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Abstract

LLM-based Multi-agent systems (MAS) have
shown strong capabilities across a wide range
of domains. Their success largely hinges on
the collaboration topology design, which has
emerged as a central research focus in the
automated MAS design. However, existing
approaches are fundamentally constrained by
their reliance on homogeneous LL.Ms, which
significantly limits overall system intelligence.
In response to this limitation, we for the first
time propose the concept of Automated De-
sign of Heterogeneous-LLMs-based MAS
(ADHM). ADHM sheds light on a promising
avenue for advancing collective intelligence,
which focuses on the automated design of cost-
effective MAS composed of diverse LLMs and
roles to suit various queries. Toward this chal-
lenging goal, we propose Hetero-Designer, a
novel pipeline that efficiently encodes intricate
dependencies among queries, LLMs and roles
through a novel Binary-Star Transformer and
constructs Hetero-MAS in an autoregressive
graph generation process. Extensive experi-
ments demonstrate that Hetero-Designer is:
(i) high-performing on various benchmarks, (ii)
economical in reducing overhead, (iii) extensi-
ble to unseen LLMs and roles.

1 Introduction

Large Language Model (LLM)-based agents
(Richards, 2023; Nakajima, 2023; Park et al., 2023),
have demonstrated impressive capabilities across
a wide range of tasks (Zhang et al., 2024; Li et al.,
2025; Schmidgall et al., 2025). Building on the
success of individual agent, recent research has in-
creasingly focused on Multi-Agent Systems (MAS)
(Du et al., 2024; Hong et al., 2024; Liang et al.,
2024), which open up new avenues for advancing
collective intelligence through synergistic interac-
tions among agents with diverse expertise and spe-
cialized roles. Central to the advancement of MAS
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Figure 1: A comparison case and complex intrinsic
connection within Hetero-MAS.

lies the design of collaboration topology, a struc-
tural graph that defines how agents with various
roles are organized and how they exchange infor-
mation (Zhang et al., 2025d; Yang et al., 2025; Li
et al., 2026; Liu et al., 2026).

Early research on MAS topology design focused
on manually crafted static topologies, such as chain
(Wei et al., 2022; Hong et al., 2024), tree (Yao et al.,
2023; Wu et al., 2024), complete graphs (Qian et al.,
2025), and LLM-based network (Liu et al., 2024).
Although such elaborately designed topologies can
facilitate coordination in specific scenarios, Zhang
et al. (2025e) highlighted that their inherent rigid-
ity results in significant variations in MAS perfor-
mance and cost across tasks. To improve flexibility
and efficiency, contemporary studies have progres-
sively explored automated topology design (Yang
et al., 2025), which leverages data-driven graph
learning to adaptively tailor MAS to specific do-
mains (Zhang et al., 2025d; Wang et al., 2025b)
or fine-grained queries (Zhang et al., 2025e; Wang
et al., 2025a; Li et al., 2026).

Despite these advances, most automated frame-
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works rely on a homogeneous LLM (e.g., GPT-
40) to drive all agents. This "one-LLM-fits-all"
paradigm is steadily exposing fundamental bottle-
necks in the overall intelligence of the system: re-
cent studies reveal that homogeneous models often
result in redundant topology design (Zhang et al.,
2025d; Wang et al., 2025b; Zhang et al., 2026a),
constrained capabilities in reasoning diversity and
critical thinking (Zhang et al., 2025f), and a subop-
timal balance between performance and cost (Yue
et al., 2025). Empirical evidence, as shown in Fig-
ure 1(a), further underscores these limitations: a
lightweight heterogeneous MAS can actually out-
perform a complex homogeneous system while in-
curring substantially lower token costs, enabled by
complementary capabilities among fewer agents.
Consequently, we for the first time introduce the
concept of Automated Design of Heterogeneous-
LLMs-based MAS (ADHM), which sheds light
on a promising avenue for advancing collective
intelligence. ADHM focuses on the automated de-
sign of cost-effective MAS composed of diverse
LLMs and roles to suit various queries.

Although several studies like LLM routing
(Chen et al., 2024; Ong et al., 2025; Yue et al.,
2025), and LLM & role assignment on predefined
topologies (Ye et al., 2025; Hegazy, 2025) have
made progress, these methods exhibit limitations
for ADHM in: (i) Predefined Topology. They still
rely on manually predefined topologies, which lack
the structural flexibility to autonomously adapt to
the specific nuances of each query; (i) Inadequate
Modeling of Implicit Correlations. As shown in
Figure 1(b), designing cost-effective topologies re-
quires precise modeling of the coupling agent roles
and LLM capabilities under diverse queries. How-
ever, existing methods, following homogeneous
MAS design (Zhang et al., 2025e; Li et al., 2026;
Wang et al., 2025a), rely excessively on static se-
mantic embeddings extracted by text encoder. Such
static representations fail to capture the nuanced
interrelations among heterogeneous LLMs, special-
ized roles and queries. Moreover, this information
insufficiency further propagates through the topo-
logical construction process, resulting in subopti-
mal Hetero-MAS orchestration.

In response to these limitations, we propose
Hetero-Designer, a novel pipeline that explic-
itly models and utilizes these complex inter-
relations to enable automated design of flexi-
ble and cost-effective Hetero-MAS. Technically,
Hetero-Designer first encodes queries, LLMs

and roles into semantic vectors. Subsequently, we
design a Binary-Star Transformer (BSFormer) to
synergize static features into enriched, dependency-
aware representations by contextualizing the latent
interplay among queries, LLMs, and roles. Specif-
ically, BSFormer consists of two symmetric star-
shaped modules: LLM-former and Role-former,
where the query serves as the central relay node
and LLMs (or roles) act as satellite nodes. Within
each module, multi-head attention extracts fine-
grained representations; between modules, cross-
attention facilitates bidirectional information cou-
pling. Finally, Hetero-Designer formulates MAS
construction as a flexible autoregressive graph gen-
eration problem, leveraging the efficient represen-
tations produced by BSFormer and a GRU-based
graph encoder to alternately predict nodes (LLMs
and roles) and edges, thereby step-by-step synthe-
sizing the complete Hetero-MAS topology.

Our contributions can be summarized as follows:

* Problem Definition: We for the first time
define Automated Design of Heterogeneous-
LLM-based MAS (ADHM) and highlight that
its challenge lies in modeling complex intrin-
sic connections among queries, LLMs and
roles, which are essential for cost-effective
Hetero-MAS topology design.

* Practical Solution: We introduce a novel
pipeline, Hetero-Designer, which leverages
a Binary-Star Transformer to model the in-
tricate dependencies and flexibly constructs
MAS through an autoregressive graph genera-
tion process.

» Experimental Validation: Extensive experi-
ments across diverse benchmarks demonstrate
that our method outperforms state-of-the-art
baselines in both accuracy and cost-saving,
demonstrating superior collective intelligence.

2 Formalization

2.1 Hetero-Multi-Agent-System

We model a MAS as a directed acyclic graph (DAG)
G = {V,&}, where V = {v1,v2,...,un, } repre-
sents the set of nodes and edges £ C V x V de-
notes the flow of information among them. Each
Node v; € V represents an agent instance, for-
malized as: v; = {my,r;, State;, Tool;}, where
m; € M = {m;, my,...,my,, } is the LLM pow-
ering v;, while prior research employed homoge-
neous LLM to drive; r; € R = {r1,ro,..,rn,}
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indicates the agent’s role; State; captures its mem-
ory and interaction history; Tool; is a set of plugins
available to v; (e.g., code compilers, search engine).
An edge ej; = (v;,v;) € & indicates that the out-
put of agent v; is propagated as an input to agent
v;. The set of direct predecessors of agent v; is de-
noted by NV, (vi) = {v;|(vj,v;) € E}. G executes
tasks following a topological ordering derived from
E. Each agent v; generates a response o; condi-
tioned on its role-specific prompt, the global query
Q, and the output set {0; | v; € N, (v;)} from
its predecessor agents. Finally, the final response
a of G is produced by an aggregation function
Aggregate{o;|v; € V} (e.g., a summarizer agent).

