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ABSTRACT

The integration of large language models (LLMs) in economic simulations has
significantly enhanced agent-based modeling, yet existing frameworks struggle
to capture the interplay between short-term optimization and long-term strategic
planning. Conventional approaches rely on static data-driven predictions, fail-
ing to incorporate adaptive behaviors influenced by economic sentiment, market
volatility, and individual goals. To address these limitations, we introduce a novel
EconAl framework, incorporating economic sentiment indexing (ESI), memory
weighting, and dynamic decision-making mechanisms. By quantifying economic
belief, adjusting historical data influence, and linking work-consumption behav-
iors, EconAl achieves a more human-like decision process, where agents adapt
their actions based on both market signals and long-term objectives. It is the first
LLM-powered simulation system that can simulate the macro/microeconomic en-
vironment and interactions in a unified framework. Empirical evaluations show
that EconAl improves stability in economic responses, better replicates real-world
employment-consumption cycles, and enhances overall decision robustness. This
advancement marks a crucial step towards more realistic, adaptive economic agent
simulations.

1 INTRODUCTION

Artificial intelligence has revolutionized economic research through advanced data processing, with
Agent-based modeling (ABM) emerging as a powerful framework for simulating economic systems
from the bottom up without predetermined equilibria (Farmer & Foley, [2009), though early rule-
based approaches (Tesfatsion & Judd, 2006; Brock & Hommes) [1998) and recent learning-based
techniques (Trott et al.l 2021} Zheng et al., |2022; [Mi et al., 2023)) face challenges in tailoring in-
dividual agent decision-making due to extensive calibration requirements and computational costs
(Windrum et al.;, 2007} Mi et al.,2023)). While LLM integration has advanced agent-based modeling
(Zhao et al,, 2023b), existing frameworks fail to capture the interplay between short-term opti-
mization and long-term strategic planning, particularly in integrating event memory and economic
beliefs—Ileading to accumulating simulation errors (Yue et al., |2024). To address this, we introduce
EconAl, a novel framework enhancing long-term LLM decision-making capabilities by categorizing
agents into households (microeconomic) and firms (macroeconomic) while integrating government
and financial institutions, incorporating a knowledge memory module with long-term banks storing
vector representations of high-level event summaries and short-term banks retaining contextual in-
formation, plus a persona extraction module that models evolving preferences and economic beliefs
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stored in a long-term persona bank for personalized decision-making. Our contributions are three-
fold: (1) EconAl is the first LLM-powered simulation integrating macroeconomic dynamics and
micro-level interactions in a unified framework; (2) it incorporates adaptive mechanisms including
the Economic Sentiment Index (ESI), memory weighting, and dynamic decision-making models; (3)
extensive simulations demonstrate EconAl significantly outperforms existing models in simulating
economic indicators while verifying different economic laws.

2 RELATED WORK

2.1 SIMULATION IN MACROECONOMICS

Agent-Based Modeling (ABM) has emerged as a particularly effective tool in macroeconomic re-
search, surpassing traditional empirical statistical models (Hendry & Richardl (1982} Phelps, |1967;
Kydland & Prescott, [1982) and DSGE models (Christiano et al., [2005) by enabling deep explo-
ration of complex, non-linear behaviors through independent agents interacting via predefined rules
without assuming economic equilibrium—making it valuable for simulating policy interventions.
However, models utilizing fixed rules (Tesfatsion & Judd) 2006} Brock & Hommes, [1998) or neu-
ral network architectures (Trott et al., 2021} |Zheng et al., 2022; Mi et al.,|2023)) often oversimplify
agent behavior or rely heavily on large datasets, reducing effectiveness in capturing economic com-
plexities. We introduce EconAl, equipped with cognitive and strategic reasoning capabilities to
adaptively simulate both macroeconomic and microeconomic processes.

