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Abstract

Although large language model (LLM) based
multi-agent systems (MAS) show their capabil-
ity to solve complex tasks and achieve higher
performance over single agent systems, they
lead to huge computational overheads because
of heavy communication between agents. Pre-
vious research has made efforts to train a sparse
multi-agent graph or fine-tune a planner to or-
chestrate the workflow better. However, such
extra training processes introduce computa-
tional costs and limit MAS to specific domains,
therefore compromising their generalizability.
In this paper, we propose CONCAT, a training-
free multi-agent collaboration framework based
on CONsensus and Confidence-driven Ad hoc
Teaming to efficiently organize agent interac-
tions. Specifically, agents are clustered based
on their initial answers, and leaders of each
cluster are selected based on the agents’ con-
fidence. Then, a heuristic function based on
the Theory of Mind is designed to predict the
collaboration benefits between every two lead-
ers according to their answers and confidence.
Finally, an ad hoc multi-agent network is orga-
nized after evicting a percentage of communi-
cations based on the predicted benefits. Experi-
ments across three LLMs and three benchmarks
show that CONCAT achieves up to 2.02×
higher efficiency (accuracy/latency ratio) than
LLM-Debate and outperforms training-aware
methods such as AgentDropout, while reducing
average latency by 50.1% on Qwen2.5-14B-
Instruct, without any task-specific training.1

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse do-
mains, from mathematical reasoning and code gen-
eration to complex problem-solving tasks (Jaech
et al., 2024; DeepSeek-AI et al., 2025). Recent
advances have extended these capabilities through

*Corresponding author
1The code will be available upon publication.

LLM-based agents that can autonomously interact
with external environments and utilize tools (Wang
et al., 2025b; Li et al., 2025). These agent systems
have shown that equipping LLMs with the ability
to perceive, reason, and act substantially enhances
their practical utility. However, individual agents
often face inherent limitations in handling com-
plex tasks that require diverse expertise, multiple
perspectives, or iterative refinement.

To overcome these limitations, Multi-Agent
Systems (MAS) have emerged as a promising
paradigm where multiple LLM-based agents col-
laborate to solve challenging problems (Guo et al.,
2024). Frameworks such as MetaGPT (Hong et al.,
2023), Magnetic-One (Fourney et al., 2024), and
AgentOrchestra (Zhang et al., 2025b) employ or-
chestrator agents to decompose tasks and coordi-
nate specialized agents, while GPTSwarm (Zhuge
et al., 2024) formalizes MAS as temporal-spatial
directed acyclic graphs with distributed agent
nodes. Specialized agent frameworks such as
ChatDev (Qian et al., 2024) demonstrate that role-
playing agents with structured communication pro-
tocols can tackle complex software development
tasks. These systems leverage inter-agent commu-
nication to make agents share responses, challenge
each other’s reasoning (Du et al., 2024), and itera-
tively refine their own solutions (Shinn et al., 2023)
to converge to high-quality answers.

Despite these successes, current MAS archi-
tectures face critical efficiency challenges stem-
ming from communication overhead and redun-
dancy. One prominent research direction focuses
on workflow optimization through pruning strate-
gies. Methods like AgentPrune (Zhang et al., 2024)
and AgentDropout (Wang et al., 2025a) employ
task-specific training to identify and eliminate re-
dundant communication edges or underperforming
agents from the collaboration graph. Another line
of work introduces capable orchestrators that train
specialized LLMs to dynamically determine op-
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timal topologies and agent configurations (Dang
et al., 2025; Ye et al., 2025b). While these ap-
proaches achieve performance improvements, they
inherently rely on task-specific training data and
incur high computational costs. Moreover, recent
studies on cross-context communication optimiza-
tion (Ye et al., 2025a) and parallel agent execu-
tion (Zhang et al., 2025a) reveal that, for both dis-
tributed and orchestrator-based MAS, much redun-
dant computation exists in agent interactions such
as repetitive key-value prefilling and non-optimal
workflow execution, which contribute minimal
value while consuming considerable resources.

The fundamental challenge lies in determining
which agent interactions genuinely contribute to
improved outcomes without requiring expensive
task-aware training. Individual LLM agents also
face inherent limitations from lacking external feed-
back and self-reflection mechanisms (Zhao et al.,
2024), making principled communication topology
design essential. Graph-based optimization meth-
ods demand downstream data for training to learn
domain-aware pruning policies, while orchestrator-
based approaches necessitate training meta-agents
with sufficient capacity to reason about complex
collaboration dynamics. Both paradigms strug-
gle with controllability and generalization: trained
policies may overfit to specific task distributions,
and the training process itself introduces substan-
tial latency and cost. Furthermore, recent work
has shown that LLMs exhibit conformity biases in
multi-agent settings (Weng et al., 2024; Zhu et al.,
2025), where agents tend to change their initially
correct answers when exposed to multiple incor-
rect peer responses. Such conformity among LLMs
partly reflects the communication redundancy issue
in multi-agent systems and indicates that ineffec-
tive interactions are probably foreseeable. Con-
sidering all the above, we raise a critical question:
Can we identify and eliminate redundant or ineffec-
tive communications in multi-agent systems without
task-specific training?

To address this challenge, we propose a training-
free framework, CONsensus- and Confidence-
driven Ad hoc Teaming (CONCAT), which lever-
ages intrinsic agent information to achieve efficient
collaboration. Our approach is motivated by two
observations from empirical analysis: (i) More than
60% agent communications yield neutral or neg-
ative impacts, where agents frequently maintain
their answers regardless of incoming information,
or correct answers degrade to incorrect ones after

collaboration. (ii) Collaboration effectiveness can
be predicted using simple heuristics based on an-
swer similarity and confidence scores of agents.
Building on these insights, CONCAT realizes ad
hoc networking via two modules: (1) Consensus
clustering and leader selection: answer-based
clustering groups agents by their responses; within
each cluster, the highest-confidence agent is des-
ignated as a leader, and only leaders participate
in subsequent exchanges; (2) Benefit-driven edge
pruning: a Theory-of-Mind-inspired predictor esti-
mates the utility of communication for each pair of
leaders, and the lowest-scoring links are pruned. By
constructing sparse topologies through leader se-
lection and benefit-driven pruning, CONCAT main-
tains competitive accuracy while reducing latency
and token usage relative to existing methods.

Our contributions are listed as follows:

• Our empirical analysis on multi-agent collab-
oration dynamics reveals the prevalence of
ineffective communications in existing MAS
frameworks and the predictability of collabo-
ration benefits using intrinsic agent signals.

• We propose CONCAT, a training-free MAS
framework that combines answer-based agent
clustering with Theory-of-Mind-based collab-
oration benefit prediction to construct efficient
communication topologies dynamically.

• Experiments across mathematics, general rea-
soning, and code generation benchmarks
demonstrate that CONCAT achieves higher
efficiency than both training-aware and -free
baselines, without task-specific training.

2 Background

2.1 Task Definition

Following Zhuge et al. (2024), Zhang et al. (2024),
and Wang et al. (2025a), we formalize an LLM-
based Multi-Agent System (MAS) as a directed
graph G = (V, E), where V = {v1, v2, . . . , vN}
represents the set of N agents, and E ⊆ V × V
denotes the communication edges between agents.
Each directed edge (vi, vj) ∈ E indicates that agent
vj can reference and incorporate the reasoning out-
put of agent vi during collaboration.

For each agent vi ∈ V , we define its state at
round t as:

s
(t)
i = {a(t)i , c

(t)
i }, (1)
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where a
(t)
i represents the agent’s answer to the

given task, and c
(t)
i ∈ [0, 1] denotes its confidence.

During the collaboration process, agent vi updates
its state by aggregating information from its incom-
ing neighbors Nin(vi) = {vj : (vj , vi) ∈ E}:

s
(t+1)
i = fθ

(
s
(t)
i , {s(t)j : vj ∈ Nin(vi)}

)
(2)

where fθ is the LLM-based reasoning function pa-
rameterized by θ.

