sage representations produced by the temporal co-382

ordination controller using sender trust:383

m̃(u→ v, t) = trust(u, t) ·m(u→ v, t), (18)384

which reduces the influence of low-trust senders385

while preserving useful signals in clean-setting. (ii)386

Training-time defense. During training, a protec-387

tion regularizer Lprotect (see Appendix D.3) discour-388

ages strong messages from low-trust sources.389

5 Experiments390

5.1 Experiment Setup391

Tasks and Benchmarks. We evaluate NeuralFSM392

on a diverse set of domains spanning mathemat-393

ical reasoning, GSM8K (Cobbe et al., 2021),394

MATH (Hendrycks et al., 2021); code synthesis,395

HumanEval (Chen, 2021), MBPP (Austin et al.,396

2021); knowledge-intensive QA, GPQA (Rein397

et al., 2024); multi-hop QA, HotpotQA (Yang et al.,398

2018), 2WikiMultiHopQA (Ho et al., 2020), and399

MuSiQue (Trivedi et al., 2022); embodied deci-400

sions, ALFWorld (Shridhar et al., 2020); and tool401

using, GAIA (Mialon et al., 2023).402

Baselines. We compare against three baseline403

families: Single-agent prompting: IO (OpenAI,404

2025), CoT (Wei et al., 2022), and self-consistency405

(CoT×5) (Wang et al., 2022). Hand-crafted MAS:406

DyLAN (Liu et al., 2024), LLM-Debate (Du et al.,407

2023), AgentVerse (Chen et al., 2024), and Mac-408

Net (Qian et al., 2024b). Automatically designed409

MAS: GPTSwarm (Zhuge et al., 2024), AutoA-410

gents (Chen et al., 2023), AFlow (Zhang et al.,411

2024b), G-Designer (Zhang et al., 2024a), and412

MaAS (Zhang et al., 2025b). For multi-hop QA,413

we additionally include strong reasoning baselines414

KAG (Liang et al., 2025), CoA (Zhang et al.,415

2024c), and ReAgent (Xinjie et al., 2025).416

LLM Backbones. We use four closed-source417

models in our paper: gpt-5-nano, gpt-4o-mini,418

gpt-4.1-nano, and grok-3-mini. All LLMs are419

accessed via APIs, with the temperature set to 1.420

Parameter Configuration. Unless otherwise421

stated, we use a rollout horizon Tmax = 8 and422

a sparse receiver budget k = 3. The embbeding423

function Enc(·) adopts all-MiniLM-L6-v2 (Wang424

et al., 2020). Loss weights follow Section 4.2 with425

(α, β, γ, ν, ζ, λ) = (1.0, 0.3, 0.2, 0.1, 0.5, 0.3).426

For attack settings, we set (ρ, η) = (0.5, 3.0)427

by default. For the protection layer, the follow-428

ing parameters are fixed across all robustness429

runs: (wBC, wPR) = (0.6, 0.4), dPR = 0.85, 430

(ωfreq, ωsem) = (0.3, 0.7). 431

5.2 Performance Analysis 432

We compare NeuralFSM with 13 baselines on the 433

GSM8K, MATH, GPQA, HumanEval, MBPP and 434

ALFWorld benchmarks in Table 1, and with 7 base- 435

lines on multi-hop QA benchmarks in Table 2. In 436

addition, we analyze the model transferability of 437

NeuralFSM in Table 6. The experimental results 438

are analyzed as follows: 439

NeuralFSM achieves the best overall perfor- 440

mance across six benchmarks. Compared to state- 441

of-the-art (SOTA) designed MAS, NeuralFSM pro- 442

duces an average improvement of 6.74%; relative 443

to the single-agent IO baseline, the average gain 444

increases to 19.39%. The improvements are most 445

pronounced in benchmarks with high interaction 446

demands. For example, on MATH, NeuralFSM 447

outperforms IO by 21.69% and the SOTA baseline 448

by 12.75%. On GPQA and ALFWorld, it further 449

surpasses the SOTA by 13.28% and 5.63%, respec- 450

tively. These results are consistent with the ad- 451

vantages conferred by task-conditioned finite-state 452

traversal. 453

On three multi-hop QA benchmarks, Neu- 454

ralFSM achieves the best overall performance. 455

Compared to the strongest multi-hop baseline 456

ReAgent, NeuralFSM achieves an average improve- 457

ment of 15.21%, with consistent gains of 6.29% 458

on HotpotQA, 13.88% on 2Wiki, and 32.98% on 459

MuSiQue. Notably, the performance of single- 460

model prompting varies substantially with the 461

choice of backbone (avg. 36.49–46.72), whereas 462

the coordinated execution enabled by NeuralFSM 463

yields a markedly larger performance improvement 464

(45.96% over CoA) than simply switching to a 465

stronger backbone. 466

On GAIA, NeuralFSM benefits from stronger 467

LLM backbones while effectively controlling 468

cost. The average score increases from 4.18 469

(gpt-4o-mini) to 12.75 (gpt-5-nano), corre- 470

sponding to a 205.0% relative improvement, while 471

the cost increases by only 135.0%. Switching to 472

grok-3-mini yields a modest additional perfor- 473

mance gain of 17.5% over gpt-5-nano, but nearly 474

doubles the cost. Especially at Level 2, perfor- 475

mance improves by only 10.0% while the cost in- 476

creases by 80.5%. At Level 3, performance even 477

drops by 49.9%, despite a 147.6% increase in cost. 478

These results indicate that Levels 2–3 remain chal- 479

lenging across different backbones, suggesting that 480
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Methods GSM8K MATH GPQA HumanEval MBPP ALFWorld Avg.

