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Explanation of symbols
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FOREWORD BY GARRY KASPAROV

AlphaZero and the Knowledge Revolution

The ancient board game of chess has played a significant role in the history of artificial intelligence, if mostly as a chimera. Founding fathers of computation like Alan Turing and Claude Shannon understood that a simple algorithm could play a competent game, famously demonstrated by Turing and David Champernowne’s ‘paper machine’ program in 1948.

Because early computers were so slow, they also imagined that to ever challenge human chess masters a machine would have to approach chess like a human, using selective, knowledge-based algorithms. The brute force examination of every possible move – well into the millions of possibilities after just a few moves – was obviously too slow.

Of course, these luminaries had no way of knowing that computer processing speed would soon begin to increase geometrically with the advent of integrated circuits. Gordon Moore would not postulate his eponymous Law until 1965, twelve years after Turing’s tragic and tragically premature death.

Much as there can be great beauty within the tight constraints of a sonnet or haiku, the limitations of early computers forced programmers to be creative and experimental. They were addressing AI questions that were far larger than the humble game they were attempting to conquer. Can a program learn from its mistakes instead of repeating the same errors every time? Can a form of intuition be instilled into a machine? Is output what matters when determining intelligence, or method? If the human brain is just a very fast computer, what happens when computers become faster than the brain?

As an aside, chess’s role as a symbol in spreading the computational theory of mind (CTM) is an interesting subject. By 1997, the computer-savvy general public wasn’t amazed that Deep Blue could play world champion-level chess. They were amazed that a human could possibly compete with a machine in a pursuit believed by most to be an exercise in calculation. I was credited with super-human, ‘computerlike’ abilities when, in fact, human mastery in chess is believed to be based more on pattern recognition and spatial visualization than on calculation or other computer strengths.

Unfortunately, it turned out that the answers to all these profound questions weren’t required to create a machine that would defeat the world chess champion. As early as the late 1970s, the top programs were all built on the same model: Shannon’s ‘Type A’ machine that used brute-force search, the minimax algorithm, and all the speed the day’s CPUs could provide.

The programming community was happy with the rapid progress in strength, but disillusioned by the straightforwardness with which it was obtained. It was as if the goal to build a robot mountain-climber to scale Mount Everest was achieved by a giant tank plowing a straight line to the top. Once Ken Thompson’s hardware-based machine Belle reached master level in 1983, the writing was on the wall – even if many of us would stay in denial for another decade.

This isn’t to denigrate the achievement of the Deep Blue team or the generations of brilliant chess programmers and inventors that came before them – only to put it into perspective with the benefit of hindsight. It’s an important lesson that our original visions are often far off the mark when faced with the pragmatic results machines produce. Our intelligent machines don’t have to imitate us to surpass our performance. They don’t have to be perfect to be useful, only better than a human at a particular task, whether it’s playing chess or interpreting cancer scans.

With the human versus machine era closing, in 1998 I created Advanced Chess to investigate the potential of human plus machine. Once again, chess proved to be a handy laboratory for experiments that had much wider applications. The revelation was that a superior coordination process between them was more important than the strength of the human or the machine. This formula obviously has an expiration date in a small, closed system like chess, where machines grind ever onward toward perfection, but an emphasis on improving interfaces and collaborative processes has become conventional wisdom in open, real-world areas like security analysis, investing, and business software.

By 2017, the ratings of the top chess programs were to Magnus Carlsen what Carlsen is to a strong club player. They use giant opening books, terabytes of endgame tablebases, and multi-core CPUs that make your iPhone faster than Deep Blue. It was hard to imagine that my beloved chess had any more to offer in its old role as a cognition laboratory, and AI game programmers had moved on to video games and Go, a more mathematically difficult game for machines to crack.

In fact, it was a Go program that led to chess’s return to the AI spotlight. DeepMind’s AlphaGo moved beyond pure brute force to compete, and beat, the world’s top Go players. Then the bigger surprise, a generic version called AlphaGo Zero, easily surpassed its great predecessor by eschewing embedded human knowledge and teaching itself to play better by playing against itself.

After seeing this important result, I of course had to ask DeepMind’s Demis Hassabis when he was going to turn his machine’s sights on our favorite game. Humans and machines are relatively very bad at Go due to its complexity. Was there much room for improvement in chess? After decades of stuffing as much human chess knowledge as possible into code, would a self-taught algorithm be able to compete with the top traditional programs?

As we now know, and as this book describes in detail, the answer was a resounding ‘Yes.’ AlphaZero dominated the world’s strongest traditional program Stockfish 8 in two matches, despite calculating far fewer positions.

AlphaZero’s strength is impressive, but its method is far more important. AlphaZero isn’t just applying human knowledge and plowing through billions of positions to generate moves – it’s creating its own knowledge first. And, based on its results and my observations, the knowledge it generates for itself is unique and superior. We aren’t just getting faster results the way we do from a calculator. Instead of a postcard from a far-off land, it’s a telescope that has the potential to let us see for ourselves.

And while chess style is hardly of great interest to the AI crowd, I was quite happy to see AlphaZero’s dynamic, sacrificial style. Not only because it mirrored my own, but because it could play like this, and win, against a fearsomely accurate elite program. Instead of grinding chess into dust with tedious and incomprehensible maneuvering, AlphaZero prefers piece activity and attacking chances.

Of course, a self-taught machine has no use for human heuristics like those, although we cannot help but use them ourselves when referring to its play. It doesn’t think in terms of sacrifices or anything else. It is simply playing what works best, just like every other program. The difference is the journey it takes to arrive and the objective superiority of its output. Instead of the prejudices of centuries of human chess knowledge, AlphaZero distills what matters most in a matter of hours.

One of the great Capablanca’s nicknames was ‘the Chess Machine’, reflecting his invincible consistency. Perhaps in the AlphaZero future, someone who plays ‘like a chess machine’ will be thought of as more of an Alekhine, with dazzling sacrifices and a fondness for unbalanced positions!

The impact of such a system in other areas is difficult to overestimate – again with the caveat that chess is a closed system where all information is known, and no new information can be introduced. Still, virtualization of data is a tremendous shortcut. AlphaZero doesn’t need to laboriously analyze millions of human games when it can play more games against itself in a few hours than have ever been recorded in human history.

One implication is for the decline of the preeminence of collecting human-generated data and expertise, especially in closed systems and elements of open systems that can be effectively broken into closed ones. For example, Google’s self-driving cars have recorded millions of miles on the road but billions of miles virtually. Tesla is hiring digital artists and video-game designers to improve their simulated driving environments in which they train their autopilot. And while it’s not a perfect substitute for the real thing, simulations will only get better and their speed will only increase.