Communication Redundancy. The key chal-
lenge in designing efficient MAS lies in deter-
mining an optimal sparse graph structure G∗ that
maintains task performance while minimizing com-
putational overhead. A fully-connected graph
(|E| = N(N − 1)) enables maximal information
exchange but incurs quadratic communication com-
plexity. Our goal is to identify a sparse topology
G∗ where |E∗| ≪ N(N − 1), such that:

G∗ = argmax
G

Performance(G)
Latency(G)

(3)

In the following subsections, we present empiri-
cal observations that motivate our approach to con-
structing such sparse structures.

2.2 Observation 1: Ineffective Collaboration

To understand collaboration dynamics in MAS,
we conduct statistical analysis using both Agent-
Dropout (Wang et al., 2025a) and LLM-Debate (Du
et al., 2024). Our analysis reveals a critical insight:
referencing other agents frequently degrades per-
formance rather than improving it.

Performance Drop with Collaborations As
shown in Figure 1, agents with references are more
frequently misled rather than correctly guided. No-
tably, when agents receive no references in Round
0 and get two references in Round 1, they change
their answers from correct to wrong over 15% more
than they correct their answers from wrong ones.

Fine-Grained Analysis via LLM-Debate To fur-
ther investigate this phenomenon, we employ LLM-
Debate (Du et al., 2024) to track answer correctness
transitions across agent configurations. As shown
in Figure 2, non-beneficial outcomes dominate
across all agent configurations: Correct→Correct,
Wrong→Wrong, and Correct→Wrong together
account for over 83% of all agent pairs, while
Wrong→Correct never exceeds 17%. Therefore,
we conclude this insight as:

1 ref
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2 ref
(n=486)

3 ref
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4 ref
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Figure 1: Statistics of two types of answer changes
(correct to wrong and wrong to correct) with and without
collaboration for agents. The agents are categorized
based on the number of other agents they referenced
in Round 2 (ranging from one to four references). The
MAS is trained on GSM8K using AgentDropout (Wang
et al., 2025a), with five agents and two rounds.
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Figure 2: Collaboration outcome distribution on
GSM8K using LLM-Debate (Du et al., 2024) with
two, three, four, and five agents. Each agent pair
is categorized by its answer transition across rounds:
Wrong→Correct, Correct→Correct, Wrong→Wrong,
or Correct→Wrong.

Observation 1: Referencing other agents has
negative or neutral impacts more frequently
than correcting errors.

2.3 Observation 2: Predictability of
Collaboration Effectiveness

Building on the insight that many collaborations are
ineffective, we investigate whether collaboration
outcomes can be predicted a priori from observ-
able agent signals, enabling proactive topology op-
timization. Specifically, given a focal agent vi and
a source agent vj , we ask: does the collaboration
benefit bj→i correlate with observable quantities
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such as answer similarity sij and confidence scores
ci, cj? Here bj→i is defined as the expected change
in vi’s answer correctness after referencing vj .

Predictability via Intrinsic Signals. Each agent
pair is labeled as helpful (Wrong→Correct) or not
helpful (all other transitions) based solely on the
observed answer correctness before and after col-
laboration (Table 4 in Appendix D). We then de-
fine a simple, training-free dissent strength score:
dj→k = c̄j · (1 − agreejk), where c̄j is the mean
confidence of source agent j across all focal agents
in the same configuration and agreejk indicates
whether j and k share the same answer. Intuitively,
a confident source who disagrees with the focal
agent is more likely to provide a corrective signal.
As shown in Figure 3, this single feature achieves
ROC-AUC of 0.74–0.86 across all agent configura-
tions and both benchmarks, substantially above the
random baseline of 0.50. This demonstrates that
collaboration benefit is predictable from observable
signals alone, providing principled motivation for
the benefit-based edge pruning in CONCAT.
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Figure 3: ROC-AUC of dissent strength (dj→k =
c̄j · (1− agreejk)) for predicting helpful collaboration
(Wrong→Correct) across 2–5 agent configurations on
GSM8K and MMLU. All results computed on LLM-
Debate (Du et al., 2024) based on Llama-3-8B-Instruct.

Observation 2: Collaboration effectiveness is
predictable from answer similarity and agent
confidence scores, enabling training-free and
principled edge pruning.

3 Method

3.1 Overview

Building upon the two empirical observations, we
propose CONCAT, Consensus- and Confidence-

Question

Phase 1: Initialization 

Phase 2: Ad Hoc Teaming

Cluster 1 Cluster 2 Cluster 3

Max Conf. Max Conf.

(1) Clustering & Leader Selection

(2) Edge Benefit Prediction & Pruning

Default Topology Pruned Topology

Repeat for multiple rounds

+0
.8

2
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.2
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+0.36

+0.62

-0.35

+0.50 ⊗

⊗

Phase 3: Final
Answer Aggregation 

Final Answer ŷ

0 1

Confidence Score

Figure 4: Overview of CONCAT. CONCAT operates
through three phases: (1) Initialization, where each
agent independently generates an answer; (2) Ad Hoc
Teaming, where agents are grouped by consensus clus-
tering and leader selection, followed by benefit-driven
edge pruning to construct a sparse communication topol-
ogy, repeated for (m − 1) rounds; (3) Final Answer
Aggregation, where an LLM synthesizer aggregates the
answers of all the agents and output the final answer.
Circles, squares, and triangles denote different answers.

Driven Ad Hoc Teaming, to address the computa-
tional inefficiency and collaboration quality issues
in multi-agent systems. As depicted in Figure 4,
CONCAT operates in three phases: (1) Initializa-
tion: each agent independently generates an an-
swer; (2) Ad Hoc Teaming: agents are grouped via
consensus clustering and leader selection, reduc-
ing active participants from N to K cluster leaders,
and benefit-driven edge pruning reconstructs the
sparse communication graph at each round; (3) Fi-
nal Answer Aggregation: an LLM synthesizer
aggregates the answers of all agents to produce
the final answer. The pseudo code of CONCAT is
provided in Algorithm 1 in Appendix B.

3.2 Phase 1: Initialization

The framework initializes with each agent vi ∈ V
independently generating an initial response with-
out observing peer outputs:

s
(0)
i = {a(0)i , c

(0)
i } = fθ(q, ∅), (4)

where the confidence score c
(0)
i ∈ [0, 1] is com-

puted as the average token probability across all
generated output tokens. This independence en-
sures diverse initial perspectives by preventing pre-
mature consensus and the groupthink phenomenon.
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3.3 Phase 2: Ad Hoc Teaming
The core of CONCAT resides in its adaptive de-
bate mechanism, which iteratively refines answers
through selective leader interactions. Each round
t ∈ {1, . . . ,m− 1} executes six coordinated steps
to construct and utilize a sparse topology.

Clustering and Leader Selection At each round
t, we first partition the agent population into con-
sensus clusters based on answer similarity:

C(t) = ClusterBySimilarity({a(t−1)
i }Ni=1) (5)

The similarity metric is task-dependent: for prob-
lems with deterministic answers (e.g., multiple-
choice, mathematical reasoning), we employ exact
matching; for code generation tasks, we use Jac-
card similarity over node types of abstract syntax
trees. Specifically, we parse code snippets into ab-
stract syntax trees, extract all node types from each
tree, and compute the Jaccard coefficient as the
ratio of intersection to union of node type sets.