IO(OpenAI, 2025) 92.19 76.31 48.99 90.15 78.73 41.63 71.33
CoT(Wei et al., 2022) 91.95−0.24 76.12−0.19 49.08+0.09 91.26+1.11 78.52−0.21 42.81+1.18 71.62+0.29

SC (CoT×5)(Wang et al., 2022) 92.76+0.57 77.85+1.54 49.17+0.18 91.49+1.34 80.24+1.51 43.42+1.79 72.49+1.16

DyLAN(Liu et al., 2024) 94.72+2.53 78.41+2.10 50.36+1.37 91.70+1.55 83.90+5.17 55.10+13.47 75.70+4.37

LLM-Debate(Du et al., 2023) 94.55+2.36 77.94+1.63 50.24+1.25 91.38+1.23 84.11+5.38 48.67+7.04 74.48+3.15

AgentVerse(Chen et al., 2024) 94.85+2.66 77.56+1.25 51.53+2.54 92.13+1.98 82.45+3.72 47.39+5.76 74.32+2.99

MacNet(Qian et al., 2024b) 93.03+0.84 75.29−1.02 50.75+1.76 89.66−0.49 74.27−4.46 47.01+5.38 71.67+0.34

GPTSwarm(Zhuge et al., 2024) 93.74+1.55 78.09+1.78 52.65+3.66 91.81+1.66 84.39+5.66 55.88+14.25 76.09+4.76

AutoAgents(Chen et al., 2023) 92.68+0.49 74.63−1.68 52.73+3.74 90.30+0.15 78.53−0.20 49.75+8.12 73.10+1.77

AFlow(Zhang et al., 2024b) 95.50+3.31 80.96+4.65 53.83+4.84 93.10+2.95 88.31+9.58 61.94+20.31 78.94+7.61

G-Designer(Zhang et al., 2024a) 96.17+3.98 80.78+4.47 53.06+4.07 91.47+1.32 87.87+9.14 54.32+12.69 77.28+5.95

MaAS(Zhang et al., 2025b) 97.09+4.90 81.22+4.91 54.91+5.92 94.72+4.57 88.16+9.43 62.55+20.92 79.78+8.45

MasHost(Yang et al., 2025) 98.41+6.22 82.36+6.05 55.28+6.29 93.15+3.00 87.93+9.20 62.27+20.64 79.90+8.57

NeuralFSM (Ours) 98.81+6.62 92.86+16.55 63.14+14.15 98.73+8.58 91.36+12.63 66.07+24.44 85.16+13.83

Table 1: Performance comparison across benchmarks with single-agent systems, hand-craft multi-agent systems,
and automatically designed multi-agent systems. gpt-5-nano is used as LLM backbone for all baselines. We bold
the best results and underline the runner-ups.

Models / Methods HotpotQA2WikiMusique Avg.

GPT-4o-mini 35.97 50.43 23.06 36.49
GPT-4.1-nano 37.92 51.25 24.54 37.90
GPT-5-nano 43.69 57.11 29.68 43.49
Grok-3-mini 49.71 59.39 31.05 46.72

CoA(Zhang et al., 2024c) 44.54 58.19 30.82 44.52
KAG(Liang et al., 2025) 58.70 65.32 32.25 52.09
ReAgent(Xinjie et al., 2025) 62.16 70.40 36.63 56.40
NeuralFSM (Ours) 66.07 80.17 48.71 64.98

Table 2: Performance of different models and methods
across three multi-hop QA datasets. All four LLM-
based methods use gpt-5-nano as the backbone.

the remaining failures are primarily attributable to481

limitations of the underlying base models rather482

than coordination collapse.483

5.3 Cost Analysis484

NeuralFSM improves the effectiveness–efficiency485

frontier across representative benchmarks in Fig. 3.486

On GSM8K, it achieves comparable accuracy487

while using 66.67% fewer tokens than MasHost.488

On MATH, NeuralFSM improves accuracy by489

12.77% while using 51.76% fewer tokens than490

MasHost. Similar Pareto-dominant behavior is491

observed on HumanEval, where NeuralFSM re-492

duces token usage by approximately 60.45% com-493

pared to MaAS while improving pass@1 by 4.23%,494

as well as on MBPP, where it uses about 66.08%495

fewer tokens than AFlow and improves pass@1496

by 3.45%. These results support our claim that497

task-conditioned traversal combined with sparse498
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Figure 3: Performance-cost evaluation. Accu-
racy/pass@1 versus token consumption compared to
representative baselines.

routing effectively reduces redundant deliberation 499

and uncontrolled context growth. 500

5.4 Framework Analysis 501

Sensitivity Analysis. As shown in Fig. 4, increas- 502

ing the FSM size and rollout horizon reveals clear 503

diminishing returns. Increasing the FSM size from 504

Datasets GSM8K MATH

Perf. Cost ($) Perf. Cost ($)

NeuralFSM 98.81 0.164 92.86 0.395
w/o Protection 98.67 0.159 92.78 0.389
w/o Trans 96.13 0.197 87.64 0.623
w/o Comm 96.03 0.192 88.61 0.432

Table 3: Ablation study of NeuralFSM.
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Figure 4: Parameter sensitivity of NeuralFSM. We vary
FSM size S, rollout horizon Tmax, attack strength η,
and attacked-agent ratio ρ, reporting performance and
cost.

