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Abstract001

The efficiency of multi-agent systems driven by002
large language models (LLMs) largely hinges003
on their communication topology. However,004
designing an optimal topology is a non-trivial005
challenge, as it requires balancing compet-006
ing objectives such as task performance, com-007
munication cost, and robustness. Existing008
frameworks often rely on static or hand-crafted009
topologies, which inherently fail to adapt to010
diverse task requirements, leading to either ex-011
cessive token consumption for simple prob-012
lems or performance bottlenecks for complex013
ones. To address this challenge, we introduce014
a novel generative framework called Guided015
Topology Diffusion (GTD). Inspired by condi-016
tional discrete graph diffusion models, GTD017
formulates topology synthesis as an iterative018
construction process. At each step, the gener-019
ation is steered by a lightweight proxy model020
that predicts multi-objective rewards (e.g., accu-021
racy, utility, cost), enabling real-time, gradient-022
free optimization towards task-adaptive topolo-023
gies. This iterative, guided synthesis process024
distinguishes GTD from single-step genera-025
tive frameworks, enabling it to better navigate026
complex design trade-offs. We validated GTD027
across multiple benchmarks, and experiments028
show that this framework can generate highly029
task-adaptive, sparse, and efficient communi-030
cation topologies, significantly outperforming031
existing methods in LLM agent collaboration.032
Our code is available at https://anonymous.033
4open.science/r/diffusion_agent-953C034

1 Introduction035

Large language model (LLM) driven multi-agent036

systems (MAS) increasingly rely on structured037

communication to solve complex tasks, yet a core038

open problem is how to dynamically design the039

communication topology for a given task and team.040

In practice, many systems still adopt hand-crafted041

or heuristic patterns (e.g., chain, star, or fully con-042

nected graphs) or workflow templates and role play043

frameworks (Wu et al., 2023; Hong et al., 2023; 044

Li et al., 2023; Chen et al., 2023b). Such static or 045

rule-based designs struggle to adapt to the intrinsic 046

complexity of the task, the composition of skills 047

required, or real-time progress. Classical MAS 048

theory already shows that performance and robust- 049

ness depend critically on the underlying graph (e.g., 050

consensus rates and failure modes are tied to con- 051

nectivity and spectral properties) (Zhu, 2006; Chen 052

et al., 2013). The mismatch manifests in practice: 053

a simple Q&A may need only a short linear ex- 054

change, whereas software development benefits 055

from a richer collaboration network with project 056

managers, programmers, and testers (Hong et al., 057

2023). Using one pattern for all tasks either in- 058

flates token/communication overhead for simple 059

problems or creates bottlenecks for complex ones 060

(Zhang et al., 2024). Recent efforts begin to op- 061

timize or search topologies, but typically empha- 062

size end utility (accuracy) while underweighting 063

other crucial dimensions such as communication 064

cost (token consumption), robustness to agent fail- 065

ures/attacks, and sparsity/efficiency (Zhang et al., 066

2025a; Sun et al., 2025; Zhou et al., 2025; Hu et al., 067

2024b; Shang et al., 2024). Furthermore, their 068

reliance on single-step generation mechanisms, 069

such as variational auto-encoders, can limit the 070

fine-grained exploration of the multi-objective de- 071

sign space. A principled topology designer should 072

therefore seek Pareto-optimal trade-offs in a multi- 073

objective space (Zhang et al., 2025c). 074

However, while these adaptive methods repre- 075

sent a significant step forward, they face two fun- 076

damental limitations. (1) First, their generative 077

process often relies on single-step models like vari- 078

ational auto-encoders, which can struggle to cap- 079

ture the complex, long-range dependencies inher- 080

ent in optimal communication structures. This may 081

constrain the search space to topologies that are 082

plausible but not truly Pareto-optimal. (2) Second, 083

their optimization is often coarse-grained, applying 084
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reward signals only after a complete topology has085

been generated. Such post-hoc guidance makes it086

difficult to navigate the intricate trade-offs between087

competing objectives like task utility, token cost,088

and robustness in a fine-grained manner. The core089

research problem, therefore, is to develop a frame-090

work that can powerfully yet precisely construct091

topologies by integrating multi-objective guidance092

directly into each step of the generative process.093

To address this challenge, we reframe topology094

synthesis as a guided, iterative construction process.095

We introduce Guided Topology Diffusion (GTD),096

a framework that casts topology generation as a097

conditional discrete graph diffusion process, draw-098

ing on recent advances in generative modeling (Ho099

et al., 2020; Song and Ermon, 2021; Ho and Sali-100

mans, 2021; Vignac et al., 2023). By starting from101

a noisy graph and progressively denoising it, GTD102

leverages the strong generative capabilities of diffu-103

sion models to explore a richer design space. Cru-104

cially, we inject multi-objective guidance at each105

step of this reverse process. We achieve this by cou-106

pling the generator with a lightweight proxy reward107

model and performing zeroth-order (gradient-free)108

optimization during sampling, a scheme inspired109

by reward-modeling and gradient-free optimization110

practice (Nesterov and Spokoiny, 2017; Liu et al.,111

2018; Ouyang et al., 2022). This allows GTD to112

steer the generation trajectory in real-time, effec-113

tively balancing task utility, communication cost,114

and robustness to produce highly optimized, task-115

specific topologies.116

In summary, our contributions are threefold:117

❶ Problem Level: We propose GTD, a novel118

conditional discrete graph diffusion frame-119

work for dynamically generating multi-agent120

communication topologies.121

❷ Algorithm Level: We design and implement122

a proxy model-based zeroth-order optimiza-123

tion guidance algorithm, which effectively op-124

timizes non-differentiable, high-cost external125

objectives during the diffusion process.126

❸ Framework Level: We construct a complete127

end-to-end solution that integrates advanced128

semantic feature encoding, conditional graph129

diffusion generation, and multidimensional130

protocol-based dynamic guidance, providing a131

new paradigm for solving such complex graph132

generation problems.133

Figure 1: Comparison of Multi-Agent System (MAS)
communication topology design workflows. (1) Static
Fixed Workflow, (2) Centralized Adaptive Workflow,
(3) Diffusion Guided Topology Workflow (Ours). Our
proposed method provides task- and context-adaptive
topologies by using a conditional diffusion process
guided by a proxy model to jointly optimize for util-
ity, cost, robustness, and sparsity.