From each cluster Cj ∈ C(t), we select a single
leader via confidence maximization in Equation 6,
which results in the leader set in Equation 7.

lj = arg max
vi∈Cj

c
(t−1)
i (6)

L(t) = {l1, l2, . . . , lK} ⊆ V (7)

Collaboration Benefit Prediction and Pruning
For each ordered pair of leaders (lj , lk) ∈ L(t−1)×
L(t) with j ̸= k, we predict the collaboration ben-
efit bj→k, defined as the expected utility of lk ref-
erencing lj , using a Theory-of-Mind (ToM) based
heuristic (Baker et al., 2017). We first classify lj as
a supporter (answer similarity sjk ≥ θsim) or chal-
lenger, and compute its effective signal strength
ĉj = cj · sjk (supporter) or ĉj = cj(1− sjk) (chal-
lenger). The benefit for the Challenger case is
derived from a Bayesian Expected Utility of Com-
munication (EUC) framework linearized via Taylor
expansion:

bj→k = 4ck(1−ck) · ĉj︸ ︷︷ ︸
correction gain

−α · 1 + 2ck
2 + 2ck + 2ĉj︸ ︷︷ ︸
inertia discount

+ α · (1−ck)︸ ︷︷ ︸
epistemic openness

,

(8)

where the correction gain 4ck(1−ck)ĉj is the first-
order Taylor approximation of the EUC, the iner-
tia discount models LLM anchoring via a Beta-
Binomial posterior (Gelman et al., 2013), and the

epistemic openness term follows Value of Informa-
tion theory (Howard, 1966). For the Supporter case:
bj→k = α(ĉj − ck). The full theoretical derivation
is in Appendix F.

With predicted benefits computed for all leader
pairs, we construct a sparse communication topol-
ogy through adaptive thresholding. The prun-
ing threshold is computed in Equation 9, where
p ∈ [0, 1] controls edge retention rate and τmin

enforces an absolute quality floor. Therefore, the
edge set is defined accordingly in Equation 10.

τ (t) = max (Percentile({bj→k}, p× 100), τmin)
(9)

E(t) = {(lj , lk) | bj→k ≥ τ (t)} (10)

Leader Answer Refinement For each leader
lk ∈ L(t), we construct a personalized debate con-
text by collecting responses from beneficial peers:

R(t)
k = {a(t−1)

j | (lj , lk) ∈ E(t)} (11)

Each leader then refines its answer by invoking
the language model with the original query and
curated peer responses as depicted in Equation 12,
while non-leader agents maintain their previous
state without model invocation in Equation 13.

s
(t)
j = {a(t)j , c

(t)
j } = fθ(q,R

(t)
j ) (12)

s
(t)
i = s

(t−1)
i , ∀vi /∈ L(t) (13)

3.4 Final Answer Aggregation
After m− 1 debate rounds, we aggregate all agent
responses {a(m−1)

i }Ni=1 to produce the final answer.
LLM-based synthesizers are employed to gener-
ate the final answer by reasoning over all agent
responses:

ŷ = fθ

(
Pfinal ⊕ {a

(m−1)
i }Ni=1

)
, (14)

where Pfinal is the aggregating prompt.

4 Experiment

This section will include comparative experiments
and an ablation study to verify the effectiveness
of CONCAT and its core modules. §4.2 answers
the question: Is the proposed method CONCAT
more efficient than other baselines of multi-agent
systems? §4.3 investigates the importance of clus-
tering and heuristic edge pruning in CONCAT to
improve the efficiency of multi-agent collaboration.
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4.1 Experiments Setup
Datasets We conduct experiments on three
benchmarks covering diverse domains, which in-
clude GSM8k (Cobbe et al., 2021) for mathemat-
ical tasks, MMLU (Hendrycks et al., 2020) for
general reasoning, and HumanEval (Chen et al.,
2021) for code generation.

Baselines We compare our method, CONCAT,
with the following baselines: (1) Chain-of-Thought
(CoT) (Wei et al., 2022); (2) CoT with self-
consistency (SC-CoT) (Wang et al., 2022); (3)
LLM-Debate (Du et al., 2024); (4) Vanilla MAS;
(5) AgentDropout (Wang et al., 2025a). Among
these baselines, (1)-(4) are training-free, and (5)
requires task-specific training. Besides, (4) and (5)
are applied with five topologies (i.e., Star, Chain,
Random, Layered, and Fully Connected).

Backbone LLMs Three LLMs, Llama-3-8B-
Instruct (Grattafiori et al., 2024), Qwen2.5-14B-
Instruct, and Qwen2.5-72B-Instruct (Yang et al.,
2024) are used as backbone models of multi-agent
systems, which have different model sizes.

Implementation Details We use vLLM (Kwon
et al., 2023) to deploy Llama-3-8B-Instruct on one
NVIDIA RTX 3090 24G GPU, and Qwen2.5-14B-
Instruct on four NVIDIA RTX 3090 24G GPUs
with a tensor parallel size of 4. Meanwhile, we
use vLLM-Ascend (Vllm-Project, 2025) to serve
Qwen2.5-72B-Instruct on four Ascend 910B NPUs
with a tensor parallel size of 4. For every LLM, we
set temperature as 0.7 and top_p as 0.8. The single
empirical parameter α in the benefit predictor is
set to 0.2, selected via hyperparameter search (see
§4.4). More implementation details are provided
in Appendix E. To ensure reliability, all reported
results are averaged over three repetitive runs.

4.2 Main Result
We compare CONCAT with five baselines on three
LLMs and three datasets to validate our framework
across varying domains and model sizes.

CONCAT achieves superior efficiency while
maintaining competitive performance. As shown
in Table 1 and Figure 5, CONCAT consistently
outperforms baseline methods in terms of effi-
ciency across different base models. Specifi-
cally, on Llama3-8B-Instruct, CONCAT achieves
an efficiency score of 1.56, substantially higher
than LLM-Debate (0.70), all Vanilla MAS vari-
ants (0.59-0.76), and all AgentDropout variants

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Efficiency (Accuracy / Latency)

HumanEval

GSM8K

MMLU

Methods
ConCAT (ours)
LLM-Debate

Vanilla MAS (Layered)
AgentDropout (Chain)

Methods
ConCAT (ours)
LLM-Debate

Vanilla MAS (Layered)
AgentDropout (Chain)

Token Consumption
Lower Medium Higher

Figure 5: Efficiency comparison of multi-agent methods
on Llama-3-8B-Instruct across three benchmarks. Bub-
ble size indicates token consumption relative to other
methods within each dataset.

(0.67-0.92). The efficiency gain is even more pro-
nounced on Qwen2.5-14B-Instruct, where CON-
CAT reaches an efficiency of 2.85, which is 2.02×
higher than LLM-Debate (1.41), 1.94× higher than
the best Vanilla MAS variant (1.47), and 1.58×
higher than the best AgentDropout variant (1.80).
Importantly, CONCAT maintains competitive aver-
age accuracy of 64.97% on Llama3-8B and 86.02%
on Qwen2.5-14B, demonstrating its ability to bal-
ance accuracy and computational cost.

CONCAT substantially reduces latency and
token consumption. On Llama3-8B-Instruct,
CONCAT reduces average latency by 55.5% vs.
LLM-Debate and 40.4% vs. the best AgentDropout
variant. On Qwen2.5-14B-Instruct, the latency re-
duction reaches 50.1% vs. LLM-Debate and 35.6%
vs. the best AgentDropout variant. Token con-
sumption follows the same trend: CONCAT av-
erages 1.9M total tokens on Llama3-8B, repre-
senting 45.7% and 48.6% reductions compared to
LLM-Debate (3.5M) and Vanilla MAS Layered
(3.7M), respectively. Notably, CONCAT achieves
slightly higher accuracy than Vanilla MAS Lay-
ered (64.97% vs. 64.12%) while reducing latency
by 33.3%. Detailed per-benchmark token statistics
are provided in Appendix G.

4.3 Ablation Study

To validate the effectiveness of each component
in CONCAT, we conduct ablation experiments by
removing or randomizing the answer-based cluster-
ing and edge pruning modules individually.

