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Abstract

This research aims to explore the nuances of the distinct search methods and evaluation equations of
the chess engines Stockfish and Leela Chess Zero, by how they differ in their evaluation of random and
intricate chess positions with asymmetrical material imbalances. By comparing how these engines employ
distinct search methods and evaluation equations, we gain a deeper understanding of how AI perceives
and solves problems, or struggles with counter intuitive ones. This research will ultimately shed light on
the evolving landscape of intelligent decision-making algorithms beyond the confines of chess.
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1 Introduction

Even though chess has been played for thousands of years, it has only been in the last few decades that
the theory behind the game has advanced tremendously. This is because of recent computer programs
leap-frogging humans’ ability to play the game. These computer programs are called chess engines.

In 1997, the chess computer known as Deep Blue defeated the then-world chess champion, Garry Kas-
parov, in a series of matches that marked a pivotal moment in the history of chess and artificial intelligence
[1]. It was a watershed event that not only established the dominance of computers in abstract strategy
games but also ignited a rapid and ongoing evolution in the world of chess engines. These engines have
since become invaluable tools for chess players of all levels, offering them the opportunity to analyze their
games, learn from their mistakes, and continuously refine their skills.

Since chess engines have cemented themselves as consistently stronger than human players, they still
compete with each other and advance their knowledge of chess and abilities [10]. On top of chess en-
gines dominating the chess world and furthering our knowledge of the game, their continued advancement
serves as benchmarks and insights into how Artificial Intelligence approach complex problems.

In any given chess board position, there exists the potential for a solution- an elusive ”best” move that a
player can make. In the realm of game theory, chess is categorized as a ’game of perfect information’. Perfect
information refers to the fact that at any given moment in the game, each player has the same information
that will be available at the end of the game. This is, each player knows or can see other player’s moves.
A game of perfect information provides a well-defined environment for testing and developing intelligent
systems because there is never luck or guessing involved [11]. Thus, the entirety of the game can be reduced
to computations, which is in part why computers will likely always be better than humans in the future.

Figure 1: White to move. This position demonstrates a decisive checkmate

This position shows identifying the optimal move is relatively straightforward at times. There are many
moves here which the white player can make and still maintain a significant advantage, and likely a forced
checkmate pattern, but the ’optimal’ move refers to the one in which white decidedly wins the game im-
mediately.

The problem lies in uncovering the optimal move in any given position, and this has been a driving
force in artificial intelligence computing and chess engines [3]. This problem of finding the ’optimal’ move
becomes increasingly difficult in chess ’puzzles’ which typically involve a counter intuitive move. These
types of moves - ones which look extremely poor upon initial examination - are difficult to spot for humans
and computers alike.

So why is chess such a strong benchmark for AI? It is a game that embraces perfect information, where
no details are concealed from the players, and every move, be it a brilliant sacrifice or a subtle positional
shift, can dramatically alter the course of the game. This characteristic, coupled with the vast number of
possible board configurations, makes chess an ideal arena for studying artificial intelligence and problem-
solving. In chess, the number of potential positions (from legal moves) is estimated to be between 1040

and 1050 [19]. This estimation also does not include pawn-promotions, which significantly increases the
estimated upper-bound of potential positions. This immense complexity arises from the game’s relatively
simple rules.
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This research seeks to delve deeper into the rich history and ongoing evolution of chess engines, and
seeks to answer the question: To what extent do Stockfish and Leela Chess Zero differ in their evaluation of
random, complex chess positions with asymmetrical material imbalances? Through a comprehensive anal-
ysis of how these engines employ their distinct search methods and evaluation equations, we aim to gain
a more profound understanding of how artificial intelligence perceives and resolves complex problems, as
well as how it grapples with counter intuitive scenarios. By unraveling the strategies and methodologies
utilized by these engines, we hope to shed light on the ever-changing landscape of intelligent decision-
making algorithms, with implications that extend far beyond the realm of chess.

