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Abstract

Large language models (LLMs) have recently empowered
multi-agent systems (MAS) to achieve remarkable advances
in collaborative reasoning and complex task automation. The
effectiveness of these systems fundamentally depends on the
design of adaptive communication graphs—the underlying
workflows that coordinate agent interactions. However, in real-
world scenarios, strict privacy constraints often silo data across
organizations, and client distributions are highly non-IID, pos-
ing major challenges for synthesizing such workflows. In this
work, we are the first to systematically study distributed
multi-agent workflow synthesis under these privacy and het-
erogeneity constraints, and we introduce the Difficulty-Based
Skew (DBS) benchmark to emulate such challenging envi-
ronments. Drawing inspiration from federated graph learning
(FGL)—which has primarily focused on classification over
static graphs—we identify a critical gap: existing FGL meth-
ods do not address the generative design of communication
topologies. We reveal two fundamental obstacles to generative
workflow synthesis in this setting: (i) workflow specializa-
tion conflict, where agents optimized for different task dis-
tributions generate incompatible communication patterns that
resist meaningful aggregation, and (ii) structural communi-
cation shift, where locally optimal agent interaction graphs
fail to compose into globally coherent multi-agent workflows.
To address these challenges, we propose DAWN, a federated
framework that integrates two key innovations: Parametric
Resonance, which robustly aggregates heterogeneous local
updates via layer-wise SVD-based denoising and alignment,
and Structural Gravity, which regularizes local workflow
generation by penalizing the Fusion Gromov-Wasserstein dis-
tance to a set of prototype communication graphs, ensuring
global structural coherence without stifling local adaptation.
Experiments on the DBS benchmark show that DAWN surpasses
baselines in global task success and reduces inter-client graph
divergence, laying a solid foundation for privacy-preserving,
adaptive MAS workflow design in heterogeneous settings.
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Introduction

Large Language Models (LLMs) demonstrate strong capabil-
ities in understanding, generating, and reasoning with human-
like text (OpenAl et al. 2023), leading to the development
of LLM-based agents for autonomous decision-making, tool
usage, and memory management (Wang et al. 2023). While
single-agent systems are promising, complex problems of-
ten require collaborative efforts, motivating the adoption of
LLM-powered Multi-Agent Systems (MAS). Specifically,
static MAS with predefined roles and structures have gained
traction for their ability to simulate group dynamics and
achieve collective intelligence (Guo et al. 2024; Chen et al.
2024; Yan et al. 2025; Aratchige and Ilmini 2025). Meth-
ods such as role assignment in MetaGPT (Hong et al. 2023),
debate mechanisms (Du et al. 2023a), and communication-
centric approaches (Chen et al. 2024) exemplify how these
static systems enhance problem-solving through structured
interactions.

Recent studies advocate automated and dynamic workflow
design for LLM-MAS. Typical workflows take the form of
a communication graph; for example, G-Designer (Zhang
et al. 2025) learns agent roles and edges to maximise collec-
tive utility in complex reasoning tasks. Frameworks such as
AutoAgents (Chen et al. 2023) and AgentScope (Gao et al.
2024) further focus on runtime control and adaptive commu-
nication. However, in high-stakes domains such as financial
risk control (Li et al. 2023) and joint medical diagnosis (Tang,
Zou et al. 2023; Li et al. 2024), agents must work under the
dual limits: data privacy and severe distribution shift. This
tension raises a fundamental open question:

As far as we know, this paper is the first to address the
distributed multi-agent workflow synthesis problem. At its
core, this task is generative and graph-centric: agents must
jointly synthesize communication topologies instead of opti-
mising over pre-defined workflows. Federated Graph Learn-
ing (FGL) (Wu et al. 2021; He et al. 2021, 2022; Wan, Huang,
and Ye 2024; Jiang et al. 2023) offers a privacy-preserving
learning paradigm, yet almost all existing FGL studies focus
on discriminative objectives on given graphs and cannot
directly handle our ”zero-to-one” workflow design challenge.
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Figure 1: Problem Illustration. There are two fundamental ob-
stacles to generative workflow synthesis in federated setting:
I) Naive aggregation of heterogeneous policy models without
data access dilutes the scarce but valuable expertise derived
from complex tasks. IT) Divergence of locally optimal graph
structures hinders the synthesis of a globally coherent policy
model.

