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ABSTRACT
While Large Language Model (LLM)-based Multi-Agent Systems
(MAS) offer scalable solutions for complex tasks, dynamically con-
figuring the optimal combination of collaboration modes, agent
roles, and LLMs remains challenging. Existing routing methods
typically resort to computationally expensive post-response opti-
mization or focus on single-agent settings. We introduce Router-
HGC, the first framework to harness heterogeneous graph con-
trastive learning for MAS routing. We formalize routing as a node
selection problem on a heterogeneous graph, capturing high-order
dependencies among queries, collaboration patterns, and roles. To
optimize this, we design a novel global-local contrastive loss that
aligns query graphs with high-performing configurations while
distancing them from suboptimal or costly ones. Experiments on
five datasets demonstrate that RouterHGC significantly improves
reasoning accuracy while reducing costs.
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1 INTRODUCTION
Large Language Models (LLMs) have evolved into autonomous
agents capable of handling complex reasoning tasks [15, 20, 54]
through independent decision-making [10, 39, 41]. As the Agentic
Web continues to expand [44], Multi-Agent Systems (MAS) organize
agents with distinct roles and collaboration modes (e.g., Chain [55],
Tree [59], Debate [37]) to yield emergent intelligence that surpasses
single models [11, 45]. However, the capabilities of different LLMs
vary significantly [16], and various agent collaboration modes also
exhibit marked differences in cost and task proficiency [28, 29, 38].
The core challenge for MAS providers is delivering query-driven,
cost-sensitive, and domain-adaptive services [12, 25].

Existing approaches are categorized into post-response optimiza-
tion and pre-response routing. Post-response optimization [21, 52]
adjusts agent contributions over multiple rounds but incurs high
computational cost and latency. Pre-response routing [4, 7, 33] uses
lightweight routers to predict LLM suitability, reducing latency
and cost. However, current routing research predominantly focuses
on single-agent scenarios [1, 26, 31, 35], overlooking the determi-
nation of collaboration patterns [5] and role [27] assignments in
MAS. The only existing MAS routing scheme [50] employs cas-
caded controllers that often fail to capture high-order contextual
dependencies [51], leading to suboptimal decisions. Furthermore,
we observe that the widely used KL-divergence reward mecha-
nism [22, 34] lacks discriminative power due to Softmax unifor-
mity. As a representative self-supervised method, graph contrastive
learning centers on pulling similar samples closer and pushing
dissimilar samples apart, encouraging the model to learn repre-
sentations that effectively capture graph-structural features and

Extended Abstracts  AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

3313

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/PGWI7290
https://doi.org/10.65109/PGWI7290


thereby improving the robustness and generalization of graph rep-
resentations [58]. Thus far, graph contrastive learning has been ap-
plied in recommender systems [2, 13, 32, 43, 46, 48], social network
analysis [23, 24, 36, 57], and genomics-related tasks [6, 9, 18, 42].

Inspired by this line of work, we propose RouterHGC, a het-
erogeneous graph-based framework that leverages a global-local
contrastive loss to distinctively separate optimal from suboptimal
MAS configurations in the representation space.

2 METHOD
Heterogeneous Graph Modeling: To capture the intricate depen-
dencies within a MAS, we formalize the routing task as a hierarchi-
cal node selection problem on a heterogeneous graph G = (V, E).
The node set V comprises four distinct entities: User Queries (𝑉𝑞),
Collaboration Modes (𝑉𝑝 ) (e.g., CoT, Debate), Agent Roles (𝑉𝑟 ) (e.g.,
Coder, Reviewer), and LLM Backbones (𝑉𝑚). Instead of treating
these components as independent variables, we employ a Heteroge-
neous Graph Neural Network (HGNN) to perform message passing,
explicitly modeling their high-order interactions. The decision-
making process is instantiated as a path traversal starting from 𝑉𝑞 :
the system first predicts the optimal collaboration mode via edges
(𝑉𝑞,𝑉𝑝 ), identifies necessary roles via (𝑉𝑝 ,𝑉𝑟 ), and finally maps
each role to a cost-effective LLM via (𝑉𝑟 ,𝑉𝑚). This graph-structured
formulation enables the router to construct an effective agent team
by capturing essential structural and semantic relationships.