Impact of Edge Pruning. As shown in Table 2,
removing clustering increases average latency by
54.9% while reducing accuracy by 1.50%, confirm-
ing that consensus-based leader selection is the pri-
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Method Topology TF Accuracy↑ Latency↓ Eff.↑
MMLU GSM8K HumanEval Avg. MMLU GSM8K HumanEval Avg.

Backbone LLM: Llama3-8B-Instruct
CoT - ✓ 48.15 64.64 63.91 58.90 5.69 9.20 3.28 6.05 -
SC-CoT - ✓ 50.54↑2.40 74.19↑9.56 63.36↓0.55 62.70↑3.80 17.66 40.77 16.89 25.11 -
LLM-Debate Debate ✓ 56.43↑8.28 78.80↑14.17 60.88↓3.03 65.37↑6.47 63.32 133.92 84.11 93.78 0.70

Vanilla MAS

Star

✓

53.59↑5.45 75.49↑10.86 56.91↓7.00 62.00↑3.10 65.90 147.11 103.28 105.43 0.59
Chain 54.68↑6.54 73.70↑9.06 58.13↓5.79 62.17↑3.27 56.95 122.11 65.29 81.45 0.76
Random 51.63↑3.49 75.57↑10.94 56.20↓7.71 61.14↑2.24 62.62 135.14 80.85 92.87 0.66
Layered 59.26↑11.11 76.35↑11.72 56.75↓7.16 64.12↑5.22 71.17 158.44 79.27 102.96 0.62
FullConnected 57.30↑9.15 75.60↑10.96 53.99↓9.92 62.30↑3.40 71.81 149.22 90.60 103.87 0.60

AgentDropout

Star

✗

55.99↑7.84 76.28↑11.64 57.30↓6.61 63.19↑4.29 48.67 107.69 56.97 71.11 0.89
Chain 56.86↑8.71 78.57↑13.93 61.93↓1.98 65.79↑6.89 39.62 85.37 104.80 76.60 0.86
Random 60.35↑12.20 76.32↑11.68 57.02↓6.89 64.56↑5.66 50.33 98.48 61.14 69.98 0.92
Layered 54.90↑6.75 76.25↑11.61 52.47↓11.44 61.21↑2.31 48.52 100.57 113.07 87.39 0.70
FullConnected 54.25↑6.10 75.09↑10.45 56.75↓7.16 62.03↑3.13 52.92 118.11 105.81 92.28 0.67

CONCAT (ours) Hybrid ✓ 55.56↑7.41 77.08↑12.44 62.26↓1.65 64.97↑6.07 29.39 72.02 23.77 41.73 1.56
Backbone LLM: Qwen2.5-14B-Instruct

CoT - ✓ 73.20 67.97 83.20 74.79 6.07 13.78 3.06 7.64 -
SC-CoT - ✓ 73.86↑0.65 93.05↑25.08 88.43↑5.23 85.11↑10.32 20.78 54.00 16.49 30.42 -
LLM-Debate Debate ✓ 75.60↑2.40 94.24↑26.28 86.18↑2.98 85.34↑10.55 50.00 112.34 18.96 60.43 1.41

Vanilla MAS

Star

✓

76.25↑3.05 94.06↑26.09 85.12↑1.93 85.15↑10.36 51.32 131.60 22.06 68.33 1.25
Chain 75.16↑1.96 93.57↑25.60 85.95↑2.75 84.89↑10.10 41.82 110.68 20.17 57.56 1.47
Random 76.03↑2.83 93.98↑26.02 84.57↑1.38 84.86↑10.08 48.65 117.23 20.32 62.07 1.37
Layered 73.42↑0.22 94.14↑26.17 86.50↑3.31 84.69↑9.90 51.87 119.64 16.27 62.60 1.35
FullConnected 74.73↑1.53 93.98↑26.02 84.57↑1.38 84.43↑9.64 55.12 132.10 20.21 69.14 1.22

AgentDropout

Star

✗

74.95↑1.74 94.53↑26.56 85.67↑2.48 85.05↑10.26 37.05 88.62 18.44 48.04 1.77
Chain 76.91↑3.70 94.01↑26.04 81.82↓1.38 84.24↑9.46 34.17 82.01 24.45 46.88 1.80
Random 74.51↑1.31 94.14↑26.17 81.44↓1.75 83.36↑8.58 36.57 85.58 18.41 46.85 1.78
Layered 74.29↑1.09 94.24↑26.28 85.67↑2.48 84.74↑9.95 37.71 95.85 20.33 51.30 1.65
FullConnected 75.82↑2.61 93.98↑26.02 84.85↑1.65 84.88↑10.09 39.77 93.51 12.78 48.69 1.74

CONCAT (ours) Hybrid ✓ 77.78↑4.57 94.10↑26.13 86.19↑2.99 86.02↑11.23 25.76 51.19 13.55 30.17 2.85
Backbone LLM: Qwen2.5-72B-Instruct

CoT - ✓ 77.56 93.85 84.30 85.24 23.85 37.26 10.99 24.03 -
SC-CoT - ✓ 79.74↑2.18 94.06↑0.21 87.05↑2.75 86.95↑1.71 84.06 131.48 58.82 91.45 -
LLM-Debate Debate ✓ 79.52↑1.96 93.93↑0.08 85.95↑1.65 86.47↑1.23 149.85 303.27 57.46 170.19 0.51

Vanilla MAS

Star

✓

81.70↑4.14 93.49↓0.36 88.71↑4.41 87.96↑2.73 235.17 341.80 59.79 212.25 0.41
Chain 81.05↑3.49 92.86↓0.99 87.88↑3.58 87.26↑2.03 217.53 299.55 60.95 192.68 0.45
Random 81.48↑3.92 93.44↓0.41 90.08↑5.79 88.33↑3.10 148.03 308.52 59.27 171.94 0.51
Layered 80.39↑2.83 93.78↓0.07 88.71↑4.41 87.62↑2.39 156.18 312.79 53.20 174.06 0.50
FullConnected 79.30↑1.74 93.28↓0.57 88.15↑3.86 86.91↑1.68 196.93 334.57 59.12 196.87 0.44

AgentDropout

Star

✗

82.57↑5.01 93.72↓0.13 85.95↑1.65 87.42↑2.18 180.62 232.63 52.73 155.33 0.56
Chain 78.43↑0.87 93.36↓0.49 84.57↑0.27 85.45↑0.21 176.02 228.89 71.63 158.85 0.54
Random 80.83↑3.27 92.76↓1.09 87.05↑2.75 86.88↑1.64 116.22 231.72 49.90 132.61 0.66
Layered 81.48↑3.92 93.26↓0.60 86.50↑2.20 87.08↑1.84 121.07 243.10 49.34 137.84 0.63
FullConnected 81.92↑4.36 93.85 88.98↑4.68 88.25↑3.01 184.71 244.47 38.26 155.81 0.57

CONCAT (ours) Hybrid ✓ 79.52↑1.96 93.49↓0.36 84.30 85.77↑0.53 107.59 141.72 46.31 98.54 0.87

Table 1: Performance comparison between CONCAT and other baselines. Bold and underline indicate the best and
second-best performance for latency and efficiency metrics among MAS baselines (LLM-Debate, Vanilla MAS, and
AgentDropout). TF stands for Training-Free, and Eff. denotes Efficiency (Avg. Accuracy/Avg. Latency).

mary driver of computational efficiency. Removing
benefit-prediction edge pruning yields a smaller
latency increase of 6.2% but causes a 0.76% ac-
curacy drop, most notably on MMLU (−1.96%),
indicating that edge pruning functions as a qual-
ity gate that filters harmful communications. The
two modules are thus complementary: clustering
reduces interaction scale while edge pruning pre-
serves interaction quality.