It is essential to provide a brief overview of the two chess engines that will be the focus of our analysis.
Stockfish and lc0 represent different paradigms in the world of computer chess, each showcasing distinctive
strengths and strategies. They are two of the strongest chess-playing engines in the world, and by exploring
their contrasting approaches to chess problem-solving, we will gain a deeper understanding of the rich
landscape of chess engines and the evolving landscape of intelligent decision-making algorithms.

Stockfish

Stockfish [21] has consistently been one of the most dominant chess engines, and is currently the best engine
in the world. Stockfish is a venerable and formidable chess engine, traces its lineage back to the early
days of computer chess. It employs traditional search methods and evaluation equations, relying on its
ability to explore vast numbers of positions and analyze chess games to a considerable depth. Stockfish has
established itself as one of the strongest chess engines globally, often rivaling and surpassing the capabilities
of grand masters. Its utilization of brute-force search, combined with an evaluation function, enables it to
navigate complex chess scenarios with exceptional precision. It is currently the strongest chess engine in
the world.

Stockfish relies on a traditional approach to chess problem-solving. Its methodology is rooted in being
able to quickly search because it can evaluate positions so quickly. The evaluation function employed by
Stockfish encompasses a wide array of chess principles, including material imbalances, pawn structures,
piece mobility, and strategic motifs. This equation, crafted through years of human chess expertise, allows
Stockfish to assess positions and make informed decisions based on a comprehensive understanding of
the game. Since it’s a single equation, it’s able to provide a consistent value almost immediately. When
faced with a chess position, Stockfish systematically explores a vast number of potential moves, creating
a decision tree that extends to considerable depths. This exhaustive search enables Stockfish to analyze
positions with remarkable precision.

In the context of our analysis on chess puzzles, Stockfish’s methodical search algorithm and well-
established evaluation function will be scrutinized. The engine’s performance on puzzles with counter-
intuitive moves will shed light on the efficiency of traditional chess engine approaches in tackling complex
chess challenges [21].

Leela Chess Zero

On the other hand, Leela Chess Zero [12], often referred to as Leela or lc0, represents the new wave of
artificial intelligence in chess. Moving forward in this paper, ”lc0” will refer to Leela Chess Zero. lc0 is an
open-source project based on Google’s AlphaZero, which came into the chess scene in 2017 and dominated
Stockfish in a 100-game matchup. lc0 uses neural networks and machine learning techniques to develop
a more intuitive and human-like understanding of the game. Rather than relying solely on traditional
search algorithms, lc0 emphasizes selective searching and deep evaluation, taking inspiration from the way
humans approach chess. Its ability to learn and adapt from its own experiences, coupled with its selective
searching, has propelled it to new heights in the world of computer chess, often outperforming traditional
engines in specific domains. Because of it’s emphasis on deep evaluations of a position, it is unable to
search nearly as many positions as Stockfish.

Leela Chess Zero represents a departure from traditional chess engine equations, embracing neural
networks and machine learning techniques for decision-making. lc0 learns from self-play, continuously
refining its understanding of chess dynamics. Unlike rule-based evaluation functions, lc0’s evaluation is
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driven by deep neural networks, allowing it to capture complex patterns and relationships within chess
positions. This comes at the expensive of it’s search function.

In our analysis of chess puzzles, lc0’s emphasis on neural networks and self-learning will be a focal
point. We aim to explore how lc0 navigates puzzles with counter intuitive moves, leveraging its adaptive
evaluation to provide a distinctive perspective on chess problem-solving. The comparison between Stock-
fish and lc0 in puzzle scenarios will contribute valuable insights into the diverse approaches employed by
chess engines in addressing complex challenges. [12]

The study of Stockfish and lc0 on chess puzzles will provide us with a unique opportunity to dissect the
distinctive approaches they employ when faced with different chess scenarios. By comparing their strate-
gies and methodologies, we can explore how each engine navigates and resolves complex problems and,
crucially, how they contend with counterintuitive moves within the puzzle framework. This examination
will offer a comprehensive understanding of the strengths and limitations of these engines, shedding light
on the ongoing evolution of intelligent decision-making algorithms.

