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Abstract

Leveraging powerful planning and reasoning
capabilities, Large Language Models (LLMs)-
driven Multi-Agent Systems (MAS) have
demonstrated remarkable scalability and gen-
eralizability across complex tasks. However,
dynamically routing the optimal combination
of agents and collaboration modes for a given
query to balance performance and cost remains
challenging. To address the limitation of prior
work, which focuses on single-agent settings
and overlooks collaborative structures and role
assignment in MAS, we propose ROUTER-
HGC, the first heterogeneous graph contrastive
learning framework for MAS routing. We
formalize routing as node selection through
edge-weight prediction on a heterogeneous
graph whose node types include user queries,
collaboration modes, agent roles, and LLMs,
with message passing capturing their high-
order dependencies. We further design a novel
global–local contrastive loss function to jointly
optimize graph-level representations and edge-
level selections, pulling each query graph to-
ward high-performing positives while pushing
it away from underperforming or costly neg-
atives. Experiments on five public datasets
covering mathematical reasoning, code genera-
tion, and knowledge question answering show
that ROUTERHGC outperforms the best single
LLM and baselines, achieving 0.8%–6.17% ac-
curacy gains on MATH and HotpotQA while
reducing inference cost by 27.40%.

1 Introduction

As general-purpose and domain-specific Large Lan-
guage Models (LLMs) evolve, their reasoning and
planning capabilities enable their deployment as
autonomous agents (Xi et al., 2025; Tuyls, 2023).
However, single agents are increasingly inadequate
for complex, real-world tasks due to two primary
constraints. First, limited context windows hinder
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the orchestration of long-horizon workflows. In
software design, for instance, a solitary agent can-
not independently manage the full lifecycle, which
encompasses requirements analysis, system design,
implementation, testing, and maintenance. These
distinct stages demand a modular and decoupled
execution strategy. Second, distinct model archi-
tectures and data distributions result in uneven ca-
pability profiles. For example, InternLM3 excels
at Chinese QA, whereas Qwen2.5-Math dominates
mathematical reasoning. Since no single model
reigns supreme, relying on a monolithic agent lim-
its performance. To overcome these bottlenecks,
Multi-Agent Systems (MAS) offer a robust solu-
tion. By organizing collaboration in chain-based
(Zhang et al., 2024b), tree-structured (Zu et al.,
2025), or debate-oriented (Sun et al., 2025) modes
and leveraging specialized models, MAS aggre-
gates complementary strengths to yield emergent
collective intelligence (Guo et al., 2024).

As the Agentic Web expands (Yang et al., 2025),
user queries span highly diverse domains, ranging
from mathematical reasoning (Lei et al., 2024) and
text generation (Zhang et al., 2025c) to code syn-
thesis (Lin et al., 2025). While MAS provides the
framework to solve these tasks, the sheer variety of
available models and interaction patterns compli-
cates the optimization of system performance. The
largest-parameter model is not always the most
efficient choice (Lepagnol et al., 2024), and in-
tricate multi-agent collaboration is not necessar-
ily superior to straightforward workflows for sim-
pler queries (Tran et al., 2025; Radke et al., 2023;
Pan et al., 2025). Given the marked variation in
cost profiles and task proficiencies among LLMs,
static configurations often fail to maximize effi-
ciency. Consequently, the primary challenge for
MAS service providers is to dynamically configure
query-driven, cost-sensitive, and domain-adaptive
services. Such configurations must intelligently
route tasks to the optimal combination of agents
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to balance performance with cost, thereby meeting
personalized user needs in a scalable manner.

To address the above issues, existing approaches
fall into post-response optimization and pre-
response routing. Post-response optimization meth-
ods (Zhang et al., 2024a; Liu et al., 2024) aim
to evaluate each agent’s contribution and then ad-
just dynamically over multiple rounds until the re-
sponse is deemed sufficient. However, this strategy
consumes substantial compute during inference and
significantly increases latency. Pre-response rout-
ing methods (Feng et al., 2025; Song et al., 2025;
Chen et al., 2024) build routers to predict whether
an LLM is likely to provide an answer that satis-
fies the user’s needs, recommending an appropriate
LLM for each query in a single step without re-
peated inference-and-evaluation cycles. This mini-
mizes latency and inference cost because no model
needs to generate a response before the routing
decision is made. Nevertheless, current routing re-
search largely focuses on single-agent scenarios,
overlooking the determination of collaboration pat-
terns and role assignment in MAS, and thus cannot
be directly extended to MAS settings. The only
multi-agent routing scheme (Yue et al., 2025) uses
a cascaded controller network to determine collabo-
ration mode layer by layer, assign roles, and select
LLMs, constructing a MAS that balances efficiency
and effectiveness. However, the sequential nature
of stepwise cascaded frameworks often leads to
disjointed routing stages, resulting in myopic de-
cisions that overlook downstream capability-cost
constraints. For instance, a router might select a
reasoning-intensive Debate mode for a query with-
out anticipating downstream resource limits, forc-
ing a fallback to weaker models and degrading
overall performance. Furthermore, relying solely
on variational latent models and multinomial dis-
tributions (Zhang et al., 2025a) offers a simplistic
representation of collaboration patterns and LLMs.
Such methods fail to capture high-order contex-
tual information among user queries, collaboration
modes, agent roles, and LLMs, making it difficult
to mine intricate latent dependencies and inevitably
leading to suboptimal routing decisions.

To remedy these limitations, we propose
ROUTERHGC, which represents user queries, col-
laboration modes, agent roles, and LLMs as nodes
in a heterogeneous graph, with their interactions
modeled as edges. By leveraging the message-
passing mechanism of Graph Neural Networks,
ROUTERHGC captures intricate contextual depen-

dencies among heterogeneous nodes and identifies
the synergistic effects of holistic configurations,
effectively breaking the constraints of stage-wise
independence. Furthermore, during router training
we observed that the widely used reward mecha-
nism (Lu et al., 2023)-minimizing the KL diver-
gence between routing scores and LLM selection
probabilities offers limited discrimination when
multiple multi-agent routing scores are close, be-
cause Softmax normalization yields relatively uni-
form selection probabilities. To this end, we design
a novel global-local contrastive loss based on het-
erogeneous graph contrastive learning: a global
graph contrastive loss encourages the router to
learn the full-graph structure corresponding to the
optimal configuration in a high-dimensional fea-
ture space, while a local edge loss calibrates and
aligns the selection probabilities on each key edge.
By pulling the query graph closer to positive sam-
ples and pushing it away from poorly performing
or overly costly negatives, we maximize the mutual
information between the user query and the opti-
mal routing configuration in representation space,
while clearly separating it from suboptimal config-
urations, thereby improving routing decisions.

Our contributions are summarized as follows:

• We propose ROUTERHGC, the first frame-
work to model MAS routing as a heteroge-
neous graph node selection task. It unifies
queries, collaboration patterns, role and LLMs
in a shared graph space, captures high-order
dependencies via message passing for precise,
context-aware routing.

• We design a novel global-local contrastive loss
that jointly optimizes graph-level representa-
tions and edge-level selections. This mech-
anism dynamically aligns queries with high-
performance configurations while suppressing
costly negatives, effectively balancing system
accuracy and inference efficiency.

• We conduct extensive experiments on five pub-
lic datasets spanning mathematical reason-
ing, code generation, and QA, demonstrat-
ing that ROUTERHGC consistently outper-
forms strong baselines, including top-tier sin-
gle LLMs and the SOTA MAS router. Specif-
ically, our approach boosts average accuracy
by 0.80%–6.17% across all tasks while simul-
taneously reducing inference costs by 27.40%
on datasets like MATH and HotpotQA.
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Figure 1: The workflow of ROUTERHGC for routing multi-agent configurations to diverse user queries.

2 Method

We introduce ROUTERHGC, a multi-agent router
based on heterogeneous graph contrastive learn-
ing. Figure.1. illustrates how ROUTERHGC routes
multi-agent configurations for different queries.

2.1 Heterogeneous Graph Modeling for
Multi-Agent Routing

Given a training dataset Dtrain = {(xi, yi)}Ni=1,
where xi is a user query and yi is the ground-truth
response. we define three structured sets to cap-
ture the heterogeneity of MAS configurations: the
pool of collaboration patterns P = {pj}Np

j=1 (e.g.,
Chain, Debate), the set of specialized agent roles
R = {rk}Nr

k=1 (e.g., Programmer), and the avail-
able LLMs M = {ml}Nm

l=1, where Np, Nr, and
Nm denote the total number of patterns, roles, and
models, respectively.