Impact of Random Baselines. To further isolate
the contribution of each algorithmic choice, we
compare CONCAT against two random baseline
variants on Qwen2.5-14B-Instruct. w/ Rand. Edge

Pruning retains confidence-driven leader selection
but replaces benefit-prediction pruning with ran-
dom edge removal, achieving accuracy of 85.79%
with average latency 26.95s (efficiency 3.18). w/
Rand. Selection & Pruning additionally replaces
confidence-driven leader selection with random
agent selection, yielding accuracy of 84.68% with
latency 26.72s (efficiency 3.17). Both random
variants achieve slightly lower latency than CON-
CAT, yet fall 0.23–1.34 points below CONCAT
in average accuracy (86.02%), demonstrating that
the ToM-based benefit predictor and confidence-
driven leader selection provide meaningful accu-
racy gains over random alternatives. Notably, w/
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Method Accuracy↑ Latency↓ Efficiency↑
MMLU GSM8K HumanEval Avg. MMLU GSM8K HumanEval Avg.

CONCAT 77.78 94.10 86.19 86.02 25.76 51.19 13.55 30.17 2.85
w/o Edge Pruning 75.82 94.57 85.40 85.26 25.99 52.41 17.72 32.04 2.66
w/o Clustering 74.51 94.22 84.85 84.53 40.02 85.93 14.25 46.74 1.81
w/ Rand. Edge Pruning 79.08 93.98 84.30 85.79 22.07 46.10 12.67 26.95 3.18
w/ Rand. Selection & Pruning 75.82 93.91 84.30 84.68 22.52 45.04 12.60 26.72 3.17

Table 2: Ablation study on Qwen2.5-14B-Instruct. CONCAT is the full model with confidence-driven leader
selection (α=0.20) and benefit-prediction edge pruning. The first two ablations remove individual components:
edge pruning (retaining all leader-to-leader edges) and consensus-based clustering (allowing all agents to participate
directly). The last two replace learned components with random counterparts: random edge removal instead of
benefit-prediction pruning, and additionally random leader assignment instead of confidence-driven selection. Here,
“w/” and “w/o” denote “with” and “without”, respectively. Bold and underline indicate the best and second-best
accuracy, latency, and efficiency. Efficiency is average accuracy divided by average latency.

α
Accuracy↑ Latency↓ Efficiency↑

MMLU GSM8K HumanEval Avg. MMLU GSM8K HumanEval Avg.
0.10 75.38 94.30 81.71 83.80 30.70 80.01 22.82 44.51 1.88
0.15 76.14 94.45 87.02 85.87 25.48 51.53 13.18 30.06 2.86
0.20 77.78 94.10 86.19 86.02 25.76 51.19 13.55 30.17 2.85
0.25 76.47 94.06 85.40 85.31 25.78 51.66 13.07 30.17 2.83
0.30 76.14 94.22 87.05 85.80 26.13 51.22 12.88 30.08 2.85

Table 3: Sensitivity of inertia-discount weight α on Qwen2.5-14B-Instruct. Accuracy (%), latency (s), and mean
efficiency (average accuracy divided by average latency) are reported. Bold and underline indicate the best and
second-best value per column. The highlighted row is the selected configuration.

Rand. Edge Pruning outperforms CONCAT on
MMLU (79.08% vs. 77.78%), which we attribute
to imperfect confidence calibration on heteroge-
neous knowledge tasks.

4.4 Hyperparameter Sensitivity Analysis

The benefit predictor in CONCAT contains a
single empirical parameter α = 0.20, which
jointly controls the inertia-discount weight and the
epistemic-openness weight in the Challenger for-
mula (Eq. 8). We evaluate five candidate values
α ∈ {0.10, 0.15, 0.20, 0.25, 0.30} on Qwen2.5-
14B-Instruct across all three benchmarks, using
mean efficiency as the selection criterion, where
mean efficiency is defined as average accuracy di-
vided by average latency.

As shown in Table 3, α = 0.10 leads to signif-
icantly degraded efficiency (Mean Eff. = 1.88 vs.
≥2.82 for other values), driven by anomalously
high GSM8K latency (80.01s vs. ∼51s). A very
small α renders the inertia discount negligible,
causing the benefit predictor to over-retain edges
and reverting toward dense communication. For
α ≥ 0.15, mean efficiency remains within a nar-
row range of 2.83–2.86, demonstrating low sen-
sitivity to α in this regime. We select α = 0.20
as it achieves the overall highest average accuracy
across all benchmarks (86.02%) while maintaining

competitive mean efficiency (2.85).

5 Conclusion

This paper explores methods to enhance the effi-
ciency of LLM-based multi-agent systems by elim-
inating redundant communications in a training-
free manner. We propose CONCAT, Consensus-
and Confidence-Driven Ad Hoc Teaming, a self-
organization MAS framework that realizes compa-
rable accuracy while reducing the overall latency.

Our study points to several directions for fur-
ther improvement of LLM-based multi-agent sys-
tems, including developing more robust ad hoc net-
working mechanisms that precompute the sparse
topology for MAS inference, scaling up multi-
agent systems through self-organization, and real-
izing controllable multi-agent collaborations using
the Bayesian Theory of Mind model to supervise
communication processes. Furthermore, Improv-
ing the confidence calibration of individual agents
through methods such as temperature scaling or
Bayesian calibration may further enhance the relia-
bility of the ToM-inspired benefit predictor on het-
erogeneous knowledge benchmarks. Moreover, ex-
tending training-free and self-organizational multi-
agent systems to broader multimodal domains and
diverse real-world tasks such as web search is also
promising for future research.

8



Limitations

Our work focuses on achieving efficient LLM-
based multi-agent systems through consensus-
based agent teaming and heuristic edge pruning
for sparse communication. While our approach
demonstrates promising results, several limitations
should be acknowledged.

Confidence Quantification In our current imple-
mentation, an agent’s confidence for a given re-
sponse is calculated as the average token probabil-
ity across output tokens. However, this represents a
simplified measure of uncertainty. Alternative con-
fidence quantification methods, such as entropy (Si
et al., 2022) and Chain-of-Embeddings (Wang
et al., 2024), may provide more accurate uncer-
tainty estimates and warrant further investigation.

Extension to Real-World Scenarios We validate
CONCAT on three common domains: mathematics,
general reasoning, and code generation. However,
the generalizability of CONCAT to other complex
benchmarks, such as GAIA (Mialon et al., 2023),
requires further verification. Additionally, our
current implementation uses predefined, domain-
specific agent roles that remain fixed throughout
execution. Consequently, applying CONCAT to
new domains necessitates careful design of targeted
roles through prompt engineering, which may re-
quire domain expertise and iterative refinement.
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A Related Work

LLM-Based Multi-Agent System LLM-based
multi-agent systems have emerged as a promis-
ing paradigm for solving complex tasks through
collaborative intelligence, primarily adopting two
architectural patterns: orchestrator-worker and dis-
tributed collaboration. In orchestrator-worker ar-
chitectures, a central planner agent decomposes
complex tasks into manageable subtasks and coor-
dinates specialized worker agents to complete their
respective responsibilities. Magnetic-One (Four-
ney et al., 2024) employs a dedicated orchestra-
tor agent that dynamically plans task execution
and delegates subtasks to domain-specific agents
with heterogeneous capabilities. Hong et al. (Hong
et al., 2023) propose MetaGPT, an innovative meta-
programming framework that encodes standardized
operating procedures into prompt sequences, en-
abling agents with human-like domain expertise to
verify intermediate results through an assembly line
paradigm. AgentOrchestra (Zhang et al., 2025b)
enhances orchestration flexibility by allowing the
planner to adaptively adjust agent compositions and
workflow structures based on task requirements and
intermediate execution feedback.

In contrast, distributed multi-agent architectures
formalize collaboration through decentralized com-
munication patterns without centralized control.
GPTSwarm (Zhuge et al., 2024) represents multi-
agent systems as temporal-spatial directed acyclic
graphs, where different agents serve as distributed
nodes that communicate and collaborate through
graph edges, enabling flexible information flow
and parallel task execution. This graph-based for-
malization allows agents to interact dynamically
based on task dependencies and information re-
quirements, supporting more scalable and fault-
tolerant collaboration patterns compared to central-
ized orchestration approaches.

