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This thesis presents a systematic review of the evolution of chess computers, tracing the
development of key technologies and algorithms from the inception of the first theoretical
chess programs to modern Al-driven systems. The study covers eight pivotal chess
computers— Turochamp, Mac Hack VI, Chess 4.5, Hitech, Fritz, Deep Blue, Stockfish,
and AlphaZero—each representing significant milestones in the history of chess
computing. Through a comprehensive literature review and analysis, the thesis identifies
the major algorithmic advancements that have shaped the performance and strategic
capabilities of these systems, including alpha-beta pruning, bitboard representation,
hardware-based pattern recognition, and the application of deep learning. The findings
highlight a trend of increasing computational efficiency and strategic depth, driven by both
algorithmic and hardware innovations. Additionally, the thesis discusses the broader trends
behind these developments. This study not only provides a historical overview but also
offers insights into the future potential of chess computers, particularly in the context of
emerging technologies such as neural networks and quantum computing.
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1. Introduction

For centuries, the game of chess has captivated humanity with its intricate strategies and
intellectual challenges. It is not just a game; chess has been a symbol of intelligence,
strategy, and even creativity. The game’s complexity and the challenge of mastering it
have led to a natural curiosity about whether a machine could ever rival human intellect on
the chessboard. This curiosity dates back to the 18th century with the creation of the
Mechanical Turk, an automaton that appeared to play chess autonomously, though it was

later revealed to be controlled by a hidden human operator (Miiller, 2018).

The 20th century marked the beginning of the true journey toward creating autonomous
chess computers. Visionaries like Alan Turing , often referred to as the father of modern
computing, created Turochamp with his paper Digital computers applied to games (1948),
one of the earliest programs capable of playing a complete game of chess without human
intervention. Turing’s work laid the foundation for future innovations, leading to
monumental achievements such as IBM’s Deep Blue, the first machine to defeat a reigning

world champion under standard tournament conditions in 1997.

The advancements did not stop there. In recent years, the development of AlphaZero by
DeepMind marked a revolutionary leap in chess computing. Unlike its predecessors,
AlphaZero did not rely on brute-force calculations alone. Instead, it utilized deep learning
and self-play to develop a unique, previously unseen playing style, demonstrating the
potential of machine learning in strategic decision-making (Bozhinovski and Jankuloski,

2020).

These milestones in the history of chess computing are more than just technical
achievements; they reflect broader trends in technology and culture. In particular, the
renewed global interest in chess, highlighted by the massive popularity of the Netflix series
The Queen's Gambit in 2020, showcases the relevance of the game even today. This
cultural phenomenon, known as the "Queen’s Gambit effect," led to a dramatic surge in
chess-related activities, including an 87% increase in chess set orders and a 603% rise in
chess book sales as mentioned by Connelly, a top blogger on the chess.com website

(2021). Such developments demonstrate that chess continues to capture the public's



interest, making the study of its technological evolution not only historically significant but

also timely and relevant.

Despite the significant progress in chess computing, there remains a notable gap in the
literature documenting this evolution systematically. While individual studies have
explored specific advancements, there is a lack of comprehensive reviews that trace the
development of chess computers from their inception to their current state. Previous works,
such as "Chess as Played by Artificial Intelligence" by Jankuloski and Bozinovski (2020),
provide valuable insights into the timeline of chess computers but fall short in analysing

these innovations in terms of their impact on performance.

To address this gap, this thesis employs a systematic literature review (SLR) methodology
as outlined by Kitchenham and Charters (2007). This approach ensures a thorough and
unbiased analysis of the existing literature, aiming to identify the key algorithmic
advancements that have driven the evolution of chess computers and to evaluate how these

breakthroughs have influenced their performance.
To guide this thesis forward the following research questions have been created:

1. What are the pivotal milestones in the development of chess algorithms and

technologies?

2. How have these breakthroughs influenced the performance and advancement of

chess algorithms?

This thesis will not only provide a historical overview of the evolution of chess computers
but also offer insights into the technological trends that have shaped this field which will

also help understand and predict potential future pathways for chess computers.



2. Background

For understanding this thesis, it is important to clarify some key concepts. Chess computers,
as discussed by Miiller and Schaeffer in their book "Man vs. Machine," are machines
designed to play chess autonomously. These devices combine hardware and software to
calculate and execute chess moves, using a variety of algorithms to simulate human-like
strategic thinking. Ever since Alan Turing’s first truly autonomous algorithmic system in his
paper "Digital Computers Applied to Games," humanity has been developing chess

computers further.

Claude Shannon's paper "Programming a Computer for Playing Chess" (1950) introduced
foundational strategies for implementing a chess-playing program on a computer. Shannon
proposed two types of strategies: Type A and Type B. Type A involves a brute-force method
that calculates all possible moves to a certain depth. However, Shannon recognized how
impractical this approach was due to the exponential growth of possible moves. He proposed
Type B, which involves selective search techniques and heuristic evaluations to focus on the
most promising moves. This distinction between brute force search and heuristic evaluation
laid the groundwork for future developments in chess algorithms. This thesis will explore

the development of chess computers and most of it will revolve around these two types.

Next concept that will be important to understand is the evaluation of the performance for
these chess computers. How this was done on a practical level was by making the various
chess computers play against each other. There have been various chess computer
tournaments ever since 1970 according to Jonathan Schaeffer (Schaeffer, 2020). As well,
these chess computers have been played against real people gaining a rating called ELO

which is a standardised rating system used in chess tournaments ever since 1970.

The effectiveness of a chess computer depends on several key components that work
together to simulate strategic thinking and decision-making. These core concepts include the
generation of possible moves, the evaluation of positions, and the algorithms used to search

for the best moves. Next there will be an explanation of these concepts.

In computer chess, the process begins with move generation, where the chess computer

identifies all possible legal moves from a given position. This step is foundational, setting



the stage for further analysis. Once the moves are generated, the evaluation function assesses
each resulting position by assigning it a numerical value. This evaluation considers factors
such as material balance, king safety, and pawn structure. To ensure accuracy, the evaluation
function often includes a quiescence search to handle dynamic moves like captures, refining

the chess computer’s understanding of the position (Marsland, 1986).

To determine the best move, the computer employs the minimax algorithm, which simulates
optimal play by both players, evaluating moves based on the best possible responses from
the opponent. However, searching every possible position is computationally intensive. This
is where alpha-beta search comes in as an optimization of minimax. It prunes branches of
the game tree that are unlikely to influence the final outcome, reducing the number of
positions the chess computer needs to evaluate. This allows the computer to focus on more
promising moves, making the search process more efficient and enabling deeper analysis

(Marsland, 1986).

For this thesis, sites such as Wikipedia (Wikipedia, 2024) and chess programming wiki
(Chess Programming Wiki, 2024) were used to gain a basic understanding on all the possible
chess computers. With these sites it was possible to learn about a multitude of chess
computers, that were then later discarded, so that it was possible to only focus on the most

significant ones.

