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Abstract

Considering today's geopolitical conditions, the risks of war and global
transformation increasingly highlight the importance of intelligence.
Intelligence diplomacy has become a critical component of national
security and foreign policy processes. Intelligence diplomacy, an
attempt to reduce conflicts and wars by shaping diplomacy through
intelligence activities, rather than conflicts themselves, strives to utilize
not only the social sciences but also all the instruments of the field. The
primary objective of this study is to demonstrate the feasibility of this
field, along with its first application, by conducting an application in the
field of "intelligence engineering," a recently discussed need for which
has not yet been implemented in practice. This study designed a game
theory-based engineering problem by developing a successful decision
algorithm to gain an advantage over adversaries in an intelligence-
based diplomacy case. Engineering methods such as artificial
intelligence, heuristic and metaheuristic algorithms, and pattern-based
analysis were utilized in generating these decision alternatives.
Furthermore, a simulation structure consisting of 1000 games,
including 75,000 iterations determined through parameter
optimization, was constructed and run to investigate which strategy,
and therefore which engineering approach, yielded the most successful
results. However, the real significance of the study is that it provides
evidence in the literature that the concept of "intelligence engineering”
is not a utopian approach but a feasible systematic approach, through
the first academic application of engineering-oriented scientific and
"objective” approaches in intelligence science, instead of traditional
social science-oriented "subjective” approaches.
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Oz

Guintimiiz jeopolitik kosullart diistintildiigiinde savas riskleri ve kiiresel
déniisiim giinden giine istihbaratin énemini ortaya ¢ikarmaktadir.
Ulusal giivenlik ve dis politika stireclerinde istihbarat diplomasisi ¢cok
6nem kazanarak kritik bir bilesen haline gelmistir. Catismalarin aksine
istihbarat faaliyetleri ile diplomasinin sekillendirilerek c¢atisma ve
savaglart azaltma girisimi olan istihbarat diplomasisi, yalnizca sosyal
bilimler degil tiim enstriimanlart kullanmaya ¢alismaktadir. Buradan
hareketle yola ¢ikan ¢alismanin temel amact literatiirde son
donemlerde tartisilan gereksinimi anlatilan ama pratik uygulamasi
yapilamamis “istihbarat miihendisligi” alaninda bir uygulama yaparak
bu alanin ilk uygulamast ile birlikte uygulanabilirligini gostermektedir.
Yapilan ¢alismada istihbarat temelli bir diplomasi vakasinda rakiplere
karstiistiinliik saglamak icin basaril bir karar algoritmasi gelistirilerek
oyun teorisi temelli bir miihendislik problemi tasarlanmigtir. Bu karar
alternatiflerinin olusturulmasinda; yapay zeka, sezgisel ve metasezgisel
algoritmalar, desen tabanli analiz gibi miihendislik metotlarindan
faydalanilmistir. Bununla yetinilmeyerek parametre optimizasyonu ile
belirlenmis 75000 iterasyon iceren 1000 oyunluk bir benzetim yapisi
kurgulanarak calistirilmis ve hangi strateji dolayisiyla da hangi
miihendislik yaklasiminin daha basarili bir sonug verdigi arastirilmistir.
Ancak calismanin gercek énemi istihbarat biliminde geleneksel sosyal
bilimler odakll “6znel” yaklasimlar yerine miihendislik odakli bilimsel
ve ‘nesnel” yaklasimlarin akademik olarak ilk uygulamasinin
gerceklestirilmesi araciligiyla “istihbarat miihendisligi” kavraminin
litopik bir yaklasim degil uygulanabilir bir sistematik oldugunun
literatiirde kaniti niteligi tasimasidir.

Anahtar Kelimeler: istihbarat, istihbarat Diplomasisi, Oyun Teorisi,
Pekistirmeli Ogrenme, Genetik Algoritma, Yapay Zeka

1 Introduction

In world history, humanity initially struggled for existence in
nature, relying on its individual abilities to survive. While using
these abilities for basic activities like hunting and gathering,
this process later progressed to the formation of tribes and
societies. The initial struggle for existence transformed from
individual efforts into a collective, social effort. The simple
hunting tools needed now became instruments of war among
societies, initiating an arms race that continues to this day. As
technology and revolutions evolved from the spear to the
destructive weapons of today, they also transformed the
structure of societies and even historical eras.

*Corresponding author/Yazisilan Yazar

The strategic arms competition that began in antiquity has
persisted into the modern era, growing in complexity and scale.
Sun Tzu analyzed this transformation in great detail,
emphasizing its significance [1]. This evolution was not limited
to physical weaponry; as Sun Tzu described, it extended to the
domain of intelligence "the art of winning wars without
fighting." Over time, basic espionage operations progressed
beyond simple information gathering to include disinformation
efforts and destabilization campaigns. Particularly during the
Second World War, intelligence activities began to break down
both military and sociological boundaries, generating
operational impact across diverse fields including technology
and economics [2]. The Cold War period subsequently
introduced the world to a new form of conflict: proxy warfare.