1.1 History

Chess engines and theory have been studied extensively. In 1950, Claude Shannon produced two strategies
to implement a chess engine: The first being a brute-force search of all possible positions, and the second be-
ing an implementation of weighting favorable moves to simulate the way humans play chess [18]. Modern
chess engines still use these techniques.

In 1953, Alan Turing designed a chess-playing program which at the time was impossible to create
due to lack of processing power and memory [13]. His innovative program was still a pioneer for early
exploration of artificial intelligence, chess programming, and game theory. In his chapter, he discussed the
idea of using digital computers to simulate human thought processes and implementing chess theory into
a computer. He introduces the idea of board evaluation in a digital computer.

In 1957, Alex Bernstein was the primary author for the Bernstein Chess Program, affiliated with IBM.
This was the first ever complete chess program [2]. Although it was able to be beaten by novice players,
this was a massive step in the development of chess engines.

Chess engines continued to improve in the 1960’s through 1980’s while new techniques were being tried
and implemented [4]. In 1975, Donald Knuth produced a detailed analysis of alpha-beta pruning, which is
a noteworthy search algorithm still used today [7]. Alpha-beta pruning significantly decreases the number
of nodes which require evaluation by halting the evaluation of a branch when one possibility proves to be
worse than previous ones evaluated. Other search algorithm enhancements such as iterative deepening
and move ordering were also discovered and researched during these decades [22].

It was not until 1997, however, for the chess engine known as Deep Blue to defeat then world chess
champion Garry Kasparov in a 6-game match, making history [1]. This did not end the research and devel-
opment of chess engines.

Figure 2: As one of the most landmark moments in Chess and AI history, it made front page headlines [1]
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1.2 Modern Related Work

Many studies explore the tuning of a chess evaluation function using new algorithms and values. In one
such study published in 2012, they performed an exploration search through an evolutionary algorithm,
and then a tuning algorithm to adjust value weights. This tuning method was able to successfully increase
the elo-rating of their chess engine by a substantial 200 points [22].

In 2017, DeepMind (bought by Google) developed a self-playing chess algorithm called AlphaZero,
which relied entirely on self-play. After playing itself for only 24 hours, AlphaZero was able to beat the
most powerful engine in the world, Stockfish [9]. Interestingly, AlphaZero, plays chess eerily similarly to
humans although only learning by itself. Since it was given no theoretical input, AlphaZero developed
it’s own piece-values and concept values, which are very similar to the values produced by chess theory.
This was the first chess engine to introduce neural networks and self-learning concepts, which have since
become the norm.

Chess AI’s using different machine learning methods can be studied to explore their respective advan-
tages. A 2022 study uses Stockfish and lc0 and examines how they perform at an endgame puzzle with ex-
tremely counter-intuitive moves needed to complete it [8]. They found that Stockfish greatly outperformed
lc0. This is because Stockfish efficiently searched 1.9 billion positions, whereas lc0 emphasizes evaluation
and employs very selective searching.
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2 Background

2.1 Search Algorithms

Within the realm of chess engines, search algorithms play a fundamental role in uncovering the optimal
moves in a given position [5]. These algorithms determine how engines traverse the vast tree of possible
moves and positions, culminating in a decision that identifies the best course of action. Search algorithms
enable engines to evaluate positions, calculate potential outcomes, and ultimately select the move that offers
the greatest advantage.

One of the most notable search algorithms in the domain of chess engines is alpha-beta pruning, a
technique introduced by Donald Knuth in 1975 [7]. This algorithm significantly reduces the number of
nodes that require evaluation by ceasing the evaluation of a branch when one possibility proves to be worse
than previously evaluated ones. By systematically pruning away less promising branches of the decision
tree, alpha-beta pruning efficiently narrows down the search space, ultimately leading to faster and more
effective decision-making [20].

In addition to alpha-beta pruning, chess engines have developed various search algorithm enhance-
ments over the years [5]. Techniques such as iterative deepening and move ordering have been imple-
mented to further refine the search process. Iterative deepening involves conducting multiple search itera-
tions with increasing depth, allowing engines to explore promising branches more deeply while conserving
computational resources. Move ordering aims to prioritize the evaluation of moves with a higher likelihood
of leading to a successful outcome, thus accelerating the search process [9].

