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Abstract

Modeling coordination among generative
agents in complex multi-round decision-
making presents a core challenge for Al and
operations management. Although behavioral
experiments have revealed cognitive biases be-
hind supply chain inefficiencies, traditional
methods face scalability and control limita-
tions. We introduce a scalable experimen-
tal paradigm using Large Language Models
(LLMs) to simulate multi-stage supply chain
dynamics. Grounded in a Hierarchical Rea-
soning Framework, this study specifically an-
alyzes the impact of cognitive heterogeneity
on agent interactions. Unlike prior homoge-
neous settings, we employ DeepSeek and GPT
agents to systematically vary reasoning sophis-
tication across supply chain tiers. Through rig-
orously replicated and statistically validated
simulations, we investigate how this cognitive
diversity influences collective outcomes. Re-
sults indicate that agents exhibit myopic and
self-interested behaviors that exacerbate sys-
temic inefficiencies. However, we demonstrate
that information sharing effectively mitigates
these adverse effects. Our findings extend tra-
ditional behavioral methods and offer new in-
sights into the dynamics of Al-enabled orga-
nizations. This work underscores both the po-
tential and limitations of LLM-based agents as
proxies for human decision-making in complex
operational environments.

1 Introduction

Human-subject experiments are foundational to be-
havioral science, revealing how cognitive biases
and bounded rationality shape complex decision-
making. Classic studies, such as the Beer Distri-
bution Game, have shown how these factors con-
tribute to systemic inefficiencies like the bullwhip
effect in supply chains (Sterman, 1989; Croson and
Donohue, 2006; Croson et al., 2013; Steckel et al.,
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2004). These inefficiencies incur significant real-
world costs in inventory and revenue. However,
traditional experiments face constraints in scalabil-
ity, cost, and experimental control, which restrict
their reproducibility and generalizability (Fehr and
Schmidt, 1999). These challenges necessitate al-
ternative approaches to study human-like strategic
behavior at scale.

Recent progress in Large Language Models
(LLMs) presents new avenues for behavioral re-
search (Park et al., 2023; Cui et al., 2025). As
computational agents, LLMs enable large-scale, re-
peatable experiments in which individual character-
istics can be precisely defined (Brown et al., 2020;
Schaeffer et al., 2023). Crucially, recent findings
indicate that LLLMs can align closely with human
judgment in context-sensitive evaluations, suggest-
ing they effectively capture the nuances of human
reasoning and inherent biases (Davidson, 2025).
While prior studies focus on horizontal social in-
teractions (Park et al., 2023), static games (Akata
et al., 2025), or unstructured operational tasks (Kir-
shner, 2024), they lack the institutional realism
required for complex economic environments. In
contrast, our framework integrates LLM decision
modules with a rule-based architecture to systemati-
cally evaluate multi-period behavioral biases within
a vertically structured supply chain. Consequently,
our approach moves beyond traditional settings
to offer a scalable and highly controlled alterna-
tive to human laboratory experiments. In addition,
many existing studies lack repeated statistical vali-
dation, limiting their generalizability to complex,
real-world decision-making.

To address these gaps, we deploy LLM agents
within the Beer Distribution Game, a dynamic
multi-stage supply chain simulation known for its
coordination challenges. In this setting, minor de-
mand changes can propagate and amplify, resulting
in inventory cycles and performance losses. Lever-
aging a Hierarchical Reasoning Framework, we
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Figure 1: Overview of the experimental workflow and analytical framework.

vary agent sophistication across tiers to examine
how strategic heterogeneity influences system be-
havior. Unlike prior work, we conduct multi-round
replications with rigorous statistical testing to en-
sure robust and interpretable findings (Figure 1).
Our main contributions are summarized as follows:

* We present an experimental paradigm using
LLM agents that replicates human-like behav-
ioral patterns, including the bullwhip effect,
and reveals greater decision stability and sta-
tistical clarity compared to human data.

* We show that LLLM agents exhibit myopic
decision-making, which contributes to the
bullwhip effect, aligning with observed hu-
man behavior.

* We find that self-interested behavior among
agents reduces overall system performance,
and that transparent information sharing sig-
nificantly improves coordination and miti-
gates these adverse effects.

2 Related Work

Behavioral operations research has long established
that supply chain inefficiencies, such as the bull-

1

whip effect, are deeply rooted in cognitive biases
and bounded rationality (Sterman, 1989; Fehr and
Schmidt, 1999; Croson and Donohue, 2006; Cro-
son et al., 2013; Steckel et al., 2004). To systemati-
cally investigate such phenomena, operations and
management science rely heavily on a structured
methodological paradigm: abstracting complex in-
dustrial networks into controlled operational frame-
works. This approach isolates specific mechanisms
and yields clear theoretical insights, as widely
demonstrated in studies on disruption risks, renego-
tiation dynamics, and technology adoption (Birge
et al., 2023; Katok and Tan, 2025; Ang et al., 2017;
Dong et al., 2023). However, populating these
frameworks with traditional human-subject experi-
ments introduces severe constraints in scalability,
cost, and experimental control.

LLMs offer a scalable alternative to study cog-
nitive drivers in complex systems (Brown et al.,
2020; Achiam et al., 2023; Wei et al., 2022; Scha-
effer et al., 2023; Bubeck et al., 2023; Bommasani
etal., 2021; Chen et al., 2021; Park et al., 2023). As
computational agents, LLMs successfully replicate
strategic human behavior in classic games and so-
cial dilemmas (Akata et al., 2025; Zhou et al., 2022;
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Webb et al., 2023; Argyle et al., 2023; Kosinski,
2023; Lin et al., 2021; Mei et al., 2023; Wang et al.,
2025a). Building on this capability, recent research
has rapidly expanded into organizational simula-
tion and supply chain management. For instance,
LLM-based systems are now utilized to interpret
optimization outcomes (Li et al., 2023) and facili-
tate autonomous consensus seeking to mitigate the
bullwhip effect (Jannelli et al., 2026). Concurrently,
the computational linguistics community has devel-
oped extensive frameworks to evaluate collabora-
tion and competition within large-scale multi-agent
environments (Wang et al., 2025b; Zhu et al., 2025;
Agashe et al., 2025; Huang et al., 2025).

Despite these substantial advancements, two
critical gaps remain. First, most studies focus
on static or structurally simple settings, leaving
the performance of LLM agents in highly dy-
namic, multi-period environments largely unex-
plored (Akata et al., 2025; Webb et al., 2023; Kosin-
ski, 2023). Second, existing multi-agent simula-
tions frequently deploy homogeneous agents or
treat LLMs as uniform behavioral proxies, which
obscures the impact of cognitive heterogeneity on
group dynamics (Schaeffer et al., 2023; Jia et al.,
2024; Chang et al., 2024; Lin et al., 2023; Quan
and Liu, 2024; Mannekote et al., 2025; Cui et al.,
2025). In real-world organizations, strategic diver-
sity is both prevalent and highly consequential, yet
its interaction effects remain insufficiently studied
in synthetic settings.