Within this framework, intelligence operations gained
increasing prominence [3]. Independent of traditional war
scenarios, numerous studies have demonstrated that the
acceleration of technological development has negatively
impacted global sustainability [4]. Moreover, the emergence of
thermonuclear, chemical, and biological weapons as part of
modern warfare has posed significant threats to global stability.
In response, imperial powers have increasingly turned to proxy
and intelligence-based warfare in an effort to avoid direct
military confrontation [5].

While today's conditions still carry the risk of large-scale and
destructive war, proxy conflicts and rising tensions between
imperial powers have raised the strategic importance of
intelligence to an even more critical level. An examination of
studies in the field reveals that processes such as data
collection, classification and clustering, verification, and
analysis constitute the foundational structure of intelligence
systems [6]. Research conducted by professionals with
practical experience in this domain also highlights the decisive
influence of accurate data analysis on international diplomacy
[7]. As intelligence operations have grown more critical, the
analysis phase within the broader intelligence process has
come to the forefront [8]. Scholars have emphasized that the
need for transformation within the analysis stage extends
beyond a set of technical requirements, calling instead for a
paradigmatic shift in perspective and cognitive frameworks [9].
The essence of this call lies in redefining intelligence not merely
as a subdomain of sociology or political science, but rather as a
standalone scientific discipline capable of integrating tools
from the natural and applied sciences [10]. Numerous studies
underscore the transformative capacity of intelligence when
approached through scientific methodology [11]. In this era,
often described as the age of artificial intelligence, a
scientifically grounded intelligence infrastructure has emerged
as a critical competitive advantage for nation-states and
organizations alike [12].

Recognizing the growing need for intelligence studies to
establish their own academic identity, a number of recent
works have sought to develop a dedicated literature and
methodology for the field [13]. This evolving perspective,
characterized as “intelligence science,” has yielded conceptual
frameworks intended to guide future scholarship [14].
Consequently, foundational contributions proposing a
systematic approach to the field have become more widespread
[15]. These efforts initially focused on counterterrorism
applications [16] and subsequently expanded to include
counterintelligence operations [17].

Despite this progress, a significant gap remains evident in the
literature. Historically situated within the social sciences, the
field of intelligence has often been regarded with skepticism by
researchers in the natural and applied sciences. As a result,
interdisciplinary efforts have been limited, and the demand for
methodological diversification has long remained unmet.

In 2017, Adam Svendsen proposed the concept of “intelligence
engineering” for the first time [18]. The 2020s, marked by rapid
technological advancement and shifting geopolitical dynamics,
have renewed interest in this approach, giving rise to a number
of exploratory studies intended to guide future practitioners
[19]. Initial applications of intelligence engineering emerged
within the domain of cyber intelligence [20], and this trend has
continued with the development of scenario-based cyber
intelligence frameworks [21]. Alongside these developments, a
broader transformation in intelligence philosophy has

emerged—one that places increased emphasis on engineering-
oriented methodologies and tools [22]. Contrary to the field’s
overconcentration on cybersecurity and digital
communication, scholars have begun to articulate a broader
need for engineering-driven frameworks—particularly in light
of developments in artificial intelligence [23]. Nevertheless,
most existing studies have remained theoretical or narrowly
focused on cyber intelligence [24]. In response to this gap, a
new study conducted in Turkey in 2025 introduced a systems
engineering-based intelligence engineering framework that
leverages a wide range of engineering tools [25].

This study aims to demonstrate the applicability of engineering
approaches within the intelligence domain not only in areas
such as cybersecurity or electronic communication, but across
a broader operational spectrum. By adopting and comparing
multiple systems engineering methodologies in practice, it
represents the first applied study of intelligence engineering in
the literature. Furthermore, it offers a reference framework for
future work in this emerging field. As a result of this reference
study, the practical applicability of engineering instruments
beyond conventional activities in the field of intelligence
engineering has been demonstrated. Moreover, the findings
indicate that the use of these methods can significantly
contribute to this domain. In this respect, the study represents
a pioneering effort in the literature.

This section introduces the topic, explaining the study's initial
objectives, objectives, and significance. The second section
presents the fundamental concepts discussed in this section,
their theoretical explanations, and, most importantly, the
literature studies that paved the way for this study. The
"intelligence diplomacy" concept in the study, along with the
formation of the "artificial intelligence” and "game theory"
systematics used in the methods used, are explained in detail.
The third section then provides the reader with a wealth of
information, including the practical basis for the application,
the methods used, why and how they are used, the selected
parameters, and the selection method. This section provides
guidance for researchers who intend to implement a similar
application and provides initial settings for those who wish to
replicate the application. The fourth section presents the
mathematical representation of the application's hardware
infrastructure, the resources used for the application, and its
performance, along with the results obtained from its
execution. The objective output of the results is presented here
in a tabular format. And then, in the last part of the study, both
the general outcomes of the study and its academic importance
and originality were evaluated, based on the fiction explained
since the first part and the methods explained in the following
parts and their numerical findings.

