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Abstract
Multi-agent systems powered by large language
models have achieved strong performance on
complex tasks, yet naive collaboration topolo-
gies often cause high communication costs and
redundant context. Existing methods usually
use a fixed communication graph and man-
age collaboration structure and shared mem-
ory in separate modules. Our log analysis
of several representative systems shows that
this separation leads to multiple copies of
the same key facts in dialogue, memory and
model inputs. We address this issue with
EvoHyper, a framework based on an evolving
hypergraph topology for multi-agent collabo-
ration. In EvoHyper, a single hypergraph rep-
resents agents and shared memory, and each
hyperedge serves as a collaboration unit that
binds a group of agents to that shared mem-
ory. During execution a controller edits the
hypergraph through a small set of predefined
evolution operations, so collaboration units can
spawn, update and merge as tasks unfold. Ex-
periments on four benchmarks covering math-
ematical reasoning and code generation show
that EvoHyper is (I) high-performing, achiev-
ing 3.2% to 7.8% accuracy gains over state-of-
the-art methods, (II) efficient, reducing token
consumption by up to 23.5%, and (III) adap-
tive, adjusting topology complexity according
to task requirements.

1 Introduction

Recent advances in Large Language Model (LLM)
based agents (OpenAI et al., 2024; Anthropic,
2024) have achieved remarkable success across var-
ious tasks. Building on this progress, LLM-based
Multi-Agent Systems (MAS) harness collective in-
telligence through agent collaboration (Qian et al.,
2025; Chen et al., 2024b; Qian et al., 2025). At
the core of such collaboration lies the communi-
cation topology (Zhuge et al., 2024; Zhang et al.,
2025c; Liu et al., 2024). It governs agent inter-
actions and directly affects both performance and
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Figure 1: Paradigm comparison between graph-based
and hypergraph-based multi-agent systems. (a) Graph-
based MAS separates topology and memory, causing
duplicate information to accumulate in context windows.
(b) EvoHyper evolves a unified hypergraph where each
hyperedge binds collaborating agents with shared mem-
ory, keeping focus on task-relevant content.

resource consumption. To ensure reliable coordina-
tion, most developers adopt dense topologies with
lengthy shared contexts (Wu et al., 2023; Hong
et al., 2024). Yet this conservative strategy causes
token consumption to grow rapidly on complex
tasks. Designing topologies that balance perfor-
mance and efficiency remains an open problem.

To address this challenge, various topology
design methods have been proposed. Early at-
tempts employ predefined static structures such
as Chain (Wei et al., 2022), Star (Wu et al.,
2023), and Tree (Yao et al., 2023a), which are
simple but cannot adapt to varying task demands.
Learning-based methods like DyLAN (Liu et al.,
2024), GPTSwarm (Zhuge et al., 2024), and G-
Designer (Zhang et al., 2025c) overcome this
rigidity through dynamic topology generation.
Meanwhile, another line explores agent mem-
ory for knowledge accumulation, including HG-
Mem (Zhou et al., 2025) for structured memory
updates and MemEvolve (Zhang et al., 2025a) for
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Figure 2: Information replication across four multi-
agent systems on GSM8K. Left axis (stacked bars):
average count of key fact occurrences across three com-
ponents. Right axis: percentage of context window
devoted to task-relevant content. Systems with denser
topologies exhibit higher redundancy and lower task
focus.

adaptive memory architectures. Despite notable
progress, existing methods treat topology and mem-
ory as independent modules (as illustrated in Fig-
ure 1). We argue that unified management is es-
sential, as separation forces information replication
across modules and creates synchronization diffi-
culties, hurting both efficiency and consistency.

To examine this effect, we analyze execution
logs of four representative systems on GSM8K: G-
Designer (Zhang et al., 2025c), GPTSwarm (Zhuge
et al., 2024), MetaGPT (Hong et al., 2024) and
AgentVerse (Chen et al., 2024b). As shown in Fig-
ure 2, significant information redundancy exists
across all systems. The same critical information
appears repeatedly in inter-agent messages, mem-
ory storage, prompt construction. On average, each
key fact occurs 2.8 to 4.1 times across these compo-
nents. G-Designer and GPTSwarm exhibit higher
redundancy given their dense communication pat-
terns. Such redundancy grows more severe in later
collaboration stages. Notably, 67% of repetitions
arise from agents on the same subtask. They re-
peatedly exchange and store identical knowledge
through separate channels.

A seemingly intuitive solution is to apply dedu-
plication or synchronization across modules. How-
ever, as long as topology and memory remain sep-
arate, each module must maintain its own copy of
shared information. Deduplication targets storage
redundancy, yet content continues flowing through
multiple channels. Synchronization offers better
consistency but incurs overhead proportional to
copy count. In summary, practitioners find it chal-
lenging to eliminate information redundancy with-
out rethinking how collaboration itself is repre-

sented. Against this backdrop, we argue that elim-
inating redundancy requires rethinking what the
basic unit of collaboration should be. Such a unit
must satisfy three properties: ♣ Unified Repre-
sentation: Encoding both participants and shared
knowledge in one place to avoid cross-module repli-
cation. ♦ Dynamic Evolution: Forming and dis-
solving as collaboration needs change. ♥ Hierar-
chical Composition: Merging into higher-order
structures as shared understanding deepens. Hy-
peredges naturally provide these properties. One
hyperedge links multiple agents and holds their
shared state together. It can be created, modified,
or merged as the task proceeds.