To uncover the latent relationships among
queries, collaboration patterns, agent roles, and
LLMs, we model the entire system as a heteroge-
neous graph G = (V, E), where the node set V ,
where the node set V , comprising four types of
nodes, is defined as:

V = Vq ∪ Vp ∪ Vr ∪ Vm. (1)

The edge set E models hierarchical dependencies
within the MAS configuration. We define three re-
lation types: Query-to-Pattern edges (Eqp), Pattern-
to-Role edges (Epr), and Role-to-LLM edges (Erm).
The complete edge set is given by:

E = Eqp ∪ Epr ∪ Erm. (2)

We formalize MAS routing as node selection on
a heterogeneous graph. This graph acts as a deci-
sion space, with nodes representing queries, col-
laboration modes, roles, and LLMs. Edges encode
learned dependencies between them. The decision
process is a traversal starting from the query node,
guided by the highest-probability edges. Specifi-
cally, the system selects the optimal edge in Eqp
to choose a collaboration mode. It then uses the
top-K edges in Epr to identify roles. Each role is
mapped to an LLM via the optimal edge in Erm.
The process thus constructs an optimal subgraph,
whose structure defines the system configuration.

Considering the inherent differences among
queries, collaboration patterns, agent roles, and
LLMs, we design two distinct strategies for node
feature initialization. ➊ Direct Initialization (for
Vq and Vr): Since user queries and agent role defi-
nitions are inherently expressed in natural language,
we directly leverage their textual content. Specifi-
cally, we employ a pre-trained BERT model to en-
code the query text xi and the role-specific prompts.
The final node embeddings are obtained by averag-
ing the output sequence of token embedding vec-
tors. ➋ Indirect Initialization (for Vp and Vm):
As collaboration patterns and LLMs lack direct
textual descriptions, we adopt a generation-based
approach. We utilize an advanced LLM (e.g., Gem-
ini 2.5 Pro) to generate comprehensive descriptions
of the collaboration topologies and model capabil-
ities via designed prompts. For LLM nodes, we
explicitly append inference cost statistics to these
descriptions. Finally, the augmented descriptive
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text is encoded using the BERT model to produce
the node embeddings.

Our router leverages a heterogeneous graph to
capture the complex interactions among nodes.
During message passing, information propagates
over multiple hops, enabling the model to iden-
tify cross-hierarchical and high-order contextual
dependencies that are challenging for simple linear
models or cascaded controllers to uncover.

We denote hρ,kv as the feature vector of current
node v of type ρ ∈ {q, p, r,m} at the k-th layer,
and Nr(v) as the set of neighbor nodes of v under
edge type µ ∈ {qp, pr, rm}. The ReLU function
is selected as the nonlinear activation function σ,
while β

(k)
µ and W

(k)
µ represent the learnable pa-

rameters. Let ϕ(k)
µ (v) = Eu∼Nµ(v)[W

(k)
µ hη,k−1

u ]
represent the aggregated message, where η is the
target node type. Nodes update via:

hρ,kv = σ

(
hρ,k−1
v +

∑

µ=η→ρ

β(k)
µ ϕ(k)

µ (v)

)
. (3)

Then we obtain the representation z through the
projection head.

2.2 Optimal Graph Ordering for Joint
Performance–Cost Optimization

To train the multi-agent routers, we must rank the
configurations saved from each training epoch to
identify the optimal routing graph for a given query
under a joint performance-cost optimization. We
define the reward of a multi-agent routing configu-
ration on query xi as follows:

Rt
i = α× P t

i − β × Ct
i . (4)

Here, P t
i and Ct

i represent the performance and
cost of the t-th multi-agent configuration on query
i, with α and β as weight coefficients. The con-
figuration behavior is governed by the task type
indicator θi, which determines both the evaluation
protocol and answer generation strategy:

P t
i =





Prec(ŷti , yi) θi = 0,

I{ŷti = yi} θi = 1,

exec(ŷti) θi = 2.

(5)

For open-ended, multi-word generation tasks
(e.g., HotpotQA) where θi = 0, we perform M
stochastic samplings by feeding input xi repeatedly
to the MAS, yielding outputs {ŷti,m}Mm=1. Each
output is tokenized at word level and compared

against ground-truth yi, with precision computed as
Prec(ŷli, yi) = (1/M)

∑M
m=1 prec(ŷli,m, yi) where

prec(ŷ, y)=TP/(TP + FP). For exact-match tasks
like mathematical reasoning (e.g., MATH) and
multiple-choice QA (e.g., CMMLU) where θi = 1,
performance is binary: I{ŷti = yi} returns 1 only
for perfect matches. Finally, code generation tasks
(θi = 2) evaluate functional correctness through
exec(ŷti), which returns 1 if the generated program
passes all unit tests.

To normalize the cost Ct
i incurred by a multi-

agent configuration when processing query xi, we
adopt a min–max normalization approach:

Ct
i =

Ct
i −mink∈[1,T ],j∈[1,I]Ck

j

maxk,j C
j
k −mink,j C

j
k

. (6)

Here, maxk,j C
j
k denotes the global maximum

cost obtained by traversing all queries (j = 1 to I)
and all multi-agent routing configurations (k =
1 to T ), while mink,j C

j
k represents the correspond-

ing global minimum cost.
We arrange the multi-agent team scores for each

query in descending order {Rt
i : t = 1, . . . , T ; i =

1, . . . , N}, thereby providing a reference standard
for subsequent contrastive learning.

2.3 Global–Local Contrastive Loss Function
We design a global–local contrastive loss to en-
able end-to-end training of multi-agent routing by
jointly optimizing the graph-level global represen-
tation and the edge-level local selections. As shown
in Figure.2. The global contrastive loss operates
on the entire heterogeneous graph, aiming to shape
ROUTERHGC’s global awareness in the represen-
tation space—optimizing the cooperative utility of
routing in high-dimensional features from a macro-
scopic perspective and ensuring the effectiveness
of the overall multi-agent configuration. The local
edge loss imposes fine-grained constraints on ev-
ery relation (edge) in the graph, with the goal of
calibrating and aligning the selection probability of
each critical edge. The combination of the global
and local losses effectively prevents the model from
overfitting to local relations and falling into subopti-
mal solutions, while also avoiding gradient sparsity
and optimization difficulties that can arise when
relying solely on global signals.

The global graph contrastive loss follows the
principle of contrastive learning: it pulls the in-
put graph closer to positive samples in the repre-
sentation space while pushing it away from nega-
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Figure 2: Training and Inference of ROUTERHGC via heterogeneous graph contrastive learning.

tive samples. For the multi-agent routing task, we
aim for the query-driven routing graph to approach
high-quality positive graphs and to be distant from
underperforming or overly costly negative graphs,
thereby guiding the model toward the routing con-
figuration with the highest score.

To achieve this, for each query we construct
two types of positive samples and multiple types
of negative samples. Concretely, we apply K-
means++ clustering to the embeddings of user
queries to group semantically similar queries into
the same cluster (with nclusters = 5). On this
basis, for an input graph G, we define its posi-
tive set as {Gs, Gc}, where Gs contains |G|s top-
ranked optimal graphs obtained by joint perfor-
mance–cost ranking, and Gc contains |G|c optimal
graphs drawn from queries in the same cluster.

To exploit cross-domain sample, we define the
negative set GN by selecting worst-ranked graphs
from each domain cluster. The repulsive signal
provided by these multi-class, cross-domain nega-
tives yields stronger gradients and clearer decision
boundaries in the embedding space, improving rout-
ing accuracy and robustness. We train the router
by minimizing the distance between the ROUTER-
HGC output graph and the positive graphs, while
maximizing its distance to the negatives.

The training process utilizes an extended In-
foNCE loss (Rusak et al., 2024). The global graph
contrastive loss is defined as:

LC=− 1

|B|
∑

G∈B
log

∑
Gp∈GP

exp(Simp/τ)∑
Gn∈GN

exp(Simn/τ)
, (7)

where B denotes the batch of graphs, GP ∈
{Gs, Gc} is the positive sample, GN represents
negative samples, Simn/p = sim(zG, zGn/p) com-
putes cosine similarity between graph embeddings,
and τ is the temperature parameter.