Our work addresses these gaps by embedding
a Hierarchical Reasoning Framework within a dy-
namic, LLM-driven supply chain. By aligning with
the classical operations paradigm of structural ab-
straction, we ensure methodological validity while
modeling cognitively heterogeneous agents. This
approach moves beyond simple replication to re-
veal human-like behavioral tendencies and demon-
strate how transparent information sharing can miti-
gate systemic inefficiencies, providing a foundation
for designing resilient socio-technical systems.

3 Preliminaries

3.1 The Beer Distribution Game Environment

Our study is based on the canonical Beer Distribu-
tion Game (Appendix A), a standard model used
to examine inventory management and coordina-
tion in multistage supply chains. To ensure direct
comparability with prior work involving human
participants and artificial agents, we implement the

simulation environment strictly following estab-
lished conventions in the operations management
literature (see Appendix B) (Croson and Donohue,
2006; Davis et al., 2023; Kirshner, 2024).

Each simulated supply chain comprises four
agents, representing the retailer (S1), wholesaler
(S2), distributor (S3), and manufacturer (S4). Over
T discrete time periods, agents interact only with
their immediate upstream and downstream neigh-
bors. Together, they aim to manage inventory and
fulfill external demand. The system evolves ac-
cording to deterministic update rules governing
shipments S;’? and inventory levels I;*Y. Retail de-
mand in period ¢, denoted by D, is independently
drawn from a discrete uniform distribution over the
integers from O to 8. At each time step, agent ¢
in team ¢ chooses an order quantity O;, which
constitutes the agent decision variable. The full set
of operational equations is defined as follows:

$p¢ = min { Dy, max [I%, + S{757,0] i =1,
i i—1,g9 i,9 i+1,9 s
= min {Ot_2 , max |:It—1 + 5,75 ,O] } 1 =23,
= min {o;:;*g, max [Iffl + 009, 0] } i =4,

with corresponding inventory updates, where nega-
tive inventory represents a backlog:

i, i+1, .
Y%+ 8757 — Dy fori =1,
g _ i,9 i+1,9 i,9 .
17 = Itf1 + Stf2 — Qt72 fori = 2,3,
1,9 1,9 1,9 y —
L7 +0,7, -0, fori=4.

Each participant is incentivized to minimize their
own individual total cost, which is defined as the
sum of their holding and backlog costs over all
periods. The cost for a participant at stage ¢ is
given by:

T
Cy(T) = Z (' max {I},0} — s"min {I},0}]

t=1

where C;(T) is the total cost for the participant at
stage i € {1,2,3,4} over T periods, and h’ and s*
are their respective unit holding and backlog costs.

3.2 Computational Baselines

Before detailing our generative agent approach,
we establish the necessity of utilizing advanced
language models by evaluating traditional compu-
tational baselines. The heuristic benchmark con-
sidered in this study is a demand tracking policy,
where each stage adjusts its target inventory level
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based on recent realized demand instead of main-
taining a fixed base stock level. This mechanism
aligns replenishment decisions with observed con-
sumption while accounting for lead time and back-
log. The order decision at stage m and period ¢ is
given by

Ot = min (max((), O t)s cm),
where the unconstrained order quantity Oy, ; is
computed as

Lm

mit — Im,t_Im,tfl_Bm+1,tfl_ Rm,tht-
At=1

The desired inventory level I7, ; is defined as

*
mt — Sm,tfle + Bm,tfla
where the moving average demand is

1 L max

Sm,t—At-
t=1

Sm,t—l = I
max A

Here, m denotes the supply chain stage and ¢ the pe-
riod. I,, ;1 represents on hand inventory, By, ;1
and By, 1,1 denote backlog, and R, ;—a: cap-
tures incoming shipments within lead time L.

We further consider two reinforcement learn-
ing baselines. Independent Proximal Policy Opti-
mization (IPPO) trains each agent independently
with shared parameters (De Witt et al., 2020),
while Multi Agent Proximal Policy Optimization
(MAPPO) incorporates a centralized value function
to leverage global information during training (Yu
et al., 2022). For both methods, the reward is de-
fined as stage wise profit:

Rm,t = pm'Sm,t_rm'Rm,t_km'Bm,t_hm'Im,ta

where p,,, denotes the sale price, r,,, the order cost,
ky, the backlog cost, and h,,, the holding cost.
Empirically, a sign test shows the tracking de-
mand policy lacks a statistically significant bull-
whip effect (p = 0.37). This indicates rigid
heuristics fail to capture the systemic inefficien-
cies characteristic of human bounded rationality.
Conversely, while both IPPO and MAPPO produce
significant demand amplification (p < 0.001) and
align with certain behavioral deviations, they re-
quire strictly defined state spaces and extensive
environment specific training. These constraints
severely limit their adaptability to novel opera-
tional structures. In contrast, LLM-driven agents

inherently process rich contextual information and
demonstrate immediate adaptability without do-
main specific retraining. This makes them a vastly
superior and more scalable framework for model-
ing the cognitive flexibility and strategic nuances of
human decision making in complex environments.

3.3 Hypotheses and Experimental Framework

Motivated by these operational advantages, this
study deploys generative agents to advance prior
behavioral research by investigating three central
hypotheses:

(H1) The bullwhip effect does not occur when the
demand distribution is known and stationary.

(H2) Sharing dynamic inventory information (IS)
across the supply chain reduces the level of
order oscillation.

(H3) Participants will not underweight the
pipeline supply when demand is known and
stationary, regardless of IS.

