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ABSTRACT
Recent advances in large language model-powered multi-agent sys-
tems have demonstrated remarkable collective intelligence through
effective communication. However, existing approaches face two
primary challenges: (i) Ineffective group collaboration modeling, as
they rely on pairwise edge representations in graph structures, lim-
iting their ability to capture relationships among multiple agents;
and (ii) Limited task-adaptiveness in communication topology de-
sign, leading to excessive communication cost for simple tasks
and insufficient coordination for complex scenarios. These issues
restrict the scalability and practical deployment of adaptive col-
laboration frameworks. To address these challenges, we propose
HyperAgent, a hypergraph-based framework that optimizes com-
munication topologies and effectively captures group collaboration
patterns using direct hyperedge representations. Unlike edge-based
approaches, HyperAgent uses hyperedges to link multiple agents
within the same subtask and employs hypergraph convolutional
layers to achieve one-step information aggregation in collabora-
tion groups. Additionally, it incorporates a variational autoencoder
framework with sparsity regularization to dynamically adjust hy-
pergraph topologies based on task complexity. Experiments high-
light the superiority of HyperAgent in both performance and effi-
ciency. For instance, on GSM8K, HyperAgent achieves 95.07% accu-
racy while reducing token consumption by 25.33%, demonstrating
the potential of hypergraph-based optimization for multi-agent
communication.
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1 INTRODUCTION
Large language model-powered agents have demonstrated excep-
tional capabilities across diverse tasks[6, 7, 52]. When multiple
agents collaborate, their collective intelligence can surpass the
performance of individual agents[12, 16, 33]. The effectiveness
of this collaboration depends on the design of communication
topologies[44, 72], which govern how information is exchanged and
actions are coordinated among agents. Well-designed topologies
allow information to flow efficiently, enabling agents to integrate
their efforts and handle complex tasks such as problem solving and
decision making[53, 68]. Conversely, ineffective topologies increase
communication inefficiency and hinder coordination[21, 43]. For
example, in software development, architects, programmers, and
testers must interact through structured communication to ensure
smooth workflows. As a result, optimizing communication topolo-
gies to suit specific tasks has become a core focus in multi-agent
system research[67].

Current research has explored various approaches to multi-agent
topology design, resulting in several well-established paradigms.
Static topologymethods rely on predefined structures, such as chain,
star, tree, and complete graph configurations, to ensure consistent
task execution[44, 60, 63]. Template-based approaches modify exist-
ing graph structures by adding or removing edges to accommodate
different scenarios[12, 72]. Optimization-driven methods use search
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Figure 1: Comparison of communication topologies formulti-
agent collaboration. (a) Pairwise edges require multiple con-
nections and multi-hop information propagation among
agents. (b) Hyperedges enable direct one-step synchroniza-
tion by connecting all collaborating agents within a single
structure.

algorithms to explore topology spaces and identify more effective
configurations through iterative refinement[4]. Recent develop-
ments have introduced dynamic approaches that adjust communi-
cation structures during task execution, aiming to balance perfor-
mance and efficiency[14, 37, 70]. These methods share a common
foundation: agents are represented as graph nodes, and communi-
cation relationships are modeled as pairwise edges[5, 42]. Using
graph neural networks, these approaches learn connection patterns
directly from task data[44], enabling significant performance im-
provements in benchmarks such as code generation[10, 23], mathe-
matical reasoning[54, 60], and question answering[1, 68, 73].

Despite their architectural variations, recent topology design
methods share a common foundation that limits scalability and
efficiency. Approaches like G-Designer[32], GPTSwarm[72], and
DyLAN[38] represent multi-agent systems as graphs, where agents
are nodes and communication channels are modeled as edges. Our
analysis of these methods on tasks with varying complexity in
the MMLU benchmark reveals a consistent trend: for simple tasks,
such as basic multiple-choice questions, they naturally converge
to sparse topologies, reducing unnecessary communication. How-
ever, as tasks grow more complex, these methods require denser
topologies to maintain performance. For advanced reasoning tasks,
effective configurations approach near-complete graphs to ensure
sufficient information exchange, but this densification drives com-
munication costs to scale quadratically with agent count, as every
agent establishes edges with all others. More critically, graph-based
representations can only model pairwise relationships, making it
difficult to capture multi-agent collaborations as unified units. For
example, three agents collaborating on the same subtask must be
connected by multiple pairwise edges. This limitation forces topol-
ogy design into a tradeoff: sparse graphs reduce costs but fragment
coordination, while dense graphs enable better communication
but introduce high overhead. Existing methods tackle this balance
differently, but the issue persists as a consequence of graph-based
modeling, not algorithmic choices.