As machines become smarter, we will have to overcome our paranoia and prejudices. This is the next phase of human-machine cooperation, to accept that machine knowledge and judgment can be superior to our own. Instead of just using machines as tools – the ‘centaur’ model – the machines become the experts and humans will oversee them – I call it a ‘shepherd’ model.

Machine learning systems like AlphaZero aren’t perfect, and this is perhaps the most difficult prejudice to overcome, our demand that our machines be completely free of error instead of merely superior. For example, studies show that people prefer a human doctor’s diagnosis to a computer’s even if they are told that the machine is more accurate.

This isn’t entirely irrational, as there will be rare cases where AI systems fail to detect exceptions to their rules, while humans can think creatively and adaptively. And we must not underestimate the power of empathy and the importance of human-to-human relationships in every aspect of building a better society. Technology is a means to an end, not an end. Humans are also prone to dogmatic blind spots and a lack of objectivity, so we should take care not to pass our biases on to our digital creations. There is little point in creating an artificial intelligence that only makes our same mistakes faster.

Chess has been shaken to its roots by AlphaZero, but this is only a tiny example of what is to come. Hidebound disciplines like education and medicine will also be shaken, if slowly, by the improved results promised by AI analysis, if we allow them to. Even if AlphaZero once again looks like the end of the road for chess as a machine cognition research subject, I’m very excited to see where it goes from here.

Garry Kasparov, New York, December 2018





Introduction by Demis Hassabis

Far from being just a game, chess has always been a part of me.

I started playing when I was four, and as I rose up the England junior ranks my dream was to become a world champion. Playing the game seriously at such a young age was an extremely formative experience. It taught me how to solve problems, how to make plans and devise strategies, how to deal with the intense pressure of competition, and how to imagine and visualise possible futures. In essence, chess taught me how to think. But as I strove to improve as a chess player, I started to deeply introspect and wonder about the nature of thinking itself. How was my brain coming up with these moves, and what was behind this phenomenon we call intelligence?

These questions led to my lifelong obsession with the workings of the mind and a fascination with philosophy and neuroscience, but one particular moment would end up having a big impact on the direction I would take for the rest of my life. I was 11 years old and in the middle of a gruelling eight-hour match with a veteran Danish master at a big international tournament in Liechtenstein. We had reached a highly unusual endgame, which I had never seen before – I only had my queen, and my far more experienced opponent had a rook, bishop and knight. He was ahead in material but if I could just keep his king in check with my queen, I could force a draw. Hours rolled by as he pushed his pieces around trying to outmaneuver me, and the vast playing hall slowly emptied as everyone else finished their games. Then suddenly, after dozens of moves of not making any progress, he finally somehow managed to trap my king, with checkmate seemingly forced on his next move. Exhausted and shocked, I resigned.

Immediately he stood up, perplexed. He laughed as he dramatically gestured that I could have secured a draw if only I had sacrificed my queen, to achieve a stalemate. At the last moment he had just tried a final cheap trick, and it had worked! I felt sick to the pit of my stomach. The next day I reflected over what had happened, and as I looked out over the packed hall filled with brilliant minds, I vividly remember wondering, what if all this incredible collective mental effort being expended could instead somehow be channelled into something beyond games, perhaps an important area of science or medicine, what might it be possible to achieve?

That epiphany marked the beginning of the end of my professional chess career, but also sowed the initial seeds for what would eventually become DeepMind, the artificial intelligence (AI) research company I co-founded in 2010. And while I didn’t become a world champion or even a professional player in the end, the transferable skills I honed through chess have continued to influence and inform all aspects of my life, and that is why I’m always very encouraging of children being taught chess as part of the school curriculum.

In fact, a chess connection was even partly responsible for attracting our first major investor. Back in 2009 AI was not the hot topic that it is today and we were trying to get a meeting with a well-known Silicon Valley venture capitalist to pitch DeepMind. After many requests, we eventually managed to snag an invite to speak at an AI conference where we would have a chance to briefly meet him. Unfortunately, so would hundreds of others who also wanted to pitch their business idea. I knew we would have to do something unique to stand out from the crowd but wasn’t sure what. During my background research, I had read that he was a strong chess player, so when our turn finally came around to briefly speak to him I decided to forgo the details of the company we wanted to create and instead discuss chess. I told him that – in my opinion – it was the exquisite balance of the bishop and knight across the set of all positions, despite their vastly different mobility, that creates the dynamic tension in the game. It was a risky strategy but, suitably intrigued and his interest piqued, we got our full pitch meeting the next day and off the back of that he invested in the company!

Our ambition at DeepMind is to build intelligent systems that can learn to solve any complex task by themselves, and then use this technology to help find solutions to some of society’s biggest challenges and unanswered questions. Put another way, we want to solve intelligence and then use it to solve everything else. And on the path towards that ultimate goal we, perhaps surprisingly, use games.

Games are designed to be challenging for humans to master and usually represent some interesting aspect of the real world. We think they are the perfect platform to develop and test ideas for AI algorithms. It’s very efficient to use games for AI development, as you can run thousands of experiments in parallel on computers in the cloud and often faster than real-time, and generate as much training data as your systems need to learn from. Conveniently, games also normally have a clear objective or score, so it is easy to measure the progress of the algorithms to see if they are incrementally improving over time, and therefore if the research is going in the right direction.

Using this approach, we’ve already had many notable successes including DQN, a learning algorithm that achieved expert-level scores on a range of classic Atari games with just the raw pixels as inputs; as well as AlphaGo, the predecessor of AlphaZero that became the first computer program ever to beat a professional player at the ancient and complex game of Go, a feat considered by many to be a decade ahead of its time. The 2016 match that AlphaGo won against the legendary Go champion Lee Sedol in South Korea turned out to be a major landmark for AI, but it was the original way that AlphaGo played that completely astounded the experts.

Most famous of these novel ideas was Move 37 in Game 2, which will probably go down in Go history. It was a move so unthinkable, that some of the world’s top Go players who were live commentating thought there must have been some sort of mistake, and yet more than 100 moves later this stone turned out to be in the perfect strategic place to decide the outcome of the game. After the match Lee Sedol said, ‘When I saw this move… I [thought] surely AlphaGo is creative.’ This motif and many other ideas AlphaGo revealed have subsequently overturned centuries of received wisdom about the game, and many experts feel that it has ushered in a new era for Go.

Building on the success of AlphaGo, in 2017 we began working on our latest and most ambitious project yet, and the subject of this book, AlphaZero. At DeepMind we believe one of the keys to AI is the notion of generality, whereby a single system is able to perform well across a wide variety of tasks, much like the brain. AlphaZero was our attempt to generalise AlphaGo to play any two-player perfect information game. And of course the obvious thing to try it on first was chess!