To systematically test these hypotheses, our re-
search empirically validates a Hierarchical Rea-
soning Framework. This framework proposes that
strategic thinking can be modeled in distinct cogni-
tive layers characterized by increasing complexity.
A key methodological challenge is to rigorously
isolate cognitive depth from other potential con-
founding variables. To address this, we develop a
dual family approach to represent different levels
of reasoning. Specifically, the cognitively shallow
tier comprises DeepSeek-V3 and GPT-4.1, while
the cognitively deep tier incorporates DeepSeek-
R1 and the advanced GPT-5. Across widely used
reasoning intensive benchmarks, including AIME,
GPQA, MMLU, and SWE-bench, DeepSeek-R1
and GPT-5 consistently outperform their respec-
tive base counterparts. These benchmarks assess
mathematical reasoning, graduate level problem
solving, and software engineering reasoning, all
of which are closely related to structured decision
making tasks. Their superior benchmark perfor-
mance therefore provides empirical support for our
experimental classification. In addition, the dis-
tinction between reasoning oriented and base con-
figurations is directly reflected in the simulation
outcomes. Across both model families, the rea-
soning configuration consistently yields lower total
cost and lower order variance. Detailed results and
discussion are provided in Appendix C.
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This design enables a structured evaluation of
the framework core claims. The DeepSeek se-
ries shares architectural features, allowing control
over model lineage while varying reasoning depth.
Prior work validates the performance of DeepSeek-
V3 (Cui et al., 2025) and the advanced reasoning
of DeepSeek-R1 (Guo et al., 2025). To ensure gen-
eralizability, we also include the GPT series, with
GPT-5 serving as a benchmark for deep reasoning.
Results are consistent across sampling tempera-
tures (Cui et al., 2025), supporting the use of a
fixed temperature of 1.

The experiment includes two conditions. In
the Homogeneous condition, all agents are from
the same cognitive tier: Original assigns shallow
agents to all stages, while R-Overall uses deep
agents throughout. In the Hierarchical condition,
a single deep agent is placed at one of four posi-
tions: Retailer (R-S7), Wholesaler (R-S2), Distribu-
tor (R-S3), or Manufacturer (R-S4). Each of the six
configurations is independently replicated 32 times
over 20 periods, consistent with previous studies
(Davis et al., 2023; Kirshner, 2024). All agents
use Chain of Thought (CoT) prompting to support
structured and transparent decision making.

i (... Current inventory level is O initially, but after adding

3 deliveries, it becomes 8 units ... Expected incoming

i | deliveries are 6 units (2 in round 17 and 4 in round 18 ...

! | Recent sales suggest demand may be returning to lower
D
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Figure 2: The Mechanism of the Information Structure.

To illustrate the core mechanism of the infor-
mation structure and the agent capability to utilize
shared information, we present an example based
on the DeepSeek series. Figure 2 compares the
internal reasoning processes of a cognitively deep
agent (R-S4) under conditions with and without
information sharing. Without information sharing,
the agent relies exclusively on local observations.
With information sharing, inventory and backlog
information from other stages are provided to the
language model, thereby enabling more informed
decision making. This comparison demonstrates
that synthetic agents can effectively leverage in-
formation sharing to make more comprehensive
decisions. Details of the mechanism design and

implementation are provided in Appendix D.

4 Agent Reproduction: Replicating
Classic Behavioral Patterns

To validate our LLLM agents as credible proxies
for human behavior, we assess their ability to re-
produce core behavioral patterns under increas-
ingly complex conditions. We begin by establish-
ing a baseline using homogeneous agent groups.
We then introduce cognitive heterogeneity to test
whether these patterns persist in more realistic,
mixed-agent supply chains.

4.1 Can Homogeneous LLLM Agents Replicate
the Classic Bullwhip Effect?

This section establishes a behavioral baseline
by testing whether homogeneous teams of LLM
agents can reproduce the classic bullwhip effect. To
ensure comparability, both replication studies fol-
low the protocols of prior work (Davis et al., 2023;
Kirshner, 2024). We evaluate agent performance
to test Hypothesis 1 and Hypothesis 2.
Experimental Results. We begin by evaluating
Hypothesis 1. Contrary to our initial expectation,
a non-parametric sign test (N = 96, p < 0.001)
reveals a clear bullwhip effect characterized by sig-
nificant order amplification along the supply chain
(Figure 3). Quantitatively, order variance increased
by 82.3% and 79.8% for the DeepSeek Original
and R-Overall configurations, respectively. Like-
wise, the GPT configurations exhibited variance
increases of 74.2% and 74.3%.

Building on the behavioral baseline, we test Hy-
pothesis 2. This effect has been previously ob-
served in human-subject studies (Croson and Dono-
hue, 2006). As shown in Figure 4 and Table 1,
IS reduced order variance across all four LLM
agent configurations. The Mann-Whitney U test
confirmed statistical significance for DeepSeek-
Original (p < 0.001), DeepSeek-Overall (p =
0.042), GPT-Original (p 0.044), and GPT-
Overall (p = 0.018). In human benchmark data,
the effect was significant in the UW-Madison study
(p = 0.048), but not in the UTD study (p = 0.221).
Discussion. Our results refute Hypothesis 1. Mir-
roring human participants in prior studies, LLM
agents consistently reproduced the bullwhip effect
under idealized and transparent demand conditions.
This replication confirms the internal validity of our
agent-based framework and highlights its relevance
for modeling complex supply chain dynamics. It
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DeepSeek-Original DeepSeek-Overall UTD (Human)

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 8434 (27620) 20.46
W/ 1S 20.15 (29.88) 11.12 17.71 (27.00) 9.50 4347 (21671) 17.58
p-value 0.001 <0.001 0.029 0.042 0.184 0.221
Test t-test M.W. t-test M.W. t-test M.W.

GPT-Original GPT-Overall UW-Mad. (Human)

Mean (S.D.) Med. Mean (S.D.) Med. Mean (S.D.) Med.
W/O IS 58.45 (89.86) 23.07 31.42 (46.09) 13.88 1148 (6609) 30.91
W/ 1S 40.39 (71.44) 20.70 13.72 (9.09) 11.88 4647 (22490) 19.83
p-value 0.067 0.044 0.001 0.018 0.116 0.048
Test t-test M.W. t-test M.W. t-test M.W.

Table 1: Comparison of order variance between LLM agent replications and human benchmark studies. S.D. denotes
standard deviation, Med. denotes median, and M.W. denotes the Mann—Whitney U test. Human benchmark data are
from Davis (2023) (Davis et al., 2023). The p-values for the M.W. test in the classic human study and a prior GPT-4
replication are 0.028 and 0.573, respectively (Croson and Donohue, 2006) (Kirshner, 2024).
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Figure 4: Impact of information sharing on order vari-
ance in homogeneous LLM agent teams.
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A key difference lies in the statistical profiles.
The Mann-Whitney U test confirmed the mitiga-
tion effect for most agent groups. This suggests
that LLM agents may offer a sensitivity advantage,
revealing clearer signals of treatment effects. Our

Figure 3: Order amplification: bullwhip effect in homo-
geneous LLM agent teams (W/ and W/O IS).

also demonstrates the potential of LLM-driven sim-
ulations to contribute to the field of behavioral op-
erations research.