The complex interplay between these search algorithms and evaluation functions lies at the heart of
chess engines’ strategic decision-making. As we delve deeper into our analysis of Stockfish and lc0 on chess
puzzles, we will consider how these engines leverage search algorithms to approach complex problems,
offering insights into the evolving landscape of intelligent decision-making algorithms within the realm of
chess and beyond.

2.2 Board Evaluation

One of the key pillars of chess engines’ decision-making processes is board evaluation. The evaluation
function in a chess engine is responsible for assigning a numerical value to a given board position, reflecting
the engine’s assessment of its desirability [17]. This function considers a myriad of factors, ranging from
the material balance on the board to the positioning of the pieces, king safety, pawn structure, and various
positional motifs.

The evaluation function acts as the engine’s ”judgment” of the current position, providing a quantitative
measure of who stands better or worse. A positive evaluation typically favors one side (e.g., White), while
a negative evaluation indicates an advantage for the opposing side (e.g., Black). This numerical evaluation
guides the engine in determining its course of action in the game.

In the context of chess engines, board evaluation is a multifaceted endeavor that combines a deep un-
derstanding of chess strategy and tactics with computational efficiency. Engine developers craft intricate
evaluation functions that capture the essence of chess principles, taking into account both material imbal-
ances and positional subtleties.

Typically, chess engines utilize a multitude of evaluation terms to assess a position. These terms assign
values to different aspects of the game. For example, capturing an opponent’s queen might be assigned
a substantial positive value, while losing one’s pawn structure could yield a negative evaluation. Other
factors such as piece mobility, king safety, and pawn structure intricacies are all considered within the
evaluation process [17]. Understanding the dynamics of board evaluation is crucial for comprehending
how chess engines like Stockfish and lc0 approach chess puzzles. These engines rely on their evaluation
functions to provide the quantitative foundation for assessing puzzle positions.

Stockfish and lc0 employ distinct approaches to board evaluation. Stockfish relies on a traditional eval-
uation function that encompasses a vast array of chess knowledge, including material imbalances, pawn
structures, piece mobility, and positional motifs. This approach enables Stockfish to assess positions with
exceptional precision, emphasizing a comprehensive understanding of the game’s dynamics. This equa-
tion is hand-written using human-based chess theory. In contrast, lc0 leverages neural networks and ma-
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Figure 3: Stockfish determines the black pieces have an advantage worth 7.25 pawns

chine learning techniques to develop its evaluation function. By learning from self-play, lc0 constructs a
dynamic and evolving assessment of board positions, striving to mimic human-like intuition. These diver-
gent strategies exemplify the varying philosophies in chess engine development, with Stockfish prioritizing
established chess knowledge and lc0 embracing a more adaptive, learning-based approach. The compari-
son of these methodologies in our analysis sheds light on the evolving landscape of chess engines and their
distinctive pathways to board evaluation.

As we delve into our analysis of chess engines on chess puzzles, we will closely examine how these
evaluation functions contribute to the engines’ decision-making processes.

2.3 Forsyth-Edwards Notation (FEN)

Forsyth-Edwards Notation is a chess notation used to represent a chess position as a single string. The
notation system was co-created by Scottish chess players David Forsyth and Steven Edwards, evolving over
time to become a universal tool for all chess players, engines, and in literature [6]. Initially designed for
transmission efficiency during telegraph games, FEN has become the common notation used to represent
chess positions at all times.

The utility of FEN is in its ability to convey the complexity of any given chess position into a human-
readable, and more importantly, machine-readable single string. The notation consists of a single string of
characters, which captures the entire state of a chess board. This includes every piece placement, castling
availability, en passant targets, and move counts. This representation facilitates the sharing and recording
of games, making it an invaluable asset for chess literature, databases, and software.