2 Related Work 134

Classical MAS research establishes that commu- 135

nication topology fundamentally shapes global 136

behavior, particularly regarding consensus speed 137

and system robustness (Zhu, 2006, 2003; Chen 138

et al., 2013; Helsinger et al., 2004; Ayal a, 2025). 139

While analyses of star networks quantify the inher- 140

ent trade-offs between rapid information propaga- 141

tion and single-point failure risks (Chowdhury and 142

Khalil, 2017; Gong et al., 2015), recent structural 143

optimization studies focus on Pareto fronts that 144

balance accuracy with resilience (Xiao and Tan, 145

2013; Zhang et al., 2025c; str, 2023). In the spe- 146

cific context of LLM agents, contemporary work 147

aims to reduce token overhead or optimize collab- 148

oration schedules (Zhang et al., 2024; Yang et al., 149

2025; Zhou et al., 2025). More advanced meth- 150

ods explicitly learn task-aware topologies using 151

GNNs or autoregressive models to address scala- 152

bility and latency in decentralized settings (Zhang 153
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et al., 2025a; Sun et al., 2025; Li et al., 2025; Yuan154

et al., 2023; Zhu et al., 2025). Building upon recent155

progress in conditional graph diffusion and broader156

generative paradigms (Xu et al., 2024; Vignac et al.,157

2023; Madeira et al., 2024; You et al., 2018; Lo158

et al., 2024; Du et al., 2024; Ding et al., 2024; Hu159

et al., 2024a; Zhao et al., 2024; Ji et al., 2025),160

our GTD uniquely integrates proxy-guided zeroth-161

order optimization during sampling to directly steer162

generation toward multi-objective optima.163

3 Preliminaries164

In this section, we formalize the problem of topol-165

ogy generation and describe the underlying prin-166

ciples of graph diffusion models, pinpointing the167

limitations that motivate our proposed method.168

3.1 Formalizing Topology Generation as a169

Conditional Generative Problem170

The design of an optimal communication topology171

for a Multi-Agent System (MAS) can be framed172

as a conditional graph generation problem. Given173

a set of N agents, their communication structure174

is represented by a directed graph G = (V,E),175

where |V | = N . This graph is fully described176

by its adjacency matrix A ∈ {0, 1}N×N , where177

Aij = 1 signifies that agent i can send a message178

to agent j.179

Optimization Objective. For a given task query180

q and a set of available agents, which together form181

a task-specific condition vector C, the goal is to182

discover an optimal adjacency matrix A∗ that max-183

imizes a composite reward function R(A,C). This184

function evaluates the quality of a topology based185

on multiple criteria:186

max
A

R(A,C) = f(Utility(A,C),Cost(A,C),187

Sparsity(A), . . .) (1)188

Here, Utility measures task success (e.g., accu-189

racy), Cost quantifies token consumption or com-190

munication overhead, and Sparsity encourages191

efficiency. Evaluating R(A,C) is computationally192

expensive, as it requires executing a full, costly193

multi-agent simulation for each candidate graph A.194

3.2 Denoising Diffusion Models for Graph195

Generation196

Denoising diffusion models are a class of powerful197

generative models that learn to synthesize data by198

reversing a gradual noising process. We adapt this199

paradigm for discrete graph structures.200

Forward Diffusion Process. The forward pro- 201

cess, q(At|A0), systematically corrupts an initial 202

graph A0 by adding noise over T discrete timesteps. 203

To operate in a continuous space, we first scale the 204

adjacency matrix entries from {0, 1} to {−1, 1}. 205

The forward process is then defined as a variance- 206

preserving schedule that adds Gaussian noise: 207

q(At|A0) = N (At;
√
ᾱtA0, (1− ᾱt)I) (2) 208

where {βt}Tt=1 is a predefined noise schedule, αt = 209

1 − βt, and ᾱt =
∏t

s=1 αs. As t → T , the dis- 210

tribution of AT converges to a standard isotropic 211

Gaussian distribution, N (0, I). 212

Learned Reverse Process. The generative model 213

learns the reverse process, pθ(At−1|At, C), to de- 214

noise a noisy graph At and recover a cleaner 215

version At−1, conditioned on the task context 216

C. This is parameterized by a denoising network 217

Gθ(At, C, t), which is trained to predict the original 218

clean graph A0 from its noisy counterpart At. The 219

training objective for Gθ is to minimize the recon- 220

struction error over a dataset of high-performing 221

graphs: 222

Lθ = Et,A0,C,ϵ

[∥∥A0 − Gθ(
√
ᾱtA0 +

√
1− ᾱtϵ, 223

C, t)
∥∥2] (3) 224

where ϵ ∼ N (0, I). Once trained, we can gen- 225

erate a new graph by sampling AT ∼ N (0, I) and 226

iteratively applying the denoising network to obtain 227

A0. 228

3.3 The Challenge: Guiding Generation with 229

a Black-Box Objective 230

A standard conditional diffusion model can gener- 231

ate topologies that are statistically similar to those 232

in the training data, but it cannot explicitly optimize 233

for the external reward function R(A,C) during 234

generation. Steering the denoising process toward 235

high-reward structures presents two major obsta- 236

cles. First, the true reward function R is too slow to 237

be used for guidance within the iterative sampling 238

loop, a challenge of high-cost evaluation. Second, 239

the reward is a non-differentiable “black-box" 240

objective; the output of the denoising network, Gθ, 241

is a continuous prediction that must be converted 242

into a discrete graph A before evaluation, and this 243

sampling step breaks the end-to-end differentiabil- 244

ity, rendering gradient-based guidance techniques 245

inapplicable. To overcome these challenges, we 246
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Figure 2: The Guided Topology Diffusion (GTD) framework workflow, divided into four main stages. 1)
Material: The process begins with task-specific inputs, including the query, available agents, and tools. 2) Dataset
Generation: A multi-agent framework simulates various baseline topologies to generate a foundational dataset
linking topologies to performance outcomes (e.g., utility and cost). 3) Model Training: The generated dataset
is used to train two core components: a lightweight proxy scorer (Pϕ) to predict topology performance and a
conditional graph diffusion generator (Gθ) to learn the structure of high-performing graphs. 4) Inference: For
a new task, the framework uses the trained models to iteratively denoise a random graph, with the proxy scorer
guiding each step to synthesize a final, task-optimized topology.