The edge-level loss aims to finely calibrate the
selection probability of each edge in the graph,
ensuring that it approximates the Bernoulli distri-
bution of the optimal graph (where the existence
of an edge is 1, and its absence is 0). Specifically,
for each edge euv in the graph, the feature vectors
hu and hv obtained from the encoder for the end-
point nodes u and v are concatenated and mapped
through a two-layer MLP to produce the unnormal-
ized edge score:

e′uv = W2ReLU
(
W1[hu∥hv] + b1

)
+ b2, (8)

where [hu∥hv] denotes vector concatenation,
W1 ∈ Rd×2d and W2 ∈ R1×d are learnable
weight matrices, and b1, b2 are bias vectors. Based
on the edge score e′uv, we apply the Softmax func-
tion over all candidate edges connected to node u
(denoted by Eu) to obtain the selection probability:

puv = softmax(e′uv) =
exp (e′uv)∑

e′uv∈Eu exp (e
′
uv)

. (9)

The local loss is defined as the mean squared
error between the predicted edge probability and
the optimal-graph label yuv ∈ {0, 1}:

Le =
1

|E|
∑

euv∈E
(puv − yuv)

2. (10)
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Finally, the overall loss function of the model is
formulated as a weighted combination of the global
contrastive loss and the local edge loss. We opti-
mize the HGNN parameter set Θ = {(Wr, βr)}∀r
via the joint objective:

min
Θ

L(Θ)=λ1Lc

(
z(G; Θ)

)
+λ2Le

(
puv; Θ

)
. (11)

Here, λ1 and λ2 are hyperparameters that control
the relative weights of the global and local losses.

2.4 Workflow Instance Process
ROUTERHGC employs a two-tier coordination
mechanism for workflow instantiation. The first tier
uses meta-programming templates to define canoni-
cal interaction topologies, mapping patterns such as
Chain, Debate, and Tree of Thought to correspond-
ing structures like linear sequences, fully connected
graphs, and hierarchical trees, respectively. Based
on this structural scaffold, a semantics-driven role
mapping mechanism instantiates the workflow by
allocating selected role nodes into predefined logi-
cal slots, based on their functional descriptions in
the Role Profile.

During this process, node ordering is governed
by semantic attributes, while conflicts among roles
of the same type are resolved according to their
edge weights, with the highest-weighted node re-
tained as the primary reasoning unit and the others
treated as auxiliary or pruned. In parallel or hy-
brid topologies, the system differentiates peer roles
from coordinating ones: generative peer roles are
mapped as equivalent nodes, whereas coordination-
oriented roles are assigned to central aggregation
points. This design ensures that each agent operates
within its semantically defined functional scope, in
strict accordance with the predefined interaction
topology.

3 Experiments

To evaluate the ROUTERHGC model, we conduct
a comprehensive series of experiments, includ-
ing performance comparisons with multiple base-
line models, ablation studies, and analyses of the
model’s adaptability and generalization capability.

3.1 Experimental Setup
Datasets: To evaluate ROUTERHGC’s general-
ization across diverse tasks and domains, we con-
structed a mixed corpus sampling five represen-
tative benchmarks: GSM8K(Yu et al., 2023b),
MATH(Hendrycks et al., 2021), HumanEval(Chen

et al., 2021), CMMLU(Li et al., 2023), and Hot-
potQA(Yang et al., 2018). These datasets collec-
tively cover three categories of tasks: mathematical
reasoning, code generation, knowledge question
answering, thereby enabling a comprehensive as-
sessment of the router’s cross-domain adaptability
and agent coordination capability.

Collaboration Mode Pool: We incorporates 7
classic collaboration modes: I/O, CoT(Zhang et al.,
2023), SC(Wang et al., 2023), ToT(Qian et al.,
2025), Chain(Qian et al., 2025), Reflection(Shinn
et al., 2023), and Debate(Liang et al., 2024).

Agent Role Pool: Centered around domains
including mathematical reasoning, code genera-
tion, general knowledge, and scientific question-
answering, we have designed five major role types
based on core functionalities. Each type is fur-
ther instantiated into multiple specialized agents
equipped with dedicated skills and tools, totaling
30 distinct agents. Through such fine-grained role
specialization, the MAS is capable of addressing
complex, cross-domain tasks in a modular and
expert-driven manner.

LLM Pool: We have built a LLM pool, compris-
ing seven LLMs (InternLM3-8B-Instruct, Qwen3-
8B, DeepSeek-R1-Distill-Llama-8B, Qwen2.5-7B-
Instruct, Qwen2.5-Math-72B-Instruct, Qwen2.5-
Coder-7B-Instruct, and Meta-Llama3-8B-Instruct)
across three major categories with different func-
tional orientations. These models show significant
differences in performance levels, functional exper-
tise, and resource consumption characteristics.

Baseline: To thoroughly assess the comprehen-
sive capabilities of ROUTERHGC across various
domains, we compare it against four categories of
baseline methods. These include a Vanilla baseline,
which represents the most basic I/O inference ap-
proach using all seven backbone LLMs from our
model pool without any specific reasoning strat-
egy optimization. We also evaluate against es-
tablished reasoning techniques, categorized into
Single-Agent Reasoning methods (CoT (Zhang
et al., 2023), ComplexCoT (Fu et al., 2023), and
SC (Wang et al., 2023)) and multi-agent Reasoning
frameworks (Debate (Liang et al., 2024), AFlow
(Zhang et al., 2025b), and DyLAN (Liu et al.,
2024)). It is worth noting that we tested both the
homogeneous LLM-based scheme and the hetero-
geneous LLM-based scheme for the multi-agent
reasoning frameworks. Finally, we benchmark
against state-of-the-art Agent Routing approaches,
covering both the single-agent routing method Rou-
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Method LLM Mul. Rout. CMMLU GSM8K MATH HumanEval HotpotQA Avg.

Vanilla

Qwen3-8B ✗ ✗ 78.98 90.14 68.31 79.27 73.30 78.00
InternLM3-8B-Ins ✗ ✗ 82.77 80.36 61.84 76.22 65.47 73.33
DS-R1-Distill-8B ✗ ✗ 72.32 71.23 45.88 70.12 58.19 63.55
Llama-3-8B-Ins ✗ ✗ 44.39 79.62 31.60 63.58 28.55 49.55
Qwen2.5-7B-Ins ✗ ✗ 70.17 72.25 41.77 72.84 62.17 63.84

Qwen2.5-M-72B-Ins ✗ ✗ 71.05 91.43 68.89 71.34 61.28 72.80
Qwen2.5-C-7B-Ins ✗ ✗ 32.21 62.24 23.87 78.83 37.55 46.94

CoT Qwen3-8B ✗ ✗ 79.80 89.76 68.52 79.62 73.83 78.31
Complex-CoT Qwen3-8B ✗ ✗ 80.29 89.51 69.41 80.24 74.08 78.71
Self-Consistency Qwen3-8B ✗ ✗ 80.13 90.33 68.39 80.86 74.04 78.75

Debate Qwen3-8B ✓ ✗ 81.40 94.34 61.48 89.02 75.07 80.26
AFlow Qwen3-8B ✓ ✗ 79.40 94.88 65.84 85.50 76.79 80.48
DyLAN Qwen3-8B ✓ ✗ 81.99 95.15 71.75 86.42 76.97 82.47

Debate LLM Pool ✓ ✗ 81.84 94.67 62.85 89.27 75.47 80.82
AFlow LLM Pool ✓ ✗ 79.68 94.31 66.74 85.21 76.33 80.45
DyLAN LLM Pool ✓ ✗ 82.18 95.20 71.98 86.66 77.36 82.68

GraphRouter LLM Pool ✗ ✓ 81.19 90.70 66.59 79.25 69.16 77.38
RouterDC LLM Pool ✗ ✓ 82.39 92.62 68.70 80.75 70.68 79.03
MasRouter LLM Pool ✓ ✓ 83.18 95.26 70.51 89.68 78.02 83.37
ROUTERHGC LLM Pool ✓ ✓ 82.93 96.37 72.15 90.53 78.88 84.17

Table 1: Performance comparison across multiple benchmarks. ✓= multi-agent capability, ✗= single-agent. Best:
bold, second-best: underlined.

terDC (Chen et al., 2024), GraphRouter (Feng et al.,
2025), and the multi-agent routing method Mas-
Router (Yue et al., 2025).

