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ABSTRACT
Effective collaboration is essential for mitigating market volatility,
yet complete information sharing among partners is often imprac-
tical. By employing diverse Large Language Models as autonomous
agents, we design controlled experiments in which information is
shared only among subsets of enterprises, approximating realistic
business environments. Our results reveal a counterintuitive find-
ing: partial information sharing can generate system level benefits
comparable to those achieved under full transparency. We further
compare agent behavior and identify differences in decision stabil-
ity. DeepSeek exhibiting the most consistent performance, followed
by Qwen and Llama. Finally, experiments within a Llama based
environment show that introducing a higher capability model can
improve both stability and aggregate performance. Overall, our
study provides a scalable experimental framework for artificial so-
ciety modeling and demonstrates the potential of LLM-based agent
simulations for investigating complex socio economic systems.
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1 INTRODUCTION
Effective collaboration is central to modern socio economic systems,
especially in global supply chains where timely information sharing
helps mitigate market volatility [5, 11, 21]. In practice, however,
inter firm collaboration is constrained by information leakage risks
and limited trust, rendering complete information sharing infeasi-
ble [2, 18, 26, 27]. As a result, partial information sharing emerges
as a pervasive yet insufficiently understood organizational form.
Modeling such environments remains challenging, as analytical
approaches rely on strong simplifying assumptions and human sub-
ject experiments face scalability and cost constraints, limiting their
ability to capture dynamic multi stage decision making [12, 16, 28].

Recent advances in Large LanguageModels offer a new paradigm
for agent-based simulation of complex social systems [3, 4, 7, 8, 10,
15, 23]. Prior work demonstrates that LLM-based agents can repro-
duce human decision patterns and strategic reasoning in classical
game theoretic settings [13, 17, 22]. Nevertheless, existing studies
largely focus on simple or static games, falling short of the dynamic
and repeated nature of complex scenarios [1, 14, 19, 24, 25, 29].

To fill this gap, we develop a multi stage supply chain simulation
populated by heterogeneous LLM agents. By deploying diverse
agents, we capture heterogeneity in decision capabilities. Extensive
multi round experiments allow us to examine how information
structures and agent heterogeneity jointly shape collective out-
comes in complex socio economic systems.

2 PRELIMINARIES
We model the supply chain as a society of firms to study coordi-
nation mechanisms, with an emphasis on information sharing (IS).
We instantiate this artificial society in the canonical Beer Game
framework [6, 9], which provides a standardized and empirically
grounded testbed. Each society comprises four agents representing
the retailer (S1), wholesaler (S2), distributor (S3), and manufacturer
(S4), interacting over 𝑇 periods. Shipments 𝑆𝑖,𝑔𝑡 and inventories 𝐼 𝑖,𝑔𝑡
evolve according to the Beer Game dynamics, where the primary
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Figure 1: Performance of hybrid agent teams (D-Llama and Q-Llama) in partial IS scenarios. Left panels show stable order
dynamics. Right panels compare order variance of the hybrid teams (blue) against a pure Qwen baseline (orange), revealing
highly similar performance profiles.
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𝐼
𝑖,𝑔

𝑡 =


𝐼
𝑖,𝑔

𝑡−1 + 𝑆
𝑖+1,𝑔
𝑡−2 − 𝐷𝑡 for 𝑖 = 1,

𝐼
𝑖,𝑔

𝑡−1 + 𝑆
𝑖+1,𝑔
𝑡−2 −𝑂

𝑖−1,𝑔
𝑡−2 for 𝑖 = 2, 3,

𝐼
𝑖,𝑔

𝑡−1 +𝑂
𝑖,𝑔

𝑡−3 −𝑂
𝑖−1,𝑔
𝑡−2 for 𝑖 = 4.

Each agent minimizes its individual total cost, defined as inventory
holding cost plus backlog cost.

We populate societies with open source LLM agents from distinct
model families and scales, namely DeepSeek-V3.1, Qwen 2.5-
32B, and Llama 3.1-8B. All agents operate with temperature 1 for
consistency, following prior large scale scenario experiments [7].
Our design varies both agent composition and information flow
through two experiment classes. First, in homogeneous societies,
all four agents use the same model and we evaluate five information
regimes: No IS, Full IS, and three localized Partial IS alliances
(S1-S2 IS, S2-S3 IS, S3-S4 IS). Second, in heterogeneous societies,
we conduct ensemble experiments by starting from an all Llama
3.1 baseline and replacing agents involved in a partial IS pact with
higher capability models to assess system level effects.

Each of the six configurations is independently replicated 32
times over 20 periods, consistent with previous study [9, 20]. All
agents use Chain-of-Thought (CoT) prompting to support struc-
tured and transparent decision-making.

3 EXPERIMENT
First, we validate our LLM-based simulation paradigm by demon-
strating its ability to replicate foundational behavioral patterns
observed in human experiments. Statistical analyses based on the
Mann–Whitney U test confirm that information sharing signifi-
cantly reduces order variance under all configurations, consistent

with prior experimental evidence [6]. The results but only validate
the effectiveness of full information sharing but prove that near
optimal coordination does not require perfect information. Then we
investigate if the choice of LLM is merely an implementation detail
or a critical factor that dictates the behavior of the entire multi agent
system. We performed one tailed Mann Whitney U tests on the
total order variance across all five information sharing conditions
between diverse models. As demonstrated in Table 1, DeepSeek
demonstrates significantly lower variance than both Qwen and
Llama across every scenario. Similarly, Qwen exhibits significantly
lower variance than Llama in nearly all conditions.

Table 1: Pairwise Model Stability Comparison Using One-
Tailed Mann-Whitney U Test.

Models Experimental Conditions

No IS Full IS S1-S2 IS S2-S3 IS S3-S4 IS

DeepSeek vs Llama <0.001 <0.001 <0.001 <0.001 <0.001
DeepSeek vs Qwen 0.002 <0.001 <0.001 0.002 0.002
Qwen vs Llama 0.013 0.007 0.026 0.045 0.004

Furthermore, real world organizations are typically composed of
individuals with heterogeneous capabilities. To examine whether
the performance of a less stable system be substantially improved
by introducing a small number of more capable agents, we con-
struct two hybrid societies, D-Llama and Q-Llama, by replacing
two key agents in a Llama based society with higher capability
agents respectively. As illustrated in Figure 1, both configurations
exhibit improved operational stability. The time series plots indi-
cate reduced fluctuations, while the box plot comparisons with the
homogeneous Qwen baseline reveal a counterintuitive result. The
variance distributions of the hybrid societies closely match those
of the substantially more capable, fully Qwen based society.
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