reframe the problem by introducing a method for247

efficient, gradient-free guidance. This is achieved248

by first training a lightweight surrogate model (or249

proxy) that accurately approximates the expensive250

reward R and then using this proxy during infer-251

ence to guide the diffusion sampling process with252

a Zeroth-Order (ZO) optimization scheme. This253

approach transforms the generation process from254

a simple denoising task into a guided synthesis,255

allowing us to directly optimize for task-specific,256

multi-objective rewards without requiring differen-257

tiability.258

4 Methodology259

Our framework, Guided Topology Diffusion260

(GTD), learns to generate optimal communication261

topologies for Multi-Agent System (MAS). GTD262

comprises two core components: (1) a surrogate263

reward model, Pϕ, that approximates the expen-264

sive simulation outcomes, and (2) a conditional265

diffusion generator, Gθ, that learns the distribution266

of high-performing graph structures. We first train267

these components on a pre-computed dataset and268

then integrate them for a novel, guided synthesis269

process at inference time. 270

4.1 Surrogate Reward Model 271

To circumvent the computational cost of direct sim- 272

ulation, we first train a surrogate model Pϕ to pre- 273

dict the performance of a given topology. This 274

model maps a graph-condition pair (A,C) to a per- 275

formance vector [û, ĉ]T , representing the predicted 276

task utility and communication cost, respectively. 277

Architecture. The surrogate Pϕ is implemented 278

as a Graph Neural Network (GNN). Specifically, 279

we employ a series of Graph Attention (GAT) lay- 280

ers to learn expressive node representations. The 281

update rule for a node v’s hidden state hv from 282

layer (l) to (l + 1) is given by: 283

h(l+1)
v = σ

 ∑
u∈N (v)∪{v}

α(l)
vuW

(l)h(l)
u

 (4) 284

where α
(l)
vu are the learned attention coefficients 285

between nodes v and u. The final node embed- 286

dings are aggregated via mean pooling to pro- 287

duce a graph-level representation hG. This is con- 288

catenated with the projected task condition vec- 289

4



tor C and processed by a multi-layer perceptron290

(MLP) to yield the final prediction: [û, ĉ]T =291

MLPϕ([hG; Projϕ(C)]).292

Training. We first generate a foundational293

dataset Dgen = {(Aj , Cj , Pj)}Mj=1 by running sim-294

ulations for a diverse set of baseline topologies295

across various tasks. The model Pϕ is then trained296

to minimize the Mean Squared Error (MSE) loss297

between its predictions and the ground-truth per-298

formance vectors from simulation:299

Lϕ =
1

M

M∑
j=1

∥Pϕ(Aj , Cj)− Pj∥22 (5)300

Model Fidelity. To ensure the surrogate provides301

effective guidance during the zeroth-order opti-302

mization step, we evaluated its performance on303

a held-out test split of the training dataset. The304

model achieves a low Mean Squared Error (MSE)305

for both utility and cost objectives, indicating it cap-306

tures the underlying performance landscape accu-307

rately. Furthermore, we observed a strong positive308

correlation between the predicted and ground-truth309

cost metrics. Most importantly, when used to rank310

candidate graphs, the top-1 choice selected by the311

surrogate consistently coincides with the true best312

candidate in the majority of cases. These results313

confirm that Pϕ possesses sufficient ranking fidelity314

to steer the diffusion process toward Pareto-optimal315

regions.316

4.2 Conditional Graph Diffusion Generator317

The core of our generative framework is a condi-318

tional diffusion model, Gθ, designed to learn the319

distribution of high-quality topologies, pθ(A|C).320

We explicitly chose Diffusion over single-shot ap-321

proaches (e.g., VAEs or Gumbel-Softmax) to en-322

able iterative refinement. In a discrete topology323

space, a single “wrong" edge can break the com-324

munication flow; diffusion allows our proxy model325

to intervene at every step of the construction pro-326

cess, gently steering the graph toward high-reward327

regions gradually rather than risking mode collapse328

typical of one-shot generators.329

Here, in Figure 3, we provide a visual contrast330

between common static topologies and the sparse,331

adaptive structures that our generator is designed332

to create. This distinction highlights the frame-333

work’s goal: to move beyond one-size-fits-all pat-334

terns towards topologies optimized for the specific335

demands of a given task. We model the adjacency336

Figure 3: An illustration of different multi-agent com-
munication topologies. The left panel shows examples
of common static or heuristic graphs, such as Chain,
Star, Complete, Layered, and Random graphs. The
right panel shows examples of Adaptive Graphs, which
represent the sparse, task-specific topologies that the
GTD framework is designed to generate dynamically.

matrix A ∈ {0, 1}N×N by scaling its values to 337

{−1, 1} and performing diffusion in a continuous 338

space. 339

Diffusion Process. We utilize a variance- 340

preserving forward process q(At|A0) that gradu- 341

ally adds Gaussian noise to an initial graph A0 over 342

T timesteps: 343

q(At|A0) = N (At;
√
ᾱtA0, (1− ᾱt)I) (6) 344

where {βt}Tt=1 is a fixed variance schedule and 345

ᾱt =
∏t

s=1(1− βs). The objective is to learn the 346

reverse process pθ(At−1|At, C) to denoise a noisy 347

graph At back towards a clean, high-performance 348

graph, conditioned on the task vector C. 349

Denoising Network and Training. We parame- 350

terize the reverse process with a denoising network 351

Gθ(At, C, t), which is implemented as a Graph 352

Transformer. This architecture’s global attention 353

mechanism is well-suited for capturing long-range 354

dependencies inherent in graph topology optimiza- 355

tion. Critically, the Graph Transformer ensures that 356

edges are not generated independently; the predic- 357

tion of any single edge (i, j) is conditioned on the 358

global context of all other nodes via self-attention, 359

allowing the model to learn complex structural de- 360

pendencies (e.g., cycles or hierarchies). The net- 361

work is trained to predict the original graph A0 362

from its noised version At. To focus the model on 363

generating effective topologies, we train it exclu- 364

sively on a high-performance subset Dhq ⊂ Dgen, 365

where graphs exceed a certain performance thresh- 366

old. The training objective is to minimize the bi- 367
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Method GSM8K MATH MultiArith HumanEval MMLU SVAMP Avg.

Vanilla 87.45 46.29 96.85 87.08 82.14 86.67 81.75
CoT 87.10 ↓0.35 46.40 ↑0.11 96.31 ↓0.54 88.13 ↑1.05 82.65 ↑0.51 87.33 ↑0.66 81.99 ↑0.24

ComplexCoT 86.89 ↓0.56 46.53 ↑0.24 96.70 ↓0.15 87.49 ↑0.41 83.78 ↑1.64 87.67 ↑1.00 81.84 ↑0.09

SC (CoT×5) 87.57 ↑0.12 47.91 ↑1.62 96.58 ↓0.27 88.60 ↑1.52 82.66 ↑0.52 88.00 ↑1.33 81.89 ↑0.14

MultiPersona 87.50 ↑0.05 45.43 ↓0.86 97.49 ↑0.64 88.32 ↑1.24 83.65 ↑1.51 87.00 ↑0.33 81.90 ↑0.15

LLM-Debate 89.47 ↑2.02 48.54 ↑2.25 97.33 ↑0.48 88.68 ↑1.60 83.69 ↑1.55 89.00 ↑2.33 82.79 ↑1.04

LLM-Blender 88.35 ↑0.90 46.92 ↑0.63 97.29 ↑0.44 88.80 ↑1.72 81.22 ↓0.92 87.33 ↑0.66 81.65 ↓0.10

