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Abstract 
 
This project presents the development of a chess engine designed to provide explainable 

decision-making to beginner and intermediate players. The system integrates traditional chess 

AI techniques, including a minimax search algorithm with alpha-beta pruning and a handcrafted 

evaluation function, with explainability features aligned with the principles of explainable 

agency. Three explanation formats were implemented: full component breakdown, multiple 

personality comparison, and contextual explanation. While the engine performs competently 

and provides meaningful justifications, limitations remain in consistency and clarity. The project 

contributes a modular, testable platform for further experimentation in explainable AI for 

deterministic games and outlines directions for future development and evaluation. 
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Introduction 

 

Chess programming is a well established field in computer science, with a rich history 

that dates back to some of the earliest experiments in artificial intelligence. From Alan 

Turingʼs ԼՆՁԻs algorithms to modern engines like Stockfish and Leela Chess Zero, 

chess has long served as a benchmark for developing and testing intelligent systems. 

Typically, chess engines use a combination of search algorithms and evaluation 

functions to analyze board positions and select optimal moves. In recent times, chess 

programming has evolved significantly, with advancements in hardware and particularly 

the integration of machine learning techniques ֛Pawar, Prof.Shaila, ԽԻԽԿ֜ engines have 

significantly increased in strength, surpassing even the best human players. 

Although traditional chess engines use search algorithms that are conceptually 

straightforward, such as a minimax algorithm, the depth and complexity of their 

evaluation functions often make them difficult for humans to follow or replicate. This 

means that while their decision making process is transparent in structure, it lacks 

simulatability. In other words humans cannot easily mentally trace and internalise the 

reasoning behind a move chosen with typical chess algorithms. As a result these 

engines suggest strong moves without helping players understand why they are 

effective, or why one move is preferred over another. Contemporary chess engines are 

often of limited use for the regular club player that want to improve their understanding 

of the game ֤Pálsson & 5jörnsson, ԽԻԽՀ֥ This gap between human reasoning and AI 

decision making is a key challenge in creating systems that are both powerful and 

educational.  

Addressing these challenges requires engines that not only play well but can articulate 

their strategic reasoning in a form accessible to human learners. To address this gap, 

this project presents a chess engine designed specifically to explain its decisions in a 

way that is accessible and educational for beginner players. Rather than simply 

presenting a chosen move with a numerical evaluation, the system presents an accurate 
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and insightful reasoning behind its decision. This will be achieved through an 

experimentation process; implementing, testing and evaluating various explainability 

techniques. The basis of these techniques are based on breaking down its reasoning 

into human-understandable components of a chess board, such as material, king 

safety, pawn structure, and mobility. It also introduces multiple engine "personalities" 

with different strategic preferences, allowing users to compare move choices and 

understand different perspectives and a contextual explanation style to offer diverse 

perspectives on move choice.  Through these methods, the engine aims to bridge the 

interpretability gap by making its thought process both visible and relatable to human 

learners. 

Explainable Artificial Intelligence ֤XAI֥ is a growing field that focuses on making the 

reasoning behind AI decisions more understandable to human users. Unlike traditional 

"black box" systems that provide outputs without context, explainable AI concentrates 

on developing AI that can explain the reasons behind its decisions in a way that humans 

can easily understand ֤Pálsson & 5jörnsson, ԽԻԽՀ֥ Explainability is a central goal of this 

project, as the chess engine is designed not only to suggest strong moves but also to 

explain them in ways that support learning and strategic understanding. This project will 

investigate how XAI can be incorporated with a chess engine. The potential applications 

of this research will be briefly explored, as it may contribute to a broader understanding 

of how explainability techniques can be applied to rule-based AI systems.  

Project Scope and Objectives 

The projectʼs goal was to build a UCI-compatible chess engine that plays competently 

and explains its reasoning in human-understandable terms. It includes a custom 

evaluation function, multiple explanation formats aligned with explainable agency, and a 

graphical interface for interaction and user testing. The system was designed to be 

modular for experimentation. While limitations in consistency and clarity remain, the 

engine successfully meets its core aims and contributes to the field of explainable AI in 

deterministic environments. 
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Background 
In this section I will provide an explanation of chess programming and explainable AI, 

discussing the problem that my project aims to solve in these fields and critically 

reviewing previous solutions. This section will also introduce and cover the most 

important concepts and software tools that I will use in this project, explaining the 

functionality they provide and justifying why they have been chosen.  

Chess programming 
Chess programming is not only one of the oldest applications of artificial intelligence 

but also one of the most extensively studied. As a zero-sum two player game of perfect 

information, classical chess engines exhaustively explore moving possibilities from a 

chess board position to decide what the next best move to play is ֤ICMLA ԽԻԻՄ֥. To 

achieve this, traditionally an engine involves two key components: a search algorithm to 

explore the move sequences, and an evaluation function that assigns a value to 

resulting positions.  

In simple turn-based games like Tic-Tac-Toe, the game can be solved with these 

components due to limited complexity ֤Jiang, Chengyi, ԽԻԽԿ֥. In contrast, chess has an 

average branching factor of ԿՁ moves per position, making exhaustive search 

infeasible. A naive depth-Մ search would require evaluating roughly ՃՀ billion positions. 

To manage this, modern engines use pruning techniques and heuristic evaluation 

functions to reduce the search space. The following section outlines the key 

components required to build such a chess engine. 

Searching 
Since evaluating the best move in a chess position purely statically is often unreliable, 

chess engines depend on search algorithms to explore possible move sequences to 

make an optimal decision. As previously stated, searching involves looking ahead at 
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possible sequences of moves. Searching a two player zero-sum board game with 

perfect information typically involves traversing and min-maxing a tree-like data 

structure. In this project this is done with a Minimax or Negamax algorithm.  

Minimax 

The minimax algorithm was first proven and published in ԼՆԽՅ by Jon Von Neumman, 

which was considered the starting point in game theory. Minimax addresses the 

problem of a multiple player game playing against each other in a zero sum game. A 

zero-sum game is “a game theory game type where there is no resultant change in the 

net wealth i.e. one player's losses are analogous to the other's profitsˮ ֛R. Sinha, S. 

Rajput֜. 

Minimax constructs a game tree of possible moves up to a set depth, where each node 

represents a game state and each edge a move. Assuming both players play optimally, 

the maximizing player aims to increase their score while the minimizing player tries to 

reduce it. The algorithm uses a heuristic to evaluate leaf nodes, then recursively 

propagates values upward, selecting the maximum at maximizing levels and the 

minimum at minimizing levels. This process identifies the move that minimises potential 

loss while maximising potential gain. Figure Լ shows a pseudo code implementation of a 

minimax algorithm 
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Figure ԝ 

Pruning 

As we have previously identified, searching the entire game tree to a given depth is 

inefficient when considering a chess game, this project utilises Alpha-5eta pruning to 

selectively only search promising move sequences, greatly reducing the amount of 

nodes traversed. This pruning technique eliminates the need to search large portions of 

the game tree without any potential for overlooking a better move.  

To do this, the algorithm must maintain two values: alpha and beta, representing the 

minimum score that the maximum player is assured of and the maximum score that the 

minimising player is assured of respectively.  Initially both alpha and beta are set to the 

worst possible scores for the corresponding player - Alpha = -infinity, beta = infinity. 

Whenever the maximum score that the minimising player is assured of becomes less 

than the minimum score the maximising player is assured of ֛alpha > beta֜, the 
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maximising player can disregard any descendants of that node, as they will not be 

reached by the minimax algorithm. 

Improving the efficiency of the minimax algorithm is important to this project, as it 

allows us to search to greater depths within reasonable time, effectively improving 

playing ability and providing more insightful explanations.  

Evaluation Function 
The evaluation function is a function used by game playing computer programs to 

evaluate the value of a position in a game tree ֤Shannon C.E ԼՆՁԻ֥ and is the most 

significant component employed in chess AI development ֤Pawar, Prof.Shaila, ԽԻԽԿ֜. 

As we cannot see to the end of the game in every branch of the search tree, the 

evaluation is a heuristic function, used to determine the relative value of a position, 

representing the chances of winning.  In this project, a hand crafted evaluation function 

is used, considering several position features. “Features are value representations 

related to the actual pieces on the chess board as a means of quantifying aspects like 

their absolute or relative value, their location, mobility or their interaction with other 

pieces, … , based on specific patternsˮ ֤Kagkas D ԽԻԽԿ֥. The following sections will 

explain the features that are used in this projectʼs evaluation function, and some 

techniques to assign a value to them.  