2.2 LLM-EMPOWERED AGENTS

Large Language Models have demonstrated human-comparable performance, serving as foundations
for advanced simulation agents (Wang et al., 2023}, Xi et al.l 2023) with autonomous adaptability
(AutoGPT Team, 2022} |Yoheinakajimal, [2023)), strategic planning capabilities, and human-agent
interactions (Park et al.,[2023};|Gilbert & Troitzsch,|2005)), spanning social sciences (Park et al.,[2022;
Kovac et al.,[2023;/Gao et al., 2023} |Jinxin et al., 2023)) and natural sciences (Boiko et al.,[2023; |Bran
et al.,[2023). In economics, LLM-powered agents model individual behavior (Horton, 2023}, Chen
et al., [2023b), support interactive planning (Guol 2023; |Akata et al., |2023)), and simulate market
systems (Zhao et al,2023a;|Chen et al.,2023a)), yet existing studies (Li et al.,2024) predominantly
focus on short-term optimal approaches, neglecting long-term learning aligned with human decision-
making. Our research introduces simulation agents driven by long-term learning to bridge this gap.

3 ECONAI FRAMEWORK

In this section, we introduce EconAl, which simulates economic activity plans in the decision-
making process. This plan comprises a series of abstract actions to be carried out across various
scenarios with a long-term-based framework. According to economists (Falk et al.| [2018), long-
term decision-making rather than short-term counterparts is the base for a robust economic system.
To this end, as illustrated in Figure[I] we develop a new approach to simulate the long-term decision-
making process including event perception, dynamic personas extraction, and response generation
for decision-making.

3.1 EVENT PERCEPTION

The core of simulating economic activities lies in managing the environment by focusing on four
critical entities: households, firms, financial institutions, and government. Together, these enti-
ties create an economic system that includes both macroeconomic and microeconomic dimensions.
Specifically, the simulation should represent key economic decisions, including labor supply and
consumption, as fundamental drivers of government tax revenue and determinants of labor and con-
sumer market dynamics (Gatti et al.,|201 15 Wolf et al., 2013} |Dawid & Gatti, 2018)), which influence
government tax revenue (Zheng et al.|, 2022} Trott et al., | 2021)) and shape labor and consumer market
dynamics (Lengnick, 2013} |Deissenberg et al., 2008} |Dawid et al.,|2012). In response to these mar-
ket conditions, banks adjust interest rates in line with inflationary or deflationary pressures (Wolf]
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Figure 1: The illustration of the simulation for the microeconomic and macroeconomic environ-
ments (left) and our EconAl (right). The event module retains historical data in long-term memory
and contextual information in short-term memory. The persona module dynamically extracts and
updates agent personas, storing them in a dedicated personal bank.

et al.; 2013; Dawid & Gatti, [2018)). However, none of the previous work can achieve the goal of
simulating both macroeconomics and microeconomics in a unified framework.

For an agent, such as a household, it has specified metadata such as the profession, specialty, skills,
credentials, and experiences of the agent. The agent observes information from the environment,
makes decisions, and conducts the appropriate action. In real-world economic activities, humans of-
ten make decisions based on heuristic rules and established customs derived from experience. Much
like humans, the agent’s brain serves as a central nucleus driven by an LLM, enabling the agent to
exhibit sophisticated cognitive abilities critical for professional-grade performance, including mem-
ory, planning, and reasoning.

Memory Storage. The event memory module is designed to perceive historical events to generate
coherent responses across interval time. This event memory module is segmented into two major
sub-modules that focus separately on long-term and short-term memory. The memory module is
designed to capture and encode events from previous interactions in economic activities. This pro-
cess involves logging both the timestamps ¢ and concise summaries o, which are transformed into
representations and stored in a low-cost memory bank My, = {¢(t;,0,)|7 € {1,2,...,1}}. Here,
¢(+) denotes the text encoder (such as MiniLM (Wang et al.,|2020)), while [ represents the size of
the memory bank. The encoded information is then made easily accessible via an embedding-based
retrieval mechanism.