DyLAN 89.98 ↑2.53 48.63 ↑2.34 97.12 ↑0.27 90.42 ↑3.34 80.16 ↓1.98 88.67 ↑2.00 82.50 ↑0.75

AgentVerse 89.91 ↑2.46 47.35 ↑1.06 97.50 ↑0.65 89.29 ↑2.21 81.22 ↓0.92 88.33 ↑1.66 82.27 ↑0.52

MacNet 87.95 ↑0.50 45.18 ↓1.11 96.03 ↓0.82 84.57 ↓2.51 79.85 ↓2.29 86.00 ↓0.67 79.93 ↓1.82

AutoAgents 87.69 ↑0.24 45.32 ↓0.97 96.42 ↓0.43 87.64 ↑0.56 82.13 ↓0.01 86.34 ↓0.33 80.96 ↓0.79

GPTSwarm 89.14 ↑1.69 47.88 ↑1.59 96.79 ↓0.06 89.32 ↑2.24 83.98 ↑1.84 88.67 ↑2.00 82.96 ↑1.21

ADAS 86.12 ↓1.33 43.18 ↓3.11 96.02 ↓0.83 84.19 ↓2.89 77.93 ↓4.21 86.33 ↓0.34 78.96 ↓2.79

AgentSquare 87.62 ↑0.17 48.51 ↑2.22 97.77 ↑0.92 89.08 ↑2.00 79.85 ↓2.29 88.00 ↑1.33 81.81 ↑0.06

AFlow 91.16 ↑3.71 51.28 ↑4.99 96.22 ↓0.63 90.93 ↑3.85 83.28 ↑1.14 88.33 ↑1.66 83.53 ↑1.78

G-Designer 92.09 ↑4.64 51.00 ↑4.71 97.78 ↑0.93 91.11 ↑4.03 84.50 ↑2.36 90.00 ↑3.33 84.41 ↑2.66

MaAS 92.30 ↑4.85 51.82 ↑5.53 98.80 ↑1.95 90.56 ↑3.48 83.78 ↑1.64 89.67 ↑3.00 84.49 ↑2.74

GTD (Ours) 94.14 ↑6.69 54.07 ↑7.78 98.88 ↑2.03 91.46 ↑4.38 84.58 ↑2.44 91.33 ↑4.66 85.74 ↑3.99

Table 1: Performance comparison on various benchmarks. All scores are accuracy (%). Changes are reported
relative to the Vanilla baseline. The best result in each column is bolded. Baselines: CoT (Wei et al., 2022),
ComplexCoT (Fu et al., 2022), SC (CoT×5) (Wang et al., 2023a), MultiPersona (Wang et al., 2023b), LLM-
Debate (Du et al., 2023), LLM-Blender (Jiang et al., 2023), DyLAN (Liu et al., 2023), AgentVerse (Chen et al.,
2023b), MacNet (Qian et al., 2024), AutoAgents (Chen et al., 2023a), GPTSwarm (Zhuge et al., 2024), ADAS (Hu
et al., 2024b), AgentSquare (Shang et al., 2024), AFlow (Zhang et al., 2025d), G-Designer (Zhang et al., 2025a)
MaAS (Zhang et al., 2025b).

nary cross-entropy (BCE) loss:368

Lθ = Et,A0∼phq,C,ϵ

[
BCE

(
Gθ(

√
ᾱtA0 +

√
1− ᾱtϵ,369

C, t), A0

)]
(7)370

where ϵ ∼ N (0, I). This objective serves as371

a practical surrogate for maximizing the true Evi-372

dence Lower Bound, a connection we formalize in373

Appendix H (see Theorem H.1).374

4.3 Proxy-Guided Topology Synthesis375

At inference, we synthesize a topology for a novel376

task condition Cnew by steering the diffusion pro-377

cess with the trained surrogate model Pϕ∗ . The378

condition vector C is formed by concatenating the379

semantic embedding of the task query q (obtained380

via a pre-trained encoder) with the current graph381

state embeddings. This ensures the guidance is382

context-aware.383

Standard guidance techniques (e.g., classifier-384

free guidance) require gradients from the guid-385

ing model. However, our surrogate Pϕ∗ evalu- 386

ates discrete graph samples, making its output non- 387

differentiable with respect to the generator’s con- 388

tinuous predictions. 389

To overcome this, we introduce a zero-order 390

(ZO) optimization step within each denoising iter- 391

ation. As detailed in Algorithm 1, at each timestep 392

t, we first use the generator Gθ∗ to predict the un- 393

guided clean graph, Â(t)
0 . We then sample K dis- 394

crete candidate graphs from this prediction. The 395

surrogate model Pϕ∗ evaluates all candidates, and 396

we select the one that maximizes our composite 397

reward objective: 398

A
(t)
0,best = argmax

A
(t)
0,k

(
wu · ûk − wc · ĉk

)
399

s.t. [ûk, ĉk]
T = Pϕ∗(A

(t)
0,k, Cnew) (8) 400

This best-ranked candidate, A(t)
0,best, is then used 401

in place of the original prediction Â
(t)
0 to compute 402
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the posterior distribution q(At−1|At, A
(t)
0,best) for403