 

Material 

One of the core components of an evaluation function is material, which represents the 

total value of a player's remaining pieces relative to the opponent. Each piece is 

assigned a value, most commonly in centipawns. Centipawns is a standard unit of 

measurement used to express the evaluation of a position where one centipawn is 

Լ/ԼԻԻth the value of a pawn. Each engine will differ in exact values for each piece, 

although the standard set of values, in centipawns is: 
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- Pawn - ԼԻԻ 

- Knight - ԿԻԻ 

- 5ishop - ԿԻԻ 

- Rook - ՁԻԻ 

- Queen - ՆԻԻ 

- King - Must valued significantly higher, as the loss indicates the end of the game 

These values are derived from centuries of practical chess experience and classical 

theory where players began to recognize typical trade-off strengths between pieces. 

These values are used as a baseline, most engines will have tuned and adjusted them 

based on performance testing. Often these values are tapered according to the phase 

of the game. An example being: assigning a lower value to a bishop in the early stages 

of the game but increasing its value as the game progresses. 

Piece Square Tables 

When calculating material, it is common practice  to also incorporate positional 

adjustments to these values by using piece square tables. When calculating the value of 

each piece on the game board, an additional bonus is given depending on which square 

the piece lies. Each piece type of a given colour has a predefined array of bonuses for 

any given square that is simply added to the material score. Figure Խ shows an example 

piece square table for a 5ishop, we can see that penalties are given for a bishop placed 

on borders or corners, while preferred, central squares like: bԿ, cՀ, bՁ, dԿ receive a 

bonus 
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Figure Ԟ 

Mobility 

Mobility is the amount of legal moves a player can make from a given position. Mobility 

is used in evaluation functions based on the idea that the more choices a player has, the 

stronger the position. In ԼՆՁՅ, Eliot Slater identified that mobility was a key measurable 

feature in chess that strongly correlated with strategic advantage ֤Slater E֥.  

King Safety 

King safety is a crucial component of a chess engineʼs evaluation function. It refers to 

how well protected a king is from potential attacks for a given position. Since the king is 

the most valuable piece on the board, with its capture ending the game, ensuring its 

safety is vital.  

Pawn Structure 

Pawn structure refers to the arrangement and relationships between pawns on the 

board, and it plays a critical role in evaluating the strength or weakness of a position. 

Unlike other pieces, pawns cannot move backward, so their placement can create long 

term strategic strengths or weaknesses, shaping the course of the game. In chess, 

Ranks are the horizontal rows, numbered Լ to Յ from Whiteʼs side. Files are the vertical 

columns, labeled 'a' to 'h' from left to right from Whiteʼs perspective. 
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Key features of pawn structure that are referenced in this project are: 

● Isolated Pawns: A pawn with no friendly pawns on adjacent files. These are often 

considered weak, as they cannot be defended by other pawns. 

● Doubled Pawns: Two pawns of the same color on the same file. They often lack 

mobility and can become targets. 

● 5ackward Pawns: A pawn that cannot safely advance and is behind neighboring 

pawns, often sitting on an open or semi-open file. 

● Passed Pawns: A pawn with no opposing pawns in front of it on the same or 

adjacent files. These are valuable, especially in the endgame, as they pose 

serious promotion threats. 

An evaluation function would identify these patterns and assign penalties for 

weaknesses like doubled pawns, and bonuses for strengths like passed pawns.  

Combining these components 

It is important to note that the components calculated within an evaluation function are 

typically expressed as relative values, representing the difference between the two 

players. For instance, a material score of Ի indicates equal material for both sides; a 

positive value favors White, while a negative value favors 5lack.  

Efficiency of evaluation function 

Evaluation functions are built on centuries of human experience, distilled into various 

“rules of thumbˮ that guide decision-making in chess. However, encoding all of these 

heuristics into a single engine is not only extremely complex, but also unlikely to 

produce an optimal model. In practice, there must be a trade-off between knowledge 

and speed. The more time an engine spends evaluating a position in detail, the less time 

it has available for search, ultimately reducing the depth to which it can explore the 

game tree. For this reason, the evaluation function in this project must be not only 

accurate in assessing positions but also efficient in its execution. 
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Stockfish 

Stockfish is one of the strongest open-source chess engines in the world, widely used 

in both competitive and research settings. Stockfish serves as a benchmark in chess AI, 

offering strength, efficiency, and transparency through its open-source model. 

Explainable AI 
Explainable Artificial Intelligence ֤XAI֥ is a field dedicated to making the decisions and 

outputs of AI models understandable and transparent for humans. ֤Sharma, N.A. ԽԻԽՀ֥. 

Unlike traditional “5lack-boxˮ models that prioritize performance over interpretability, 

XAI is primarily concerned with shedding light on the inner workings of AI models, 

offering an understanding of how these algorithms make their judgements or 

predictions ֛Liao, Q. ԽԻԽԽ֜. XAI plays a vital role in building trust and confidence when 

deploying AI models into real-world applications. Incorporating XAI to describe AI 

decision making increases trust and acceptance of AI systems by stakeholders and 

enables the identification and mitigation of potential biases ֤Sharma, N A֥. This is 

increasingly important as organizations face growing expectations, both ethical and 

regulatory, to ensure that AI systems are fair, interpretable, and aligned with human 

values. 

 

XAI is most commonly applied in the field of Machine Learning ֤ML֥. Techniques used 

to explain ML models include: generating surrogate models, visual explanations such as 

saliency maps, and  SHapley Additive exPlanations ֤SHAPS֥ ֤Sharma, N A֥. These 

methods are primarily designed to interpret complex, opaque models like deep neural 

networks, offering insights into which input features contributed most to a particular 

prediction. However, in the context of rule-based systems like traditional chess engines, 

the challenge is different, not to interpret a black box, but to translate a transparent yet 

non-intuitive decision-making process into something understandable and meaningful 

to humans. 
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Explainable AI in chess 
 

In the paper “Chess and Explainable AI ,ˮ  5jornson surveys the state of explainable AI in 

contemporary chess agents. During this, they discuss explainable agency; the ability for 

an autonomous intelligent agent to explain its decisions. This discussion draws on the 

framework introduced by Langley ֤ԽԻԼՆ֥, which outlines four foundational requirements 

for explainable agents 

- Լ - the agent must be able to explain decisions made during plan generation  

- Խ - report which actions it executed at different levels of abstraction 

- Կ - show how actual events diverged from planned ones and what adaptions 

were necessary 

- Հ - communicate its decisions and reasoning effectively in a formalism natural to 

humans 

֤Langley, P, ԽԻԼՆ֥ 

 

In my implementation of an explainable chess engine I will have to refer back to these 

requirements, to ensure that my solution, to the best of my ability, is an explainable 

agent.   

 

While the concept of explainable agency outlines clear capabilities for AI systems, most 

contemporary chess engines fall short on all accounts ֤5jornson, Y, ԽԻԽՀ֥. A typical 

chess AI will only provide the user with a principal variation ֛the best line of play֜ and a 

numerical evaluation, without explaining why that line was chosen or how it compares 

to alternatives.  

 

This gap is particularly evident when comparing engine output to how a human expert 

might explain their reasoning. Typical chess engines lack both process-oriented and 

preference-oriented self explanations ֤5jornson, Y, ԽԻԽՀ֥; they do not clarify either 

how a move was derived or why it was the best choice. As a result, even though the 
 

 



ԼՁ 

underlying decision process is algorithmically transparent, it remains cognitively 

inaccessible to users, especially beginners. This highlights the need for engines that 

support explainability not just in structure, but in communication, making their decisions 

relatable, educational, and actionable. 

 

Previous solutions 

Decode Chess 

With regards to chess tutoring systems that address the problem space of this project, 

the best-known example is DecodeChess, a commercial online platform where users 

can submit chess games for annotated analysis. Although their explanation 

methodology is proprietary and not open source, DecodeChess offers a detailed review 

of moves in natural language, such as: "Queen to aԼ is beneficial as it shields the rook at 

dԼ." Users can examine the recommended line of play and receive contextual 

explanations at any point throughout that sequence. It highlights tactical ideas, strategic 

goals, and piece activity in human-friendly language, making it a valuable tool for 

players seeking to deepen their understanding of chess. DecodeChess appears to use 

Stockfish as the underlying engine to generate its initial evaluations. 

DecodeChess is an impressive application and serves as an important benchmark for 

this project in several key areas. It successfully transforms raw evaluation data into 

readable explanations, bridging the gap between machine calculation and human 

comprehension.  Furthermore, its layered explanations operate at both tactical and 

strategic levels, partially fulfilling the requirements of explainable agency by offering 

insight into immediate threats as well as longer-term plans. These features are 

particularly well-executed and have influenced the design choices in this project, where 

a similar emphasis on human-centered explanation is pursued. 

However, DecodeChess has notable limitations when viewed through the lens of full 

explainable agency. Although it explains what is happening and why a move is strong, it 
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does not fully explain how the engine arrived at that move through its search process. 