Consider figure 4, the initial position of a standard chess game. In FEN, this is represented as ”rn-
bqkbnr/pppppppp/8/8/8/8/PPPPPPPP/RNBQKBNR w KQkq - 0 1”. Lets break down this string. Each
forward slash represents a new row, starting with the top row at the leftmost, and the bottom row at the
rightmost. Then, r, n, b, q, k, and p represent rooks, knights, bishops, queen(s), kings, and pawns respec-
tively. The capital letters indicate the white pieces. The end of the string indicates whos turn it is, castling
and en passant possiblities, and the move count. FEN is an indispensable tool for chess enthusiasts, and
extremely helpful in chess software.
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Figure 4: The starting position of a chess game

3 Methods and Preparation

3.1 Puzzles

The creation and discovery of chess puzzles that challenge even the most powerful chess engines represent
a captivating pursuit within the realm of computer chess. These puzzles often involve counterintuitive
moves or intricate scenarios that push the boundaries of traditional chess evaluation and search algorithms
[8]. A chess puzzle is a chess position which is crafted, or discovered, such that there exists a specific set of
moves which are determined to be the best. This could be through a forced checkmate, gaining a material
advantage via winning a piece, or even gaining a strategic advantage.

Two chess puzzles which we are looking at are in positions which lead to a forced checkmate for the
white pieces. Both puzzles involve different types of counter-intuitive moves. In chess, a counter-intuitive
move is a move which does not seem beneficial on initial examination for humans and computers alike.

In the puzzle we will look at, several types of counter-intuitive moves come up. One rule of chess is that
when a pawn reaches the opposite end of the board, it must become a different piece other than another
king. As the strongest piece, it is almost always significant to promote the pawn to a queen. There are
certain positions, though, where it is advantageous or even necessary for a player to promote to a piece
other than a queen. This type of counter-intuitive move is called an under-promotion.

Another type of counter-intuitive move is called a ”sacrifice”. Sacrifices involve deliberately giving up
a valuable piece, like a queen or rook, to gain a strategic advantage or launch a powerful attack. It’s the
chess version of making a calculated trade-off for a bigger goal. We see examples of this in both puzzles.

Lastly, a ”waiting move” is often extremely difficult for humans to see because they defy the instinct to
always be on the offensive. Instead, they involve making a subtle, seemingly passive move to see how the
opponent reacts before launching a decisive attack. Sometimes, such as in these puzzles, a waiting move is
necessary because the only move the opponent can make will weaken their position. These add layers of
complexity to the game, requiring players—and even chess engines—to look beyond immediate gains and
anticipate the nuanced interplay of pieces on the board.

In the first puzzle, shown in Figure 4, there is a forced checkmate in 9 moves for the white player. The
solution to this puzzle is:

1. Nc5 b2 (White knight to c5, black responds with pawn to b2)

2. Nb3+ Kb1 (White knight to b3 with check, black king to b1)

3. Nd5 a1 = N (White knight to d5, black promotes the a pawn to a knight)
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Figure 5: White has forced checkmate in 9 moves, starting with Nc5

4. Nxd4 Kc1 (White knight captures on d4, black king to c1)

5. Rc2+ Kxc2 (White rook to c2 with check, king captures on c2)

6. Nb3+ Kd1 (White knight to b3 with check, black king to d1)

7. Kf1 b1=N (White king to f1, black promotes the b pawn to a knight)

8. Kf2 Nd2 (White king to f2, black knight to d2)

9. Nc6# (White knight to c6, checkmate)

A visual representation of the solution to puzzle 1 can be found in the Appendix A. Although only 9 moves,
this puzzle requires the white player to anticipate an under promotion, sacrifice a rook, and play a waiting
move to force a checkmate onto the black player.

Figure 6: White has forced checkmate in 13 moves, starting with Qc8

In the second puzzle, shown in Figure 5, there is forced checkmate in 13 moves for the white player. The
solution to this puzzle is:

1. Qc3 kg8 (White queen to g3, black king to g8)

2. Bc7 Qxc3 (White bishop to c7, black queen captures white queen on c3)

3. Gxf7+ kh8 (White g pawn takes on f7 with check, black king to h8)

4. Be5 Qc5 (White bishop to e5, black queen to c5)

5. Bb2 Nc7 (White bishop to b2, black knight to c7)
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6. Ba1 a4 (White bishop to a1, black pawn to a4)