2.2 Definition of ADHM

Based on the MAS defined above, we formal-
ize Automated Design of Heterogeneous-LLMs-
based MAS (ADHM): Given a query Q, a set of
heterogeneous LLMs M, and a set of candidate
roles R, ADHM aims to learn a mapping function
f: (Q,M,R) — G. The objective of f is to fa-
cilitate automated MAS design, achieving an ideal
trade-off between task performance and costs:

max [E 0,4)~D, U(g, Q, d) —A- C(ga Q) )
P(G|9Q) QE(GNI)J(Q|Q) [ﬁr—/ — ]

Performance Cost

(D
where (Q,a) denotes the training instance in
dataset D, a is the ground-truth answer. U (-) mea-
sures the performance of the MAS, while C(-)
quantifies the corresponding API token cost. The
probability of DAG G is specifically defined as a
joint distribution:

V|

P(G|Q,M,R) =[] P(vi|G<i, Q. M, R) x

=1

node probability

i—1 (2)
H P(eji‘viv g<i7 Q)

7j=1

edge probability

where G.; denotes the subgraph induced by the
previous ¢ — 1 nodes. The first term represents the
joint probability of assigning the role r; and LLM
m; to node v;. Under the ADHM paradigm, the
topology, agent roles, and LLM selection are jointly
designed. This departs from existing techniques
such as pruning homogeneous graphs (Zhang et al.,
2025d; Wang et al., 2025b) or performing routing
over predefined topologies (Yue et al., 2025).

2.3 Autoregressive Graph Generation

To make MAS topology generation process more
tractable, we reformulate the problem as an au-
toregressive graph generation task (Zhang et al.,
2019), where the model sequentially predicts node
attributes v; and their connectivity ej; to preceding
nodes. By decomposing global design into local
decision-making steps, the model effectively navi-
gates the vast search space (You et al., 2018; Wang
etal., 2025a; Li et al., 2026). To enable adaptive ter-
mination, we introduce a terminal node v,,4. The
generation process is terminated when either a pre-
defined maximum agent count +y is reached or the
current MAS architecture is considered sufficient
(the terminal signal v, is predicted).

3 Hetero-Designer

Figure 2 illustrates the overall framework of
Hetero-Designer. It begins by (i) encoding query,
LLMs, roles, and the v,,4 into semantic embed-
dings. (ii) These embeddings are subsequently fed
into a Binary-Star Transformer to capture the com-
plex inter-dependencies. (iii) Ultimately, these en-
riched representations facilitate the autoregressive
generation of the MAS. In addition, we train the
model by cold-start supervision and reinforcement
learning to enable superior Hetero-MAS Design.

3.1 Input Representation

Hetero-Designer first encodes all textual condi-
tioning information into dense vector representa-
tions. The textual descriptions of LLMs and roles
are provided in Appendix E. Specifically, the tex-
tual instructions of query Q, is mapped into a
fixed-dimensional vector q € R% by a pre-trained
sentence encoder. This vector is then processed
through a feed-forward network (FFN) with Layer
Normalization (LN):

q = FFN(LN(SentenceEncoder(Q))) (3)

Similarly, each available LLM m; € M, role
r; € R, and the end token v.,q are projected into
respective embeddings m;, r;, and e. The repre-
sentations are aggregated into embedding matrices
M € RNm*di gnd R € RNr*4i which serve as
the foundational feature sets for the MAS Design.

3.2 Binary-Star Transformer

ADHM'’s challenge lies in modeling the intri-
cate correlations among queries, LL.Ms, and roles.
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Figure 2: The overall framework of our proposed Hetero-Designer.

Static semantic vectors (q, M, R) alone are insuffi-
cient to capture the complex dependencies essential
for sophisticated MAS design. To this end, we pro-
pose a novel Binary-Star Transformer (BSFormer),
which extends the architectural principles of the
Star-Transformer (Guo et al., 2019).

Specifically, BSFormer comprises two symmet-

ric modules: the LLM-Former and the Role-Former.
Each module adopts a star-shaped topology with
N layers consisting of a central relay node and
n + 1 satellite nodes. The relay nodes represent the
central query-related information, and the satellite
nodes represent the candidate set of either LLMs or
agent roles, as well as the end token. Relay nodes
in both modules are linked via cross-attention, en-
abling bidirectional information exchange between
LLMs and roles. This bridges the semantic gap
between model capabilities and functional roles,
producing contextualized representations informed
by global system dependencies.
Update of BSFormer. In the [-th layer, we de-
note the hidden states of the relay nodes as q%lm
and an ole» Tespectively. Correspondingly, the sets
of satellite node representations are defined as
Sélm = [Ml; é%lm] and Srole - [R e'role]‘ The
input features are initialized using semantic embed-
dings, specifically q, [M; €], and [R; e].

Based on multi-head attention (Vaswani et al.,
2017), BSFormer updates satellite nodes and relay
nodes sequentially. Each satellite node §ﬁ is up-
dated by integrating contextual information from

the relay node (]l_l, its own previous state §ﬁ_1,

and its initial state §):

st = MHAtn(s! ', Cl), €l = 571891 @

where Cﬁ denotes the context of the ¢-th satellite
node. The relay nodes q/;,, and g’ ,, are updated
via their respective satellites and prior states, fol-
lowed by information exchange via cross-attention:

~l l_
&1, = MHAUN(E);, L (@05 Shinl)

~1

qrole = MHAttn(qrole7 [qrole7 Srole])

~1 ~1 ~

ity = CrosSAUN (g [@ipmi 6% o))
= CrossAUN (G e [rore: 4" inm))-
Afterwards, the updated nodes are regularized
through a layer normalization. The enriched rep-
resentations from last layer V; of BSFormer serve
as the foundational input for the autoregressive
MAS generation process, and empirical results fur-

ther validate their effectiveness in achieving cost-
efficient MAS design.

®)

~1
Arole

3.3 Autoregressive MAS Generation

After modeling the complex correlations, we de-
signed a GRU-based network (Chung et al., 2014)
to organize the information into a structured topol-
ogy. Specifically, at each time step ¢, the model
first encodes the current graph to obtain the node
embeddings HY € R(*+1)*ds and the graph em-
bedding g € R%. Subsequently, we utilize the
updated representations H? and g’ to alternately
perform node and edge prediction, thereby con-
structing the MAS step by step in an autoregressive
manner.
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Method LLM Mul. Hetero. Flex. | MMLU GSM8K MATH HumanEval MBPP Avg.
gpt-40-mini 77.81 93.17  66.09 85.71 72.20 79.00

Vanilla claude-3.5-haiku 67.97 92.16 65.89 86.33 73.40 77.15
gemini-1.5-flash 80.04 92.67  74.39 82.61 73.00 80.54

1lama-3.1-70b 79.08 92.68  60.31 80.75 68.20 76.20

CoT gpt-40-mini 78.43 93.68  67.24 86.69 69.60 79.13
gemini-1.5-flash 81.35 92.92 74.34 81.37 73.00 80.60

SC(CoT) gpt-40-mini 81.05 93.32  66.28 87.58 73.00 80.25
gemini-1.5-flash 81.66 93.43 74.37 80.75 72.00 80.44

Chain gpt-40-mini v 82.01 94.40 64.72 85.63 75.40 80.43
gemini-1.5-flash | 83.01 93.13  72.10 82.50 73.20 80.79