2 Literature Review

This study integrates multiple disciplines. In this section, key
literature from each relevant field is presented in order to
establish the theoretical foundation and highlight the study’s
original contribution.

2.1 Intelligence Diplomacy

Among the leading scholars who have shaped the intelligence
literature, Herman examined the concept of intelligence by
addressing the development of modern intelligence systems,
their integrated relationship with diplomacy, and the
implications of intelligence transformation on diplomatic
practice [26]. Lomas provided a detailed analysis of the
interactions between these two domains, emphasizing their



reciprocal influence [27]. In his study, Fidan offered an in-depth
exploration of the concept of intelligence and its influence on
diplomacy through the lens of the foreign policy of the Republic
of Turkey, making one of the earliest contributions to the
literature on the concept of "intelligence diplomacy"” [7]. Kalin
analyzed the formation of Turkish foreign policy, highlighting
the importance of accurate data and modern institutional
structures in strategic decision-making processes [28].
Similarly, Kose argued that diplomacy built upon robust
intelligence foundations enhances a state's influence in
international affairs [29].

Intelligence diplomacy, as defined in this study by examining
leading sources in the literature, can be described as the
process by which states, in addition to the special and covert
intelligence activities of classical intelligence, engage in covert
communication with one another, operating the diplomatic
process based on intelligence outputs, and shaping open
diplomacy based on these process decisions. In short, while
diplomacy is an overt activity in the international arena, and
intelligence is a covert activity specific to states, intelligence
diplomacy can be viewed as a hybrid diplomacy model between
states that operates covertly and covertly at the international
level.

2.2 The Game Theory

In engineering-based economic studies, static models where
decisions and outcomes across multiple decision models are
treated as independent have failed to meet the growing
computational demands. This limitation has created a need for
a computational framework in which multiple decision-makers
or alternative actions influence each other and the resulting
outcomes. Game theory emerged in the 20th century as a
groundbreaking solution to this need and has since been
applied across a wide range of domains, from economics to
politics. The theoretical foundations were laid in 1928 by the
scientist John von Neumann through his formulation of the
"minimax theorem," a model involving two decision-makers in
a zero-sum setting where one player’s gain is equivalent to the
other’s loss [30]. The conceptual structure of the field was
further established with the publication of Theory of Games and
Economic Behavior in 1948 by John von Neumann and Oskar
Morgenstern, which focused on applications in economics [31].
Shortly thereafter, John Nash introduced the concept of the
"Nash equilibrium," a decision point that became a cornerstone
for modeling multi-player games [32]. Nash also developed the
theory of "two-player cooperative games," which extended the
applicability of game theory from economics into other fields
such as political science [33].

At its core, game theory models interactions among multiple
decision-makers by analyzing decision alternatives and the
potential benefits or losses resulting from various
combinations of these alternatives. Beyond its initial
applications in economics, statistics, business, and engineering,
game theory has also gained traction in political science,
strategy, and diplomacy [34]-[37].

In the intelligence literature, game-theoretic approaches have
been applied in a limited number of studies. In [38], for
instance, game theory was used to mathematically model the
possible outcomes of rival decision-makers in military
decision-making problems. Another study employed a game-
theoretic framework to construct a decision model for national
intelligence activities [39].

2.3  Artificial Intelligence & Other Algorithms

The "Boolean Algebra" approach introduced by [39] laid the
foundation for digital computing and related scientific
disciplines, serving as a precursor to a technological revolution
that would emerge in the decades that followed. The invention
of the "Turing Machine" by Alan Turing established the
conceptual basis for artificial intelligence and introduced a
logical framework that remains a reference standard to this
day[40]. Shortly thereafter, Alan Turing posed the question
“Can machines think?” in a seminal work that marked the
beginning of an era-defining intellectual pursuit [41]. This
trajectory culminated in the 1956 Dartmouth Conference,
where the conceptual framework for artificial intelligence was
formally introduced [42].

Originally developed to predict a dependent variable based on
its relationship with associated independent variables, their
coefficients, and constants, artificial intelligence methods
expanded to include classification and clustering tasks. With
the development of artificial neural networks, machine
learning emerged as a computational paradigm. The scarcity of
labeled data subsequently gave rise to deep learning, while
advances in language modeling contributed to the evolution of
natural language processing. In parallel, visual analysis led to
the field of computer vision, and all of these developments
collectively informed the creation of expert systems. This
transformation has extended from simple machines capable of
human-like reasoning to robotic systems capable of
autonomous action.

Artificial intelligence, which now influences virtually every
domain of modern life, has become a defining feature of the
contemporary era. While applications abound across sectors,
their integration into intelligence studies remains limited.
Existing works in the field are largely theoretical and have yet
to result in applied frameworks.