The core problem lies in how graph representations decompose
collaborative units. Consider a scenario in multi-agent problem-
solving where a mathematician derives a formula, a programmer

implements it, and a validator checks its correctness. Instead of
treating this group as a whole, graph models decompose these in-
teractions into three pairwise edges, creating inefficiencies. When
the mathematician updates the formula, the message must follow
a sequential path. The programmer receives the update first, but
the validator must wait for the programmer to process and relay it.
This multi-hop propagation increases latency and risks information
degradation over intermediate steps. Additionally, this decompo-
sition treats group interactions as emerging from separate edges,
rather than unified structures. Algorithms then must infer these
units, searching through an optimization space that grows quadrat-
ically with agent count. Hypergraphs overcome this limitation by
treating collaborative units as first-class structures. A hyperedge
directly connects all agents in a group, enabling unified information
aggregation. All agents contribute to and receive from a shared
representation in a single step, eliminating multi-hop delays and
preserving semantic consistency. Moreover, hypergraphs reduce the
optimization space from quadratic pairwise edges to linear collabo-
rative units, allowing algorithms to directly work with meaningful
structures rather than inferring them indirectly.

Based on the above observations, we propose HyperAgent, a
hypergraph-based framework for optimizing communication topolo-
gies in multi-agent systems. HyperAgent models the system as a
hypergraph, where each hyperedge connects agents working on the
same subtask, directly capturing group-level interactions. To pro-
cess this structure, we introduce hypergraph convolutional layers
that enable efficient information aggregation within collaboration
units. For dynamic topology generation, HyperAgent uses a vari-
ational autoencoder. The encoder transforms agent features and
task information into latent representations, and the decoder con-
structs task-specific hypergraphs. Sparsity regularization controls
the number of collaboration units, maintaining communication ef-
ficiency. This design allows HyperAgent to adapt topologies to task
demands, creating sparse structures for simple tasks and denser
ones for complex coordination. By balancing adaptability and ef-
ficiency, HyperAgent delivers a robust solution for multi-agent
communication. Our contributions can be concluded as:

• We observe that pairwise graph representations fail to cap-
ture multi-agent collaboration effectively. Existing methods
force a tradeoff between sparse topologies, which fragment
coordination, and dense topologies, which increase commu-
nication overhead.
• We propose HyperAgent, a hypergraph-based framework
that uses hyperedges to represent group collaboration units.
This representation enables direct synchronization within
teams through unified node-edge-node transformations.
• We develop a variational hypergraph autoencoder for task-
adaptive topology generation. It encodes agent features and
task semantics into latent representations and generates
sparse hypergraphs, adjusting complexity according to task
difficulty.
• Extensive experiments demonstrateHyperAgent outperforms
state-of-the-artmethods, achieving 88.50% accuracy onMMLU
and 92.90% pass@1 on HumanEval, with up to 25.33% re-
duction in communication token consumption.
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Figure 2: The HyperAgent pipeline. We encode agents and tasks into a hypergraph, then apply a variational autoencoder
with sparsity regularization to generate task-adaptive communication topologies. Agents interact through hyperedge-based
collaboration for multiple rounds. The VAE is trained via policy gradients to maximize task performance while minimizing
communication overhead.

2 RELATEDWORK
2.1 LLMs-agent Collaboration
Large language models have driven the shift from single-agent
to collaborative multi-agent systems[6, 52]. Early works demon-
strated that multiple LLM-based agents working together can out-
perform individual agents through role specialization[33] and co-
ordinated interactions[12]. Collaboration takes various architec-
tural forms. Sequential architectures organize agents in chains
where each refines the output of its predecessor[21, 43]. Hierar-
chical systems employ star topologies with a central coordinator
directing subordinates[57, 62]. Debate-based approaches let agents
iteratively argue to enhance reasoning and factuality[9, 16, 26].
Recent advances focus less on static structures and more on col-
laboration mechanisms, distinguishing cooperative, competitive,
and hybrid frameworks[29, 42, 49]. Studies confirm that effective
collaboration arises from well-designed communication protocols
rather than mere aggregation of agents[22, 61], and multi-agent
systems further exhibit human-like collective behaviors such as
consensus formation and adaptive negotiation[2, 56]. In software
engineering domains, hierarchical debugging frameworks decom-
pose complex code for systematic error resolution[47], competitive
debates enable diverse reasoning along fault propagation traces[30],
and experience-driven approaches accumulate repair knowledge
from historical trajectories[11]. These efforts are complemented
by research on LLM-generated code patterns[48], long-context
compression[17, 46, 65], reinforcement learning-based reasoning[36],
and cross-language translation[55].

2.2 Graphs for Multi-agents
Graphs naturally model relationships and communication struc-
tures in multi-agent systems, a perspective rooted in multi-agent re-
inforcement learning[34, 39]. The advent of LLMs extended this ap-
proach to language-driven systems, where early frameworks implic-
itly used graph structureswithout defining explicit topologies[8, 27].
Modern research explicitly represents multi-agent organizations

as directed graphs, with nodes as agents and edges as communica-
tion links[37, 44, 72]. Predefined topologies like complete graphs
allow unrestricted communication but incur high costs, while chain
and tree structures support hierarchical flows useful for sequential
reasoning[5, 44, 60, 63, 71]. To move beyond fixed designs, graph
neural networks now enable dynamic topology learning that gen-
erates task-adaptive structures[31, 66]. Pruning techniques further
simplify dense graphs by removing redundant edges[28, 59]. Prac-
tical applications demonstrate task-aware coordination: repository-
level code understanding leverages dependency graphs[41], is-
sue resolution employs fault propagation graphs for collaborative
diagnosis[30], and experience banks enable knowledge reuse across
problem instances[11]. However, graph-based methods share a com-
mon limitation: they represent only pairwise relationships, failing
to model collaborative units where multiple agents work jointly
on shared tasks[19, 25]. This gap highlights the need for richer
frameworks to capture group-level interactions.