S = 3 to S = 7 yields a 10.02% relative perfor-505

mance improvement at the expense of a 15.21%506

increase in cost, whereas further enlarging the state507

space provides negligible additional benefit. Simi-508

larly, extending the rollout horizon from Tmax = 4509

to Tmax = 8 improves performance by 4.22%,510

while increasing Tmax beyond 8 leads to a 0.54%511

performance drop accompanied by a sharp 50.45%512

increase in cost, suggesting that adopting Tmax = 8513

as the default setting in this paper is reasonable. Un-514

der attack settings without protection, increasing515

the attack strength η and the attacked-agent ratio516

ρ monotonically degrades performance while in-517

creasing cost. Specifically, raising η from 1.0 to518

3.0 results in a 8.25% performance decrease and an519

11.39% increase in cost, while increasing ρ from520

0.3 to 0.7 causes performance to drop by 12.08%521

and cost to rise by 29.63%.522

Ablation Study. Table 3 shows that removing the523

protection layer under no-attack settings leads to524

almost no change in either performance or cost for525

NeuralFSM, suggesting that the protection mech-526

anism does not interfere with the normal execu-527

tion of NeuralFSM. In contrast, disabling transition528

prediction significantly degrades performance, re-529

sulting in a 5.62% drop in accuracy and a 57.72%530

increase in cost on MATH, which indicates that531

learned traversal is crucial for hard multi-step rea-532

soning. Disabling communication sampling also533

reduces performance, with a 2.82% decrease on534
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Figure 5: Robustness of NeuralFSM and other base-
lines under attack on GSM8K: accuracy in clean-setting,
under attack, and with our proposed protection layer
enabled.

GSM8K and a 17.07% increase in cost. 535

5.5 Robustness Analysis 536

As shown in Fig. 5, the protection layer provides 537

nearly complete isolation of NeuralFSM from com- 538

munication channel attacks, and even without a 539

protection layer, NeuralFSM demonstrates strong 540

inherent robustness to attacks. Under attack, all 541

baselines suffer substantial relative performance 542

degradations: DyLAN drops by 17.11%, MaAS by 543

26.47% and MasHost by 18.60%. In contrast, Neu- 544

ralFSM exhibits markedly greater resilience with- 545

out protection, with a relative performance drop 546

of 9.31%. Enabling the proposed protection layer 547

further improves accuracy by 8.26% relative to the 548

unprotected, reducing the remaining gap to clean 549

performance to just 1.82%. These results are con- 550

sistent with our dual-defense design, indicating that 551

the protection layer effectively mitigates the influ- 552

ence of abnormal messages without disrupting the 553

coordination mechanism. Additional robustness 554

experiment is shown in Appendix E.2. 555

6 Conclusion 556

In this paper, we present NeuralFSM, a task- 557

adaptive coordination framework that executes a 558

finite-state process per problem and learns both 559

state transitions and sparse communication routing 560

via a temporal coordination controller. Unlike ap- 561

proaches that rely on a fixed collaboration topology, 562

NeuralFSM generates time-step execution trajecto- 563

ries specific to the internal state of a reusable FSM, 564

enabling adaptive execution policies that balance 565

effectiveness and efficiency. Experiments on six 566

benchmarks demonstrate that NeuralFSM achieves 567

superior performance at markedly lower token cost. 568

A specific protection layer further enhances robust- 569

ness during coordination in adversarial settings. 570
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Limitations571

Although NeuralFSM outperforms fixed-protocol572

orchestration and other parameter optimization573

methods in both performance and cost by train-574

ing a task-conditional coordinator to learn finite-575

state execution policies, ensuring policy stability576

and transferability still depends on careful hyper-577

parameter tuning and sufficient interaction traces.578

Especially under varying task distributions, further579

investigation is required to enable automatic adap-580

tation of key hyperparameters–such as the horizon581

Tmax–based on interaction traces across different582

task domains, achieving stronger cross-domain gen-583

eralization capabilities. This direction constitutes584

an important avenue for future work. Moreover, the585

benchmarks adopted in our experiments are not par-586

ticularly challenging for contemporary LLM back-587

bones and are primarily selected to align with prior588

baselines. Finally, robustness remains an open and589

evolving challenge: as attack strategies continue to590

develop, corresponding defense mechanisms may591

require continual refinement to maintain reliable592

deployment in open environments.593
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A Notation883

