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Abstract

Multi-agent systems (MAS) based on large language models
(LLMs) have emerged as a powerful solution for dealing with
complex problems across diverse domains. The effectiveness
of MAS is critically dependent on its collaboration topol-
ogy, which has become a focal point for automated design
research. However, existing approaches are fundamentally
constrained by their reliance on a template graph modifica-
tion paradigm with a predefined set of agents and hard-coded
interaction structures, significantly limiting their adaptabil-
ity to task-specific requirements. To address these limita-
tions, we reframe MAS design as a conditional autoregres-
sive graph generation task, where both the system composi-
tion and structure are designed jointly. We propose ARG-
DESIGNER, a novel autoregressive model that operational-
izes this paradigm by constructing the collaboration graph
from scratch. Conditioned on a natural language task query,
ARG-DESIGNER sequentially and dynamically determines
the required number of agents, selects their appropriate roles
from an extensible pool, and establishes the optimal commu-
nication links between them. This generative approach cre-
ates a customized topology in a flexible and extensible man-
ner, precisely tailored to the unique demands of different
tasks. Extensive experiments across six diverse benchmarks
demonstrate that ARG-DESIGNER not only achieves state-
of-the-art performance but also enjoys significantly greater
token efficiency and enhanced extensibility.

Code — https://github.com/Shiy-Li/ARG-Designer

Introduction

Agents built on large language models (LLMs) have demon-
strated impressive capabilities in tackling complex tasks
across domains, including code generation, data analysis,
decision-making, and question answering (Zhu et al. 2024;
Li et al. 2024a; Song et al. 2023; Wang et al. 2024; Zhong,
Wang, and Shang 2024; Tan et al. 2025; Miao et al. 2025).
To overcome the limitations of a single agent in tackling
more complex tasks, the research interests have increas-
ingly shifted towards multi-agent systems (MAS), which un-
lock new potential through collaborative interactions among
agents with diverse capabilities and roles. Central to MAS is

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

23142

JFixed Team
3 Predefined Link

A Igor‘l‘rh rn\
Designer

Prune/
Task/ L ‘@’ Optimize

\> =
Que ry Progr‘ammmg leer
Pt et Task-Specific
Template Graph Topology

(a) Template Graph Modification Paradigm (Existing)
Exfensible Role Pool
lllll +&

- VQ %
P ad 1
Project Algorlfhm Bu Pro rarnmmg Test Mathematical Wlkl ath

Manager Designer F|xer‘ xper‘r Analyst Analyst SearcherSolver
ven

Task/ iy Select and Connect % B Extensible Team
Query - X &—8 g,_»ﬁ a Flexible Link
aéﬁ é & é FINISH

Generated Task-Specific Topology
(b) Autoregressive Graph Generation Paradigm (Ours)

Figure 1: The comparison of two paradigms: (a) template
graph modification and (b) autoregressive graph generation.

its collaboration topology, a graph that defines how agents
with roles are structured and how they exchange informa-
tion (Liu et al. 2025). A growing body of evidence, span-
ning from sequential reasoning pipelines to debate-based ap-
proaches, demonstrates that MAS performance varies dra-
matically depending on how inter-agent communication is
architected (Zhang et al. 2025c; Zhou et al. 2025). There-
fore, designing an effective collaboration graph tailored to
specific tasks becomes a critical research challenge.

Early research on MAS topology design focused on static
and manually designed graphs, such as chains that enforce
sequential workflow (Wei et al. 2022; Hong et al. 2024),
trees that enable structured deliberation (Yao et al. 2023),
and fully connected graphs that ensure sufficient commu-
nication. Although these canonical collaboration topologies
can facilitate effective coordination in specific scenarios, the
inherent rigidity of these fixed topologies limits their adapt-
ability across diverse tasks, resulting in sub-optimal perfor-
mance. To enhance flexibility and efficiency, a more recent
line of work (Zhuge et al. 2024; Shen et al. 2025) focuses on



adaptively constructing task-specific communication struc-
tures using graph learning models (Pan et al. 2025b,a; Fu
et al. 2025a,b). For example, AgentPrune (Zhang et al.
2025a) and AgentDrop (Wang et al. 2025) learn to create
sparse and task-specific graphs by pruning connections or
agents from a predefined template topology. More advanced
approaches like G-Designer (Zhang et al. 2025b) follow the
paradigm of graph structure learning, which uses a graph
autoencoder to learn efficient collaboration structures in a
task-adaptive manner.