In Daricilt’s study, the integration of artificial intelligence into
the Turkish intelligence system was examined, with attention
to its impact on national security and foreign policy
formulation[43]. In Aksu’s study, artificial intelligence was
proposed for use in military strategy development through the
concept of “smart warfare systems” [44]. A distinct perspective
on the use of Al in intelligence was presented in by Karabulut
[45]. While numerous studies emphasize that the use of Al
technologies in this field is not merely an option but a necessity,
a persistent disciplinary divide has limited progress.
Researchers from the social sciences have dominated the field,
while contributions from engineering and the natural sciences
have remained largely confined to domains such as signals
intelligence, satellite imagery, and cybersecurity. Combined
with underlying psychological and institutional biases, this has
resulted in a noticeable gap in the literature [13], [23].

In 2025, a study proposed for the first time a methodological
framework that advocates for the use of engineering disciplines
-specifically systems engineering- in the field of intelligence
[25]. This study aimed to introduce the first applied model into
the literature and to serve as a reference point for future
research efforts in this domain.

In achieving this goal, two points were considered. First, there
is a lack of labeled and fully known data, making it impossible
to speak of fully verified data in intelligence processes. Second,
and more importantly, while each decision is relatively
independent of previous decisions, each decision is still
influenced by the sum of previous decisions and their outcome.



In this context, among the artificial intelligence learning
models, the researchers deemed the use of the "reinforcement
learning” model, a discrete-time learning model that is also
based on Markov chains, but can work in situations where exact
methods that do not require labeled data and precise
information are not feasible, and aims to achieve the highest
reward score.

A review of the literature reveals two distinct approaches to
solving optimization problems. The first is called exact
methods, which guarantee the global best result but are
particularly inefficient in terms of resource and time
requirements, especially for large-scale or complex problems.
These approaches will not be very effective for large-scale and
challenging problems like those presented in this study. The
second approach is heuristic and metaheuristic, which are
approximate approaches. Because this study addresses a large-
scale, multi-alternative decision problem, these approaches
were deemed more suitable. Among these, the “genetic
algorithm” was deemed suitable as the primary method.
“Pattern recognition”, derived from supervised learning, a type
of artificial intelligence learning model, or pattern-based
analysis, was also selected as a suitable model for this study.

3 Material and Methods

In this study, a diplomacy-based game theory problem has been
formulated to analyze how an intelligence agency develops
policies against rival intelligence agencies, as well as the rival’s
unaware countermoves and the resulting outcomes. The game
approaches the problem from a fundamental perspective,
incorporating certain assumptions to examine which method
allows for more accurate predictions of rival moves or the
formulation of a more successful policy. The assumptions made
in the formulated game problem are as follows:

The analysis considers only the interactions between two
intelligence agencies, assuming no third-party involvement or
external intervention.

Only three fundamental moves have been defined: Peace (no
additional investment or action against the rival), Passive
(involves counterintelligence measures against potential
intelligence operations from the rival, in addition to a peace
policy), and Attack (includes espionage operations against the
rival in addition to the countermeasures in the passive stance).

There is no historical, ethnic, or political conflict, nor any
special political trust between the rivals; the past relationship
is assumed to be neutral.

Intelligence agencies are assumed to have equal power.

Based on these assumptions, the study constructs a gain-loss
function, where each round involves both rivals independently
selecting one of the three alternatives without prior knowledge
of the other’s decision. The scoring system for different
scenarios is as follows:

If both players choose the peace policy, they each gain 3 points,
assuming a mutual benefit without additional effort.

If one player chooses peace while the other selects passive, the
peaceful player earns 2 points, while the passive player loses 1
point due to unnecessary counterintelligence efforts.

If one player chooses peace while the other selects an attack,
the attacking player gains 3 points, while the peaceful player
loses 1 point due to successful espionage.

If both players choose passive, neither gains any points (0
points each).

If one player chooses passive while the other selects attack, the
failed intelligence attempt results in the passive player gaining
2 points, while the attacker loses 1 point.

These conditions are symmetrical, meaning the same scoring
applies when the roles are reversed.

After defining the game rules, determining the players’ and
opponents’ moves, and assigning point values to these moves,
specific strategies were developed for the players. Players
formulated their policies based on these strategies. Since the
objective of this study is not to evaluate individual cases but
rather to develop a diplomatic strategy, the key focus has been
on comparing different strategic approaches. In total, 12
strategies were created, consisting of 6 fundamental
psychological operations strategies and 6 advanced strategies.

Fundamental Strategies:

1. Peaceful Strategy: A player who always chooses the
peace strategy, regardless of circumstances.

2. Passive Strategy: A player who always opts for the
passive strategy in every round.

3. Aggressive Strategy: A player who consistently
selects the attack strategy in all rounds.

4. Imitative Strategy: A player who makes a random
choice in the first round and then mimics the
opponent’s previous move in subsequent rounds.

5.  Pragmatist Strategy: A player who initially appears
peaceful but then attempts an attack to normalize it,
and after three rounds, selects the move that
maximizes gains based on the opponent’s behavior,
exploiting its weaknesses.