The test of Hypothesis 2 offers more nuanced
insights. While human studies report mixed effects
of information sharing (Davis et al., 2023; Croson
and Donohue, 2006), all LLM agent groups showed
significant reductions in order variance. This sug-
gests more consistent use of shared information.
Agents also showed greater operational stability,
with order variances and standard deviations much
lower than those observed in human data. Their
decisions, though strategically aligned with human

framework thus serves not only as a replication
tool but also as a complementary method for theory
testing when human data are inconclusive. Further
work is needed to understand the implications of
this enhanced sensitivity.

Insights: LLM agents consistently reproduce
the bullwhip effect while exhibiting much lower
order variance and greater stability than human
benchmarks. Their response to information
sharing is more uniform and statistically robust.
These results demonstrate the framework’s en-
hanced sensitivity for evaluating interventions.
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4.2 How Does Cognitive Heterogeneity
Influence Behavioral Patterns?

We subsequently extend our analysis to heteroge-
neous supply chains, where agents differ in cogni-
tive capabilities. This setting serves a critical vali-
dation purpose: real-world organizations are rarely
composed of uniform decision-makers. Therefore,
it is essential to determine whether the established
behavioral paradigms are robustly replicated in
mixed-agent populations, or if cognitive hetero-
geneity alters these fundamental dynamics.
Experimental Results. Figure 5 visualizes the
order dynamics and variance across distinct cog-
nitive heterogeneity configurations. The top row
(W/O IS) confirms that the bullwhip effect persists
even in the presence of sophisticated agents. For
both DeepSeek and GPT, order oscillations amplify
consistently from the retailer (S1) to the manufac-
turer (S4). This indicates that integrating a single
high-reasoning agent is insufficient to eliminate
systemic coordination failures driven by local in-
formation processing. This pattern is statistically
validated by sign tests, showing significant am-
plification across all heterogeneous configurations
(N =96, p < 0.001).

We evaluate the effect of interventions (Hypothe-
sis 2). The bottom row (W/ IS) shows that informa-
tion sharing consistently reduces order fluctuations
across agent team compositions. Box plots indicate
that order variance with IS (orange) is lower than
without IS (blue), supported by statistical results
in Table 2. Although model-specific differences
exist, where DeepSeek shows stronger effects up-
stream and GPT downstream, the overall pattern
is consistent. Information sharing significantly re-
duces variance across most positions for both mod-
els (p < 0.05), confirming that the uncertainty-
reducing effect of information sharing extends to
cognitively diverse Al agents and mirrors human
supply chain dynamics.

Model R-S1 R-S2 R-S3 R-S$4

DeepSeek 0.030 0.011 0.039 <0.001
GPT <0.001 0.028 0.042 0.046

Table 2: p-values for the mitigating effect of information
sharing (IS) on order variance across cognitive hetero-
geneity groups.

Discussion. These findings provide strong evi-
dence that LLM-based agents, even in heteroge-
neous teams, can replicate key human behavioral

patterns. The persistence of the bullwhip effect in
mixed groups suggests that systemic structure and
information asymmetry often outweigh individual
cognitive ability. Similar to human experiments
where skilled individuals cannot stabilize a blind
supply chain, a single advanced LLM agent can-
not prevent demand distortion without structural
support such as information sharing. Capturing
this dominance of system-level dynamics over in-
dividual capability supports the use of LLM agents
as valid proxies for complex, multi-round human
decision-making. The results indicate that cogni-
tive heterogeneity enhances realism without violat-
ing core behavioral patterns in operations research.

Insights: Cognitive heterogeneity does not elim-
inate systemic behavioral biases. The replica-
tion of the bullwhip effect and the efficacy of
information sharing in mixed-agent populations
confirm that LLMs robustly capture the struc-
tural and behavioral dynamics of human supply
chains. This validates the use of heterogeneous
LLM agents as realistic proxies for studying or-
ganizational coordination.

5 Agent Diagnostics: Identifying Core
Cognitive Biases

Having established the macro-level effects of het-
erogeneity and information sharing, we now ex-
amine the micro-level cognitive mechanisms. Un-
derstanding how LLM agents behave in complex
decision-making is essential for their effective use
in multi-agent systems. Our experiments reveal a
counterintuitive finding: under information asym-
metry, improving a single agent’s cognitive ability
can worsen overall system performance. This high-
lights the importance of systemic structures over
individual capabilities. We explore this paradox by
identifying two core human-like biases.

The left panels of Figure 6 show that without
information sharing, the bullwhip effect persists
across models. Enhancing a single agent in up-
stream positions (R-S2, R-S3, R-S4) increases or-
der variance compared to the homogeneous base-
line. GPT tends to produce higher variance than
DeepSeek. Two exceptions emerge: full enhance-
ment (R-Overall) leads to clear improvement, and
the R-S1 setting shows moderate gains. For GPT,
early-stage performance matches the baseline and
helps prevent extreme variance at the final stage.
DeepSeek in R-S1 yields modest but consistent
improvements throughout.
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Figure 5: Ordering dynamics and variance in cognitive heterogeneity groups. The results demonstrate the robust-
ness of the bullwhip effect (W/O IS) and the universal efficacy of information sharing (W/ IS) across different
heterogeneous configurations. While individual agent sophistication varies, the systemic behavioral patterns remain
consistent with the classic Beer Distribution Game paradigm.

The right panels show that information sharing
reduces variance in all configurations. This sug-
gests that enhancing a single agent in an opaque
environment may be ineffective, while system-wide
transparency offers a reliable solution to mitigate
instability driven by myopic behavior.
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Figure 6: Order variance across supply chain stages
for different agent configurations, comparing scenarios
without (left) and with (right) information sharing.

5.1 Do LLM Agents Exhibit Myopic
Behavior?

We attribute this performance degradation primar-
ily to human-like myopia, where LLM agents sys-

tematically underweight the supply line (inventory
in transit). We formalize and test this tendency
through controlled experiments as Hypothesis 3.
Experimental Results. We evaluate agent ordering
behavior using a regression model adapted from
Sterman (Sterman, 1989):

O} =ao+arl}?, +arRy¥ +asS{? + an N/ + ait + ¢,

where 19 | is prior inventory, R} is downstream
orders, S’Zg is shipments received from upstream
suppliers, N,Y is total outstanding orders, and ¢
controls for time trends. The coefficient ay is
central for assessing whether agents account for
the supply line.

Rational supply line accounting suggests that
the coefficients for net stock (ay) and inventory
(ay) should be equal, while myopic behavior pre-
dicts ay > aj. As shown in Appendix E, our
results consistently find ay > a across all condi-
tions (p < 0.001, sign test, N = 128), replicating
patterns observed in human studies (Croson and
Donohue, 2006). This confirms supply line under-
weighting as a stable tendency in LLM agents.
Discussion. The regression results show that LLM
agents exhibit a human-like myopic bias, directly
contradicting Hypothesis 3 and rejecting the as-
sumption that agents properly account for pipeline
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inventory. When a more capable agent is placed up-
stream, it continues to rely on distorted local infor-
mation, similar to simpler agents. This persistent
myopia leads the agent to misapply its enhanced
reasoning, amplifying reactions to local noise and
reducing overall system stability.