Despite their varied designs, existing graph learning-
based methods often follow a shared paradigm: template
graph modification (Fig. 1a). That is, they typically start
from a fixed communication template based on a predefined
set of agents and hard-coded interaction structures, and ap-
ply learnable adjustments, such as edge reweighting or prun-
ing, to adapt the topology to specific tasks (Zhang et al.
2025a,b). Despite offering reasonable adaptability in con-
strained settings, this paradigm exhibits two inherent limi-
tations. Limitation 1: Redundant Composition. To ensure
structural flexibility, template graphs are often initialized
with numerous agent roles and densely connected edges,
many of which are unnecessary for a specific task. Even
with pruning mechanisms, irrelevant agents or connections
may be retained in the learned task-specific topology, lead-
ing not only to reduced efficiency but also to potential sub-
optimal decision-making during execution. Limitation 2:
Limited Extensibility. In the fast-evolving field of LLM-
based agents, a massive number of new agent functionalities
are emerging with increasing frequency. However, trained
on a fixed template graph, the existing methods struggle to
generalize to scenarios with dynamic agent sets or evolving
collaboration needs. Meanwhile, it would be prohibitively
expensive to build a large-scale template graph that covers
all possible agent roles and interaction patterns, and then
prune it to a suitable task-specific topology. Given the above
limitations, a natural question arises: Going beyond template
graph modification, can we design a more flexible and exten-
sible paradigm for collaboration topology construction?

To seek the answer to the above question, we draw in-
spiration from real-world practices of recruiting teams for
complex tasks. Rather than starting with a fully staffed team
where every possible member is onboarded from the be-
ginning, real-world teams are usually formed incrementally,
with members added based on expertise, availability, and
evolving task needs. This practical pattern inspires us to ex-
plore autoregressive graph generation (Fig. 1b) as a more
promising paradigm for collaboration topology construc-
tion. Unlike pruning from a predefined overcomplete struc-
ture, the new generation paradigm constructs the collabora-
tion graph from scratch by progressively selecting appropri-
ate agents. Such an incremental procedure naturally avoids
redundant agent-role compositions during the design pro-
cess, which naturally addresses Limitation 1. Moreover, by
discarding the fixed template, the generative paradigm en-
ables dynamic expansion of the agent pool, with only linear
computational cost during the node generation phase. This
merit enhances the extensibility of collaboration graph con-
struction and thus alleviates Limitation 2.
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Building upon the new paradigm, in this paper, we pro-
pose ARG-DESIGNER, a novel AutoRegressive Graph
generation model that acts as a MAS topology Designer.
Conditioned on a natural language task query, ARG-
DESIGNER constructs the entire collaboration graph from
scratch by iteratively generating each node (i.e., agent) along
with its corresponding edges (i.e., communication links) to
previously generated nodes. Compared to prior approaches,
ARG-DESIGNER provides enhanced flexibility and scala-
bility with respect to the number of agents, the variety of
agent roles, and the richness of potential interactions. To
train our generative model, we design a curriculum learn-
ing strategy that starts with denser communication topolo-
gies to ease the cold-start problem, and gradually transitions
to sparser, pruned graphs for fine-tuning, encouraging the
model to generalize to minimal yet effective structures. Ex-
tensive experiments on six benchmarks demonstrate that our
method achieves state-of-the-art effectiveness, communica-
tion efficiency, and robustness.

Problem Formulation

In this section, we introduce the graph-based modeling of
MAS, and then formulate MAS topology design as an au-
toregressive graph generation problem.

MAS as a Collaboration Graph. We model a MAS as a
collaboration graph, a directed acyclic graph (DAG) G =
(V, &) that outlines the system architecture and the flow
of information among its components. The nodes V
{v1,va,..., 0N} represent the set of agents, where each
agent v; is an instance of an LLM endowed with a specific
role ; € R that dictates its function and expertise. It also
maintains an internal state s; € S, which serves as a mem-
ory of its past actions and interactions. The edges € C V x V
define the directed communication pathways. An edge e;; =
(vj;,v;) signifies that agent v; is a designated recipient of in-
formation from agent v;. The set of direct predecessors of
agent v; is denoted by Ny, (v;) = {v; | (vj,v;) € E}.

