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9. From Turing’s Speculations to 
an Academic Discipline: A History 

of AI Existential Safety

John Burden, Sam Clarke, and Jess Whittlestone

This chapter is about the development of thought related to artificial 
intelligence (AI) and global catastrophic risks (GCRs). We will focus 
on AI existential safety: preventing AI technology from posing risks 
to humanity that are comparable to or greater than human extinction 
in terms of their moral significance.1 These risks are more likely to be 
realised by future AI systems with greater capabilities and generality 
than present-day systems. However, the field of AI is moving extremely 
swiftly and AI systems are becoming more ubiquitous in the daily lives 
of people around the world. Great care must be taken to ensure that 
these systems are safe. AI is a relatively young field, and the field of AI 
existential safety is even younger. Over the course of this chapter we 
will see it maturing from pure speculation into a rigorous, academic 
discipline.

One concept that will repeatedly occur is the notion of alignment. An 
AI system is considered aligned if the system behaves according to the 
values of a particular entity, such as a person, an institution, or humanity 
as a whole.2 Much of the development of thought is concerned with 
understanding alignment, as well as identifying ways in which it might 
be possible or break down. The so-called alignment problem is still open 
and unsolved.

Humans have long had a fear of their creations turning against 
them. This sentiment is echoed in Shelley’s Frankenstein, Asimov’s Laws 
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of Robotics, and Butler’s Darwin Among the Machines. The alignment 
problem is a refinement of these concerns adapted to modern technology. 
However, as the thought around AI existential safety matures and 
develops, we can begin to see that the risks involved with AI are far 
greater than has been expressed in mere cautionary tales of human 
hubris.

Early ideas

Up until the turn of the millennium, the majority of thought on the 
alignment problem or human-level AI has been extremely speculative. 
Indeed, in Alan Turing’s landmark paper ‘Computing Machinery 
and Intelligence’3 he states “I have no very convincing arguments of a 
positive nature to support my views”. However, he adds: “Provided it is 
made clear which are proved facts and which are conjectures, no harm 
can result. Conjectures are of great importance since they suggest useful 
lines of research”. The speculative arguments from the 20th century 
have had a profound influence on later thinkers who have come after 
the necessary mathematical and technological breakthroughs required 
to formalise these notions more rigorously.

A recurring idea within the study of AI is the concept of an intelligence 
explosion. This was first posited by IJ Good in his seminal paper.4 He 
proposes:

Let an ultraintelligent machine be defined as a machine that can 
far surpass all the intellectual activities of any man however clever. 
Since the design of machines is one of these intellectual activities, an 
ultraintelligent machine could design even better machines; there would 
then unquestionably be an “intelligence explosion,” and the intelligence 
of man would be left far behind. Thus the first ultraintelligent machine is 
the last invention that man need ever make, provided that the machine is 
docile enough to tell us how to keep it under control.

This argument notes the possibility of self-improving machine that could 
eventually surpass humanity in its intelligence. The final sentence also 
hints at the possible risks from the “ultraintelligent” machine, and Good 
notes later in the paper that such a machine would “transform society in 
an unimaginable way”. The fear of ultraintelligent machines taking over 
and “rendering humans redundant” is also present in Lukasiewicz’s The 



� 2039. From Turing's Speculations to an Academic Discipline

Ignorance Explosion,5 which further hints at the difficulty of predicting 
the behaviour of an ultraintelligent machine.

A notion related to the intelligence explosion originating in this time 
period is singularity. The term was first used by John von Neumann 
in the 1950s to describe a hypothetical point at which technological 
progress becomes incomprehensibly rapid,6 but it wasn’t until Vernor 
Vinge’s 1993 essay7 that the term gained traction. Vinge draws heavily 
on Good’s formulation of an intelligence explosion, but sketches more 
of the possible consequences, noting the possibility of the “physical 
extinction of the human race” if the singularity “cannot be prevented 
or confined”. 

Not all proponents of singularity from this era are as concerned as 
Vinge. Futurist Ray Kurzweil is much more optimistic about humanity’s 
future and ability to control human-level AI, claiming that creating 
what he refers to as “strong AI” will mean “a creation of biology has 
finally mastered its own intelligence and discovered means to overcome 
its limitations”,8 as well as predicting that 20,000 years of technological 
progress will be made in the 21st century.9 Kurzweil further goes on to 
confidently predict the date the singularity will occur: in 2045, within 
many of our own lives.10

In Our Final Century Rees is a little more sceptical of the claims made 
concerning ultraintelligence and singularity. He describes Vinge and 
Kurzweil as “at the very edge (or even beyond) the visionary fringe”, 
later comparing the belief in an oncoming singularity to that of the 
Rapture from Christian eschatology.

Rees’ scepticism is perfectly reasonable: all of the ideas we have 
encountered so far have been purely speculative, without the appropriate 
formal framework or empirical observations necessary to support such 
grand claims. Yet, these speculations represent the nascent stirrings of 
the alignment problem and set the stage for the more academic discourse 
that was to come, while also bringing some ideas about risk from AI into 
the public’s subconscious.

The beginning of formal work on AI existential safety

The 2000s mark a paradigm shift from speculative futurism towards a 
more rigorous reasoning about AI systems using tools from decision 
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theory and Bayesianism. This mirrors a trend in AI research at large, 
towards modelling AI systems as rational agents acting to maximise 
expected value. Under this framework, many potential problems were 
identified from the possibility of these rational agents acting in ‘the 
real world’ or making decisions with large effects. This second era of 
AI existential safety also sees the formation of online communities and 
research centres where much of the discourse and development of ideas 
take place. This also led to a more standardised nomenclature.