Efficient LLM-Based Multi-Agent System Re-
cent research has explored various strategies to
improve the efficiency of LLM-based multi-agent
systems. For orchestrator-worker architectures, sev-
eral approaches focus on optimizing the central co-
ordination mechanism and execution paradigm. Ye
et al. (2025b) propose MAS-GPT, which trains a
32B model to generate complete multi-agent sys-
tems adaptively for different queries, achieving ef-
ficiency through single-inference generation rather
than iterative planning. Puppet (Dang et al., 2025)
enhances coordination flexibility through an evolv-

ing orchestration mechanism that dynamically ad-
justs agent workflows based on intermediate execu-
tion states. Zhang et al. (2025a) propose to utilize
parallel plan execution in M1-Parallel, which simul-
taneously runs different workflow plans and selects
the fastest completion to reduce overall latency.

In contrast, distributed multi-agent systems have
witnessed efficiency improvements through graph-
based communication optimization and KV-cache
management techniques. AgentPrune (Zhang et al.,
2024) reduces communication overhead by employ-
ing graph neural networks to learn and prune un-
necessary communication edges in the agent inter-
action topology. Wang et al. (2025a) propose to uti-
lize dynamic agent elimination strategies in Agent-
Dropout, which removes redundant nodes and their
associated communications to minimize token con-
sumption while preserving collaboration effective-
ness. Li et al. (Ye et al., 2025a) introduce KV-
COMM, an online cross-context KV-cache commu-
nication mechanism that enables efficient sharing
and reuse of cached representations across agents,
avoiding redundant processing of shared contextual
information.

Despite these advances, existing graph-based
communication optimization methods for dis-
tributed multi-agent systems face critical limita-
tions. These approaches are typically designed
for specific topology structures and require train-
ing graph neural networks on task-specific datasets
with carefully annotated communication patterns.
This training-based paradigm suffers from pro-
longed training time, limited generalization to un-
seen task distributions and agent configurations,
and persistent redundant communications that re-
main even after optimization. Additionally, orches-
trator improvement methods necessitate large-scale,
high-quality datasets capturing diverse multi-agent
interactions and substantial training resources,
while parallel inference acceleration incurs high
computational costs with weak controllability over
efficiency-resource trade-offs, collectively limiting
their practical applicability across diverse applica-
tion scenarios.

Theory of Mind in Multi-Agent Systems The-
ory of Mind (ToM) (Premack and Woodruff, 1978)
refers to the ability to attribute mental states, includ-
ing beliefs, desires, and intentions, to oneself and
others. Recent work has explored leveraging ToM
in LLM-based multi-agent systems to improve co-
ordination. Li et al. (2023) evaluate LLM agents
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in cooperative text games requiring ToM inference,
revealing that explicit ToM modeling can improve
collaborative task performance. Cross et al. (2025)
scaffold ToM reasoning for multi-agent tasks, en-
abling LLMs to hypothesize about other agents’
states and coordinate more effectively. More recent
work (Mu et al., 2026) proposes adaptive ToM for
real-time multi-agent coordination, while Shi et al.
(2025) extends ToM evaluation to multimodal em-
bodied settings via a dedicated benchmark. Kostka
and Chudziak (2025) provide a systematic evalua-
tion of BDI-based ToM architectures in multi-agent
LLM systems. Distinct from these approaches that
directly model agent intent, CONCAT employs a
lightweight ToM-inspired heuristic (Baker et al.,
2017) to predict communication benefit without ex-
plicit mental state representation, enabling efficient
training-free topology optimization.

LLM Conformity The conformity behavior of
large language models, where LLMs adjust their
responses based on information from previous in-
teractions or peer outputs, has recently attracted
research attention due to its implications for multi-
agent collaboration. Zhu et al. (2025) investigate
conformity in large language models and reveal
that repeated wrong answers can mislead LLMs
from correct responses to incorrect ones, while
LLMs with confident initial responses tend to re-
sist conforming to alternative answers. Do as We
Do (Weng et al., 2024) explores how LLMs con-
form or resist conforming according to the consis-
tency of previous discussions, demonstrating that
larger models exhibit less conformative tenden-
cies and maintain their original judgments more
robustly. Both studies identify critical factors influ-
encing conformity, including response confidence,
answer repetition frequency, and model scale. How-
ever, existing investigations primarily employ rigid
experimental settings that present LLMs with ei-
ther unanimous consensus or controlled opposi-
tion scenarios, largely ignoring realistic situations
where models are provided with multiple diverse
answers or mixed signals containing both correct
and incorrect information. This limitation restricts
our understanding of how LLMs navigate complex,
heterogeneous information landscapes in practical
multi-agent systems, where agents may produce
varied outputs with different confidence levels and
correctness.

B Algorithmic Description of CONCAT

Algorithm 1 describes the workflow of our pro-
posed framework, CONCAT.

C ToM-based Collaboration Benefit
Prediction

The algorithm classifies the inter-agent relationship
based on answer similarity, distinguishing between
supporters (sjk ≥ θsim) and challengers. For each
case, the effective signal strength ĉj captures how
strongly agent vj’s signal challenges or supports
agent vk:

ĉj =

{
cj · sjk if SUPPORTER
cj · (1− sjk) if CHALLENGER

(15)

Challenger case. The benefit formula is derived
from a Bayesian Expected Utility of Communica-
tion (EUC) framework (Baker et al., 2017), lin-
earized via Taylor expansion around ĉj = 0.5:

bj→k = 4ck(1−ck) · ĉj︸ ︷︷ ︸
correction gain

− 0.2 · 1 + 2ck
2 + 2ck + 2ĉj︸ ︷︷ ︸

inertia discount

+ 0.2 · (1−ck)︸ ︷︷ ︸
epistemic openness

,

(16)
The coefficient 4ck(1−ck) is the derivative of

the exact EUC formula at ĉj=0.5, capturing the
intuition that agents with moderate confidence are
most receptive to correction. The inertia discount
pstay = 1+2ck

2+2ck+2ĉj
is the Beta-Binomial posterior

mean (Gelman et al., 2013), modeling LLM an-
choring effects (Tversky and Kahneman, 1974).
The epistemic openness term (1−ck) follows Value
of Information theory (Howard, 1966): uncertain
agents gain more from additional signals. The ben-
efit threshold τmin = 0 is theoretically justified by
the exact EUC formula (Appendix F): bj→k < 0
when the source signal ĉj falls below the focal
agent’s correction threshold ĉ∗j (ck), meaning com-
munication is predicted to reduce expected correct-
ness. Negative-benefit edges are therefore abso-
lutely filtered regardless of the percentile cutoff
p.

Supporter case. When vj agrees with vk (sjk ≥
θsim), the benefit quantifies confidence reinforce-
ment:

bj→k = α · (ĉj − ck), ĉj = cj · sjk (17)
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A supporter with higher effective confidence than
vk provides positive value; an uncertain supporter
yields negative benefit.

This lightweight heuristic contains a single em-
pirical parameter α = 0.2, selected via hyperpa-
rameter search in §4.4. It operates purely on ob-
servable signals without training data, and is moti-
vated by the empirical finding that dissent strength
predicts collaboration benefit with ROC-AUC of
0.74–0.86, as shown in Figure 3. The full theoret-
ical derivation, covering the exact EUC formula,
three strict propositions, Taylor linearization, and
Beta-Binomial conjugate update, is provided in
Appendix F.

D Collaboration Outcome Labels

Table 4 defines the four collaboration outcome cat-
egories used in Figure 2 and for computing the
helpful/not-helpful binary label in Figure 3. Each
agent pair is classified solely by the focal agent’s
answer correctness before (S1) and after (S2) col-
laboration, without reference to confidence scores.

Table 4: Collaboration outcome categories based on
answer correctness transition.