MAS Collaboration Protocol. Given a collaboration graph
G, the MAS addresses a user query Q by executing a multi-
step collaboration protocol. This protocol governs how in-
formation is processed and passed between agents, unfold-
ing over a series of communication rounds (Pan et al. 2026;
Zhang et al. 2024; Cai et al. 2024). Unlike traditional GNNs
message passing, the operational sequence for agent activa-
tion within each round is determined by a topological sort
of the nodes, ensuring that an agent is activated only after
its prerequisite inputs are available (Zhao et al. 2025; Chen
et al. 2025; Zhuang et al. 2025; Li et al. 2024b; Cai et al.
2025). This process can be executed for K rounds to al-

low for iterative refinement. In each round k € {1,..., K},
(

%

an agent v; generates its response m k) by invoking its lan-

guage model with a dynamically constructed prompt Pzgk):
m® = LLM, (P™). (1)

where the prompt integrates the properties of the agent with
outputs of its predecessors from the previous round:

P = f(riysi,Q, {mé‘k_l) | 0j € Nin(vi)})-
~~

System

2

User



After K rounds, the final output O is obtained by aggre-
gating the final-round responses from some or all agents:

0= Aggregate({mz(-K) | v; € V}), 3)

where the aggregation strategy Aggregate(-) varies across
implementations. Common strategies include majority vot-
ing, delegating the final decision to a specific terminal agent,
or selecting the output from the last agent in the execution
order. The number of communication rounds K can be ei-
ther predefined or adaptively determined via early-stopping.
MAS Topology Design as a Graph Generation Task.
The automatic task-specific construction of MAS topolo-
gies is a key challenge and research frontier. Traditional
automated approaches that start from a large, predefined
template graph, analogous to a fully-staffed team with ev-
ery possible role, suffer from redundancy and limited ex-
tensibility. Drawing inspiration from real-world practices of
building expert teams incrementally, we reframe the prob-
lem from modifying a fixed template to generating a be-
spoke graph from scratch. Instead of navigating the enor-
mous graph space G with an expensive utility function
¢(Execute(G, Q)), we propose to learn a conditional gener-
ative model, i.e., P(G|Q, R), where R is an extensive agent
role pool. This model directly captures the relationship be-
tween a task query and the principles of effective collabora-
tion, aiming to find the optimal communication topology G*
that is most probable under this learned distribution:

gr= argrggéP(Q\Q,R)- “

Compared to modifying a predefined template graph, the
generative formulation offers a more flexible, extensible,
and scalable approach for constructing high-quality MAS
topologies.
Autoregressive Graph Generation. To make this topology
generation process more tractable, we formulate it as an au-
toregressive graph generation problem. This formulation de-
composes the intractable joint probability of an entire graph
into a tractable sequence of conditional probabilities. The
graph is constructed incrementally, where each step involves
adding a new node and its corresponding edges, conditioned
on the partial graph built so far.

Formally, this factorization is expressed as:

[V i—1
P(G|1Q,R) = [[ P(vilG<i, @ R) - [ Plejilvi, G<i, Q),

i=1 j=1

Node Generation

Edge Generation

&)
where G; represents the subgraph of the first ¢ — 1 nodes.
The generation process at each step ¢ thus involves two key
actions: node generation, predicting the role of the next
agent to add, and edge generation, establishing its connec-
tions from existing agents. This formulation provides sig-
nificant flexibility, enabling the model to dynamically de-
termine the total number of agents by learning to sample a
special END token, and to model complex structural depen-
dencies by conditioning on the generation history.
Discussion. This generative approach provides several key
advantages over traditional template-based methods, as
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Task- Variable Flexible
Method Adaptive Size Roles
Manual Design X X X
AgentDropout v X -
AgentPrune v - -
G-Designer v X -
ARG-DESIGNER (ours) v v v

Table 1: Comparison of degrees of freedom in MAS design
paradigms. The icons v', —, and X represent full, partial, and
no support for each capability, respectively.

summarized in Table 1. @ Task-Adaptive Construction.
By conditioning on the task query, the model constructs a be-
spoke collaboration graph from scratch, avoiding the rigidity
and one-size-fits-all limitations of predefined graphs. & Dy-
namic and Extensible Composition. The model dynami-
cally determines the necessary number of agents and selects
their roles from an extensible pool, ensuring the MAS com-
position is precisely tailored to the task needs and can eas-
ily incorporate new agent capabilities. ® Tractable Gen-
eration. The autoregressive factorization transforms the in-
tractable problem of generating a whole graph into a se-
quence of simple, conditional steps, making the learning
process both manageable and scalable.