For a system intended to teach not just outcomes but the underlying thought process, 

this is a critical shortcoming. Additionally, DecodeChess does not provide dynamic plan 

adaptation, it does not show how its recommendations would adjust if an opponent 

deviates from the expected plan. This fails to meet the requirement of explainable 

agency to illustrate divergences and necessary adaptations. 

 

Figure Ԡ 

What sets this project apart from decode-chess 
 

Existing systems either prioritize performance ֛e.g., Stockfish֜ or surface-level 

explanations ֛e.g., DecodeChess֜, but no publicly available engine offers full 

transparency, dynamic move comparison, and accessible human-friendly breakdowns 

simultaneously. While systems like DecodeChess represent valuable steps toward 

making chess engine outputs more justifiable, they fall short of fully embracing the 

principles of explainable agency. This project distinguishes itself by providing 

transparent, component-based explanations directly tied to the evaluation function 

itself. Rather than offering only natural language summaries or focusing solely on move 
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outcomes, this system breaks down each moveʼs evaluation into explicit, measurable 

factors, as discussed in the section on the evaluation function. Additionally, the engine 

compares multiple viable move options and highlights key differences in evaluation 

components, allowing users to understand not just what move is best, but why it is 

preferred over others. This project does not aim to rival commercial engines in playing 

strength or commercial-level explanatory depth. Instead, it serves as a lightweight, fully 

transparent educational tool, designed to support learning and experimentation in 

explainable AI. 5y exposing the internal reasoning process at a human-comprehensible 

level and dynamically adapting explanations to different choices, this project moves 

closer to achieving true explainable agency within chess AI. 

 

Tools 
Python-chess 

Python-chess is an open-source chess library for Python that provides comprehensive 

tools for handling chess data structures, move generation, rule enforcement, and board 

visualisation. Python-chess handles all core game mechanics as well as move history 

management. In this project python chess is used as backbone for board state 

management for the internally run games and graphical interface.  

 

PyQtՁ - GUI 
 

PyQtՁ is a python library enabling creation of sophisticated graphical user interfaces 

֤GUI֥. In this project PyQtՁ is used to develop a simple and intuitive GUI that allows 

users to: set up games against engines and users, interact with the chess engine 

visually, and relay explanations for moves to the user. Using PyQtՁ enables efficient 

event handling, dynamic updates to the board state, and the integration of evaluation 

explanations in a user-friendly format. Its flexibility and simplicity make it a suitable 

choice for creating an accessible and lightweight chess learning environment.  
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Cute Chess 

Cute Chess is an open-source tool for testing chess engines via the UCI protocol. It 

provides an environment where engines can automatically play games against each 

other. It was used to automate games and tournaments against different configurations 

of engines.  

Provided Code 
 

The foundation of my engine was a minimalistic implementation given to me by my 

supervisor. It uses a fast, bit board based move generator named Surge, written in C. 

5itboards represent a chessboard using a ՃՀ-bit number, with each bit corresponding 

to a square. They allow fast move generation and position evaluation through efficient 

bitwise operations. 5itboards are used in this project to improve the speed of 

evaluation. The searching algorithm, basic evaluation function, and chess UCI interface 

were provided by my supervisor, written in python. 

 

Constraints  
 

This project was subject to several constraints. Development was limited to a ԼԽ-week 

schedule, requiring careful prioritization of features and a focus on delivering a 

functional prototype rather than a fully optimized system. Computational limits also 

shaped the design, with depth limits imposed on the search algorithm to ensure 

reasonable response times on standard hardware.  
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➔ Design 
 
To present the design of this system clearly, it is helpful to frame it in terms of its 
purpose as an experimental platform, one that requires multiple components to be 
easily interchangeable and testable. With this in mind, the system is best understood as 
comprising two core subsystems: the engine core, which encapsulates the chess logic 
and evaluation functionality, and the interaction layer, which includes the user interface, 
game control logic, and player management. This separation is important, as each 
subsystem serves a distinct role within the project and is governed by different 
priorities. 
The engine core represents the main chess-playing AI. It is designed to function 
stand-alone when necessary and uses minimax search with alpha-beta pruning to 
select optimal moves. What sets this engine apart from traditional implementations is its 
ability to generate structured, human-readable justifications for the moves it selects, 
thereby aligning with the projectʼs educational and explainability goals. 

The interaction layer acts as both the user interface and a development support tool. It 
allows users to configure games, observe gameplay, and receive structured 
explanations of engine decisions. From a development standpoint, it enabled testing, 
debugging, and performance benchmarking during the iterative design process. The 
layer was also critical for user evaluation, as it provides the environment necessary to 
test whether the explanations offered by the engine are accessible and educational. 
This aligns closely with the fourth requirement of explainable agency: communication in 
a human-friendly formalism. 

Together, these two subsystems support modular experimentation. Different 
configurations of explanation methods and engine types can be easily swapped in and 
tested, enabling the system to serve as both a teaching tool and a platform for XAI 
experimentation. 
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Functional Requirements 

The engine core is expected to meet the following functional requirements: 

● UCI Compatibility: Accept and respond appropriately to Universal Chess Interface 
֤UCI֥ commands to enable external communication with GUI tools ֛e.g., Cute 
Chess֜. 
 

● Move Selection: For any given position, return the best move by: 
Լ. Correctly exploring the game tree using a minimax algorithm with 

alpha-beta pruning. 
Խ. Achieving a minimum search depth of Ձ plies within a reasonable response 

time. 
Կ. Using a complex evaluation function capable of recognising both tactical 

patterns and long-term strategic factors. 

 

● Conditional Explainability: Provide a human-interpretable explanation of the 
chosen move only when explicitly requested. The explanation can be delivered in 
one of three forms: 
 

Լ. Component-5ased 5reakdown: Reports the evaluation scores ֛e.g., 
material, mobility, king safety֜ for the selected position. 

Խ. Multiple Personality Comparison: Compares two moves generated by 
engines tuned for different playstyles: aggressive vs. passive. 

Կ. Contextual Explanation: Offers tailored justifications for specific move 
types, such as forced moves, or summarised evaluations when multiple 
features are involved. 
 

● Tuning: The engine must be sufficiently tuned to ensure both strong playing 
performance and that its justifications are instructive and meaningful. 

 
 
 
The interaction layer is expected to meet these functional requirements 
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● Accept various game settings from the user: 
 

Լ. Engine personality, depth, autoplay options, suggestions, and custom FEN 
inputs. 
 

● Initialise and manage the gameplay loop using these settings. 
 

● Communicate with the engine efficiently without introducing latency. 
 

● Present output from the engine ֛move + explanation֜ in a clear, user-friendly 
format. 

 

Design Priorities 

Given the functional requirements, both subsystems were designed with distinct yet 
complementary priorities. The engine core emphasises efficiency and configurability. 
Performance-critical areas such as minimax search and evaluation were carefully 
optimised to reduce overall search time, ensuring the engine can search to a reasonable 
depth. Just as crucial was flexibility: the engine supports multiple explanation formats 
and must operate seamlessly in both silent UCI mode and interactive explanation mode. 

The interaction layer, meanwhile, prioritises modularity and usability. It was built to 
accommodate different configurations and support dynamic development changes. It 
also needed to interface cleanly and present information, particularly explanations, in a 
format accessible to human users. These priorities ensure the system functions 
effectively both as a research tool and an educational platform. 

A full UML diagram showing the complete system can be found in the appendix.  

Appendix A 
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Engine - Design 
The engine subsection can best be explained by separating it into three layers, 
representing the flow of data. The first being from surgePlayer to pypy_process, then 
from pypy_process to interface, and finally how the commands are handled inside 
khess.  
 

Top  - Communication Layer 

Design Feature 
The SurgePlayer script communicates with the main engine by launching pypy_process 
as a PyPyԿ subprocess and exchanging data via JSON. This allows the engine to 
benefit from the performance improvements of PyPyԿ while remaining compatible with 
features in the interaction layer ֛e.g., python-chess, PyQtՁ֥ that are not supported in 
PyPyԿ. The communication protocol is minimal, enabling a clean separation between 
the engine core and the interface logic. 
 
Design Feature 
To ensure reliable move selection and a strong minimum playing level, SurgePlayer also 
queries Stockfish for its top Յ candidate moves before launching the PyPy subprocess. 
These moves are passed as parameters and used to populate the first layer of the 
minimax tree. This approach helps prevent illegal move errors and ensures the engine 
explores only high-quality candidate moves early in the search. 
 
Design Feature 
The surge_uci_wrapper module, handles the translation of system-specific commands 
into valid Universal Chess Interface ֤UCI֥ format. This allows the engine to maintain 
compatibility with UCI-compliant tools like Cute Chess while preserving support for 
custom features such as explanation types and component weighting. 
 