7. Bb2 a3 (White bishop to b2, black pawn to a3)

8. Ba1 a2 (White bishop to a1, black pawn to a2)

9. Bb2 a1=Q (White bishop to b2, black a pawn promotes to queen)

10. Bxa1 Nd5+ (White bishop captures on a1, black knight to d5 with check)

11. Ke6+ Nc3 (White king moves to e6 with a check, black knight to c3)

12. Bxc3+ Qxc3 (White bishop captures on c3 with check, black queen captures on c3)

13. f8=Q# (White f pawn promotes to a queen with checkmate)

A visual representation of the solution to puzzle 2 can be found in the Appendix B. This puzzle requires
a queen sacrifice, followed by several waiting moves from the white player, before delivering checkmate.
This means that in order for an engine to find this complete line, it would need to analyze the position
after the queen sacrifice for 12 more moves. This is abnormal because typically engines will not consider a
position so deeply when the move looks so poor.

3.2 Python Implementation

In addition to the deep analysis of both Stockfish and lc0 on these puzzles, we can further our under-
standing of our both engines analyze positions by giving them random chess positions. This will help us
understand the extent to which both engines differ in their evaluation of boards.

In this project, several Python libraries were utilized to facilitate various tasks. Each library played a
crucial role in the generation of random positions, as well as running both engines. Here is a brief overview
of the libraries employed:

• chess: The chess library provided essential functionality for working with chess-related data struc-
tures and operations. It facilitated the representation of chess positions and moves, and helped check
whether positions were valid when they were created [15].

• random: The random library was employed to introduce variability in the generation of random chess
positions. It ensured the diversity and randomness of the positions which were generated, therefore
contributing to a more comprehensive evaluation [16].

• asyncio: Asyncio is a library for asynchronous programming in Python. It was used to run the anal-
ysis asynchronously for both Stockfish and lc0, which was necessary for the two to run equally [14].

• pandas: Pandas is one of the most popular data manipulation and analysis library. It was used to
organize and manage the data collected during the analysis, and outputting the results to csv files
[pandas].

• matplotlib: Matplotlib is a comprehensive plotting library. It played a key role in visualizing the
results and generating informative plots to aid the interpretation of data.

These libraries collectively played a vital role in the successful execution and analysis of the chess en-
gine experiments. They were used to assist the python scripts written. Here is a quick description of the
directory:

• run engines.py: This file uses the chess library. It has two functions, run stockfish(position, clock)
and run lc0(position, clock). Both functions take a valid FEN position, and a double clock value repre-
senting the number of seconds permitting either engine to run. Both return a string value of the best
move which the respective engine suggests in the given position.
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• random FEN positions.py: This script uses the libraries chess, and random. It has an entry function
called start(), which then places a legal number of pieces per side randomly on a board, and returns a
string that is the FEN value of that board. Note, just because there is a legal number of pieces on the
board, does not mean the board is in a legal chess position. For example, a pawn could be placed on
the first or last rank, which is not possible following the rules of chess.

• compare engines.py: This is the entry python file, and uses libraries pandas, chess, asyncio and
imports the two files mentioned. This file uses variables (int) num of trials and (double) time to
run num of trials number of random positions, and analyze each position for time amount of time.
It ensures a position is valid before having either engine analyze it, and records the percentage of
positions which are valid. Then, using this information, generates a pandas dataframe, recording
each FEN position, and the move recommended by each engine, and exports it to a csv file saved
using the variable names.

• read csv.py: This last file uses pandas and matplotlib to read several csv files and generate a bar graph
of the results, and the percentage of different moves recommended by each engine.