Based on this insight, we propose EvoHyper,
a framework that treats each hyperedge as a uni-
fied collaboration unit carrying both structure and
memory. The framework introduces three evolu-
tion operations. Update refines hyperedge memo-
ries based on collaboration feedback. Spawn cre-
ates new hyperedges when emerging coordination
needs are detected. Merge consolidates related hy-
peredges into higher-order units with integrated
memory. The Merge operation is particularly im-
portant. It enables collaboration structures to grow
hierarchically as agents develop deeper shared un-
derstanding. To prevent memory explosion over
long executions, we design a hierarchical mem-
ory structure with bounded capacity through peri-
odic compression. Simple tasks maintain sparse
and efficient structures. Complex tasks progres-
sively develop richer higher-order collaborations.
This unified paradigm allows EvoHyper to achieve
adaptive topology, bounded memory, and con-
sistent shared state throughout execution.

Our contributions can be summarized as follows:
❶ Paradigm Proposal. We conduct empirical anal-

ysis on four representative multi-agent systems
and show that most information redundancy
arises inside collaboration subtasks. Based on
this finding, we propose a new paradigm that
unifies structure and memory within hyperedges,
treating each hyperedge as a self-contained col-
laboration unit.

❷ Practical Framework. We present EvoHyper, a
unified framework that lets hypergraph topolo-
gies evolve through Update, Spawn, and Merge
operations. A hierarchical memory mechanism
with periodic compression prevents unbounded
growth during long-horizon tasks.

❸ Experimental Validation. Extensive experi-
ments across four benchmarks demonstrate that
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EvoHyper is (I) high-performing, achieving
3.2%∼7.8% improvement over state-of-the-art
methods; (II) efficient, reducing token consump-
tion by up to 23.5%; and (III) adaptive, auto-
matically adjusting topology complexity based
on task requirements.

2 Related Work

2.1 LLM-based Multi-Agent Collaboration

Multi-agent collaboration integrates specialized ca-
pabilities of different agents through diverse mech-
anisms. Early work explored debate-based meth-
ods like ChatEval (Chan et al., 2023) and role-
playing approaches like CAMEL (Li et al., 2023).
Building on these foundations, structured work-
flows emerged with MetaGPT (Hong et al., 2024)
encoding standardized operating procedures and
ChatDev (Qian et al., 2024) combining natural and
programming languages. To handle varying task
demands, adaptive methods like ProAgent (Zhang
et al., 2024) and AutoAgents (Chen et al., 2024a)
dynamically adjust agent configurations. Recently,
MacNet (Qian et al., 2025) organized over a thou-
sand agents into directed acyclic graphs, revealing
collaborative scaling laws. Yet across all these
methods, topology and memory remain separate
modules. Unifying them within a single structure
motivates our hyperedge-based design.

2.2 Multi-Agents as Graphs

Graphs provide a natural abstraction for agent in-
teractions. Early approaches relied on static struc-
tures including chains (Wei et al., 2022), trees (Yao
et al., 2023a), and complete graphs (Qian et al.,
2025). To overcome this rigidity, pruning-based
methods like AgentPrune (Zhang et al., 2025b)
and AgentDropout (Wang et al., 2025) learn sparse
task-specific graphs. The field then progressed to-
ward learning-based approaches with DyLAN (Liu
et al., 2024) modeling dynamic agent networks and
AgentVerse (Chen et al., 2024b) capturing emer-
gent collaborative behaviors. More recent work
like AFlow (Zhang et al., 2025d) constructs topolo-
gies autoregressively, while Wu et al. (Wu et al.,
2024) demonstrate how graph learning enhances
LLM-based planning. However, pairwise edges
fundamentally limit representational capacity. A
group of agents on one subtask must be decom-
posed into multiple separate edges. Hyperedges
overcome this limitation by directly encoding multi-
agent groups as unified collaboration units.

3 Preliminary

3.1 Multi-Agent System as Graph
We model an LLM-based multi-agent system
as a directed graph G = (V, E) where V =
{v1, . . . , vN} represents N agents and E denotes
edges governing information flow. Each agent
vi ∈ V is defined as

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

where Basei specifies the language model, Rolei
defines expertise, Statei maintains history, and
Plugini provides external tools. Each agent re-
ceives prompt P and generates response Ri =
vi(Psys,Pusr) where Psys = {Rolei, Statei} and
Pusr contains the task and messages from other
agents. Given taskQ, agents interact for K rounds.
At round t, agent vi generates

R(t)
i = vi


P(t)

sys,



Q,

⋃

vj∈Nin(vi)

R(t)
j






 (2)

where Nin(vi) denotes the in-neighborhood of vi.