Tree gpt-4o0-mini v 82.98 93.89  65.11 87.50 75.60 81.02
gemini-1.5-flash | 81.74 9491  71.36 77.50 73.60 79.82

Gl G gpt-4o0-mini v 83.06 94.66  67.63 85.00 7520 81.11
gemini-1.5-flash | 81.35 9440  68.60 83.75 74.20 80.46

gpt-40-mini v 81.04 94.66  64.68 84.38 73.60 79.67

LLM-Debate | oo \ini-1.5-flash | v 8040 9398 7245 7938 7340 79.92
PV gpt-40-mini v 83.02 94.89  68.45 86.80 75.40 81.71
gentp gemini-1.5-flash | / 83.10 93.88  73.54 82.55 75.80 81.77
AFlow gpt-40-mini v 83.10 9230  73.35 90.06 82.20 84.20
gemini-1.5-flash | / 82.35 9491  72.70 85.69 76.00 82.33

MaAS gpt-4o0-mini v v 83.01 92.30 74.45 92.85 82.17 84.96
gemini-1.5-flash | / v 83.42 93.36  75.18 90.55 82.69 85.04

FrugalGPT LLM pool v/ 76.24 90.76  67.05 87.31 7440 79.15
RouterDC LLM Pool v/ 82.01 93.68 73.46 87.75 75.20 82.42
MasRouter LLM Pool v 4 84.25 9545 7542 90.62 84.00 85.93
Hetero-Designer | LLM Pool v v v 87.60 95.92 79.52 93.80 84.60 88.29

Table 1: Performance comparison against baseline methods. The best results are shown in bold, and the second-best

results is underlined. "Mul." and "Hetero."
"Flex." denotes flexible topology design. X,

DAG Graph Encoder. The encoder input x| ; is
synthesized by aggregating information from LLM
and role of v? via MLP([ N rﬁ-vl]). Att =0,

we employ MLP([q”m, qr o 6]) as the initial graph
input x, thereby enabling query-adaptive MAS
design. Additionally, to enhance topological aware-
ness of DAG, we concatenate positional encodings
to each input feature X' = [x'; PE(v!)].
Following the DAG modeling approach estab-
lished by Zhang et al. (2019), node hidden states
are updated according to their topological ordering:

h! = U (%", hf)

6
B, — AR o A}

where U and A denote the update and aggregation
functions. Specifically, we employ a GRU for node
updates, and A is a gated sum:

>

VR €N (vt)

hi, = eb*)oom*) @)

where ¢ is a mapping network and o is a gating net-
work. Once all node hidden states are sequentially
updated, a readout function ¢ aggregates these rep-
resentations into a global graph embedding g’.

indicate support for multi-agent and heterogeneous LLMs settings.
and v signifies no/partial/full support in these aspects.

Node Prediction. We perform joint predic-
tion for both LLM and role. This man-
ner captures the inherent coupling of specific
LLM-role pairs. Concretely, we use an ex-
tensible metric learning based module for node
generation, the score s! ; of a LLM-role pair
(m;&rj) is acquired by a dot product opera-
tion: MLP,(g") - MLP,, 4. ([ N ~;Vl]). Similarly,
Stna = MLPy(g') - MLPnodE([emn; ~i\gleD' Fi-
nally, we can obtain the predicted probability:

P(v'|G<t, Q,M,R) = softmax({szj} U{st s}
)
Edge Prediction. Once agent node v! is chosen,
the edge generator determines its incoming connec-
tions from existing agents v!, ..., v!~! through:

e’ Fanir])

C’LLT' ’
®
We can then obtain the probability of edge e; ; by:

edge = MLPPTG([h '8 ]) MLPcur([

P(eir = 1|v*, G4, Q) = Sigmoid(s edge) (10)

3.4 Optimization

Cold Start. We collect a subset D.qq containing
successful instances for supervised training. This
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stage aims to (i) train the model to generate valid
collaboration topologies, and (ii) characterize the
initial cost and capability distributions of LLMs
and roles. This cold-start training equips the model
with a foundational capacity for topology genera-
tion, enabling the next RL phase to focus on ex-
ploring and optimizing high-value strategic designs.
Specifically, for each query, we randomly sample
multiple candidate topologies and retain only those
instances that successfully complete the task.
Reinforcement Learning. Subsequently, we con-
duct reinforcement learning on D \ D4, Optimiz-
ing the network via the objective in Eq.1 to discover
superior strategies. To account for varying query
complexities and resource costs, we perform K in-
dependent samplings per query to facilitate robust
exploration. We employ an empirical Bayes Monte
Carlo procedure (Carlin and Louis, 2000; Zhang
et al., 2025c¢) to estimate the gradient loss:

1 K
VL~ > D AV P(GQ M, R)],
(Q,a)€Dpy k=1
4 p(alQ,Gr) C(Gk; Q)
k

>_;p(alQ,G;) 2. C(G::Q)
a1

where Aj denotes the cost-aware importance
weights of the MAS, p(a|Q,Gr) € {0,1} is the
task success indicator for G;. In addition to the
current samples Dy, we sample several strategies
from historical trajectories Dyeplay and Deolq. The
resulting training pool Dy facilitates efficient ex-
perience replay and robust exploration.

Extended technical details on model architec-
tures, training and inference specifics and the algo-
rithmic workflow, are provided in Appendix B.

4 Experiments

4.1 Experimental Setup

Benchmarks & Metric. Following Yue et al.
(2025), we evaluated model on three categories
of datasets: M General Reasoning: MMLU
(Hendrycks et al., 2021a); M Mathematical Rea-
soning: GSMS8K (Cobbe et al., 2021), MATH
(Hendrycks et al., 2021b); B Code: HumanEval
(Chen et al., 2021), MBPP (Austin et al., 2021).
We use Accuracy to evaluate MMLU, GSMS8K,
and MATH, and Pass@1 to evaluate MBPP and
HumanEval.

Baselines. We compare our method with (i) single-
agent approaches, including COT (Wei et al.,
2022), Self-Consistency (Wang et al., 2023); (ii)

ot %
g; ® o
z S % ®
. o s
. o v e
w © O °
& %

1072 1071 100
Cost ($) in log scale

Figure 3: Comparison of performance and inference
cost on Humaneval. Different shapes of the scatter
points represent various types of baselines, and different
colors of the points indicate different LLM backbones.

fixed topologies including Chain, Tree, and Com-
plete Graph (Qian et al., 2025), LLM-Debate (Du
et al., 2025); (iii) dynamic MAS like AgentPrune
(Zhang et al., 2025d), AFlow (Zhang et al., 2025g)
and MaAS (Zhang et al., 2025¢); (iv) LLM routers,
FrugalGPT(Chen et al., 2023), RouterDC (Chen
et al., 2024) and MasRouter (Yue et al., 2025).
LLM Backbones. For fair comparison, we
adopt the same LLM backbones with vary-
ing sizes and capacities as Yue et al. (2025),
including: gpt-4o-mini, claude-3.5-haiku,
gemini-1.5-Flash and 11ama-3.1-70b. Further-
more, we selected a series of cutting-edge mod-
els along a chronological timeline to validate the
inductive capabilities of Hetero-Designer, in-
cluding: DeepSeek-V3 (2024.12), gpt-5-mini
(2025.8), claude-4.5-Haiku (2025.10), and
gemini-3-Flash (2025.12)

Implementation Details. We set the learning rate
Ireoiq = le — 4 for cold start and lrgy, = le — 5
for reinforcement learning. The temperature 7 = 1.
To mitigate the structural imbalance, we employ a
weight o = 0.7 to scale the log-probability, assign-
ing a to nodes and 1 — o to edges. The cost penalty
A € {be—2,1e—1}. Both our model and the MAS
baselines employ a maximum agent count of v = 6.
We use all-MinilM-L6-v2 (Wang et al., 2020) as
the semantic encoder. The semantic and graph
embedding dim set to d; = 128 and d, = 256,
respectively. The layer num N; = 4. Following
Yue et al. (2025), our role pool features 26 distinct
roles, ranging from programmers with compilers to
researchers leveraging Wikipedia for information
retrieval (details in Appendix E).