Despite extensive research on individual chess computers, there is a significant gap in the
literature when it comes to systematically tracing the evolution of these technologies over
time. This thesis seeks to fill that gap by identifying and analysing the key milestones in the
development of chess computers, providing not only a historical overview but also insights
into the broader technological trends that have shaped modern chess computing. By
understanding these critical developments, this study will contribute to the ongoing
discourse in chess computer advancements, spanning Al, machine learning, and emerging

technologies like quantum computing.



3. Methodology

This section outlines the systematic literature review methodology employed to investigate
the key milestones in the development of chess algorithms and technologies and how the
developments have influenced the performance and advancement of chess computers. The
methodology follows the guidelines established by Kitchenham and Charters (2007) to

ensure a comprehensive and rigorous review process.

3.1.  Research questions

Before delving into the methodology, it's crucial to establish the research questions that
guide this study. These questions evolved during the course of the research, reflecting the

insights gained from the literature:

1. What are the key algorithmic advancements that have driven the evolution of chess

computers?

2. How have these advancements impacted the performance of chess computers over

time?

These final research questions represent a more focused inquiry based on the findings from
the literature review, which required some refinement from the original questions. Initially,
the research questions were formulated using the PICOC framework, which provided a
structured approach to the study and which were used throughout the literature review

process:
e Population: Chess computers
o Intervention: Advancements in specific algorithms or computational techniques
o Comparison: Performance metrics before and after algorithmic advancements

e Outcome: Improvement in performance metrics such as Elo rating and tournament

results

o Context: Chess as a tool for the development and evaluation of artificial intelligence
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The PICOC framework helped to clearly define the scope and direction of the study.
However, as the research progressed, the original questions were refined to better align with
the emerging insights and findings. These original questions can be seen in the mind map
that was created (Appendix 2), and there it is possible to see how they were used to structure

the information of the thesis.

Despite these changes, the PICOC framework provided a consistent foundation throughout
the research, guiding both the systematic literature review and the selection of relevant

studies.

3.2. Systematic literature review

The systematic literature review (SLR) was employed to provide a holistic review of the
evolution of chess computers and their algorithms. The SLR is a rigorous method for
comprehensively analysing existing research on a specific topic (Feak & Swales, 2009).
Unlike a traditional literature review, it employs a pre-defined search strategy and selection

criteria to ensure objectivity and minimize bias (Tranfield, Denyer & Smart, 2003).

3.2.1. Search Strategy - Stage 1: Preliminary exploration

The first stage involved a preliminary exploration of key sources to identify milestones in
chess computers and commonly used algorithms. While sources like Wikipedia and chess
programming wikis are not suitable for primary academic analysis, they provided valuable
context and starting points for identifying significant algorithms and chess computers such

as Deep Blue, AlphaZero, and Hitech.

3.2.1. Search Strategy - Stage 2: Systematic search

To ensure a comprehensive review of the literature, a systematic search strategy will be
employed to identify relevant studies. The search process will involve multiple electronic

databases, including but not limited to Google Scholar and LUT Primo. The search terms
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will be carefully selected to capture all relevant publications related to the evolution of chess
engines and their underlying algorithms. A combination of keywords such as “chess
engines,” ‘“chess algorithms,” “chess AIL” “chess programming,” “chess computer

99 ¢¢

evolution,” “chess computer history”” and variations of those will be used.

I will include performance related terms such as “ELO” and “search depth” to identify
studies that analyse how these algorithmic changes have impacted computer strength.
Boolean operators (AND, OR) will be employed to refine the search queries appropriately.

The following is a search string that was constructed with the before mentioned key terms:

Search String:(chess engine* OR chess computer*) AND (algorithm® OR programming OR
technique*) AND (evolution OR advancement OR history*) AND (performance OR
strength OR rating OR search depth OR ELO)

As I explore the initial results, I will pay close attention to the key algorithms discussed in
the literature. This will guide me in discovering the algorithms that most impacted the
development of the engines. Additionally, I will also utilize the findings of stage 1 to guide

me further with this stage through manual searches.

3.3. Selection Criteria

The selection criteria will involve two stages. To focus the research, it is important to
create a selection criteria. This includes inclusion and exclusion criteria. The following
table will showcase this.

Table 1. Selection criteria for the literature review

Inclusion Criteria Exclusion Criteria
Peer-reviewed journal articles, conference Articles that only discuss the use of existing
papers, technical reports, seminal books, computers without an emphasis on their
reputable online publications focused on chess internal algorithms or development.
programming, or Al
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Studies published in English. Studies not available in English

1950s - Present (Focus on key milestones) Studies outside this timeframe

Studies that discuss chess computers, and Papers focusing on theoretical advancements

algorithms (should focus on actual chess computers, and
their algorithms)

Now that the search strings and selection criteria are set up, the relevant databases will be
analysed by picking out articles based on their title, abstract, keywords, and relevance to the
research question generated through the PICOC framework. During stage one 45 different
articles were chosen, using search terms such as; chess computer performance, chess
algorithms, chess computer history, chess computer evolution, chess neural network as well
as snowballing from relevant articles to other relevant articles. After this initial search, all
these 45 articles were skimmed briefly and the most relevant articles were picked. This
meant picking out articles that would help in answering the main research question created
using the PICOC framework. During this stage, articles that were deemed unprofessional
due to their overall presentation or lack of citations were automatically discarded. Also, some
articles were discarded because they were not accessible to the author in any way. In the end,
for this thesis 28 articles were found to be worth considering. These papers are detailed in
Appendix 1. The way this was decided was that each paper’s abstract was read and the papers
were quickly skimmed to see whether the paper discussed anything relevant to the thesis
topic. Papers dealing directly with relevant chess computers found in the preliminary search
were immediately considered. Most of the papers discarded either did not discuss chess
computers or any of the relating chess algorithm and computer techniques used in these chess

computers.
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3.4. Mind map

Next a mind map was created based on the selected articles. The purpose of this mind map
is to help gather a holistic idea of the literature in review. With the use of the mind map it is
possible to visualize some of the main contents from the literature in order to start linking
ideas together. The mind map was created by first reading through the papers and picking
out key ideas. The more that was read, the more these key ideas would appear and so the
mind map would be filled with key concepts and ideas that would be later used in the results
section of this thesis. During this mind mapping process, it was decided to branch the mind
map according to the initially stated secondary research questions, and further branch out
from there. It was possible to clearly identify many of the major chess computers and major
algorithmic techniques that have been used in these chess computers, and these
identifications helped in figuring out the structure of the following results section. The mind

map is provided in Appendix 2 for reference.
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4. Results

This section will describe the findings of the literature review. It will try to describe these
results as objectively as possible. Through these results the reader will come to understand
the major milestones in chess computers, and this will be done through a chronological
review of the chess computer history. This section will be split for the two research

questions.

