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ABSTRACT
Modeling cooperation and coordination among LLM-based agents
in multi-round decision making environments is a central challenge
in artificial intelligence and operations management. Traditional
behavioral experiments have demonstrated that cognitive biases
can generate systemic inefficiencies, but such approaches are costly,
difficult to scale, and limited in their ability to control individ-
ual heterogeneity. We propose a new experimental paradigm that
employs LLM-based agents to simulate multi-stage supply chain de-
cision making. The results indicate that LLM agents exhibit myopic
and self-interested behavior that amplifies supply chain inefficien-
cies, while information sharing emerges as an effective mitigating
mechanism. This study extends behavioral operations research by
demonstrating how LLM-based agents can both reproduce and illu-
minate emergent coordination failures, highlighting their potential
and limitations as tools for studying complex human like decision
making in supply chains.
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1 INTRODUCTION
Human subject experiments are central to behavioral science and
have generated key insights into complex decision making. Classic
studies such as the Beer Distribution Game show how cognitive
biases and bounded rationality lead to systemic inefficiencies, in-
cluding the bullwhip effect in supply chains [7, 8, 25, 26]. However,
traditional experimental approaches are constrained by high costs,
limited scalability, and difficulties in controlling individual hetero-
geneity, which restrict reproducibility and generalizability [11].

Recent advances in large language models offer a promising
paradigm for behavioral research [2, 9, 18, 20, 21, 28, 30]. As compu-
tational subjects, LLM agents enable reproducible experiments with
precise control over individual characteristics [3, 4, 6, 12, 14, 23, 24,
27]. Existing studies show that LLMs can reproduce human like
behavior in classic games, but they largely focus on static or one
shot interactions [1, 16, 29]. How such agents perform in complex
multi round strategic environments as well as the significant impact
that cognitive heterogeneity can have on group dynamics remains
insufficiently understood [5, 9, 13, 17, 19, 22, 24].

To address this gap, we deploy LLM agents in the Beer Distri-
bution Game where small demand fluctuations can be amplified.
We vary agent sophistication across supply chain tiers and conduct
extensive multi round simulations with robust statistical valida-
tion. This design allows us to examine how strategic heterogeneity
shapes the bullwhip effect and to evaluate interventions such as
information sharing that aim to improve collective performance.

2 PRELIMINARIES
Our investigation is grounded in the canonical Beer Game [7, 10, 15].
Each simulated supply chain team consists of four agents, each man-
aging a specific stage: retailer (S1), wholesaler (S2), distributor (S3),
and manufacturer (S4). Across 𝑇 discrete periods, agents interact
with their immediate upstream and downstream partners to man-
age inventory and fulfill external demand. The evolution of the
system is governed by explicit update rules for shipments (𝑆𝑖,𝑔𝑡 ) and

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

3178

https://doi.org/10.65109/SZPU6292
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/SZPU6292


Table 1: Comparison of order variance between LLM agent replications and human benchmark studies.

DeepSeek-Original DeepSeek-Overall ChatGPT-Original ChatGPT-Overall UTD UW-Mad.

Mean (S.D.) Med. Mean (S.D.) Med. Mean (S.D.) Med. Mean (S.D.) Med. Mean (S.D.) Med. Mean (S.D.) Med.

W/O IS 39.43 (65.14) 18.73 29.43 (63.54) 12.29 58.45 (89.86) 23.07 31.42 (46.09) 13.88 8434 (27620) 20.46 1148 (6609) 30.91
W/ IS 20.15 (29.88) 11.12 17.71 (27.00) 9.50 40.39 (71.44) 20.70 13.72 (9.09) 11.88 4347 (21671) 17.58 4647 (22490) 19.83

𝑝-value 0.001 <0.001 0.029 0.042 0.067 0.044 0.001 0.018 0.184 0.221 0.116 0.048
Test 𝑡-test M.W. 𝑡-test M.W. 𝑡-test M.W. 𝑡-test M.W. 𝑡-test M.W. 𝑡-test M.W.

Data for the UTD and UW-Mad. columns are from Davis (2023) [10]. In addition, the 𝑝-values of the M.W. test in the classic human study and a prior replication using ChatGPT-4
are 0.028 and 0.573, respectively [7] [15].

inventory levels (𝐼 𝑖,𝑔𝑡 ), where the order quantity 𝑂𝑖,𝑔

𝑡 is the primary
decision variable for agent 𝑖 in team 𝑔. The operational equations
are given by:

𝑆
𝑖,𝑔

𝑡 =


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for 𝑖 = 4,

with corresponding inventory updates, where negative inventory
represents a backlog:

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,𝑔

𝑡−2 for 𝑖 = 2, 3,
𝐼
𝑖,𝑔

𝑡−1 +𝑂
𝑖,𝑔

𝑡−3 −𝑂
𝑖,𝑔

𝑡−2 for 𝑖 = 4.