Event Summary. Unlike previous agent methods (Park et al.| 2023)) that depend solely on the zero-
shot capabilities of LLMs for event extraction and summarization, we incorporate instruction tuning
(Wei et al., [2022) into our event summary module to enhance the quality of the summaries for eco-
nomic activities. We remember the event in a structured format consisting of: (1) a task background
introduction, (2) relevant economic activities to be comprehended, and (3) specific summarization
instructions. These elements serve as input prompts and generate the output. The event summary
module is fine-tuned using this data, effectively improving its summarization capabilities.

3.2 ECONOMIC PREFERENCE AND CONFIDENCE

Memory information is objective, but human decision-making is often affected by emotions and
confidence, such as being overly pessimistic during an economic recession and overly optimistic
during an overheated economy. Equal weighting of short-term and long-term information cannot
reflect people’s different sensitivities to economic changes in different time frames. Then, we intro-
duce the Economic Sentiment Index (ESI) to quantify the economic belief of agents and store this
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ESI value in the memory module:
ESI; = A-ESL;_1 + (1 — ) - ESL, Lim (1)

where ) is the memory decay factor (0.8-0.95) and ESI; 11y is the latest economic sentiment index
generated by LLM.

In this way, the economic sentiment of each quarter can be quantified and stored for subsequent
decision-making calculations. We can make the results of LLM reflection quantifiable, reducing
computational overhead. Incorporating the dynamic changes in economic belief makes the decision-
making of the intelligent agent not only data-dependent but also emotionally influenced. The impact
of historical economic data will decay, avoiding excessive reactions by the intelligent agent due to
short-term economic shocks.

Then, we use confidence to adjust the final decision. If confidence is low (e.g., below 0.5), we adjust
the final decision in conjunction with the economic sentiment index:

pl, = o(pl, —0-ESL), pi=o(p.+ B-ESL) )

If economic belief is low (ESI; < 0), the agent reduces consumption and increases the willingness
to work. If economic belief is high (ESI; > 0), the agent increases consumption and reduces work.

3.3 EcCONOMIC ENVIRONMENT DESIGN

This section outlines the design and decision-making processes of intelligent economic agents,
government-imposed taxation policies, production-consumption dynamics, and financial market
mechanisms shaping macroeconomic behavior.

Agent Decision-Making Framework. The core decision-making process for each agent involves
two key economic choices: work and consumption. Initially, these decisions are modeled as:

p'twapf; ~ LLM(Z17P7 Si, U, T, ESIt) (3)

where p!, is the labor market participation probability, and p. is the consumption-to-income ratio.
The variable z; corresponds to the agent’s individual income, while P reflects the prevailing market
price. s; accounts for the agent’s current savings, v provides insight into labor market conditions,
and r represents the bank interest rate. These inputs collectively allow the LLM to generate dynamic
and context-aware decisions.

Production and Consumption Dynamics. Labor supply contributes to goods production following
a Cobb-Douglas function:

G+ G+S=G+AK] L2 K (4)

where A represents the overall productivity factor, K; is the capital stock, and L, = Zjvzl l; x 168
denotes the total labor hours supplied. Capital evolves dynamically as:

Kt = (1 — (S)Kt_l + I— WKt (5)

where 0 represents depreciation, I is new investment, and wK; accounts for inefficiencies. The

market imbalance is defined as ngS = %, which drives price and wage adjustments:

w; < wi(l+¢;- k), P+ P(1+¢p-kK) (6)

Government Taxation and Redistribution. To enhance economic stability and equity, the govern-
ment implements a progressive taxation system, where tax rates rise with income. Post-tax income
incorporates redistributed tax revenues, promoting partial wealth reallocation and reducing extreme
income inequality. In financial markets, agents’ savings grow at an interest rate influenced by un-
employment and inflation dynamics, following a modified Taylor rule.

3.4 RESPONSE GENERATION

When the agent engages in economic activity, it will recall the memory module, which combines
event extractor: retrieved relevant memories m, the short-term memory context Mg, and the per-
sonas P, representing the agent. These inputs are passed to a response generator, which produces an
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appropriate response r. To improve the agent’s capability to generate coherent and contextually rel-
evant responses for economic activities, for each example spanning a series of times (such as several
months in the simulation), we dynamically simulate the economic activity’s progression. As new
economic events arise, the system applies event summarization, persona extraction, and topic-aware
memory retrieval to collect relevant context.