Insights: LLM agents systematically replicate
the human bias of underweighting the supply
line, leading to myopic decisions. This finding
is the primary explanation for why enhancing an
isolated agent’s cognitive capabilities can para-
doxically worsen system instability, as superior
intelligence amplifies, rather than corrects, my-
opic overreactions to local information.

5.2 Do LLM Agents Exhibit Self-Interested
Behavior?

While myopia explains the agents’ flawed system
perception, it does not fully elucidate the moti-
vational drivers behind their choices. To provide
a comprehensive analysis, we identify a second,
complementary mechanism: self-interested behav-
ior, where agents prioritize local performance over
global efficiency.

Experimental Results. This self-interested be-
havior is reflected in the system’s cost structure
(Figure 7) (Akata et al., 2025). Under information
isolation, enhancing an upstream agent (S2, S3, or
S4) reduces its local cost but increases the total
cost of the supply chain beyond that of the original
model. This reveals a fundamental misalignment
between individual incentives and systemic per-
formance metrics. Information sharing mitigates
this misalignment. With shared information, self-
ish cost patterns disappear as agents’ incentives
align with global efficiency. The lowest total cost
is achieved only when information sharing is com-
bined with full agent enhancement (R-Overall).
Discussion. Our results show that under informa-
tion isolation, LLM agents behave in a strongly self-
interested manner (Akata et al., 2025). Enhanced
agents optimize local costs based on limited infor-
mation, but these locally rational actions increase
system instability and harm collective performance.
This outcome is driven by the interaction of self-
interest and myopia. Myopia restricts the agent’s
view of the system, while self-interest encourages
actions that exploit this narrow perspective. Infor-
mation sharing corrects both biases by providing
global visibility and aligning individual decisions
with system-wide efficiency.
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Figure 7: Total system cost and average stage cost.

Insights: LLM agents display self-interested
and myopic behavior that prioritizes local gains
over system performance, explaining why im-
proving isolated agents can reduce efficiency.
Information sharing mitigates this by aligning
incentives with global objectives and enabling
coordination.

6 Conclusion

This study presents a novel experimental paradigm
integrating a Hierarchical Reasoning Framework
with DeepSeek and GPT agents to analyze cog-
nitive heterogeneity in a dynamic supply chain
simulation. Results reveal three key characteris-
tics: first, LLM agents demonstrate greater decision
stability and statistical clarity than human bench-
marks; second, they exhibit distinct myopic and
self-interested behaviors, effectively replicating the
cognitive biases that drive the bullwhip effect. We
confirm that information sharing mitigates these
latter tendencies. Furthermore, distinct behavioral
signatures emerge: DeepSeek tends towards stabil-
ity, whereas GPT displays greater volatility (see
Appendix F). Critically, these idiosyncratic traits
diminish at the highest cognitive level, where both
converge on a near-optimal strategy. This suggests
rational task demands override model variance in
highly capable agents, offering profound insights
for Al-driven organizational research.
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Limitations

Despite validating the Hierarchical Reasoning
Framework across distinct model families, our
study has certain limitations. First, our reliance
on advanced commercial models as proxies for
cognitive depth means their underlying training
data distributions and reinforcement learning objec-
tives remain opaque. Consequently, we cannot per-
fectly isolate intrinsic strategic reasoning capabili-
ties from potential training artifacts. Although our
comparisons within the same model family strongly
support the overall reasoning hierarchy, disentan-
gling subtle stability differences linked to specific
data mixtures remains an ongoing challenge. Sec-
ond, while our setup embeds a deep agent within
a shallow team, the framework does not explicitly
model the adaptive capacity required to dynami-
cally detect and respond to the bounded rational-
ity of interactive counterparts. Finally, relying on
the canonical Beer Distribution Game with deter-
ministic parameters abstracts away the stochastic
disruptions and complex network topologies of ac-
tual global supply chains. To establish broader
generalizability, future research could extend this
paradigm to other behavioral operations domains.
Promising directions include exploring strategic
adaptation based on regret in sealed bid auctions,
performance variations under visible workloads in
queueing systems, and profit margin biases within
newsvendor inventory models.

Ethics Statement

Our work utilizes LLMs to conduct traditional hu-
man behavior experiments, focusing on the analysis
of heterogeneous cognitive abilities to understand
LLM personality traits and their influence on over-
all experimental results. Through this data analysis,
we aim to demonstrate the substitutability and us-
ability of LLLMs as experimental subjects. We hope
to facilitate the adoption of LLMs for cost-effective
and flexible large-scale experimentation. Overall,
we anticipate no significant ethical or societal risks,
as our primary objective is to investigate the con-
trollability and validity of replicating canonical be-
havioral experiments using LL.Ms.
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A The Beer Distribution Game: A
Window into the Human Mind

The Mystery of the Bullwhip Effect Imagine
a simple supply chain: a factory supplies a dis-
tributor, who supplies a wholesaler, who in turn
supplies a retailer. One week, the retailer sees a
tiny, almost unnoticeable uptick in customer beer
sales. They order a little extra from the wholesaler
to be safe. The wholesaler sees this slightly larger
order and, fearing a trend, orders an even larger
amount from the distributor. This chain reaction
continues until it reaches the factory, where the ini-
tial tiny ripple in demand has become a tidal wave
of panic-ordering. This phenomenon, where de-
mand variability mysteriously amplifies as it moves
up the supply chain, is known as the bullwhip ef-
fect. This phenomenon is not merely a statistical
anomaly; rather, it represents a profoundly human
narrative of decision-making under pressure and
incomplete information. It is an emergent property
of a complex, multi-agent strategic interaction con-
ducted under conditions of pervasive uncertainty.

The Arena: The Beer Distribution Game To
understand this mystery, researchers created a pow-
erful simulation: the Beer Distribution Game. It’s
a kind of "flight simulator" for managers, modeling
a four-stage supply chain where the simple goal is
to keep costs low by balancing two opposing evils:
the cost of holding too much inventory and the cost
of running out of stock (backorders). The genius
of the game lies in its core constraint: informa-
tion asymmetry. Like in the real world, you are
trapped behind an "informational curtain." You can
only see your own inventory and the orders coming
from your immediate customer. You have no di-
rect line to the true end-customer demand, nor can
you see the inventory levels or decisions of your
partners up the chain.