3.2 Hypergraph Representation
Graphs model only pairwise interactions. When
multiple agents jointly handle one subtask, graph
models must decompose this into multiple edges,
leading to multi-hop message passing. A hyper-
graphH = (V, E) extends graphs by allowing each
hyperedge ek ⊆ V to connect arbitrary numbers
of vertices. The structure is encoded by incidence
matrix H ∈ {0, 1}|V|×|E| where hv,e = 1 if v ∈ e
and 0 otherwise.

Given node feature matrix X(l) ∈ R|V|×D at
layer l, the hypergraph convolutional layer com-
putes

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

)

(3)
where D and B are diagonal matrices of vertex
and hyperedge degrees respectively, W assigns
weights to hyperedges, Θ(l) is a learnable trans-
formation, and σ(·) is an activation function. This
node-edge-node transformation enables single-step
synchronization within collaboration groups.

4 Methodology

4.1 Collaboration Unit with Shared Memory
We maintain a dynamic hypergraph H(t) =
(V, E(t),M(t)) at round t, where V is the agent
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Figure 3: Overview of EvoHyper. (a) Agents and a task-specific virtual node are encoded into embeddings to enable
task-aware topology generation. (b) Starting from an anchor topology, a variational encoder-decoder generates a
task-adaptive hypergraph where each hyperedge binds collaborating agents with shared memory. The topology
evolves through Update, Spawn, and Merge operations as tasks unfold. (c) Hierarchical memory and current
interactions are encoded into inner signals (for memory refinement) and outer signals (for structural adaptation).
The evolution controller uses both to orchestrate dual-loop evolution: adapting memory within tasks and optimizing
policy across tasks.

set, E(t) is the hyperedge set, and M(t) collects
memory states. Each hyperedge serves as a self-
contained collaboration unit that binds participating
agents with shared memory. Formally, a hyperedge
e ∈ E(t) is defined as

e = (Ae,me) (4)

where Ae ⊆ V denotes participating agents and
me denotes shared memory. Unlike prior methods
where each agent maintains private copies, me pro-
vides a single source of truth for the collaboration
unit.

When agent vi takes action at round t, its context
is constructed as

c
(t)
i = Concat


Psys, Q,

⊕

e:vi∈Ae

m(t)
e


 (5)

where
⊕

aggregates memories from all hyperedges
containing vi.

4.2 Initial Topology Generation
We generate the initial topology using a variational
autoencoder with sparsity control.

Encoding. We construct node features by encod-
ing each agent’s profile:

xi = NodeEncoder(Rolei, Basei, Plugini) (6)

We also introduce a task-specific virtual node vtask
with embedding xtask = NodeEncoder(Q) that

connects to all agents, facilitating global informa-
tion flow. Let X̃ denote the concatenation of agent
embeddings and task embedding. Given a simple
anchor topology Hanchor as prior structure, the en-
coder maps features to latent distributions through
two hypergraph convolutional layers:

µ = HGCNµ(X̃,Hanchor) (7)

logσ = HGCNσ(X̃,Hanchor) (8)

Latent representations are then sampled as hi ∼
N (µi, diag(σ2

i )).

Decoding with Sparsity Control. The decoder
transforms latent representations into hypergraph
structure through two phases. First, we construct a
sketched affinity matrix S ∈ [0, 1]N×N . For each
pair of agents, we compute

Sij = g(hi,hj ,htask) (9)

where g(·) is parameterized by a feed-forward net-
work with Gumbel-Softmax sampling. Specifically,
let ϖij = FFN([hi,hj ,htask]), then

g(·) = Sigmoid
(
log ϵ− log(1− ϵ) +ϖij

τ

)

(10)
where ϵ ∼ Uniform(0, 1) and temperature τ con-
trols discreteness.

The sketched matrix S is typically dense. To
achieve task-adaptive sparsity, we refine it through
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low-rank regularization. Let Z ∈ RN×r contain
the top-r left singular vectors of S. We optimize
weight matrix W ∈ Rr×r to minimize

Lrefine =
1

2
∥S− ZWZ⊤∥2F + ζ∥W∥∗

+
1

2
∥Aanchor − ZWZ⊤∥2F (11)

where ∥W∥∗ =
∑

i λi is the nuclear norm encour-
aging sparsity, and Aanchor is the pairwise adja-
cency derived from anchor topology. The coeffi-
cient ζ controls sparsification strength. The refined
matrix is obtained as

S̃ = ZWZ⊤ (12)

This formulation enables automatic complexity
adjustment: simple tasks yield sparse topologies
while complex tasks produce denser structures. Fi-
nally, we convert S̃ to hyperedges by grouping
strongly connected agents. For each agent i, we
form a hyperedge connecting i with its top-k neigh-
bors in S̃, producing initial topologyH(0).

4.3 Hypergraph Evolution Operations

The hypergraph evolves through three operations
during execution.