4.1. Key Innovations

This section will discuss the results of the literature review from the perspective of the first
research question of “What are the pivotal milestones in the development of chess algorithms
and technologies?”. And this will be done through a chronological review of the 8 most
significant chess computers and their key innovations. These 8 chess computers are the

following:
e 1948 — Turochamp

1966 — Mac Hack VI

e 1975 —Chess 4.5
e 1985 — Hitech

e 1991 — Fritz

e 1997 — Deep Blue
e 2008 — Stockfish
e 2017 — Alphazero

As mentioned in the background, Wikipedia and chess programming wiki were used to gain
a general knowledge of the history of chess computers. From there it was possible to gather
initial understanding of all types of chess computers. However, as the goal of this thesis is

to highlight pivotal milestones of chess computer history, it is important to slim down these



15

general lists about chess computers. So, further in the literature review it was possible to
slim down the number of these chess computers to the 8 mentioned above using at first the
paper by Jankuloski & Bozinovski as a guide (2020), as also evaluating the significance of
each chess computer based on how much each chess computer was mentioned in the
literature chosen. The following is a breakdown of all the chess computers that were

considered.

Table 2. Outline of chess computers and why they were or weren’t chosen for the thesis.

Chess Year Times Chosen Justification
computer created mentioned in or not
selected
literature

Turochamp | 1948 5 Yes As the first, it was the easiest computer to
discuss

NSS 1958 1 No Only mentioned in one paper.

Mac Hack | 1966 6 Yes Mentioned a lot, so it was an easy pick for an

VI early chess computer

Chess 4.5 1975 8 Yes Mentioned 8 times. Perfect next step from Mac
Hack VI

Cray blitz 1983 3 No Not enough mentions in literature.

Belle 1983 5 No Although it seems quite relevant, from the brief
look into it, it didn't seem to do anything very
new or exciting that the other chess computers
couldn’t be used to discuss

Fritz 1991 4 Yes Not very many mentions, however it introduced
the null move pruning, which was deemed as a
very important algorithmic feature for the future
evolution
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Deep Blue 1997 9 Yes Most mentions in literature, and one of the most
famous chess computers, so it was an obvious

choice to discuss it

Stockfish 2008 5 Yes As the current strongest chess computer, it was

important to discuss it

Alphazero 2017 4 Yes Revolutionised chess computing in the modern
age with the use of machine learning, so it is

important to discuss

LCzero 2018 2 No Very similar to chess computer to Alphazero, so

it isn’t necessary to discuss it

The table above clearly shows the chess computers that were discovered in the early parts of
the research methodology, and then their reasons for being included or not. In the end 8 chess
computers were chosen. Through these 8 chess computers the thesis will manage to explore
and detail the evolution of chess computers and the underlying trends behind these

evolutions.

4.1.1. Turochamp - 1948

The origins of computer chess trace back to Alan Turing's development of the Turochamp
program in 1948. Turochamp aimed to simulate human-like decision making in chess, a
novel concept at the time. The program evaluated all possible moves (one ply) and
considered the opponent’s responses (a second ply), calculating up to two plies deep. Move
selection relied on a simple evaluation function based on material advantage and positional

factors (Turing, 1948).

Turochamp did not utilize advanced search algorithms like minimax or alpha-beta pruning,
which emerged later. Consequently, its gameplay was basic and prone to tactical oversights.
Although never implemented on an actual computer during Turing’s lifetime, Turochamp

laid the foundational concepts for future chess computers. Its significance lies in its role as
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a theoretical precursor to more advanced systems, marking the transition from conceptual

exploration to practical implementation in computer chess (Turing, 1948).

4.1.2. Mac Hack VI - 1966

By the late 1960s, computer chess saw significant advancements with the development of
Mac Hack VI at MIT by Richard Greenblatt. This program introduced several new
computational techniques that greatly enhanced the performance and capabilities of chess

computers (Greenblatt, 1967).

One of the key innovations in Mac Hack VI was the implementation of alpha-beta pruning.
This search algorithm significantly reduces the number of nodes evaluated in the decision
tree by pruning branches that cannot influence the final decision. This optimization allowed
the program to search deeper and make more efficient decisions (Jankuloski & BozZinovski,

2020).

Mac Hack VI was also the first chess program to utilise transposition tables. These tables
stored previously analysed positions to avoid redundant calculations, thereby reducing
search times by up to 50%. This innovation was crucial in managing the limited memory

and computational resources available at the time (Greenblatt, 1967).

The success of Mac Hack VI was also due to its implementation of a move generator, which
selected and ordered legal moves by plausibility, and a position evaluator, which assessed
the relative advantage of different positions. These components worked together with the
alpha-beta pruning algorithm and transposition tables to enhance the program’s decision-
making capabilities. As previously discussed in the background section, move generation is
crucial for determining potential actions in each position. Mac Hack VI's innovative
implementation of this process, along with alpha-beta pruning, allowed it to efficiently

narrow down the best possible moves (Greenblatt, 1967).
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4.1.3.Chess 4.5 - 1975

By the mid-1970s, significant advancements in computer chess were exemplified by the
development of Chess 4.5 at Northwestern University. Chess 4.5's achievements
underscored the importance of software optimization and algorithmic advancements in the
evolution of chess computers. Its innovative techniques, particularly in bitboard
representation and iterative deepening, set a benchmark for future developments in the field

(Jankuloski & Bozinovski, 2020).

One of the key innovations in Chess 4.5 was the use of bitboard representation. This method
utilized individual bits in a computer word to represent each square on the chessboard,
enabling the program to process board states with remarkable speed and efficiency.
Operations that might require extensive computation in other representations could be
executed in a single machine instruction with bitboards, significantly speeding up game

processing (Slate & Atkin, 1977).

Chess 4.5 also employed iterative deepening, an approach involving a series of depth-limited
searches that incrementally deepened with each iteration. This technique combined the
benefits of depth-first and breadth-first search strategies, helping to identify the best move
more efficiently. Chess 4.5 was “the first program to achieve full width search and make
“brute force’ appear a viable possibility was Chess 4.5 as mentioned by Heath & Allum
(1997). The program's full-width search ensured that all possible moves at each depth level
were evaluated, making it even better at performing strategic analysis. Building on the
foundational minimax algorithm described in the background section, Chess 4.5's iterative
deepening technique marked a significant step forward by combining depth-first and

breadth-first strategies to improve search efficiency (Slate & Atkin, 1977).

Another key technique that Chess 4.5 implemented in its computer was alpha-beta pruning,
also building on the minimax algorithm, a search algorithm that significantly reduces the
number of nodes evaluated in the decision tree. By pruning away branches that cannot
possibly influence the final decision, alpha-beta pruning simplified the decision-making

process, allowing for faster and deeper analysis of promising moves (Schaeffer, 2020).
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4.1.4. Hitech - 1985

In the mid-1980s, chess computing reached new heights with the development of Hitech at
Carnegie Mellon University. This computer, designed by H.J. Berliner and C. Ebeling,
represented a significant leap forward in both hardware and algorithmic sophistication,

marking a milestone in the evolution of chess computers (Berliner & Ebeling, 1990).