3 How can distributed multi-agent systems col-
% ' laboratively synthesise adaptive workflows
' without sharing any private data?

Figure 2: Key Research Question.

In this work, we adapt the design philosophy of G-Designer
(Zhang et al. 2025) into the federated setting: the server ag-
gregates strategy models that locally craft topology prompts,
enabling each client to propose task-adaptive communication
graphs while respecting data locality. We further introduce
Difficulty-Based Skew (DBS), which partitions the corpus
by query difficulty to construct a realistic non-IID benchmark
for distributed workflow synthesis.

Our DBS benchmark immediately reveals a critical limi-
tation of mainstream federated optimisers such as FedAvg.
Clients assigned to easy, medium and hard query partitions
evolve strategy models whose local updates point towards
markedly different optima: hard-query clients discover spe-
cialised prompt patterns and communication motifs, while
easy-query clients focus on simpler shortcuts. Weighted aver-
aging blindly superimposes these conflicting directions, dilut-
ing the scarce but valuable expertise of difficult-task clients
and pushing the global policy towards mediocrity. Prior cross-
client calibration methods (e.g. FCCL (Huang, Ye, and Du
2022)) mitigate such drift by sharing a small public corpus,
an assumption that collapses in privacy-critical MAS settings
where no common data can leave the silo. This tension raises

our first research question: @ how can we aggregate hetero-
geneous policy model updates without any shared data, yet
still distil their common essence? We answer with a novel
Parametric Resonance (PR) aggregation mechanism. PR is
entirely data-free, requires no extra rounds of communication.
Treating every local update as a high-dimensional signal, PR
performs layer-wise singular value decomposition to isolate
principal directions that encode cross-client consensus, sup-
presses low-energy bias, and solves a lightweight alignment
objective to produce a merged update global policy model.

Yet, even as PR addresses the uncertainty of parameter
heterogeneity, a hidden structural drift still lurks, threaten-
ing the stability of communication topologies. When optimi-
sation proceeds independently, do clients assigned to easy,
medium, and hard queries inevitably gravitate towards work-
flows with divergent— even conflicting—structures, thereby
weakening cross-site collaboration? This leads to our second
research question: @ how can we harmonise local person-
alisation with global structural coherence in distributed
workflow synthesis? To answer this, we propose Structural
Gravity (SG) regularisation. At the start of each round the
server samples the current global policy to create a set of
prototype graphs and sends them to all participants. Dur-
ing local reinforcement learning each client penalises the
Fusion Gromov-Wasserstein (FGW) distance between its
generated workflow and the prototype graph set, forming an
invisible “gravitational field” that gently steers exploration
toward a shared paradigm. SG preserves difficulty-induced
creativity while preventing collaborative links from break-
ing. By cleverly combining these two strategies, we propose:
Distributed LLM-based Multi-Agent Systems Workflow Syn-
thesis via Federated Graph LearNing (DAWN), which achieves
the superior performance across various datasets. Our contri-
butions are summarized as follows:

©® Problem Formulation. We are the first to systematically
study federated multi-agent workflow synthesis, identifying
two fundamental challenges: incompatible communication
patterns and locally structural drift.

O Methodological Innovation. We propose DAWN, featuring
Parametric Resonance for SVD-based denoising and align-
ment of heterogeneous updates, and Structural Gravity
using Fusion Gromov-Wasserstein regularization to ensure
globally coherent communication topologies.

® Benchmark & Empirical Validation. We introduce the
Difficulty-Based Skew (DBS) benchmark and demonstrate
DAWN consistently outperforms diverse baselines across
different federation scales, achieving superior performance
on HumanEval, GSM8K, and MMLU datasets.

Preliminaries

We formalize joint agent systems, the workflow synthesis
architecture, and the federated learning problem.