We present a comprehensive review of commonly884

used notation and their definitions in Table 4.885

B Algorithm886

We provide the complete pseudocode referenced in887

Section 4. The algorithmic steps are consistent with888

the coordination policy and the learning objective.889

Algorithm 1 performs end-to-end learning of the890

task-conditioned coordination policy described in891

Section 3. Each episode rolls out a trajectory τ by892

repeatedly sampling the next state from P trans
θ (τ)893

and selecting a sparse receiver set from wt(τ),894

while executing the responsible agent of the visited895

state and updating the shared context ct. The pa-896

rameters θ are optimized with the integrated objec-897

tive Ltotal in Section 4.2, combining state-control898

learning, routing regularization, cost-aware shap-899

ing, and robustness regularization.900

Algorithm 2 is the deployment-time executor.901

Given an input q, it traverses the master FSM for902

up to Tmax steps, producing a sequence of states903

and sparse communications that is conditioned on904

the evolving context ct. The resulting execution905

log exposes which state was chosen, which agent906

acted, and which receivers were routed at each907

step, enabling both interpretability and controllable908

decoding.909

Algorithm 3 describes the protection layer in910

Section 4.3. It computes a graph-centric prior911

π(i) from centrality on the induced communica-912

tion graph and an online anomaly score φ(i, t)913

from frequency and semantic signals, then con-914

verts them into a bounded trust score trust(i, t). At915

runtime, the controller attenuates message repre-916

sentations through m̃(·, t) before producing state-917

transition and routing predictions, reducing the in-918

fluence of suspicious senders while preserving the919

clean-setting coordination mechanism. The pro-920

tection loss Lprotect is used only during training as921

a regularizer and is not computed in this forward922

pass routine.923

C Dataset Statistics and Splits924

Table 5 summarizes the dataset statistics used in our925

pipeline, where all datasets are initially obtained926

from authenticated Hugging Face repositories, and927

we have not used this data for commercial pur-928

poses. Unless otherwise specified, we construct929

a lightweight benchmark subset by stratified sam-930

pling based on the difficulty of different bench-931

marks and split them into train/test with a fixed 932

ratio of 4:1 to standardize training signals and eval- 933

uation difficulty across domains. For train-only 934

benchmarks (Humaneval, GPQA, and GAIA), the 935

test size is marked as “–”, with GAIA contain- 936

ing 165 questions (53/86/26 across three levels). 937

For multi-hop QA tasks, EM denotes Exact Match, 938

i.e., the percentage of predictions that match the 939

ground-truth answer string exactly after standard 940

normalization. 941

D Protection Mechanism Implementation 942

Methods 943

D.1 Centrality Measures 944

The definitions of the two centrality measures used 945

in the paper are as follows: First, Betweenness 946

centrality: 947

BC(i) =
∑
s,t∈V

s ̸=i ̸=t, s ̸=t

σst(i)

σst
, (19) 948

where σst is the number of shortest paths from s 949

to t and σst(i) counts those paths that pass through 950

node i. Second, PageRank with damping factor 951

dPR ∈ (0, 1): 952

PR(i) =
1− dPR

|V |
+dPR

∑
j∈Nin(i)

PR(j)
max(1, degout(j))

(20) 953

, where Nin(i) denotes in-neighbors and degout(j) 954

is out-degree. 955

D.2 Anomalous Signals 956

The definitions and computations for the two 957

anomalous signals are as follows: (i) Frequency 958

anomaly. We define the behavior of an agent inject- 959

ing messages into the system at a high frequency 960

as frequency anomaly. Let ni(t;W ) be the number 961

of messages sent by agent i within a window of 962

size W ending at t, and let µW (t), σW (t) be the 963

mean and standard deviation of {nj(t;W )}m−1
j=0 . 964

We define 965

φfreq(i, t) = σ
(ni(t;W )− µW (t)

σW (t) + ϵ

)
, (21) 966

where σ(·) is the sigmoid and ϵ > 0 is a small 967

constant. (ii) Semantic anomaly. We define the 968

behavior of an agent’s execution output is incon- 969

sistent with the problem and the current context 970

as semantic anomaly. Let sim(x,y) = x⊤y
∥x∥ ∥y∥ be 971
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Algorithm 1 NeuralFSM Training

Require: DatasetD = {(q, y)}; horizon Tmax; receiver budget k; loss weights (α, β, γ, ν, ζ, λ); learning
rate ηlr; max epochs Emax; batch size B

Ensure: Trained parameters θ
1: Initialize master FSM = (S,Σ,A, δ,L, s0, F )
2: Initialize θ; initialize encoder Enc(·); initialize optimizer with ηlr
3: Initialize baseline b← 0; cost history cost_hist← [ ]
4: for epoch = 1 to Emax do
5: for minibatch {(qi, yi)}Bi=1 do
6: Lbatch ← 0
7: for i = 1 to B do
8: q← Enc(qi); st ← s0; ct ← ∅; t← 0
9: trans_hist← [ ]; comm_hist← [ ]; Cepisode ← 0

10: while t < Tmax do
11: (P trans

θ (τ),wt(τ), aux)← Controllerθ(st, ct,q)
12: Sample next state st+1 ∼ P trans

θ (τ); append (t, st, st+1) to trans_hist
13: Let executing agent ȧt+1 ← responsible(st+1); (ot+1, cost)← ȧt+1.execute(qi, ct)
14: Cepisode ← Cepisode + cost
15: Sample receivers {ar}t ← Samplek(wt(τ), k)
16: For each aj ∈ A, record yt,j ← 1 if aj ∈ {ar}t else 0; append (t, aj , wt,j , yt,j) to

comm_hist
17: ct+1 ← UpdateContext(ct, {ar}t, ot+1); st ← st+1; t← t+ 1
18: end while
19: Compute episode reward R← R(qi, yi, τ) from the final output and evaluator
20: Compute Lstate,Lcomm,Lcost,Lmax,Lprotect following Section 4
21: Li ← Lstate + γLcomm + νLcost + ζLmax + λLprotect
22: Lbatch ← Lbatch + Li; append Cepisode to cost_hist; update baseline b← EMA(b, R)
23: end for
24: Lbatch ← Lbatch/B; update θ by one optimizer step using∇θLbatch
25: end for
26: end for
27: return θ

cosine similarity. For a sender message Mi,t, we972

compute973

φsem(i, t) = 1− sim
(
Enc(Mi,t),Enc([q, ct])

)
.