One of the main innovations that Hitech introduced was the use of hardware-based pattern
recognizers, specialized circuits VSLI (Very Large Scale Integration chips) designed to
detect specific chess patterns directly in hardware. The pattern recognizers in Hitech were
hardware circuits designed to quickly identify important chess patterns. By embedding this
functionality directly into the hardware, Hitech could evaluate positions more efficiently and
make better decisions during the game, contributing to its superior performance. The pattern
recognition capability was one of the first to be integrated into a chess machine, setting a
new standard for how machines could "understand" the game (Jankuloski & BoZinovski,

2020; Berliner & Ebeling, 1990).

In addition to the advancements in search techniques, Hitech used a sophisticated system
known as the Oracle to enhance its decision making process. Oracles in Hitech served as
dynamic databases, storing and applying chess knowledge to guide the computer's decision-
making process during gameplay. It helped in analysing the current position on the board
and determining the relevant patterns and positions likely to arise during the search. These
patterns were then compiled and downloaded into the Evaluator's pattern recognition units.
The Oracle was crucial in optimising Hitech's performance by enabling the system to focus
on the most relevant patterns for a given position, thus avoiding unnecessary recalculations
during the evaluation process. This integration of deep chess knowledge into the search
algorithm allowed Hitech to perform more precise evaluations and make more informed
decisions, contributing significantly to its dominance in the mid-1980s (Berliner & Ebeling,

1990).
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4.1.5. Fritz - 1991

In the mid-1990s, Fritz emerged as a pivotal chess computer, significantly influencing the
evolution of computer chess. Developed by Frans Morsch and Mathias Feist, Fritz achieved
a major milestone by winning the 1995 World Computer Chess Championship. Fritz's
success highlighted a shift in the field of computer chess, where strategic algorithmic design
began to play a crucial role in achieving top-level performance (Jankuloski & Bozinovski,

2020; Heinz, 2001).

Fritz’s success was largely due to its advanced algorithms that prioritized efficiency over
raw processing power. Notably, it utilized Null Move Pruning, a technique that improved
search efficiency by allowing the computer to quickly dismiss unpromising lines of play.
This approach allowed Fritz to compete on less powerful hardware, highlighting the

effectiveness of well-crafted algorithms (Jankuloski & Bozinovski, 2020).

4.1.6. Deep blue - 1997

In the 1990s, the evolution of chess computers reached a pivotal moment with the
development of IBM's Deep Blue. Deep Blue's most notable achievement was its victory
over the reigning World Chess Champion, Garry Kasparov, in 1997. This marked the first
time a computer defeated a world champion under standard chess tournament conditions,
signalling a major milestone in Al research and its applications. Deep blue was the peak of

brute force computing (Campbell, Hoane, & Hsu, 2002).

Deep Blue was built on a highly sophisticated architecture that combined massive parallel
computing power with specialised hardware. This architecture allowed Deep Blue to handle
the complexity of chess, particularly in tactical scenarios, where it could search up to 330
million positions per second, very well. The custom chess chips were crucial in enabling the
machine to explore a vast number of potential moves and countermoves in real-time

(Campbell, Hoane, & Hsu, 2002).
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One of the most significant innovations of Deep Blue was its hardware-based search and
evaluation system. The evaluation function, implemented directly in hardware, enabled rapid
assessment of chess positions. It utilised a "fast evaluation" for quick approximations and a
"slow evaluation" for detailed analysis of positional features such as king safety, pawn
structure, and piece activity. This dual approach allowed Deep Blue to process and evaluate
positions much more efficiently than software-only systems (Campbell, Hoane, & Hsu,

2002).

To handle complex tactical positions effectively, Deep Blue employed advanced selective
extensions and quiescence search techniques. Selective extensions allowed the system to
extend its search deeper in certain branches of the game tree, particularly in scenarios
involving forced moves and critical tactical sequences. By focusing computational resources
on the most promising lines, Deep Blue could navigate complex tactical situations more
efficiently. Quiescence search further enhanced this capability by extending the search in
volatile positions—those involving captures, checks, or threats—until a stable position was
reached. These methods ensured that the machine did not overlook critical moves, allowing
for more thorough and accurate searches in tactical scenarios. By implementing these
techniques, Deep Blue could navigate through intricate tactical positions without missing

significant opportunities or threats (Campbell, Hoane, & Hsu, 2002).

Moreover, Deep Blue leveraged a massive database of grandmaster games to inform its
decision-making process. This database provided valuable insights into the strategies and
patterns commonly employed by top human players. By incorporating this historical
knowledge, Deep Blue enhanced its ability to plan and execute moves more effectively

during the match (Babb, 1996; Campbell, Hoane, & Hsu, 2002).

4.1.7. Stockfish - 2008

In 2008, a significant development in computer chess was the release of Stockfish, one of
the best-performing chess computers, even today (Wikipedia, 2024). It is important to note
that the success of Stockfish is not solely attributed to its sophisticated algorithms but also

to its vibrant open-source community. As an open-source chess computer, Stockfish has
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undergone continuous updates and improvements, allowing it to remain one of the top chess

programs even today (Jankuloski & Bozinovski, 2020).

Stockfish employs several cutting-edge algorithms and search techniques that contribute to
its superior performance. One of the core features of Stockfish is the implementation of
iterative deepening, which involves incrementally increasing the depth of its search tree to
enhance move selection accuracy. This method allows the computer to allocate more
computational resources to promising lines of play while reducing the focus on less critical

ones (Trajkoska & Dimeski, 2023).

In addition to iterative deepening, Stockfish uses a sophisticated capture-order algorithm
known as the Most Valuable Victim - Least Valuable Aggressor (MVV-LVA). This
algorithm prioritizes piece captures by considering both the most valuable enemy piece to
be captured and the least valuable friendly piece to initiate the capture. This prioritisation
helps the computer avoid disadvantageous captures while identifying the most favourable
exchanges. Furthermore, Stockfish's Static Exchange Evaluation (SEE) algorithm evaluates
the consequences of piece exchanges on a single square, providing a "swapoff value" to
determine whether an exchange is advantageous or disadvantageous. Optimised to return
only a flag indicating whether a position is favourable, this algorithm ensures that Stockfish

focuses its search on promising moves, thereby enhancing its overall efficiency (Jankuloski

& Bozinovski, 2020).

Stockfish also employs additional pruning techniques, such as null move pruning, which
allows the computer to skip certain moves during its search if they are deemed unlikely to
affect the outcome, thus speeding up the overall search process. These techniques, along
with parallel searching and other advanced methods, make Stockfish one of the most

formidable chess computers in the world (Maharaj, Polson, & Turk, 2023).

A significant update to Stockfish came with the integration of the Efficiently Updatable
Neural Network (NNUE) evaluation function. This neural network-based evaluation was
initially designed for the game of Shogi but has since been adapted for chess. The NNUE
evaluation function enhances Stockfish's ability to evaluate positions more accurately by
using a deep neural network that processes various board features to predict the strength of
a position. This integration has significantly improved Stockfish's performance, particularly

in complex positions where traditional evaluation functions might struggle (Bratko, 2018).
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4.1.8. Alphazero - 2017

In December 2017, DeepMind's AlphaZero achieved a groundbreaking milestone in the
realm of computer chess. In just under 24 hours, AlphaZero learned to play chess, shogi, and
Go at a superhuman level, surpassing all previous computer programs and human champions
in these games. This was achieved through self-play, without any prior knowledge other than

the basic rules of the games (Bratko, 2018; Silver et al., 2017).