Further details on dataset training and valida-
tion, as well as the full configurations of the MAS
collaboration mode, agent role, and LLM pools,
are available in Appendix B. Prompt templates are
provided in Appendix D.

3.2 Main Results Analysis
To ensure a fair comparison, we strictly standard-
ized the environment (including prompt libraries,
mode sets, and LLM pools) across all baselines,
fixing hyperparameters at Temperature=0.5 and
K = 5. As shown in Table 1, our proposed
ROUTERHGC framework achieves the highest av-
erage accuracy (84.17%) among all tested methods.
Its performance advantage stems from a deep in-
tegration of routing mechanisms and multi-agent
systems.

Experimental results underscore the inherent
limitations of static single-model baselines(e.g.,
Qwen3-8B, 78.00%) and prompt engineering (e.g.,
Complex-CoT, 78.71%), which struggle to han-
dle complex task distributions efficiently. While
multi-agent ensembles like DyLAN (82.47%) im-
prove robustness through output diversity and
routing-only methods like RouterDC (79.03%) op-
timize task dispatching, each approach remains

constrained—either by redundancy or a lack of
collaborative error correction. The heterogeneous
model setup yields performance improvements in
certain scenarios (e.g., Debate and DyLAN). This
is because distinct models possess varying param-
eter distributions and training focuses; thus, intro-
ducing heterogeneous models into multi-agent col-
laborative reasoning brings in out-of-distribution
knowledge perspectives, effectively overcoming
cognitive blind spots. However, these gains are lim-
ited due to the manual assignment of heterogeneous
large language models based on specific task char-
acteristics. We even observed a slight performance
degradation in AFlow due to instruction alignment
mismatches across different models. Notably, com-
bining automated routing with multi-agent collab-
oration yields the most significant synergistic ef-
fects. ROUTERHGC achieves the highest average
accuracy (84.17%), surpassing the strongest hy-
brid baseline, MasRouter (83.37%). Specifically,
ROUTERHGC’s dominance on demanding bench-
marks such as MATH (72.15%) and HumanEval
(90.53%) validates its superior capability to cap-
ture intrinsic task properties and orchestrate agents
more effectively than existing SOTA methods.

To comprehensively evaluate the cost-
effectiveness of our proposed ROUTERHGC,
we compared it against various baseline models
and state-of-the-art multi-agent frameworks, as
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(a) MATH (b) HotpotQA

Figure 3: Comparison of testing accuracy versus total
cost for various models and multi-agent frameworks

Model Variant MATH HotpotQA
Acc. (%) ↑ Acc. (%) ↑

ROUTERHGC (Full) 72.15 78.88
w/o LC 67.21 71.32
w/o LE 61.86 65.93

w/o HGNN 52.48 57.71

Table 2: Ablation study of ROUTERHGC components.

illustrated in the Figure.3. Cost analysis focuses
on monetary expenditure (USD) based on AI
Models Pricing1, calculated via total input and
output token usage to reflect real-world expenses.
The results demonstrate that ROUTERHGC
achieves the strongest performance across all cost
brackets, and reduces inference cost on MATH and
HotpotQA by 27.40% compared with the SOTA
multi-agent routing approach. Compared to other
routing methods such as MasRouter and RouterDC,
ROUTERHGC consistently attains higher accuracy
at equivalent cost levels, validating the superiority
of our heterogeneous graph convolutional routing
strategy. The advantage of ROUTERHGC is
particularly pronounced when compared against
high-cost, high-accuracy baselines like DyLAN
and AFlow. For instance, ROUTERHGC achieves a
test accuracy comparable to that of DyLAN while
costing only approximately $6, whereas DyLAN’s
cost exceeds $11. This represents a resource
reduction of nearly 50% without compromising
top-tier performance.

RouterHGC operates as a pre-response mecha-
nism designed to minimize inference costs with-
out compromising generation quality. In high-
throughput scenarios, the one-time training over-
head is amortized across a massive volume of in-
ference requests. Once the router is trained, online
inference requires only a single GNN forward pass
without any additional search processes, rendering

1https://llm-price.com/
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Figure 4: Sensitive analysis of α, β, and λ
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Figure 5: The test accuracies with respect to |Gp| and
|GN | are presented separately on the MATH and Hotpot
datasets, where lighter colors indicate higher accuracy.

the training cost negligible over the system’s entire
lifecycle.

3.3 Ablation Studies
We performed an ablation study to assess the im-
portance of each main component in ROUTER-
HGC (Table 2), with experiments conducted on
MATH and HotpotQA datasets. The complete
model, achieving 72.15% and 78.88% accuracy,
serves as the baseline.

Removing the Global Contrastive Loss resulted
in accuracy declines of 4.94% and 7.56% on
MATH and HotpotQA, respectively, underscoring
its necessity for global planning. Further elimina-
tion of the Local Edge Loss extended the drop to
10.29% and 12.95% compared to the baseline, con-
firming the advantage of contrastive learning over
purely supervised training. The most severe degra-
dation occurred when the Heterogeneous Graph
Neural Network was removed, leading to perfor-
mance decreases of 19.67% and 21.17%, which
reveals that graph-based relational reasoning forms
the foundation of the method. These components
function synergistically, with each contributing sig-
nificantly to the overall routing accuracy.

3.4 Sensitivity Analysis
Figure.4. (a) shows the sensitivity of test accuracy
(blue line) and total cost (red line) to the penalty
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coefficient β, with α fixed to 1. As β increases, cost
decreases markedly. When β = 0.6, cost is reduced
by 46.4% (to about $6.4) while accuracy only drops
slightly by 0.7% (to about 72.3%). Beyond this
point, accuracy continues to decline.

Figure.4. (b) compares test accuracy under dif-
ferent loss weight ratios λ1:λ2. Accuracy reaches
its peak (72.15%) when λ1:λ2 = 2:1. Performance
degrades if either loss term dominates, as seen in
ratios of 10:1 (70.65%) and 1:10 (69.90%). Equal
weighting (1:1) yields 71.80% accuracy. These re-
sults illustrate the trade-off between cost efficiency
and model accuracy, and the importance of bal-
anced loss weighting for optimal performance.

To investigate how the number of positive sam-
ples |GP | and negative samples |GN | affect the test
accuracy, we conducted an experiment visualized
through a heatmap. This heatmap illustrates the
impact of selecting different numbers of positive
and negative samples on ROUTERHGC’s accuracy
across the MATH and HotpotQA datasets, with
lighter colors indicating better performance.

Our findings reveal that setting |GP | = 1 gen-
erally results in poor performance. MAS routing
possesses a vast decision space with numerous vi-
able solutions, making a single optimal graph an
inadequate positive sample. This approach not only
risks overfitting to a narrow solution but also fails
to capture the diversity of effective configurations.
Concurrently, designating all other graphs as nega-
tive samples generates a sparse learning signal at a
prohibitive computational cost.

3.5 Case Study
To intuitively reveal the internal working mecha-
nisms of ROUTERHGC, we provide an in-depth
case study that visualizes its dynamic routing deci-
sion process across five representative benchmarks.
These visualizations clearly demonstrate how the
model adaptively selects and combines different
collaboration modes according to task characteris-
tics. We refer the reader to Appendix C for more
detailed information.

4 Conclusion

This paper proposes ROUTERHGC, pioneering
the application of graph contrastive learning to
multi-agent routing. By leveraging a heteroge-
neous graph neural network, ROUTERHGC effec-
tively captures the high-order dependencies among
queries, collaboration 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 ser-
vice configuration for each specific user query.
Experiments across five public datasets demon-
strate that ROUTERHGC surpasses existing base-
line 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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A Related work

A.1 Multi-Agent Routing
Real-world queries vary in domain and difficulty,
while LLMs differ markedly in cost, pre-training
data, and task preferences. Consequently, a static,
fixed agent configuration cannot satisfy the need
for dynamic and flexible services (Mei et al., 2025;
Hammond et al., 2025). To this end, agent rout-
ing aims to tailor an optimal configuration to
each query—based on its domain characteristics
and complexity—to balance system performance
against computational cost (Chen et al., 2024).