4.2 Main Results

In this section, we evaluate Hetero-Designer
against multiple baselines across five benchmarks.
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Dataset GSMSK MATH

. Accuracy Cost | Accuracy Cost

Metric @ ® | % ©
Hetero-Designer 95.92 0.68 79.52 0.73
wlo q 94.98 1.10 64.34 0.68
w/o LLM Pool 93.27 0.48 65.78 0.59
w/o BSFormer 94.31 0.57 70.12 0.49
w/o Cold Start 93.65 1.04 7277 0.76
wlo C(-) 95.73 1.21 80.96 0.89

Table 2: Ablation results of Hetero-Designer on
GSMS8K and MATH.

We verify our methods is:

High-performing. The experimental results in Ta-
ble 1 demonstrates that Hetero-Designer excels
at constructing an effective Hetero-MAS. Specifi-
cally, (i) Hetero-Designer achieves the best per-
formance across all five benchmarks, consistently
outperforming a wide range of baselines. The supe-
rior performance demonstrates the effectiveness
of Hetero-MAS designed by Hetero-Designer.
(i1)) Compared to the strongest automated base-
line, MaAS, Hetero-Designer achieves an av-
erage improvement of 3.29%. This markedly
outperforms homogeneous systems, demonstrat-
ing that the efficient integration of heterogeneous
LLMs leads to superior collective intelligence. (iii)
Compared to router-based methods, the success
of Hetero-Designer suggests that MAS bene-
fits more from query-adaptive topology synthesis
rather than relying on static, predefined structures.
Token-economical. Hetero-Designer leverages
hetero-LLMs to construct adaptive topologies,
thereby mitigating over-engineering and reducing
operational costs. Consequently, it achieves the
best cost-performance trade-off on the HumanEval
Pareto front (Figure 3). Notably, in Math bench-
marks, our model exhibits a notable decline in
expenditures (from 1.59$ to 0.68% on GSM8K
and 3.59$% to 0.73%$ on MATH, compared to Mas-
Router), alongside a 0.47%—4.1% accuracy im-
provement. This underscores Hetero-Designer’s
capacity to achieve superior intelligence with sig-
nificantly higher resource efficiency.

4.3 Ablation Study

We conduct an ablation study on the key mod-
ules of Hetero-Designer: (i) w/o q, the query
embeddings are set to zero vectors (Li et al.,
2026). (ii) w/o LLM Pool, which replaces the Het-
erogeneous LLMs Pool with the same backbone
(gpt-40-mini). (iii) w/o BSFormer, which uses

3 Performance (%) 10538 16

95/ 1 Cost (USD) 10148
0.48% ]

10.04$
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Figure 4: Evolution of performance and cost on MATH
benchmark as models are added over time.

LLM Selection Distribution
+ DeepSeek-V3
+GPT-5-mini

LLM Selection Distribution
+ Claude-4.5-haiku
+Gemini-3-flash

Original Hetro-Designer LLM
Selection Distribution

[C] GPT-4o-mini
[] Gemini-1.5-flash

[C] Claude-3.5-haiku
] nama-3.1-70b

I Deepseek-v3
[] GPT-5-mini

[ Claude-4.5-haiku
B Gemini-3-flash

Figure 5: The selected LLM distribution of
Hetero-Designer on MATH benchmark.

the raw semantic embeddings without BSFormer.
(iv) w/o Cold Start, which removes the cold start
training process. (v) w/o C(-), which removes the
cost penalty in Eq.1. As shown in Table 2, remov-
ing the query information, the model fails to adap-
tively design MAS based on task difficulty, lead-
ing to suboptimal performance and inflated costs.
Significant performance degradation is observed
when using homogeneous LLM, underscoring its
inherent limitations. The exclusion of BSFormer
precludes effective modeling of intricate connec-
tions, confirming that raw semantic features alone
are inadequate for synthesizing high-performance
MAS topologies. Furthermore, the absence of a
cold-start process hinders effective exploration of
superior policies during the reinforcement learn-
ing phase. Meanwhile, removing the cost penalty
results in uneconomical designs with inflated costs.

4.4 Inductive & Extensible Ability Analysis

In this section, we validate the inductive and ex-
tensible capabilities of Hetero-Designer. Specifi-
cally, we demonstrate that our model consistently
generalizes to unseen LLMs and roles without the
need for intensive re-training.

Generalization to Unseen LLMs. Figure 4 illus-
trates the evolution of system performance and cost
on MATH as additional LLMs are progressively
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Figure 6: (a) Performance evolution on MMLU subsets
with the incremental addition of new roles. (b) A design
case of expanded agent role pool on College Biology.

incorporated into the LLM pool. Correspondingly,
Figure 5 presents the selection distribution across
available LLMs. With the continuous integration
of new models, the system’s performance exhibits
a steady increase, rising from 79.52% to 93.01%.
Furthermore, the system does not experience a cost
explosion, instead, it maintains a reasonable equi-
librium and even exhibits a downward trend with
the incorporation of Gemini-3-Flash. The dis-
tribution reveals that new models are effectively
utilized, with legacy versions exhibiting a clear
substitution trend (e.g., GPT-5-mini accounts for
19.3%, whereas GPT-40-mini decreases to 8.5%).
Extensibility to Novel Roles. Figure 6 illustrates
the performance across MMLU subsets as new
roles are progressively integrated, alongside a case
of designed MAS on expanded roles. Specifically,
we generated diverse domain-specific roles for each
subset (e.g. Cell Biologist for Biology, Program-
ming Expert for Computer Science). Increasing
role diversity boosts MAS performance by 6%
in Math and 5% in Computer Science, confirm-
ing that Hetero-Designer successfully capitalizes
on specialized roles to strengthen system synergy.
The case study demonstrates that the system ef-
fectively performs role substitution and seamlessly
integrates these roles into the original topological
design, thereby yielding superior responses.

4.5 Representation Analysis

To verify whether Hetero-Designer captures the
fine-grained features of LLM-role pairs and forms
discriminative representations, we employ t-SNE
(Maaten and Hinton, 2008) in Figure 7 to visualize
the learned embeddings by BSFormer of LLM-
role pairs of different queries in MATH. In Figure
7(a), the representations of various roles within
gpt-4o0-mini retain a clear separation, suggest-
ing that the model effectively captures and dis-
tinguishes the unique functional characteristics of
each role. Figure 7(b) further demonstrates a dis-

&
(a) “ : (g) “

Figure 7: (a) Embedding of different roles for the same
LLM. (b) Embedding of different LLM-role pair.

tinct separation in the representations space of var-
ious LLM-role pairs, suggesting that the embed-
dings generated by BSFormer effectively capture
the implicit associations between LLMs and roles,
thereby facilitating subsequent MAS design.

4.6 Case Study & sensitivity Analysis

In Appendix C.1, we showcase various Hetero-
MAS examples constructed by Hetero-Designer
across five datasets, illustrating how it adaptively
tailors MAS architectures to tasks of varying diffi-
culty. Furthermore, we provide a detailed sensitiv-
ity analysis of three core parameters—the number
of maximum agents -y, the cost penalty A, and the
sampling count K in Appendix C.2.