Update. The Update operation refines memory of
an existing hyperedge based on new agent outputs.
Given hyperedge e with memory m

(t)
e and outputs

{o(t)i }vi∈Ae :

m(t+1)
e = fupdate

(
m(t)

e , {o(t)i }vi∈Ae

)
(13)

where fupdate extracts task-relevant content and in-
tegrates it with existing memory. This operation
accumulates knowledge while preserving hyper-
edge structure.

Spawn. The Spawn operation creates new hyper-
edges when coordination needs arise among agents
not yet bound together. Let Anew ⊆ V be agents
requiring joint collaboration:

E(t+1) = E(t) ∪ {enew} (14)

where enew = (Anew,minit) and minit is derived
from task context and relevant outputs. This en-
ables topology expansion as new subtasks emerge.

Merge. The Merge operation consolidates re-
lated hyperedges into higher-order units, central
to hierarchical structure formation. Given seman-
tically related hyperedges ei = (Aei ,mei) and
ej = (Aej ,mej ):

emerged =
(
Aei ∪ Aej , ffuse(mei ,mej ,Q)

)
(15)

where ffuse synthesizes both memories into uni-
fied representation conditioned on task Q. Orig-
inal hyperedges are removed after merging. Cru-
cially, ffuse performs lossy compression ensuring
|ffuse(·)| ≤ Cmax, allowing structures to become
increasingly abstract without unbounded growth.

4.4 Hierarchical Memory Management
To prevent memory explosion over long executions,
we organize each hyperedge memory into three
levels:

me = (mwork
e ,mabs

e ,mmeta
e ) (16)

The working level mwork
e holds transient informa-

tion with capacity Cw. The abstract level mabs
e

stores distilled patterns with capacity Ca. The
meta level mmeta

e maintains compressed princi-
ples with capacity Cm. Total size is bounded by
Cw + Ca + Cm.

When working level approaches capacity, com-
pression promotes salient content upward:

mabs
e ← fcompress(m

abs
e ,mwork

e ) (17)

where fcompress identifies patterns and integrates
them into abstract level. Working level is then
cleared. Similar promotion occurs from abstract to
meta when needed. This ensures valuable knowl-
edge is preserved at higher levels while transient
details are consolidated.

4.5 Learnable Evolution Controller
A learnable policy network governs the evolution
operations.

State Encoding. At round t, we encode the
current system state into a vector representation.
The state encoder aggregates hypergraph structure,
memory contents, agent outputs, and task informa-
tion:

s(t) = fstate

(
H(t), {m(t)

e }e∈E(t) , {o(t)i }Ni=1,Q
)

(18)
where fstate is implemented as a hypergraph neural
network that captures both local memory states and
global topological patterns.
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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 % % % 83.42↑1.28 87.85↑2.45 96.12↑2.97 89.34↑2.16 76.53↑6.19 79.18↑7.50 85.41
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
EvoHyper (Ours) ! ! ! 86.42↑4.28 96.49↑11.09 99.18↑6.03 93.71↑6.53 81.89↑11.55 92.28↑20.60 91.66

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.

Policy Network. The evolution controller is pa-
rameterized as a policy network π(·|s(t); Θπ) that
outputs a distribution over operations. For each
candidate operation, the network computes:

p(Updatee|s(t)) = σ(w⊤
u [s

(t),he]) (19)

p(SpawnA|s(t)) = σ(w⊤
s [s

(t),hA]) (20)

p(Mergeei,ej |s
(t)) = σ(w⊤

m[s(t),hei ,hej ]) (21)

where he denotes the embedding of hyperedge e,
hA aggregates embeddings of agent subset A, and
σ is the sigmoid function. Operations exceeding a
threshold τop are selected and executed sequentially
to produce H(t+1). We discuss the completeness
of this operation set in Appendix D.

Dual-Loop Optimization. Our framework im-
plements a dual-loop evolution mechanism inspired

by meta-learning. The inner loop executes evolu-
tion operations within a single task, where the pol-
icy network determines operation sequences based
on current states. The outer loop optimizes policy
parameters Θπ across tasks through gradient-based
updates.

We define a composite reward combining task
performance and efficiency:

R = Rtask − λ1 ·
TokenCost
Tbudget

− λ2 · |E(K)| (22)

where Rtask measures answer correctness, the sec-
ond term penalizes token consumption, and the
third term encourages sparse final topologies. The
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policy gradient is approximated as:

∇ΘπL ≈
1

M

M∑

m=1

Rm

K∑

t=0

∇Θπ log π(op
(t)
m |s(t)m ; Θπ)

(23)
Through this optimization, the system learns when
to update memories, when to spawn new collabora-
tion units, and when to merge related hyperedges,
rather than relying on predefined heuristics.

5 Experiments

In this section, we conduct extensive experiments
to answer the following research questions:

■ (RQ1) Does EvoHyper achieve better task per-
formance compared to existing multi-agent col-
laboration methods?

■ (RQ2) Does the unified hypergraph representa-
tion reduce information redundancy and enable
adaptive topology adjustment?

■ (RQ3) How sensitive is EvoHyper to key hyper-
parameters such as memory capacity and evolu-
tion thresholds?

■ (RQ4) How do the evolution operations and hi-
erarchical memory contribute to overall perfor-
mance?