LLM routing strategies for single-agent systems
(Stripelis et al., 2024) have advanced from early
binary classifiers (Shnitzer et al., 2023) to more
sophisticated cascaded (Chen et al., 2023a) and pre-
dictive frameworks (Mohammadshahi et al., 2024).
These methods leverage techniques such as collabo-
ration between large and small models (Ding et al.,
2024) and personalized preference routing (Ong
et al., 2024) to jointly optimize resource allocation
for improved cost-effectiveness.

Research on routing for multi-agent systems is
still in its infancy. MasRouter (Yue et al., 2025)
was the first to formalize the multi-agent routing
problem and to demonstrate, via a cascaded control
network, the feasibility of dynamic, hierarchical
routing within MAS. However, given the inher-
ent heterogeneity of MAS, simplified probabilistic
models can lead to suboptimal routing decisions.
User queries, collaboration patterns, agent roles,
and LLMs are not independent; rather, they form
a tightly coupled, complex graph network. This
limitation motivates us to explicitly model the in-
tricate contextual relationships among these het-
erogeneous entities using a more powerful graph
representation learning framework.

A.2 Graph Contrastive Learning
Standard supervised learning paradigms—such as
directly predicting routing scores (Lu et al., 2023;
Srivatsa et al., 2024)—often result in many differ-
ent routing configurations yielding very similar per-
formance scores. This constitutes a relatively weak
reward signal, blurring the model’s decision bound-
aries and making it difficult to learn representations
with sufficient discriminative power. As a repre-
sentative self-supervised method, graph contrastive
learning centers on pulling similar samples closer
and pushing dissimilar samples apart, encourag-
ing the model to learn representations that effec-

tively capture graph-structural features and thereby
improving the robustness and generalization of
graph representations (Zhu et al., 2021). Thus far,
graph contrastive learning has been applied in rec-
ommender systems (Yang et al., 2022; Yu et al.,
2023a; Chen et al., 2023b; He et al., 2023; Yang
et al., 2023), social network analysis (Ma et al.,
2022a; Zhou et al., 2023; Ma et al., 2022b), and
genomics-related tasks (Li et al., 2022; Gao et al.,
2023; Xiong et al., 2023; Fan et al., 2024). Inspired
by this line of work, we design a global–local con-
trastive loss from two perspectives—global graph
representations and local edge distributions. At
the macro level, it learns a high-dimensional rep-
resentation of the optimal routing graph; at the
micro level, it calibrates edge-selection weights. In
this way, for a given input, the query-driven multi-
agent routing graph is encouraged to lie close to
high-quality positive graphs and far from poorly
performing, overly costly negative graphs in the
representation space, thereby guiding the model
toward routing configurations that are optimal in
terms of the score.

B Technical details

In this section, we will detail the MAS configura-

tion pool and datasets as follows:

B.1 Collaboration Mode Pool:

• I/O: A single agent directly generates reason-

ing results from user queries, significantly con-

serving tokens for simple problem-solving. In

practice, the temperature is set to 0.5.

• Chain-of-Thought (CoT): Following (Zhang

et al., 2023), a single agent constructs a lin-

ear reasoning chain by introducing progres-

sive intermediate steps to address multi-step

problems, though its capability in handling

non-sequential tasks remains limited.

• Self-Consistency (SC): Adopting the ap-

proach of (Wang et al., 2023), this mode gen-

31771



erates five independent reasoning paths from

the agent and aggregates answers through a

voting mechanism, making it suitable for tasks

requiring strong consistency.

• Tree-of-Thought (ToT): Based on (Qian et al.,

2025), multiple agents explore a solution tree

in parallel, evaluating and selecting optimal

branches, which is well-suited for open-ended

problem-solving.

• Chain: As per (Qian et al., 2025), complex

tasks are decomposed into sub-modules, with

multiple agents sequentially passing and refin-

ing results in a chain. Each agent improves or

extends the previous output, enabling progres-

sive collaborative reasoning.

• Reflection: Multiple agents engage in closed-

loop iterative optimization through reflection

and interaction (Shinn et al., 2023), making

this mode suitable for high-precision and long-

horizon tasks.

• Debate: Following (Liang et al., 2024), three

agents engage in three rounds of debate to

reach consensus. This mode is tailored for

complex decision-making tasks, though de-

bate deadlocks may lead to high computa-

tional costs.

B.2 LLM Pool:

Model operational costs and performance met-

rics are primarily sourced from the third-party

benchmark evaluation platform AI Models Pric-

ing. For the InternLM3-8B-Instruct, whose pricing

information is not directly available on the plat-

form, this paper reasonably estimate its inference

costs based on its architectural characteristics and

comparable models’ performance. Detailed con-

figuration parameters and cost information for all

models are summarized in Table 3 to support sub-

sequent strategy analysis.

• General-purpose dialogue models with

multilingual understanding/generation capa-

bilities, specifically including Qwen3-8B,

InternLM3-8B-Instruct, DeepSeek-R1-Distill-

Llama-8B, and Qwen2.5-7B-Instruct.

• Domain-specific expert models targeting par-

ticular task domains, covering Qwen2.5-Math-

72B-Instruct specializing in mathematical rea-

soning and Qwen2.5-Coder-7B-Instruct fo-

cused on code generation.

• Lightweight models excelling in inference

latency and computational cost, namely Meta-

Llama3-8B-Instruct.

B.3 Agent Role Pool:

We constructed an agent role pool comprising

30 specialized roles. Rather than serving as mere

instances of general-purpose LLMs, these roles are

meticulously crafted expert modules equipped with

specific functional descriptions and instructional

constraints. Categorized into five major domains

based on core competencies, this pool is designed

to emulate the division of labor and collaborative

mechanisms of human expert teams when tackling

complex tasks, as detailed in Table 4.
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Name Context Length Input Price Output Price Total Price

Qwen3-8B 128K $0.035 $0.138 $0.173
InternLM3-8B-Instruct 32K $0.040 $0.120 $0.160

DeepSeek-R1-Distill-Llama-8B 32K $0.040 $0.040 $0.080
Meta-Llama3-8B-Instruct 8K $0.030 $0.060 $0.090

Qwen2.5-7B-Instruct 66K $0.040 $0.100 $0.140
Qwen2.5-Math-72B-Instruct 32K $0.058 $0.058 $0.116
Qwen2.5-Coder-7B-Instruct 32K $0.030 $0.090 $0.120

Table 3: Model pricing and context length (USD per 1M tokens).

Math Role Coding Role Structured
Reasoning Role Meta Reasoning Role Explanation Role

Math Analyst Algorithm Designer Logical Reasoner Reflector Knowledge Expert

Math Teacher Code Implementer Debater Consistency Checker Summarizer

Math Tutor Bug Fixer Chain Reasoner Error Critic Answer Formatter

Proof Verifier Code Reviewer Tree Explorer Meta Reasoner Inspector

Equation Solver C++/Qt Developer Reflective Analyst Adaptive Optimizer Clarity Enhancer

Mathematical
Research Advisor Python Genius Problem Decomposer Consensus Builder Evaluator

Table 4: Role definition correspondence table

B.4 Datasets:

• Mathematical reasoning tasks: GSM8K

and MATH represent fundamental and ad-

vanced arithmetic reasoning scenarios, respec-

tively. The GSM8K dataset consists of 8,500

elementary-level math word problems. Fol-

lowing the official split, we used all 7,473

training samples as the training set and re-

tained the 1,319 official test samples as the test

set. The MATH dataset, containing approx-

imately 12,500 competition-level mathemat-

ical problems, spans seven subfields includ-

ing algebra, number theory, geometry, combi-

natorics, and probability, with each problem

labeled by a difficulty level from 1 to 5. We

used 7,500 training samples for model training

and reserved 5,000 test samples for evaluation.

This configuration ensures a complete cov-

erage of both basic and high-difficulty prob-

lems.

• Code generation tasks: We adopted the Hu-

manEval dataset as a test set. HumanEval con-

tains 164 hand-crafted Python programming

problems, each accompanied by a function

signature, detailed docstring, and a set of unit

tests for rigorous verification of semantic and

functional correctness. Given its small scale,

HumanEval was not used for training.