3 PRELIMINARY
3.1 Problem Formulation
We model the multi-agent system as a hypergraphH = (V, E,W).
The node setV = {𝑣1, . . . , 𝑣𝑁 } represents 𝑁 agents in the system.
Each node 𝑣𝑖 ∈ V corresponds to an agent, formalized as:

𝑣𝑖 = {Base𝑖 , Role𝑖 , State𝑖 , Plugin𝑖 } (1)

Each agent 𝑣𝑖 is composed of four key elements: (1) Base𝑖 , the
language model instance powering 𝑣𝑖 ; (2) Role𝑖 , the agent’s pre-
assigned role or function; (3) State𝑖 , representing the agent’s accu-
mulated knowledge and interaction history; and (4) Plugin𝑖 , a set of
external tools available to 𝑣𝑖 , such as web searchers, code compilers,
or file readers. The hyperedge set E contains collaboration units.
Each hyperedge 𝑒 ∈ E connects multiple agents participating in
the same subtask. The weight matrix W ∈ R | E |× | E | assigns impor-
tance scores to different collaboration units. We set W = I | E |× | E |
by default, treating all collaboration units equally.
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The hypergraph structure can be represented by an incidence
matrix H ∈ {0, 1} |V |× | E | . Each element is defined as:

ℎ𝑣,𝑒 =

{
1, if 𝑣 ∈ 𝑒
0, if 𝑣 ∉ 𝑒

(2)

This binary encoding directly captures group-wise collaboration
patterns. The degree of node 𝑣𝑖 is 𝑑𝑖 =

∑
𝑒∈EW𝑒𝑒ℎ𝑖,𝑒 . The degree

of hyperedge 𝑒 is 𝛿𝑒 =
∑
𝑣∈V ℎ𝑣,𝑒 . These statistics form diagonal

matrices D ∈ R |V |× |V | and B ∈ R | E |× | E | respectively.
Each LLM-based agent 𝑣𝑖 receives prompt P and generates re-

sponse R𝑖 :
R𝑖 = 𝑣𝑖 (P) = 𝑣𝑖 (Psys,Pusr) (3)

where Psys = {Role𝑖 , State𝑖 } represents the system prompt, and
Pusr denotes the user prompt including the given task, responses
from other agents, and externally retrieved knowledge.

3.2 Hypergraph Convolution
Given node feature matrixX(𝑙 ) ∈ R |V |×𝐷 at layer 𝑙 , the hypergraph
convolutional layer computes updated features through:

X(𝑙+1) = 𝜎 (D−1/2HWB−1H⊤D−1/2X(𝑙 )𝚯(𝑙 ) ) (4)

The term H⊤X(𝑙 ) performs node-to-edge aggregation. Each row
represents one hyperedge’s aggregated feature computed as the
sum of features from participating agents. The term B−1 normal-
izes by dividing each hyperedge feature by the number of partic-
ipating agents. The term H(B−1H⊤X(𝑙 ) ) performs edge-to-node
propagation. Each node receives messages from all hyperedges
it participates in through summation. The degree normalization
D−1/2 ensures balanced information flow. The learnable weight
𝚯
(𝑙 ) ∈ R𝐷×𝐷

′ transforms features. The activation function 𝜎 (·)
introduces nonlinearity. We use ReLU by default. This node-edge-
node transformation naturally captures group-wise collaboration
patterns.

4 METHODOLOGY
4.1 Multi-Agent Hypergraph Construction
Given input query Q and agent set V , HyperAgent aims to de-
sign a task-adaptive communication topologyHcom. We begin by
assigning each agent a unique role and profile. Previous research
has shown that assigning distinct personas to LLM-based agents
enhances cognitive synergy. Based on these roles, different external
tools are allocated to agents. For example, Mathematica for a math
analyst, Python compiler for a programmer. Thus we initialize each
agent 𝑣𝑖 as {Base𝑖 , Role𝑖 , State𝑖 , Plugin𝑖 }.

We construct a structured multi-agent hypergraph as input to
HyperAgent, represented as H = (Xagent,Hanchor). Here Xagent ∈
R𝑁×𝐷 is the node feature matrix. Hanchor ∈ {0, 1}𝑁×|Eanchor | is the
initial incidence matrix. For the feature matrix, we employ a node
encoder to transform each agent’s profile into a fixed-length em-
bedding:

x𝑖 ← NodeEncoder(T (Base𝑖 ), Role𝑖 ,T (Plugin𝑖 )) (5)

The function T (·) extracts textual descriptions of the agent’s LLM
backbone and assigned plugins. NodeEncoder can be realized using
small text embedding models such as Sentence-BERT. After en-
coding individual agents, we ensure the hypergraph incorporates

task-related information. This query-dependent approach enables
HyperAgent to be task-aware and adaptive.