5.1 Experiment Setup

Datasets and Metrics. We evaluate EvoHyper
on three categories of benchmarks: general rea-
soning (MMLU (Hendrycks et al., 2021)), mathe-
matical reasoning (GSM8K (Cobbe et al., 2021),
MultiArith (Roy and Roth, 2016), SVAMP (Patel
et al., 2021), AQuA (Ling et al., 2017)), and code
generation (HumanEval (Chen et al., 2021)). Task
performance is measured by accuracy for reason-
ing tasks and pass@1 for code generation. For
efficiency, we report prompt token consumption.
For structure analysis, we track average hyperedge
size, evolution operations triggered, and memory
compression ratio.

Baselines. We compare EvoHyper against three
categories of baselines. ❶ Single-agent meth-
ods include CoT (Wei et al., 2022), ComplexCoT,
Self-Consistency (Wang et al., 2023a), PHP, Au-
toGPT (Significant Gravitas, 2026), ReAct (Yao
et al., 2023b), ToT (Yao et al., 2023a), and
GoT (Besta et al., 2023). ❷ Static multi-
agent topologies include Chain (Wei et al., 2022),
Star (Wu et al., 2023), Tree (Yao et al., 2023a),

Complete Graph (Qian et al., 2025), and Ran-
dom Graph structures. ❸ Adaptive multi-agent
frameworks include AutoGen (Wu et al., 2023),
MetaGPT (Hong et al., 2024), LLM-Blender (Jiang
et al., 2023), LLM-Debate (Du et al., 2024), Dy-
LAN (Liu et al., 2024), GPTSwarm (Zhuge et al.,
2024), AgentVerse (Chen et al., 2024b), COP-
PER, AgentPrune (Zhang et al., 2025b), Agent-
Dropout (Wang et al., 2025), G-Designer (Zhang
et al., 2025c). These baselines represent state-of-
the-art approaches in topology design for multi-
agent systems.

Implementation Details. We access GPT
via the OpenAI API (gpt-4-0613 and
gpt-3.5-turbo-0125). Temperature is set
to 0 for deterministic single-agent baselines
(Vanilla, CoT, ComplexCoT, AutoGPT, ReAct,
ToT, GoT). For Self-Consistency, we use tem-
perature T=0.8 with 5 sampled reasoning paths
following Wang et al. (2023b). For all multi-agent
methods, temperature is set to 1 to enable diverse
responses. The number of interaction rounds is
K=3 across all experiments. The NodeEncoder
uses all-MiniLM-L6-v2 with embedding dimen-
sion D=384. The anchor hypergraph Hanchor
is initialized as a simple chain structure. The
hypergraph encoders HGCNµ and HGCNσ are
two-layer networks with hidden dimension 64,
rank r=16 for low-rank approximation, Gumbel-
Softmax temperature τ=1×10−2, and sparsity
coefficient ζ=1×10−1. For hierarchical memory,
capacity bounds are set to Cw=512, Ca=256,
Cm=128 tokens. Policy optimization uses Adam
(lr=3×10−4, M=10 sampled topologies). All
experiments are conducted on 8× NVIDIA A100
80GB GPUs.

Fairness of Comparison. All multi-agent base-
lines use identical settings: 5 gpt-4-0613 agents,
temperature 1, and the same evaluation scripts
with identical test splits and answer extraction pro-
cedures. For single-agent methods, we use the
same backbone with temperature 0 (except Self-
Consistency). We retrieve the same average num-
ber of tokens per step across methods to ensure fair
efficiency comparison.

5.2 Main Result (RQ1)
Table 1 reports performance across six benchmarks
spanning general reasoning, mathematical problem
solving, and code generation. EvoHyper consis-
tently outperforms all baselines, achieving an aver-
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Figure 4: Hyperparameter sensitivity on GSM8K and HumanEval. EvoHyper achieves optimal performance at k=2,
ζ=0.1, K=3, and τop=0.5.

Figure 5: Performance and token consumption compari-
son on MMLU and HumanEval. Larger points indicate
higher token cost.

Method MMLU↑ GSM8K↑ HumanEval↑ Avg.↑
EvoHyper (Full) 86.42 96.49 92.28 91.73

w/o Hypergraph 84.06 93.41 88.95 88.81
w/o Merge Op. 84.52 93.88 89.35 89.25
w/o Hierarchical Memory 85.67 95.54 91.02 90.74
w/o Evolution Controller 83.76 92.94 88.52 88.41
w/o VAE Framework 85.18 94.82 90.13 90.04

Table 2: Ablation study of key components in
EvoHyper on representative benchmarks.

age accuracy of 91.66%, surpassing the strongest
adaptive competitors G-Designer (88.78%) and
AgentDropout (88.24%) by clear margins. The
gains are most pronounced on complex coordina-
tion tasks: EvoHyper reaches 96.49% on GSM8K
and 99.18% on MultiArith, and achieves 92.28%
pass@1 on HumanEval. Notably, EvoHyper is the
only method that simultaneously satisfies all three
properties of multi-agent support, task-adaptive
topology, and adversarial robustness. These results
confirm that unifying collaboration structure and
shared memory within hyperedges eliminates the
cross-module redundancy that limits graph-based
approaches, enabling both stronger coordination
and lower token consumption.