Order flow

Manufacturer Distributor

| [ B

Wholesaler

Retailer

Product fl

Figure 8: The Beer Distribution Game Structure.

From Logistics to Psychology At this point, the
game ceases to be about simply managing stock;
it transforms into a profound psychological and
strategic puzzle. The challenge is no longer logisti-
cal but interpretive. To place an effective order, a

player must essentially become a mind-reader, at-
tempting to divine the intentions, fears, and strate-
gies of the other invisible players from the sparest
of clues. The single number they receive each week,
the order quantity, is not clean data. It is a distorted
signal, a faint echo of decisions made far down-
stream, with each intermediary adding their own
layer of panicked over-correction or cautious un-
dersupply. A truly strategic player understands this
and must therefore deconstruct the signal, asking
themselves:

“Is this sudden surge in orders a real sign of a
market boom? Or is it just my downstream partner
panicking because they are about to stock out?
How should I react, knowing my own decision will
be misinterpreted and further amplified by the
person upstream from me?”

This constant, recursive second-guessing is the very
heart of interdependent, strategic decision-making.
It represents a crucial cognitive leap from simply
reacting to numbers to reasoning about the minds
behind them, forcing each player to build a mental
model of their partners in the chain.

The Spectrum of Human Strategy For decades,
experiments have consistently shown one thing: hu-
mans are not perfect optimizers. They panic, they
hoard, they overreact, and the bullwhip effect re-
liably emerges. But simply calling this "bounded
rationality" misses the most interesting part of the
story: the sheer heterogeneity of human strategy.
Observation reveals a spectrum of behaviors, rang-
ing from simple, reactive decision-making on one
end to more sophisticated attempts to forecast and
anticipate system dynamics on the other. This vari-
ation in strategic depth is a critical driver of what
happens to the system as a whole, yet it has been
incredibly difficult to study systematically.

A New Lens: The Hierarchical Reasoning
Framework Our work confronts this challenge
by employing a Hierarchical Reasoning Frame-
work. Instead of painting all players with the same
brush, this framework provides a more intuitive
and realistic way to model the observed spectrum
of strategic thinking by organizing it into distinct
cognitive tiers. For the context of this study, we
focus on two fundamental levels:

* Cognitively Shallow Thinkers: These agents
represent a baseline level of reasoning. They
tend to be reactive, focusing primarily on their
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local state (their own inventory and the immedi-
ate orders they receive) and employing simpler
heuristics to make decisions.

¢ Cognitively Deep Thinkers: These agents rep-
resent a more advanced level of reasoning. They
possess the capacity for forward-looking, system-
aware thinking, attempting to model the broader
supply chain dynamics and anticipate how their
actions might influence the system beyond their
local position.

This layered model offers a powerful way to un-
derstand strategic interaction. The bullwhip effect,
seen through this lens, can be conceptualized as
the macroscopic result of the microscopic frictions
and interactions between players operating at these
different cognitive levels.

The Breakthrough: Large Language Models
(LLMs) as Controllable Strategic Actors This
reveals a fundamental challenge that has long con-
strained behavioral science: while we can observe
heterogeneous strategies, we cannot reliably mea-
sure or control the internal cognitive state of a hu-
man participant. One cannot simply look inside a
player’s mind to verify their level of strategic rea-
soning. This measurement problem has made it
nearly impossible to move beyond correlation and
causally test how the cognitive composition of a
team truly affects its collective outcome.

Our research confronts this long-standing obsta-
cle by pioneering the use of LLMs as a new class
of experimental subject: controllable strategic ac-
tors. Crucially, instead of trying to instruct a single
model to "think harder" via prompts, we opera-
tionalize our Hierarchical Reasoning Framework
by "casting" different, verifiably distinct models
for each cognitive role. This allows us, for the first
time, to construct virtual laboratories of economic
interaction with a precisely specified and replicable
mix of strategic abilities. We can now systemati-
cally assemble teams with one, two, or any number
of "deep thinkers" and causally investigate how
this cognitive heterogeneity impacts system-wide
stability and efficiency, opening a new frontier for
testing behavioral theories in multi-agent systems.

B Experimental Design: Crafting the
Virtual Laboratory

System Dynamics and Theoretical Framework
To ensure our findings are grounded and compara-
ble, we built our virtual laboratory on the bedrock

of classical beer distribution game equations. This
guarantees that our simulation faithfully mirrors
the core dynamics of a four-stage, decentralized
inventory system. All settings, variables, and rules
are aligned with canonical models, allowing our re-
sults to speak directly to decades of prior research.
Each team consists of four agents (S1-S4), and over
20 rounds, they make a single decision: how much
to order. Their goal is to minimize their own local
costs, which are a combination of holding too much
stock or having too little. The precise mathematical
rules governing shipments and inventory updates
are as follows:

Sp9 = min {Dt, max [Iffl + 8t 0]} i=1
= min {O::é"ﬂ max [Itifl + 819, 0] } i=2,3
= min {O::é’g,max [[,ffl —+ Ozfg,, 0} } i=4

The inventory at the end of each round is updated
accordingly:

9 =19 + St — P9 fori=1,2,3

4,9 _ 14,9 4,9 4,9
I =157+ 0.5 =5,

Here, the subscripts ¢ — 2 and ¢ — 3 explicitly
denote the lead times: a 2-period delay for down-
stream shipments (S;1,'%) and upstream orders

(Oi:;’g ), and a 3-period production delay for the
manufacturer (Of"flg).

The cost function incentivizes each agent to bal-
ance their inventory:

T
Ci(T) = Z [hi max {IE’Q,O} — 5" min {Iz’g,OH
t=1
All core simulation parameters were held constant

to isolate the effects of agent cognition and infor-
mation structure.

Hypotheses Our study is structured around three
central hypotheses that challenge the rationality of
decision-making in this environment:

(H1) The bullwhip effect does not occur when the
demand distribution is known and stationary.

(H2) Sharing dynamic inventory information (1S)
across the supply chain reduces the level of order
oscillation.

(H3) Participants will not underweight the pipeline
supply when demand is known and stationary, re-
gardless of IS.
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Parameter Value / Description

Simulation Horizon (1) 20 periods.

Replications 32 independent runs
for each experimen-

tal configuration for

statistical ~ robust-
ness.
Customer Demand (D;) Drawn from a

stationary uniform
distribution, U0, 8.
Only the retailer (S1)
observes the demand
draws directly.

Lead Times 2 periods for retailer,
wholesaler, and dis-
tributor; 3 periods

for the manufacturer.

12 units for each
stage.

Initial Inventory

stage Capacity 20 units per period

(maximum produc-

tion/shipment).

Unit Holding Cost (h) 0.5 per unit per pe-
riod.