6. Revengeful Strategy: A player inclined toward peace
but, if attacked by the opponent, responds with
continuous and intense aggression. When the
opponent exhibits a passive stance, the player also
resorts to passive defense.

In this study, the fundamental strategies are not meant to
represent the exact choices of an intelligence unit in real-world
scenarios. Instead, they are designed based on instinctive and
psychological operations principles to prevent a bias toward
any particular direction. In real diplomatic processes,
significantly more complex strategies are employed.

Thus, the primary focus of this study is to use algorithms and
modern methodologies to predict opponent moves and develop
a superior strategy. To achieve this, 6 additional advanced
strategies were formulated.

Advanced Strategies:

1. BasicInsidious Strategy: A player who observes the
opponent’s moves and attempts to attack when the
opponent is vulnerable while switching to defense
when the opponent becomes aggressive.

2. Insidious Strategy: A player who observes the
opponent’s moves and prioritizes an attack that
counters the most frequently used move of the
opponent, ensuring they do not lose in the process.

3. Genetic Algorithm Strategy: A player who analyses
the opponent’s moves using a genetic algorithm,
treating the pattern as a DNA sequence and
attempting to create a winning move pattern.



4. Pattern-Based Strategy: A player who predicts the
opponent’s moves through pattern-based analysis
and aims to develop a winning pattern.

5. Reinforcement Learning (AI) Strategy: A strategy
based on reinforcement learning, one of the most
widely used learning models in Al research when
labelled data is scarce. This strategy learns the
opponent’s moves and attempts to predict their next
moves to secure victory.

6. Random Strategy: A strategy in which the player
randomly selects one of three different moves in each
round. Of course, in real life, an intelligence agency
would not act this way. This strategy serves as a
benchmark because, in a few rounds, the logic behind
basic strategies will be anticipated by advanced
strategies, leading to dominance. Since move selection
lacks logic and pattern, the opponent becomes a
strong adversary, and the most sophisticated
strategies will still be able to predict and counter it,
making this strategy useful as a reference point.

In determining the strategies employed in this study, six
fundamental strategies commonly encountered in adversarial
games and relevant to the field of intelligence were initially
selected as the baseline strategies. Subsequently, the design of
advanced strategies was undertaken. A basic insidious
algorithm, deemed suitable for modeling intelligence policies,
was specifically developed for this study. Given that the
outcome of a conflict is considered more critical than peacetime
operations in intelligence warfare and that the scoring system
was accordingly designed this bespoke insidious algorithm was
tailored to align with such priorities. Furthermore, a single
artificial intelligence-based strategy was incorporated, and due
to the necessity of in-game learning, reinforcement learning
was selected.

In accordance with the sequential pattern-based nature of the
game, another strategy was included that detects and exploits
repeated behavioral patterns. Next, in order to explore a
complex strategy space and to identify the global optimum i.e,,
the absolute winning strategy several heuristic or
metaheuristic algorithms were considered appropriate for
constructing a hybrid strategy. Among these, the genetic
algorithm was chosen due to its broad applicability, ease of
integration with other algorithms, and high degree of flexibility.
Finally, in consideration of real-world applicability, although
not practically deployable in an operational intelligence
context, a random strategy selecting among three decision
alternatives entirely at random was included. This strategy was
introduced primarily to serve as a performance benchmark,
given its inherently unpredictable behavior and high resistance
to opponent modeling or learning.

In accordance with the sequential pattern-based nature of the
game, another strategy was included that detects and exploits
repeated behavioral patterns. Next, in order to explore a
complex strategy space and to identify the global optimum i.e.,
the absolute winning strategy several heuristic or
metaheuristic algorithms were considered appropriate for
constructing a hybrid strategy. Among these, the genetic
algorithm was chosen due to its broad applicability, ease of
integration with other algorithms, and high degree of flexibility.
Finally, in consideration of real-world applicability, although
not practically deployable in an operational intelligence

context, a random strategy selecting among three decision
alternatives entirely at random was included. This strategy was
introduced primarily to serve as a performance benchmark,
given its inherently unpredictable behavior and high resistance
to opponent modeling or learning.

As a result, the game framework was constructed using a total
of 12 strategies: 6 fundamental and 6 advanced. Once the
strategies were established, the parameterization of the
associated algorithms, particularly those used in advanced
strategies, was guided by the most frequently encountered
configurations in the literature. Nevertheless, the genetic
algorithm displayed markedly inferior performance under
default settings. This underperformance was attributed to the
algorithm’s three core parameters: Population Size,
Generations, and Mutation Rate. Initial values were selected as
(100, 100, 0.01), consistent with standard practice in the
literature. However, these settings led to excessive resource
consumption, prolonged execution time, and suboptimal
performance. While the other algorithms were able to produce
strategic responses within five moves, the genetic algorithm
required blocks of 100 moves to formulate basic decisions,
resulting in considerable scoring deficits.