• Knowledge Question Answering tasks: We

integrate both Chinese knowledge reasoning

and multi-hop question answering to compre-

hensively evaluate the router’s ability in do-

main knowledge understanding, cross-lingual

generalization, and collaborative reasoning.
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Specifically, for Chinese knowledge and pro-

fessional reasoning, we adopt the CMMLU

dataset, which covers 67 academic subjects

and contains approximately 11,528 Chinese

multiple-choice questions. From its few-shot

development set (five questions per subject,

totaling 335 items), we randomly sample 170

examples into the training set. The complete

official test set is preserved for evaluating

cross-lingual and cross-domain generalization.

For multi-hop question answering, we use

the HotpotQA dataset, which contains around

113,000 question–answer pairs, each requir-

ing multi-document reasoning and evidence

integration. We employ only the distractor

version of the training set (90,000 samples)

to train the router. The official development

set (7,000 samples) is used as the test set to

evaluate reasoning performance under long-

context, multi-document, and distractor-rich

conditions.
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C Case Study

Query RouterHGC Workflow

Jack had $100. Sophia gave him 1/5 of her $100.

How many dollars does Jack have now?
IO

Math Analyst

Meta-Llama3-8B

As Sally walked to school, she was holding the

strings to 25 red balloons, 7 green balloons, and 12

yellow balloons. Suddenly, a gust of wind caused

40% of the red balloons to burst. The shockingly

loud sound startled Sally, and she accidentally re-

leased half of the yellow balloons. But as she

neared the school grounds, she found 8 blue bal-

loons caught in a tree, and she added 75% of them

to her remaining clutch of balloons, which she

carried into the school. What number of balloons

did she finally carry into the school?

Chain

Math Analyst

Meta-Llama3-8B

Math Teacher

Qwen3-8B

Reflector

Meta-Llama3-8B

Table 5: GSM8K dataset
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Query RouterHGC Workflow

Are the movies M̈onsters, Inc.änd M̈ary Pop-

pinsb̈oth by the same company?

“context”: [[“Mary Poppins (character)”, [“Mary

Poppins is a fictional character and the eponymous

protagonist of P. L. Travers‘ Mary Poppins books

and all of their adaptations.”, “ A magical English

nanny, she blows in on the East Wind and arrives

at the Banks home at Number Seventeen Cherry

Tree Lane, London, where she is given charge

of the Banks children and teaches them valuable

lessons with a magical touch.”, “ Travers gives

Poppins the accent and vocabulary of a real Lon-

don nanny: cockney base notes overlaid with a

strangled gentility.”]]. . . . . .

Self-Consistency

Chain Reasoner

DeepSeek-R1-Distill-Llama-8B

Summarizer

Meta-Llama3-8B

Tree Explorer

Qwen3-8B

Tree Explorer Tree Explorer

Knowledge Expert

InternLM3-8B-Instruct

Knowledge Expert

InternLM3-8B-Instruct

Knowledge Expert

InternLM3-8B-Instruct

Chain Reasoner

DeepSeek-R1-Distill-Llama-8B

Chain Reasoner

DeepSeek-R1-Distill-Llama-8B

Summarizer

Meta-Llama3-8B

Summarizer

Meta-Llama3-8B

Logical Reasoner

Qwen2.5-7B-Instruct

Logical Reasoner

Qwen2.5-7B-Instruct

Logical Reasoner

Qwen2.5-7B-Instruct

Table 6: HotPotQA dataset
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Query RouterHGC Workflow

from typing import List

def has_close_elements(numbers: List[float],

threshold: float) -> bool

Check if in given list of numbers, are any two

numbers closer to each other than given threshold

»>has_close_elements([1.0, 2.0, 3.0], 0.5)

False

»>has_close_elements([1.0, 2.8, 3.0, 4.0, 5.0, 2.0],

0.3)

True

Chain
Equation Solver

Qwen2.5-Math-72B-Instruct

Answer Formatter

DeepSeek-R1-Distill-Llama-8B

Math Analyst

Qwen3-8B

def maximum(arr, k):

Given an array arr of integers and a positive

integer k, return a sorted list of length k with the

maximum k numbers in arr.

Example 1: Input: arr = [-3, -4, 5], k = 3

Output: [-4, -3, 5]

Example 2: Input: arr = [4, -4, 4], k = 2

Output: [4, 4]

Example 3: Input: arr = [-3, 2, 1, 2, -1, -2, 1], k =

1

Output: [2]

Note:

1. The length of the array will be in the range of

[1, 1000].

2. The elements in the array will be in the range

of [-1000, 1000].

3. 0 <= k <= len(arr)

Math Analyst

Qwen2.5-Math-72B-Instruct

Reflector

Qwen3-8B

Math Teacher

InternLM3-8B-Instruct DeepSeek-R1-Distill-Llama-8B

MathTutor

Proof Verifier

Qwen3-8B

Reflection

Table 7: HumanEval dataset

31777



Query RouterHGC Workflow

How many integers $n$ satisfy both of the inequal-

ities $4n + 3 < 25$ and $-7n + 5 < 24$?

Chain

Algorithm Designer

Meta-Llama3-8B

Code Implementer

Qwen2.5-Coder-7B-Instruct

Code Reviewer

Qwen2.5-7B-Instruct

Let a, b, and c be three vectors such that ∥a∥ =

∥b∥ = ∥c∥ = 2. Also, the angle between any two

of these vectors is arccos 5
8 . Find the volume of

the parallelepiped generated by a, b, and c.

Math Analyst

Qwen2.5-Math-72B-Instruct

Reflector

Qwen3-8B

Math Teacher

InternLM3-8B-Instruct DeepSeek-R1-Distill-Llama-8B

MathTutor

Proof Verifier

Qwen3-8B

Reflection

Table 8: MATH dataset

Query RouterHGC Workflow

Example1：
Original(Chinese):《老人与海》是美国著名作家（）50年
代的代表作品。A:福克纳 B:海明威 C:海勒 D:杰克。
Translation(English): "The Old Man and the Sea" is a
representative work of the famous American author ( ) in the
1950s. A: Faulkner B: Hemingway C: Heller D: Jack

IO
Knowledge Expert

DeepSeek-R1-Distill-Llama-8B

Example2：
Original(Chinese):使用一架赤道式望远镜开启自动跟踪观
测正东方地平线附近一颗恒星。经过一段时间发现在望远
镜视场内星像向北侧漂移。若将望远镜指向正南附近一颗
恒星，经过一段时间视场内星像在南北方向几乎没有偏移。
这说明望远镜极轴指向偏A:低 B:左 C:高 D:右
Translation(English): Using an equatorial telescope to initiate
automatic tracking observation of a star near the eastern horizon.
After some time, it was observed that the star's image drifted
toward the northern side of the telescope's field of view. If the
telescope is pointed toward a star near due south, the star's
image shows almost no north-south drift in the field of view
over the same period. This indicates that the telescope's polar
axis is misaligned: A: Low B: Left C: High D: Right

Knowledge Expert

InternLM3-8B-Instruct

Debater

Qwen3-8B

Logical Reasoner

Qwen2.5-7B-Instruct

Knowledge Expert

InternLM3-8B-Instruct

Knowledge Expert

InternLM3-8B-Instruct

Debater

Qwen3-8B

Debater

Qwen3-8B

Logical Reasoner

Qwen2.5-7B-Instruct

Logical Reasoner

Qwen2.5-7B-Instruct

Table 9: CMMLU dataset
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D The Module Profile

Agent Collaboration Mode Profile

agent_collaboration_mode_profile = [

{

'Name': 'IO',

'Description':'In single−agent –InputOutput (IO) reasoning, the model directly generates an

output from the input without explicit intermediate steps. This approach is efficient but

lacks interpretability and may struggle with tasks requiring multi−step logical reasoning.

'

},

{

'Name': 'CoT',

'Description':'In single−agent Chain−of−Thought (CoT) reasoning, the model produces explicit

intermediate reasoning steps before giving the final answer. This improves

interpretability and logical consistency in complex reasoning tasks.'

},

{

'Name': 'SC',

'Description':'In multi−agent Self−Consistency (SC) reasoning, several agents independently

generate reasoning paths, and their outputs are aggregated to form a more stable and

reliable final result.'

},

{

'Name': 'ToT',

'Description':'In multi−agent Tree−of−Thought (ToT) reasoning, multiple agents explore

reasoning paths in a tree structure, expanding and evaluating alternative solutions to

identify the most promising reasoning trajectory.'

},

{

'Name': 'Chain',

'Description':'In multi−agent Chain reasoning, agents work sequentially, where each agent

refines or extends the previous output, enabling progressive reasoning and collaborative

solution building.'