We introduce a task-specific virtual global node 𝑣task. This node
connects bidirectionally to all agent nodes, enabling a global stor-
age mechanism and facilitating smoother information flow among
agents. The task node is encoded as:

xtask ← NodeEncoder(Q) (6)

After obtaining agent node features Xagent = [x1, x2, . . . , x𝑁 ]⊤
and task embedding xtask, we provide a simple anchor hypergraph
structure Hanchor. This serves as a starting point for topology de-
sign. For instance, given a code generation task with three agents
(manager, programmer, code reviewer), the anchor could config-
ure a sequential pipeline where each hyperedge connects adjacent
agents. The anchor topology can be user-defined or automatically
generated by LLMs. It is often simple and sub-optimal but provides
foundational reference and prior knowledge.

We incorporate the task-specific vertex 𝑣task and obtain H̃anchor ∈
{0, 1} (𝑁+1)×( | Eanchor |+𝑁 ) . The additional 𝑁 hyperedges represent
bidirectional connections between 𝑣task and each agent. We estab-
lish a task-specific multi-agent hypergraph:

H̃ =

( [
Xagent
x⊤task

]
, H̃anchor

)
= (Ṽ, Ẽ) (7)

where Ṽ =V ∪ {𝑣task} and
[
Xagent
x⊤task

]
can be denoted as X̃.

4.2 Designing Communication Hypergraph
Topology

Building upon the task-specific hypergraph H̃ , HyperAgent seeks
to establish a fine-grained communication topologyHcom. Draw-
ing inspiration from the variational graph auto-encoder (VGAE)
framework, HyperAgent employs a VGAE-based encoder-decoder
𝑓𝑣 to generate the hypergraph topology:

Hcom = 𝑓𝑣 (H̃ ;Θ𝑣) = 𝑝 (Hcom |Hlatent)𝑞(Hlatent |X̃, H̃anchor) (8)

Here 𝑓𝑣 is the encoder-decoder architecture with parameters Θ𝑣 .
The encoder 𝑞(·) maps node embeddings to low-dimensional la-
tent representations. The decoder 𝑝 (·) reconstructs hypergraph
structure from these representations.

The encoder consists of two hypergraph convolutional layers
followed by sampling operations. Given node features X̃ and an-
chor structure H̃anchor, the encoder computes mean vectors 𝝁 and
variance vectors 𝝈 through separate paths:

𝝁 = HGCN𝜇 (X̃, H̃anchor), log𝝈 = HGCN𝜎 (X̃, H̃anchor) (9)

Both HGCN𝜇 and HGCN𝜎 are two-layer hypergraph convolutional
networks with distinct parameters Θ𝜇 and Θ𝜎 . The encoder outputs
latent representation matrix Hlatent ∈ R𝑁×𝐷 by sampling:

𝑞(Hlatent |X̃, H̃anchor) =
𝑁∏
𝑖=1

𝑞(h𝑖 |X̃, H̃anchor)

𝑞(h𝑖 |X̃, H̃anchor) =N(h𝑖 |𝝁𝑖 , diag(𝝈2
𝑖 ))

(10)

Here h𝑖 , 𝝁𝑖 , and 𝝈 𝑖 denote the 𝑖-th row of corresponding matri-
ces. The encoder parameters are Θ𝑒 = {Θ𝜇 ,Θ𝜎 }. This stochastic
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encoding enables diverse topology generation while maintaining
meaningful structure.

The decoder transforms latent representations into hypergraph
structure through a two-phase process. The decoder 𝑝 (·) = 𝑝𝑐 ◦ 𝑝𝑠
first constructs a sketched pairwise affinity matrix S, then refines it
into the final hypergraph topology:

𝑝 (Hcom |Hlatent) =
∫
S
𝑝𝑐 (Hcom |S)𝑝𝑠 (S|Hlatent)𝑑S (11)

At the first step, 𝑝𝑠 (·) constructs sketched adjacency matrix
S ∈ [0, 1]𝑁×𝑁 from latent representations:

𝑝𝑠 (S|Hlatent) =
𝑁∏
𝑖=1

𝑁∏
𝑗=1

𝑝𝑠 (S𝑖 𝑗 |h𝑖 , h𝑗 , htask;Θ𝑑 ) (12)

The detailed derivation is:

𝑝𝑠 (S𝑖 𝑗 = 1|h𝑖 , h𝑗 , htask) = 𝑔(h𝑖 , h𝑗 , htask)
= Sigmoid((log(𝜖) − log(1 − 𝜖) +𝜛𝑖 𝑗 )/𝜏)

(13)
where𝜛𝑖 𝑗 = FFN𝑑 ( [h𝑖 , h𝑗 , htask]) with parameters Θ𝑑 . The uniform
random variable 𝜖 ∼ Uniform(0, 1) introduces stochasticity. The
temperature 𝜏 controls the sharpness of the sigmoid function.When
𝜏 approaches zero, the output becomes increasingly discrete.