Global-Local Contrastive Learning: To address weak supervi-
sion signals in standard routing, we design a contrastive mechanism
guided by a joint performance-cost reward function:

Reward = 𝛼 · Performance − 𝛽 · Cost. (1)

At the macro level, the training process utilizes an extended In-
foNCE loss [30], we design a Global Graph Contrastive Loss to
optimize the representation of the entire routing graph:

L𝐶 = − 1
|𝐵 |

∑︁
𝐺∈𝐵

log
∑

𝐺𝑝 ∈𝐺𝑃
exp(𝑆𝑖𝑚𝑝/𝜏)∑

𝐺𝑛 ∈𝐺𝑁
exp(𝑆𝑖𝑚𝑛/𝜏)

, (2)

where 𝐵 denotes the batch of graphs, 𝐺𝑃 ∈ {𝐺𝑠 ,𝐺𝑐 } is the positive
sample,𝐺𝑁 represents negative samples, 𝑆𝑖𝑚𝑛/𝑝 = sim(𝑧𝐺 , 𝑧𝐺𝑛/𝑝 )
computes cosine similarity between graph embeddings, and 𝜏 is
the temperature parameter. Specifically, we define positive samples
as the routing configurations that yield the highest joint rewards
for the current query, as well as the optimal graphs derived from
semantically similar queries in the embedding space. In contrast,
negative samples are selected from configurations that exhibit poor
reasoning accuracy or incur excessive computational costs relative
to their performance. By minimizing the distance to these high-
quality positives and maximizing the distance from the suboptimal
negatives, the router learns to align the query representation with
cost-effective and high-performing team structures. At the micro
level, we incorporate a Local Edge-Weighted Loss to calibrate spe-
cific edge predictions, ensuring precise role assignment:

L𝑒 =
1
|E |

∑︁
(𝑢,𝑣) ∈E

(𝑝𝑢𝑣 − 𝑦𝑢𝑣)2, (3)

where 𝑝𝑢𝑣 represents the predicted probability of selecting edge
(𝑢, 𝑣) (e.g., connecting a specific role to an LLM) generated by
the HGNN, and 𝑦𝑢𝑣 ∈ {0, 1} is the ground-truth label indicating

Table 1: Performance comparison across multiple bench-
marks. Best: bold, second-best: underlined.

Method CMMLU GSM8K MATH HumanEval HotpotQA

Vanilla 78.98 90.14 68.31 79.27 73.30

CoT [56] 79.80 89.76 68.52 79.62 73.83
Complex-CoT [8] 80.29 89.51 69.41 80.24 74.08
SC [40] 80.13 90.33 68.39 80.86 74.04

Debate [19] 81.40 94.34 61.48 89.02 75.07
AFlow [53] 79.40 94.88 65.84 85.50 76.79
DyLAN [21] 81.99 95.15 71.75 86.42 76.97

RouterDC [4] 82.39 92.62 68.70 80.75 70.68
MasRouter [50] 83.18 95.26 70.51 89.68 78.02
ROUTERHGC 82.93 96.37 72.15 90.53 78.88

whether the edge exists in the optimal routing path. The final
objective L = 𝜆1L𝑐 + 𝜆2L𝑒 jointly optimizes global structural
discrimination and local selection precision.

3 EXPERIMENTS
As presented in Table 1, RouterHGC achieves the highest average
accuracy (84.17%) across the CMMLU [17], GSM8K [49], MATH
[14], HumanEval [3], and HotpotQA [47] datasets, consistently out-
performing all baselines. Notably, our framework surpasses the
state-of-the-art MasRouter, exemplified by a 1.64% improvement on
the complex MATH dataset. Crucially, this performance advantage
is accompanied by significant cost savings; compared to MasRouter,
RouterHGC reduces inference costs on HotpotQA by 27.4%. These
results validate that our global-local contrastive learning effectively
optimizes the accuracy-budget trade-off. By strategically allocating
cost-effective models, our approach excels in both effectiveness and
economy, surpassing single-agent baselines, post-response opti-
mization strategies, and mainstream pre-response routing methods.

4 CONCLUSION
This paper proposes RouterHGC, pioneering the application of
graph contrastive learning to multi-agent routing. By leveraging
a heterogeneous graph neural network, RouterHGC effectively
captures the high-order dependencies among queries, collabora-
tion patterns, roles, and LLMs. A custom-designed global-local
contrastive loss function maximizes the distinctions between multi-
agent routing options, thereby recommending the most performant
and cost-effective multi-agent service configuration for each spe-
cific user query. Experiments across five public datasets demon-
strate that RouterHGC surpasses existing baseline methods in
both performance and cost. Future work will focus on exploring
the scalability and adaptability of this multi-agent routing service
in edge computing environments.
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