},

{

'Name': 'Reflection',

'Description': 'In multi−agent Reflection reasoning, agents review and refine their own or

’others reasoning processes, correcting errors and improving the quality of the solution

through iterative self−assessment.'

},

{

'Name': 'Debate',

'Description': 'In multi−agent Debate reasoning, agents engage in structured argumentation:

presenting, challenging, and defending ideas to reach a more accurate and well−justified

consensus.'

}

]

1
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LLM Profile

llm_profile = [

{

'Name': 'Qwen3−8B',

'Description': 'An 8−billion parameter pre−trained base model from the Qwen3 series developed

by Alibaba Cloud. It is designed to serve as a foundational model for subsequent fine−

tuning on specialized, domain−specific downstream tasks.'

The model costs $0.035 per million input tokens and $0.138 per million output tokens.

In General Q&A Benchmark CMMLU, Qwen3−8B achieves an accuracy of 78.98.

In Math Benchmark GSM8K, Qwen3−8B achieves an accuracy of 90.14.

In Math Benchmark MATH, Qwen3−8B achieves an accuracy of 68.31.

In Coding Benchmark HumanEval, Qwen3−8B achieves an accuracy of 79.27.

In General Q&A Benchmark HotpotQA, Qwen3−8B achieves an accuracy of 73.30.

},

{

'Name': 'Internlm3−8B−Instruct',

'Description': 'An 8−billion parameter, instruction−tuned model from the InternLM3 series by

SenseTime. It is designed as a general−purpose model with strong comprehensive abilities

in areas such as reasoning, mathematics, and code, suitable for a wide range of downstream

applications.'

The model costs $0.04 per million input tokens and $0.12 per million output tokens.

In General Q&A Benchmark CMMLU, Internlm3−8B−Instruct achieves an accuracy of 82.77.

In Math Benchmark GSM8K, Internlm3−8B−Instruct achieves an accuracy of 80.36.

In Math Benchmark MATH, Internlm3−8B−Instruct achieves an accuracy of 61.84.

In Coding Benchmark HumanEval, Internlm3−8B−Instruct achieves an accuracy of 76.22.

In General Q&A Benchmark HotpotQA, Internlm3−8B−Instruct achieves an accuracy of 65.47.

},

{

'Name': 'DeepSeek−R1−Distill−Llama−8B',

'Description': 'An 8−billion parameter model by DeepSeek AI, developed using knowledge

distillation. It is trained to emulate the performance of a larger teacher model, aiming

to provide a balance between high capability and computational efficiency. Its

architecture draws upon principles from both DeepSeek and Llama model families.'

The model costs $0.04 per million input tokens and $0.04 per million output tokens.

In General Q&A Benchmark CMMLU, DeepSeek−R1−Distill−Llama−8B achieves an accuracy of 72.32.

In Math Benchmark GSM8K, DeepSeek−R1−Distill−Llama−8B achieves an accuracy of 71.23.

In Math Benchmark MATH, DeepSeek−R1−Distill−Llama−8B achieves an accuracy of 45.88.

In Coding Benchmark HumanEval, DeepSeek−R1−Distill−Llama−8B achieves an accuracy of 70.12.

In General Q&A Benchmark HotpotQA, DeepSeek−R1−Distill−Llama−8B achieves an accuracy of 58.19.

},

{

'Name': 'Meta−Llama−3−8B−Instruct',
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LLM Profile

'Description': 'An 8−billion parameter, instruction−tuned variant of Meta's Llama3 model. It is

fine−tuned to excel at a diverse range of natural language processing tasks, with a

primary focus on instruction following and conversational AI applications.'

The model costs $0.03 per million input tokens and $0.06 per million output tokens.

In General Q&A Benchmark CMMLU, Meta−Llama−3−8B−Instruct achieves an accuracy of 44.39.

In Math Benchmark GSM8K, Meta−Llama−3−8B−Instruct achieves an accuracy of 79.62.

In Math Benchmark MATH, Meta−Llama−3−8B−Instruct achieves an accuracy of 31.60.

In Coding Benchmark HumanEval, Meta−Llama−3−8B−Instruct achieves an accuracy of 63.58.

In General Q&A Benchmark HotpotQA, Meta−Llama−3−8B−Instruct achieves an accuracy of 28.55.

},

{

'Name': 'Qwen2.5−7B−Instruct',

'Description': 'A 7−billion parameter, instruction−tuned model from Alibaba Cloud's Qwen 2.5

series. It is optimized for general−purpose dialogue and instruction−following, designed

to perform a wide array of natural language understanding (NLU) and generation (NLG) tasks

.'

The model costs $0.04 per million input tokens and $0.10 per million output tokens.

In General Q&A Benchmark CMMLU, Qwen2.5−7B−Instruct achieves an accuracy of 70.17.

In Math Benchmark GSM8K, Qwen2.5−7B−Instruct achieves an accuracy of 72.25.

In Math Benchmark MATH, Qwen2.5−7B−Instruct achieves an accuracy of 41.77.

In Coding Benchmark HumanEval, Qwen2.5−7B−Instruct achieves an accuracy of 72.84.

In General Q&A Benchmark HotpotQA, Qwen2.5−7B−Instruct achieves an accuracy of 62.17.

},

{

'Name': 'Qwen2.5−Math−72B−Instruct',

'Description': 'A 72−billion parameter instruction−tuned model from Alibaba Cloud's Qwen 2.5

series, specifically optimized for mathematical problem−solving. It is fine−tuned on an

extensive dataset of mathematical texts and problems to enhance its capabilities in

logical reasoning, calculation, and symbolic mathematics.'

The model costs $0.058 per million input tokens and $0.058 per million output tokens.

In General Q&A Benchmark CMMLU, Qwen2.5−Math−72B−Instruct achieves an accuracy of 71.05.

In Math Benchmark GSM8K, Qwen2.5−Math−72B−Instruct achieves an accuracy of 91.43.

In Math Benchmark MATH, Qwen2.5−Math−72B−Instruct achieves an accuracy of 68.89.

In Coding Benchmark HumanEval, Qwen2.5−Math−72B−Instruct achieves an accuracy of 71.34.

In General Q&A Benchmark HotpotQA, Qwen2.5−Math−72B−Instruct achieves an accuracy of 61.28.

},

{
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LLM Profile

'Name': 'Qwen2.5−Coder−7B−Instruct',

'Description': 'A 7−billion parameter, instruction−tuned model from Alibaba Cloud's Qwen 2.5

series, specialized for code−related tasks. It is engineered to support software

development through capabilities such as code generation, autocompletion, and bug fixing.'

The model costs $0.03 per million input tokens and $0.09 per million output tokens.

In General Q&A Benchmark CMMLU, Qwen2.5−Coder−7B−Instruct achieves an accuracy of 32.21.

In Math Benchmark GSM8K, Qwen2.5−Coder−7B−Instruct achieves an accuracy of 62.24.

In Math Benchmark MATH, Qwen2.5−Coder−7B−Instruct achieves an accuracy of 23.87.

In Coding Benchmark HumanEval, Qwen2.5−Coder−7B−Instruct achieves an accuracy of 78.83.

In General Q&A Benchmark HotpotQA, Qwen2.5−Coder−7B−Instruct achieves an accuracy of 37.55.