The relationship between chess and AI is as old as computer science itself. The early giants of computing, and some of my all-time scientific heroes – Turing, Shannon, Von Neumann – all tried their hand at writing chess programs. From a personal perspective, it also felt like something of a homecoming, bringing me back full circle to the game that had first sparked my curiosity about intelligence. But I also had doubts.

Unlike with Go, of course IBM’s groundbreaking Deep Blue program had long proven chess could be mastered by computers. Subsequently its legion of successors, including Stockfish, Komodo and Houdini, have become extraordinarily strong. But all these programs rely on thousands of hardcoded rules and heuristics painstakingly handcrafted by human experts over years of work. By contrast, AlphaZero is nothing like these programs. It is entirely self-taught and learns to play chess completely from first principles. Given just the rules of the game, AlphaZero starts from totally random play, and gradually improves through a sophisticated version of a trial and error process, by playing several million games against itself and incrementally learning from its mistakes.

When we started the AlphaZero project it was far from clear that a program of this type could possibly hope to compete with the specialist handcrafted chess engines that had decades of cumulative effort spent on them from some of the best computer scientists and chess grandmasters in the world. In fact I remember discussing this very question with Murray Campbell, one of the original engineers of Deep Blue, at a conference in early 2016, before the Lee Sedol match and before we had started AlphaZero. Had modern chess engines already reached the absolute upper limit that chess could be played at – could they be beaten? Was there enough room in the game to find something more, some new dimension? Both of us were unsure of the answers, and in my experience, these kinds of scientific questions, where either outcome would be interesting, are the most worthwhile ones to pursue.

Incredibly, it turned out the answer to these questions was a resounding yes! And after just a few hours of training (albeit utilising a big cluster of computers) AlphaZero reaches the phenomenal strength you will see in the games in this book, to arguably become the strongest chess program in history. When I first saw some of AlphaZero’s games I was blown away by how it played, and I hope you will be too. From the outset, it was clear that AlphaZero played very differently to traditional chess engines, with fluid, human-like attacking play. For me, as somebody who loves chess, there was something deeply satisfying about witnessing this dynamic and aesthetically pleasing style of play emerge, reaffirming the game still has a wealth of secrets left to be discovered.

In this book, Matthew and Natasha have brilliantly elucidated AlphaZero’s unique style of play. They uncover fascinating new insights into all facets of chess from piece mobility to king safety to daring sacrifices and so much more, which I hope will be of interest and benefit to chess players of all levels. By speaking at length with the researchers who developed the machine learning techniques underlying the system, Matthew and Natasha have gained a deep understanding of how AlphaZero ‘thinks’, and I have been impressed with the clarity and simplicity of their explanations of the technology. They have also placed these modern ideas very carefully into their correct historical context, by illuminating the reader with intriguing analogies to the styles of the great champions of the past.

My hope is that the games and analysis in this book will help to spark a new era of creativity in chess, and that players will not only incorporate some of these ideas into their own games, but also be inspired to find new styles of their own. I can certainly attest that through this project my own passion for chess has been rekindled, and it has been thoroughly enjoyable to revisit an old realm I once knew well, but now see through an entirely new lens.

Of course this book is not just about the beauty of chess, but also the incredible potential that AI holds. I hope that after reading it you will get a sense for some of the wonder and marvel we all feel, thinking about and working on these enthralling topics every day. AlphaZero is just the beginning for us. I hope it has given you a glimpse into a bold and bright future, where we have a myriad of AlphaZero-like learning systems helping us as a society to find new breakthroughs in critical areas of science and medicine, just like I once dreamed of as a small boy in a vast chess hall, half a lifetime ago.

Demis Hassabis
 London, October 2018





Preface

This book is about an exceptional chess player, a player whose published games at the time of writing total just 10, but whose name already signifies the pinnacle of chess ability. A powerful attacker, capable of defeating even the strongest handcrafted chess engines with brilliant sacrifices and original strategies; and a player that developed its creative style solely by playing games against itself.

That player is AlphaZero, a totally new kind of chess computer created by British artificial intelligence (AI) company DeepMind.

Through learning about AlphaZero we can harness the new insights that AI has uncovered in our wonderful game of chess and use them to build on and enhance our human knowledge and skills. We talk to the people who created AlphaZero, and discover the struggles that brilliant people face when aiming for goals that have never before been achieved.

The authors feel extremely privileged to have worked with the creators of AlphaZero on this project. We recognise this as a defining moment, being right at the cutting edge of fast-developing technology that will have a profound effect on all areas of human life.

Our collaboration arose following the publication of 10 AlphaZero games during the December 2017 London Chess Classic tournament. The previous year, Matthew and Natasha had won the English Chess Federation (ECF) Book of the Year award for Chess for Life, a compilation of interviews with icons of chess, highlighting themes and core concepts of their games. We knew we could take a similar approach to AlphaZero, offering critical insight into how the AI thinks and plays, and sharing key learnings with the wider chess-playing community.

Who should read this book?

• keen chess players, looking to learn new strategies

AlphaZero’s chess is completely self-taught, stemming from millions of games played against itself. Much of its play matches the accepted human wisdom gathered over the past 200 years, which makes AlphaZero’s play intuitive, allowing humans to learn from it. This book brings out AlphaZero’s exquisite use of piece mobility and activity, with guidance from Matthew through the simple, logical, schematic ways in which AlphaZero builds up attacks against the opponent’s king’s position. We believe these techniques will inspire professionals and club players alike.

• artificial intelligence enthusiasts

As Demis Hassabis, CEO of DeepMind, explains, the application of AI to games is a means to something greater: ‘We’re not doing this to just solve games, although it’s a fun endeavour. These are challenging and convenient benchmarks to measure our progress against. Ultimately, it’s a stepping stone for us to build general-purpose algorithms that can be deployed in all sorts of ways and in all sorts of industries to achieve great things for society.’

Our interviews with the creative people who designed and built AlphaZero are full of insights that, using chess as an example, help us to better understand the opportunities and challenges afforded by AI.

• chess enthusiasts

As well as providing instructional material, this book is also a collection of fascinating games of astonishing quality, featuring dashing attacks, unexpected strategies, miraculous defences and crazy sacrifices. Matthew compared playing through these games to uncovering the lost notebooks of a great attacking player of the past, such as his hero Alexander Alekhine, and finding hundreds of hitherto unpublished ideas.

How to read this book

The chess content of this book is arranged in discrete chapters and designed to be read out of sequence, so it is perfectly possible to pick a theme you are interested in and start in the middle of the book. The chess content is not too heavy, with an emphasis on explanations rather than variations. We would recommend playing through the games with a chessboard. In our opinion, this promotes a measured pace of reading most conducive to learning.