Multi-Agent Systems and Communication Graphs

A collaborative multi-agent system is modeled as a directed
graph G = (V, &), where V = {v1,...,un} are special-
ized agents and & defines information flow. Each agent
v; = {Base;,Role;, State;,Plugin,} consists of an
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LLM backbone, role function, contextual memory, and do-
main tools. Communication is encoded by an adjacency ma-
trix A € {0,1}¥*N_ Given a query Q, the system executes
a protocol over T' rounds. In round ¢, agent v; generates
responses based on predecessors:

R(t) = 2(7)5(;2, usr) where 7)1(1§r ={9, U R(t }o (D

v; ENin(v3)

The system aggregates outputs into intermediate solutions
a®, converging to a(™). The topology G governs collabora-
tion quality and efficiency.

Foundational Workflow Synthesis Architecture

Building on task-adaptive topology generation (Zhang et al.
2024a), we employ a generative model Sp, to synthesize
topologies Geom = Sp, (Q, V).

Task-Aware Multi-Agent Network Construction Given
query Q and agents ), we construct a task-specific network.
Agents are assigned roles and encoded:

x; +— NodeEncoder(7 (Base;),Role;, T (Pluginy)), (2)
where 7T (-) extracts textual descriptions. A virtual task node
Vtask 18 connected to all agents: z;45% < NodeEncoder(Q).
This yields a network G = (f/, £ ) initialized with an anchor
topology A gnchor-

Variational Communication Topology Design We em-
ploy a variational graph auto-encoder (VGAE) (Kipf and
Welling 2016) to generate G oy, :

gcom = Seg (g~) = p(gcom‘H)q(Hlx, Aancho?‘)a (3)
where ¢(-) encodes nodes into latent representations:

N
q(Hagent|X7Aancho'r) = HN(hz‘///zydlag(U?))> (4)
i=1

with parameters computed by GNNs. The decoder p(-) gen-
erates the topology via a two-step process:

p(gco7n|Hagent) - /pc(gc(nn‘S)ps(S|Hagent)dS. (5)
JS
First, ps(-) constructs a sketched matrix S:
Ps(S|Hagent) = | [ Sigmoid((log(e) — log(1 — €) + wi;)/7),

i
(6)
where @ = FFNy, ([h;, hj, htask]). Second, p.(-) refines S
into a sparse graph via regularization:

= 1
S = arg max{ - *HAancho'r - ZWZTH%
S 2
1 T2 @
— 58 = ZWZT |} + W] },
where Z contains top-r singular vectors of S, and W is
learnable. This ensures similarity to the anchor and sparsity.

Optimization Objective The objective combines utility,
anchor consistency, and sparsity: Loynthesis = Lutility +
»Canchor + Esparse'

Federated Workflow Synthesis

We address federated synthesis with K clients, each with
private task distribution Dy,. Heterogeneity (Dj, # D;) com-
plicates learning a global workflow synthesis policy Sy,
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that generalizes across diverse tasks. Unlike traditional FL
on static graphs, we generate task-adaptive structures. Each
client £ optimizes a local model Sy, :

c(k) [:(’9) £(k)

sonthesis O) = Luitity + Laienor + Loparse:

where ‘C'utzlzty EQkNDk [fu (al(gT)(Qk))] .
The global objective is to learn a shared, adaptable policy:
Zszl Tk Eilgjzlthesis (Ox).-

Federated Multi-Agent Workflow Synthesis Principles:
@ Privacy Preservation: Collaborative learning without
exposing raw data.
@ Parameter Alignment: Aggregatmg heterogeneous up-
dates while maintaining expressiveness.
® Structural Consistency: Preserving consistent topology
patterns across clients.

®

mingg Efed(eg) =

The following methodology section details our implemen-
tation.