Unit Backlog Cost (s) 1.0 per unit per pe-

riod.

Table 3: Core Parameters of the Simulation Environ-
ment

Agent Implementation and Rationale Our re-
search is designed to empirically investigate a Hier-
archical Reasoning Framework, which posits that
strategic thinking occurs in distinct cognitive layers
of increasing sophistication. A primary challenge
in testing this framework is isolating the variable of
cognitive depth from other confounding factors. To
overcome this, we developed a novel, dual-family
methodology to operationalize these cognitive lay-
ers. We established a cognitively shallow tier us-
ing DeepSeek-V3 and GPT-4.1 to represent base-
line decision-making, and a cognitively deep tier
with DeepSeek-R1 and the cutting-edge GPT-5
to represent advanced, system-aware reasoning.
This experimental design allows for a robust test
of the framework’s core tenets. The DeepSeek se-
ries, with its shared architectural lineage, provides
a controlled setting to isolate the effects of advanc-

ing up the cognitive hierarchy. To ensure that our
conclusions about the framework are generalizable
and not an artifact of a single model family, we
benchmark our findings against the state-of-the-art
GPT series, with the novel inclusion of GPT-5 pro-
viding a particularly stringent test. The reliability
of this setup is further reinforced by evidence that
experimental outcomes are robust to temperature
variations across these models, providing a com-
pelling foundation for our analysis of hierarchical
reasoning. To ensure all agents produce a trans-
parent and structured reasoning process, they were
guided by Chain-of-Thought (CoT) prompting.

Experimental Conditions To test our hypothe-
ses using the agents defined above, we designed
a suite of experiments built upon our Hierarchical
Reasoning Framework. All conditions were repli-
cated across both the DeepSeek and GPT model
families to ensure robust and generalizable findings.
The experiments feature two primary conditions:

* Homogeneous Conditions: These are our con-
trol groups, establishing baselines for uniformly
skilled teams.

— Original: A team of four cognitively shal-
low agents.

— R-Overall: A team of four cognitively deep
agents.

* Hierarchical Conditions: These are our primary
experimental groups, creating "mixed-ability"
teams to test the impact of heterogeneity. We
place a single deep agent in an otherwise shallow
team, rotating its position to see where intelli-
gence matters most.

— R-S1: The deep agent is the Retailer.

— R-S2: The deep agent is the Wholesaler.

— R-S3: The deep agent is the Distributor.

— R-S4: The deep agent is the Manufacturer.

C Supplementary Evidence: Why GPT-5
and DeepSeek-R1 Are Classified as
Deep Models

We classify GPT-5 and DeepSeek-R1 as deep mod-
els based on two complementary considerations:
(i) their architectural design and benchmark perfor-
mance, and (ii) their observed behavioral perfor-
mance in our simulation environment.

First, from an architectural and benchmark-
based perspective, DeepSeek-R1 and GPT-5 are
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explicitly designed as reasoning-oriented models
with endogenous multi-step reasoning capabilities.
By contrast, DeepSeek-V3 and GPT-4.1 primarily
function as base models without intrinsic reasoning
modules. This architectural distinction is also re-
flected in benchmark performance. Across widely
adopted reasoning-intensive benchmarks, including
AIME, GPQA, MMLU, and SWE-bench, DeepSeek-
R1 and GPT-5 consistently outperform their cor-
responding base counterparts. These benchmarks
evaluate mathematical reasoning, graduate-level
problem solving, and software engineering reason-
ing capabilities, which are closely aligned with
structured decision-making tasks. Hence, bench-
mark evidence provides an important empirical ba-
sis for our classification.

Second, our classification is further supported by
simulation-based behavioral evidence. Rather than
relying solely on benchmark claims, we examine
whether the distinction between reasoning-oriented
and base models produces systematically different
outcomes in a controlled dynamic supply chain sim-
ulation. The results show that, across both model
families, the reasoning-oriented configuration con-
sistently achieves lower fotal cost and lower order
variance than the base configuration.

Model A: DeepSeek

Config. Cond. Total Cost Var (Mean) Var (Med) Var (Std)
R-Overall W/O IS  486.95 29.43 1229  63.54
R-Overall W/ IS 406.80 17.71 947  26.99
Original W/OIS  751.27 39.43 18.73  65.14
Original W/IS 585.34 20.15 11.12  29.88
Model B: GPT
Config. Cond. Total Cost Var (Mean) Var (Med) Var (Std)
R-Overall W/OIS  567.10 31.42 13.88  46.09
R-Overall W/ IS 411.54 13.72 11.88 9.09
Original W/OIS  641.55 58.45 23.07 89.86
Original W/ IS 585.88 40.39 20.70  71.44

Table 4: Supplementary Evidence Supporting the Clas-
sification of GPT-5 and DeepSeek-R1 as Deep Models.
“Config.” denotes configuration, and “Cond.” denotes
experimental condition.

The magnitude and consistency of these differ-
ences provide clear behavioral validation for dis-
tinguishing reasoning-oriented models from base
models in dynamic multi-agent settings.

D The Prompt: Scripting the Agent’s
Worldview

To bring our experimental design to life, we devel-
oped a meticulous prompting strategy that serves
as the "script" and "director’s cues" for our LLM
agents. Our core methodological principle is one of
casting, not coaching. We do not try to coax a sin-
gle model into acting "smarter" or "more strategic"
through complex instructions. Instead, as previ-
ously defined, we cast verifiably distinct models
for the cognitively shallow and deep roles. This
ensures that the behavioral differences we observe
stem from the models’ genuine, intrinsic capabil-
ities, not their ability to follow creative writing
instructions.

To maintain this focus on intrinsic abilities, our
prompts were designed with scientific minimalism
in mind. We deliberately avoided any "method act-
ing" instructions or persona-based cues (like "you
are a risk-averse manager"). The script is purely
informational and objective: it provides the univer-
sal rules of the game, the agent’s current situation,
and its unwavering goal to minimize costs. This
rigorous approach ensures we are studying the mod-
els’ fundamental reasoning patterns, not artifacts
of the prompt design. The only variable manipu-
lated within the script itself is the agent’s access to
information.

Information Structure System Messages At the
very start of each simulation, a one-time system
message establishes the fundamental "rules of the
universe" for the agent, defining its worldview
for the entire 20-round game. This initial prompt
places the agent into one of two starkly different
informational realities.

In the classic isolated information setting, the
message draws the "informational curtain," plung-
ing the agent into a state of local perception and
forcing it to navigate the fog of uncertainty.

System Prompt: Isolated Information (Base-
line)

You have NO VISIBILITY into the inven-
tory or backlog levels at other stages of the
supply chain. You must make decisions
solely based on your own local state (de-
mand, inventory, backlog, and arriving de-
liveries).