Acknowledgements
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Introduction

On 5th December 2017, London-based artificial intelligence company DeepMind published ‘Mastering Chess and shogi by Self-Play with a General Reinforcement Learning Algorithm’. The paper described the company’s self-learning AI AlphaZero, which, within 24 hours of starting from random play and with no domain knowledge except the game rules, achieved a superhuman level of play in the games of chess and shogi (Japanese chess) as well as Go. It convincingly defeated a world-champion program in each case. In the case of Chess, that was Stockfish1.

This was the first time a chess computer had reached superhuman strength from being entirely self-taught. It is momentous for chess players because, for the first time, we can learn from a powerful intelligence which built its chess strategy independently of our own rich history of chess development. It is also far-reaching for AI developers, with AlphaZero achieving superhuman strength in a matter of hours without the team needing to provide any domain-specific knowledge. This opens up the possibility of using these AI techniques for applications where human domain-specific knowledge is limited.

In an interview later in this book, Demis Hassabis describes how the success of AlphaZero builds on DeepMind’s earlier work creating AlphaGo, a neural network based system that applied deep learning to successfully defeat Go legend Lee Sedol in 2016, and how both are milestones in the company’s mission to use AI for the benefit of mankind. DeepMind plans to positively transform the world through AI. Among other things, it seeks to:

• help address the problems of climate change and energy;

• enable medical advances in diagnostics to make excellent medical care more widely available;

• accelerate scientific research to arrive more quickly at solutions crucial to human well-being.

The importance of the AlphaZero story has impact far beyond DeepMind’s own work. Seeing the results of machine learning in the fields of chess and Go, developers around the world have been motivated to invest in similar techniques in other fields. Already, others have adopted the techniques that created DeepMind’s AlphaGo to produce publicly available professional-strength Go playing machines, in what many consider to be a tipping point for public participation in the advancement of AI. In recent months the open-source Leela Chess Zero was developed based on the AlphaZero paper, and is now a dangerous challenger to the traditional ‘Big Three’ engines: Stockfish, Houdini and Komodo. Of course, it’s of little surprise to us chess players (who have always known that there is something uniquely important about our game) that chess should play such a central role in the development of this critical technology!

This new approach to machine self-learning in chess has given us a strong chess player with a new style and approach, and that is the crux of this book. AlphaZero has independently developed strategies that possess many similarities to human wisdom, and many that are further developed or show situations where our well-established positional ‘rules’ are ‘broken’.

In 2018, AlphaZero cannot yet explain to us directly what it has learnt (although Demis is confident that a number of technologies and tools that DeepMind and other groups are developing will make this possible in the future). Instead, top grandmaster Matthew Sadler guides us through the main differentiating factors in AlphaZero’s game, compared with the top human praxis; and through detailed explanations based on illustrative games from AlphaZero’s match with Stockfish, also shows us how AlphaZero’s ideas can be incorporated into our own games.

This book explores the following chess themes:

• Outposts (Chapter 7): we examine the variety of ways in which AlphaZero secures valuable posts for its pieces, from the knight and bishop all the way up to the king itself.

• Activity (Chapter 8): AlphaZero is skilled in maximising the mobility of its own pieces and restricting its opponent’s pieces. We pay particular attention to the ways that AlphaZero restricts the opposing king.

• The march of the rook’s pawn (Chapter 9): AlphaZero frequently advances its rook’s pawn as part of its attack and plants it close to the opponent’s king.

• Colour complexes (Chapter 10): Matthew explains AlphaZero’s fondness for positions with opposite-coloured bishops.

• Sacrifices for time, space and damage (Chapter 11): AlphaZero makes many brilliant sacrifices for long-term positional advantage.

• Opposite-side castling (Chapter 12): we consider some stunning examples in which castling queenside was the prelude to a dangerous AlphaZero attack.

• Defence (Chapter 13): we learn about the contrasting defensive techniques of AlphaZero and Stockfish.

In addition, we have looked at the ways in which the thinking process of AlphaZero differs from that of chess engines such as Stockfish, and the resulting effects on its play. This will be invaluable to anyone who regularly uses engine assessments in their chess studies. We explore AlphaZero’s use of a probabilistic assessment to guide its choices (which we believe gives it the ability to head for generally promising positions, leading to a style of play that feels intuitive to humans). The insights we have gathered have also revealed to us some features of engine analysis that we were not fully aware of before (e.g. the prevalence of 0.00 evaluations when analysing with Stockfish and other engines), and this knowledge should better equip chess engine users to understand their assessments.

In the process of writing this book, we had access to previously unpublished games2 and evaluations from AlphaZero. We believe that there is a large amount of new and instructive material in this book that we hope you will thoroughly enjoy reading and trying out in your games.

Matthew Sadler and
 Natasha Regan,
 London, November 2018





PART I

AlphaZero’s history





CHAPTER 1

A quick tour of computer chess competition

Before we embark on chess training with our AI hero, AlphaZero, for the match against its formidable opponent, Stockfish, we take a moment to remind ourselves of the beginning of computer chess and just how far it has developed in recent history.

Games playing – and chess in particular – has a long and illustrious association with the development of artificial intelligence. In 1950, Claude Shannon, widely acknowledged as the founder of Information Theory, published the paper ‘Programming a Computer for Playing Chess’.

In 1951, Alan Turing – the father of theoretical computer science – wrote the code that would allow a machine of the future to play chess (former World Champion Garry Kasparov even played a game against a reconstruction of this engine in 2012).

Mikhail Botvinnik, World Champion for most of the period from 1948 to 1963 and an engineer by profession, was interested in designing computers to play chess. He was arguably ahead of his time as the hardware wasn’t good enough to support his approach, and he worked fruitlessly for many years to create a strong computer program that didn’t use brute force. In the end his Pioneer program was instead used in maintaining USSR power stations!

Computer chess competition took a leap forwards in 1974 – the year of Matthew’s birth – with the first World Computer Championship held in Stockholm, Sweden. Thirteen engines competed against each other and the program Kaissa emerged as victor. I (Matthew) recently saw a game played by the winner in that championship and the level was gloriously horrific, but some research on the chessgames.com website delivered this game, which was very entertaining!

Kaissa

Chaos

World Computer Championship, Stockholm 1974

1.e4 c5 2.♘f3 ♘c6 3.c3 d5 4.exd5 ♕xd5 5.d4 ♗g4 6.♗e2 e6 7.0-0 ♘f6 8.♗e3 cxd4

[image: Images]

9.♗xd4

After a well-played opening, this is the first odd move: either 9.cxd4 (to follow up with ♘c3, attacking the black queen) or 9.♘xd4 (forcing a response from Black by uncovering an attack against the bishop on g4) have been the main lines in this position. 9.♗xd4 doesn’t serve any developmental purpose for White.

9…e5

A tactical blunder…

10.h3

… which White misses. 10.♘xe5 ♘xe5 11.♗xe5 ♕xe5 12.♗xg4 would have won a pawn.