ARG-DESIGNER for MAS Topology Design

Based on the autoregressive graph generation paradigm,
this section instantiates the proposed method, ARG-
DESIGNER, which is specifically crafted for MAS topol-
ogy generation. We first introduce the model architecture de-
signed to implement the sequential generation process, and
then describe the training and inference strategies to guide
ARG-DESIGNER toward generating both functionally cor-
rect and structurally efficient collaboration graphs.

Model Architecture

Following the autoregressive generation paradigm, ARG-
DESIGNER constructs collaboration graphs step-by-step.
ARG-DESIGNER employs a hierarchical architecture based
on gated recurrent units (GRUs), which are well-suited for
sequence modeling due to their effectiveness in capturing
long-range dependencies while maintaining computational
efficiency. The architecture separates the generation model
into two sub-components: a node generator to select agent
roles and an edge generator to build communication links.
An overview of the model architecture is depicted in Fig. 2a.
Input Representation. Before generation begins, ARG-
DESIGNER encodes all textual conditioning information
(i.e., the task query and available agent roles) into dense vec-
tor representations. Specifically, the task query Q is mapped
into a fixed-dimensional vector fo € R? by a pre-trained
BERT-like sentence encoder followed by a feed-forward net-
work (FFN) with Layer Normalization (LN):

fo = FFN(LN(SentenceEncoder(Q))). (6)
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Figure 2: The pipeline of ARG-DESIGNER, including (a) MAS communication topology generation and (b) model training.

Similarly, each available agent role r;, € R is converted
into an embedding z,, . These pre-computed embeddings are
collected into a role embedding matrix Z € RI?I*4, serving
as the knowledge base of available agents.

Node Generation. At each step 7, the node generator selects
the role for the next agent, i.e., v;. ARG-DESIGNER first
models the context information by combining task informa-
tion with the generation history. A dedicated GRU, GRU ey,
is employed to aggregate the role embeddings of all preced-

ing agents to form a historical embedding fh(m)t

£ = GRUpre (211 Zry s - -, 2,4 ))- @)
Then, we fuse the historical embedding fh(m)[ with the task

embedding

embedding fQ via a dynamic gate to produce the context
(@)
hlzsl fo

8
\/a >7()

cont
£
where o denotes the sigmoid function This context, along

fc((fr)lt - ( ) hlst+gi 'an g =0 (

with an edge feature vector £, . (i.e., a vector encoding the

ed e
connectivity pattern of the prev10usly added node v;_1), are
concatenated into an input vector [fc((fr)n7 fe(;ée] Then, another

(@)

node?

GRU module, GRU,q., updates its hidden state h which

captures the full generation condition:
(@-1)

node

- GRUnode(MLPnode([f( 9 f( 9

cont? édgé

L@

node

Dohpege ) 9)

To preserve the extensible property of ARG-DESIGNER
during agent role selection, we use a metric learning-based
module for node generation. Concretely, the hidden state

o)

3 M [ 3 t5
node 18 projected into a “node intent

the node prediction scores sﬁ?de will be acquired by a dot-
product operation with projected role embeddings:

embedding. Then,

s

Snode =

h(i)

= MLPyredn(hyo4e) - MLProte ([Z, Zend]), (10)

where, Zenq 1S a learnable embedding for ending token END,
which signals the termination of the generation process. Fi-
nally, we can obtain the predicted probability as follows:

) an

node

P(vi|G<;, Q, R) = Softmax(s
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where the Softmax(-) function converts the scores into a
probability distribution.