S1 correct S2 correct Category Helpful?

No Yes Wrong→Correct Yes

Yes Yes Correct→Correct No

No No Wrong→Wrong No

Yes No Correct→Wrong No

E Supplementary Implementation Details

For Llama-3-8B-Instruct, Qwen2.5-14B-Instruct,
and Qwen2.5-72B-Instruct, we configure the maxi-
mum sequence length for model outputs to 32,768
tokens. For CONCAT, we set the edge retention
rate as 0.7 and the code similarity threshold for
clustering as 0.45. The clustering algorithm on the
code generation task is hierarchical clustering. For
SC-CoT, five responses for each question are sam-
pled for majority voting. For multi-agent methods,
we utilize a unified setting with five agents and
two-round collaboration. The answer aggregation
prompts on MMLU, GSM8K, and HumanEval are
shown in Figure 6, 7, and 8.

F Theoretical Derivation of the Benefit
Predictor

This appendix provides the complete mathemati-
cal derivation underlying the ToM-based benefit
predictor in Algorithm 2.

F.1 Problem Setup and Assumptions
For a focal agent vk with confidence ck and a
source agent vj with effective signal strength ĉj
(Eq. of the Challenger case), we define the Ex-
pected Utility of Communication (EUC):

bexact
j→k ≜ E[U | sj ]− E[U ] (18)

where U is a 0-1 utility that equals 1 if vk an-
swers correctly. The key assumptions are: (A1)
ci ≜ Pi(ai = a∗): we interpret confidence as a
proxy for the subjective probability of correctness;
in practice, ci is computed as the average token
probability of the response (see §3.2), which serves
as an empirical approximation of this quantity;
(A2) vk makes a binary choice between {ak, aj};
(A3) conditional independence of beliefs given a∗;
(A4) vk uses cj as its estimate of vj’s correctness,
following first-order ToM (Baker et al., 2017).

F.2 Exact EUC Formula (Challenger Case)
Before communication: E[U ]before = ck.

After observing vj’s signal, vk performs
Bayesian belief update. Two hypotheses compete:

Hypothesis Prior Likelihood Joint

ak correct ck (1− ĉj) ck(1− ĉj)
aj correct (1− ck) ĉj (1− ck)ĉj

The normalization factor is Z = ck(1 − ĉj) +
(1− ck)ĉj . The Bayesian-optimal decision chooses
the larger posterior:

bexact
j→k =

max
(
ck(1− ĉj), (1− ck)ĉj

)
Z

−ck (19)

Proposition 1 (Sign): bexact
j→k > 0 ⇐⇒ ĉj >

ĉ∗j (ck), where the threshold

ĉ∗j (ck) =
c2k

1− 2ck + 2c2k

is a monotonically increasing function of ck that
equals ck only at ck = 0.5. When ck > 0.5, the
threshold exceeds ck: a highly confident focal agent
requires a correspondingly stronger challenge sig-
nal to benefit. When ck < 0.5, the threshold falls
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Figure 6: MMLU Answer Aggregation Prompt

System Prompt:
You are the top decision-maker and are good at analyzing and summarizing other people's opinions,
finding errors and giving final answers.

I will ask you a question. I will also give you 4 answers enumerated as A, B, C and D. Only one
answer out of the offered 4 is correct. You must choose the correct answer to the question. Your
response must be one of the 4 letters: A, B, C or D, corresponding to the correct answer. I will
give you some other people's answers and analysis. Your reply must only contain one letter and
cannot have any other characters. For example, your reply can be A.

User Prompt:
{few-shot examples} The task is: {question}. At the same time, the output of other agents is as
follows: {agent responses}

Figure 7: GSM8K Answer Aggregation Prompt

System Prompt:
You are the top decision-maker. Good at analyzing and summarizing mathematical problems, judging
and summarizing other people's solutions, and giving final answers to math problems.

You will be given a math problem, analysis and code from other agents. Please find the most
reliable answer based on the analysis and results of other agents. Give reasons for making
decisions. The last line of your output contains only the final result without any units, for
example: The answer is 140

User Prompt:
{few-shot examples} The task is: {question}. At the same time, the output of other agents is as
follows: {agent responses}

Figure 8: HumanEval Answer Aggregation Prompt

System Prompt:
You are the top decision-maker and are good at analyzing and summarizing other people's opinions,
finding errors and giving final answers. And you are an AI that only responds with only python
code.

You will be given a function signature and its docstring by the user. You may be given the
overall code design, algorithm framework, code implementation or test problems. Write your full
implementation (restate the function signature). If the prompt given to you contains code that
passed internal testing, you can choose the most reliable reply. If there is no code that has
passed internal testing in the prompt, you can change it yourself according to the prompt. Use a
Python code block to write your response. For example:
```python
print('Hello world!')
```
Do not include anything other than Python code blocks in your response.

User Prompt:
The task is: {question}. At the same time, the outputs and feedbacks of other agents are as
follows: {agent responses with test results}

below ck: an uncertain focal agent benefits even
from a moderately confident dissenter.
Proposition 2 (Monotonicity): bexact

j→k is monotoni-
cally increasing in ĉj and monotonically decreasing

in ck.
Proposition 3 (Zero point): bexact

j→k = 0 ⇐⇒ ĉj =
ĉ∗j (ck).

These propositions justify setting τmin = 0: by
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Proposition 1, edges with bj→k < 0 correspond
to source signals too weak to overcome the fo-
cal agent’s prior, and are therefore predicted to
be harmful or neutral on average.

F.3 Taylor Linearization
The exact formula is numerically unstable when
ck → 1 because the denominator Z → 0. It also
does not model LLM anchoring effects (Tversky
and Kahneman, 1974). We expand around ĉj =
0.5:

bexact
j→k ≈ (1− 2ck)+4ck(1− ck) · (ĉj − 0.5) (20)

The coefficient 4ck(1 − ck) has an elegant in-
terpretation: it is maximized at ck = 0.5, where
the agent is most receptive to correction, and ap-
proaches 0 as ck → 0 or ck → 1, where extreme
confidence makes the agent insensitive to chal-
lenges. Absorbing the constant −2ck(1− ck) into
the intercept and simplifying gives the correction
gain term 4ck(1− ck) · ĉj in Eq. 8.

F.4 Beta-Binomial Inertia Discount
LLMs exhibit anchoring effects: even when ĉj >
ck, the agent does not always switch answers. We
model the probability of vk maintaining its answer
via Beta-Binomial conjugate updating (Gelman
et al., 2013):

• Prior strength: α0 = 1 + 2ck, where con-
fidence acts as an equivalent prior sample
count.

• Challenge evidence: β0 = 1 + 2ĉj , where
challenge strength acts as equivalent counter-
evidence.

• Posterior mean: pstay = 1+2ck
2+2ck+2ĉj

.

When ck is high, pstay is large and the agent is
harder to dislodge. When ĉj is high, pstay is small
and a strong challenge overcomes inertia. This is
consistent with empirical conformity findings (Zhu
et al., 2025).

F.5 Epistemic Openness Term
By Value of Information (VoI) theory (Howard,
1966), an agent with higher uncertainty bene-
fits more from additional information. The term
(1− ck) directly proxies vk’s epistemic uncertainty,
providing a floor for communication benefit even
when ĉj is not particularly high. Combining all
components with empirical weight α = 0.2, se-
lected via hyperparameter search in §4.4, gives the
final Challenger formula in Eq. 8.