 

Middle - Translation Layer: 
Design Feature 
pypy_process acts as a translation layer between the SurgePlayer ֛running in CPython֜ 
and the interface module ֛running in PyPyԿ֥. It formats incoming commands from 
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SurgePlayer into UCI format, which the engineʼs interface expects, and returns results 
back via JSON.  
 

5ottom - Core Computation Layer 
Design Feature 
The engineʼs core logic resides in khess, where the primary function find_best_move 
serves as the entry point. This function either executes a standard minimax search 
֛returning only the best move and its score֜ or invokes explain_move to generate a 
detailed explanation, depending on a runtime parameter. This allows the engine to adapt 
to different contexts, prioritising speed during tuning, or producing explanations during 
educational use. 
 
Design Feature 
Instead of returning a single numeric score, the evaluation function produces a node 
object that includes detailed metrics such as material, mobility, king safety, and more. 
This richer structure supports the explanation logic by making it possible to articulate 
why a move is strong, not just how strong it is. 

 
Design Feature 
The 5oard class, implemented in C and exposed via bindings, represents the 
chessboard and handles move generation, state updates, and board component 
extraction. It uses bitboards to optimize performance, allowing fast computation of 
evaluation features and legal move generation. This significantly improves efficiency 
compared to Python-based alternatives like python-chess. 

 

 



ԽՀ 

               
  Figure Ԣ - UML diagram of the main engine 
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Engine - Implementation 
The implementation section follows the same structure as the design, describing the 
system in the order that data flows through it. Greater detail is provided for components 
that are most relevant to the projectʼs aims. To maintain clarity and conciseness, less 
critical sections are summarised, with full implementation details available in the source 
code. Ths UML diagram shows the relationship between each module in this module 
and contains the important methods of each: 
                     

SurgePlayer 

SurgePlayer is a subclass of Player, implementing the required get_move֛֜ method. This 
method prepares the engine by sending the current board state in FEN format and 
calling send_command֛֜ with a "go" request. The response, containing a move and 
optionally an explanation, is parsed and returned. 

send_command֛֜ handles communication with the PyPyԿ engine subprocess. If the 
method is "go", it includes Stockfishʼs top Յ moves as input to guide the engine. 
Commands are sent via JSON to stdin, and parsed responses are read from stdout. 

pypy_process and Interface 

The process֛֜ function in pypy_process interprets commands from SurgePlayer, invokes 
the relevant method on an Interface object, and returns the result as a JSON string. It 
also handles updates to the engine state, such as loading a new position. 

The Interface class, extended from a supervisor-provided version, connects UCI-style 
commands to the core engine logic. It was adapted to support explanation modes and 
Stockfish suggestions, enabling both UCI compatibility and interactive, user-facing 
explanations. 
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Node 
The Node class represents a single position within the minimax search tree. Rather than 
using a raw numerical score to evaluate a position, each Node instance encapsulates a 
full component-based breakdown of the evaluated position ֛leaf node֜. This includes 
information such as material, mobility, king safety, and more, allowing for complex, 
explainable outputs. The class also includes a child_node attribute, pointing to the next 
node along the best path from root to leaf, enabling contextual explanations of move 
selection. Additionally, each Node stores metadata such as the move leading to the 
position, whether it was a capture, the evaluation weights used, and its depth in the 
tree. This design supports algorithmic transparency and aligns closely with the goals of 
explainable agency. 
 
Ideally, each node would store the component breakdown of its own position rather 
than the evaluation of the resulting leaf node. This would allow for more detailed 
comparisons between candidate moves at each level of the search tree. However, this 
approach proved computationally expensive, significantly increasing search times. 
 
The below output demonstrates the relationship between nodes. With each node 
storing their child node.  

                                       
    Figure Ԥ 
 

Khess 
khess.py contains the core logic of the engine, including the minimax algorithm, 
evaluation function, and explainability methods. While the initial structure was provided, 
significant modifications were made throughout to support transparency and dynamic 
explainability features. 
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find_best_move֛board, depth, side, weights, explain, stock_moves֜ 
 
This function serves as the engineʼs entry point. If explain is True, it delegates to 
explain_move, passing the same parameters and returning the result. If no explanation 
is needed, it runs the minimax algorithm and extracts the resulting move and score. This 
design allows the system to flexibly switch between performance-focused search and 
explainability-oriented output. 
 
 
minimax_ab֛board, depth, max_depth, alpha, beta, side, weights, explain=False, 
move_passed=None, top_moves_uci = None֜ 
 
Full code implementation in appendix ֛appendix 5֥ 
 
This method implements a standard Alpha-5eta minimax algorithm with several 
project-specific enhancements. At each position, all legal moves are evaluated, 
recursively maximizing or minimizing the score depending on the player. Alpha-5eta 
pruning halts the search of branches that cannot affect the final decision. 
 
One of the most significant adjustments to a regular minimax function that have been 
made in this version is selecting the first layer of nodes. As stockfishʼs top Յ moves 
have been provided from surgePlayer, at depth Ի, instead of generating all legal moves 
for that position we take the moves provided by stockfish. This refines the search tree, 
improving efficiency and ensuring a minimum level of play. If there are not Յ possible 
moves, all possible moves are considered.  
 
At the first recursion of minimax, after each initial move has been fully explored and the 
best case propagated back to the first recursion, each node is saved to a list to be 
returned with the best move and node. This is used to identify forced moves and 
compare close moves in explain_move 
 
The other major difference that this implementation has compared to a traditional 
minimax used for chess is the use of node objects instead of just a score. To accurately 
construct and return these node objects and chain of nodes, at every base case ֛leaf 
node reached֜ a node with no child node is created. When a leaf node is reached due 
to maximum depth, eval_position_adv returns the node object with the parameters 
relevant to a heuristic board evaluation ֛see eval_position_adv֜. When a leaf node 
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indicates a checkmate or stalemate, a node object is still created but with the reason 
֛checkmate or stalemate֜ given as the components instead of a full board evaluation. At 
the end of each recursion of the function, instead of returning the score, a new node is 
created. This node inherits the values of its best performing child node, which also is 
assigned to child_node.  
 
This screenshot shows how a node representing the end of a game is created 

        
 Figure ԥ 
 
eval_position_adv֛board, weights, move, depth֜ 
 
This method evaluates a position using several strategic and tactical components 
retrieved via methods in the 5oard class. These components are multiplied by the 
associated weighting. These are saved as components in a new Node object.  

As the move is initially represented in binary format, it is converted into UCI notation 
before being passed into the Node constructor with the components and total score, 
along with all evaluation data and search depth. For implementation details of each 
evaluation component, refer to the 5oard class section. 
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Component values are not normalised before weightings. Ideally, values would be 
scaled ֛e.g., Ի־Լ֥ to improve weighting consistency, but due to the complexity of some 
heuristics ֛e.g., passed_pawns֜ and their C implementation, normalisation was 
impractical. 

Explain_move֛board, depth, side, weights, stock_moves֜ 
 
Explanation  
As there are three formats of a move explanation, this method uses selection 
statements to behave differently depending on the value of explanation_type ֛either Ի, Լ 
or Խ֥.  
 

- Ի. Full component breakdown 

When explanation_type is set to Ի, the method generates a detailed breakdown of the 
evaluation components for three positions: the current position before the move, the 
best resulting position, and the second-best resulting position. 

To achieve this, minimax is first called to return score_obj ֛the best moveʼs node֜, the 
best move itself, and top_level_moves, which is a list of the best-response node chains 
for all candidate moves at depth Լ. Since the top-level nodes begin at depth Լ and do not 
represent the actual move that initiated the branch, the helper function 
top_level_moves_to_obj is used to reconstruct nodes representing these initiating 
moves, completing the move chains for comparison. 

eval_position_adv is called on the current board state to obtain a node representing the 
present position. The final explanation includes the evaluation components for the 
current, best, and second-best positions, the chains of moves leading to the best and 
second-best nodes, and their corresponding FENs. Including FENs aids verification by 
allowing visualization of the positions being compared. 
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     Figure ԥ 

 
- Լ.Multiple personality comparison 

This format provides two move recommendations, each reflecting a different strategic 
playstyle: one aggressive and tactical, the other passive and positional. To simulate 
these personalities, two distinct configurations of evaluation weights are used ֛detailed 
in the tuning section֜, and the minimax function is executed twice, once for each 
playstyle. 

If both configurations result in the same move, the explanation simply notes agreement 
between the styles. If the moves differ, both are included in the explanation, along with 
a "capture line" for each, indicating whether each move in the sequence is a capture 
֛e.g., true, true, false...֜. An explanation of the capture line is also added to clarify how 
the move sequences reflect their respective playstyles. While not guaranteed, the 
aggressive line often includes more captures than the passive one, reinforcing the 
contrast. 
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    Figure Ԧ 

 
 

- Խ. Contextual explanation 

This explanation mode dynamically adjusts based on the strategic context of the 
position by analysing all top-level moves from the minimax search. It begins similarly to 
Explanation Type Ի, evaluating the current position and retrieving the list of top-level 
nodes. 5ased on this data, a series of selection statements determine which type of 
explanation is most appropriate. 