Discussion of Extensibility: The design of the node gen-
erator in ARG-DESIGNER allows new agent roles to be
added at inference time without retraining. When new roles
are introduced, we can extend the role embedding matrix
Z by appending new role-specific embedding rows. Since
sr(lo)de is produced by a metric learning-based retrieval mech-
anism rather than a fixed-dimensional classifier, the model
can flexibly select from an expanded set of roles based on
similarity in the shared embedding space. This design en-
sures that ARG-DESIGNER remains extensible and adapt-
able to evolving agent pools, which well fits the real-world
scenarios where new agents with novel functionalities are
frequently introduced to meet emerging task demands.
Edge Generation. Once agent node v; is chosen, the edge
generator determines its incoming connections from exist-
ing agents {v1,...,v;_1}. Here, we use a dedicated GRU,
GRU,gge to model this sequential process. Its hidden state is

initialized from the final state of the node-level GRU, hﬁ?de,
serving as the condition of edge prediction:

MLPnodeZedge (hl(qo)de )

After that, the model iterates through previously predicted
nodes v; (j = 1,---,% — 1). At each sub-step, the edge
GRU updates its hidden state based on the embedding of the
previous edge decision:

h(l 0) _

edge

12)

h(’L J)

$42) = GRUegge(MLPegge (e ~10) h{57 7)) - (13)

where eU—19 is a one-hot vector representing the previous
decision on whether to form an edge from node v;_ to v;.

state (") i

Following that, the updated edge

output MLP to predict the score:
(3,9)

is passed through an

(4,4)

Sedge = MLPprede(hegse ). (14)
We can then obtain the probability of edge e; ; by:
Plej; =1fvi,G<;, Q) = Sigmoid(séé’gje)). (15)

Training and Inference Strategy

Data Construction of Curriculum Learning. To build a
powerful graph generator for MAS communication topol-



ogy, we set up two key objectives: @ Functional cor-
rectness, which ensures that the generated topology en-
ables agents to collaboratively complete the given task,
with all necessary roles and interactions properly instan-
tiated; @ Communicational efficiency, which encourages
the generated topology to be lightweight, sparse, and com-
pact, by minimizing redundant links or agents. To reach
these goals, we design a curriculum learning strategy that
constructs training data for two-stage training. In the first
stage, we create an exploration dataset to teach the model to
generate correct and diverse topologies; then, an efficiency
dataset is built to guide the model to design simple yet
communication-efficient topologies.

Formally, we define a dataset as D {(Gr, Qi) M,
that provides strong supervision on what constitutes an ef-
fective collaboration graph Gy, for a given task query Q.
Since manually authoring such optimal task-graph pairs is
infeasible, we propose to construct high-quality datasets in
an automatically synthetic manner.

The first phase focuses on creating an exploration dataset
(Dexp) for the cold start training of the model, which aims to
teach the model to create effective communication graphs.
This dataset is formed by pairing tasks from a base set Qpase
with resource-rich, complex configurations from a config-
uration space Ccomplex, and retaining only empirically suc-
cessful instances. Formally, this process is defined as:

Dexp = {(G(e), Q) [, 5(2,G(¢)) =1}, (16)

where @ € Qpases ¢ € Ceomplex 18 a configuration blueprint
specifying the high-level attributes of a graph, such as topol-
ogy and agent count. For example, a configuration could
be defined as ¢ = (‘star’, 6, R). Note that the “agent_num”
parameter here does not limit the core capability of ARG-
DESIGNER; rather, it constrains the data generation process
to ensure a rich diversity of graph structures in the train-
ing data, from which the model learns generalizable col-
laborative patterns, not fixed sizes. G(-) is a deterministic
function that maps a configuration c to a specific graph in-
stance G, and S(Q,G) € {0,1} is an indicator function
that verifies the empirical success of the graph for the given
task. This initial phase allows the model to learn fundamen-
tal collaborative patterns in an unconstrained and resource-
abundant environment, which ensures the model has gener-
alizable graph construction abilities.

In the second phase, an efficiency dataset Deg is built to
teach the model to generate more economical graphs. Deg is
a heterogeneous mixture composed of three sources:

Desr = Dsimple U me“ed U DreplaY’ an

Desr includes natively efficient graphs from simple configu-
rations Dgimple, successful graphs derived from pruning the
dense structures generated by the Phase 1 model Dpypeq, and
a subset of the original exploration data Dieplay to prevent
catastrophic forgetting. More specifically: @ Dginpi., which
contains task-graph pairs generated from a predefined set of
minimal, manually-verified configurations known to be ef-
ficient; @ Dprneq, created by taking the overly complex but
functional graphs from Deyp, systematically removing indi-
vidual nodes or edges, and retaining any pruned versions that
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still successfully complete the task; & Dyepay, a random sub-
set of the initial Dex, dataset, included to prevent the model
from forgetting the fundamental patterns learned in the first
phase. With the carefully designed dataset for the second
training stage, ARG-DESIGNER learns to strike a desirable
balance between correctness and simplicity, producing high-
quality topologies with minimal redundancy.