Methodology
Overview

To implement the Federated Multi-Agent Workflow Synthe-
sis Principles, our proposed DAWN framework is engineered
to operate under strict privacy and heterogeneity constraints.
Privacy preservation is achieved through the adoption of a
federated optimization paradigm. The challenges arising from
client heterogeneity are addressed via two core technical inno-
vations. For parameter alignment, we introduce Parametric
Resonance, which robustly aggregates heterogeneous local
updates through layer-wise SVD-based denoising and align-
ment, a method that preserves both consensus knowledge and
rare expertise derived from challenging queries. Concurrently,
to enforce structural consistency, the framework incorporates
Structural Gravity, a topology-aware regularization mecha-
nism. This component regularizes local workflow generation
by penalizing the Fusion Gromov-Wasserstein distance to a
set of prototype graphs, thereby ensuring global structural
coherence while permitting local adaptation. An illustration
of the overall framework is provided in Figure 3.

Parametric Resonance

In federated multi-agent workflow synthesis, the challenge
of parameter heterogeneity is particularly pronounced: each
client, exposed to a unique distribution of queries, locally
optimizes its strategy model to generate prompts for adaptive
communication graphs. For instance, clients assigned to more
difficult queries often develop specialized communication
motifs, while those handling easier queries may converge to
simpler, shortcut strategies. When these local updates Ay, ; =
Or,ri — Ogr—1, are aggregated using standard FedAvg,

A= Zkak 5 Q)

the nuanced expertise from hard -query clients is easily di-
luted by the majority, resulting in a global model that fails
to capture the full spectrum of adaptive behaviors required
for robust workflow synthesis. This motivates the need for
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Figure 3: Architecture illustration of DAWN with

a more sophisticated aggregation mechanism that can ex-
tract and amplify the essential innovations emerging from
heterogeneous local learning.

To address this, we introduce Parametric Resonance (PR)
aggregation, a layer-wise procedure designed to distill cross-
client consensus while suppressing spurious drift. The first
step is to compute the local update for each client and layer,
which encapsulates the client’s unique adaptation to its as-
signed query distribution:

Api = 0kri —0gr—1,. (10)
These updates reflect not only the diversity of local strategies
but also the tension between personalization and global coher-
ence. However, directly combining these raw updates risks
mixing global trends with genuine client-specific innovations.

To disentangle these effects, we perform a centering step
that removes the rnean update across all participating clients:

A= |C|ZAM’ Apg = Ay — Ay (11)
keC,
This step is crucial for isolating the relative differences in
local adaptation—such as the emergence of distinct prompt
patterns for hard versus easy queries— and sets the stage for
extracting the principal directions of consensus.

Yet, even after centering, the updates Ak,l may still contain
a mixture of valuable shared motifs and client-specific noise,
especially in the presence of extreme data heterogeneity. To
further refine the signal, we apply singular value decomposi-
tion (SVD) to each centered update:
Ay = U iZi Vi (12)
By retaining only the top-p singular components, we obtain
a denoised update that preserves the dominant cross-client
structures:

Ay = Ukt,1:0 50,0100 Vie 1125 (13)
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and . Best viewed in color.

This denoising step is motivated by the need to amplify robust,
recurring motifs—such as those that consistently improve
performance on challenging queries—while suppressing id-
iosyncratic fluctuations that do not generalize.

However, simply averaging these denoised updates would
still overlook the subtle geometric differences between the
principal subspaces of each client, especially when their local
experiences are highly diverse. To achieve a truly federated
consensus, we formulate an optimization problem that seeks
a merging update A,, ;, minimizing its misalignment with
each client’s denoised core knowledge:

Z||

keCyr

_ T2

H (Am,l - Uk,l,lzpzk,l,l:kaT,z,lzp - Al) (Zk,z,lszkT,z,Lp)
F
(14)

This objective, solved via gradient descent, ensures that the
merged update not only captures the consensus directions but
also respects the unique contributions of clients specializing
in different query regimes. In essence, it harmonizes the
federation’s collective intelligence, allowing the global model
to inherit both the breadth and depth of local expertise.

mm L =

ml

I

Finally, the optimized alignment updates from all layers
are assembled into the global update Ayigneq, Which is used
to advance the global strategy model:

g = Og.r—1 + Datigned- (15)
Through this stepwise refinement—centering, denoising, and
subspace alignment—Parametric Resonance allows the feder-
ated system to build adaptive workflows that are both robust
to heterogeneity and able to leverage the full range of innova-
tions arising from diverse client experiences. This approach



is especially effective in our setting, where the emergence of
specialized communication motifs and structural diversity is
essential for solving complex, non-1ID query distributions.