sampling the next state At−1.404

This procedure directly injects task-specific per-405

formance objectives into the generative trajectory,406

guiding the synthesis towards topologies that are407

optimized for the given task. The effectiveness of408

this guidance is directly tied to the fidelity of the409

surrogate model Pϕ∗ . In Appendix H, we formally410

bound the performance gap of the resulting topol-411

ogy as a function of the surrogate’s approximation412

error (Theorem H.2).413

5 Experiments414

To validate the effectiveness of our proposed GTD415

framework, we conduct a comprehensive set of416

experiments designed to evaluate its performance417

across three key dimensions: (1) task-solving ef-418

fectiveness, (2) communication cost-efficiency,419

and (3) robustness against agent failures.420

Our experimental setup is standardized across421

all evaluations to enable fair comparisons. The422

backbone for all agents is GPT-4o-mini. In our423

primary experiments, we deploy domain-specific424

agent teams: four MathSolver agents for the math-425

ematics datasets (GSM8K, MATH, MultiArith, and426

SVAMP); four CodeSolver agents for the coding427

dataset (HumanEval); and three KnowledgeableA-428

cademic agents for the science dataset (MMLU).429

The surrogate reward model (Pϕ) in the GTD430

framework is a Graph Neural Network with two431

GAT layers and a hidden dimension of 32, trained432

for 10 epochs using the Adam optimizer with a433

learning rate of 1e-3 and a batch size of 16 to min-434

imize mean squared error loss. The conditional435

diffusion generator (Gθ) is a two-layer Graph Trans-436

former with two attention heads optimized with a437

learning rate of 1e-4, and the diffusion process438

runs for 50 timesteps. To demonstrate data effi-439

ciency, the training dataset for these models was440

constructed by evaluating baseline topologies on441

datasets. During inference, proxy-guided synthesis442

applies a zeroth-order optimization step, evaluating443

five candidate graphs (K = 5) at each timestep444

to guide the generation process using an inference445

batch size of 2. The training dataset was con-446

structed by evaluating baseline topologies on a min-447

imal subset of only 50 samples from the training448

set. Using GSM8K as an example, this approach449

demonstrates high data efficiency, as the initializa-450

tion overhead is negligible; the one-time token cost451

for generating training data (≈ 4.0×105 tokens) is452

rapidly amortized by the millions of tokens saved 453

during inference on the full test set (≈ 4.4×106 to- 454

kens per run), resulting in significant net efficiency 455

gains for the system. 456

During inference, proxy-guided synthesis ap- 457

plies a zeroth-order optimization step, evaluating 458

five candidate graphs at each timestep to guide the 459

generation process. 460

5.1 Task-Solving Effectiveness 461

First, we evaluated GTD’s ability to generate high- 462

utility communication topologies by comparing its 463

task-solving performance against a wide range of 464

established multi-agent methods. We used several 465

popular benchmarks for this comparison, includ- 466

ing GSM8K, MATH, MultiArith for mathematical 467

reasoning, and HumanEval for code generation. 468

Baselines include canonical prompting strategies 469

like Chain-of-Thought (CoT) (Wei et al., 2022) as 470

well as more recent agentic frameworks such as 471

AgentVerse (Chen et al., 2023b), AFlow (Zhang 472

et al., 2025d), and MaAS (Zhang et al., 2025b). For 473

each task, GTD generates a bespoke communica- 474

tion topology conditioned on the problem descrip- 475

tion, and the resulting multi-agent system solves 476

the task. Performance is measured by task-specific 477

accuracy. 478

As shown in Table 1, GTD demonstrates superior 479

performance across the majority of benchmarks. 480

It achieves state-of-the-art results on GSM8K 481

(94.14), MATH (54.07), MultiArith (98.88), and 482

SVAMP (91.30), significantly outperforming all 483

baselines. For instance, on the challenging MATH 484

dataset, GTD improves upon the strongest base- 485

line (MaAS) by over 2 absolute percentage points. 486

This highlights our framework’s ability to generate 487

highly effective, task-adaptive topologies that facil- 488

itate better collaboration among agents compared 489

to static or heuristically-designed communication 490

structures. 491

5.2 Communication Cost-Efficiency 492

A core motivation for dynamic topology genera- 493

tion is to reduce unnecessary communication and 494

minimize token consumption. Our analysis con- 495

firms that GTD generates not only effective but 496

also significantly sparser and more cost-efficient 497

topologies compared to methods that rely on dense 498

or fully-connected graphs. 499

The results, visualized in the scatter plots in 500

Figure 5, show GTD’s exceptional efficiency. 501

Across all tested benchmarks: GSM8K, MultiArith, 502

7



Figure 4: Robustness of various multi-agent systems to simulated agent failure on the GSM8K benchmark.
The chart compares task accuracy before and after an attack, demonstrating that topologies generated by GTD
exhibit greater resilience and more graceful performance degradation compared to other methods.

Figure 5: Accuracy versus token consumption for var-
ious multi-agent methods across the GSM8K, Multi-
Arith, MMLU, and SVAMP benchmarks. The plots
illustrate that topologies generated by GTD are highly
cost-efficient, achieving strong performance while using
significantly fewer tokens than baseline methods that
rely on dense communication graphs.

SVAMP, and MMLU. GTD consistently occupies503

the optimal bottom-right position, signifying the504

highest accuracy achieved with the lowest token505

consumption. For instance, on GSM8K, GTD506

achieves over 94% accuracy while consuming only507

4.8e+06 tokens; in contrast, the next best performer,508

G-Designer, requires 15% more tokens for lower509

accuracy, while methods like LLM-Debate use over510

five times the tokens. This efficiency is even more511

pronounced on MultiArith, where GTD reaches512

nearly 99% accuracy using just 8.4e+04 tokens,513

setting a new Pareto frontier that no other method514

approaches. Similarly, on SVAMP, GTD is the only515

method to surpass 91% accuracy while keeping to-516

ken usage at a minimum (1.4e+05 tokens). These517

findings show that the proxy-guided generation pro-518

cess successfully learns to create sparse, efficient519

graphs by preserving only the most critical com-520

munication links, thereby avoiding the quadratic521

overhead of fully-connected approaches while still522

enabling complex, high-performance interactions.523

Crucially, this massive reduction in operational to-524

ken cost ensures that the one-time setup cost for525

training the proxy is rapidly amortized, granting526

GTD a net efficiency advantage over zero-shot 527

baselines immediately upon deployment. 528

5.3 Robustness Against Agent Failures 529

The structure of a communication graph critically 530

impacts a multi-agent system’s resilience. To evalu- 531

ate this, we tested the robustness of GTD-generated 532

topologies by simulating agent failures during task 533

execution on the GSM8K benchmark. In the exper- 534

iment, a non-critical agent was randomly selected 535

and its failure was simulated by making it produce 536

erroneous outputs. 537

The results in the Figure 8 above demonstrate 538

that GTD-generated topologies are significantly 539

more robust to agent failure than those from all 540

other compared methods. 541

While all systems experienced some perfor- 542

mance degradation, GTD’s accuracy dropped by a 543

mere 0.3 percentage points (from 94.1% to 93.8%), 544

showcasing a remarkably graceful degradation. 545

This stands in stark contrast to other methods; for 546

instance, DyLan’s accuracy plummeted by nearly 547

13 points, and even a Complete Graph topology 548

dropped by over 2 points. This experiment con- 549

firms that by jointly optimizing for multiple objec- 550

tives, GTD learns to generate topologies with suffi- 551

cient redundancy to bypass failed agents, ensuring 552

high resilience in practical, imperfect scenarios. 553

6 Conclusion 554

Current MAS struggle with inefficient static topolo- 555

gies. In this paper, we introduce Guided Topology 556

Diffusion (GTD), utilizing conditional graph dif- 557

fusion to construct adaptive networks. GTD pro- 558

duces sparse, robust topologies that outperform 559

existing methods. While currently requiring seed 560

data, future work targets online active learning and 561

dynamic, time-varying topology evolution. 562
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A Limitations748