The cost for a participant at stage 𝑖 is given by:

𝐶𝑖 (𝑇 ) =
𝑇∑︁
𝑡=1

[
ℎ𝑖 max

{
𝐼 𝑖𝑡 , 0

}
− 𝑠𝑖 min

{
𝐼 𝑖𝑡 , 0

}]
where𝐶𝑖 (𝑇 ) is the total cost for the participant at stage, and ℎ𝑖 and
𝑠𝑖 are their respective unit holding and backlog costs.

We develop a Hierarchical Reasoning Framework in which strate-
gic thinking unfolds across cognitive layers of increasing sophis-
tication. We established a shallow tier using DeepSeek-V3 and
ChatGPT-4.1 to represent baseline decision-making, and a cogni-
tively deep tier withDeepSeek-R1 and the cutting-edgeChatGPT-
5 to represent advanced reasoning. Every experiment is replicated
32 times over 20 periods, consistent with previous study [10, 15].
All agents adopt Chain-of-Thought prompting to generate struc-
tured and transparent decisions. Empirical evidence indicates that
outcomes are robust to temperature variation across models [9],
supporting our use of a uniform sampling temperature of 1.

Our experiments feature two conditions. Homogeneous condi-
tions establish baselines: Original (all four stages staffed by shallow
agents) and R-Overall (all four stages staffed by deep agents). Hi-
erarchical conditions test heterogeneity by placing a single deep
agent in an otherwise shallow team at the Retailer (R-S1), Whole-
saler (R-S2), Distributor (R-S3), or Manufacturer (R-S4) stage.

3 EXPERIMENT
We begin by assessing whether diverse LLM agents can replicate
the classic bullwhip effect in supply chain management. As shown
in Table 1, information sharing significantly reduces order variance

across all configurations, with statistical significance confirmed by
the Mann–Whitney U test. These findings suggest that LLM agents
can reproduce key features of human decision-making behavior in
complex environments.

To further investigate underlying mechanisms, we conduct a
micro-level analysis using a regression model adapted from Ster-
man [26]:

𝑂
𝑖𝑔

𝑡 = 𝑎0 + 𝑎𝐼 𝐼
𝑖𝑔

𝑡−1 + 𝑎𝑅𝑅
𝑖𝑔

𝑡 + 𝑎𝑆𝑆
𝑖𝑔

𝑡 + 𝑎𝑁𝑁
𝑖𝑔

𝑡 + 𝑎𝑡 𝑡 + 𝜀,

where 𝐼
𝑖𝑔

𝑡−1 denotes prior inventory, 𝑅𝑖𝑔𝑡 represents downstream
orders, 𝑆𝑖𝑔𝑡 is shipments to the customer, 𝑁 𝑖𝑔

𝑡 captures total out-
standing orders, and 𝑡 accounts for time trends. The coefficient
𝑎𝑁 is key to evaluating supply line integration. Rational behavior
implies 𝑎𝑁 = 𝑎𝐼 , while myopic reasoning predicts 𝑎𝑁 > 𝑎𝐼 . Our
results consistently show 𝑎𝑁 > 𝑎𝐼 in all conditions (𝑝 < 0.001, sign
test, 𝑁 = 128), closely aligning with human behavioral patterns
reported in [7]. This suggests that LLM agents exhibit a similar
tendency toward myopic underweighting of the supply line.

While myopia accounts for the agent’s limited perception of
system dynamics, it does not fully explain the rationale behind its
decisions. A complementary explanation is that agents exhibit self-
interested behavior[1], optimizing their local performance at the
expense of global efficiency. Figure 1 illustrates the cost pattern of
DeepSeek under information isolation as an example. Enhancing
a single upstream agent reduces its stage-level cost but leads to
an increase in the total supply chain cost compared to the original
configuration. Information sharing corrects thismisalignment
by synchronizing local and system-level objectives, and the
lowest total cost is observed only when information sharing is
combined with universal agent enhancement.

Figure 1: DeepSeek’s total and average stage-level costs under
information isolation, presented as a representative example
due to space limitations.
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