Structural Gravity

While Parametric Resonance effectively addresses parame-
ter heterogeneity, federated multi-agent workflow synthesis
remains vulnerable to a subtler threat: structural drift. As
each client independently optimizes its local strategy model,
the generated communication graphs may gradually diverge
in topology, especially under highly heterogeneous query dis-
tributions. This divergence can lead to a breakdown of global
coherence, undermining the collaborative potential of the
system. To counteract this, we introduce Structural Grav-
ity (SG), a regularization mechanism designed to harmonize
local personalization with global structural consistency.

At the beginning of each federated round, the server sam-
ples the current global strategy model to generate a set of
prototype workflow graphs P,,...o = {QZ(,QM, ceey Q;%zo},
which serve as structural anchors for the federation. Con-
cretely, the server randomly selects a small subset Q,,,; of
queries from a global held-out validation set and uses the
current global model to generate the corresponding commu-
nication graphs:

Pproto = {899(Q7 V) | Q € Q'L}al} 5 (16)
where Sy, is the global workflow synthesis model. This set
of prototypes is broadcast to all participating clients at the
start of each round.

During local training, each client not only seeks to max-
imize its expected utility over its private query distribution,
but also penalizes the structural deviation of its generated
workflow from the most similar prototype in Pp,t,. Specifi-
cally, for each generated graph G.,,,, we compute the Fusion
Gromov-Wasserstein (FGW) distance to every prototype in
Pproto and select the minimum:

d*FGW (gcom, Pp'roto) = min

dFGW (gcom7 gp'roto)~
proto€Pproto

a7
The final local objective for client k thus become:
k k k
[’l(oc)al = Egyilthesis + v ‘C(F%Y'W7
where £§féw =Eog,~D, [d}gw (Qﬁff?n(Qk), Pp?‘oto)] )
where +y is a hyperparameter controlling the strength of the
structural alignment.

The FGW distance between two graphs G; =
(A1, X1, 1) and Gy = (A, Xo, po) is defined as:

drow(G1,G2) = _min 37 [(1—a)|Xi(0) - Xa(k) 3

MEM(p1,p2) <
RN NN

+ (A (i) — Ak, 1) mms,

(18)

19)
where (1 is the node weights, IT(p1, 12) is the admissible
couplings, and & € [0, 1] balances structure and features. To
address the O(N3) complexity of conventional FGW, we
employ a neural network-based FGW approximator (Qian
et al. 2024a) using Siamese MLP/GCN branches to extract
features and compute Euclidean distances for FGW approxi-
mation, reducing complexity to O(N + E) with distributed
GPU acceleration.
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By penalizing structural drift, this gravitational regular-
ization steers local exploration toward shared structural
paradigms. Complementing Parametric Resonance, Struc-
tural Gravity manages the personalization-consistency trade-
off, thereby enabling federated multi-agent systems to syn-
thesize high-performing, adaptive, and structurally robust
workflows across heterogeneous clients.

Experiment

We comprehensively evaluate DAWN through four axes: Q1
(Superiority), Q2 (Resilience), Q3 (Effectiveness), and Q4
(Sensitivity). The evaluations of Q1 through Q3 are detailed
below, while Q4 is provided in the Appendix.