5.3 Model Analysis (RQ2)
Figure 5 demonstrates EvoHyper’s efficiency
advantage. Compared to baseline methods,
EvoHyper achieves superior performance with sig-
nificantly lower token consumption, as shown by
the smaller bubble size. This efficiency stems from
the unified hyperedge representation, which elim-
inates cross-module information duplication be-

Figure 6: Evolution operation distribution across rounds.
Update dominates early, Spawn peaks initially, and
Merge increases later for hierarchical consolidation.

tween separate topology and memory modules. A
detailed breakdown of total token consumption, in-
cluding both prompt and completion tokens gener-
ated by evolution operations, is provided in Ap-
pendix A, where we further show that prompt
savings from redundancy elimination substantially
outweigh the completion overhead of Update and
Merge. Wall-clock time comparisons confirming
that token reduction translates directly into faster
LLM inference are reported in Appendix B.

Figure 6 reveals distinct evolution patterns
across interaction rounds. Update operations dom-
inate early rounds to establish shared memory
within newly formed hyperedges, then decline as
collaboration stabilizes. Spawn operations peak
initially when emerging coordination needs are de-
tected, then decrease as the topology matures. Con-
versely, Merge operations increase progressively
across rounds, reflecting hierarchical consolidation
as agents develop deeper shared understanding. To
provide more intuitive insight into how these pat-
terns manifest on concrete tasks, representative
topology evolution traces for both simple arith-
metic and complex code generation tasks are illus-
trated in Appendix C. Cross-LLM generalization
results demonstrating that EvoHyper’s advantages
hold consistently across heterogeneous and weaker
agent configurations are reported in Appendix E.
Training stability across random seeds is analysed
in Appendix F.
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5.4 Hyper-parameter Analysis (RQ3)
Figure 4 examines sensitivity to four key hyper-
parameters. For hyperedge size k, performance
peaks at k=2 since k=1 degrades to pairwise edges
while larger k yields overly sparse structures. Spar-
sity coefficient ζ=0.1 balances topology density
optimally. Interaction rounds K show diminishing
returns beyond K=3, where sufficient collaboration
occurs without redundant communication. Opera-
tion threshold τop=0.5 achieves the best trade-off
between evolution sensitivity and stability. These
results validate our default configuration.

5.5 Ablation Study (RQ4)
Table 2 evaluates each component’s contribution.
Removing the evolution controller causes the
largest drop (3.32%), confirming that learnable op-
eration decisions are essential. The hypergraph
structure ranks second (2.92%), validating that uni-
fied hyperedge representation outperforms pairwise
edges. Removing Merge operations decreases accu-
racy by 2.48%, highlighting hierarchical consolida-
tion’s importance. The VAE framework contributes
1.69%, and hierarchical memory contributes 0.99%
by preventing context explosion.

6 Conclusion

We present EvoHyper, a framework that uni-
fies communication topology and shared memory
within an evolving hypergraph. Each hyperedge
serves as a collaboration unit binding agents with
shared memory, eliminating information redun-
dancy from separate modules. The hypergraph
evolves through Update, Spawn, and Merge oper-
ations governed by a learnable controller. Experi-
ments on four benchmarks demonstrate substantial
performance gains with reduced token consump-
tion, confirming the effectiveness of our unified
representation and adaptive evolution mechanism.

Limitations

Our work has limitations suggesting future direc-
tions. First, EvoHyper assumes all agents are reli-
able, while real-world scenarios may involve unre-
liable or adversarial agents. Extending our frame-
work with robustness mechanisms is a promising
direction. Second, the current evolution operations
are predefined, and automatically discovering new
operation types could further improve adaptabil-
ity. Third, our experiments focus on reasoning and
code generation tasks, and evaluation on broader

domains such as embodied agents remains future
work.
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A Total Token Consumption Analysis

In the main paper, efficiency is reported via prompt
token consumption. Here we provide the complete
breakdown including completion tokens, which are
incurred by EvoHyper’s generative evolution oper-
ations (Update and Merge).

As shown in Table 3, EvoHyper’s evolution op-
erations (Update and Merge) contribute approx-
imately 2.4 × 104 additional completion tokens
on GSM8K, accounting for roughly 25% of our

Method GSM8K HumanEval

Prom. Comp. Total Prom. Comp. Total

G-Designer 8.5 2.1 10.6 3.4 1.4 4.8
GPTSwarm 15.0 3.8 18.8 4.2 1.7 5.9
AgentDropout 7.2 1.8 9.0 3.0 1.2 4.2
EvoHyper 7.2 2.4 9.6 2.6 1.2 3.8

Table 3: Total token consumption (prompt + completion,
in units of 105 tokens) on GSM8K and HumanEval.
“Completion” for EvoHyper includes tokens generated
by Update and Merge operations. Despite this overhead,
EvoHyper’s total consumption remains competitive.

total completion cost. However, the unified hy-
peredge design eliminates cross-module informa-
tion duplication, saving approximately 1.3 × 105

prompt tokens across all agents and interaction
rounds. This saving substantially outweighs the
evolution overhead. As a result, EvoHyper’s to-
tal token consumption (9.6 × 105) remains 9.4%
lower than G-Designer (10.6×105) and 49% lower
than GPTSwarm (18.8 × 105). On HumanEval,
EvoHyper achieves the lowest total consumption
(3.8× 105) among all adaptive methods.