Model Training. The training objective is to maximize the
conditional log-likelihood of the ground-truth graphs in a
given dataset D. The model parameters 6 are optimized by
minimizing the negative log-likelihood (NLL) loss:

LO)=—- > logPy(G|Q).
(G,Q)eD
Following the autoregressive factorization, the above loss
is decomposed into a node generation term and an edge gen-
eration term. The final training loss is a weighted sum of
these two terms:

Liotal = @ Lode + (1 - a) : Eedgev (19)
where a € [0, 1] is a hyperparameter balancing the two ob-

jectives. The individual loss terms are defined as the NLL
over all node and edge generation steps, respectively:

(18)

VI
Lote=— > > log Py(vi|Gei, Q,R), (20)
(G6,9)eD i=1
V] i1
Loge =~ D> .Y log Py(ejilvi,G<i, Q). (21)

(G,Q)eD i=1 j=1

Throughout training, we employ a teacher forcing strat-

egy, feeding the model ground-truth structures at each step to

stabilize and accelerate learning. We train ARG-DESIGNER

following a two-phase process, see Fig. 2b. We begin with

a cold start on Dy, followed by efficiency fine-tuning on
Degr with a lower learning rate.

Inference. During inference, given a new task query Q,
the trained ARG-DESIGNER model generates a collabora-
tion graph autoregressively without any ground-truth guid-
ance. The process begins by initializing an empty graph
G = (V,&). It then enters a generation loop that iteratively
builds the graph node by node. At each step ¢, the model’s
node generator first samples a role r; for the new agent v;
from the probability distribution Py(v;|G<;, Q). If the sam-
pled role is the special END token, or if a predefined maxi-
mum number of agents Ny, is reached, the generation pro-
cess terminates. Otherwise, the new node v; is added to the
vertex set V. Subsequently, the model’s edge generator is in-
voked. It sequentially considers each existing node v; € G;
and samples the existence of an incoming edge e;; from v;
to v;. This entire process of node and edge generation is re-
peated until a termination condition is met, at which point
the final graph G is returned.

Experiments
Experimental Setting

Datasets and Metrics. Following (Zhang et al. 2025b), we
evaluated ARG-DESIGNER on three categories of datasets:



Method | MMLU GSMSK AQuA MultiArith SVAMP HumanEval |  Average
Vanilla \ 80.39 82.30 71.06 93.09 86.55 71.39 \ 80.80
CoT 81.69 11.30 86.50 14.20 73.58 1252 93.25 10.16 87.36 10.81 74.67 13.28 82.84 12.04
SC (CoT) 83.66 13.27 81.60 10.70 75.63 14.57 94.12 11.03 88.59 12.04 79.83 18.44 83.91 13.11
Chain 83.01 12.62 88.30 16.00 74.05 12.99 93.27 10.18 87.17 10.62 81.37 19.98 84.53 13.73
Tree 81.04 10.65 85.20 12.90 71.23 10.17 93.68 10.59 88.91 12.36 80.53 19.14 83.43 12.63
Complete 82.35 11.96 80.10 J2.20 72.95 11.89 94.53 11.44 84.01 |2.54 79.03 17.64 82.16 11.36
Random 84.31 13.92 86.90 14.60 76.48 15.42 94.08 10.99 87.54 10.99 82.66 111.27 85.33 1453
LLM-Debate 84.96 14.57 91.40 19.10 77.65 16.59 96.36 13.27 90.11 13.56 84.70 113.31 87.53 16.73
AgentPrune 85.07 14.57 91.10 18.80 80.51 19.45 94.65 11.56 90.58 14.03 86.75 115.36 88.09 17.29
AgentDropout 85.62 15.23 91.70 19.40 80.94 19.88 95.60 12.51 91.04 14.49 85.98 114.59 88.48 17.68
G-designer 86.92 16.53 93.80 111.50 81.60 110.54 96.50 13.41 93.10 16.55 88.33 116.94 90.04 19.24
ARG-DESIGNER | 89.54 19.15 94.40 112.10 86.45 115.39 98.93 15.84 95.63 19.08 91.74 12035 | 92.78 t11.98
Table 2: Performance comparison (%) on six benchmarks. The best results are highlighted in bold.
® General Reasoning: MMLU (Hendrycks et al. 2021);
5 : . * ® . LLM-Debate 95 %

® Mathematical Reasoning: GSM8K (Cobbe et al. 2021), Compléte Graph * &

MultiArith (Roy and Roth 2016), SVAMP (Patel, Bhat- <88 #..-A-/-Random Graph «(28)

tamishra, and Goyal 2021), and AQuA (Ling et al. 2017); 586 é (T:::m 20 .