A flowchart ֛figure ԼԻ֥ outlines this decision-making process. The logic includes 
detecting forced moves, moves that clearly outperform alternatives ֛e.g., capturing a 
queen֜, and falling back to component comparison when no forced lines are found. 
Forced moves are identified by comparing score differences across all candidate 
nodes. If no significant disparity exists, the system highlights the two most impactful 
components that improved between the current board and the chosen move, providing 
a more generalised strategic rationale. 

The helper functions responsible for filtering the move list and generating the natural 
language explanations are explained in the following section. 
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     Figure ԧ 
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         Figure ԝԜ 
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explain_capture_line֛֜  

The explain_capture_line֛֜ method interprets the capture sequence ֛retrieved via 
get_captures֛֜֜ for a given move node and returns a descriptive string. It uses selection 
logic to identify patterns such as checkmates, captures, trades, setups, or sacrifices. To 
reduce inaccuracies caused by speculative leaf-node captures, the final move in the 
sequence is ignored, as it tends to be the least reliable. 

 
 

 
 

                   
 Figure ԝԝ 
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explain_forced_moves֛֜ 

The explain_forced_moves֛֜ method generates contextual explanations based on a list 
of moves previously classified as “forced.ˮ  If only one forced move exists, it is 
described as necessary due to material loss. If multiple moves share a common origin 
or destination square, the function infers whether the moves are avoiding capture or 
targeting a common threat. While these patterns improve interpretability, the logic is 
heuristic and not always precise. 

5oard 
5oard is an instance of the Position class, written in C.  The 5oard object is exposed 
to python from C using pybindԼԼ ֛a library providing interpretability between python 
and C֥. 5oard and the classes that board uses ֛position, types, tables֜ were provided 
by my supervisor. The modular design they provided allowed me to leverage existing, 
well-optimised components for move generation and board state management without 
requiring a complete understanding of their internal implementation. However, to 
support the needs of my project, specifically implementing board component features, I 
made targeted modifications to parts of these classes.  
 
The modifications mainly concern added methods to the board class, although some 
additions also had to be made to types, tables and positions to provide the tools needed 
to properly execute the added methods to board. The methods in this class with the 
most complex implementation will be discussed in this section 
 
King_safety 

King safety reflects how vulnerable the king is to potential attacks from the opponent. In 
this implementation, the engine evaluates king safety by examining the squares 
adjacent to the king and assessing the threat level based on nearby opposing pieces. 

To begin, a bitboard is generated representing all squares surrounding the king. Each 
square in this region is then checked to identify attackers from the opposing side using 
attackers_from<color>. For each identified attacker, a threat score is incremented 
based on the type of piece involved, Խ for a knight or bishop, Կ for a rook, and Ձ for 
a queen. These weights reflect the increasing danger associated with higher-value 
attackers. 
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Once all threats are accounted for, the cumulative score is used as an index into a 
predefined safety_table. This table maps the raw threat score to a final king safety 
penalty, with higher penalties assigned for multiple or more serious threats. The scaling 
in safety_table increases non-linearly to reflect the compounded danger of multiple 
attacks concentrated around the king. 

The screenshot below shows the code implementation 

 

Figure ԝԞ 

Passed_pawns 
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This method evaluates passed pawns by checking whether a pawn has no opposing 
pawns blocking its path or in adjacent files ahead of it, and then assigns a score based 
on its rank and additional supporting or obstructing factors. 

The function begins by identifying all pawns of the target color and iterating through 
each. For a pawn to be considered "passed," it must not have any enemy pawns in its 
front span, the squares directly ahead in the same file and adjacent files. If these 
conditions are not met, but the pawn could move forward one space and have adequate 
support to progress further and then meet the prior conditions, it is also considered 
passed. 

For example this pawn is not yet “passedˮ but if it were to progress another square, the 
pawn possesses a significant chance that it will be passed in subsequent moves. This is 
because if the opponent were to capture, the assumed chain of captures would lead to 
a favourable position with a passed pawn. This is shown below: 

Figure ԝԠ 

This isnt always a guarantee of course, as there may be other factors that affect a 
pawn's promotion such as a supporting pawn being pinned. The value assigned to 
passed pawns is only a heuristic value, an estimation as to how likely a pawn is to be 
promoted. 

Once identified, each passed pawn contributes to the score based on its rank ֛distance 
from promotion֜, using a predefined passedRank table that increases as the pawn 
advances. Additional bonuses or penalties are applied depending on file control: a 
passed pawn earns a small bonus if it is supported by a friendly rook or queen from 
behind ֛on the same file֜, and a penalty if it is blocked by an enemy rook or queen. 
Finally, a small penalty is added for every enemy piece directly in the pawnʼs path to 
promotion, simulating the risk of obstruction. 

The code snippet below shows how pawns are labeled as candidate passed pawns 
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  Figure ԝԡ 

Other methods of 5oard 

The remaining methods in the 5oard class are not discussed in detail, as their 
implementations are relatively straightforward. Instead, a concise overview of the logic 
behind each is provided below. 

isolated_pawns 

This method counts how many pawns are isolated, meaning they have no friendly 
pawns on adjacent files. 
 For each pawn: 

- It checks if there is another pawn on the file to the left or right. 
- If neither exists, the pawn is considered isolated and is counted. 

 

 

 

 



ԿՆ 

doubled_pawns 

This method counts how many pawns are doubled, meaning more than one pawn exists 
on the same file. 
For each file: 

- It counts the number of pawns on that file. 
- If more than one pawn is present, it adds ֛count - Լ֥ to the total, representing 

extra pawns beyond the first. 

backward_pawns 

This method detects backward pawns, which are vulnerable because they can't 
advance safely or be protected by other pawns. 
 For each pawn: 

- It computes the square the pawn would move to if advanced. 
- A pawn is considered backward if: 

- Its advance square is attacked by enemy pawns, and 
- It is not protected by the attack span of any friendly pawns ֛excluding its 

own file֜. 

5elow is an example of a pawn that would be considered Isolated, Doubled and 
5ackward respectively: 

 

Figure ԝԢ   
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Interaction Layer  - Design 
 
This section of the code is more suitable to separated into the GUI, game controller and 
player 

GUI 
Design Feature 
When main.py is run, users are presented with a start menu where they can configure 
various aspects of the game, including player types ֤Surge, khess_old, Stockfish, or 
human֜, search depths for each side, custom starting positions via FEN, and toggles for 
autoplay and move suggestions. This flexible configuration was essential for efficient 
internal testing and experimentation. The autoplay option allows users to observe 
uninterrupted engine play or control the pace manually, while the suggestion mode 
prevents the engine making the move, presenting an explanation and allowing the user 
to decide, an important feature for user testing and evaluating the effectiveness of 
explanations. 
 
Design Feature 
The GUI features a simple chessboard display alongside a text log section, enabling 
users to interact with the game and observe moves in real time. This layout ensures that 
move suggestions and explanations are clearly communicated, supporting both 
usability and the project's educational objectives. 

Game Controller 

 
Design Feature 
The system allows users to specify custom starting positions using FEN strings. This 
feature was particularly useful for both internal testing and user studies, as it enabled 
placing the engine in specific board scenarios that might not naturally arise during 
standard engine-vs-engine gameplay. 

Player 

Design Feature 
The Player class is implemented as an abstract base class, requiring all subclasses to 
define a get_move֛board֜ method. This design enables polymorphism, allowing the 
game controller to call player.get_move֛board֜ without needing to know whether the 

 

 



ՀԼ 

current player is a human or an engine. This abstraction simplifies game logic and 
enhances modularity, making it easy to introduce new player types without altering the 
core control flow. 

 
Figure ԝԤ - a UML representation of the Interaction Layer.  
 

Interaction Layer - Implementation 
 
The implementation of the front-end is not covered in full detail, as many aspects follow 
standard design practices and are not central to the project's aims.  

ChessGame 
Chess game is a class that controls the flow of the game, managing player turns and 
updating the gui to show the board ֤Python chess֜ correctly. On initialisation, this class 
takes the parameters provided from main.py, ֛retrieved from the start menu֜ to 
correctly set up and manage a game of the required configuration.  

 

 

http://main.py
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Play֛֜ 
 
The play֛֜ method is the main loop of chessGame, running until the game ends. It 
updates the GUI with the current board state and retrieves the next move from the 
active player. Depending on the configuration, selection logic determines how moves 
are processed. If suggestion is enabled, a surgePlayer is created to retrieve an 
explanation while allowing the user to make the move. If autoplay is enabled, 
next_move_pressed is set automatically so the engine moves without user input. A 
move is pushed to the board if the player is human or if next_move_pressed is true. 
After the move, control switches to the next player and the GUI is refreshed. 
 