AlphaZero's architecture combines deep neural networks with reinforcement learning from
self-play games. The program uses a Monte Carlo Tree Search (MCTS) algorithm to select
moves, which involves simulating random games from the current position. Unlike
traditional Alpha-Beta search used by other strong chess computers, MCTS enhances
AlphaZero's ability to evaluate positions and make decisions based on probabilistic

outcomes (Bratko, 2018; Silver et al., 2017).

4.2. Performance

This section of the thesis will present the results of the literature review from the perspective
of the second research question of “How have these breakthroughs influenced the
performance and advancement of chess algorithms?”. This will be done by going over each
chess computer and looking at their performance, and understanding the impact each chess

computer had.

4.2.1. Turochamp - 1948

As Turochamp was a theoretical chess computer by Alan Turing, it never had an official
rating, nor did it have any comparable performance details. But, most importantly it was the
first manifestation of a chess computer as an actual machine and came up with most of the
fundamental theory for the early chess computers and set the stage for future chess

computers.
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4.2.2. Mac Hack — 1966

Mac Hack VI is the first chess computer this thesis focused on after Turochamp. It was the
most significant of the early chess computers as it was the first chess computer that managed
to perform in chess tournaments as mentioned by Babb (1996): “Greenblatt’s program
MacHack 6 was the first program to compete at the level of the average U.S. tournament
player” It implemented all of the fundamentals into a working chess computer. Due to its
efficient algorithms and programming it managed to have success in tournaments. Notably,
the program won the Class D prize at a local tournament in 1967, demonstrating a
performance level comparable to that of a local club player. Additionally, Mac Hack VI
achieved an official United States Chess Federation (USCF) rating of 1523, with its best

tournament performance rating reaching 1820 (Schaeffer, 2020, Greenblatt, 1967).

4.2.3.Chess 4.5 - 1975

The algorithmic breakthroughs in Chess 4.5, particularly its adoption of full-width alpha-
beta pruning and the refined evaluation function, significantly influenced the performance
and advancement of chess algorithms by enabling deeper and more accurate searches
without requiring specialized hardware (Slate & Atkin, 1977). The integration of advanced
move ordering techniques and the use of bitboards for efficient data handling further
optimized the program's performance, allowing it to play at a much higher level than its
predecessors. It did use a more powerful general purpose chess computer, but at this point
there were still not specialized hardware uses. Chess. 4.5 relied on algorithmic developments

(Slate & Atkin, 1977).

In addition, Chess 4.5 demonstrated its strength by competing in various tournaments.
Notably, it won the Class B section of the Paul Masson American Chess Championships
with a perfect score of 5 wins and no losses in 1976. This impressive performance resulted
in a performance rating of 2136. Additionally, Chess 4.5's success continued at the 84th
Minnesota Open, where it achieved a performance rating of 2271, establishing it as a strong

competitor against expert and high-class A players (Cahlander, 1977)
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4.2.4. Hitech — 1985

The use of hardware-based pattern recognizers, and its use of the Oracles, set Hitech apart
from its predecessors (Berliner & Ebeling, 1990, Jankuloski & Bozinovski, 2020). Unlike
earlier systems that relied solely on software for move evaluation, Hitech’s architecture
allowed it to process chess positions with unparalleled speed and accuracy. This was made
possible through the use of the VLSI chips that handled pattern recognition directly in
hardware This idea of using specialized hardware started with Hitech (Berliner & Ebeling,
1990).

But in addition to using hardware, Hitech managed to stay relevant from mid-1985 to mid-
1988. “purely because of the ever increasing knowledge in the system” (Berliner & Ebeling,
1990). So, it wasn't just hardware but also in combination with better algorithms and better

knowledge.

Hitech dominated many tournaments, including the North American Computer Chess
Championship, solidifying its reputation as the strongest chess computer of its time, and
achieving a US Chess Federation (USCF) rating of 2413, making it the first computer to
attain the level of Senior Master, which is the highest title that a national Federation can
award (Berliner & Ebeling, 1990). This success paved the way for future chess computers
that increasingly relied on a similar blend of software and hardware, setting the stage for the

development of modern chess computers like Deep Blue (Jankuloski & BoZinovski, 2020).

4.2.5. Fritz— 1991

A key innovation in Fritz was the implementation of the Null Move Pruning technique. This
was a novel idea and a new advancement used first by Fritz. This in addition to well
optimized software and knowledge from prior chess computers made Fritz one of the
strongest chess computers of the time. But, unlike some of the prior chess computers, Fritz
did not rely on any specialized hardware, it was simply really well optimized and utilized

the Null move pruning technique to its max (Jankuloski & Bozinovski, 2020).
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In terms of Fritz's strength, there isn’t too much data about it from the literature review.
However it is important to note that Fritz achieved a notable victory over an early version of

Deep Blue in 1995, demonstrating its strength (Babb, 1996).

With Fritz, chess computers are starting to reach the limit of what can be done
algorithmically with chess computers without completely altering the way chess computers
work. At this point in the evolution of chess computers, they are still heavily based on the

type A type program mentioned by Shannon, which was based on the idea of brute force.

4.2.1. Deep Blue — 1997

Now the evolution of chess computers has reached a turning point. Deep blue used all the
techniques of past chess computers, but the system’s success was largely due to its massive
parallel processing capabilities and the use of specialized hardware, which allowed it to
evaluate up to 200 million positions per second. This brute force computational power,
combined with a the top of the line evaluation function and strategic innovations like
selective search extensions, set a new standard for what chess computers could achieve. The
advancements developed by Deep Blue, particularly in parallel processing and hardware
integration, significantly influenced future chess computers setting the bar high (Campbell,

Hoane, & Hsu, 2002).

Deep Blue's performance against Kasparov was significant not only for the victory but also
for its chess rating as well as being proof that computers can in fact defeat even the best
human players. Deep Blue achieved an estimated rating above 2800, which was comparable
to the top human players at the time. Garry Kasparov, who entered the match with a rating
of 2828, acknowledged the strength of Deep Blue, which was capable of playing at a super
Grandmaster level (Newborn, 2003)

Deep blue was the peak of brute force computing utilizing a highly specialized computer in
combination with all the top of the line algorithmic techniques to reach the top of the chess

computing world.
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4.2.2. Stockfish — 2008

The next milestone to be discussed is Stockfish. After Deep Blue beat Garry Kasparov, the
chess computing world died down a little bit. However, researchers still used chess
computers as a vehicle to study machine learning and artificial intelligence. Most of the
innovation came from hardware allowing chess computers to be made into smaller form
factors, instead of relying on highly specialized chess computers as Deep Blue had used. It
took the world some time to catch up to the strength of Deep Blue. Although Stockfish was
developed in 2008 and at the time it wasn’t anything too special, thanks to its open-source
nature and strong collaborative and continuous development environment, Stockfish thrived
in implementing all the new and best chess optimizations. Thanks to this nature, Stockfish
managed to evolve into the strongest chess computer today. Stockfish can be run on any
device, it is not reliant on any specialized hardware, however, thanks to the power of today’s

devices they are a lot more powerful than what prior chess computers were.