While Guided Topology Diffusion (GTD) demon-749

strates significant improvements in multi-agent co-750

ordination, we identify several limitations in the751

current framework. First, the method relies on a752

pre-computed dataset of baseline topologies to train753

the surrogate reward model. Although our experi-754

ments indicate high data efficiency, requiring only755

a small number of samples, the initial collection756

of this seed data incurs a setup cost. Second, the757

current generation process is static; the topology is758

fixed before the task begins and does not currently759

support dynamic, time-varying evolution during the760

conversation if task requirements shift unexpect-761

edly. Finally, our ablation studies on agent team762

size suggest that performance gains diminish after763

approximately four agents for current reasoning764

benchmarks. While the framework is technically765

capable of scaling to larger swarms, the utility of766

massive agent populations for standard benchmarks767

remains limited by the intrinsic complexity of the768

tasks themselves.769

B Ethics and Societal Impact770

This research focuses on improving the efficiency771

of Multi-Agent Systems (MAS), which can acceler-772

ate scientific discovery and reduce energy consump-773

tion. However, we acknowledge that optimizing774

agent coordination is a dual-use technology. In the775

wrong hands, such frameworks could potentially be776

used to orchestrate malicious activities, such as co-777

ordinating disinformation campaigns or automated778

attacks. Furthermore, the performance of our sys-779

tem depends on the initial dataset used to train the780

models; biases in this data could lead to suboptimal781

or inequitable communication structures.782

Regarding the use of AI assistants in this work,783

we state that Large Language Models (specifically784

GPT-4o-mini and Qwen-3-8B) served as the back-785

bone for the agents in our experiments. Addition-786

ally, LLMs were utilized strictly for polishing the787

text and generating figures; all underlying research,788

theoretical foundations, and experimental designs789

were completed entirely by the authors.790

C Computational Experiments791

To verify the resource efficiency of our approach,792

we conducted a scalability analysis by measuring793

GPU memory consumption as the number of agents794

increased. The system requires 2.8 GB of memory795

for 5 agents and scales linearly to 4.9 GB for 1000796

agents. This confirms that the GTD framework is 797

technically capable of optimizing large-scale agent 798

organizations without hitting hardware bottlenecks 799

on standard consumer hardware. All experiments, 800

including model training and multi-agent simula- 801

tions, were conducted on a server equipped with 802

four NVIDIA A6000 GPUs, each with 48GB of 803

VRAM. 804

D Detailed Experimental Setup 805

Our experimental framework was standardized 806

across all evaluations. The backbone for all agents 807

was GPT-4o-mini. We deployed domain-specific 808

teams: four MathSolver agents for mathematics 809

datasets (GSM8K, MATH, MultiArith, SVAMP), 810

four CodeSolver agents for the coding dataset 811

(HumanEval), and three KnowledgeableAcademic 812

agents for the science dataset (MMLU). 813

The surrogate reward model (Pϕ) is a Graph 814

Neural Network with two Graph Attention (GAT) 815

layers and a hidden dimension of 32. It was trained 816

for 10 epochs using the Adam optimizer with a 817

learning rate of 1e−3 and a batch size of 16 to 818

minimize mean squared error loss. The conditional 819

diffusion generator (Gθ) is a two-layer Graph Trans- 820

former with two attention heads, optimized with a 821

learning rate of 1e−4 over 50 diffusion timesteps. 822

During inference, proxy-guided synthesis ap- 823

plies a zeroth-order optimization step, evaluating 824

five candidate graphs (K = 5) at each timestep 825

to guide the generation process using an inference 826

batch size of 2.The training dataset for the proxy 827

model was constructed using a minimal subset of 828

only 50 samples from the training set, demonstrat- 829

ing high data efficiency. 830

E Algorithm 831

See Algorithm 1. 832

F Data Statistics 833

We conclude the data statistics in the table 2. 834

G Ablation Studies 835

To rigorously validate our design choices, we con- 836

ducted a series of ablation studies to isolate the 837

contribution of GTD’s core components and hyper- 838

parameters, with results summarized in Figure 6 839

and Table 4. The most critical finding, shown in Ta- 840

ble 4, confirms the impact of our proxy-guided syn- 841

thesis; removing the guidance mechanism entirely 842

causes a performance drop of nearly 6 percentage 843
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Algorithm 1 Guided Topology Diffusion (GTD) Generation

1: Input: Task condition Cnew, trained models Gθ∗ , Pϕ∗ , weights wu, wc.
2: Sample AT ∼ N (0, I).
3: for t = T, . . . , 1 do
4: Predict the unguided clean graph: Â(t)

0 = Gθ∗(At, Cnew, t).
5: Generate K candidates: {A(t)

0,k}
K
k=1, where A

(t)
0,k ∼ Bernoulli(sigmoid(Â(t)

0 )).

6: Evaluate candidates: For k = 1 . . .K, compute [ûk, ĉk]
T = Pϕ∗(A

(t)
0,k, Cnew).

7: Select best candidate via ZO: A(t)
0,best = argmax

A
(t)
0,k

(wu · ûk − wc · ĉk).

8: Compute posterior mean µpost and variance Σpost for q(At−1|At, A
(t)
0,best).

9: Sample the next state: At−1 ∼ N (µpost,Σpost).
10: end for
11: Output: The final graph A0.

Table 2: Dataset descriptions and statistics.

Category Dataset Answer Type Metric #Test License

General reasoning MMLU Multi-choice Acc. 1,530 MIT License

Math reasoning

GSM8K Number Acc. 1,319 MIT License
MultiArith Number Acc. 180 Unspecified
SVAMP Number Acc. 300 MIT License
Math Number Acc. 500 MIT License

Code generation HumanEval Code Pass@1 164 MIT License

Benchmark Dataset URL

GSM8K https://huggingface.co/datasets/openai/gsm8k/viewer/main/test?views%5B%5D=main_test

MATH https://huggingface.co/datasets/HuggingFaceH4/MATH-500

MMLU https://huggingface.co/datasets/cais/mmlu/viewer/all/dev?row=5&views%5B%5D=all_dev

HumanEval https://huggingface.co/datasets/openai/openai_humaneval

MultiArith https://huggingface.co/datasets/ChilleD/MultiArith/viewer/default/test?views%5B%5D=test

SVAMP https://huggingface.co/datasets/ChilleD/SVAMP/viewer/default/test?views%5B%5D=test

Table 3: Overview of publicly available benchmarks used in the experiments.