B Wall-Clock Time Analysis

Table 4 reports per-problem wall-clock time on
GSM8K, averaged over 200 samples. We decom-
pose total latency into LLM inference time and
topology/overhead time to isolate the cost of dy-
namic evolution.

Method LLM Infer. (s) Overhead (s) Total (s)

Complete Graph 45.2 0.0 45.2
G-Designer 38.6 3.2 41.8
AgentDropout 36.4 1.8 38.2
EvoHyper 31.8 4.5 36.3

Table 4: Per-problem wall-clock time on GSM8K (av-
eraged over 200 samples). Topology overhead for
EvoHyper includes HGCN encoding (∼1.2 s), SVD
sparsification (∼0.8 s), and evolution operations across
3 rounds (∼2.5 s). Despite the overhead, EvoHyper
achieves the lowest total latency due to faster LLM in-
ference enabled by token reduction.

EvoHyper introduces a topology overhead of
4.5s per problem. However, the reduced token
consumption directly accelerates LLM inference
from 45.2s (Complete Graph) to 31.8s, yielding
the lowest total latency of 36.3s among all com-
pared methods. The SVD-based sparsification op-
erates on small r × r matrices (r=16), keeping
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its cost at ∼0.8s and computationally negligible.
These results confirm that the efficiency gains from
eliminating information redundancy outweigh the
overhead of dynamic topology evolution.

C Representative Topology Evolution
Traces

We present two representative hypergraph evolu-
tion traces to illustrate how EvoHyper adapts its
topology to task complexity. In both cases, the
system begins from the same anchor topology and
evolves through Update, Spawn, and Merge opera-
tions.

Simple Task: Arithmetic Reasoning (GSM8K).
Given a grade-school math problem, the initial
topologyH(0) contains 5 hyperedges, each binding
2 agents. During Round 1, three Update operations
refine the working-level memory of active hyper-
edges based on intermediate computation results.
No new coordination groups are needed. By Round
3, two Merge operations consolidate semantically
overlapping hyperedges into unified units, yielding
a final structure of 3 hyperedges with an average
size of 2.1 agents:

H(0) : {e1(v1, v2), e2(v2, v3), e3(v3, v4), e4(v4, v5), e5(v1, v5)}

Update×3, Merge×2−−−−−−−−−−−→ H(3) : {e′1(v1, v2, v3), e′2(v3, v4), e′3(v4, v5)}

The topology naturally converges to a sparse
structure, consistent with our reward formulation
that penalizes unnecessary hyperedges (λ2|E(K)|
in Equation (22) of the main paper).

Complex Task: Multi-Function Code Genera-
tion (HumanEval). Given a programming task
requiring multiple interdependent functions, the
initial topology contains 6 hyperedges. Round 1
triggers 5 Update operations and 2 Spawn opera-
tions, creating new coordination units dedicated to
testing and debugging roles. By Round 3, strategic
Merge operations produce a hierarchical structure
containing one high-order hyperedge of size 4 that
coordinates the final integration step. The evolved
topology has 4 hyperedges with an average size of
3.2 agents:

H(0) : 6 hyperedges (avg. size 2.0)

Update×5, Spawn×2, Round 1–2−−−−−−−−−−−−−−−−−−→ Merge×2, Round 3−−−−−−−−−−→

H(3) : 4 hyperedges (avg. size 3.2)

including e∗(v1, v2, v3, v4), a size-4 hyperedge
whose shared memory integrates the outputs of all
four core coding agents for final answer synthesis.

These two traces confirm the adaptive behaviour
described in Section 3 of the main paper: simple
tasks converge to sparse and efficient structures,
while complex tasks organically develop richer
higher-order collaborations as shared understand-
ing deepens.

D Discussion on Additional Evolution
Operations

We discuss why the three operations (Update,
Spawn, Merge) form a sufficient and minimal set
for topology evolution, and explain the design de-
cision to exclude Split and Delete.

Split. A Split operation would decompose one
hyperedge ei into two disjoint sub-hyperedges e′i
and e′′i . This functionality is already implicitly
covered by Spawn: the controller can spawn a
new hyperedge enew over a subset A′ ⊂ Vei of
agents, while the Update operation simultaneously
removes those agents’ contributions from ei’s mem-
ory. The net effect is identical to Split but does not
require a separate operation type.

Delete. A Delete operation would remove a hy-
peredge entirely. This is implicitly handled by the
sparsity regularisation term λ2|E(K)| in the reward
function (Equation (22) of the main paper), which
continuously discourages unnecessary hyperedges.
Redundant collaboration units receive weak Up-
date signals over successive rounds and are even-
tually absorbed into neighbouring units through
Merge, effectively disappearing from the active
topology.