5 Related Work

Multi-Agent System Design. Contemporary LLM-
based MAS has evolved through three stages: (i)
Static Topology. Initial approaches adopted static,
manually crafted architectures, from chain (Wei
et al., 2022; Hong et al., 2024), tree (Yao et al.,
2023; Wu et al., 2024), complete graph (Qian et al.,
2025), sparse graph (Li et al., 2024; Zhang et al.,
2026b), LLM-Debate (Du et al., 2024) to opti-
mizable graph (Zhuge et al., 2024). (ii) Domain-
Specific Design. Subsequently, research shifted
toward automated design universal topologies for
specific domain, including: edge pruning (Zhang
et al., 2025d), joint node-and-edge pruning (Wang
et al., 2025b; Zhang et al., 2026a), and search-
based paradigms (Zhang et al., 2025g; Hu et al.,
2025a). (iii) Query-specific Design. Recently, the
focus increasingly evolved to the query-specific
MAS design, such as GNN-based network (Zhang
et al., 2025e), agent supernet search (Zhang et al.,
2025c) and autoregressive generation (Wang et al.,
2025a; Li et al., 2026), provide unparalleled flexi-
bility and results. Inspired by this, we build MAS
in autoregressive generation manner.

Heterogeneous LLM Collaboration. However,
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contemporary MAS design approaches remain
LLM-homogeneous, failing to effectively orga-
nize heterogeneous LL.Ms-based agents. Ye et al.
(2025) highlights promising prospects of hetero-
MAS through a comprehensive analysis. Despite
progress in routing and assignment strategies (Yue
et al., 2025; Ye et al., 2025; Zhang et al., 2025a;
Hegazy, 2025), these methods fail to achieve fully
topological flexibility, as they dependent on pre-
defined topology rather than automated design. In
light of this limitation, we define the ADHM frame-
work for the first time and identify its core chal-
lenge: modeling the intricate, implicit correlations
between queries, LL.Ms, agent roles, and topolo-
gies. Toward this challenging goal, we propose
Hetero-Designer, a novel pipeline designed for
the effective construction of hetero-MAS.

6 Conclusion

In this paper, we for the first time define the concept
of Automated Design of Heterogeneous-LLMs-
based MAS (ADHM), which aims to automati-
cally design the MAS topology alongside the as-
signment of agent roles with heterogeneous LLM
backbones to suit various queries. Toward this
challenging goal, we propose Hetero-Designer,
a novel pipeline that captures complex interactions
among query, LLMs and roles via a Binary-Star
Transformer and construct Hetero-MAS through
an autoregressive graph generation process. Ex-
tensive experimental results demonstrate that
Hetero-Designer is: (i) high-performing across
various benchmarks, (ii) cost-effective in reducing
overhead, and (iii) highly extensible to previously
unseen models and roles.

Limitations

We argue that the main limitations of our work are
mainly twofold:

(i) Fixed Agent Roles Selection. Following ex-
isting literature (Zhang et al., 2025d; Wang et al.,
2025b; Li et al., 2026; Zhang et al., 2025¢), our
study assumes a set of predefined agent roles. How-
ever, in complex real-world scenarios, agent roles
may need to be dynamically generated and opti-
mized to meet evolving task requirements. While
our framework currently lacks the capability for au-
tonomous role discovery, our experiments demon-
strate that Hetero-Designer possesses robust role-
modeling and extensibility capabilities. This foun-
dation paves the way for integrating our hetero-

geneous MAS design with role-optimization tech-
niques proposed by Wang et al. (2024); Yuan et al.
(2025), thereby further enhancing the openness and
adaptability of the system.

(i1) Lack of Collaborative Memory Accumu-
lation. The collaboration among heterogeneous
LLMs in our framework does not explicitly model
the accumulation and evolution of long-term mem-
ory (Hu et al., 2025b; Wei et al., 2025; Zhang et al.,
2025b; Fu et al., 2026). While Hetero-Designer
focuses on optimizing collaboration topologies
within a single task, it does not yet account for
experience retention or capability evolution across
multiple tasks. This limitation hinders the system
from developing continuously refined coordination
patterns. Future work could incorporate shared
memory architectures or evolutionary parameter
updates to support the collaborative co-evolution
of multi-agents during long-term interactions.
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A Notations

We conclude the commonly used notations in Table
3 for reference.

B Model supplementary details

In this section, we elaborate the extended techni-
cal details of model architectures, the specifics of
training and inference, and the formal algorithmic
workflow.

B.1 Multi-Head Attention & Cross Attention

Multi-Head Attention. The update process of
BSFormer is built upon the attention mechanism
(Vaswani et al., 2017). Specifically, given an input
sequence Z € R¥*dmna where k and d,,p, denote
the sequence length and hidden dimension, a query
vector qmpe € RY*? is used to extract relevant
features via scaled dot-product attention:

QKT
Vv dmha

where [Q; K; V] = (4,0 Wq; ZWy; ZW,,], and
Wy, Wi, Wy, denote learnable parameters.

The multi-head attention layer generalizes the
scaled dot-product attention by executing h atten-
tion operations in parallel. The resulting outputs
are subsequently concatenated and linearly pro-
jected to aggregate the multi-faceted information:

Attn(Q, K, V) = softmax ( > Vo 12

MHALttn(q,,,},, Z) = [heady, ..., head,|W, 13)
head; = Attn(Q,-, K;, V;),Z € [1, h],
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Notation ‘

Definition

M = {m1,m2,...,mn,,}
R={ri,re,...,7n,}
G={v, &}, V=A{v,va,...,un,}
Vend
Nin(vi) = {vj|(vj,v;) € E}

a = Aggregate{o;|v; € V}

Q
U(G;Q,a)

C(G; Q)
P(G|Q,M,R)
qm;rj.e
.

Sitm> Srote
N
x| ; = MLP([m;"; £}"])
x = [x'; PE(v!)]
node and graph embeddings of G,
U(-), A
o), 0(),60)

t t
Sij> Send
it
sedge

D~, Dcold: DRL: Dreplay

Y
fs().fBs (), foaa(-)

Pool of available LLM backbones, where NV, is the number of LLMs in M
Set of predefined agent roles, where N, is the number of roles in R

A DAG representation of the MAS, where v; is an agent and [N, is the number of agents in G

Termination token

in-neighbors of agent v;

a is the output of G, which aggregates all agent output o;

Input query to the multi-agent system

Utility function measuring MAS performance, a is the oracle answer corresponding to Q

Cost function quantifying token expenditure, computed based on the API token price

The probability of MAS G

Semantic embedding of query, LLM, role and end token
Relay node representation of BSFormer at / layer

Satellite node representation of BSFormer at [ layer

The number of BSFormer layer

graph encoder input representation of ¢-th agent

graph encoder input representation concat with position encodings of ¢-th agent HY, gt

Update function and Aggregation function of graph encoder
mapping network, gating network and readout function of graph encoder
node prediction score of llm-role pair m;&r; and end token ve,g

edge prediction score of edge i — ¢

training dataset, cold start dataset, reinforcement learning dataset and replay dataset

Maximum number of agents

Semantic encoder, Binary-Star Transformer and DAG encoder

Table 3: The notations that are commonly used throughout the manuscript.

where [Q;; K;; V;] represent the i-th head parti-
tioned from [Q; K; V] with dimension d/h, and
W, is the learnable output projection matrix. we
set all the number of attention heads to A = 4.

Cross Attention. To enable effective information
exchange between different star Transformers, we
introduce a cross-attention mechanism that allows
one Transformer to attend to the representations
produced by another. Specifically, given a query
vector q,, € R'*%q and a source representation
Z® € RFs*da from another sequence (e.g., query
from the relay node of Role-Former and source
representation contains information from LLM-
Former), cross attention is computed by projecting
queries from q., and keys and values from Z*:

CrossAttn(Q, K, V') = softmax () V
) ) /dc )
(14)

Q; K; V] = [quWg Z°Wi; Z°W,].  Similarly,
we employ multi-head attention to capture multi-

faceted and fine-grained features across different
representation subspaces.