10…exd4 11.hxg4 ♗d6 12.cxd4

12.g5 looks stronger, preparing to take the pawn on d4 without allowing the black queen to h5.

12…♘xg4 13.♘c3 ♕h5 14.g3

[image: Images]

A critical moment. Castling kingside is the sensible option, with a balanced game, but Black goes crazy instead!

14…♔d7 15.♘h4 f5

Modern engines are already on +5 in this position, which is more lost than I’d realised.

[image: Images]

16.♕b3 is awkward for Black as 16…♖ab8 17.♘b5 leaves him facing all manner of unpleasant threats. Kaissa takes a more scenic route.

16.d5 ♘ce5 17.♕c2 ♖hf8 18.♗d3

A slow move which gives Black chances for a counterattack.

18…♘xd3 19.♕xd3 ♖ae8

19…g5 20.♘f3 ♕h3 is dangerous, with the threat of 21…♗xg3, forcing a draw.

20.♘b5

A good move, trying to expose the black king still further.

20…f4 21.♘xd6 ♔xd6 22.♕a3+ ♔c7

23.♕xa7

Kaissa doesn’t find the quickest win, but the point is never in doubt.

23…♕f7 24.♖fc1+ ♔d6 25.♕c5+ ♔e5 26.d6+ ♔e6 27.♖e1+ ♘e3 28.gxf4 ♕d7 29.f5+ ♔f6 30.♖xe3 ♖d8 31.♖e7 ♕a4 32.♕e5+ ♔g5 33.♘f3+ ♔g4 34.♖xg7+ ♔h5 35.♕h2+ ♕h4 36.♕xh4# 1-0

Not bad at all for 1974!

By 1985 I was playing chess regularly and commercial chess microcomputers had reached about 1800 Elo3, which was perfect for me at the time. I spent many hours as a kid playing on the beautiful wooden board of the Mephisto Modular System! Natasha worked for a while at ‘Countrywide Computers’ and produced promotional material of annotated games she played on equal terms against the state-of-the-art Mephisto Lyon and the Mondial Dallas.

How did chess computers improve? It was a combination of faster technology and better programs. Over time chess computers would take account of more positional features to more accurately evaluate positions. Strong players worked with developers to refine which factors were considered. This fine-tuning (or ‘hand-crafting’) allowed iterative improvements in playing strength as different set-ups were tested. We explore computer thinking further in the chapters ‘How AlphaZero thinks’ and ‘AlphaZero’s style – meeting in the middle’.

For many years, advances in computer chess occurred mainly on supercomputers. For example, Cray Blitz, a program running on the Cray supercomputer, won the World Computer Championship in 1983 and 1986, while Deep Thought, the precursor to Deep Blue, won in 1989. Most of my professional chess career (which started in 1990) was conducted without the aid of a computer. I remember working with the top French player Joel Lautier in 1996. A consummate professional, Joel was always abreast of the latest developments and with great pride produced his new Notebook (laptop) with Chessbase. I then produced my own notebook (paper) with my hand-written annotations. I’m sure that I was faster retrieving my analysis than he was! However, around 1997 things changed for me, and equipped with a laptop with a Pentium I 166Mhz processor, I discovered that the Fritz engine could achieve a surprising level in tactical positions! When I stopped playing chess professionally in 1998, one of my reasons for stopping – though certainly not the only one – was that computers were going to be stronger than humans in the foreseeable future and that no one would be interested in chess anymore.

One part of this prophecy came true: after IBM Deep Blue’s ground-breaking defeat of Kasparov in a six-game match in 1997, human resistance gradually crumbled, and man vs machine matches essentially stopped after 2006 when Deep Fritz beat the World Champion Vladimir Kramnik 4-2. Thankfully the second part of the prophecy didn’t materialise, as top-level chess is thriving. This is due in no small part to the live broadcasting of top-level games with strong online chess engines providing real-time evaluations, which has made watching chess less mysterious to the average player. Engines being stronger than humans does not seem to have negatively affected the interest in watching the world’s best human players compete against each other.

Humans and engines

Learning to play chess well is learning about the past. A human player cannot navigate the myriad possibilities in chess through ingenuity alone. Hundreds of years of recorded play has produced a vast repository of plans, schemes and evaluations. Familiarity with such knowledge assists an experienced player to select a plan or to anticipate the opponent’s options without the need for exhaustive calculation. Even today, when concrete chess engine-assisted variations permeate the annotations of strong players, it isn’t unusual to justify a plan by referring to a model game played 50 or 100 years earlier.

Another traditional source of inspiration is the style of the world’s strongest player, typically the World Champion. Garry Kasparov’s razor-sharp opening preparation and aggressive, dynamic middlegame play moulded a generation of players during his 15-year reign (1985-2000), while Magnus Carlsen’s fighting spirit, flexible openings and endgame technique is doing the same for current players.

Since the beginning of this century however, a new influence has gained the ascendancy in shaping the way we think about chess: the commodity superhuman-strength chess engine. The calculating power of the strongest chess engines has redefined the boundaries of what we consider to be ‘good’ chess. This calculating power has manifested itself most notably as extreme defensive prowess which has proved time and again that the most dangerous-looking position can be held together by ‘ugly’ moves and sustained superhuman accuracy. In this fashion, many sharp opening variations have been neutralised by precise machine calculation while brilliant attacks from the past and present have been refuted after verification by chess engines.

Since chess engines are now available to any amateur, players of all strengths have been confronted with this power. Modern players have become progressively more sceptical of attacking, sacrificial play, while the opening choices of top players have gravitated to non-forcing lines which delay the first engagement of forces until the middlegame stages (out of the range of chess engine preparation). The downside is that in top-level games, any conflict taking place between two well-mobilised forces will most likely end in a draw.

The human attitude to engines has matured to one of acceptance. Former World Top-10 player Judit Polgar explained it very well when we interviewed her for our earlier book, Chess for Life:

‘I realised in 2003/4 that there was no other way: I admitted that I had to actively use engines for my preparation. This was something that was very difficult for me and I was resisting for some time. I guess it’s in large part because my game is very creative: I like being creative and to shuffle things and to have my creative point of view. This isn’t always successful against computers.

So that was my struggle but then I said OK this is the way it is, this is modern preparation, it’s better to use engines. And then of course all these engines became stronger, and there are different engines – one is better in one type of position, another is better in another type of position. It’s not something you can choose to use or not: like it or not, it’s there and you have to use it.’

As Judit says, players of her generation and older shrug their shoulders and say ‘if you can’t beat ‘em, join ‘em’, all the while remaining slightly nostalgic for the good old days when you could analyse a position for two weeks and still not have a clue what the evaluation was! Young players just look at you as if you are crazy if you mention those times: they have not known anything else and strong engines have been an integral part of their preparation since the very beginning.