(22)974

D.3 Protection Loss975

A protection loss function is used to regularize the976

communication graph during training by reducing977

anomalous communication routing.978

Lprotect =

Tmax−1∑
t=0

∑
(u,v)∈Eτ

((
1− trust(u, t)

)
· ||m(u→ v, t)||2

)
.

(23)979

E Supplementary Results 980

The performance is measured using accuracy or 981

pass@1, both of which are reported in percent- 982

age (%). All experimental results of the methods 983

evaluated on the benchmarks are averaged over 984

three runs. The parameter sensitivity analysis ex- 985

periments reflect the variance in the experimental 986

results. 987

E.1 Backbone sensitivity on GAIA 988

This section provides Table 6 of model transferabil- 989

ity analysis for NeuralFSM from Section 5.2. 990

E.2 Additional robustness experiment 991

As shown in Table 7, the results on MBPP closely 992

mirror the robustness trends observed in the main 993

text. The protection layer attenuates suspicious 994
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Algorithm 2 Task-Adaptive FSM Execution

Require: Problem q; trained parameters θ; master FSM = (S,Σ,A, δ,L, s0, F ); horizon Tmax; receiver
budget k

Ensure: Answer ŷ and execution log
1: q← Enc(q); st ← s0; ct ← ∅; log← [ ]
2: for t = 0 to Tmax − 1 do
3: (P trans

θ (τ),wt(τ), aux)← Controllerθ(st, ct,qemb)
4: Sampling choose st+1 from P trans

θ (τ); ȧt+1 ← responsible(st+1)
5: ot+1 ← ȧt+1.execute(q, ct)
6: {ar}t ← Samplek(wt(τ), k)
7: ct+1 ← UpdateContext(ct, {ar}t, ot+1); append (t, st+1, ȧt+1, {ar}t) to log
8: st ← st+1

9: end for
10: ŷ ← Extract(ot); return (ŷ, log)

Algorithm 3 Protected Controller Forward Pass
Require: st, ct,q; induced edges Eτ and messages; parameters θ
Ensure: (P trans

θ (τ),wt(τ), aux)
1: Build induced graph G = (V,Eτ )
2: Compute priority π(i) from centrality on G (Eq. (15))
3: Compute anomalies φfreq(i, t), φsem(i, t) and fuse to φ(i, t) (Eq. (16))
4: Compute trust(i, t) = σ(π(i)) · (1− φ(i, t))
5: Run base controller to compute raw messages m(u→ v, t) on Eτ

6: Apply trust-aware attenuation: m̃(u→ v, t) = trust(u, t) ·m(u→ v, t)
7: Read out predictions from attenuated messages to obtain (P trans

θ (τ),wt(τ)); set aux← {π, φ, trust}
8: return (P trans

θ (τ),wt(τ), aux)

messages before they enter the shared context, lead-995

ing to additional robustness improvements for Neu-996

ralFSM. Under attack, all baseline methods ex-997

perience pronounced relative performance degra-998

dations: SC decreases by 33.67%, DyLAN by999

25.15%, MacNet by 27.58%, MaAS by 19.95%,1000

and MasHost by 20.93%. In contrast, Neu-1001

ralFSM exhibits a markedly smaller relative drop1002

of 11.05%, enabling the protection layer further im-1003

proves pass@1 by 10.58% compared to the unpro-1004

tected attacked setting and reducing the remaining1005

gap in clean performance to only 1.64%.1006

F Prompt repository1007

This appendix enumerates the prompts used to gen-1008

erate a master FSM for each domain. In our imple-1009

mentation, the FSM generation process invokes a1010

LLM twice: (i) Step 1 designs the workflow states,1011

and (ii) Step 2 designs agents aligned with these1012

states. The domain-specific FSM is then initialized.1013

Notably, no directed edges are established in the1014

initialized FSM, meaning that no message passing1015

rules are defined. Both prompts are parameterized1016

by a domain template. 1017
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Notation Definition

q ∈ Σ Input domain problem
y, ŷ Ground-truth and prediction
A = {a1, . . . , am−1} Agent set
S = {s1, . . . , sn−1} FSM state set
FSM = (S,Σ,A, δ,L, s0,F) FSM tuple
s0,F Initial state; Final state set
t, Tmax Time step index; Rollout horizon
q = Enc(q) Problem embedding
ct Accumulated execution context
πθ Temporal coordination controller
θ Learnable parameters of the temporal controller
D Training dataset
ηlr Learning rate of the optimizer
Emax, B Max training epochs; Batch size
b Reward baseline (exponential moving average)
P trans
θ (τ) Transition distribution

wt(τ) Routing score vector over agents
{ar}t, k Receiver set; Receiver budget
mv(t) ∈ Rdm Memory state of node v; dm is memory dimension
hv(t) Node representation of node v at time t
euv Edge features for interaction (u, v)

∆t,∆tuv Time difference and last-interaction time gap
ψ(∆t) Temporal encoding function for time gaps
Cepisode Per-episode FSM execution cost
Ltotal Integrated training objective
α, β, γ, ν, ζ, λ Loss weights
π(i) Protection priority score
φ(i, t) Fused anomaly score
φfreq(i, t), φsem(i, t) Frequency/semantic anomaly indicators
σ(·) Sigmoid function
ωfreq, ωsem Anomaly fusion weights
trust(i, t) Trust score derived from priority and anomaly
wBC, wPR Centrality coefficients
dPR PageRank damping factor
η Attack strength
ρ Attacked-agent ratio
ϵ Small constant for numerical stability

Table 4: Notation and Definitions
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Domain Dataset #Train #Test Metric

Code Generation HumanEval 164 – pass@1
MBPP 699 175 pass@1

Math Reasoning GSM8K 640 160 Accuracy
MATH 640 160 Accuracy

Knowledge QA GPQA 198 – Accuracy

Multi-hop QA HotpotQA 720 180 EM
2WikiMultiHopQA 720 180 EM
MuSiQue 720 180 EM

Embodied ALFWorld 219 55 Success rate

Tool-use GAIA (L1/L2/L3) 165 – Accuracy

Table 5: Dataset statistics for the benchmarks used in this paper.