Variant GSM8K HumanEval

GTD (Ours) 94.14 91.43

– w/o Guidance 88.42 87.19
– w/ Random 89.65 88.32

Table 4: Ablation study on the impact of the proxy
guidance mechanism.

points on GSM8K (from 94.14% to 88.42%). Fur-844

thermore, using random guidance instead of the845

proxy model’s intelligent selection offered only a846

minor improvement, proving that the targeted opti-847

mization is the key driver of success.848

Our analysis of agent team size, visualized in849

Figure 6 (left), revealed that performance scales 850

effectively up to four agents but shows diminishing 851

returns thereafter. This result validates our use of 852

four agents as an optimal trade-off between task 853

performance and computational efficiency. We also 854

found the framework to be highly data-efficient, 855

with the largest performance gains achieved within 856

the first 50 training samples (Figure 6, second 857

from left). This demonstrates that GTD can be 858

trained effectively without requiring a massive, ex- 859

pensive dataset. Furthermore, while current reason- 860

ing benchmarks saturate at smaller team sizes, our 861

framework is technically capable of scaling to sig- 862

nificantly larger agent populations without hitting 863
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(a) Number of agents vs. Accuracy (b) Number of training samples vs.
Accuracy

(c) Number of diffusion steps vs.
Accuracy

(d) GT vs. GCN vs. GAT

Figure 6: Ablation studies on key hyperparameters and components of the GTD framework. From left to right,
the charts show the framework’s sensitivity to: (1) the number of agents, (2) the number of training samples, (3) the
number of diffusion steps, and (4) the choice of denoising network architecture. The results consistently validate
our primary design choices.

memory bottlenecks (see Appendix I), ensuring its864

applicability to more complex future scenarios.865

H Theoretical Justification866

In this section, we provide a more formal theoret-867

ical underpinning for the GTD framework. We868

begin by framing the graph diffusion model within869

the lens of variational inference and then analyze870

the convergence properties of our proxy-guided871

synthesis process.872

H.1 Variational Perspective of Graph873

Diffusion874

The generative process of denoising diffusion mod-875

els can be rigorously justified as a procedure for876

optimizing the Evidence Lower Bound (ELBO) of877

the data’s log-likelihood.878

Definition H.1 (Evidence Lower Bound (ELBO)).879

Given a data point A0, a joint distribu-880

tion pθ(A0:T |C), and a variational posterior881

q(A1:T |A0), the ELBO for the conditional log-882

likelihood log pθ(A0|C) is defined as:883

LELBO = Eq(A1:T |A0)

[
log

pθ(A0:T | C)

q(A1:T | A0)

]
884

≤ log pθ(A0 | C) (9)885

This lower bound can be decomposed into a se-886

ries of terms that are more amenable to optimiza-887

tion:888

LELBO = Eq [log pθ(A0 | A1, C)]889

−DKL(q(AT | A0) ∥ p(AT ))890

−
T∑
t=2

DKL(q(At−1 | At, A0) ∥)891

pθ(At−1 | At, C) (10)892

Optimizing the ELBO involves minimizing the 893

KL-divergence between the true posterior of the for- 894

ward process and the learned reverse process. The 895

forward process posterior is known to be tractable. 896

Lemma H.1 (Forward Process Posterior). The pos- 897

terior distribution q(At−1|At, A0) is a Gaussian 898

distribution given by: 899

q(At−1|At, A0) = N
(
At−1; µ̃t(At, A0), β̃tI

)
(11) 900

where µ̃t(At, A0) =
√
ᾱt−1βt

1−ᾱt
A0+

√
αt(1−ᾱt−1)

1−ᾱt
At 901

and β̃t =
1−ᾱt−1

1−ᾱt
βt. 902

By parameterizing the reverse process 903

pθ(At−1|At, C) as a Gaussian whose mean is 904

predicted by a neural network, we can connect the 905

variational objective to a simpler, more practical 906

training objective. 907

Theorem H.1 (Optimality of the De- 908

noising Objective). Assuming the re- 909

verse process pθ(At−1|At, C) is Gaus- 910

sian, minimizing the KL-divergence term 911

DKL(q(At−1|At, A0)||pθ(At−1|At, C)) in Eq. 10 912

with respect to θ is equivalent to training a 913

denoising network Gθ(At, C, t) to predict A0 from 914

At by minimizing the L2 loss: 915

Lsimple = Et,A0,C,ϵ

[∥∥A0 − Gθ(
√
ᾱtA0 +

√
1− ᾱtϵ, 916

C, t)
∥∥2] (12) 917

Proof. Our goal is to minimize the KL divergence 918

between the true posterior and the learned reverse 919

process: 920

Lt = DKL(q(At−1|At, A0)||pθ(At−1|At, C))
(13) 921

Both distributions are Gaussian: 922
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q(At−1|At, A0) = N (·; µ̃t(At, A0), β̃tI) and923

pθ(At−1|At, C) = N (·;µθ(At, C, t), σ
2
t I). For924

simplicity, we fix the variance of the reverse pro-925

cess to match the true posterior, σ2
t = β̃t. The926

KL divergence between two multivariate Gaus-927

sians N (µ1,Σ1) and N (µ2,Σ2) simplifies when928

Σ1 = Σ2 = σ2I to 1
2σ2 ∥µ1 − µ2∥2. Therefore,929

minimizing the KL divergence is equivalent to min-930

imizing the squared Euclidean distance between931

their means:932

Lt = EA0,C,ϵ

[
1

2β̃t
∥µ̃t(At, A0)− µθ(At, C, t)∥2

]
(14)933

The expression for the true posterior mean is934

µ̃t(At, A0) =
√
ᾱt−1βt

1−ᾱt
A0 +

√
αt(1−ᾱt−1)

1−ᾱt
At. We935

parameterize our model’s mean µθ to have the936

same functional form, but predicting A0 with our937

network Gθ(At, C, t):938

µθ(At, C, t) =

√
ᾱt−1βt
1− ᾱt

Gθ(At, C, t)939

+

√
αt(1− ᾱt−1)

1− ᾱt
At (15)940

Substituting this into the loss function, the terms941

involving At cancel out:942

Lt = EA0,C,ϵ

[
1

2β̃t

∥∥∥√ᾱt−1βt
1− ᾱt

A0943

−
√
ᾱt−1βt
1− ᾱt

Gθ(At, C, t)
∥∥∥2] (16)944

= EA0,C,ϵ

[
(
√
ᾱt−1βt)