In addition, Stockfish's strength is well documented through its performance in various
computer chess championships. Although its initial rating wasn’t significantly high, only at
3000, as of its latest versions, Stockfish boasts an impressive ELO rating of 3640, making it
the highest-rated chess computer in the world. This rating starkly contrasts with the world

chess champion Magnus Carlsen's ELO of 2863 (Trajkoska & Dimeski, 2023).

4.2.3. Alphazero — 2017

Alphazero was a revolutionary chess computer. It took a unique approach to chess
computing utilizing mostly machine learning and the Monte Carlo search algorithm. This
approach was a unique take on chess computing and it mostly came from research into
machine learning and understanding the power behind reinforced learning. This showed the

true power of heuristic analysis instead of simply brute force.

During its training, AlphaZero played approximately 44 million games against itself over
nine hours. It achieved the strength of the best human players after about 110,000 training
steps, which corresponds to roughly 6.9 million games. This machine learning approach was

later implemented into Stockfish with its NNUE (Bratko, 2018; Silver et al., 2017).
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AlphaZero demonstrated its superiority by decisively defeating Stockfish, the reigning world

champion chess computer, in a series of matches. In a 1,000-game match, In a 1,000-game

match, AlphaZero won 155 games and lost only 6. The ELO rating of AlphaZero was

estimated to be 3460 based on its performance against stockfish, and stockfish’s ELO rating
at the time was 3350 (Silver et al., 2017).

Table 3. Table displaying the chess computers and their impact

Performance
Impact on future
Chess Technological Metrics
computer |Year Key Innovations Focus (initial) development
Created theoretical
computer that could play Laid groundwork for future
Turochamp |1948 [chess Fundamentals N/A computers
Alpha-beta pruning,
Transposition tables, move First competitive chess
Mac Hack generator, position USCEF Rating: |computer, applying all prior
VI 1966 |evaluator Algorithmic 1523 theory
Bitboard representation, Enhanced search efficiency
Iterative deepening, full through novel algorithmic
Chess 4.5 |1975 |width search Algorithmic ELO: 2271 techniques
Hardware-based pattern Specialized USCF Rating: [Introduced hardware
Hitech 1985 |recognizers, parallel search |Hardware 2413 acceleration in chess computing
Showed the power highly
Fritz 1991 [Null move pruning Algorithmic N/A optimised software
Parallel computing,
Hardware-based search
and evaluation, advanced
selective extensions and  [Supercomputer & [Demonstrated the peak of brute-
quiescence search Specialized Estimated force computing with use of
Deep Blue |1997 [techniques Hardware ELO: 2800+ |specialized hardware
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Continuous improvement|
through open-source
collaboration. Also becomes the
MVV-LVA, SEE, Neural most sophisticated chess
Network integration|Algorithmic & computer due to it applying all
Stockfish (2008 |(NNUE) LLM ELO: 3000 the latest research and techniques|
Revolutionized chess computing]
Monte Carlo Tree Search, with self-learning capabilities|
Deep Neural Networks,|Al & Machine|Estimated and the use of Al in chess
AlphaZero |2017 |Reinforcement Learning [Learning ELO: 3460 computers
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The evolution of chess computers, as depicted in Table 3. and Fig 1., illustrates a clear

trajectory of algorithmic advancements driving significant performance improvements.

Early chess computers like Mac Hack VI and Chess 4.5 relied heavily on algorithmic

innovations and brute-force computing to achieve their breakthroughs, as reflected in their

corresponding upward trends in the graph. However, as we move into the era of Hitech and
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Deep Blue there is a clear focus on using specialized hardware to increase brute force
computing speed and efficiency. But after Deep Blues achievement, developments were
slow. With Stockfish, the focus shifts toward software optimization and algorithmic
efficiency. This transition is evident in the slow rise in performance metrics. The open-
source model of Stockfish, in particular, allowed for rapid and continuous improvements
later on with modern day Stockfish, pushing the boundaries of chess computing without the

need for specialized hardware.

AlphaZero represents a paradigm shift, marked by a dramatic spike in performance that is
clearly visible in the graph. By abandoning traditional search algorithms in favour of deep
learning and self-play, AlphaZero introduced a new era in chess computing, where artificial
intelligence and machine learning play central roles. This shift not only propelled AlphaZero
to outperform its predecessors but also signalled the broader potential of Al-driven
approaches in complex decision making tasks. Together, Table 3, and Fig 1. highlight how
each breakthrough has progressively refined the methods used in chess computers,

ultimately leading to chess computers that are more powerful.
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5. Discussion

5.1. Interpreting results

The findings from this review highlight significant advancements in chess computers, driven
primarily by innovations in their underlying algorithms. Starting with the foundational work
of Turing and Shannon and culminating in AlphaZero’s groundbreaking techniques, the
progression of chess computers reflects the evolution of move generation, evaluation

functions, and search algorithms, as outlined in the background section.

A persistent tension between brute-force methods and heuristic approaches has shaped the
development of chess computers throughout their history. As early as 1977, creators like
Slate and Atkin of Chess 4.5 were engaged in debates about the best way forward—whether
to continue refining brute-force search models or to explore entirely new approaches. They
recognized the merits of both strategies, suggesting that gradual enhancements to brute-force
methods could lead to a more powerful program. This debate has been a recurring theme in

chess computing and continues to influence the field today.

The transition from brute-force methods, exemplified by Deep Blue, to the sophisticated
learning algorithms employed by AlphaZero, highlights the dynamic application of these
core concepts. Initially, chess computers relied mainly on brute-force search strategies, as
characterized by Shannon's Type A strategy. Over time, however, the integration of heuristic
evaluations and selective search techniques, stemming from Shannon's Type B strategy,
marked a significant shift. This evolution not only improved chess computers performance

but also emphasized the critical role of these core concepts.

5.2.  Trends in chess computer development

Several key trends in chess computer development have emerged, all rooted in the
foundational ideas discussed earlier. One prominent trend is the continual optimization of
brute-force search algorithms, particularly through alpha-beta pruning—a technique first

proposed by Shannon. The successful implementation of this optimization in chess
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computers like Mac Hack VI and Chess 4.5 facilitated deeper and more efficient searches,
demonstrating the practical value of these theoretical concepts. Early chess computers like
Mac Hack VI relied heavily on brute-force computing, largely due to the limited
computational resources of the time. As hardware improved, so did the capacity of these
computers to search deeper into the game tree, a trend highlighted by Hsu in 1989 when he
noted that "hardware speed has been the main driving force" behind the rise of chess

computers.

Despite the success of brute-force methods, there has always been scepticism from those
who believed true chess mastery required more than raw calculation. The introduction of
heuristics, such as the evaluation functions in Chess 4.5 and the pattern recognition
capabilities of Hitech, aimed to simulate the strategic depth of human play. These
developments underscored the potential for heuristic methods to complement and even
surpass brute-force techniques by focusing on the most promising lines of play rather than

exhaustively searching all possibilities.