 

 
Figure ԝԥ - the implementation of Play 
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ChessGUI 
Chess gui is that class that handles the graphical user interface ֛using PyQtՁ֥, updating 
the display to show the current position of the game, handling user inputs for move, and 
updating the text log where explanations are provided.  
 
 
log_message֛message֜ 
 
This method takes a message parameter from chessGame and correctly formats it to be 
displayed in the text log. If message is a dictionary, this indicates an explanation is 
going to be provided, else “messageˮ will contain an integer representing the score. 
The explanation dictionary key “typeˮ dictates what kind of explanation to expect, while 
the “bodyˮ is the contents of the explanation. Examples of each can be found under 
explain_move implementation.  

Player 
The Player class defines an abstract get_move֛֜ method and serves as a base for all 
player types ֛e.g., HumanPlayer, KhessPlayer, SurgePlayer֜. This abstraction allows 
seamless switching between engines or human control, aligning with the project's 
modular and testable architecture. 
 

Engine Tuning 
An important part of building any chess engine is tuning the parameters or weights 
used in the evaluation function. With the aim to improve playing strength. Typically, 
evaluation tuning can be applied via mathematical optimisation, or machine learning 
techniques however the scope and remaining time in this project required a simpler, 
manual approach. This section will discuss what the aims of tuning the engine were, 
and what strategy was used to reach them. Also other strategies will be discussed that 
would have been considered further given more time.  

Aims  
To achieve the requirements of an engine that can play “well ,ˮ the engine must be tuned 
to find the optimal weightings that allow the engine to play at its best. This tuning phase 
will also be used to find two distinct playing styles that both play to a given degree of 
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strength. This optimises the value of the multi playstyle explainability method. Due to 
both of these goals, the aim of this section is to assess configurations of evaluation 
weights, comparing their playing strengths and their playstyles.   
 
Approach 
Given that each configuration takes five parameters, it is incredibly hard to perform an 
adequate grid evaluation of every parameter to identify which combinations perform 
better than others. Due to this, the configurations have been selected by myself, 
choosing a set that I believed covered the possible sample space as well as it could 
whilst keeping the total number of configurations low. 
 
One strategy I had that I believed would find two good configurations with distinct 
playstyles took inspiration from genetic algorithms. Each round, either a round-robin 
style tournament with the entire population of hand crafted configurations, is run to rank 
each in order of playing style. The following round consists of only the top performing 
engines, theoretically improving performance with each round. However, similar to a 
genetic algorithm, the remaining positions in the tournament are taken by “mutationsˮ of 
the better performing configurations. The theory of this method is that as the rounds 
progress, the engines performance will increase, and so will the diversity of the 
remaining engines.  
 
Unfortunately, this process did not produce the results I had hoped for. The first issue 
was that the performance of the configurations was inconsistent from tournament to 
tournament. For example the winning config in round one, performed the worst in the 
following round, getting outperformed by configs that it previously beat. This leads me 
to believe that round robin style tournaments are not an accurate method of comparing 
playing strength. I believe this is most likely as the engines are only being tested on how 
well they can play against their opponents, which in this case are other untuned 
configurations. As no opponents are proven to be a viable benchmark in playing ability, 
like a human player or stockfish, the results do not get us any closer to the aims of the 
tuning. Another issue in this tuning strategy is the assumption that distance in 
parameter configuration guarantees difference in playstyle. Although the playstyle of 
the engine is dictated by these parameters, it does not necessarily mean that the more 
different in parameter value directly relates to a more distinct playstyle. Instead, 
different playing behaviors can be a product of complex parameter interactions.  
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Method  

The chosen evaluation method avoids relying on self-play to measure engine strength. 
Instead, each configuration is tested in a gauntlet-style tournament against five 
versions of Stockfish operating at various search depths. 

Initial trial tournaments were conducted to identify which Stockfish search depths most 
effectively differentiate the playing strength of various configurations. Stockfish at 
depth Ձ consistently won by checkmate, providing an upper limit in playing strength. At 
depth Հ, the same depth used by my engine, Stockfish never lost, though some games 
ended in draws. These draws were typically due to threefold repetition, indicating that 
certain configurations were able to force a neutral or favorable outcome. This suggests 
a level of resilience and positional strength, as the engine was harder to defeat. 

Additionally, I found that my engine could lose or draw against Stockfish at depth Լ, 
confirming that even low-depth Stockfish provides meaningful variation in outcomes. 
Since depth Լ and Ձ reveal clear distinctions in playing strength, it is reasonable to 
assume that intermediate depths ֤Խ and Կ֥ will also contribute valuable insights.  

Each configuration plays Stockfish searching at depth Լ - Ձ for ԼՃ games per matchup 
֤ՅԻ total games֜. An opening book is used containing Յ common chess openings to 
start each game, this ensures the engines play varied games each time. Playing ԼՃ 
games per matchup allows each engine to play each opening as black and white. The 
tournaments were run on cute chess, running two games concurrently to speed up 
tournament types. More games per encounter would improve this method.  

The configurations are all predetermined as stated before although some prior 
refinement was conducted via internal tournaments to trial specific component heavy 
configurations.  

Completing this stage of tuning leaves an accurate list of configurations, ranked in 
terms of playing ability. As the other aim of this tuning is to determine two distinct 
playstyles, a way to evaluate and compare the style in which these configurations play 
is needed. To do this a python script that will analyses PGN notations was created, it 
analyses the games of each tournament and returns the average material exchange per 
move of each game and tournament. This measures how much total material ֛in 
centipawns֜ is captured or traded on average in each move of a game. It provides 
insight into how aggressively or passively an engine plays. An engine with a high 
average material exchange per move tends to initiate or accept more trades and engage 
in tactics and forcing sequences. This reflects an aggressive or tactical playstyle, where 
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the engine seeks active piece play, sacrifices, or early material advantages. Conversely, 
an engine with a low average material exchange per move tends to avoid unnecessary 
trades, preserve tension in the position, focus on positional advantages and long-term 
planning. This is characteristic of a more passive or positional engine, where the 
strategy revolves around subtle improvements rather than direct confrontation. 

5y analysing this metric across many games, it's possible to quantify the level of 
aggression in an engineʼs behavior and use it to compare the personality of different 
configurations beyond just win rate or evaluation score. 5y evaluating the average 
material exchange per move per  game for each gauntlet tournament, the high 
performing engines with the highest and lowest scores will be selected to be used as 
the configurations for the aggressive and passive playstyle respectively. The intended 
result of this will be two personalities that have personal preferences in move 
suggestions. Where they both agree, the user will know this must be an obviously good 
move, and where they disagree, each move can be justified as more in line with an 
aggressive or passive playstyle.  

Ultimately, while not optimal, the method of tuning was a pragmatic solution given the 
projectʼs constraints and the insights gained from earlier approaches. It yielded results 
that meaningfully contributed to the projectʼs objectives. 

 

Results of tuning and engine testing 

Here are the results from the initial performance test of ԼԽ configurations 

Figure ԝԥ 
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5y taking only configurations with a score above ՀՁ%. Here are the results of the playstyle 
testing 

          Figure ԝԦ 
 

From these results, the configurations ՅֽՃֽՃֽԿֽԼՁ and ԼԼֽԿֽՃֽՅֽՅ are chosen as the 
passive and aggressive playstyle respectively. The configurations are in the form 
֛material/pst, isolated/backward/doubled pawns, passed pawns, mobility, king safety֜ 

 
The performance of these are reviewed further in the results and evaluation 
 
 

Results and Evaluation 
This section outlines the experiments conducted to evaluate the effectiveness of the 
implemented system. It describes the purpose and design of each experiment, the 
specific system behaviours being tested, and the rationale behind the chosen 
evaluation methods. Given the constraints of time and resources, the scope and 
limitations of the experimental setup are also discussed. Finally, the section reflects on 
how the results inform the systemʼs success in meeting its objectives and its potential 
contributions to explainable AI in deterministic game environments such as chess. 
 
Since this project is both functional and experimental. The experiments section will be 
divided into two sections. The first considering the playing ability of the chess engine 
and the second the effectiveness of the explainability techniques.  
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Functional Evaluation 

Search Efficiency 
 
To test the efficiency of the search algorithm and the evaluation function, a measure of 
the nodes explored per second was used. This provides a metric that represents the 
speed at which the minimax algorithm was able to search the tree of nodes combined 
with the speed the evaluation function can assess a position. An average measure was 
taken from each move over a whole game to provide an accurate result. The engine, 
functioning on its own, searches at a rate of approximately ԼԼՄՄԻ nodes per second.  
 