}

]
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Agent Role Profile

math_role_profile = [

{

"Name": "MathAnalyst",

"MessageAggregation": "Normal",

"Description": "You are a mathematical analyst. Your task is to carefully analyze mathematical

problems, decompose them into structured steps, substitute values, and perform

calculations to derive accurate results. You must ensure logical consistency throughout

the reasoning process.",

"OutputFormat": "Calculation",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "MathTeacher",

"MessageAggregation": "Normal",

"Description": "You are a patient math teacher. You explain problems step by step, ensuring

that each reasoning step is well−justified and clear. Your focus is on pedagogy, so you

also highlight common pitfalls and alternative methods to improve understanding.",

"OutputFormat": "Calculation",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "MathTutor",

"MessageAggregation": "Normal",

"Description": "You are now acting as my private math teacher. Your task is to explain complex

mathematical concepts and formulas in simple and understandable language to help me better

understand them. When I ask math questions, you will also assist me with verification or

problem solving. As a qualified teacher, please ensure that your answers are 100% accurate

. If you are unsure about a particular question, please directly tell me you are uncertain

and do not make irresponsible guesses. Additionally, when using mathematical formulas,

please enclose them with `$$` symbols for rendering and display.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ProofVerifier",

"MessageAggregation": "Normal",

"Description": "You are a rigorous proof verifier. Given a mathematical derivation, your role

is to check the logical validity of each step, verify that all assumptions are correctly

applied, and ensure the argument conforms to mathematical proof standards.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{
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Agent Role Profile

"Name": "EquationSolver",

"MessageAggregation": "Normal",

"Description": "You specialize in solving algebraic, trigonometric, and calculus−based

equations. You outline systematic solving steps, confirm intermediate results, and check

whether the final solution satisfies the original equation.",

"OutputFormat": "Calculation",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "MathematicalResearchAdvisor",

"MessageAggregation": "Normal",

"Description": "As a Math Research Assistant, your role is to assist researchers and students

in conducting mathematical research and solving complex mathematical problems. You will

provide guidance, resources, and feedback to help users navigate the world of mathematics

and contribute to the advancement of mathematical knowledge. Stay within the boundaries of

mathematics and focus on providing accurate, informative, and helpful guidance.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

}

]

coding_role_profile = [

{

"Name": "AlgorithmDesigner",

"MessageAggregation": "PythonInnerTest",

"Description": "You are an algorithm designer. Your role is to design efficient algorithms

based on problem requirements, providing structured pseudocode, function signatures, and

detailed explanations of the design decisions. You should also mention time and space

complexity.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "CodeImplementer",

"MessageAggregation": "PythonInnerTest",

"Description": "You are a code implementer. Your responsibility is to write clean, well−

documented, and functional code implementations based on algorithmic descriptions. You

follow best coding practices and ensure readability and modularity.",

"OutputFormat": "CodeCompletion",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "BugFixer",
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Agent Role Profile

"MessageAggregation": "Normal",

"Description": "You are a debugging specialist. You analyze code for errors, inefficiencies,

and logical flaws. You provide corrected code along with explanations of what was fixed

and why the bug occurred.",

"OutputFormat": "CodeCompletion",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "CodeReviewer",

"MessageAggregation": "Normal",

"Description": "You are a code reviewer. You critically evaluate code for correctness,

efficiency, readability, and maintainability. You provide constructive feedback and

recommend improvements without altering the overall functionality.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "C++/QtDeveloper",

"MessageAggregation": "Normal",

"Description": "You are an experienced and patient C++/Qt development assistant. You provide

clear, detailed, and runnable code examples while explaining design patterns, memory

management, Qt signals and slots, UI development, and multithreading concepts in simple,

practical terms. You help users debug efficiently, follow best practices, and write

maintainable, high−quality C++ and Qt code.",

"OutputFormat": "Code",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "PythonGenius",

"MessageAggregation": "Normal",

"Description": "You are an advanced python developer.You provide fully runnable, complete, and

well−structured Python code snippets without any placeholders or incomplete sections,

ensuring users can copy and paste code directly into their projects. You strictly preserve

existing functionality, comments, and logging while enhancing debugging capabilities. You

also deliver code fixes and improvements in logical rounds, clearly communicating

completion and readiness for testing and guide users on method placements within classes

and adheres rigorously to a comprehensive set of rules to maintain code quality and

reliability.",

"OutputFormat": "CodeSnippet",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

}

]

structured−reasoning_role_profile = [
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{

"Name": "LogicalReasoner",

"MessageAggregation": "Normal",

"Description": "You are a logical reasoner. You specialize in structured reasoning, applying

deductive and inductive logic to connect premises to conclusions. You make reasoning

chains explicit to ensure clarity and correctness.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "Debater",

"MessageAggregation": "Normal",

"Description": "You are a debate agent. You present arguments for and against possible answers,

highlight assumptions, and challenge weak reasoning. Your goal is to converge towards a

well−justified and balanced conclusion.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ChainReasoner",

"MessageAggregation": "Normal",

"Description": "You are a chain reasoner. You construct multi−step reasoning paths where each

step builds upon the previous one. You pass intermediate results clearly, making your

reasoning process transparent and traceable.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "TreeExplorer",

"MessageAggregation": "Normal",

"Description": "You are a tree−of−thoughts explorer. You branch reasoning into multiple

candidate paths, evaluate them systematically, and prune unpromising ones to converge on

the best final outcome.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ReflectiveAnalyst",

"MessageAggregation": "Normal",

"Description": "You are a reflective analyst. You periodically evaluate your own reasoning

steps, identify potential flaws or biases, and refine your conclusions through self−

assessment and correction.",

"OutputFormat": "Answer",

"PostProcess": "None",
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"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ProblemDecomposer",

"MessageAggregation": "Normal",

"Description": "You are a problem decomposer. You specialize in breaking down complex problems

into smaller, more manageable sub−problems. You solve each sub−problem independently and

then synthesize the partial solutions to construct a comprehensive final answer.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

}

]

meta−reasoning_role_profile = [

{

"Name": "Reflector",

"MessageAggregation": "Normal",

"Description": "You are a reflection agent. You re−examine reasoning processes and outputs,

identify possible flaws, and propose improved solutions. Your role is to enhance

reliability by iterative self−improvement.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ConsistencyChecker",

"MessageAggregation": "Normal",

"Description": "You are a consistency checker. You compare multiple reasoning paths or outputs,

identify contradictions, and reconcile them into a consistent final answer.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ErrorCritic",

"MessageAggregation": "Normal",

"Description": "You are an error critic. Your task is to carefully examine reasoning or

solution outputs to identify flaws, such as logical fallacies, incomplete arguments, or

hallucinations. Each identified error should be classified, explained, and paired with a

suggestion for correction. The critique should remain objective and constructive.",

"OutputFormat": "Text",

"PostProcess": "ErrorAnalysis",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{
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"Name": "MetaReasoner",

"MessageAggregation": "Normal",

"Description": "You are a meta−reasoner. Oversee the reasoning of multiple agents, compare

their strengths and weaknesses, and output the most robust solution across datasets.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "AdaptiveOptimizer",

"MessageAggregation": "Normal",

"Description": "You are an adaptive optimizer. You dynamically adjust reasoning strategies,

agent weights, or prompt configurations based on prior performance. Your goal is to

improve reasoning efficiency, accuracy, and coherence over iterations.",

"OutputFormat": "Answer",

"PostProcess": "Optimization",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ConsensusBuilder",

"MessageAggregation": "Normal",

"Description": "You are a consensus builder. You synthesize diverse final answers from multiple

agents, identify shared insights and resolve conflicts, constructing a unified, well−

justified final answer that represents the strongest collective conclusion.",

"OutputFormat": "Answer",

"PostProcess": "Aggregation",

"PostDescription": "None",

"PostOutputFormat": "None"

}

]

explanation_role_profile = [

{

"Name": "KnowledgeExpert",

"MessageAggregation": "Normal",

"Description": "You are a knowledge expert. You retrieve and organize relevant domain knowledge

, definitions, and facts to support reasoning. You ensure that outputs are grounded in

accurate information.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "Summarizer",

"MessageAggregation": "Normal",

"Description": "You are a summarizer. You condense complex reasoning chains and explanations

into concise, clear, and easily digestible summaries without losing essential details.",

"OutputFormat": "Text",
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"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "AnswerFormatter",

"MessageAggregation": "Normal",

"Description": "You specialize in formatting final answers. You convert raw reasoning or

solutions into the requested structured format, ensuring clarity, precision, and

compliance with task requirements.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "Inspector",

"MessageAggregation": "Normal",

"Description": "You are an inspector. You audit reasoning processes or code outputs, verify

correctness step by step, and flag potential weaknesses. You also validate whether

assumptions align with the provided problem statement.",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "ClarityEnhancer",

"MessageAggregation": "Normal",

"Description": "You are a clarity enhancer. You refine explanations and outputs to maximize

readability and conceptual coherence. You remove redundancy, improve phrasing, and ensure

that reasoning is easy to follow for humans.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

},

{

"Name": "Evaluator",

"MessageAggregation": "Normal",

"Description": "You are an evaluator. You assess the quality of reasoning, factual grounding,

and logical soundness of outputs. You score or comment on strengths, weaknesses, and

possible improvements objectively.",

"OutputFormat": "Text",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

}

]
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