However, the chess computing community struggled to move away from the entrenched
focus on brute-force strategies, particularly the minimax algorithm and alpha-beta pruning.
Ensmenger (2012) noted that the early success of these methods in tournaments created a
"narrow technological trajectory that was difficult to escape.” The focus on tournament
success often discouraged experimentation with alternative approaches, leading to a kind of

technological inertia.

The breakthrough came with the advent of AlphaZero, which fundamentally changed the
landscape of chess computing. AlphaZero's reliance on machine learning and Monte Carlo
Tree Search marked a departure from the traditional brute-force paradigm. Instead of
depending on exhaustive search techniques, AlphaZero learned to play chess by playing
millions of games against itself, developing strategies that were entirely new to both humans
and machines. This approach demonstrated that superhuman performance could be achieved
without relying on the conventional minimax and alpha-beta pruning frameworks that had

dominated the field for decades.

The success of AlphaZero has sparked renewed interest in heuristic approaches and opened
the door for further exploration of alternative methods in chess computing. It has shown that

the long-standing reliance on brute force, while effective, is not the only path to success. The
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limitations of brute-force methods, particularly their diminishing returns in search depth and
computational efficiency, have become increasingly apparent. Consequently, the field is
beginning to embrace more innovative approaches that prioritize learning, adaptability, and

strategic thinking over sheer computational power

5.3.  Challenges in chess computer development

Looking ahead, chess computers are expected to continue improving traditional search
algorithms, such as alpha-beta pruning, by incorporating advanced techniques like Sibling
Prediction Pruning (SPP) and iterative deepening as mentioned by Parashar et al. (2022).
These enhancements will make chess computers more efficient, further building on the core

concepts discussed earlier.

Moreover, hybrid approaches that combine traditional algorithms with deep learning are
likely to play a significant role in future developments. This reflects an ongoing evolution
of the core concepts, where the integration of machine learning enables more adaptive and
human-like strategic thinking. Additionally, efforts to make these computers more
understandable and transparent will enhance their value as tools for both learning and
analysis within the chess community. Also, given the idea that there is fear that the state of
chess computers might be stuck with the fundamental chess design ideas, it might become
important to look at new novel computational ways to enhance chess computers by for

example incorporating quantum computing methods.

5.4. Limitations

While this thesis provides a comprehensive overview of the evolution of chess computers,
there are limitations to consider. The reliance on historical documents and existing
literature means that some of the most recent developments might not be fully captured
such as Stockfish and or other relevant Chess computers of modern day. Furthermore,
focusing on metrics such as ELO ratings, while useful, does not encompass all aspects of
chess computers performance. The multifaceted nature of chess computers, which rely on

both their algorithms and hardware, complicates the task of isolating the impact of



individual advancements. Nonetheless, by grounding the analysis in the core concepts of
move generation, evaluation functions, and search algorithms, this thesis offers a robust

framework for understanding the key factors driving chess computers development.

34
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6. Conclusion

The evolution of chess computers has been a journey marked by great breakthroughs, yet it
has also been accompanied by persistent concerns about whether we are on the right path in
this pursuit. From the early concept of Turochamp, where the challenge was merely to
simulate human-like decision-making, to the advanced self-learning algorithms of
AlphaZero, each milestone in chess computing reflects not only technological progress but

also an ongoing debate about the direction of this progress.

This thesis has traced the development of chess computers through eight pivotal milestones:
Turochamp, Mac Hack VI, Chess 4.5, Hitech, Fritz, Deep Blue, Stockfish, and AlphaZero.
These milestones represent significant advancements, each contributing to the evolution of
chess algorithms and technologies. However, as this thesis has shown, there has always been
a tension between the brute-force computational methods that dominated the early stages

and the more sophisticated, heuristic-based approaches that have emerged in recent years.

A recurring theme throughout the history of chess computing is the concern that we may be
focusing too heavily on brute-force methods, potentially at the expense of exploring more
innovative and strategically novel methods. This concern is not new; it has surfaced at
various stages of this evolution, from the early days of Mac Hack VI and Chess 4.5 to current
research as mentioned by Trajkoska & Dimeski “research on Minimax optimization besides
alpha-beta pruning could prove beneficial” (2023). The success of AlphaZero, with its
radically different approach rooted in deep learning and self-play, has reignited this debate,
suggesting that the most powerful methods may not rely on exhaustive search techniques but

on more adaptive, learning-based strategies.

The broader context of this evolution, including global competition and cultural events such
as "The Queen’s Gambit" effect, further emphasizes the significance of these advancements.
Yet, it also raises questions about the future direction of chess computing. As we are getting
closer to potentially transformative technologies like quantum computing, we can learn from
the past chess computer evolution and caution against becoming too entrenched in any one
method. The historical reluctance to move away from brute-force techniques serves as a
reminder that innovation often requires a willingness to rethink established ideas and

frameworks.
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In conclusion, the study of chess computers shows the ongoing relationship between
technological progress and the need to rethink our strategies. While we have made
significant advancements, the constant questioning of our methods reminds us to stay open
to new ideas. As we look ahead, it’s important to balance the drive for more computing
power with the exploration of smarter and potentially game-changing methods. The
evolution of chess computers is not just about technical improvements; it also reflects the

broader challenges and currently, opportunities in the field of artificial intelligence
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Picture 1:

\ What role do machine learning techniques play in chess engines?

THE EVOLUTION OF CHESS COMPUTERS AND THEIR ALGORITHMS H How did algorithmic advancements impact the performance of chess engines? —<

How do different algorithmic approaches contribute to the overall evolution of chess

engines?
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Picture 2:

AlphaZero learns entirely from self-play without any domain-specific knowledge beyond the
game rules, achieving superhuman performance in chess, shogi, and Go. (1)

reinforcement learning from self play

AlphaZero employs a deep neural network that takes board positions as input and outputs
move probabilities and value estimates, guiding the Monte Carlo Tree Search (MCTS)

algorithm.(1 \ i i ?
& M NI e What role do machine learning techniques play in chess engines?