The aim for this engine is to be able to search to a depth of Ձ in a reasonable time This 
following graph shows the search times of different versions of the engine: the final 
build with all pruning enhancements, without stockfishʼs top Յ moves ֛increasing the 
tree size֜, and without alpha beta pruning.  

Figure ԝԧ 
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Figure ԞԜ 
 
These graphs show the engine meeting the requirements and the effectiveness of both 
pruning techniques. The full engine searches significantly less nodes when using 
alpha-beta pruning and this amount is reduced even further when using stockfishʼs top 
move suggestions. When comparing the search rate of these three variations, there is 
little change, this is as expected.  
 
 

Playing Ability 
 
From observing the engine play full games, I have assessed certain strengths and 
weaknesses in the engine's playing ability. Although behaviours differ depending on the 
configuration of component weights, in general the engine behaves well in the opening 
of the game. An engine with optimal configuration ֛from tuning֜, will correctly develop 
minor pieces and pawns in the early stages of the game, and willingly sacrifices and 
trades pieces to better its position. Here are two typical positions that the engine will 
create, from using different openings. The engine plays as white 
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Figure Ԟԝ 
 
Figure ԽԼ displays the engineʼs success in valuing long term strategy such as pawn 
progression, without any immediate material pay off. The attached video further backs 
up the early game performance of the engine 
 
The engine struggles in late-game scenarios, particularly when attempting to convert a 
favourable position with limited material into a checkmate. If a forced mate lies beyond 
the Ձ-ply search horizon and no clear advantage ֛e.g., pawn promotion or material gain֜ 
is available, the engine tends to pursue moves that improve piece-square table scores 
or apply checks to increase perceived mobility. However, PST values are not optimised 
for endgames, and this behaviour often leads to repetitive, non-progressive play, 
frequently ending in threefold repetition.  
 
A related issue affecting explainability is the engineʼs preference for moves that 
conclude with a capture. Although such moves often appear strong, they can leave a 
piece exposed to capture and ultimately result in a less favourable position than 
predicted. 
 
5oth these issues would benefit from having dynamic iterative deepening. This means 
that the engine can explore promising branches further than others, for example if a 
chain of captures takes place it can keep searching until the captures stop.  The late 
game performance of the engine would benefit from having a tapered evaluation 
function that changes the priorities of the evaluation function as the total material 
decreases. This would also include separate piece square tables for end game play.  
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Limitations 
The functional evaluation of the engine was limited by both time and computational 
resources. Without formal benchmarking tools or large-scale simulations, performance 
metrics, such as nodes per second and average search times, were gathered from a 
small number of test games. These conditions may not accurately reflect more 
demanding or varied use cases. Furthermore, the engine was not evaluated against a 
broad range of opponents or positions, which constrains the reliability of conclusions 
about its overall playing strength. However, the observed issues align with known 
design limitations, supporting the validity of the findings despite the informal testing 
process. 
 

Explainability Evaluation 

Methodology 
 
Internal testing explored the strengths and limitations of each technique from a 
technical perspective. The outlined user tests show how results regarding the 
educational value of each explainability technique can be found 
 
Internal testing refers to observations made through direct interaction with the system. 
Due to time constraints, this part of the evaluation took the form of informal critique 
rather than structured, formal testing. 

Full component breakdown 

The full component breakdown explanation was tested by running the engine with 
explanation type set to Ի and cross-referencing the output with the associated board 
positions. Since the chosen leaf node positions are often not actually reached in typical 
play ֛as later moves may alter the trajectory֜, visual confirmation of accuracy was 
performed by isolating and verifying specific positions. In the selected test case ֛see 
figure below֜, the FEN string  of the chosen move corresponds correctly to the board 
position resulting from the chain of moves presented, and the component values align 
with expectations: 
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Figure ԞԞ 
Material shows ԼԻԻ as white has a one-pawn advantage. 
 

PST is negative, indicating blackʼs well-developed pawn 
structure. 
 

Mobility favours white due to black being in check. 
 

King safety scores Լ, as a bishop attacks an adjacent square near 
the king. 

Figure ԞԠ 

 

This confirms the method accurately reflects the evaluation functionʼs logic and 
outputs. 

The main limitation of this technique lies in its presentation. Although it satisfies the first 
requirement of explainable agency, by explaining decisions during plan generation, it 
falls short on the fourth: communicating in a formalism natural to humans. While for 
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users such as myself who understand the mechanics behind a chess engine, the 
targeted group being beginners and intermediate chess players may have no 
knowledge of how these values are being used. Effectively meaning while this method 
provides transparency, it cannot provide understanding.  

 

Multiple personality  

To evaluate the effectiveness of the multiple personality method, internal testing 
involved observing engine games and monitoring how often the two configured 
personalities, aggressive and passive, selected different moves and how often they 
behaved in the intended style of play.  

From the results, the playstyles disagree around once every ten moves on average. The 
results showed that while the method produced insightful and easy-to-understand 
explanations when the personalities disagreed, such disagreements were infrequent. In 
principle, agreement between playstyles is expected when the optimal move is obvious, 
but in practice, they often selected the same move even when several viable options 
existed. This suggests that the tuning of personality configurations may not have been 
sufficiently divergent, or that the evaluation function itself lacked the flexibility to 
support distinct, yet strong, strategic profiles using only five adjustable weights. 

When divergence did occur, the resulting explanations were highly interpretable and 
required no technical understanding of chess programming, fulfilling the fourth 
requirement of explainable agency by translating internal reasoning into 
human-readable comparisons. To address the low disagreement rate, one possible 
improvement would be to define personalities with drastically different heuristics, and 
restrict their move choices to a small subset of Stockfish's top suggestions.  

Here is an example of the engine behaving correctly in one of the observed testing 
games 
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Figure Ԟԡ 

Here, the aggressive playstyle preferes a move that expects more captures compared 

to the passive playstyle, focusing on progressing a pawn.  

 

Figure ԽՁ is an example of when the multiple personalities disagree, but do not behave 
as expected 
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Figure ԞԢ 

 

As shown above, the playstyles contradict their supposed playstyle, highlighting the 
shortcomings of this technique. In further work a more advanced and reliable tuning 
method would be used to reduce these errors 

Contextual  

The contextual explanation method was evaluated through internal testing by playing 
against the engine using specific board positions configured via custom FEN strings. 
This allowed for direct observation of whether the system would produce the expected 
type of explanation, particularly for situations involving forced moves. In practice, the 
system often correctly identified key tactical features and returned concise, high-level 
justifications that were more digestible than a full component breakdown. This 
approach strikes a preferred balance between algorithmic transparency and human 
interpretability. 
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However, a recurring weakness was inconsistency in identifying forced moves. For 
instance, when presented with the opportunity to capture a valuable piece like a rook 
with no immediate consequences, the engine occasionally failed to flag the move as 
"forced." When the system did correctly identify such moves, it offered meaningful 
justifications from multiple angles ֛e.g. tactical gain, improved mobility, or long-term 
positional benefits֜, demonstrating its potential for rich, multifaceted explanation. 

The inconsistency appears to stem from the methodʼs reliance on comparing leaf-node 
evaluations, i.e., the final position after the full move sequence. These positions often 
reflect unrealistic outcomes, such as material spikes from speculative captures, which 
can distort the decision-making logic. As a result, promising moves may be overlooked 
or misclassified. 

One possible solution would be to evaluate every node in the search tree, not just the 
leaf, allowing early-stage positions to be used for comparison, especially when 
identifying forced moves.  

Here is an example of a contextual explanation  

Figure ԞԤ 
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This example displays a poor decision as the final move in the node chain “fԿfՄˮ would 
put the queen at risk of capture, meaning this isn't a realistic position.  

User testing  
Due to the project aiming to be an educational tool for beginner to intermediate chess 
players, user testing is an important method of evaluating whether the explanations 
provided by the system are accessible, understandable, and genuinely helpful for 
learning. It allows the effectiveness of each explanation technique to be assessed from 
a human perspective, investigating whether the system fulfills the human-centered 
principles of explainable AI.  
 
Specifically, testing was designed to assess how well each of the three explanation 
types supported understanding and learning. While the system cannot fulfil all four 
requirements of explainable agency, particularly the third ֛explaining deviations from 
planned lines֜, it aims to address the other three, and the user evaluation focused on 
these. 
 
Each participant plays three games against the engine ֛at a low search depth֜, each 
with a different explanation type enabled. The game is run in suggestion mode, allowing 
users to review an explanation before deciding whether to follow the engineʼs 
recommended move. During play, participants will complete a questionnaire noting 
move numbers they found helpful, confusing, or unconvincing. They also provided 
open-ended reflections after each game, giving qualitative feedback on clarity and 
usefulness. 
 
This format will allow each explanation type to be evaluated across a full game, 
producing both comparative metrics ֛e.g. number of moves found helpful֜ and 
user-specific insights. Due to time constraints, user testing was not completed . 
However, the setup provides a foundation for scalable future testing.  