GAIA Level 1 Level 2 Level 3 Avg.

NeuralFSM Perf. Token. Perf. Token. Perf. Token. Perf. Token.

- GPT-4.1-nano 13.21 0.25 6.98 0.39 0.00 0.16 6.73 0.27
- GPT-4o-mini 7.55 0.24 5.00 0.24 0.00 0.13 4.18 0.20
- GPT-5-nano 18.92 0.45 11.63 0.77 7.69 0.21 12.75 0.47
- Grok-3-mini 28.30 0.76 12.79 1.39 3.85 0.52 14.98 0.89

Table 6: Performance and token consumption of NeuralFSM with different LLM backbones on the GAIA dataset
(Token units: 1M tokens).

Method No Attack Under Attack Protected (Ours)

SC 80.2 53.2 –
DyLAN 83.9 62.8 –
MacNet 74.3 53.8 –
MaAS 88.2 70.6 –
MasHost 87.9 69.5 –
NeuralFSM (Ours) 91.4 81.3 89.9

Table 7: Robustness of NeuralFSM and other baselines under attack on MBPP: pass@1 in no attack, under attack,
and with our proposed protection layer enabled.
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GSM8K template

[task_description]
Grade School Math Word Problem Solving Task
Characteristics:
- Problems require multi-step reasoning
- Requires precise numerical calculations
- Answer is a specific numerical value
- Need to verify calculation logic

Requirements:
1. States should decompose problem-solving process
2. Each state needs clear completion criteria
3. Agents need mathematical reasoning and calculation capabilities
4. Support iterative improvement and error correction

FSM Design Requirements:
1. States should follow a clear progression: understanding -> planning -> calculation ->
verification -> submission
2. Include explicit verification states to catch calculation errors
3. Support iterative refinement loops for error correction
4. Keep states fine-grained (6-10) to enable TGN optimization

[agent_design_hints]
Agent Design Recommendations:
1. Problem_Parser (non-calculation): extracts key information, quantities, and relationships
from problem text
2. Strategy_Planner (non-calculation): formulates solution approach and calculation sequence
3. Calculator (calculation agent): performs numerical computations step-by-step
4. Verifier (non-calculation): checks answer reasonableness and identifies potential errors
5. Refiner (calculation agent): corrects identified errors and updates calculations
6. Finalizer (final state): formats and submits the final numerical answer

[state_granularity_guide]
State Decomposition Guide (6-10 states):
1. Initial Understanding Phase (1-2 states):
- Problem text parsing
- Key information extraction

2. Solution Planning Phase (1-2 states):
- Solution strategy formulation
- Calculation step planning

3. Calculation Execution Phase (2-3 states):
- Intermediate value calculation
- Final result calculation
- Unit conversion handling

4. Verification Phase (1-2 states):
- Answer reasonableness check
- Error correction iteration

5. Final Submission Phase (1 state):
- Answer formatting
- Result submission

17



GPQA template

[task_description]
GPQA (Graduate-Level Multiple-Choice QA) Task
Characteristics:
- High-difficulty, graduate-level science questions (often multi-step reasoning)
- Multiple-choice format (A/B/C/D)
- Requires careful option elimination and consistency checks

Global Output Contract (CRITICAL):
- FINAL answer MUST be a SINGLE LETTER: A / B / C / D
- NO explanations, NO extra text, NO markdown
- If the prompt contains both a)/b)/c)/d) and a mapping to A/B/C/D, FOLLOW the final A/B/C/D
mapping.
- If unsure, still choose the best option letter based on reasoning

FSM Design Requirements:
1. States should support multi-step reasoning for graduate-level questions
2. Include thorough option-by-option analysis to identify contradictions
3. Incorporate cross-checking and consistency verification states
4. Ensure final state outputs ONLY the option letter (A/B/C/D)

[agent_design_hints]
Agent Design Recommendations:
1. Question_Parser: extracts key constraints, units, and what is being asked
2. Concept_Activator: recalls relevant graduate-level domain concepts and formulas
3. Option_Analyzer: evaluates each option (A/B/C/D) individually, identifies contradictions and
distractors
4. Consistency_Checker: performs sanity checks, dimensional analysis, and cross-verification
with known facts
5. Decision_Maker (final state): outputs ONLY the final option letter (A/B/C/D), no explanations

[state_granularity_guide]
State Decomposition Guide (7-10 states):
1. Question Parsing (1 state):
- Extract what is being asked, key constraints, units

2. Concept Activation (1-2 states):
- Recall relevant domain concepts / formulas

3. Option-by-Option Analysis (2-4 states):
- Evaluate each option, identify contradictions/distractors

4. Cross-check & Elimination (1-2 states):
- Sanity check, dimensional check, consistency with known facts

5. Final Decision (1 state):
- Output ONLY the final option letter (A/B/C/D)
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GAIA template

[task_description]
GAIA (General AI Assistant) Benchmark Task
Characteristics:
- Mixed tool-using / multimodal / document-grounded reasoning
- Questions may reference external files (e.g., .xlsx/.pdf/.png/.docx/.csv/.txt) via a file_path
- Requires step-by-step planning, extraction from the given file when present, and final short
answers

Global Output Contract:
- Provide ONLY the final answer (short), no extra commentary unless explicitly requested.
- If a numerical answer is required, return the number in the requested format.
- If the task requires reading an attached file, treat the attachment as authoritative evidence.