In the contrasting information sharing condi-
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tion, the curtain is lifted. The message grants the
agent a "god’s-eye view" of the entire system, cre-
ating the potential for globally coordinated, omni-
scient decisions.

System Prompt: Information Sharing

IMPORTANT NOTE: You have FULL
VISIBILITY of the inventory and backlog
levels across ALL stages — retailer, whole-
saler, distributor, and manufacturer. Please
use this shared information to make glob-
ally optimal decisions.

Dynamic Process Messages With the worldview
established, the game progresses through dynamic,
turn-by-turn "director’s cues" in the form of pro-
cess messages. This message is the complete and
sole prompt for each round, containing all the infor-
mation the agent is permitted to see before making
its decision. The content of this cue differs dramat-
ically depending on which of the two worlds the
agent inhabits.

In the isolated world, the message is sparse and
local, reinforcing the agent’s limited perspective.

Process Message: Isolated Information

Now this is round {period + 13}, and
you are at stage {stage + 1} of
{len(state_dict)} in the supply chain.
You have no visibility into the inventory or
backlog levels at other stages. Please make
your decision solely based on your own
current state and local information.
(Retailer only): The demand at the retailer
(stage 1) is {demand1}.

Given your current state:
{get_state_description(stage_state)}
(Non-retailer stages): Your downstream
order from stage {stage} for this round
is {action_dict.get(f’stage_{stage -
1}, "N/A’) 3.

What is your action (order quantity) for this
round? Your aim is to minimize the cost,
where one unit of backlog costs 1.0 and one
unit of inventory costs 0.5. Please provide
your action as a non-negative integer within
brackets at the end of your response (e.g.,

[0D.

In the transparent world of information sharing,
the message is enriched with a complete, real-time

data feed from across the entire supply chain, em-
powering the agent with global awareness.

Process Message: Information Sharing

Now this is round {period + 13}, and
you are at stage {stage + 1} of
{len(state_dict)} in the supply chain.
IMPORTANT NOTE: You have FULL
VISIBILITY of the inventory and back-
log levels across ALL stages. Please thor-
oughly review this information before mak-
ing your decision.

The inventory levels of retailer, whole-
saler, distributor, and manufacturer are
{state_dict[’stage_0@’ ][’ inventory’]},
{state_dict[’stage_1’]1[’inventory’]1},
{state_dict[’stage_2’][’inventory’]},
and
{state_dict[’stage_3’][’inventory’]}
respectively.

The current backlog levels of retailer, whole-
saler, distributor, and manufacturer are:
{state_dict[’stage_0’]1[’backlog’]},
{state_dict[’stage_1’]1[’backlog’]1},
{state_dict[’stage_2’]1[’backlog’]1},
and
{state_dict[’stage_3’]1[’backlog’]1}
respectively.

(Retailer only): The demand at the retailer
(stage 1) is {demand1}.

Given your current state:
{get_state_description(stage_state)?}
(Non-retailer stages): Your downstream
order from stage {stage} for this round
is {action_dict.get(f’stage_{stage -
137, "N/A)D.

What is your action (order quantity) for this
round? Your aim is to minimize the cost,
where one unit of backlog costs 1.0 and one
unit of inventory costs 0.5. Please provide
your action as a non-negative integer within
brackets at the end of your response (e.g.,

[0D.

E Supplementary Outcome: Regression
Analysis Details

Table 5 reports the p-values for the regression anal-
ysis assessing supply line underweighting in LLM
agents. The regression follows the form described
in Equation 5.1, with the key result being that

19332



any > ay in all tested conditions. The sign test
confirms this myopic underweighting effect is sta-
tistically significant across all models and replica-
tions.

Moreover, under the Tracking Demand Policy,
order quantities do not exhibit statistically signif-
icant myopic behavior (p = 0.99). By contrast,
both IPPO and MAPPO display statistically signifi-
cant myopic behavior, with IPPO showing strong
significance (p < 0.001) and MAPPO also remain-
ing significant (p = 0.021). These findings are
consistent with the preceding results and further
underscore the advantages of LLM-based simula-
tion over heuristic algorithms and traditional rein-
forcement learning based approaches.

W/O IS W/ IS

Case DS GPT DS GPT

Original < 0.001 <0.001 <0.001 <o0.001
R-S1 < 0.001 <0.001 <0.001 <0.001
R-S2 < 0.001 <0.001 <0.001 <o0.001
R-S3 < 0.001 <0.001 <0.001 <0.001
R-S4 < 0.001 <0.001 <0.001 <o0.001
R-Overall < 0.001 < 0.001 <0.001 <0.001

Table 5: p-values for supply line underweighting regres-
sion.

F Supplementary Analysis: Do DeepSeek
and GPT Have Different Personalities
in Games?

Beyond the general behaviors observed, a key ques-
tion is whether different LLM families exhibit dis-
tinct and stable personalities in strategic play. To
investigate this question systematically, we con-
ducted a direct and statistically rigorous compari-
son between the DeepSeek and GPT series using
a MWU test on their performance outcomes (Ta-
ble 6). The results reveal a compelling and infor-
mative dichotomy. In 9 out of 12 conditions, a sig-
nificant difference emerges, with DeepSeek consis-
tently exhibiting markedly lower variance. This
suggests that the two model families possess clear
and reproducible behavioral signatures in this dy-
namic multi-agent environment: DeepSeek trends
towards more stable and conservative decision-
making, whereas GPT displays greater behav-
ioral variability and volatility.

However, the most intriguing finding arises from
the R-Overall condition, where the most capable
agents are deployed. Here, we observe no statisti-
cally significant difference in performance between

Case W/OIS W/IS
R-Original  0.009  <0.001
R-Overall 0.247 0.372
R-S1 <0.001 <0.001
R-S2 0.018 0.001
R-S3 0.012 0.046
R-S4 0.239  <0.001

Table 6: One-tail Mann—Whitney U test p-values com-
paring DeepSeek and GPT’s outcome.

the two model series, regardless of information
sharing. This counter-intuitive result, consistent
with our earlier cost and variance analyses (Fig-
ure 6 and 7), offers a powerful insight: while the
models may have markedly different inherent per-
sonalities at lower levels of sophistication, these
stylistic differences dissolve at the highest level
of cognitive capability. Instead of their inherent
biases dominating, both DeepSeek and GPT in-
dependently converge on a shared, near-optimal
strategy dictated by the rational logic of the supply
chain itself. This implies that for complex, system-
level tasks, the choice between top-tier models may
become less critical, as both ultimately identify a
similar path to effective performance.
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