Consequently, it was deemed appropriate to reduce both the
population size and the number of generations, while
increasing the mutation rate. A configuration of (10, 5, 0.2) was
selected, corresponding to 10-move segments, five initial
generations, and 2-move incremental corrections. Under this
revised setting, the model demonstrated improved runtime
performance, increased flexibility for real-time applications,
and higher success rates. Accordingly, the “Genetic Algorithm”
strategy within the study was executed using this optimized
parameter configuration.

A bespoke software was developed in Python to implement the
model, featuring a simple graphical user interface (GUI)
through which the entire model could be operated. At this stage,
two critical methodological questions emerged: (i) How many
iterations should a single game include? and (ii) How many
games must be played to meaningfully assess the relative
superiority of the algorithms?

For the first question, it was concluded that the number of
iterations must be sufficient to allow the performance of
adaptive algorithms to converge. However, due to resource
constraints, the minimum number of iterations that would still
ensure meaningful results needed to be determined. Among the
12 strategies, only two Random Strategy and Reinforcement
Learning were found to be directly affected by iteration count.
For the Random Strategy, a sufficient number of iterations is
necessary to achieve a balanced distribution across the three
decision alternatives, so that true randomness can be asserted.
For the Reinforcement Learning algorithm, performance is
contingent on the extent of learning, particularly in the absence
of labeled data.

A critical insight was that excessive iterations could lead to
overfitting. Thus, two metrics were identified for close
monitoring: (1) the frequency distribution of choices made by
the Random Strategy, and (2) the learning rate of the
reinforcement learner. The learning rate was operationalized
as the proportion of moves resulting in an update to the Q-table,
the mathematical structure underlying reinforcement learning.
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If the algorithm updated the Q-table for a given move, it was
considered to be learning; otherwise, it was either testing or
making predictions. Therefore, the ratio of Q-table updates to
total moves served as a proxy for learning progression. As
expected, this ratio begins near one and decreases steadily over
time. Once the ratio plateaus, it is inferred that learning has
saturated and further iterations would likely induce
memorization rather than generalization.

The program was modified to visualize both metrics.
Experimental design was then guided by these visual
indicators. Both algorithms were run for 100,000 iterations. As
shown in Figure 1. Randomization Graph, after approximately
70,000 iterations, the selection probabilities of the three

alternatives converged to 1/3, and no further fluctuations were
observed. Similarly, Figure 2. Learning Graph illustrates that
learning activity nearly ceased after 80,000 iterations, as
evidenced by the flat slope of the update ratio. From these
observations, the optimal iteration count was estimated to lie
between 70,000 and 80,000, with 75,000 selected as a balanced
figure.

Regarding the second question, initial trials were conducted
with 100 games to calculate win-rate percentages, increasing in
increments of 25 games to assess convergence. As depicted in
Figure 3. Results Table, outcome variability diminished as the
number of games increased. Beyond 800 games, changes in
overall scores were observed, but the identity of the winning



algorithm remained consistent. Accordingly, the total number
of games was fixed at 1,000.

4 Summary of Results

In this study, a problem was designed that simulated the
continuous struggle between two rival intelligence agencies
based on intelligence. In this problem, two different players,
with three different decision alternatives, made decisions
against each other, resulting in a quantitative outcome. This
situation pointed the researchers to a game theory approach. In
short, a two-player game model with three decision
alternatives and a zero-sum reward/punishment scoring
system was constructed. To solve this problem, a software
program specifically for this study was developed in Python
3.10.2. The Python-based software, developed specifically for
this study, was run to run 1,000 games, each consisting of
75,000 rounds, between 12 players. The simulations were run
on a system equipped with an Intel(R) Core(TM) i7-5500U CPU
2.40GHz, 8GB of RAM, and the Windows 11 operating system.
The total model run time was measured at 72 hours.
Considering the need for iterative testing during the
experimental design and software development process, the
same software was recoded in TypeScript to improve system
and time resources. The results were obtained in
approximately 8 hours using an OOP-based structure.

When analyzing the game results, mutual reward points were
revealed. For simplicity, the players' overall reward/penalty
points were calculated by subtracting the number of wins from
the number of losses. For example, if Player A won 600 times,
tied 300 times, and lost 100 times in 1000 games against Player
B, areward of +500 was assigned from Player A to Player B, and
a penalty of -500 was assigned from Player B to Player A,
resulting in a zero-sum result. Based on this, it is clear that the
possible value range for reward/penalty points is between -
1000 and +1000. The important point here is that the selected
players (and therefore the selected algorithms) who achieved a
result of +1000 / -1000 demonstrate absolute and definitive

superiority over each other. The game results are shown in
Figure 3.

Figure 3. A simple examination of the Results Table Screenshot
reveals that the first diagonal represents a battle between the
same player and itself, so it is colored black and excluded from
the analysis. The table (being zero-sum) yields a symmetrical
result with respect to this diagonal. Green indicates the winning
strategy, red indicates the losing strategy, and finally, yellow
indicates a tie.