B.2 Supplementary details of the DAG
encoder

DAG Positional Encoding. To encode the topo-
logical positions of nodes within a DAG, we im-
plement a structure-aware positional encoding (PE)
scheme designed to capture both hierarchical depth
and intra-layer ordering. Given that DAG nodes
are only partially ordered, traditional sequential
PE methods are inherently inapplicable. Our ap-
proach addresses this by assigning each node a
dual-component embedding, derived from its topo-
logical depth and its relative rank within the cor-
responding level. Given a DAG G = (V,€), we
first compute a topological ordering of the nodes.
During this process, the depth of each node v; € V
is defined as the length of the longest path from
any source node to v:

max
v GMTL (Uz)

depth(v;) = (depth(v;) + 1), (15)
We let the first node as the initial vertex vg. For any
node v; with an empty in-degree set N, (v;) = 0,
we establish a directed edge from vy to v;, where
v encapsulates the query-LLM-role information

to provide necessary task context. After computing
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Algorithm 1: MAS Sample & Inference & Forward pass Workflow of Hetero-Designer

10
11
12

20
21

22
23

24
25

26
27
28
29
30

31

32
33
34
35
36

37
38

39
40

41
42
43
44

45

Input

// Input Representation

Encode Q, M, R, veng through f, into q, M, R, e
// Binary-Star Transfomer Encoding

// Feature Initialization

Initialize §),,,, 420 < 4, q
Initialize S, Syore < [M; €], [R; €]
for | =1to N; do

// Update the satellite nodes of LLM-former and Role-former
fori=1to Ny, +1d0
~l— 1}

Célm i [S”m i1 Sllm i35 Dy,
Siim,: = MHAt(S),," ;. Ciyy i)

L $iim.i = Layernorm(GeLU(8},,,.;))
forj =1to N, +1do

Clrole i [S'role 2l 52016 2l q'rolle]
Shote,i = MHAttn(~l ’ C'role i)

role [

S'lrole i Layernorm(GeLU( 'role ’L))

// Update the relay node

qllm - MHAttn(q”m7 [qilwi’ S lm]): (i'lrole = MHAttn( Tole7 [qiolly S'role])

él%lm = Layemorm(GeLU(qllm))v qfrale = Layernorm(GeLU(q'role))

(ﬁlm = CrOSSAttH(qu, [qglm; (~10; elf"oleD7 (le"ole = CrOSSAttn(fﬁ"olev [(iiole; (~10; qglm])
i1y = Layernorm(GeLU(@iyy)), @yore = Layernorm(GeLU (1. ))

// Autoregressive MAS Generation
Initialize V + {v04r¢ }, X° <= %%t < 1,log Pg = 0
while ¢t < v do

Graph Encoding: H*, g* = fpac(G<t)
// Node Generation
if Inference then

| o' = argmax[P(v'|G<s, Q, M, R)] = arg max(softmax({s} ;} U {sl,4}))
else if Sample then
| Sample o' ~ P(v*|G<, @, M, R) = softmax({s ;} U {st,q})
else
L vi=%"ingG
log Pg + log P + a - log(P(v'|G<t, Q. M, R))
if v° = Veng then
| break
else
Ve VU)X [XThR1
// Edge Generation
fori=1tot— 1do
if Inference then
if P(e; = 1|v*,G<1, Q) = Sigmoid(s,
‘ €it — 1
else

L €it =0

else if Sample then
L Sample e;; ~ P(ei; = 1|v*,G<t, Q)
else
L €it = €
if e;+ = 1 then
| V<« VU{e=1}Po+ (1—a) logPleis =1|v",G<t, Q)
else
| V< VU{eir =0}, Pe+ (1 —a)-log(l — P((eir = 1|v*,G<+, Q)))

) > 0.5 then

edge

:Task Query Q, Semantic encoder f(-), Binary-star Transformer fzs(-), DAG encoder fpaq(-), LLM pool M,
Role Pool R, termination token venq,(Option: Forward pass need a generated MAS G as Input)

// Section 3.1

// Section 3.2

/I Section 3.3
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node depths, we group nodes into layers according
to their depth values. For nodes within the same
layer, we assign an intra-layer rank based on their
prediction order, which serves to break symmetry
among nodes at the same depth level.

The final positional encoding for each node v;
is constructed by concatenating two sinusoidal em-
beddings that encode its depth and intra-layer rank:

PE(UZ') = [PEdepth(Ui); PErank(Uz’)] (16)

where each component occupies d/2 dimensions.
Specifically, for k = 0, ..., % — 1, the sinusoidal
encodings are defined as:

o . depth(v
PE((:lept)h(v) = sin ( () > ,

100002k/(d/2)

k1), \ depth(v)
PE ;. ' (v) = cos <100002k/(d/2) : "
k), \ . rank(v)
PErank (U) = s (100002k/(d/2) )
(2k+1), \ rank(v)
PE . "'(v) = cos <100002k/(d/2) )

This simple yet effective positional encoding en-
hances the topological awareness of the DAG, fa-
cilitating the seamless integration of nodal features
with the structural information. This encoding al-
lows the model to more distinctly localize spe-
cific roles within the topology. For instance, a
Reflector node typically occupies the terminal
position (i.e., the last node of the final layer).
Network details. Following Zhang et al. (2019),
we implement the mapping network and gating
network using simple linear layers. Specifically,
the mapping network ¢(+) is defined as:

(") = W, h* (18)
and gating network o (+) is defined as:
o(h*) = sigmoid(W,h* +b,)  (19)

In addition, we employ ¢(H') = MHAttn(q, H),
to compute a global readout of the entire graph.

B.3 Training Specifics

The DAG probability of Hetero-Designer. While
Eq. 2 defines the basic probability of the DAG
structure, we here provide a more comprehensive
formulation for Hetero-Designer by incorporat-
ing the terminal node v.,4. The joint probability,

augmented by the existence of vy, is defined as:

P(g|Q7M7R) = P(Uend|g7 Q,M,R)X
V| i—1
HP(Uz'\gq', Q, M, R) x H P(eji|vi, G<i, Q)

J=1

i=1 node probability edge probability

(20)
We introduce a balancing factor a to weight node
and edge log-probabilities, counteracting the nu-
merical dominance of edges (up to @) over
nodes (n) to stabilize training. In addition, we can
leverage Teacher Forcing for off-policy probability
re-evaluation, which helps maximize data utility
and avoid premature sample discarding.
Details of Cold Start Training. We split the train-
ing data into two subsets using a ratio of 2 : 3:
Deoiq for cold-start pre-training and Dry, for re-
inforcement learning. For Q in D4, we collect
four successful samples for each query through ran-
dom sampling. We iterate through the number of
agents starting from one, continuing until either the
maximum number of agents +y is reached or four
samples are collected, with a maximum of four it-
erations allowed for each specific agent count. The
final training objective for the cold-start phase is:

ﬁcold =« ‘Cnode + (1 - Oé) . ﬁedge (21)
The individual loss terms are defined as:
Loode =— > (1=X0)
(g,Q,C)EDC(,ld
VI
Z log P(Ut|g<t> Q7 M7 R)
=1 / (22)
Legge=— Y. (1=X0)
(g7Q,C)EDCOld
V| t—1
D> log Peiglv', Gt Q).
t=1 i=1

where C is the cost of graph G, and X € {15,25}
is the cost penalty for cold start.
Replay Data. We perform random sampling of
trajectories from both D.,;4 and the historical re-
play buffer D,..p;q, during reinforcement learning
to enhance data utilization. By executing a new
forward pass through these trajectories, we derive
the action probabilities under the current policy,
thereby supporting efficient off-policy updates.
Following the methodology established by Yue
et al. (2025), we performed stratified sampling on
the MATH to select 519 problems across various
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Method Prompt Completion Cost ($)
AFlow 321,813,314 28,083,445  21.75
MasRouter 3,235,288 2,499,530 3.56
Hetero-Designer 2,656,711 1,549,446 2.87

Table 4: Token usage and cost comparison on MATH.

difficulty levels. The sampled data was then parti-
tioned into training and test sets using a 1:4 ratio.