The sketched matrix S typically contains many nonzero entries,
resulting in a dense structure. The second decoder phase 𝑝𝑐 (·)
refines S into a sparse hypergraph topology through structured
regularization:

S̃ = argmin
S′∈S

1
2
∥S − ZWZ⊤∥2𝐹 + 𝜁 ∥W∥∗

+ 1
2
∥Aanchor − ZWZ⊤∥2𝐹

subject to S̃ = ZWZ⊤

(14)

The matrix Z ∈ R𝑁×𝑟 contains the top 𝑟 left singular vectors of
S. The weight matrix W ∈ R𝑟×𝑟 is optimized to balance three ob-
jectives. The first term keeps refined structure S̃ close to original
sketch S. The third term maintains similarity to anchor topology
Aanchor (derived by converting Hanchor to pairwise connections).
The second term applies nuclear norm regularization ∥W∥∗ =

∑
𝑖 𝜆𝑖

where 𝜆𝑖 are singular values ofW. This encourages low-rank struc-
ture in W, translating to sparsity in S̃ since ∥S̃∥∗ = ∥W∥∗ holds
due to Z⊤Z = I𝑟×𝑟 . The hyperparameter 𝜁 controls sparsification
strength.

The refined adjacency matrix S̃ defines pairwise collaboration
affinities. We convert this into hyperedge structure by grouping
strongly connected agents. Specifically, for each agent 𝑖 , we identify
the 𝑘 agents with highest values in row S̃[𝑖, :] and form a hyperedge
connecting these 𝑘+1 agents. This grouping produces the incidence
matrix Hcom defining the final topology:

Hcom = (V, Ecom), (15)

Ecom = {𝑒𝑖 |𝑒𝑖 formed by top-𝑘 connections of agent 𝑖} (16)

The resulting structure captures group-wise collaboration patterns
while maintaining sparsity for communication efficiency.

4.3 Multi-Round Agent Interaction
The generated hypergraph topologyHcom guides information flow
during collaboration. At each round 𝑡 , agents execute according to
a topological ordering. An agent 𝑣𝑖 can only execute after all agents
in its in-neighborhood have produced responses. When agent 𝑣𝑖
executes, it receives system prompt P (𝑡 )sys = {Role𝑖 , State𝑖 } and
user prompt P (𝑡 )usr = {Q,∪𝑣𝑗 ∈Nin (𝑣𝑖 )R

(𝑡 )
𝑗
}. The in-neighborhood

Nin (𝑣𝑖 ) includes agents sharing hyperedges with 𝑣𝑖 . The agent
generates:

R (𝑡 )
𝑖

= 𝑣𝑖 (P (𝑡 )sys ,P (𝑡 )usr ) (17)
After 𝐾 rounds, an aggregation function produces the final an-

swer:
𝑎 (𝐾 ) ← Aggregate(R (𝐾 )1 ,R (𝐾 )2 , . . . ,R (𝐾 )

𝑁
) (18)

The aggregation can be majority voting, weighted combination, or
delegation to a specific agent depending on the task type.

4.4 Training Objective
HyperAgent optimizes topology generation through policy gradient
methods. The training objective maximizes expected utility:

Lutility = EΘ [𝑢 (Hcom (Q))] (19)

The utility function 𝑢 (·) evaluates the quality of final answer 𝑎 (𝐾 ) .
We approximate the gradient using sampled topologies:

∇ΘLutility ≈
1
𝑀

𝑀∑︁
𝑚=1

𝑢 (𝑎 (𝐾 )𝑚 )∇Θ log 𝑃 (H𝑚) (20)

The system samples𝑀 different hypergraph topologies {H𝑚} dur-
ing training. Each produces answer 𝑎 (𝐾 )𝑚 . The complete training
loss combines utility maximization with regularization:

Ltotal = Lutility + Lanchor + Lsparse (21)

The anchor regularizationLanchor = ∥Aanchor− S̃∥2𝐹 keeps generated
topologies grounded in reasonable prior structures. The sparsity
regularization Lsparse = 𝜁 ∥W∥∗ ensures communication efficiency.

5 EXPERIMENTS
5.1 Datasets
We evaluate HyperAgent on three categories of benchmarks span-
ning diverse reasoning and generation tasks. The general reasoning
category includes MMLU[20], a comprehensive benchmark contain-
ing multiple-choice questions across 57 subjects. The mathematical
reasoning category comprises GSM8K[15] for grade school math
problems,MultiArith[45] for arithmeticword problems, SVAMP[40]
for structurally diverse math questions, and AQuA[35] for algebraic
reasoning. The code generation category uses HumanEval[10], con-
taining 164 programming tasks requiring function implementations.
These benchmarks exhibit varying task complexities and collabora-
tion demands, enabling comprehensive evaluation of hypergraph-
based topology optimization.