4 EXPERIMENTS

In this section, we conduct experiments to study the ability of EconAl, aiming to answer the follow-
ing research questions (RQ). RQ1: How does EconAl perform in simulations compared to conven-
tional models? RQ2: What role do the key components of EconAl play in influencing the simulation
outcomes? RQ3: Is the decision-making process within EconAl interpretable, and do simulations
effectively capture the impact of external interventions?

4.1 EXPERIMENTAL SETUP

We use LEN (Lengnickl 2013) and CATS (Gatti et al., | 2011) as baselines because they partially
capture the macroeconomic phenomena mentioned earlier within their simulation frameworks and
have carefully designed decision-making rules for work and consumption; given the significance of
agent heterogeneity in macroeconomic simulations, we introduce an additional baseline, Composite,
by combining these two models, and include a learning-based approach, AI-Economist (Zheng et al.,
2022) (AI-Eco), which uses reinforcement learning to optimize agent utility under rational decision-
making assumptions, and compare with EconAgent (L1 et al.,[2024)), which incorporates a perception
module for modeling the macroeconomic environment and simulates heterogeneous agents.
Definition of Economic Indicators. The annual nominal GDP is calculated as the total of S x P
over the course of a year. To compute real GDP, we set the first year of the simulation as the base
year. The wage inflation rate follows a similar formula to price inflation. For households, disposable
income refers to the total income left after taxes and essential expenditures. The savings rate is the
proportion of disposable income that is saved rather than used for consumption. For firms, profit
margin is defined as the ratio of net profit to total revenue.

Simulation Setup. To fully leverage the contextual understanding and extensive knowledge of
LLM, each agent in the simulation is assigned specific real-world attributes, such as name, age, and
occupation. The agents’ age distribution follows the demographic pattern of the U.S. population
between 18 and 60 years old, based on 2018 data (US Census Bureau| [2024). For the economic
variables, the simulation scales the parameters of the Pareto distribution for hourly wages, ensuring
that the resulting monthly wages align with actual U.S. economic data and tax brackets from 2018
(Zheng et al.| 2022)). The simulation was implemented using Python, utilizing GPT-40-mini via the
OpenAl APL

4.2 MACRO-LEVEL ANALYSIS (RQ1)

Economic Indicators. Figure2illustrates the annual fluctuations in inflation rate and nominal GDP.
Notably, due to the unreasonably high unemployment rate (approximately 46%) and nominal GDP
values in AI-Eco, these results are omitted from the report. Both rule-based and RL-driven baseline
models exhibit irregular indicators and significant volatility. In contrast, decision-making in EconAl
has been shown to produce more stable and realistic macroeconomic outcomes across various di-
mensions, even without extensive calibration. This indicates that EconAI’s decision-making process
is more coherent and closely mirrors real-world human behavior, thereby creating a more natural
balance between supply and demand in the consumption market.

Economic Regularity. The Phillips Curve (Phelps,|1967), a widely recognized regularity in macroe-
conomic theory, illustrates the inverse relationship between the annual unemployment rate and wage
inflation. As shown in Figure [3] the modeling performance of EconAgent and other models is
relatively weak. In contrast, EconAI’s decision-making process accurately captures the expected
negative correlation between these two factors (Pearson correlation coefficient of -0.522, p < 0.01).
Notably, the rule-based baseline exhibited an incorrect positive correlation on the Phillips Curve.
Furthermore, EconAl is also capable of modeling Okun’s law (Okunl [1963)), which describes the
empirical relationship between unemployment and economic output. We attribute EconAI’s success
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Figure 5: Additional experimental studies including ablation study, external intervention (COVID-
19), and sensitivity analysis with varying agent counts.