A closer examination of the Figure 3. Results Table
Screenshot reveals even more striking results. The results of a
total of six basic strategies, three uniform and three
algorithmic, offer several important insights. The uniform basic
strategies (aggressive, peaceful, and passive) yielded a
triangular symmetry with each other. That is, each player
achieved an absolute victory against one of their two opponents
and an absolute loss against the other. This situation represents
a combination of "Rock-Paper-Scissors” in game theory.
However, real-life situations would be very different from
"Rock-Paper-Scissors." The three uniform basic strategies were
significantly weaker and ineffective against the three
algorithmic strategies. In Figure 3, without considering the
first column and row as the descriptive header row, it is clearly
visible between rows 2, 3 and 4 and columns 2, 3 and 4 in the
matrix representation in the middle.

When Figure 3 is examined, the Imitative, Pragmatist, and
Revengeful strategies achieved 6 victories, 4 of which were
absolute victories, against the Aggressive, Passive, and Peaceful
strategies. However, they suffered 2 defeats, 1 of which was
narrow, and a draw in 1 case. This situation will yield the
analyst's first outcome as follows: "It is clear that monotonous
basic strategies will be weak and ineffective against basic
algorithmic strategies in a battle." This is clearly evident in the
matrix representation in Figure 3, between Rows 5, 6, and 7,
and Columns 2, 3, and 4.

Random | Aggressive | Passive | Peaceful | Imitative | Pragmatist | Revengeful | Genetic Reinforceme Pattern Base] Basic Inidio] Inidious

Random 1.000 68 1000 |- 16 10 1000 1000 - 1.000 2| 16 16
Aggressive 1.000 1.000 1.000 |- B 1000 1.000 1000 - £000(-  L000[- 1000  1.000
Passive 68 1.000 1.000 (-  L000)-  1000(-  L000)-  £000(-  L000(- 1000  1.000
Peaceful £000- 1.000 1000 10 1000 1000 - 4000(-  L000(- 1000  1.000
Imitative 16 % 3% 10 1000 . 994 - 1000 - 893 (- 1000  1.000
Pragmatist |- 1 1000 1000 1000 (- 1.000 1000 1000 - 1.000 U§ 1000 1000
Revengeful 1000 - 1.000 1.000 . 1000 1000 - 4000 (- 1000 (-  1000|-  1.000
Genetic 1000 - 1.000 1.000 1.000 941 1000 1000 1000 |- 908 |- 1000 - 1000
Reinforcemd 1000 1000 1000 1000 1.000 1.000 1.000 1000 1,000 1.000 1000
Patter Base|- 2 1.000 1000 1000 893 |- 46 1.000 908 (- 1000 42 1.000
Basic Insidio 16 1.000 1.000 1000 1000 - 1.000 1.000 1000 - 1.000 |- 42

Insidious 4 1000 1000 1000 1000 - 1.000 1000 1000 - 4.000(- 1000

Figure 3. Results Table Screenshot.




Following the examination of basic strategies, the competition
between advanced strategies designed using the selected
engineering discipline methods "Genetic Algorithm,"
"Reinforcement  Learning," "Pattern-Based," "Basic
Insidious," and "Insidious," as detailed in the previous section,
against monotonous basic strategies is revealed in Figure 3. In
the similar matrix analysis, in the sections of rows 8-12 and
columns 2-4, 8 absolute victories and 1 absolute loss are
observed. Similarly, in the similar matrix analysis in Figure 3,
in the sections of rows 8-12 and columns 5-7, algorithmic basic
strategies were also ineffective against engineering-based
strategies. This situation yields the following conclusion:
"Advanced engineering-based algorithms have achieved a
significant advantage over basic strategies."

The evaluation of the findings thus far reveals that monotonous
strategies are ineffective compared to all other strategies in
basic strategies, while an algorithmic player has the advantage
over these strategies. Conversely, the general superiority of
players who develop strategies using engineering sciences and
their methods over all others was commented on. The expected
striking results of the study will emerge in the evaluation phase
of this section. So, how did the engineering-based strategies
that demonstrated their superiority over other strategies fare
in the competition between themselves?

Figure 3. Results Table. A similar careful examination of the
relevant section of the screenshot (rows 8-12 and columns 8-
12) reveals that these strategies, when examined in three
groups, yielded a significant result. The metaheuristic
algorithm group represented by the genetic algorithm was
ineffective against the other advanced strategies. This is
expected, given the structure and purpose of metaheuristic
algorithms, as opposed to finding the global best, and their lack
of problem specificity. In contrast, the two heuristic algorithms
developed for this problem provided superiority over the
genetic algorithm but were ineffective against the others.
Finally, one, a "Pattern-Based Algorithm," directly suited to the
problem structure, and the other, "Reinforcement Learning,”
independent of the game structure, and the artificial
intelligence technology it represents, clearly outperformed all
other strategies. So, how did these two definitively winning
algorithms compare? The answer to this question is clearly
evident in Figure 3. In this struggle, the "Reinforcement
Learning"-based strategy triumphed decisively. Therefore, the
final outcome of the study is as follows: "While metaheuristic
methods have a positive impact on solution efficiency, study-
specific heuristics yielded more successful results, and
specialized models suited to the study structure naturally
produced superior results. However, a sufficiently trained
Reinforcement Learning model achieves superior success,
including all scientific methods." In addition to the striking
nature of this outcome, a specific assessment of this situation is
provided in the final section of the study.