Ultimately, the tests were not carried out; however, internal findings suggest the results 
would have been largely predictable. While user testing could have uncovered 
additional insights into usability and clarity, the systemʼs current limitations mean further 
development is needed before such tests would yield more meaningful value. 
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Conclusion 

This project set out to develop a chess engine capable of explaining its decisions in a 
human-understandable way, aiming to bridge the gap between powerful AI-driven 
move selection and educational value for beginner and intermediate players. 
 
The final system was a fully functioning chess engine and an interface to engage with it 
and configure various games. There are three different explainability techniques, each 
with their own strengths and limitations. The results of internal testing showed the 
engine to function at a decent playing level, correctly and efficiently searching a 
minimax tree to a depth of Ձ in less than ԼԻ seconds consistently. The evaluation 
function is tuned to perform optimally given the constraints, making use of a crude but 
beneficial tuning method. The engine fulfills the objective in being a good enough chess 
player to provide insightful move suggestions to beginner and intermediate players. 
 
The engineʼs playing strength is limited in some areas. End game play is not of a great 
standard and the engine struggles to force checkmates in some cases. This can result 
in frequent draws between engines which hindered the efficiency of the tuning stage.  
 
Internal observations identified that the explainability techniques can provide useful 
justifications that can back up the move choices. The explainability features are shown 
to behave accurately, providing a true insight into the computation behind a decision, 
although are capable of misleading the user, or failing to provide an explanation when 
one is needed. Further tuning could refine these techniques and provide more 
consistent results.  
 
Although user testing was not carried out, the test plan provides a clear framework for 
future evaluation. It outlines how the systemʼs explanation techniques could be 
assessed for clarity, usefulness, and educational value, offering a foundation for further 
refinement and validation of the engineʼs effectiveness as a learning tool. 
 
Overall, the system demonstrates the ability to satisfy two of the four core principles of 
explainable agency and makes progress toward fulfilling a third. While it does not yet 
meet the requirement to explain how plans diverge over time, the underlying structure 
provides a foundation for implementing such a feature. Each explanation technique 
brings its own strengths and limitations, collectively serving as a proof of concept that a 
chess engine can be designed not only to play competently, but also to align with the 
principles of explainable agency. 
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Future work 
 
If given more time for this project, the first goal would be to refine the errors that the 
current system has. Namely use a more advanced method of tuning to create two play 
styles that are more varied. The evaluation function would be adjusted to taper as the 
game progresses, increasing the engine's performance in late game stages. Dynamic 
iterative deepening would also improve the performance of the entire system, from 
playing ability to value of explanations. Once the current features perform at a suitable 
standard, path divergence explanations would be implemented. This could involve 
saving the previous node path and comparing with the new one to identify when the 
plan is changed and explain to the user why this has occurred. I believe with more time 
on this project the system could comfortably fulfill the explainable agency requirements.  
 
Reflection 
 
This project has been a significant learning experience, deepening my understanding of 
AI development and building software to meet specific user-centred requirements. One 
of the key lessons Iʼve taken from this work is the importance of balancing early 
experimentation with proper problem research. I spent a considerable portion of time 
developing systems that ultimately didnʼt meet the projectʼs needs, often due to factors 
beyond my control. In hindsight, a more research-driven approach during the early 
stages, particularly given my initial lack of experience in chess programming, would 
have helped me avoid some of this inefficiency. That said, hands-on experimentation 
was also invaluable: it exposed design flaws early and guided me towards better 
solutions. 
 
A core takeaway from the projectʼs findings is that explainability in AI is not just a 
technical challenge, but also a user experience challenge. While implementing 
algorithmic transparency, such as breaking down evaluation components, was relatively 
straightforward, presenting those insights in a meaningful and accessible way proved 
far more difficult. The true value of explainability lies in its ability to adapt to different 
user needs and levels of understanding, and this requires thoughtful formatting and 
interaction design. 

In retrospect, I would also reconsider how I implemented the interaction layer. 5uilding a 
full GUI with integrated engine communication took a substantial amount of time, time 
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that could have been more effectively spent tuning engine performance and exploring 
the impact of varying evaluation weights on playstyle.  

That said, the process of designing and integrating all parts of the system, from the GUI 
to the core engine, gave me a comprehensive understanding of how chess engines 
work, and laid the groundwork for producing a solution Iʼm proud of. Despite the 
trade-offs, I believe the final system demonstrates the core ideas behind explainable 
chess AI, and sets a solid foundation for future development. 
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Appendix 

Appendix A 
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Appendix B 

def minimax_abռboard, depth, max_depth, alpha, beta, side, weights, explain=False, 
move_passed=None, top_moves_uci = Noneս: 

    global nodes  # This is for debugging: how many nodes have we evaluated 

 

    # Keep track of the best score and move so far 

    best_move = None 

    best_score = None 

 

    top_level_moves = [] if depth == Ԝ else None 

 

    if depth >= max_depth:  # Depth exceeded 

        nodes += ԝ 

        return eval_position_advռboard, weights, move_passed, depthս 

    else:  # Depth not exceeded, go deeper 

        # Evaluate all legal moves in this position 

        moves = board.movesռsideս 

        # filter out so only stockfish moves are considered in first layer 

        if top_moves_uci is not None:  

            moves = [move for move in moves if move_to_algռmoveս in top_moves_uci] 

        for move in moves: 

            board.playռside, moveս 

            # Evaluate the resulting position from the other side's point of view 
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            score_obj = minimax_abռboard, depth + ԝ, max_depth, alpha, beta, ԝ - side, 
weights, moveս 

            score = score_obj.total 

            # Revert the tentative move 

            board.popռside, moveս 

         

 

            if depth == Ԝ 

                # Save all top-level move evaluations 

                # this is for move comparisons 

                move_alg = move_to_algռmoveս 

                top_level_moves.appendռռmove_alg, score_objսս 

 

            if not score: 

                score = Ԝ 

            # Remember the best score so far ռmaximising for white, minimising for blackս 

            if ռbest_score is None or ռside == WHITE and score > best_score.totalս or ռside 
== BLACK and score < best_score.totalսս: 

                best_score = score_obj 

                best_move = move  # Also remember the best move 
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            # Alpha-beta 

            if side == WHITE 

                if best_score.total >= beta: 

                    break 

                alpha = maxռalpha, best_score.totalս 

            else: 

                if best_score.total <= alpha: 

                    break 

                beta = minռbeta, best_score.totalս 

             

            if depth == Ԝ and VERBOSE 

                outputռf'info {move_to_algռmoveս} {score} {best_score.total}'ս 

 

        # if game over - either check mate or stalemate - a leaf node needs to be created 

        if best_move is None: 

            if board.in_checkռsideս: 

                # checkmate leaf node 

                best_score = Nodeռ 

                    total=-INF if side == WHITE else INF, 

                    depth = depth,  

                    components={"reason": "checkmate", 

                                "material": INF if side == WHITE else INF,}, 
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                    fen=board.fenռս, 

                    weights = weights, 

                    capture = ռ"Checkmate", depthս 

                ս 

            else: 

                # stalemate leaf node 

                best_score = Nodeռ 

                    total=Ԝ, # might need to adjuct this score to avoid stalemates 

                    depth = depth,  

                    components={"reason": "stalemate", 

                                "material": Ԝ, 

                    fen=board.fenռս, 

                    weights = weights, 

                    capture = ռ"Stalemate", depthս 

                ս 

 

    # as only leaf nodes are evaluated fully, we need to check for captures for every 
node 

    if best_move: 

        if is_captureռbest_moveս: 

            capture = օTrue, depthս 

        else: 

            capture = օFalse, depthս 
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    else: 

        if best_score: 

            if best_score.capture[Ԝ == "Checkmate" or best_score.capture[Ԝ == 
"Stalemate": 

                capture = best_score.capture 

         

    # instead of propogating the score, we are using a chain of nodes - or evaluation 
objects 

    # each recursion of minimax, we return the new object for that node - along with a 
link to the node that follows it 

    # for the sake of efficiency, we dont evaluate every position - only the leaf nodes 

    # this means each node only holds a component breakdown about the final node in 
the chosen line of play 

    next_node = Nodeռtotal=best_score.total, 

                           depth= depth, 

                            components = best_score.components, 

                            fen=board.fenռս, 

                            move = move_to_algռbest_moveս if best_move ! None else "none", 

                            child_eval=best_score, 

                            weights = best_score.weights, 

                            capture = captureս 

     

    # if explain: we are expecting a list to be returned as we need top_level_moves 

    if explain and depth == Ԝ 
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        return [next_node, best_move, top_level_moves] 

    # if not explain: we only expect a tuple 

    else: 

        return ռnext_node, best_moveս if depth == Ԝ else next_node 

 

 

 

 


