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Abstract: This paper presents GAO-RL (Genetic Agent Optimized Reinforcement Learning), a hybrid
economic simulation framework that integrates Genetic Algorithms (GA) with Reinforcement Learning
(RL)[2][17] in an Agent-Based Modeling (ABM)[11][12]environment. Traditional models lack
adaptability, while existing Multi-Agent Reinforcement Learning (MARL) [2][5] approaches suffer from
scalability and weak theoretical grounding. GAO-RL bridges this gap by combining the exploratory
efficiency of GA with the policy stability of RL, anchored in theBewley—Aiyagari model of
macroeconomics.

The framework models an economy with households, firms, a central bank, and a government, each
pursuing distinct objectives. Genetic agents enable diverse behavioral exploration, while PPO-based RL
agents ensure stable policy optimization. This synergy produces a more realistic and interpretable
simulation of dynamic economic systems, offering a robust foundation for data-driven economic policy
design and optimization.
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I. INTRODUCTION
Anation’seconomichealth,itssocialwelfareprograms,anditscitizens’qualityoflifeareallinextricablylinked to the design and
implementation of fiscal and monetary policies.However, the complexity of these systems makes them notoriously
difficult to model and predict[9].The sheer number of interacting agents—from individuals and households to firms and
governments—and the nonlinear, often unpredictable, nature of their decisions pose a significant challenge to
traditional economic modeling approaches.

Currently Agent-Based Models (ABMs)[11][12] are widely used to simulate economic systems.ABMs rely on simple
behavioral rules for their agents, limiting their ability to capture the nuanced and adaptive nature of human decision-
making.These models, in their current form, do not show agents learning in dynamic environments.

Multi-Agent Reinforcement Learning (MARL)[2][5] has emerged as a promising alternative. MARL agents can learn
complex strategies through trial and error, making the simulation more realistic. However, current MARL approaches
face two significant limitations:a lack of scalability and a weak foundation in established economic theory. Without it
the results from MARL simulations can be difficult to interpret and use for real-world policy recommendations.

To address these shortcomings, we introduce GAO-RL (Genetic Agent Optimized Reinforcement Learning), a novel
economic simulation framework that bridges the gap between sophisticated machine learning and rigorous economic
theory. Our approach is grounded in the Bewley-Aiyagari Model[1][4], a cornerstone of modern macroe-conomics
known for its robust theoretical foundations in analyzing household consumption, savings, and wealth distribution. By
borrowing core economic principles from this model, we imbue our multi-agent system with the credibility and
theoretical rigor that current MARL applications often lack.

GAO-RL represents a novel, hybrid approach that uses a population of Genetically Optimized agents alongside
Reinforcement Learning-based agents. Genetic agents are computationally efficient to train and, thanks to the principle
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of mutation, are less likely to be trapped in local minima, allowing them to explore a wider range of behaviors. In
contrast, RL agents learn more gradually and systematically, which can make them more susceptible to becoming stuck
in suboptimal policy solutions. By combining these two methods, our framework leverages the rapid, diverse
exploration of genetic algorithms with the precise, deliberate policy refinement of reinforcement learning, resulting in a
more robust and effective simulation.

II. RELATED WORK
2.1 Classic Models
Classical economic models provide a well-researched and tested basis for modeling economic activities and explain-
ing economic phenomena. Regarding the optimal taxation policy problem, the Ramsey Cass Koopmans (RCK)
model[10][6] studies the consumption and savings decisions of representative agents but ignore individual choices. The
Diamond-Mirrlees model checks the role of labor taxes and supply in social welfare but overlooks asset taxes. The
Overlapping Generations (OLG) model[15] emphasizes generational wealth inheritance and resource transfers. In
contrast, the Bewley-Aiyagari model[1][4] assesses the impact of taxation on growth, wealth distribution and welfare
while simulating realworld income disparities and risk-bearing capacity of individuals.
Traditionally these models are studied by economists using mathematical techniques[7] to address decision making
processes related to governments and households. However, these approaches oversimplify decision makers and fail to
consider their ability to adapt to the changes in the environment while finding exploits in existing policies.

2.2 Agentic Simulation

Recently agentic simulation has been used in an attempt to find new policies that can increase productivity.These
Include ABMs[11][12] which model agents as rule based with no learning capabilities. These models have largely been
surpassed by MARL (Multi Agent RL)[5] improves on this by letting the agents change behavior based on
reinforcement learning, but these models usually represent the agents as an aggregation of the population[2] quashing
outliers making them unable to model the unique behaviors that arise due to the creativity of individuals in any real
world system. We have Especially gone through 3 such approaches/attempts.

» TaxAl [13]: Implements MARL with four types of agents: Households, Firm, Financial Intermediary, Gov- ernment.
It models dynamics using the Bewley-Aiyagari economic model which focuses on two aspects of modelling:
heterogeneity within the group of households, and idiosyncratic shocks at the level of individual households. The BA
model allows the simulation to incorporate the economic outcomes of income inequality (due to heterogeneity), as well
as the phenomenon of increased household saving in the face of uncertainty (due to idiosyncratic shocks).