Ablation results. To empirically validate these
design choices, we conducted ablation experiments
adding Split, Delete, or both to the default operation
set:

Adding either operation yields no improvement
and slightly degrades performance (−0.08% to
−0.64%), because the enlarged action space makes
policy learning harder without providing new rep-
resentational capacity. We therefore retain the min-
imal three-operation design.
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Operation Set GSM8K HumanEval

Update+Spawn+Merge (default) 96.49 92.28
+ Split 96.32 92.15
+ Delete 96.41 91.87
+ Split + Delete 96.18 91.64

Table 5: Effect of adding Split and Delete operations on
GSM8K and HumanEval. Adding these operations en-
larges the action space without improving performance.

E Cross-LLM Generalization

We evaluate EvoHyper under heterogeneous and
weaker LLM configurations to assess whether the
performance advantages reported in Table 1 hold
beyond the default 5×GPT-4 setting.

LLM Config. Method GSM8K HumanEval

5×GPT-4 (def.)
G-Designer 92.18 88.72
EvoHyper 96.49 (+4.31) 92.28 (+3.56)

5×GPT-3.5
G-Designer 78.42 72.15
EvoHyper 83.67 (+5.25) 77.83 (+5.68)

2×GPT-4 +
3×GPT-3.5

G-Designer 85.34 80.46
EvoHyper 90.72 (+5.38) 86.19 (+5.73)

Table 6: Performance under different LLM configura-
tions on GSM8K and HumanEval. EvoHyper consis-
tently outperforms G-Designer across all configurations,
with larger gains observed for weaker or heterogeneous
agent pools.

Three observations emerge from Table 6. First,
EvoHyper’s advantage is consistent across all con-
figurations, confirming that the gains do not de-
pend on a specific LLM. Second, the improvement
margins are larger for weaker or heterogeneous
pools (+5.25% to +5.73%) than for the homoge-
neous GPT-4 setting (+3.56% to +4.31%). This
is because the unified hyperedge memory becomes
more valuable when individual agents have uneven
capabilities: stronger agents’ insights are stored
directly in the shared hyperedge memory, allow-
ing weaker agents within the same collaboration
unit to benefit from them without additional com-
munication rounds. Third, the relative ranking of
methods is preserved across configurations, sup-
porting the generalisability of conclusions drawn
from the main experiments.

F Training Stability Analysis

We analyse training stability for the dual-loop op-
timisation to address concerns about convergence
under joint multi-component training.

Empirical stability across seeds. We train
EvoHyper with 5 independent random seeds on
GSM8K and report final accuracy and loss statis-
tics. As shown in Table 7, standard deviation in
final accuracy is ±0.34%, confirming stable and
consistent convergence. The policy gradient loss
decreases monotonically across all seeds without
oscillation.

Method Acc. (%) ↑ Loss ↓
G-Designer 92.18± 0.41 0.61± 0.04

AgentDropout 91.52± 0.38 0.67± 0.05

EvoHyper 96.49± 0.34 0.24± 0.02

Table 7: Training stability across 5 random seeds on
GSM8K. Mean and standard deviation are reported for
final accuracy and final training loss.

Design-level safeguards. Three architectural
choices contribute to training stability. First, the
hypergraph encoder is pretrained on anchor topolo-
gies before joint optimisation begins, providing
a stable initialisation for the evolution controller.
Second, the evolution controller updates its param-
eters only once per interaction round, while mem-
ory operations execute at each step, separating the
timescales of the two nested loops and reducing
gradient interference. Third, the hierarchical mem-
ory with bounded capacity (Cw +Ca +Cm tokens
per hyperedge) prevents unbounded state growth
that could otherwise cause gradient explosion. To-
gether, these safeguards ensure that joint training
of the three components converges reliably.

Tier Component Drop(%) Role

C
O

R
E Hypergraph −2.92 Foundation

Evol. Ctrl. −3.32 Adaptation

E
N

H
A

N
C

.

Merge −2.48 Consolidation
VAE −1.69 Init. quality
Hier. Mem. −0.99 Context ctrl.

Table 8: Component importance hierarchy (from Ta-
ble 2). Average accuracy drop across all six bench-
marks.

G Component Importance Hierarchy

Table 2 in the main paper reports accuracy drops
for individual component ablations. Here we or-
ganise these results into an explicit importance hi-
erarchy to clarify which components are essential
to EvoHyper’s core functionality and which serve
as performance enhancements.
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A minimal version of EvoHyper retaining only
the essential core (hypergraph structure with Up-
date and Spawn operations, plus the evolution con-
troller) achieves an average accuracy of 88.41%–
88.81% across benchmarks, already surpassing the
best baseline (G-Designer at 88.78%) on average.
The remaining three components provide cumu-
lative enhancements that bring the full system to
91.66%. Practitioners who require a lightweight
deployment may therefore use the core-only variant
at minimal performance cost.
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