Following the evaluations, a final additional analysis was
conducted. While the previous section has evaluated players
acting with a basic strategy or advanced strategy and a specific
mindset, a player created for this special study, which was
included in the study but not considered until now, stands out.
A player model called "Random Strategy" that makes a
completely random (equally likely) choice among three
decision alternatives stands out here. Of course, such random
choices wouldn't be made in real life, especially in such a
sensitive situation, but the aim here was to demonstrate the
following: The winning strategy analyzed the mindset of the

opposing players and developed a countermove. However, if
the opposing player were a completely random player and not
rational, could they even model their random choices and
countermove? No matter how many times the application was
run, the "Random Strategy," whose outcome changes with
each player, loses decisively only to the "Reinforcement
Learning" strategy across all iterations and simulations. This
also yielded a final output. An Al system with a sufficiently
trained and optimized "Reinforcement Learning" model can
analyze and develop a counter-strategy even if the opposing
player is not rational and makes random choices.

Based on the findings of this study, this problem, modeled on
game theory and developed and compared with engineering
methods, offers the reader a different perspective. It has the
potential to herald a transformation in the concept of
"intelligence diplomacy," the real-world problem on which
this study focuses. Diplomacy is explicitly comprised of the
decisions different players make against each other and their
consequences, while intelligence diplomacy consists of the
covert decisions different players make against each other and
their consequences. Therefore, while basic rules and
approaches may apply in diplomacy, in intelligence diplomacy,
the key is to predict the opponent's covert operational
decisions in the face of insufficient data, calculate their
consequences, and make decisions accordingly.

While this study is too small to precisely simulate the real world
and generate judgments, it is a significant first step in
demonstrating that artificial intelligence technologies like
reinforcement learning can offer significant advantages in this
field. Comments and general conclusions regarding these are
presented in detail in the last part of the study.Conclusions

An examination of the study's structure, purpose, scope,
content, and findings allows the reader to draw numerous
detailed conclusions.

First, the study's structure allows for a micro-field assessment
of the field of intelligence and diplomacy without straying from
its core focus. In this context, the applicability of intelligence
engineering, the study's objective, beyond conventional
diplomatic fields has been demonstrated. However, because the
study demonstrates its applicability in this field rather than
attempting to fully reflect the conditions of contemporary
intelligence diplomacy in a global environment, the conclusions
drawn here are more likely to open new horizons in the field
than to establish general judgments and acceptances.

The content provides a unique contribution to the literature by
comparing traditional, uniform approaches, fictitious
algorithmic approaches, and advanced engineering studies, and
by offering many of them the opportunity to apply them for the
first time in this field. Furthermore, the use of reward-
punishment-based game theory and simulation engineering
methods, a method first encountered in the literature, sheds
light on future research.

Finally, a review of the findings reveals the ineffectiveness of
uniform structures in predicting adversary behavior. It raises
questions about how effective these strategies are even in
global official diplomacy. Compared to these, the superiority of
algorithmic strategies has emerged. However, these strategies
have also been left helpless in the face of advanced engineering
methods. Primarily, the superiority of the advanced
engineering approach over traditional methods (within the
scope of this study) is striking. Among these, while strategies
developed specifically for the specific topic are relatively



prominent compared to mainstream methods, advanced
strategies that perfectly meet the framework of the study have
become even more prominent. And, independent of all these,
the "reinforcement learning” model, which has gained a place
in the literature with its effective results in cases of incomplete
or unlabeled data, provides absolute superiority over all
strategies. It even gains an advantage against opponents who
do not behave rationally, and whose actions therefore seem
impossible to predict. Its superiority in these situations has
been demonstrated through quantitative data, rather than
personal observations and interpretations.

In summary, the findings and conclusions obtained point to a
key conclusion, considering the purpose and scope of the study.
In any period when the risk of war is greater than zero,
"intelligence engineering" applications equipped with
engineering methods in the fields of "intelligence," "diplomacy,"”
and "intelligence diplomacy” appear to be more than just an
option, they are a crucial necessity.

While the study's originality opens a new field in the literature
and pioneers and guides subsequent studies, it remains limited
in some areas. Based on this study, models such as artificial
intelligence and reinforcement learning can be applied to more
areas, particularly big data sources such as the internet and
social media. This study is modeled solely on two rival states,
but in the real world, diplomacy is not between two rivals;
many global stakeholders influence these processes. Therefore,
the study can be expanded to include multiple players.
Furthermore, the study assumes equal power between the two
players. However, in the real world, states' power and influence
on each other are not equal. This fact can be taken into account
and the scope of the study can be expanded.
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