B.4 Inference Specifics

During inference, we employ a greedy decod-
ing strategy. Specifically, the LLM and role of
next node is determined by selecting the candi-
date with the maximum conditional probability
PGy, Q,M,R). As for edge generation, an
edge e;; is instantiated if its predicted probabil-
ity P(e;r = 1|v%, G4, Q) meets or exceeds the
threshold of 0.5.

B.5 Algorithm Workflow

We summarize the overall algorithmic workflow
in Algorithm 1, which details the MAS sampling
procedure, the inference process, and the forward
pass of the Hetero-Designer.

C Case Study & sensitivity Analysis
C.1 Case Study

As shown in Figures 9 to 13, we present the
customized MAS designed by Hetero-Designer
across diverse query complexities for the five
benchmarks. For straightforward queries, the
model exhibits a preference for utilizing cost-
effective and well-balanced LL.Ms alongside spe-
cialized agent roles to achieve an efficient solution.
Conversely, for more challenging instances, the
model tends to architect increasingly sophisticated
systems.

Furthermore, we observe that the model’s
decision-making process is closely aligned with
the semantic context of the query. For instance,
Hetero-Designer incorporates an "Economist"
role for economics-related questions in the MMLU
benchmark and strategically deploys a "Program-
mer" to handle MATH problems that are amenable
to algorithmic solutions. This behavior demon-
strates that Hetero-Designer possesses a fine-
grained domain awareness, allowing it to dynami-
cally reconfigure both the agent composition and
the interaction topology based on the underlying
task semantics.

—e— Performance

Cost (USD) 025

o o
(b) Cost penalty )\

—e— Performance

Cost(usp) [ "7
" i

7 : 7 7
(a) The number of agents Y

T ; : 7
() Sampling times K

Figure 8&: Parameter sensitivity analysis of
Hetero-Designer on HumanEval. The unit of
cost (right) and performance (left) is $ and pass@1 (%),
respectively.

C.2 Sensitivity Analysis

We analyze the sensitivity of Hetero-Designer to
three core parameters: the maximum number of
agents -y, the cost penalty coefficient A in Eq.2, and
the sampling count K in Eq.11. The results are pre-
sented in Figure 8. While performance scales with
the agent count -y, the associated computational
cost exhibits only a marginal increase. This effi-
ciency is primarily attributed to the introduction of
the termination token v.,,4, which enables dynamic
termination and prevents the generation of redun-
dant agent nodes. As the penalization strength A
increases, the model prioritizes structural sparsity
and simplicity, leading to a more parsimonious
topology at the expense of task performance. Re-
garding the sample size K, insufficient sampling
leads to unstable performance-cost trade-offs, pri-
marily due to restricted exploration and high gra-
dient variance. As K increases, the model more
effectively navigates the strategy space, eventually
achieving a superior balance.

D Training cost statistics

Table 4 presents the training costs on the MATH
benchmark, where we observe that expenditures
remain relatively modest. This cost-efficiency is
primarily attributed to the early acquisition of eco-
nomical strategies during the cold-start phase and
the improved sample efficiency afforded by the ex-
perience replay mechanism. These components
allow the model to refine its policy using high-
quality historical trajectories, thereby achieving
convergence with minimal financial overhead.

E The Module Profile

In this section, we present the profiles of each mod-
ule. Follow Yue et al. (2025), we use the same role
pool and llm pool for fair comparison. Furthermore,
we utilize GPT-40-mini to generate a dedicated ter-
mination token v, providing the model with an
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G‘(,?.? Query ?%OHetero-Designer Workflow

Compute &+ 1+ 4+ 42 4§29

Option A: -1 * zgz
Option B: 1

C:

D:

Option i gpt-40-mini

Option 0 knowledge Expert
Whigh of the.followinglt¥ansactions Would gpt-do-mini
be included in the official computation knowledge Expert

of gross domestic product?
Option A: Josh buys a new pair of running ’////////”
shoes.

Option B: Nancy offers to babysit her

granddaughter. m :'cgﬁ m 5

Option C: Max buys his dad's used car.
Option D: Eli cannot go to a concert so llama Llama

gpt-40-mini
he resells his ticket to a friend. knowledge Expert Economist Economist

Figure 9: Case study on MMLU dataset.

explicit signal to conclude the generation process.
We provide a series of profile examples for each
category in Figures 14, 15, 16, 17 and 18.
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6"733? Query

jo
CC%{OLOHetero-Designer Workflow

Adam has $100 and wants to spend it to
open a rock stand. He can buy rocks for
$5 each and sell them for $7 each. If he
invests all his money in the rock stand
but only sells 60% of his inventory, how
much money does he lose?

¥ &

Claude-3.5-haiku
Mathematician

Grandma walks 3 miles every day on her fa
vorite walking trail, which includes 2 mi
les of walking on the beach and 1 mile of
walking on the sidewalk. On the sidewalk,
Grandma walks at twice the rate of speed
that she does on the beach. If 40 minutes
of her walk is spent on the beach, how lo
ng does it take for her to complete the e
ntire 3-mile walk, in minutes?'

+ B

gemini-1.5-flash
Engineer

gemini-1.5-flash
Math Analyst

T
%@ 4B

Claude-3.5-haiku
Mathematician

gemini-1.5-flash
Engineer

Figure 10: Case study on GSM8K dataset.

G‘@ Query

e
?%OHetero-Designer Workflow

What is the value of x in the equation

175 —17°

=17"
16

o &

llama —> gemini-1.5-flash
Math Analyst

Mathematician

For any number £ , we are told that
x& =7 —x and &r =2 — 7 . What is the value
of 15& 2

llama gemini-1.5-flash
Certified Accountant Math Analyst

Claude-3.5-haiku
Programming Expert

Figure 11: Case study on MATH dataset.

27570



G‘(,?.? Query

jo
%OHetero-Designer Workflow

def anti shuffle(s: str) -> str:

Write a function that takes a string and

returns an ordered version of it.

Ordered version of string, is a string where al
words (separated by space)

are replaced by a new word where all the

characters arranged in

ascending order based on ascii value.

Note: You should keep the order of words and
blank spaces in the sentence.

For example:

>>> anti shuffle('Hi'")

lHil

>>> anti shuffle('hello')

'ehllo'

>>> anti shuffle('Hello World!!!")
'Hello !!!Wdlor'

+ &

gemini-1.5-flash
Plan Solver

from typing import List
def sort even(l: List[int]) -> List[int]:

This function takes a list 1 and returns a
list 1' such that

1' is identical to 1 in the odd indicies,
while its values at the even indicies are equal

to the values of the even indicies of 1, but
sorted.

>>> sort even([1l, 2, 31])

gemini-1.5-flash
Plan Solver

AN
B &—%
00 gpt-40-mini  Claude-3.5-haiku

[1, 2, 3T Reflect Reflect
>>> sort_even([5, 6, 3, 4]) = Programmer Programmer
(3, 6, 5, 4] llama
Programming Expert
Figure 12: Case study on humaneval dataset.
p .
g Query Hetero-Designer Workflow
o
**Task**:

Write a function to remove all elements from
a given list present in another list.