FSM Design Requirements:
1. Separate planning from evidence extraction (especially for file-backed questions).
2. Include an explicit verification / sanity-check step.
3. Keep states compact (6-10) and robust to cases with/without file attachments.

[agent_design_hints]
Agent Design Recommendations:
1. Task_Parser: parses question, constraints, and required output format; detects file_path if
present
2. Planner: decides solution approach (web lookup vs file reading vs pure reasoning); defines
intermediate quantities
3. Evidence_Extractor: reads/interprets files (tables/images/PDFs/docs) or gathers facts from
tools/reasoning
4. Reasoner/Computer: performs calculations, logic, or multi-step synthesis
5. Verifier: cross-checks units, constraints, and consistency with evidence
6. Finalizer (final state): emits final answer strictly in requested format (short, no extra
commentary)

[state_granularity_guide]
State Decomposition Guide (6-10 states):
1. Task Parsing (1 state):
- Parse question, constraints, required output format
- Detect whether an attachment is required (file_path exists)

2. Plan & Tool Selection (1 state):
- Decide how to solve: web lookup vs file reading vs pure reasoning
- Define intermediate quantities to compute

3. Evidence Acquisition (1-2 states):
- If file_path exists: read/interpret the file (table/image/pdf/doc)
- Otherwise: gather key facts from internal reasoning or allowed tools

4. Reasoning / Computation (1-3 states):
- Perform calculations, logic, or multi-step synthesis

5. Verification (1 state):
- Cross-check units, constraints, and consistency with evidence

6. Final Answer (1 state):
- Emit final answer strictly in requested format
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HumanEval template

[task_description]
Python Code Generation Task (HumanEval)
Characteristics:
- Implement a single Python function based on signature and docstring
- Must pass hidden test suite
- Primary objective: correct, executable function

Global Output Contract (CRITICAL):
- FINAL answer MUST be single, syntactically valid Python FUNCTION
- No explanations, no markdown, no extra code
- Function name/signature MUST match given problem
- Use proper newlines/indentation

FSM Design Requirements:
1. Most states (except first understanding and final submission) SHOULD be code-producing
2. Almost every non-final state should output FULL updated function
3. Minimize purely analytical states
4. Model iterative code-writing/refinement process

[agent_design_hints]
Agent Design Recommendations (code-centric):
1. Problem Reader (non-coding): summarize requirements/edge cases; MUST NOT output executable
code.
2. Code Writer (coding agent): output ONLY the function definition; in every non-final coding
state, output a COMPLETE function definition.
3. Code Refiner / Debugger (coding agent): ALWAYS outputs a FULL updated function definition.
4. Test Reasoner (non-coding): outputs ONLY natural-language analysis/instructions; NEVER emits
code.
5. Finalizer (coding agent, final state): MUST output the FINAL Python function definition ONLY
(code-only).

[state_granularity_guide]
State Decomposition Guide (code-heavy):
1. Initial Understanding (1 state, non-coding): Read signature + docstring; summarize
requirements/edge cases.
2. First Implementation Draft (1 state, coding): Code Writer produces FIRST full implementation.
3. Guided Refinement Loops (3-5 states, mostly coding): alternate Test Reasoner and Code Refiner.
4. Pre-Submission Check (optional, 1 state, non-coding).
5. Final Submission (1 state, coding): Finalizer outputs final polished function.
Total states: 6-9, majority code-producing states
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MBPP template

[task_description]
Basic Python Programming Task (MBPP)
Characteristics:
- Small self-contained Python tasks
- Function signature + assertion-based test cases
- Goal: implement function passing all tests

Global Output Contract (CRITICAL):
- FINAL answer MUST be single, syntactically valid Python FUNCTION
- Function name/parameters MUST match signature exactly
- Function body MUST be executable; no input()/print()
- Output pure code (no explanations, no markdown)
- FORBID multiple statements on one line (e.g., def f(): a=0; b=1)

FSM Design Requirements:
1. Most states SHOULD be code-writing/refinement states
2. FSM represents iterative coding: draft -> refine -> fix -> finalize
3. Avoid long non-coding sequences
4. Each transition brings solution closer to passing tests

[agent_design_hints]
Agent Design Recommendations (code-focused):
1. CRITICAL - FUNCTION SIGNATURE IS PROVIDED IN THE PROMPT: use the EXACT function name/signature;
NEVER rename to solve/solution.
2. Roles: Requirement_Analyst (non-coding), Code_Writer (coding), Test_Reasoner (non-coding),
Code_Refiner (coding), Finalizer (coding, final state).