For the purposes of this paper, the tests ran were:

1. 50 trials, 60.0 seconds

2. 100 trials, 15.0 seconds

3. 100 trials, 30.0 seconds

4. 100 trials, 45.0 seconds

5. 500 trials, 7.5 seconds

6. 1000 trials, 5.0 seconds
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4 Results

4.1 Puzzle Results

Table 1: Stockfish Performances
Puzzle Depth Score Time Nodes Move

Puzzle 1 101/38 M+19 5:00 504M 1. Nc5
Puzzle 2 61/29 +0.00 5:00 145M 1. Qa6+

Table 2: Leela Chess Zero Performances
Puzzle Depth Score Time Nodes Move

Puzzle 1 17/36 +0.12 5:00 486K 1. Nc5
Puzzle 2 15/30 +0.07 5:00 711K 1. Qa6+

These tables show Stockfish and lc0’s performance on each puzzle. The depth column represents the
depth of the search, or how many moves deep each engine searched at least partially. The score column
indicates the value which either engine assigns the position. Stockfishs’ M+19 score means Stockfish found
a guaranteed checkmate in 19 moves for the white pieces. The rest of the scores 0.00 mean the engines
valued all the other positions as almost exactly equal. The time allotted for each of these engines to analyze
these positions was 5:00 minutes. The nodes column shows the number of nodes which each engine analyze
in each position. Lastly, the move column is the chess notation for which move the engine recommends be
played in the given position.

4.2 Random positions results

Figure 7: Pandas Dataframe Generated

This is the printed output from running one instance of the run engines.py script, printing the pandas
dataframe, and the percentage of chess board positions were legal board setups. The dataframe is structured
such that the first column is the legal FEN position randomly generated, then Stockfish’s recommended
move, then lc0’s recommended move. All this data was saved to a automatically stored to a csv file, tracking
the number of trials and the time allowed as well as the results.
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Figure 8: Percent of Different Moves

4.3 Discussion

Both Stockfish and lc0 grappled with the intricate challenges presented by these puzzles within a con-
strained five-minute timeframe. The struggle by these engines shows the inherent complexity of these puz-
zles, proving to be a formidable test even for sophisticated chess engines, and also can provide some insight
into blind spots in these engines, since these puzzles can be solved in ”only” 9, and 13 moves respectively.

Notably, it’s remarkable that Stockfish, analyzed nearly 1000 times more nodes than lc0 during the
allotted 5-minute span. This stark contrast aligns with Stockfish’s strength, rooted in its unparalleled ability
to navigate and search through an extensive array of positions. Its prowess lies in the sheer quantity of
positions it can explore within a limited timeframe.

In puzzle 1, while neither engine could unearth the full solution within the initial five minutes, they
demonstrated a capacity to grasp the essence of the puzzles. Interestingly, both Stockfish and lc0 success-
fully identified the opening move, but neither could find the rest of the solution after that. Once provided
with the first two moves, both engines were able to find the rest of the solution to the puzzle.

These findings go beyond the mere evaluation of whether the engines successfully unraveled the com-
plete puzzle within the imposed time constraint. In Puzzle 1, Stockfish managed to discover a forced
checkmate in 19 moves, after searching through a staggering 504 million nodes. lc0 failed to do so, and still
evaluated the board as even.

The implications of Stockfish achieving a superior evaluation in Puzzle 1 compared to lc0 are multi-
faceted. Despite both engines failing to identify the 9-move checkmate pattern within the time limit, Stock-
fish’s ability to find a checkmate in 19 moves speaks to the diverse nature of chess analysis. This finding
suggests that Stockfish, with its traditional approach rooted in brute-force search and well-established eval-
uation functions, possesses a unique strategic insight. This outcome underscores the intricate balance be-
tween computational efficiency and strategic understanding in chess engines. While lc0, with its emphasis
on neural networks and adaptive learning, may excel in certain domains, Puzzle 1 reveals that Stockfish’s
methodical and exhaustive exploration of positions can lead to a more accurate evaluation.

In Puzzle 2, a different challenge emerged. Both Stockfish and lc0 initially struggled to identify the
optimal opening move, perceiving the position as equal for both black and white. The initial assessment
suggested a potential draw after the move Qa6+. It was not until after being given the first two moves that
both engines were able to find the complete line. These nuanced findings underscore the intricate nature of
chess analysis, where engines navigate a vast and complex search space with the efficiency dictated by time
constraints. Our results contribute significantly to the ongoing exploration of chess engines’ strengths and
limitations when confronted with the complexities of intricate and counterintuitive puzzles. The interplay
of strategic insight, adaptability, and computational efficiency showcased by Stockfish and lc0 in these
scenarios opens the door to further understanding the dynamics of chess engine decision-making.