5.2 Baselines
We compare HyperAgent against three categories of baselines.
The Single-agent methods include CoT[60] for chain-of-thought
prompting, ComplexCoT[18] for complexity-based prompting, Self-
Consistency[58] for multiple sampling with voting, PHP[69] for
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Table 1: Performance comparison with three types of baselines, including single-agent execution, static multi-agent topologies,
and adaptive multi-agent frameworks. The best results are in bold, and the runner-ups are underlined. All multi-agent methods
utilize five gpt-4-based agents. “Mul.”, “Ada.”, and “Rob.” indicate whether the method supports a multi-agent setting, whether
it is task-adaptive, and whether it is adversarially robust, respectively.%, ✓✗ and! signifies no/partial/full support in these
aspects.

Method Mul. Ada. Rob. MMLU GSM8K MultiArith SVAMP AQuA HumanEval Avg.
Single-Agent Methods

Vanilla % % % 82.14 85.40 93.15 87.18 70.34 71.68 81.65
CoT % % % 82.65↑0.51 87.17↑1.77 94.79↑1.64 88.32↑1.14 73.91↑3.57 75.52↑3.84 83.73
ComplexCoT % % % 83.78↑1.64 87.62↑2.22 95.86↑2.71 90.17↑2.99 77.58↑7.24 74.94↑3.26 84.99
SC (CoT) % % % 82.66↑0.52 87.93↑2.53 96.88↑3.73 88.69↑1.51 75.08↑4.74 77.30↑5.62 84.75
SC (ComplexCoT) % % % 83.65↑1.51 86.14↓0.74 96.94↑3.79 89.72↑2.54 77.69↑7.35 77.94↑6.26 85.35
AutoGPT % % % 83.65↑1.51 86.14↓0.74 96.94↑3.79 89.72↑2.54 77.69↑7.35 77.94↑6.26 85.35
PHP ! % % 83.45↑1.31 95.50↑10.1 98.10↑2.84 90.02↑3.44 79.00↑8.66 82.96↑11.36 88.17
ReAct % % % 83.12↑0.98 88.24↑2.84 95.37↑2.22 89.15↑1.97 76.42↑6.08 78.35↑6.67 85.11
ToT % % % 83.89↑1.75 89.06↑3.66 96.52↑3.37 90.24↑3.06 77.95↑7.61 80.12↑8.44 86.30
GoT % % % 84.01↑1.87 89.47↑4.07 96.73↑3.58 90.38↑3.20 78.24↑7.90 81.26↑9.58 86.68

Static Multi-Agent Topologies
Chain ! % % 82.35↑0.21 85.57↑0.17 94.38↑1.23 83.41↓3.77 70.94↑0.60 80.88↑9.20 82.92
Star ! % % 80.79↓1.35 85.55↑0.15 93.79↓0.64 88.09↑0.91 68.57↓1.77 75.65↑3.97 82.07
Tree ! % % 81.89↓0.25 84.56↓0.84 94.60↑1.45 89.25↑2.07 72.84↑2.50 77.38↑5.70 83.42
Complete Graph ! % % 83.15↑1.01 86.49↑1.09 97.20↑4.05 89.48↑2.30 79.21↑8.87 83.75↑12.07 86.55
Random Graph ! % % 83.76↑1.62 86.14↑0.74 95.46↑2.31 85.41↓1.77 74.07↑3.73 82.66↑10.98 84.58

Adaptive Multi-Agent Frameworks
AutoGen ! % % 82.13↓0.01 90.06↑7.92 93.80↑0.65 88.44↓1.26 73.65↑3.31 85.41↑13.73 85.58
MetaGPT ! % % 83.24↑1.10 89.84↑4.44 95.12↑1.97 89.56↑2.38 76.18↑5.84 85.90↑14.22 86.64
LLM-Blender ! % % 81.22↓0.92 89.17↑3.77 94.27↑1.12 88.77↑1.59 77.05↑6.71 84.52↑12.84 85.83
LLM-Debate ! % ! 83.69↑1.55 90.23↑4.83 96.27↑3.12 90.56↑3.38 77.52↑7.18 83.79↑12.11 87.01
DyLAN ! ✓✗ ! 80.16↓1.98 88.16↑2.76 94.27↑1.12 87.40↑0.22 74.16↑3.82 89.70↑18.02 85.64
GPTSwarm ! ✓✗ ! 83.98↑1.84 89.74↑4.34 97.84↑4.69 86.42↓0.76 78.16↑7.82 88.49↑16.81 87.44
AgentVerse ! ✓✗ % 83.52↑1.38 90.12↑4.72 96.45↑3.30 89.87↑2.69 77.83↑7.49 86.24↑14.56 87.34
COPPER ! ! % 83.76↑1.62 91.35↑5.95 96.82↑3.67 90.18↑3.00 78.42↑8.08 87.53↑15.85 88.01
AutoAgents ! ! % 83.45↑1.31 90.58↑5.18 96.15↑3.00 89.64↑2.46 77.29↑6.95 86.87↑15.19 87.33
G-Designer ! ! ! 84.25↑2.11 92.18↑6.78 97.56↑4.41 91.02↑3.84 78.94↑8.60 88.72↑17.04 88.78
AgentPrune ! ! ! 84.15↑2.01 91.86↑6.46 97.38↑4.23 90.73↑3.55 78.65↑8.31 88.15↑16.47 88.49
AgentDropout ! ! ! 84.08↑1.94 91.52↑6.12 97.21↑4.06 90.45↑3.27 78.51↑8.17 87.68↑15.00 88.24
HyperAgent (Ours) ! ! ! 86.50↑4.36 96.57↑11.17 99.30↑6.15 93.85↑6.67 81.97↑11.63 92.40↑20.72 91.77

