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ABSTRACT

This study investigates Python-based algorithms for computing Nash equilibria in different games, ranging
from two-player to multiplayer settings. Techniques such as linear programming, mixed strategy Nash
equilibria computations, and replicator dynamics for multiplayer games are used. This study examines the
practical applications of these methods in industries such as economics, cybersecurity, healthcare, and artificial
intelligence.

The procedure implements computational techniques such as linear programming for solving two-player zero-
sum games and replicator dynamics for multiplayer evolutionary games. Simulated data in the form of payoff
matrices and strategy profiles serve as a testing ground for these algorithms. Key findings suggest that linear
programming methods are well-suited for adaptive, symmetric multiplayer games. The flexibility of these
approaches enables their use in dynamic, real-world scenarios like optimizing competitive strategies,
enhancing security frameworks, and improving resource allocation systems. The research concludes that game
theory, powered by computational tools like Python, holds significant potential to tackle complex decision-
making problems. Recommendations consist of the integration of machine learning techniques to enhance
adaptability and expandability, especially in industries characterized by rapid change and high complexity.

I. INTRODUCTION
1.a. Background information and Context
Game theory, originally developed in the mid-20th century by John Von Nuemann and Oskar Morgenstern, has
played a significant role in a range of fields such as political science, computer science, biology, and engineering.
Game theory is a mathematical framework for analyzing competitive decision making, playing a key role in
multiple industries such as economics, artificial intelligence, and healthcare. Central to game theory is the
concept of Nash equilibria, introduced by John Nash in 1950. Nash equilibria is a dynamic framework for
optimizing strategies depending on others’ decisions, providing insight into optimal strategies for both
individuals and organizations.
With industries growing increasingly reliant on data-driven decision-making, the capability to compute Nash
equilibria has become elemental. Specifically, sectors such as economics, cybersecurity, and healthcare profit
from understanding strategic interactions, whether it's pricing, resource allocation, or enhancing security
protocols. With the rise of complex, dynamic systems, the need for adaptable, real-time algorithms to compute
equilibria is becoming more urgent. This study aims to address these challenges by developing Python-based
algorithms for computing Nash equilibria and implementing them in real-world industrial settings, offering
insights into strategic behavior in competitive environments.
1.b. Research Question
How can Python-based algorithms be constructed and then implemented to determine Nash equilibria and
optimal strategies in input games?
1.c. Aims of the study
There are two primary aims for this study:
e To construct Python-based algorithms to calculate the Nash equilibria in different types of games.

e To implement these algorithms within real-world scenarios cross a multitude of industries, including
economics, cybersecurity, and Al.

1.d. Significance of the research

This research report seeks to bridge the gap between theoretical game theory and practical implementations in
industry, enabling more effective decision-making through computational methods.
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II. LITERATURE REVIEW

2.a. Summary of Existing Literature

Current research in game theory has a primary focus of solving Nash equilibria using algebraic, linear
programming, and iterative techniques. Studies have applied these techniques to various domains, from
economics (pricing strategies, auctions) to cybersecurity(defender-attacked models).

2.b. Identification of gaps in Literature

Despite advancements, there remains a chasm in integrating computational game-theory models with real-time
decision-making systems, especially in dynamic and large-scale environments. The implementation of these
models in rapidly evolving industries like Al and Engineering has been untouched.

III. PROCEDURE
3.a. Methods and materials used
Python libraries such as Scipy (for linear programming) and custom algorithms for replicator dynamics were
used to implement the Nash equilibria algorithms. Data was collected from a simulated games environment
designed to mirror competitive settings like those in Al, economics, and cybersecurity.
3.b. Data collection and analysis
Simulated data, including the payoff matrices for various games (e.g. Prisoner’s Dilemma, Cournot competition),
were used to test the algorithms. The results were analyzed to identify optimal strategies and Nash equilibria.
3.c. Justification for the procedure
Linear programming is effective for small, structured games, while replicator dynamics are effective in
modeling evolutionary behavior in complex systems.
Code used to conduct the research:

import numpy as np

from scipy.optimize import linprog
def find_nash_equilibrium(payoff _matrix):
Computes a Nash equilibrium for a thn player zero-sum game.

Args:
payoff_matrix (20 array): Payoff matrix where rows represent player 1's strategies
and columns represent player 2's strategies.

tuple: Strategies (probabilities) for player 1 and player 2.
strategies = len(payoff_matrix)

*Layer 1's problem (maximizing minimum payoff)

[—1]) + (@] = num _strategies
np.hstack{np.ones{(num_strategies, 1)), —-payoff_matrix])
np.zeros{num_strategies)

result 1 = linprogl(c, A_ub=A, b_ub=b, bounds=(8, None))

# Player 2's problem (dual, minimizing maximum loss)
payoff _moatrix_t = payoff_matrix.T
c2 [1] + [@] = num strategies

A2 = p.he ck([-np.ones((num_strategies, 1)), payoff_matrix_t])

n
b2 np.zerosi{inum_strategies)

linprog(c2, A _ub=A2, b _ub=b2, bounds=(6, None))

and r

strategy
return strategy 1, strategy 2
else:

return None, None

# Example Payoff Matrix for & zero-sum game
payoff_matrix = np.array([[3, 1, (e, 21))
strategy_1, strategy 2 = find_nash_equilibrium(payoflf_matrix)

print(r*Player 1's strategy: {strategy_1)")
print{f"Player 2's strategy: {strategy_2}")
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def replicator_dynamics{payoff_matrix, iterations=190, learning_rate=8.1):
Applies replicator dynamics to converge to a Nash equilibrium,

Args:
payoff_mat (2D array): Payoff matrix for a symmetric multiplayer game,
iteration t Number of iterations to run.

Llearning_rate (float): Step size for updates,

Returns:

np.array: Final strategy profile.

trategies payoff_matrix.shape[@]
egy_profile = np.onesinum_strategies) / num_strategies # Start with uniform

_ in rangel(iteratic

expected_payoffs = p f_matrix @ strategy_p le

egy_profile »= (learning_rate * ed_payoffs)

strategy profile /= np.sum(strategy_profile}] & Normalize it a probability distribution

return strategy profile

# Example for a symmetric game
payoff_matrix = np.array([i8, 3, 1], (3, &, 2], [1, 2, 8]])

final_strategy = replicator_dynamics(payoff_matrix)

print{f"Final strategy profile: {final_strategy}")

IV.  RESULTS

4.a. Data presentation

Game type Method Optimal strategies

Two-player zero-sum Linear Programming Player 1: [0.6, 0.4], Player 2: [0.5, 0.5]

Adapti ilibri hed in 10
Multiplayer evolutionary Replicator Dynamics aptive equ.l ! ru.lm reachedin
iterations

The algorithms successfully computed the Nash equilibria across varying game types, demonstrating their
versatility and efficiency.

V. CONCLUSION
5.a. Interpretation of results

The results validate the effectiveness of linear programming for structured problems and replicator dynamics
for adaptive scenarios, aligning with theoretical expectations.

5.b. Links to the literature

This study extends previous research by implementing expandable, Python-based solutions for game-theoretic
problems in industrial contexts.

5.c. Implications and Limitations

While effective, the methods may face computational challenges in high-dimensional or real-time
environments, indicating the need for further research and optimization.

5.d. Summary of findings

Python-based algorithms efficiently compute Nash equilibria and optimize strategies for diverse applications.
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