That’s not to say that strong human players unequivocally believe the engines. Whilst no human could beat a strong engine over a series of practical games, when it comes to finding the best move in a specific position then the engine’s opinion should not be accepted without question.

In general, my feeling is that two minutes’ analysis of a position on an engine is worth one or two hours of analysis with a strong human player. In a few seconds, an engine like Stockfish is capable of unravelling tactical details in a position with a precision that would cost a strong human player much time to replicate. However, I would rather have six hours of analysis and discussion of a position with a strong human player than six hours of deep analysis from an engine!

This illustrates the basic difficulty that humans have with engines as a teaching tool. The engine can show the moves that it would play and beat you with, but you won’t necessarily get clear guidance in the position.

Another well-known problem is the value of an evaluation to a human player. A Stockfish assessment of +1.00 might indicate a clear stable advantage, but might also indicate the first step on a tortuous tactical path where everything hangs by a thread. The former is human-playable, the latter is much more difficult.

Engines vs engines

Since 2010, the focus in computer chess competition has gradually shifted away from the World Computer Chess Championship to the TCEC (Top Chess Engine Championship), now sponsored by the Chessdom website. Whereas the participation of the top chess engines in the World Computer Chess Championship is somewhat patchy, Stockfish, a star in this book, as well as big guns Houdini and Komodo, are regulars at the TCEC. Thirty engines with an Elo above 2800 take part in the competition that features five Divisions (with promotion and relegation) and a Superfinal between the two top engines in the First Division. All the engines run on identical high-end hardware and the Superfinal is a marathon of 100 games played at a time control of 120 minutes for the game with 15-second increments. An interesting feature of the Superfinal is that 50 openings are pre-selected, and each engine gets a chance to play each opening with white and black.

In season 11, the TCEC Superfinal (played in March-April 2018) was contested between Stockfish build 260318 (Elo: 3546) and Houdini 6.03 (Elo: 3489).

The Season 11 Superfinal: Stockfish vs Houdini

Chess games between computers sometimes have the reputation of being long, boring and incomprehensible. This isn’t completely unjustified as many computer games in fixed structures do have extended periods of shuffling (49 moves to be precise) before one of the sides ventures a pawn move to avoid the 50-move rule… when the whole process begins again!

And indeed, the Stockfish-Houdini match did have such episodes. However, there were also some very interesting games. In this match Stockfish seemed to be much quicker out of the starting blocks than Houdini, establishing and implementing a dynamic plan and pushing Houdini onto the defensive. By contrast, in similar positions with colours reversed Houdini seemed to dither and allow Stockfish to steady the ship.

The following game played early in the final is a good illustration of this:

Stockfish 260318

3546

Houdini 6.03

3489

TCEC Season 11 – Superfinal 2018 (5)

1.d4 ♘f6 2.c4 g6 3.♘c3 ♗g7 4.e4 d6 5.f3 0-0 6.♗e3 e5 7.d5 ♘h5 8.♕d2 ♕h4+ 9.g3 ♘xg3 10.♕f2 ♘xf1 11.♕xh4 ♘xe3

[image: Images]

This creative invention of the great Russian player David Bronstein has a poor theoretical reputation nowadays, so it was an interesting choice for a starting position for this TCEC game.

Black gains two pieces and two pawns for the queen, the bishop pair and a smooth pawn structure (in comparison to White’s ragged pawn structure). However, Black’s development is lagging and the marauding knight is likely to become a target.

White has to act quickly while Black’s forces are undeveloped and uncoordinated. If White waits too long, it might find the black position too tough to break through.

12.♕f2

Already an unusual choice at this juncture. 12.♔e2 ♘xc4 13.♖c1 ♘a6 14.♘d1 ♘b6 15.♘e3 is a strong plan played by both Karpov and Kasparov, when the knight is ready to jump into f5 after further preparation.

But Stockfish’s line is also very strong.

12…♘xc4 13.h4 h5

[image: Images]

The inclusion of h2-h4 and …h7-h5 dissuades Black from attempting rapid counterplay with …f7-f5: the g6-pawn would be weak and White would also gain the strong g5-square for its knight.

14.♕e2 ♘b6 15.♘b5

[image: Images]

Although the move order is slightly different, Stockfish is following a plan played by Russian grandmaster and trainer Yuri Razuvaev. White’s goal is to extract concessions from Black by striking at the three exposed points in Black’s position:

1. The pawn on g6 (from which White has already extracted the concession …h7-h5 and a good potential outpost on g5 for the white knight). Note also that after Black has played …h7-h5, it no longer has a path to the f4-square for the b6-knight via d7-f6-h5.

2. The pawn on c7, which is vulnerable to pressure from a white knight on b5 and a major piece on the half-open c-file.

3. The knight on b6, which still has not found a good resting place and which will only interfere with the rest of Black’s development if it seeks to redeploy via d7.

15.♘h3 ♘a6 16.♘g5 ♗h6 17.♖g1 ♗d7 18.a4 ♖ae8 19.a5 ♘c8 20.♕c4 ♖e7 21.b4 ♗e8 22.♖a2 ♗g7 23.♔d1 ♘b8 24.♘b5 c6 25.♘c3 a6 26.♖c2 ♔h8 27.♔c1 ♖g8 28.♔b1 ♗h6 29.f4 exf4 30.♕f1 ♗g7 31.♕xf4 ♘d7 32.dxc6 bxc6 33.♘d5 cxd5 34.♖xc8 ♘e5 35.exd5 ♖b7 36.♖d1 ♗d7 37.♖xg8+ ♔xg8 38.♔a2 ♗f5 39.♘e4 ♖c7 40.♘xd6 ♖c2+ 41.♔b3 ♗d3 1-0 was the game Razuvaev-Shchekachev, Zaragoza 1996.

15.0-0-0 a5 was Houdini’s choice in its game with white. It has been played by a strong grandmaster, but it is insufficiently incisive. Stockfish takes the opportunity to set up a solid queenside structure, after which White will find it very difficult to progress: 16.♘h3 ♗d7 17.♔b1 ♘a6 18.♖h2 ♘a4 19.♘xa4 ♗xa4 and Stockfish had no problems, even coming close to winning in Houdini’s time trouble.

15…♘a6 16.♘h3 ♗h6

Preventing 17.♖c1.

17.a4

[image: Images]

This energetic move, targeting the b6-knight, hits the spot completely. In order to free its development and to stop the king’s knight arriving on g5, Houdini feels compelled to give up its bishop pair. White now fears the position opening up much less than before as Black would be missing a dangerous attacking component: the two bishops.