progressive-hint prompting, AutoGPT[51] for autonomous task
execution, ReAct[64] for synergizing reasoning and acting, ToT[63]
for tree-based thought exploration, and GoT[3] for graph-based
reasoning. Predefined multi-agent topologies include Chain, Star,
Tree, Complete Graph, and Random Graph structures. Adaptive
multi-agent frameworks include AutoGen[62] providing conver-
sational coordination, MetaGPT[21] organizing software develop-
ment agents, LLM-Blender[24] fusing multiple responses, LLM-
Debate[16] enabling multi-agent debate, DyLAN[37] constructing
dynamic layered networks, GPTSwarm[72] optimizing graph struc-
tures, AgentVerse[13] facilitating multi-agent collaboration, and G-
Designer[50] using graph-based design. These baselines represent

state-of-the-art approaches in both static and dynamic topology
design for multi-agent systems.

5.3 Evaluation Models and Metrics
We conduct experiments using two base language models accessed
via OpenAI API: gpt-4-1106-preview and gpt-3.5-turbo-0125. Per-
formance evaluation uses accuracy for multiple-choice questions
on MMLU and AQuA, as well as for mathematical reasoning on
GSM8K, MultiArith, and SVAMP. Code generation on HumanEval
reports pass@1, measuring the percentage of problems solved cor-
rectly in the first attempt. All metrics are computed on test sets,
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Table 2: Ablation study of different components in HyperAgent. We evaluate the contribution of each key component across
six benchmarks. “Δ” denotes the performance drop compared to the full model. The results demonstrate that the hypergraph
structure is the most critical component, followed by the VAE framework and task node.

Methods MMLU GSM8K MultiArith SVAMP AQuA HumanEval Avg. Δ Avg.

HyperAgent (Full) 86.50 96.57 99.30 93.85 81.97 92.40 91.77 -

w/o Hypergraph (Graph-based) 84.80 93.50 97.85 91.50 79.20 89.15 89.33 -2.44
w/o VAE (Fixed Topology) 85.20 94.80 98.50 92.80 80.85 90.50 90.44 -1.33
w/o Sparsity (𝜁 = 0) 86.30 96.20 99.15 93.60 81.75 91.80 91.47 -0.30
w/o Task Node 85.65 94.95 98.65 92.45 80.50 90.85 90.51 -1.26
w/o Anchor Regularization 85.80 95.30 98.80 92.70 80.72 91.25 90.76 -1.01

Figure 3: Training dynamics of HyperAgent. (a) Loss components over training iterations. The utility loss (blue) steadily
decreases while sparsity regularization (green) maintains stable constraint. (b) Validation accuracy improves and plateaus
after 50 iterations. (c) Generated hypergraphs become progressively sparser during training, demonstrating the model learns
efficient topologies.

Figure 4: (a) Effect of hyperedge size parameter k on performance and communication efficiency. (b) Impact of sparsity
regularization coefficient on the performance-efficiency frontier. (c) Information propagation: graphs need multi-hop passing
whereas hyperedges enable direct 1-step synchronization. (d) Visualization of the performance metrics and prompt token
consumption.

with single-agent baselines using temperature 0 and multi-agent
methods using temperature 1 to enable diverse responses.

5.4 Implementation Details
We access GPT via the OpenAI API, and mainly test on gpt-4 and
gpt-3.5-turbo. We set temperature to 0 for single execution and
single agent baselines and 1 for multi-agent methods. We set a
summarizer agent to aggregate the dialogue history and produce
the final solution 𝑎 (𝐾 ) , with 𝐾 = 3 across all experiments. The
NodeEncoder(·) is implemented using all-MiniLM-L6-v2, with
the embedding dimension set to 𝐷 = 384. The anchor hypergraph

Hanchor is predefined as a simple chain structure where each hy-
peredge connects two adjacent agents. The hypergraph encoder
HGCN𝜇 and HGCN𝜎 are two-layer hypergraph convolutional net-
works with hidden dimension 64. The decoder feedforward network
FFN𝑑 has hidden dimension 128. We set the rank 𝑟 = 16 for low-
rank approximation in Equation (14), the temperature 𝜏 = 1𝑒 − 2
for Gumbel-Softmax sampling in Equation (13), and the sparsity
coefficient 𝜁 = 1𝑒 − 1 for nuclear norm regularization. The hyper-
edge grouping parameter 𝑘 = 2, meaning each collaboration unit
connects 3 agents on average. The sampling times 𝑀 are set as
10 for policy gradient approximation. We provide explicit agent
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Figure 5: Performance vs. number of interaction rounds K.
Accuracy improves with more rounds but exhibits diminish-
ing returns after K=3.

profiling for multi-agent methods, following the classical configura-
tions in LLM-MA systems, and use gpt-4 to generate agent profile
pools. For all benchmarks, we merely use 𝐵′ ∈ {40, 80} queries for
optimization.