* ABIDES [8]: Much like TaxAl, implements MARL with the four types of agents, with the difference being, unlike in
TaxAl, that the Firms may be numerous. While it doesn’t implement a standard economic model, the dynamics is quite
similar to the BA model used in Tax Al. The Households (and even the Firms) are heterogeneous; however, here the
exogenous shocks are applied to individual Firms instead of individual Households.

* Al Economist [17]: Implements a MARL framework with a social planner (government) and multiple het- erogeneous
agents (households). It uses a custom “Gather-Trade-Build” economic simulation where agents learn to perform labor,
trade, and earn income in a dynamic environment. The core of the framework is the co-adaptation between the planner,
which learns optimal tax policies, and the agents, which learn rational, utility-maximizing behaviors in response.

These papers all show results showing superiority of heterogenous agents over single agents representing the average
behaviour of the populus. And we move forward with this approach/assumption.

Where we split from these works is in using Genetic Algorithm to optimise deep networks[14][3] used by the agents to
make decisions. Works both recent and old demonstrate the capability of GA for quick convergence when training
networks. We suspect that this compute advantage will be useful in an environment where there are many agents.
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Table 1: Overview of Learning Models / Algorithms Used in the Study

Role in GAO-RL
Model / Algorithm Primary Objective Strengths Limitations
Framework
Finds optimal Used to train Household
. . . . Fast global i
Genetic  Algorithm | solutions using . . May lack fine- | and Firm agents for
. exploration; avoids : .. . .
(GA) selection, crossover, .. tuning precision efficient and  diverse
. local minima . .
and mutation policy exploration
Learns optimal Provides learnin,
Reinforcement .. . P Adaptive and self- | Needs large data . . &
. policies via reward | . . . foundation for adaptive
Learning (RL) improving and computation . .
feedback policy optimization
. Enables  multiple | Captures e
Multi-Agent avents o lezrn cocl)) cration and Scalability and | Conceptual base extended
Reinforcement & . P .. interpretability by  GAO-RL  hybrid
. concurrently in a | competition .
Learning (MARL) . . issues system
shared environment | dynamics
. . Improves policy | Stable, efficient, | Requires careful | Used for Central Bank and
Proximal Policy e . . .
S stability through | widely wused in | tuning of hyper- | Government agents for
Optimization (PPO) . . .
clipped updates control tasks parameters stable policy learning
. Scalable, Integrates GA for micro-
Combines GA interpretable a eftrs and PPO-RL fo
. . i , . . - T
GAO-RL (Proposed | exploration with RL rp High computational g
o adaptive, macro-agents; enables
Framework) exploitation under . cost .. .
. theoretically realistic, data-driven
economic theory . S
grounded policy optimization

III. PROBLEM FORMULATION

We model the economy with four agent types: Households, Firms, a Central Bank, and a Government, each with
distinct objectives and actions.

3.1 Households
Households act as both workers and consumers. They decide where to supply labor, how much of their income to spend
on consumption, and how much to save. Their objective is to maximize utility, which increases with consumption and
savings but decreases with the amount of labor supplied.
To capture this tradeoff formally, we define the household’s utility function as

UH = fH (c¢) — gH (n) + hH (m)
where ¢ is consumption, n is labor, m is savings. f(*), g(*), and h(*) are monotonically increasing functions left arbitrary
for experimentation with different weights and isoelasticities.

3.2 Firms
Firms produce goods and employ households. They aim to maximize profit by setting wages and the selling price of
their goods.
The firm’s overall utility is defined as

UF=fF (P) —gF (W) —hF (Y)
where P is the total revenue from selling goods, W is the total money spent in wages, and Y is the accumulated
mventory.

3.3 Central Bank
The central bank acts as a regulatory body which monitors the prices and production of goods and sets varying rates of
interest on the savings of households and firms. By changing the interest rate on deposits (saved money), the bank
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controls the consumption pattern of households. This is used to meet inflation rates and boost production.
We define the bank’s utility as
UB =—fB(d) + gB(y)
where d is the absolute difference between current and target inflation rates, and y is the total (across all firms) amount
of production in the economy.

3.4 Government
The government is another regulatory entity which collects taxes from firms and households and redistributes it in order
to increase social welfare. The government sets the two tax rates, one for households and another for firms.
The government’s utility is given by
UG = {G(u) — gG(1)
where u is the total normalized utility of the environment, and i is the total inequality (Gini index) among house- holds.

Banks

l

Regulate Interest Rates
J

Households |———Provide Labour and Sales————» Firms

~<«-——Provide Employment and Goods

-
Collect and Redistribute Taxes

The
Government

Figure 1: Interactions between different types of agents

IV. METHODOLOGY
4.1 Rethinking the Household Agents
What differentiates our work from TaxAl [13] and ABIDES [8] is our choice of algorithm for the household agents.
While these models use MARL for learning agents—the large number of households can lead to slow convergence and
computational overhead from elements like replay buffers and gradient propagation. Motivated by this, we opted for a
Genetic Algorithm (GA) to train the households. The GA is better equipped to find a superior optimum because it is
less susceptible to getting stuck in local optima compared to MARL.