17…♗xh3 18.♖xh3 ♘d7 19.a5 ♘dc5 20.♕c4

[image: Images]

With very similar ideas to the Razuvaev game. If Black does not react, White will play ♔e2 and b2-b4 when Black will be completely tied up. Houdini drums up some counterplay but Stockfish has a phenomenal sequence in mind.

20…f5 21.♔f1

21.b4 ♘xb4 would be embarrassing.

21…fxe4 22.b4 ♘d7 23.♘c3

[image: Images]

An amazing move! Once the knight reaches e4, Black will face new problems on the queenside: ♕b5 is going to be very nasty, attacking the knight on d7 and the b7-pawn. Once the b7-pawn falls, the knight on a6 will also be in trouble. This centralisation costs White two additional pawns though!

23…exf3 24.♘e4 ♘f6

24…♖f4 seemed tempting to me, but Stockfish is unmoved: 25.♖g3 ♔h7 26.♕b5 ♖d8 27.♖e1 and White is powering through with ♕xb7 and ♕xa7.

25.b5 ♘c5 26.♘xc5 dxc5 27.d6+ ♔h7 28.dxc7 e4

[image: Images]

This looks threatening, but not to a calculating monster like Stockfish!

29.♖e1 ♖ae8 30.♖xf3 ♖c8

30…exf3 31.♖xe8 ♖xe8 32.♕f7+ ♗g7 33.♕xe8 wins for White.

31.♖f2 ♖xc7 32.♔e2 e3 33.♖f3 ♗g7

34.♖ef1 ♖d7 35.♖d1 ♖e7 36.♖f4 ♘e4

[image: Images]

An amazing defensive idea. I had to wait until the follow-up was played on the board before I grasped the idea!

37.♖xe4 ♖f2+ 38.♔xe3 ♖ef7

[image: Images]

Threatening 39…♖ff3 mate. It looks too good to be true… and it is!

39.♖e8 ♖7f3+ 40.♔e4 ♖f4+ 41.♔d5 ♖xc4 42.♔xc4 ♖c2+ 43.♔d3 ♖a2 44.♖e7 ♔h6 45.♖f1 c4+ 46.♔xc4 ♖a4+ 47.♔c5 ♗d4+ 48.♔d5 ♗c3 49.♖xb7 ♖d4+ 1-0

A fantastic game by Stockfish.

That brings us just about up-to-date until December 2017, when the chess world first heard about a new approach for chess computers – the successful implementation of a very strong, and completely self-taught machine. Enter AlphaZero.





CHAPTER 2

ZeroZeroZero

The end of 2017 saw the release of 10 games from a match between the strongest superhuman-strength chess engine – Stockfish – and DeepMind’s AlphaZero. The match result was a comprehensive victory for AlphaZero.

More startling than the score, however, was the manner in which AlphaZero achieved its victories. It was the first time a computer had reached this level by teaching itself – without learning established human wisdom on chess strategy. And AlphaZero’s play recalled the glory days of Kasparov, appearing to target the opponent’s king directly from the opening moves and sacrificing material freely to achieve its attacking goals. For chess players, these games sparked the tantalising thought that a new style of play had been discovered – or, perhaps more accurately, that an existing style of play had been refreshed and expanded – capable of overcoming the extraordinary calculating and defensive capabilities of the world’s hitherto strongest chess engine. If this were true, current assessments of some complicated opening variations and middlegame positions – based largely on the results of analysis by chess engines such as Stockfish – might also be overturned. However, with only 10 games as analysis material, it was difficult to form a definitive impression.

At the beginning of 2018, I was invited to the DeepMind offices at St Pancras in London to study 210 games from the newest series of matches between Stockfish and AlphaZero. I would describe my mood on that day as enthusiastic but apprehensive. As a chess fan, I was hoping to discover something original and fantastic; as a strong player I was prepared to be modestly disappointed by the style of play. I fully expected to see a small number of good (attacking) games, but I was also convinced that many games would be of limited interest (a common feature of matches between strong chess engines).

I was provided with two files: a file of 110 games played without an opening book from the starting position, and a file of 100 games starting from various pre-determined opening positions (the positions used in the 2016 TCEC World Championship). The games in each file were grouped by colour so that I first played through AlphaZero’s Black games, and then its White games. I like to play through games with the fast-forward button held down, which means that a full game flashes before my eyes in about 10 to 15 seconds. It’s enough to get a feel of the outline of the game, and a sense of whether something unusual happened.

For the games starting from the initial board position, one game was selected at random for each unique opening sequence of 30 plies; all AlphaZero losses were also included. For the TCEC match, one game as White and one game as Black were selected at random from the match, starting from each opening position.

I whizzed through the first 10 games, gradually acclimatising to the play of both protagonists. I noted some unexpected kingside pawn pushes and subtle knight manoeuvres from AlphaZero, but nothing yet to make me stop and gasp. The 11th and 12th games did. As the 11th game flashed before my eyes, it suddenly registered that AlphaZero as Black had already sacrificed three pawns and had just played a quiet move 22…h6 on the kingside.

Game: ‘Raking bishops’

Stockfish 8

AlphaZero

London 2018 (11)

1.e4 e5 2.♘f3 ♘c6 3.♗c4 ♘f6 4.♘g5 d5 5.exd5 ♘a5 6.♗b5+ c6 7.dxc6 bxc6 8.♗d3 ♘d5 9.♘f3 ♗d6 10.0-0 ♘f4 11.♖e1 ♘xd3 12.cxd3 0-0 13.♘xe5 c5 14.♘c3 ♗b7 15.b3 ♖e8 16.♘c4 ♘xc4 17.♖xe8+ ♕xe8 18.bxc4 ♕e6 19.♗b2 ♖b8 20.♘b5 ♕g6 21.♕f1 ♗f4 22.♘xa7 h6

[image: Images]

I checked the result: AlphaZero had won on the 48th move! On move 25, Stockfish had bailed out to a losing endgame with 25.♕d1 instead of keeping its extra material with 25.♘b5, but I wasn’t sure why… and none of my engines was helping me either.

23.♗c3 ♕h5 24.h3 ♖a8

[image: Images]

25.♕d1 ♕xd1+ 26.♖xd1 ♖xa7 27.♖a1 ♗c6 28.a4 ♖xa4 29.♖xa4 ♗xa4 30.♔f1 ♗b3 31.♔e2 ♗d6 32.♔e3 ♗e7 33.♗e5 f6 34.♗c7 ♔f7 35.♗b6 ♔e6 36.♔e2 ♔d7 37.♔e1 ♔c6 38.♗a5 h5 39.♔f1 ♔d7 40.♗b6 ♗c2 41.♔e2 ♔c6 42.♗a5 ♗d6 43.d4 cxd4 44.d3 ♗a4 45.h4 ♔b7 46.♔f1 ♗d7 47.♔e2 ♔a6 48.♗d8 ♗f5 0-1

Interesting and confusing! If you fancy testing your tactical play, try and work out Black’s answer to 25.♘b5. The answer is given in the annotations to the game ‘Raking Bishops’ in the ‘Sacrifices for time, space and damage’ chapter.