G Token Consumption

As shown in Table 5, CONCAT consumes sub-
stantially fewer tokens than full-communication
baselines across all three benchmarks. On average,
CONCAT uses 1.9M total tokens on Llama-3-8B-
Instruct, representing a 45.7% reduction compared
to LLM-Debate (3.5M) and a 48.6% reduction com-
pared to Vanilla MAS Layered (3.7M). The savings
are most pronounced on GSM8K, where CON-
CAT’s 5.1M total tokens compare favorably against
LLM-Debate’s 8.9M and Vanilla MAS Layered’s
9.6M. Among all MAS methods, AgentDropout
(Chain) achieves the second-lowest token consump-
tion (1.7M avg.) owing to its sparse topology, yet
CONCAT surpasses it in efficiency by maintaining
higher average accuracy (64.97% vs. 65.79%) with
a lower-latency communication schedule.
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Method Topology
MMLU GSM8K HumanEval Avg.

Ptok. Ctok. Ttok. Ptok. Ctok. Ttok. Ptok. Ctok. Ttok. Ptok. Ctok. Ttok.

CoT - 21K 12K 32K 634K 149K 783K 18K 6K 24K 224K 56K 280K
SC-CoT - 103K 46K 149K 3.2M 751K 3.9M 146K 39K 185K 1.1M 279K 1.4M
LLM-Debate Debate 566K 106K 673K 7.2M 1.7M 8.9M 619K 190K 808K 2.8M 656K 3.5M

Vanilla MAS

Star 613K 94K 708K 8.1M 1.7M 9.8M 529K 114K 643K 3.1M 633K 3.7M
Chain 427K 104K 531K 6.2M 1.7M 7.9M 392K 149K 542K 2.3M 654K 3.0M
Random 527K 98K 626K 6.9M 1.8M 8.7M 567K 180K 747K 2.7M 687K 3.4M
Layered 634K 100K 734K 7.7M 1.9M 9.6M 666K 173K 839K 3.0M 716K 3.7M
FullConnected 686K 98K 784K 8.2M 1.7M 9.9M 828K 194K 1.0M 3.2M 670K 3.9M

AgentDropout

Star 302K 62K 364K 5.0M 1.3M 6.4M 376K 104K 480K 1.9M 498K 2.4M
Chain 210K 59K 269K 3.4M 1.1M 4.5M 188K 96K 284K 1.3M 405K 1.7M
Random 271K 57K 328K 4.2M 1.1M 5.3M 337K 113K 450K 1.6M 421K 2.0M
Layered 297K 59K 356K 4.5M 1.1M 5.6M 348K 114K 462K 1.7M 440K 2.1M
FullConnected 328K 56K 384K 5.0M 1.3M 6.3M 447K 127K 574K 1.9M 491K 2.4M

CONCAT (ours) Hybrid 253K 66K 319K 4.0M 1.1M 5.1M 227K 95K 322K 1.5M 413K 1.9M

Table 5: Token consumption comparison on Llama-3-8B-Instruct. Ptok. = prompt tokens, Ctok. = completion
tokens, Ttok. = total context length.
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Algorithm 1 CONCAT: Consensus- and Confidence-Driven Ad Hoc Teaming for Multi-Agent Systems

Require: Query q, Agent set A = {a1, a2, . . . , aN}, Number of rounds m, Pruning percentile p, Benefit
threshold τmin

Ensure: Final answer ŷ
1: // Round 0: Independent Answer Generation (Hello Packet)
2: for each agent ai ∈ A do
3: (r

(0)
i , c

(0)
i )← ai(q) {Generate answer r(0)i and confidence c

(0)
i }

4: end for
5: // Round 1 to m− 1: Iterative Leader Debate with ToM-based Pruning
6: for t = 1 to m− 1 do
7: // Step 1: Answer Clustering
8: C(t) ← ClusterBySimilarity({r(t−1)

i }Ni=1) {Group agents by answer similarity}
9: // Step 2: Leader Selection

10: L(t) ← ∅ {Initialize leader set}
11: for each cluster Cj ∈ C(t) do
12: lj ← argmaxai∈Cj c

(t−1)
i {Select agent with highest confidence}

13: L(t) ← L(t) ∪ {lj}
14: end for
15: // Step 3: ToM-based Collaboration Benefit Prediction (Parallel)
16: B(t) ← ∅ {Initialize benefit matrix}
17: for each leader pair (lj , lk) ∈ L(t) × L(t) where j ̸= k in parallel do
18: // Apply Theory of Mind heuristic:
19: // 1. Classify lj as supporter or challenger of lk based on answer similarity
20: // 2. Compute Bayesian posterior belief and correction potential
21: // 3. Weight by confidence values
22: bj→k ← ToM-Predict(r(t−1)

k , c
(t−1)
k , r

(t−1)
j , c

(t−1)
j ) {Predict collaboration benefit}

23: B(t) ← B(t) ∪ {((lj , lk), bj→k)}
24: end for
25: // Step 4: Benefit-based Edge Pruning
26: τ (t) ← max

(
Percentile({b | (e, b) ∈ B(t)}, p× 100), τmin

)
27: E(t) ← {(lj , lk) | ((lj , lk), bj→k) ∈ B(t), bj→k ≥ τ (t)} {Keep high-benefit edges only}
28: // Step 5: Construct Sparse Leader Debate Topology
29: for each leader lk ∈ L(t) do
30: R(t)

k ← {r
(t−1)
j | (lj , lk) ∈ E(t)} {Collect answers from beneficial leaders only}

31: end for
32: // Step 6: Leader Answer Refinement
33: for each leader lj ∈ L(t) do
34: (r

(t)
j , c

(t)
j )← lj(q,R(t)

j ) {Refine answer via selective debate}
35: end for
36: // Non-leaders maintain their previous answers
37: for each agent ai /∈ L(t) do
38: (r

(t)
i , c

(t)
i )← (r

(t−1)
i , c

(t−1)
i )

39: end for
40: end for
41: // Final Aggregation
42: ŷ ← Aggregate({r(m−1)

i }Ni=1) {E.g., majority voting or LLM summarization}
43: return ŷ
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Algorithm 2 ToM-based Collaboration Benefit Prediction
Require: Target agent’s answer rk and confidence ck, Source agent’s answer rj and confidence cj ,

Similarity threshold θsim, Weight parameter α
Ensure: Collaboration benefit bj→k ∈ R

1: // Step 1: Classify relationship via answer similarity
2: sjk ← Similarity(rj , rk) {Compute answer similarity}
3: if sjk ≥ θsim then
4: type← SUPPORTER
5: else
6: type← CHALLENGER
7: end if
8: // Step 2: Compute effective signal strength
9: if type = SUPPORTER then

10: ĉj ← cj · sjk {Supporter: high similarity amplifies effective confidence}
11: bj→k ← α · (ĉj − ck) {Confidence reinforcement (Supporter formula)}
12: else
13: ĉj ← cj · (1− sjk) {Challenger: high dissimilarity amplifies effective challenge strength}
14: // Step 3: Beta-Binomial inertia discount (Bayesian posterior mean)
15: pstay ← 1+2ck

2+2ck+2ĉj
{Probability of vk maintaining current answer}

16: // Step 4: Challenger benefit (Taylor-linearized EUC formula)
17: bj→k ← 4ck(1− ck) · ĉj − α · pstay + α(1− ck) {Correction gain − inertia discount + epistemic

openness}
18: end if
19: return bj→k {Negative values indicate predicted harmful communication}

19


	Introduction
	Background
	Task Definition
	Observation 1: Ineffective Collaboration
	Observation 2: Predictability of Collaboration Effectiveness

	Method
	Overview
	Phase 1: Initialization
	Phase 2: Ad Hoc Teaming
	Final Answer Aggregation

	Experiment
	Experiments Setup
	Main Result
	Ablation Study
	Hyperparameter Sensitivity Analysis

	Conclusion
	Related Work
	Algorithmic Description of CONCAT
	ToM-based Collaboration Benefit Prediction
	Collaboration Outcome Labels
	Supplementary Implementation Details
	Theoretical Derivation of the Benefit Predictor
	Problem Setup and Assumptions
	Exact EUC Formula (Challenger Case)
	Taylor Linearization
	Beta-Binomial Inertia Discount
	Epistemic Openness Term

	Token Consumption