4.3 MICRO-LEVEL ANALYSIS (RQ1)

In the economic environment modeled by EconAl, simulations of firms reveal classic market
strategies and economic phenomena such as competition and cooperation, as illustrated in Fig-
ure [} one scenario where one firm’s revenue stagnates or declines significantly suggests de-
structive competition occurring when firms engage in aggressive price wars, excessive resource
allocation to outcompete rivals, or strategic behaviors that undermine industry stability, resem-
bling a zero-sum or negative-sum game in game theory where excessively aggressive competi-
tion without value creation causes the industry to suffer from reduced profitability and instabil-
ity; in contrast, the second scenario where both firms experience revenue growth reflects prin-
ciples of healthy competition, where firms compete in ways that drive innovation, improve effi-
ciency, and expand market demand so both can thrive, aligning with the game-theoretic concept of
positive-sum competition where firms engage in strategic differentiation rather than direct conflict.

4.4 ABLATION STUDY (RQ2) e 8y

We conduct an ablation study by independently re-
moving key economic factors, with results over a
10-year span shown in Figure 5] We analyze five
versions: the original model (EconAl), No History e
Memory, No Sentiment Index, No Belief Factor, and Year Year

No Investment Impact. The absence of historical (s) Competiton. (b) Cooperation.

memory causes sharp unemployment rate fluctua-

tions, indicating past economic trends crucially sta-  pigyre 4: Micro-level analysis showing com-

bilize employment levels. Removing the sentiment sefition and cooperation dynamics between
index increases volatility, highlighting public senti- .

ment’s influence on labor market dynamics. The ab-

sence of the belief factor introduces inconsistencies,

reinforcing its role in guiding employment expectations. Removing investment impact leads to lower
overall unemployment variability, suggesting investment plays a stabilizing role. These findings em-
phasize the importance of incorporating these components.

Number
~

4.5 EXTERNAL INTERVENTION (RQ3)

We investigate the impact of external shocks on agent decision-making, a key focus in agent-based
economic modeling (Dawid & Gatti, |2018). Using the COVID-19 pandemic as a case study in Fig-
ure [5b), we integrate pandemic-related scenarios into EconAI’s prompts to simulate its economic
effects. From March 2020 onward, simulations include a directive modeling the pandemic’s eco-
nomic repercussions, such as the sharp rise in unemployment during early 2020 (Organization for
Economic Co-operation and Development, [1970). While the model’s quantitative results may not
fully align with real-world data, it qualitatively captures human-like decision-making and macroe-
conomic trends, including sustained high unemployment in the absence of government intervention.



Published as a conference paper at ICLR 2025

Table 1: Quantitative comparison of economic simulation metrics across different methods. Lower
values indicate better performance for volatility metrics ({), while higher values are better for cor-
relation metrics ().

Method Inflation Vol.| Unemp. Vol.| Phillipst Okun?

LEN 0.082 0.045 0.12 0.08
CATS 0.075 0.038 0.18 0.15
Composite 0.068 0.042 0.21 0.19
AlI-Eco 0.156 0.089 -0.05 -0.12
EconAgent 0.054 0.031 0.35 0.28
EconAl 0.041 0.024 -0.52 -0.48

Agent reflections during this period highlight adaptive strategies, such as skill development and
income diversification, under prolonged economic uncertainty.

Sensitivity and Robustness. We increase the number of agents to 300 and rerun the simulation.
As illustrated in Figure [5]c), the inflation rates remain consistently stable and realistic, closely re-
sembling the results obtained with 100 agents. This trend is also observed across other economic
indicators, indicating that the simulation outcomes are not significantly affected by changes in the
number of agents.

4.6 INTERPRETABILITY ANALYSIS

To validate EconAI’s decision-making process, we analyze agent reflections during economic sce-
narios. During COVID-19 simulation, an agent reflected: *When facing long-term economic uncer-
tainty, individuals should focus on building career stability and resilience through strategic transi-
tions and skill development. Without long-term government intervention, individuals should adjust
expectations, diversify income sources, and make cautious investments to maintain stability.” This
demonstrates that EconAl agents exhibit human-like reasoning patterns incorporating both short-
term adaptations and long-term strategic considerations, show awareness of external economic con-
ditions, and respond with realistic behavioral adjustments, validating the effectiveness of our persona
extraction and memory modules.