In addition to analyzing the puzzles in depth, we tested the consistency of both lc0 and Stockfish’s
results on these puzzles, and found that after being ran 100 times with 5 minute time limits, not only did
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neither engine find the full solutions to either puzzle, but neither engine offered different moves than the
ones in their original finding. The variation of their board score’s was also minimal.

In the investigation of randomly generated chess positions, a notable revelation emerged as only 38%
of the positions constructed were deemed valid. This output can be seen as printed to the console in Figure
7. This highlights the intricacies involved in crafting legally playable chess scenarios, underlining the com-
plexity of generating positions that adhere to the game’s rules. This is including restrictions on the number
of pieces each color is allowed on the board- that is, no more than one king for each, eight pawns, nine
queens, or ten of the other minor pieces (considering those positions are technically achievable).

Surprisingly, the time constraints imposed on Stockfish and lc0 did not substantially influence the fre-
quency of varied moves between the two engines on valid chess board positions, as seen by the matplotlib
bar graph generated and seen in Figure 8. Regardless of the time limit, Stockfish and lc0 consistently of-
fered different moves in a substantial portion of cases, ranging from 30% to 35%. This result is remarkably
higher than expected. Many instances of disparate moves occurred in positions characterized by highly im-
balanced material, intricate complexities, or endgame scenarios where a checkmate was guaranteed. The
engines’ diverse approaches to these challenging situations suggest a nuanced decision-making process
influenced by the specific characteristics of each position.

These findings raise intriguing questions about the adaptability and decision-making processes of both
Stockfish and lc0 in the face of diverse and intricate chess scenarios. This also emphasizes the complexity
of any chess position, consider that two of the strongest chess engines in the world still provide differ-
ent moves in such a high percentage of positions. The higher-than-expected frequency of varied moves
prompts further exploration into the factors influencing the engines’ evaluations.
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5 Conclusion

The examination of Stockfish and Leela Chess Zero’s performance on complex chess puzzles helps us draw
conclusions to the complicated nature of their decision-making processes. The contrast between Stockfish’s
exhaustive search and lc0’s adaptive learning approach reveals the diverse strategies employed by these en-
gines. Puzzle-specific nuances, such as the underpromotion in Puzzle 1 and the waiting moves in Puzzle 2,
showcase the engines’ ability to navigate counterintuitive scenarios. The significant difference in the num-
ber of nodes explored by Stockfish and lc0 emphasizes their distinct methodologies and raises questions
about the trade-offs between computational efficiency and strategic insight.

Notably, Puzzle 1’s checkmate in 19 moves, successfully identified by Stockfish, highlights the engine’s
unique strategic insight even within the constraints of a time-limited puzzle. The divergent approaches of
Stockfish and lc0 in Puzzle 2, where both struggled with the initial move, underscore the challenges posed
by nuanced positions. These findings contribute to our understanding of chess engines’ decision-making,
emphasizing the balance between computational efficiency and strategic understanding, and highlighting
some blind spots which both types of Artificial Intelligence contain in complex puzzles.

Moving forward, further research could expand the scope of puzzle analysis, exploring new challenges
or generating a broader set of positions. The potential to delve into the dynamic branches that engines
focus on during puzzle-solving offers a promising avenue for understanding their adaptive strategies.

In addition, there are always more puzzles which can be analyzed, which already exist or are yet to be
created. Expanding the scope of puzzle examination can provide a more comprehensive understanding of
how engines perform across various puzzle types. Inspecting in depth how these engines perform in new
puzzles can further support claims being made across the puzzles which have been studied so far. This
continued research would be conducted in a similar fashion to the research done in this paper. A limitation
in this aspect of future research could be a failure to find existing puzzles which the engines compute
differently. Another limitation may be failure to find significant results.

Chess puzzles continue to serve as a valuable arena for unraveling the complexities of artificial intelli-
gence and decision-making algorithms, with exciting implications extending beyond the realm of chess.
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