2

2β̃t(1− ᾱt)2

∥∥∥A0945

− Gθ(At, C, t)
∥∥∥2] (17)946

Since the term outside the norm is a positive947

constant for a given timestep t, minimizing Lt with948

respect to θ is equivalent to minimizing the simpler949

objective:950

L′
t = EA0,C,ϵ

[
∥A0 − Gθ(At, C, t)∥2

]
(18)951

By substituting At =
√
ᾱtA0 +

√
1− ᾱtϵ and tak-952

ing the expectation over all timesteps t, we arrive953

at the simplified loss function Lsimple stated in the954

theorem.955

H.2 Analysis of Proxy-Guided Synthesis 956

We now analyze the role of the surrogate model and 957

the ZO optimization step in guiding the synthesis 958

towards high-reward topologies. 959

Definition H.2 (ϵ-Accurate Surrogate Model). A 960

surrogate reward model Pϕ is ϵmax-accurate with 961

respect to a true reward function R(A,C) if, for 962

any valid topology A and condition C, the approx- 963

imation error is bounded: 964

|R(A,C)− Pϕ(A,C)| ≤ ϵmax (19) 965

The accuracy of this model directly bounds the 966

sub-optimality of the topology generated by an 967

ideal proxy-guided optimizer. 968

Theorem H.2 (Performance Gap Bound). Let 969

A∗ = argmaxAR(A,C) be the true optimal 970

topology and A∗
proxy = argmaxA Pϕ(A,C) be the 971

topology found by an ideal optimizer using an ϵmax- 972

accurate proxy. The performance gap is bounded 973

by: 974

R(A∗, C)−R(A∗
proxy, C) ≤ 2ϵmax (20) 975

Proof. By definition of A∗
proxy as the maxi- 976

mizer of the proxy reward function, we have 977

Pϕ(A
∗
proxy, C) ≥ Pϕ(A

∗, C). From the definition 978

of an ϵmax-accurate surrogate model, we know that 979

for any topology A, R(A,C) ≥ Pϕ(A,C)− ϵmax. 980

Applying this bound to A∗
proxy, we get: 981

R(A∗
proxy, C) ≥ Pϕ(A

∗
proxy, C)− ϵmax (21) 982

Combining this with the optimality condition of 983

A∗
proxy gives: 984

R(A∗
proxy, C) ≥ Pϕ(A

∗, C)− ϵmax (22) 985

Again, from the ϵmax-accuracy definition applied 986

to A∗, we can state that Pϕ(A
∗, C) ≥ R(A∗, C)− 987

ϵmax. Substituting this into the previous inequality 988

yields: 989

R(A∗
proxy, C) ≥ (R(A∗, C)− ϵmax)− ϵmax

(23)
990

= R(A∗, C)− 2ϵmax (24) 991

Rearranging this final expression gives the desired 992

bound: 993

R(A∗, C)−R(A∗
proxy, C) ≤ 2ϵmax (25) 994

This completes the proof. 995
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Corollary H.1 (Perfect Surrogate). If the surrogate996

model is perfect, i.e., ϵmax = 0, then any topology997

A∗
proxy that maximizes the proxy reward also max-998

imizes the true reward, yielding R(A∗
proxy, C) =999

R(A∗, C).1000

Definition H.3 (ZO-Guided Denoising Step). At1001

a diffusion step t, given the unguided prediction1002

Â
(t)
0 = Gθ∗(At, C, t), the ZO-guided denoising1003

step replaces Â(t)
0 with A

(t)
0,best, where:1004

A
(t)
0,best = arg max

A∈{A(t)
0,k}

K
k=1

Pϕ(A,C) (26)1005

and each candidate A(t)
0,k is a discrete sample drawn1006

from a distribution parameterized by Â
(t)
0 , e.g.,1007

A
(t)
0,k ∼ Bernoulli(σ(Â(t)

0 )).1008

This ZO step can be viewed as approximating a1009

gradient ascent step on the proxy reward landscape.1010

Let J(Â0) = EA∼p(A|Â0)
[Pϕ(A,C)]. The true gra-1011

dient ∇Â0
J is intractable. The ZO step provides1012

an update direction, ∆t = A
(t)
0,best − Â

(t)
0 , which1013

serves as a stochastic estimate of the ascent direc-1014

tion. The use of multiple samples (K > 1) reduces1015

the variance of this estimate. The guided update1016

for the next state At−1 is then computed using the1017

posterior conditioned on A
(t)
0,best instead of Â(t)

0 , ef-1018

fectively biasing the sampling trajectory towards1019

regions of higher proxy reward. This greedy, step-1020

wise maximization provides a computationally effi-1021

cient method for incorporating non-differentiable1022

objectives directly into the generative process.1023

I Supplementary Results: Scalability1024

Analysis1025

To assess the scalability of GTD for larger multi-1026

agent systems, we measured the GPU memory1027

consumption of the diffusion generator and proxy1028

model as the number of agents (N ) increases.1029

As shown in Table 5, the memory requirement1030

scales linearly and remains well within the capac-1031

ity of standard consumer hardware even for large1032

swarms.1033

Table 5: The GPU cost with increasing number of
agents.

#Agents 5 50 100 1000

Memory (GB) 2.8 3.4 3.9 4.9

This confirms that while our current benchmarks1034

focus on small-team reasoning (4-5 agents), the1035

GTD framework is technically capable of optimiz- 1036

ing large-scale agent organizations without hitting 1037

hardware bottlenecks. 1038

J Supplementary Results: Generalization 1039

to Open-Source Models and Harder 1040

Benchmarks 1041

To verify that our gains are not specific to the 1042

GPT-4o-mini backbone, we extended our exper- 1043

iments to the open-source Qwen-3-8B model on 1044

GSM8K. GTD achieved 93.1% accuracy, outper- 1045

forming both the base model (87.8%) and the 1046

MaAS baseline (91.8%). Furthermore, we eval- 1047

uated GTD on the challenging LiveCodeBench 1048

(Pass@1). GTD achieved 30.8%, surpassing the 1049

Base Model (25.4%) and MaAS (29.3%), demon- 1050

strating that our topology optimization provides 1051

consistent benefits across different model families 1052

and task difficulties. 1053

K Computational Resources 1054

All experiments, including the training of the sur- 1055

rogate and diffusion models, as well as the multi- 1056

agent system simulations for data generation and 1057

evaluation, were conducted on a server equipped 1058

with four NVIDIA A6000 GPUs, each with 48GB 1059

of VRAM. 1060

L The Use of Large Language Models 1061

(LLMs) 1062

Large Language Models (LLMs) are a central com- 1063

ponent of our research methodology. The multi- 1064

agent systems evaluated in this paper are composed 1065

of agents powered by GPT-4o-mini, which per- 1066

form the reasoning and communication necessary 1067

to solve complex tasks. The performance of these 1068

LLM agents is fundamental to generating our train- 1069

ing data and evaluating the effectiveness of the 1070

communication topologies created by our GTD 1071

framework. 1072

Separately, for the preparation of this manuscript, 1073

our use of LLMs was strictly limited to polishing 1074

the language and generating figures. All underly- 1075

ing research and intellectual content, including the 1076

GTD framework, its theoretical foundations, ex- 1077

perimental design, and the analysis of results, was 1078

completed entirely by the authors. 1079

M Prompts 1080

Figure 7 presents the topologies designed by GTD 1081

under varying query difficulties for all the bench- 1082
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Figure 7: Case study of the communication topologies designed by GTD on all benchmarks.

marks.1083

N Agent Roles and Descriptions1084

Figure 8 visualizes a set of specialized agents.1085

These roles provide diverse perspectives that are1086

combined to produce the final answer.1087
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Figure 8: Overview of the different roles in our multi-agent question answering framework. Each role represents a
distinct perspective or expertise (e.g., knowledge extraction, searching, critique, mathematics, psychology, history,
medicine, economics, programming, law, or deliberate deception).
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