Your code should pass these tests:

assert

remove elements([1,2,3,4,5,6,7,8,9,101,1[2,4,
6,81)==[1, 3, 5, 7, 9, 10]

assert remove elements([1, 2, 3, 4, 5, 6, 7,

. NE

llama
Bug fixer

gemini-1.5-flash
Plan Solver

81 9/ lo]l[ll 3! 5, 7])::[21 4, 6/ 8! 9! 10]
assert remove elements([1, 2, 3, 4, 5, 6, 7,
8/ 9/ 10J1[517])==[17 2/ 3/ 4/ 6/ 8/ 9/ 10]
**xTagk**: N m |®‘ llama
Write a python function to check whether one root — Bug fixer

of the quadratic equation is twice of the other
or not.

Your code should pass these tests:

assert Check Solution(1,3,2) == "Yes"
assert Check Solution(1,2,3) == "No"
assert Check Solution(1,-5,6) == "No"

gemini-1.5-flash
Plan Solver gpt-40-mini
Reflect

Programmer

o
l
v

Claude-3.5-haiku
Reflect
Programmer

gemini-1.5-flash
Plan Solver

Figure 13: Case study on MBPP dataset.
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LIM Profile

"Name": "gpt-4o-mini",

"Description": "GPT-40 Mini is a smaller version of the GPT-4o0 language
model, designed for faster inference and reduced memory usage. It retains
the same capabilities as the full-size model, but with fewer parameters.
The model costs $0.15 per million input tokens and $0.6 per million output
tokens.

In General Q&A Benchmark MMLU, GPT-4o-mini achieves an accuracy of 77.8.
In Reasoning Benchmark GPQA, GPT-4o-mini achieves an accuracy of 40.2.
In Coding Benchmark HumanEval, GPT-4o-mini achieves an accuracy of 85.7.
In Math Benchmark MATH, GPT-4o-mini achieves an accuracy of 66.09."

bo

{

"Name": "claude-3-5-haiku-20241022",

"Description": "The new Claude 3.5 Haiku combines rapid response times
with improved reasoning capabilities, making it ideal for tasks that
require both speed and intelligence. Claude 3.5 Haiku improves on its
predecessor and matches the performance of Claude 3 Opus.

The model costs $0.1 per million input tokens and $0.5 per million output
tokens.

In General Q&A Benchmark MMLU, claude-3-5-haiku achieves an accuracy of
67.9.

In Reasoning Benchmark GPQA, claude-3-5-haiku achieves an accuracy of 41.6.
In Coding Benchmark HumanEval, claude-3-5-haiku achieves an accuracy of
86.3.

In Math Benchmark MATH, claude-3-5-haiku achieves an accuracy of 65.9."

b
{

"Name": "gemini-1.5-flash-latest",

"Description": "Gemini 1.5 Flash was purpose-built as our fastest, most
cost-efficient model yet for high volume tasks, at scale, to address
developers feedback asking for lower latency and cost.

The model costs $0.15 per million input tokens and $0.6 per million output
tokens.

In General Q&A Benchmark MMLU, gemini-1.5-flash achieves an accuracy of
80.0.

In Reasoning Benchmark GPQA, gemini-1.5-flash achieves an accuracy of 39.5.
In Coding Benchmark HumanEval, gemini-1.5-flash achieves an accuracy of
82.6.

In Math Benchmark MATH, gemini-1.5-flash achieves an accuracy of 74.4."

by
{

"Name": "Meta-Llama-3.1-70B-Instruct",

"Description": "The Meta Llama 3.1 multilingual large language model (LLM)
is a pretrained and instruction tuned generative model in 70B (text
in/text out).

The model costs $0.2 per million input tokens and $0.2 per million output
tokens.

In General Q&A Benchmark MMLU, Llama 3.1 achieves an accuracy of 79.1.

In Reasoning Benchmark GPQA, Llama 3.1 achieves an accuracy of 46.7.

In Coding Benchmark HumanEval, Llama 3.1 achieves an accuracy of 80.7.

In Math Benchmark MATH, Llama 3.1 achieves an accuracy of 60.3."

Figure 14: The LLM profile of main backbones.
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5 Math_role_Prof ile
[

"Name": "MathAnalyst",
"MessageAggregation": "Normal",
"Description": "You are a mathematical analyst. You will be given a math problem ,

analysis and code from other agents. You need to first analyze the problem solving
process , where the variables are represented by letters. Then you substitute the
values into the analysis process to perform calculations and get the results.",

"OutputFormat": "Calculation",
"PostProcess": "None",
"PostDescription": "None",
"PostOutputFormat": "None"
}I
{
"Name": "Inspector",
"MessageAggregation": "Normal",
"Description": "You are an Inspector. You will be given a math problem , analysis

and code from other agents. Check whether the logic/calculation of the problem
solving and analysis process is correct (if present). Check whether the code
corresponds to the solution analysis(if present). Give your own solving process step
by step based on hints",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

Figure 15: Example profile of math role.

</> °§| Coding role Profile

[
{

"Name": "BugFixer",

"Description": "You are a programming expert. You will be given a function
signature and its docstring by the user. Use a Python code block to write your full
implementation (restate the function signature).",

"OutputFormat": "CodeCompletion",

"PostProcess": "PythonInnerTest",

"PostDescription": "You need to provide modified and improved python code based

on the current code implementation and problems that arise during testing. You can
refer to specific examples.Write your full implementation (restate the function
signature). ",

"PostOutputFormat": "CodeCompletion"

by
{

"Name": "Test Analyst",

"MessageAggregation": "PythonInnerTest",

"Description": "You are a Test Analyst. You will be given a function signature
and its docstring by the user. You need to provide problems in the current code or
solution based on the test data and possible test feedback in the question. You need
to provide additional special use cases , boundary conditions , etc . that should be
paid attention to when writing code. You can point out any potential errors in the
code.Your reply should be more concise.Preferably within fifty words.",

"OutputFormat": "Text",
"PostProcess": "None",
"PostDescription": "You are a programming expert. You will be given a function

signature and its docstring by the user. Give your own answers to problems that arise

in other implementations. Use a Python code block to write your full implementation

(restate the function signature).",
"PostOutputFormat": "CodeCompletion"

}

Figure 16: Example profile of coding role.
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' Commensense role Profile

"Name": "Critic",
"MessageAggregation": "Normal",
"Description": "You are an excellent critic. Please point out potential issues in

other agent's analysis point by point. Give your critical opinion. Finally give the
final result",

"OutputFormat": "Answer",

"PostProcess": "None",

"PostDescription": "None",

"PostOutputFormat": "None"

"Name": "WikiSearcher",

"MessageAggregation": "Normal",

"Description": "Please give several key entities that need to be searched in
wikipedia to solve the problem. ",

"OutputFormat": "Keys",

"PostProcess": "Wiki",

"PostDescription": "You are a knowlegable expert in question answering. Please
answer the question based on the explanation of the question keywords obtained from
the wikipedia search.",

"PostOutputFormat": "Answer"

}

Figure 17: Example profile of commensense role.

3
|END{ Termination_token_ Profile

[
{

"Name": "EndTokenRoleController",

"Description": "You are responsible for determining whether the multi-agent system
autoregressive generation process should terminate. If the current system can already
provide a correct response for the given query, you trigger an immediate stop to
avoid unnecessary token cost. If the system is able to provide a sufficiently correct
response, you trigger an immediate stop to avoid unnecessary token usage. If the
collaboration among roles remains uncertain or incomplete, you allow further
generation to continue. Your role is to balance correctness and efficiency,
dynamically deciding the optimal stopping point."

}
]

Figure 18: Profile of termination token ves,q.
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