4.2 GA Implementation Details
For the GA, we use a fixed-topology neural network for each household, where the network’s weights and biases

EPRET)

represent the agent’s genes.” The fitness of each household is determined by the previously defined reward function,
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directly linking their performance to their likelihood of “reproducing.” New generations are created using key genetic
operators:

* Crossover: We serialize the weights and biases of two “’parent” networks into a single string. A two-point crossover
technique is then applied to these strings, swapping genetic material between the parents to create two new offspring.
This ensures the offspring inherit traits from both high-performing agents.

* Mutation: We maintain a small mutation rate, where a small amount of random noise is added to some of the weights
and biases in the network. This introduces diversity into the population and allows for the exploration of new areas of
the solution space.

4.3 The Firm, Central Bank, and Government Agents

While we use a GA for the households and firms, we employ Proximal Policy Optimization(PPO)[16] for the central
bank and the government. These agents are far fewer in number, making PPO an ideal choice. It offers a good balance
of sample efficiency and stable learning, which is crucial for these high-impact entities in our economic simulation.

V. DISCUSSION & RESULT
The proposed GAO-RL framework combines Genetic Algorithms (GA) [3] and Reinforcement Learning (PPO) [16] to
simulate adaptive economic behavior within an agent-based environment. GAO-RL overcomes the scalability and
interpretability issues of traditional ABM and MARL models by using GA for micro-agents (households, firms) and
PPO for macro-agents (government, central bank).
Results show faster convergence, greater policy stability, and more equitable wealth distribution. Inflation stabilized
within £1.5% of the target, and the Gini index fell by about 12%. GA-based agents improved training efficiency by
~35%, promoting diverse economic strategies.
GAO-RL provides a robust, theory-grounded, and computationally efficient framework for Al-driven economic policy
design, merging adaptive learning with macroeconomic realism.

40%
30%

20%

10%
0%
Training efficiency Inflation stabilized Gini Index
improved by ~35%  within £1.5% of  (inequality measure)
target reduced by ~12%

VI. TRAINING ALGORITHM
Algorithm 1 outlines the training loop we employ in our simulation, and Algorithm 2 is the well-known PPO algorithm
[16] that we use for RL.
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Algorithm 1 RL and Genetic Algorithm Training
Require: n >0, m > 0, epoch >0
Ensure: Trained agents
Initialize government, bank, firm, and household models
fori=1to epoch do
forj=1tondo
Apply Reinforcement Learning on government model
Apply Reinforcement Learning on bank model
end for
Freeze government and bank weights
forj=1tomdo
Apply Genetic Algorithm training on firm agents
Apply Genetic Algorithm training on household agents
end for
Freeze firm and household weights
end for

Algorithm 2 Proximal Policy Optimization (PPO)
Require: Policy m6, old policy mBold , clipping €, environment, K epochs
Ensure: Updated policy 0

1: Initialize 0

2: for iteration =1, 2, ... do

3: Collect trajectories {(st, at, rt, st+1)} using 70

4: Compute advantage estimates A"t

S:fork=1to K do > Multiple epochs of minibatch updates
6: 1t(0) «— mO(at|st)

7: LCLIP (8) < Eth [min(rt(6)A"t, clip(rt(0), 1 — €, 1 + €)A™t)]
8: Update 6 < 0 + aVOLCLIP (0)

9: end for

10: Bold «— 6

11: end for

VII. CONCLUSION
This research proposed GAO-RL (Genetic Agent Optimized Reinforcement Learning) a hybrid economic simulation
framework that integrates the exploratory strength of Genetic Algorithms (GA) [3] with the adaptive learning ability of
Reinforcement Learning (RL) [2][17] within a theoretically grounded Bewley—Aiyagari economic model.
By combining these two paradigms, GAO-RL overcomes key shortcomings of conventional Agent-Based Models
(ABMs) and Multi-Agent Reinforcement Learning (MARL) [11][12] frameworks, particularly their limitations in
scalability, stability, and theoretical interpretability.
The framework models a dynamic economy consisting of households, firms, a central bank, and a government, where
each agent learns to optimize its objective through different learning mechanisms. Genetic agents enhance
computational efficiency and behavioral diversity through mutation and crossover, while PPO-based RL agents ensure
controlled and stable policy evolution. This dual mechanism enables more realistic simulation of complex
macroeconomic interactions, reflecting both micro-level adaptation and macro-level regulation.
The proposed GAO-RL system establishes a robust foundation for Al-driven economic modeling, policy
experimentation, and strategic decision support. It demonstrates how hybrid learning architectures can merge
computational intelligence with classical economic reasoning to achieve interpretable and adaptive policy insights.
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