I filed the game away mentally for further study and moved on to the 12th game. At move 17 I burst out laughing: ‘This AlphaZero is a lunatic!’

Game: ‘Take my knight!’

Stockfish 8

AlphaZero

London 2018 (12)

1.e4 e5 2.♘f3 ♘c6 3.♗c4 ♗c5 4.d3 a6 5.♘g5 ♘h6 6.0-0 d6 7.a4 ♗g4 8.♘f3 0-0 9.h3 ♗h5 10.c3 ♔h8 11.♗xh6 gxh6

[image: Images]

12.♘bd2 ♗a7 13.♗d5 ♘e7

[image: Images]

14.♗xb7 ♖b8 15.♗xa6 f5 16.♔h1 ♘g6 17.exf5 ♘f4

[image: Images]

On the Black side of a Giuoco Piano (literally, ‘Quiet Game’), within 17 moves, AlphaZero had sacrificed everything – three pawns and its kingside structure – to open lines all over the board.

18.d4 ♖xf5 19.♕c2 ♖f8 20.♖ae1 ♕f6 21.♖e3 ♕g7 22.♖g1 ♘d5 23.♗b5 ♗g6 24.♕c1 ♘xe3 25.fxe3 ♗f7 26.♖f1 ♗d5 27.♗c4 ♗a8 28.a5 e4 29.♘h2 ♕g5 30.b4 ♕xe3 31.♘g4 ♕g5 32.♕e1 h5 33.♘e3 h4 34.♗e6 ♗c6 35.♗c4 d5 36.b5 ♗b7 37.♗b3 ♖bc8 38.a6 ♗a8 39.♗a4 ♗b6 40.♔g1 ♕g3 41.♕xg3 hxg3 42.♖a1 ♖f2 43.♘df1 ♖e2 44.♘f5 ♖g8 45.♘1xg3 ♖d2 46.♖f1 ♗a5 47.♖f2 ♖xf2 48.♔xf2 ♗xc3 49.h4 ♖f8 50.♔e3 ♗e1 51.♔e2 ♗xg3 52.♘xg3 ♖g8 53.♔f2 ♖g4 54.♗d1 e3+

Stockfish had defended as only it can, but activity won through in the end with AlphaZero completing a win in 97 moves.

The total effect of those first 110 games was overwhelming. Firstly, I had witnessed a series of magnificent games played in a distinctive, individual style that appealed to me. Secondly, when I tested key positions on the chess engines I use for analysis, I saw that AlphaZero’s assessment was different to that of the engines. In fact, AlphaZero’s assessments were closer to my intuitive (human) feeling about the position. The attacking raw materials of open files and diagonals against the king and a lead in development seemed to matter again and could no longer be neutralised by a series of ugly but accurate moves, or a miraculous and undeserved tactic.

This dual feeling – that there is much to learn from the way AlphaZero plays, and that the AlphaZero style of play is such that both amateurs and professionals could intuitively grasp it and apply at their own level – was an inspiration for this book.

How is AlphaZero’s play so different to that of other engines? The clues are in its construction, and we will explore the link between construction and playing style in more depth in the chapter ‘AlphaZero’s style – meeting in the middle’.

In this chapter we zoom in on one mysterious aspect of engine evaluations that I first became consciously aware of on the day that I first analysed with AlphaZero.

0.00

A couple of months ago, I was reviewing an excellent middlegame book of extremely complicated positions analysed by a world-class grandmaster. The author mentioned a few times when the crisis in a particular position was at its highest that his engines were assessing the position as 0.00. Judging from his comments, he wasn’t completely sure what to make of such an assessment which didn’t always tally with his intuitive or practical feeling about the position.

Any chess player who has analysed complicated positions seriously with an engine running in the background will recognise this scenario. You summon your inner genius, think up a brilliant double-pawn sacrifice to set the board on fire… and your engine responds with an evaluation of 0.00 and a best line ending in you forcing a bizarre repetition of moves. And it’s not just one engine: they all want you to force a repetition (though the ways to do so often vary). It’s perhaps the most irritating and obstructive thing that these otherwise fantastic engines do during analysis. If an engine thinks that a draw by repetition is the best course, it’s not going to chip in with interesting suggestions anymore. It’s all on you to think of something and challenge the engine and force it to look outside its closed path.

The meaning of these 0.00 evaluations is something puzzling. At the point when the possibilities should be boundless, a draw by repetition is apparently the best option. However, if you attempt to take on the engine and prove it to be wrong, then you often end up losing… or discovering more repetitions. The engines are just too strong and can usher away any of your objections.

You can imagine therefore that I was intrigued when playing through games between AlphaZero and Stockfish to see many 0.00 evaluations whizzing past my eyes as my engines analysed in the background. Even more interestingly, AlphaZero’s was normally the only dissenting voice: in positions assessed at 0.00 by the engines, its evaluation was often positive for itself.

Putting that together with the score AlphaZero was making in such positions, it made me wonder whether a new chapter had been opened on 0.00 evaluations. In any case, it seemed well worth bringing together some of these positions to understand what we could learn from AlphaZero and the engines.

We’ll examine a series of positions in which AlphaZero’s evaluation and that of Stockfish and other top engines varied significantly. In each position, we will try and understand the reason for the evaluation of both sides, attempt to assess the position (both objectively and from the human perspective) and also attempt to assess what effect the evaluation might have on subsequent play.

Before we start, a few words on how AlphaZero evaluates. Rather than expressing a position advantage as an equivalent to a number of pawns (in the way that traditional engines do), AlphaZero evaluates by estimating its expected score from the position (wins counting as 1 and draws counting as 0.5). In our annotations we’ve expressed this as a % between 0% and 100%. An AlphaZero evaluation of 50% would mean a win is as likely as a loss (and draws could be possible too).

 

Section A – 0.00 and slow-burning attacks

Our first example also features in the ‘AlphaZero’s style – meeting in the middle’ chapter.

Game: ‘Python squeeze’

AlphaZero

Stockfish 8

London 2018

1.d4 ♘f6 2.♘f3 e6 3.c4 b6 4.g3 ♗b7 5.♗g2 ♗b4+ 6.♗d2 ♗e7 7.♘c3 c6 8.♗f4 0-0 9.e4 d5 10.e5 ♘e4 11.cxd5 cxd5 12.0-0 ♘xc3 13.bxc3 ♗a6 14.♖e1 ♘c6 15.h4 ♖c8 16.♖e3 ♖c7 17.♘g5 h6 18.♘h3
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Let’s start by assessing the position. White has a central space
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