5.5 Main Result
Table 1 presents comprehensive performance comparisons across
six benchmarks spanning general reasoning, mathematical prob-
lem solving, and code generation tasks. HyperAgent consistently
outperforms all baseline methods, achieving an average accuracy of
91.77% across all tasks, which represents substantial improvements
over the strongest competitors including G-Designer at 88.78% and
AgentDropout at 88.24%. Notably, HyperAgent demonstrates ex-
ceptional performance on mathematical reasoning benchmarks,
reaching 96.57% on GSM8K and 99.30% on MultiArith, while also
excelling in code generation with 92.40% pass@1 on HumanEval.
The results highlight HyperAgent’s advantage in capturing group
collaboration patterns through hyperedges rather than pairwise
edges, enabling more efficient information aggregation within col-
laboration units. Furthermore, HyperAgent is the only method that
fully supports multi-agent settings, task-adaptive topology gen-
eration, and adversarial robustness simultaneously, as indicated
by the checkmarks in the rightmost columns. The performance
gains are particularly pronounced on complex tasks requiring inten-
sive coordination, demonstrating that hypergraph-based topology
optimization effectively addresses the limitations of graph-based
approaches in modeling multi-agent collaboration.

5.6 Model Analysis
Figure 4 provides a direct comparison between graph-based and
hypergraph-based topology learning during training. The hyper-
graph approach demonstrates superior convergence properties,
with training loss decreasing more rapidly and stabilizing at ap-
proximately 0.25 compared to the graph-based method’s 0.65 after
1200 training steps. This performance advantage stems from the
hypergraph’s ability to directly model collaborative units through
single hyperedges connecting multiple agents, eliminating the need
for multi-hop information propagation required by pairwise edges
in traditional graphs. When agents collaborate on shared subtasks,
the hypergraph representation enables one-step synchronization
where all participating agents contribute to and receive from a uni-
fied hyperedge representation simultaneously. In contrast, graph-
based methods must decompose group interactions into multiple

pairwise connections, leading to sequential information flow and
potential degradation over intermediate steps. The training dynam-
ics demonstrate that optimizing over hyperedge space rather than
quadratic pairwise edge space significantly reduces computational
complexity while preserving richer semantic structure, ultimately
translating to better task performance.

5.7 Hyper-parameter Analysis
Figure 5 investigates the impact of interaction rounds K on system
performance across three representative benchmarks. Accuracy
consistently improves as K increases from 1 to 3, with MMLU rising
from 82.5% to 86.5%, HumanEval improving from 84.2% to 91.6%,
and GSM8K advancing from 90.1% to 96.6%. However, the perfor-
mance gains exhibit diminishing returns beyond K equals 3, with
only marginal improvements observed at K equals 4 and 5. This phe-
nomenon suggests that three interaction rounds provide sufficient
capacity for effective collaboration, allowing agents to propose
initial solutions, receive feedback, and produce refined outputs. Ad-
ditional rounds contribute minimal value while incurring increased
computational costs through redundant communication. The con-
sistency of this pattern across diverse task types indicates that K
equals 3 represents an optimal balance between collaboration effec-
tiveness and efficiency, supporting our design choice to fix K at 3
throughout all experiments.

5.8 Ablation Study
Table 2 systematically evaluates the contribution of each com-
ponent in HyperAgent through ablation experiments across six
benchmarks. Removing the hypergraph structure and reverting
to graph-based pairwise edges causes the most significant perfor-
mance degradation, with average accuracy dropping 2.44 percent-
age points from 91.77% to 89.33%, demonstrating that direct hy-
peredge representation of collaboration units constitutes the most
critical architectural choice. The VAE framework for dynamic topol-
ogy generation proves to be the second most important component,
as replacing it with fixed topology results in a 1.33 percentage point
decrease, highlighting the value of task-adaptive structure learn-
ing. Disabling sparsity regularization leads to a 0.30 percentage
point drop, while removing the task-specific virtual node reduces
accuracy by 1.26 percentage points, confirming its role in facili-
tating global information flow. Figure 3 provides deeper insights
into training dynamics, showing that utility loss steadily decreases
while validation accuracy improves rapidly and plateaus after ap-
proximately 50 epochs at around 90%, demonstrating that the model
learns to construct efficient topologies that balance communication
overhead with coordination effectiveness.

6 CONCLUSION
In this work, we propose HyperAgent, a hypergraph-based multi-
agent communication framework that connects agents sharing
subtasks via hyperedges for efficient single-step information ag-
gregation. A variational autoencoder with sparsity regularization
generates task-adaptive topologies. Experiments on multiple bench-
marks show that HyperAgent outperforms state-of-the-art methods
while significantly reducing communication overhead.
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