AlphaZero achieved superhuman performance in chess after 4 hours of training, in shogi
after 2 hours, and in Go after 30 hours, using fewer position evaluations compared to

o § performance metrics
traditional engines.(1)

Despite searching only 60,000 positions per second in chess and shogi (compared to 60
million by Stockfish), AlphaZero demonstrated superior performance through its advanced

neural network evaluations.(1)

Picture 3:

The initial programs in the 1950s and 1960s were based on ideas from Shannon, Turing, -
¢ > = . — historical context
nd others but played poorly due to insufficient heuristics and computational power.(21)

How do different algorithmic approaches contribute to the overall evolution of chess |
engines?
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Picture 4:

MphaZern learns by reinforcement learming from simulated games agaies Eself. |t s a
deep neural network that leams to estimane the values of posiions and the probabiities of
playing possibic mowes Ina positon. !mmmpmprmmmr:ﬂh:;: aloha oo 2017

MCST, neural nenworis {1}

Replaces handorafied knowiedge and domain-specfic augmentations with a general-
purpase reinforcement keaming aigarithm and MCTE{1}

LCZero's evaluation function relies on deen ieaming, Lsing pamerms ieamed from eeenshe
solf-play to realuste posinons )
LiZero 2018 improvement of alpha zena)

: Improvement inducdes 30ding SQUECIE-3NG-LHCRITION yers 1o Its network architernune and
Inciudes endgame tablebases and 3 moves-left nenwork to Improve endgame performance
L]

s Smekfishrs evaluasion funcion is based on handcrafted heursties and domain.spectfic
irowledge, providinga robust assessment of positions (d). bty

Performance = ALogs + Logk) «+ B, where 5 Is scarch speed, and K is 2 knowiedge fachor, by
Increasing specd you ean significanely improve: performance cven with poor chess
knowiedge. Bruie foroe is.enough. (This has some link to alpha zeno that beat stockfish that
s the purest brute force engie fpaner 5]
alpha beta pruning, mirimas; can searcha ke )

Sohved Plaskers's Purzie mone efficiently by scarching nearly 1.9 billion positions companed
to LCZern 4]
urschamg [1945)

MBS [1955)

First compasor to utilise Alpha beta seanch [5h

first touse pransposition tabie {5)
>— mack hack VI [1967)

Achioved 3 balance beoween brune force and houristics, becoming the first program to
‘compete i hUman TUmaments and receie 3 LSCF rating (21)

E % What chess engines are there? (significant ones) —

fusl widkh search and iterathee decpening {51

Incremental Data Updating, meaning, the chess computer used bit boards for efficent
poating of Ao i upclating alkowed for
efficent move generacion and saluation 1)

o

it disn improved on hash tbles by reusing previously computed salues and reducing
redundant caloutations [19).
Comiired tros sparching and evaluation In 3 singe rowting calied EVALUE. Morthweszem Unkorsity chess program 4.5 (1975)
acher imporvements:

wriized Figh-leved aesemibly language macrs for efficiency and clarity.
Divided the programi into utibty routines for move gencration, Tee management, and
‘eviuaton.{15)

Detailed Evaluation Funcion fior Positional and Material Ealance {130

significant improvomencs in tree seanching and evaluation sechniques, keading tovicories in
majer tourmames (21)

iteraeie Decpening used by CHESS 4. to manage ime and depth control duning searchis. main develapments
Transposition Tabies heiped programe lkee CTHESS 4.4 searth roes with several hundred
thousand nodes, significantly enhandng porformance.
Selecove Quiescence Search Impraved tactical play by exiending the soarch at unstsbie
pasitions.

Pawn Endgame Algorithme Speiakred scoring algorehms for endgames provded better
handiing of specific sEuations. [(21)
first to achieur mastor rank (mostly due 1o spedalsed handwarz} (5) boile 1583

Implementnd pamem reoognition {5) hign tecn [1982)

deeq blue [(1997)

This viczory wars mostly duc £o the face thar it was 2 massiely paralied sysem. The major

acvancement came from hardware lovel st s Itused highly

handware just for doing millions of calculations per spoand 2 - 2 Smilkon (7 o Gl =
o thess champion

Incorporated wariows seanch esension heuristics o handle complex: positions and
deep actical caloulatons (7).
Fritz (1991)

first to use null move seardh {5}
It used 2 full width tree-search program with lierative deepening algorithims for iming
conirol (200},

Became Word Compiecr Chess Champlonship in 1983 (20)

Empioyed three hash tabies for transposition, pown strucnure, and king safety evaluazions,
significantty reducing redundant cakculations (20) btz

Implemnenied a seleciive quiescence search to awold futile captures and Incuded choeddng
mives o extend the depeh of tactical brandhes. (20)

Included special pawn endgame sEoring AignrEhms to handie spectfic endgame stustions
acourately {20

Agdressed the problemof shared piy- 1 daga In multiprocessing oy Implementing a3 lecing
mechanksm i manage acoess. {30)

Deveioped a new algorizhim o utine multiple processors efficiently, improving the speed
ard depth of the scanch. (20)
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Picture 5:

neursl nemwork

different forms of chess enzines

- (10) brure farce (type A paper 10)
|

Rely on exhau
=sslective (type B paper 10)

Use selective search teennigues, evalusting fewsr but more promising moves (10)

other
How do different algorithmic approaches contribute to the overall evolution of chess |
engines?

Methods like the killer heuristic and history heuristic helped prioritize promising moves
Move Ordering

early in the search. Improved the effectiveness of alpha-beta pruning, leading to faster and
mere efficient ssarches. (10)

Razoring:
A powerful technique for speeding up minimax searching by cutting branches early based
on static evalustions.

Deep and enhanced razoring techniques were used to prune deeper and more efficiently.
@n

advancad wesk Al excelling in specific tasks ike chess.
oSy pafEs e GURENTCE ener =l LCZers vs Stackfish implications (for FUTURE)
Inteligence). (4]

Stackfizh and LCZera represent
i

LCZera's

Additional training and slgorithmic enhancements for LCZero could improve its efficiency
and pattern recognition abilities.

Incorporating human-like imagination and speculative loskshead could fursher enhance Al
perfarmance in comples puzzles (4)

A paper found that deeper search depths resulted in diminishing returns in terms of won

as search depth increased. (17)

95% staistical confidence that deeper searches beyond 8 plies lead o diminishing returns. __________ - —————=— gamas, meaning he rate of won games dacressed whils the rate of drawn games increased

(17.)year 2000
Kjnowledge s brute forca

Picture 6:

Elo Itis a standard rating system

-~ Howis performance

i
¥
/

__—— Used in traditional engines such as stock fish (1)
- Aphabeta =
\ alpha beta pruning developed by McCarthy (1956) drastically reduced the number of nodes
evaluated, increasing search efficiency and allowing deeper searches within the same
camputational limits (10)

alpha zero used this to beat the best alpha beta based chess computer in 2017 {1.2)
and a move evaluation stored in its neural nenwork that was trained in 9 hours

) /, mante carlo tree search
[
|
f
minimaz, Introduced by Shannan, it formed the basis for early chess algorithms. (10}

evaluation function

—— How did slgorithmic advancements impact the performance of chess engines?
_—— Parallel Search

transposition tables, Introduced to avaid re-evaluating pasitions reached by different paths.

What algortihms have been developped and used
transpasition table S
()]

position evaluator

mave generator
iterative deepening allows the engine to use previous search results to inform deeper

I
i iterative deepening ——
searches (10)

L'\\

null move search

Selective Extensions

A\
\\\ Quiescent Search =
1

\
quiesent search, extended the search to stable positions to aveid the horizon effect and

improved the accuracy of pesition evaluations at the edges of the search tree. {10)

A
*- reinforcement learning



Link to the Miro mind map:
https://miro.com/app/board/uXjVKL89sw(0=/?share link 1d=361802343731
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