[state_granularity_guide]
State Decomposition Guide (code-centric, 5-8 states):
1. Understand_Problem (1 state, non-coding)
2. Initial_Implementation (1-2 states, coding)
3. Test_Design_and_Bug_Hunting (1-2 states, non-coding)
4. Refinement_Iterations (2-3 states, coding)
5. Final_Submission (1 state, coding)
Total states: 5-8, majority dedicated to executable code
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MATH template

[task_description]
Competition Mathematics Task
Characteristics:
- Advanced mathematical reasoning
- Requires proof and derivation
- Symbolic manipulation and theorem application
- Multiple solution approaches possible

Requirements:
1. Deep problem analysis and strategy selection
2. Rigorous derivation and proof construction
3. Symbolic manipulation capabilities
4. Solution verification and alternative approaches

FSM Design Requirements:
1. States should support deep mathematical reasoning: analysis -> strategy -> derivation ->
verification
2. Include multiple derivation states for step-by-step symbolic manipulation
3. Support alternative solution approaches when initial strategy fails
4. Include verification states to check solution validity

[agent_design_hints]
Agent Design Recommendations:
1. Problem_Analyzer: identifies problem type and key concepts; extracts given conditions
2. Strategy_Selector: chooses solution approach; identifies applicable theorems and techniques
3. Deriver: performs step-by-step derivation, symbolic manipulation, and intermediate
calculations
4. Verifier: checks solution validity; suggests alternative approaches if needed
5. Alternative_Solver: attempts alternative solution approaches when initial strategy fails
6. Finalizer (final state): formats and submits the final answer

[state_granularity_guide]
State Decomposition Guide:
1. Problem Analysis Phase (1-2 states): identify problem type and key concepts; extract given
conditions
2. Strategy Selection Phase (1-2 states): choose solution approach; identify applicable theorems
3. Solution Derivation Phase (3-5 states): step-by-step derivation; symbolic manipulation;
intermediate results
4. Verification Phase (1-2 states): check validity; try alternative approaches
5. Final Submission Phase (1 state): format final answer
Total states: 8-12
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ALFWorld template

[task_description (condensed excerpt)]
Embodied AI Interactive Tasks (ALFWorld)
Characteristics:
- Text-based environment simulation in household scenarios
- Sequential action planning with state changes
- Goal-oriented navigation and object manipulation
- Typical structure: locate -> pick up -> (transform) -> place/examine

Evaluation:
- Subgoals are regex patterns matched against action feedback
- All subgoals must be satisfied sequentially to complete the task

Requirements (excerpt):
1. Parse goal to identify target object(s), required transformation (heat/cool/clean/none), and
destination
2. Plan an action sequence based on task type
3. Execute actions and parse feedback for confirmation; handle failures with retries
4. Output the final action sequence as the answer

FSM Design Requirements:
1. States should follow embodied AI workflow: goal parsing -> exploration -> acquisition ->
transformation (optional) -> placement -> verification
2. Include state for parsing action feedback and matching against subgoal regex patterns
3. Support optional transformation state for heat/cool/clean operations
4. Final state must output complete action sequence

[agent_design_hints]
Agent Design Recommendations:
1. Goal_Parser: parses goal to extract target object(s), transformation type
(heat/cool/clean/none), and destination
2. Explorer: navigates environment to locate target objects; opens receptacles if needed
3. Object_Acquirer: executes "take [object] from [receptacle]" and verifies pickup feedback
4. Transformer (optional): navigates to appliance (microwave/stove/fridge/sink) and executes
transformation
5. Placer: navigates to destination and executes "put [object] in/on [receptacle]"
6. Subgoal_Verifier: matches action feedback against subgoal regex patterns
7. Action_Sequencer (final state): compiles and submits complete action sequence

[state_granularity_guide]
Recommended FSM Structure:
1. Goal_Parsing_and_Planning [INITIAL]
2. Environment_Exploration
3. Object_Acquisition
4. State_Transformation [OPTIONAL]
5. Object_Placement
6. Subgoal_Verification
7. Final_Action_Sequence_Submission [FINAL]
Total states: 6-7
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HotpotQA template

[task_description]
Multi-hop Question Answering Task
Characteristics:
- Requires reasoning across multiple documents
- Need to identify and connect supporting facts
- Questions involve bridge or comparison reasoning
- Long context with multiple document paragraphs

Requirements:
1. States should decompose multi-hop reasoning process
2. Agents need document retrieval and cross-document reasoning
3. Support extraction and verification of supporting facts
4. Handle both bridge (A -> B -> C) and comparison (A vs B) questions

FSM Design Requirements:
1. States should support multi-hop reasoning: question analysis -> document retrieval ->
hop-by-hop connection -> synthesis
2. Include dedicated states for extracting relevant passages and identifying key entities
3. Support both bridge (A->B->C) and comparison (A vs B) question types
4. Include verification states to validate supporting facts

[agent_design_hints]
Agent Design Recommendations:
1. Question_Analyzer: parses question type (bridge/comparison); identifies required information
2. Document_Retriever: extracts relevant passages from multiple documents; identifies key entities
3. Multi_hop_Reasoner: connects facts hop-by-hop (first hop -> intermediate hops -> final hop)
4. Evidence_Synthesizer: combines evidence from multiple hops; verifies supporting facts
5. Finalizer (final state): formats and submits the final answer

[state_granularity_guide]
State Decomposition Guide:
1. Question Analysis Phase (1-2 states): parse question type (bridge/comparison); identify
required information
2. Document Retrieval Phase (2-3 states): extract relevant passages; identify key entities
3. Multi-hop Reasoning Phase (2-4 states): connect facts hop-by-hop
4. Answer Synthesis Phase (1-2 states): combine evidence; verify supporting facts
5. Final Submission Phase (1 state): format and submit answer
Total states: 7-11
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