Experimental Setup

Datasets. We evaluate DAWN using three challenging datasets
that require sophisticated multi-agent collaboration: Hu-
manEval (Chen et al. 2021) for code generation tasks,
GSMS8K (Cobbe et al. 2021) for mathematical reasoning,
and MMLU (Hendrycks et al. 2020) for knowledge-intensive
question answering. For evaluation, we adopt Pass@1 for the
HumanEval dataset and accuracy (%) as the primary metric
for GSM8K and MMLU. To simulate realistic heterogeneous
scenarios, we employ our proposed Difficulty-Based Skew
(DBS) splitting strategy, which creates non-IID data distribu-
tions that reflect real-world variations (detailed in Appendix).
Counterparts. We compare DAWN against three categories
of methods: (1) Federated Learning baselines including
FedAvg (McMahan et al. 2017), FedProx (Li et al. 2020),
Scaffold (Karimireddy et al. 2020), MOON (Li, He, and
Song 2021), and FedDC (Gao et al. 2022); (2) Federated
Graph Learning baselines including FGSSL (Huang et al.
2024), FedStar (Tan et al. 2023), and GCFL+ (Xie et al.
2021); (3) Agent baselines including CoT (Wei et al. 2022),
LLM-Debate (Du et al. 2023b), DyLAN (Liu et al. 2023),
MacNet (Qian et al. 2024b), and AFlow (Zhang et al. 2024b).
Implementation Details. We assess DAWN under varying fed-
erated settings with different numbers of clients (K=3, 4, 5).
More implementation details can be found in the Appendix.

Superiority (Q1)

To assess the performance of DAWN, we evaluate it across all
three datasets with varying client configurations, as shown in
Tab. 1. DAWN achieves 88.07% average accuracy, outperform-
ing all baselines. Several observations can be made (Obs.):
Obs. @ Compared to federated learning methods, DAWN out-
performs FedProx by 1.02% because Parametric Resonance’s
SVD denoising preserves specialized expertise that tradi-
tional parameter averaging destroys, while gains of +1.69%
to +1.90% over other federated methods stem from aggre-
gating heterogeneous workflow structures rather than just
model parameters. Obs. ® Against federated graph learn-
ing baselines, improvements of 1.69%-1.90% occur because
Structural Gravity’s FGW regularization captures workflow
topology semantics that graph-based aggregation methods
miss, enabling coherent multi-agent coordination beyond
static graph structures. Obs. ® The narrow 0.30% margin



T HumanEval GSMSK MMLU
K=3 K=4 K=5 K=3 K=4 K=5 K=3 K=4 K=5 Avg
CoT [NeurIPS22] 85.42 84.73 74.25 81.47
LLM-Debate [I[CML.24] 88.64 87.35 79.12 85.04
DyLAN [COLM?24] 90.23 88.91 81.37 86.84
MacNet [ICLR25] 89.12 87.95 79.68 85.58
AFlow [ICLR25] 90.93 89.62 82.75 87.77
FedAvg [AISTATS17] 93.02 91.47 91.47 90.00 90.00 91.87 76.88 79.37 75.62 86.63
FedProx [MLSys20] 95354533 9225+0.78 9147 000 | 88.75,1.25 92.5042. 50 90.62 1 25 | 781241 04 76255 12 78.1245 50 || 87.05
Scaffold [ICML20] 9147155 90.70 0.77 90.70 0.77 | 91.25:1 25 88.75,1.25 89.38,2 49 | 80.00+3 12 73.75;562 76251063 || 85.81
MOON [CVPR21] 9225077 89.92 155 90.15,1 3> |89.38 062 91.2541.05 90.00 1 .87 | 78.75+1.87 77.501.87 7438 1.24 || 85.95
FedDC [CVPR22] 90.70 2,30 92.6411 17 89.15 5 35 | 88.12 1. 88 8938 0.62 92.5010.63 | 79384250 75.00 4 .37 77.5041 gs || 86.04
FGSSL [1JCAI23] 89.92 510 93.8012.33 91.47,0.00 | 912511 25 90.6210.62 90.00; 1 g7 | 74.38 250 78.12,1 25 76.88+1 26 || 86.27
FedStar [AAAI23] 91.86,1.16 90.23 1 24 92.25:0.75 | 90.6210.62 88.12;1 85 91.25 0,62 | 77.5010.62 80.62+1 55 75.00 .62 || 86.38
GCFL+ [NeurlPS21] 9248 .54 89.73 174 9091 056 | 91.37+1.37 89.26,0.74 9045 1 45 | 783141 45 7689 2 48 76.14:0 52 || 86.17
DAWN 96.1213.10 94192 75 93.02:1 55 | 92.505 50 93.75:5 75 93121 o5 | 81.2514 37 80.0010.63 78.75:3 13 || 88.07