4.7 COMPARISON WITH ADDITIONAL METRICS

Table [I] presents a comprehensive comparison of EconAl against baseline methods across multi-
ple economic metrics. The results demonstrate consistent improvements across all indicators. As
shown in Table|l] EconAl achieves the lowest volatility in both inflation and unemployment rates,
indicating more stable economic simulations. Importantly, EconAl accurately captures the nega-
tive correlations described by the Phillips Curve (Pearson r = —0.52) and Okun’s Law (Pearson
r = —0.48), while other methods either show weak correlations or incorrect positive correlations.
Table [T shows EconAl achieves the lowest volatility in inflation and unemployment rates, accurately
captures negative correlations in the Phillips Curve (Pearson r = —0.52) and Okun’s Law (Pear-
son r = —0.48) while baselines show weak or incorrect correlations, and demonstrates significant
policy analysis implications as policymakers can test interventions before implementation and the
COVID-19 simulation shows EconAl models external shocks and their economic propagation for
crisis response planning.

Comparison with Traditional ABM. While traditional agent-based models rely on hand-crafted
rules that require extensive domain expertise, EconAl leverages the general reasoning capabilities
of LLMs to generate more nuanced and contextually appropriate decisions. This reduces the need
for extensive manual calibration while improving the realism of agent behaviors. Furthermore,
EconAI’s modular architecture allows easy integration of new economic factors or agent types with-
out redesigning the entire system.
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5 CONCLUSION

We propose EconAl consisting of three independently tunable modules: event perception, long-term
action based on memory, and response generation. By integrating event memory with economic
confidence through dynamic persona modeling, our approach addresses the limitations of traditional
rule-based and machine-learning agents, which often fail to adapt to evolving market complexities.
Empirical evaluations demonstrate that EconAl effectively captures key macroeconomic and mi-
croeconomic phenomena, including inflation, employment, and market shocks, producing results
that closely align with established economic theories.
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A APPENDIX

A.1 GOVERNMENT TAXATION AND REDISTRIBUTION

To maintain economic stability and equity, the government implements a progressive taxation sys-
tem. The tax burden for an agent earning z; is computed as:

B
T(Zz) = ZTk ((bk+1 — bk)l[zi > bk+1} + (2 — bk)l[bk <z < bk+1]) 7
k=1
where by, represents tax bracket thresholds, 75, denotes the corresponding tax rates, and 1[] is an
indicator function. After taxation, post-tax income is updated as:

Ttolal

Zi = 2z — T'(%
Zi =z (z) + N

N
v Tiotar = ZT(ZJ‘), 5; < 8+ % (8)
i=1

A.2 FINANCIAL MARKET MECHANISMS

Agents’ savings evolve with an interest rate function: s; < s; X (1 +r — pu), where unemployment
u negatively impacts savings. The interest rate follows a modified Taylor rule:

r =max(r*, m + Yo (7 — 7)) + Y (v — u) — VAG) )
where r* is the natural rate, 7, the target inflation, 7 the observed inflation, and »* the natural
unemployment rate. Inflation and unemployment dynamics are given by:

~ ~ 12 N
P, - P, Zm:l j:l(l _ZJ)
=" _-~n= = AP 10
m=—p—= o +¢ (10)
where P, is the price index for year n, and (AP accounts for inflation-induced unemployment
effects.
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A.3 SIMULATION PARAMETERS

We simulate N = 100 agents. The productivity is set as A = 1 for simplicity. The initial goods
price is the average hourly wage across all agents. For labor and consumption dynamics, o, = 0.05
and ap = 0.10. For the financial market, ™ = 0.01, m; = 0.02, ™ = 0.04, and o, = &, = 0.5.
Note that our results and conclusions are not sensitive to these parameters.
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