® Code Generation: HumanEval (Chen et al. 2021). e %' G-Designer g(1.6) i

Baselines. We compare ARG-DESIGNER against various g 84 At G} — 85 v

baselines, which can be grouped into four main categories: < 82 @ m

O Single-agent methods, including CoT (Wei et al. 2022) v 80 =

0.25 0.50 0.75 1.00 0.5 1.0 15

and Self-Consistency (Wang et al. 2023); @ MAS with fixed
topologies, such as Chain, Tree, Complete Graph, and Ran-
dom Graph (Qian et al. 2025); ® MAS with Debate like
LLM-Debate (Du et al. 2023), where multiple agents itera-
tively critique and refine responses in a structured process;
® MAS with Learnable topologies, which include Agent-
Prune (Zhang et al. 2025a), AgentDropout (Wang et al.
2025), and G-Designer (Zhang et al. 2025b).
Implementation Details. We access GPT models via
the OpenAl API, primarily using gpt-40-2024-08-06
(GPT-40). We employ a summarizer agent to aggregate the
history of dialogue and produce the final solution (%), with
K = 3 for all baselines across all experiments. The node en-
coder is implemented using al1-MiniLM-L6-v2 (Wang
et al. 2020), with the embedding dimension set to D = 384.
The hyperparameter « is set to 0.2 for all experiments. Fol-
lowing classical configurations in LLM-MAS (Zhuge et al.
2024; Yin et al. 2023; Zhang et al. 2025b), we provide ex-
plicit agent profiles for multi-agent methods and use GPT-
4 to generate these profile pools. For all datasets, we use
B € {40, 60} queries for model training.

Experimental Results

Performance Comparison. The comparison results are pre-
sented in Table 2, from which we have the following ob-
servations. @ ARG-DESIGNER achieves the best perfor-
mance across all six benchmarks, consistently outperform-
ing a wide range of baselines. The superior performance
demonstrates the effectiveness of the autoregressive graph
generation paradigm in MAS topology design. & Compared
to the strongest learning-based baseline, G-Designer, ARG-
DESIGNER shows a significant performance gain. For in-

23147

(a) Token cost of MMLU (10°) (b) Token cost of GSM8K (107)

Figure 3: The prompt token cost comparison.

stance, on AQuA, ARG-DESIGNER achieves an accuracy
of 86.45%, surpassing G-Designer by a substantial margin
of 4.85%. ® When compared to debate-based methods like
LLM-Debate, ARG-DESIGNER demonstrates a remarkable
improvement of 8.8% on AQuA and 2.66% on GSMS8K.
This highlights the inefficiency of the fixed and all-to-all
communication protocol.

Token Efficiency. A key benefit of ARG-DESIGNER is its
ability to generate tailored topologies for different tasks,
which prevents unnecessary complexity and thus minimizes
token consumption. Fig. 3a and 3b illustrate the trade-off
between performance and token cost. We can observe that:
@ ARG-DESIGNER elegantly balances efficiency and per-
formance. On the GSM8K dataset, ARG-DESIGNER is the
most token-efficient method, using only 4.1e6 tokens, while
achieving a top-tier accuracy of 94.40%. It surpasses the
strong G-Designer baseline in accuracy while using approx-
imately 50% fewer tokens. ® A general trend where more
complex communication structures, such as the dialogue-
based LLM-Debate, achieve relatively good performance
but at an extremely high token cost. ® A direct compari-
son between ARG-DESIGNER and its w/o fine-tune variant
further underscores the value of the efficiency fine-tuning
phase. For instance, on MMLU, fine-tuning improves accu-
racy from 88.23% to 89.54% while simultaneously cutting
token usage by nearly 30%. On GSMSK, it reduces token
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Method | MMLU GSMSK HumanEval| Average
Vanilla 80.39 82.30 71.39 78.02
ARG-DESIGNER| 89.54 94.40 91.74 91.89
w/o fine-tune 88.23 94.70 90.91 91.28
w/o task emb. 86.93 93.10 89.26 89.76
w/0 hist. emb. 88.23 93.60 90.08 90.64