Table 1: Main experimental results on three datasets (HumanEval [Pass@1], GSM8K [%], MMLU [%]) with different numbers
of clients (3, 4, 5). For FL baselines, the best is highlighted in bold, and the second-best is underlined.
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5 7 9 111315
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Figure 4: Scalability Analysis on MMLU dataset across vary-
ing agent counts (5-15) under different federation scales.

over AFlow reflects both methods” workflow automation ca-
pabilities, but federated synthesis enables cross-client knowl-
edge sharing that centralized AFlow lacks, while larger gains
over other agent methods (+1.23% to +6.60%) demonstrate
systematic workflow synthesis superiority over ad-hoc coordi-
nation. Obs. @ Cross-dataset analysis reveals DAWN’s strong
generalization capability, maintaining consistent performance
improvements across diverse task domains (code generation,
mathematical reasoning, knowledge-intensive QA).

Resilience (Q2)

To investigate the resilience of DAWN, we conduct analysis
along two axes. @ We quantitatively compare performance
across different client numbers, finding that DAWN consistently
outperforms all baselines with minimal accuracy fluctuation.
For instance, on HumanEval, DAWN achieves 96.12% (K=3),
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Figure 5: Ablation Study on component effectiveness across
GSMB8K and MMLU datasets with K=5 clients.

94.19% (K=4), and 93.02% (K=5), always surpassing the
best baseline by a clear margin, demonstrating superior sta-
bility regardless of federation scale. @ We evaluate agent
count scalability through controlled experiments on MMLU
dataset with varying agent counts (5-15), as shown in Fig-
ure 4. DAWN demonstrates consistent performance improve-
ments as agent count increases, achieving approximately 4%
scalability gains across both federation scales while main-
taining 1.4% average advantage over FedProx, demonstrating
that our dual-component design scales more effectively than
traditional parameter aggregation methods.

Effectiveness (Q3)

We evaluate the effectiveness of the two core components
in DAWN through controlled ablation studies, as shown in
Figure 5. Parametric Resonance (PR) contributes 0.58% im-
provement on GSM8K and 1.27% on MMLU by preserving
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Figure 6: Sensitivity Analysis of key hyperparameters p
(SVD rank values) and ~y (structural alignment weight) across
GSMS8K and MMLU datasets with K=5.

specialized expertise during parameter aggregation, while
Structural Gravity (SG) provides 0.44% and 1.03% improve-
ments respectively through workflow topology regularization.
The combined effect (1.25% on GSMS8K, 3.13% on MMLU)
exceeds individual contributions, demonstrating synergistic
interaction between parameter-level denoising and structure-
level coherence. Both components address complementary
challenges: PR handles heterogeneous parameter aggrega-
tion while SG ensures global workflow consistency, enabling
effective federated multi-agent workflow synthesis that out-
performs traditional federated learning approaches.

Conclusion

In this work, we propose an innovative exploration of dis-
tributed multi-agent workflow synthesis under strict privacy
and heterogeneity constraints. To achieve this goal, we intro-
duce a novel federated framework, DAWN, which addresses
two fundamental challenges in this domain: workflow spe-
cialization conflict and structural communication shift. Our
framework integrates two key innovations: Parametric Res-
onance aggregates heterogeneous updates while preserving
specialized expertise via layer-wise SVD-based denoising
and alignment; and Structural Gravity regularizes local
workflow generation against prototype graphs using the FGW
distance. To evaluate performance under realistic non-1ID
conditions, we developed the DBS benchmark. Experiments
on this benchmark demonstrate that DAWN surpasses SOTA
baselines in global task success, reduces inter-client graph
divergence, and exhibits consistent scalability.
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