Table 3: Results of ablation study.

consumption by a massive 34% (from 6.25e6 to 4.1e6). This
demonstrates that our two-phase training strategy is highly
effective at optimizing for both performance and efficiency.
Ablation Study. To validate the effectiveness of key compo-
nents in ARG-DESIGNER, we investigate three major vari-
ants of our model: @ w/o fine-tune, where efficiency fine-
tuning phase is removed. ® w/o task emb., where the influ-
ence of task embedding fy is set to be 0. ® w/o hist. emb.,
where the historical embeddings are removed from the gen-
eration model. The results in Table 3 demonstrate the contri-
bution of each component: @ ARG-DESIGNER achieves the
highest average score of 91.89, significantly outperforming a
vanilla baseline (78.02) that lacks these sophisticated mech-
anisms. @ The absence of task-specific guidance (w/o task
emb.) causes the most significant performance degradation,
which highlights that conditioning on the task is crucial for
generating a bespoke and effective collaboration topology.
® The removal of historical embeddings (w/o hist. emb.)
also leads to a noticeable decline to 90.64, confirming the
value of modeling dependencies between agents. @ Interest-
ingly, the performance of the w/o fine-tune variant is highly
competitive. This indicates that the model can learn funda-
mental collaboration patterns from the first stage. Neverthe-
less, the fine-tuning bring significant efficiency benefits (see
Fig. 3), while also slightly improving performance.

Robustness Analysis. Following Zhuge et al. (2024), we
evaluate the robustness of ARG-DESIGNER by simulating
a system prompt attack, where an adversarial prompt is in-
jected into a single agent to disrupt its function. As illus-
trated in Fig. 4a, this attack causes significant performance
degradation in MAS with fixed and naive topologies. In con-
trast, ARG-DESIGNER shows excellent robustness against
attacks with the least performance degradation (2.15%).
This resilience emerges from our training objective, which
discourages brittle structures and guides the model to con-
struct fault-tolerant topologies with distributed risk and re-
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dundant communication paths.

Extensibility Analysis. Furthermore, we examine the
model’s extensibility. As depicted in Fig. 4b, we introduce
several new roles, to the pre-trained model without any re-
training. When presented with a legal question from the
MMLU regarding a contract embargo, ARG-DESIGNER
demonstrates its adaptability. Correctly identifies the high
relevance of the newly added “Lawyer” role and dynami-
cally generates a collaboration graph placing the lawyer at
its core, coordinating with other experts. This case vividly
illustrates that ARG-DESIGNER can seamlessly scale its ca-
pabilities by integrating new knowledge, creating effective
specialized team structures on the fly.

Case Study. To further illustrate the advantages of
ARG-DESIGNER over learning-based baselines (e.g., G-
Designer (Zhang et al. 2025¢)), we conduct a compara-
tive case study on representative cases in HumanEval and
GSMS8K. As shown in Fig. 4c. The key difference lies
in the flexibility of composition versus the static design.
G-Designer requires a predefined and fixed set of agents
and a fixed agent count. Its solution graphs remain within
this rigid template, regardless of task complexity. ARG-
DESIGNER, in contrast, dynamically generates both the roles
and their communication links from an extensible role pool.
It adapts the number of agents and connections based on
task needs. Therefore, ARG-DESIGNER constructs more ef-
ficient collaboration graphs with fewer agents and messages,
cutting token usage without sacrificing accuracy.

Conclusion

In this work, we addressed redundant composition and lim-
ited extensibility in template graph modification approaches
by reformulating collaboration topology design as autore-
gressive graph generation. We introduced ARG-DESIGNER,
a novel autoregressive model that constructs collabora-
tion graphs from scratch, conditioned on natural language
task queries. Our approach dynamically determines agent
numbers, selects roles from an extensible pool, and es-
tablishes optimal communication links, creating bespoke
MAS topologies tailored to specific task demands. Exten-
sive experiments across six benchmarks demonstrate that
ARG-DESIGNER consistently outperforms existing meth-
ods, achieving state-of-the-art performance while maintain-
ing superior token efficiency.
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