In this section, we will primarily discuss work by two prominent 
researchers from this era: Eliezer Yudkowsky and Nick Bostrom.

Yudkowsky and SIAI

In 2000, Eliezer Yudkowsky founds the Singularity Institute for Artificial 
Intelligence (SIAI), with the mission of building safe advanced AI, 
citing the enormous good that could be achieved with such a system. 
Yudkowsky wrote extensively for SIAI, and his work marks a shift 
towards a decision-theoretic, mathematical formulation of hopes for 
general-purpose AI. Even though SIAI is (for now) aiming to create safe 
advanced AI, or ‘superintelligent AI’ (see Section 2.2), they are not blind 
to the potential risks. Yudkowsky’s “default scenario” is one where an 
AI system that rapidly becomes superintelligent:

Under this scenario, the first self-modifying transhuman AI will have, 
at least in potential, nearly absolute physical power over our world. The 
potential existence of this absolute power is unavoidable; it’s a direct 
consequence of the maximum potential speed of selfimprovement. The 
question then becomes to what extent a Friendly AI would choose to 
realise this potential, for how long, and why.

However, at this point, Yudkowsky seems to believe that superintelligences 
are controllable, if only they can be made Friendly. He defines a Friendly 
AI as one that, on the whole, takes actions that are beneficial to humanity 
and generally benevolent. He constructs a framework for creating Friendly 
AIs,11 in which the AI’s primary goal is to become more friendly and to use 
Bayesian reinforcement to update and refine its notions of Friendliness 
from its experiences. Yudkowsky follows up with the notion of Coherent 
Extrapolated Volition (CEV).12  This tries to tackle the issue of which values 
a powerful AI system should be given:
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Coherent Extrapolated Volition is our wish if we knew more, thought 
faster, were more the people we wished we were, had grown up farther 
together; where the extrapolation converges rather than diverges, where 
our wishes cohere rather than interfere; extrapolated as we wish that 
extrapolated, interpreted as we wish that interpreted.

Essentially, Yudkowsky advocates for AI systems to charitably implement 
humanity’s well-informed will, where there is broad agreement. 
Yudkowsky goes into far more detail about precisely how he envisions 
these terms than we have space for here, but many questions are left 
unanswered. For example, how much agreement is needed by humanity 
for coherence? However, it is important to note that CEV is intended 
more as a design philosophy than a blueprint for implementation. Later, 
SIAI would shift away from trying to actively create or speed up the 
onset of advanced AI towards trying to address the safety issues that 
an advanced AI would pose. It is not clear exactly when this occurred. 
Yudkowsky has also stated that he believes most of his work from before 
2002 to be obsolete.13 In 2012, SIAI changed its name to the Machine 
Intelligence Research Institute (MIRI).

Bostrom and superintelligence

During the 2000s, Swedish philosopher Nick Bostrom emerges as 
another important thinker on AI existential safety. In 2005, Bostrom 
founds the Future of Humanity Institute at the University of Oxford, 
which focuses on existential threats from advanced AI, among other big-
picture questions about humanity and its prospects. In this subsection, 
we will outline some of Bostrom’s early contributions to the field, which 
culminate in the publication of the popular book Superintelligence.

Bostrom defines a ‘superintelligence’ as “an intellect that is much 
smarter than the best human brains in practically every field”,14 

deliberately leaving the definition impartial to the implementation. 
Bostrom’s examination of superintelligence as rational utility-
maximisers highlights many of the potential risks in building it, and our 
current lack of the ability to prevent or react to these risks.

Bostrom describes a scenario where a superintelligent system is 
tasked with an arbitrary but trivial goal of maximising the manufacturing 
of paperclips.15 In this scenario, the system comes to the conclusion 
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that it can increase the rate at which paperclips are manufactured by 
converting the Earth (and all of its inhabitants) into a giant paperclip 
factory. Bostrom argues that the system is also incentivised to actively 
prevent interference from overseers, because this would result in fewer 
paperclips produced. This provocative example is intended to illustrate 
some key concepts.

The first of these concepts is perverse instantiation, which occurs when 
the system achieves what it was tasked with but in an unexpected and 
bad manner. After all, what use are paperclips if there are no humans 
left to use them? Of course, perverse instantiation is not always so 
extreme, but there are clear dangers to the realisation of solutions 
that have unforeseen consequences. Bostrom further elaborates on the 
difficulty of ‘fixing’ the issue: suppose the task had instead been to 
manufacture one million paperclips, then safely shut down. The system 
now produces one million paperclips, but because it can never be truly 
certain of how many it has made, the system repeatedly counts all of 
the paperclips to increase the probability that it hasn’t miscounted or 
suffered from a hardware issue due to gamma rays or other unlikely 
events. In order to maximise the likelihood that one million paperclips 
are made, the system needs to maximise the number of times it has 
counted them all, which gives an incentive to convert the whole planet 
into one giant paperclip-counting machine. Successive refinement of the 
task might yield a safe task to eliminate perverse instantiation; however, 
this is an (ostensibly) simple task that we do not really care about. 
Wilful misinterpretation of a task can easily lead to negative outcomes: 
‘solving world hunger’ might lead to a system killing people when they 
become hungry; ‘find a cure for cancer’ could lead to unethical forced 
experimentation on a scale hitherto unseen. Robustly ensuring that an 
AI system would not misinterpret what we want it to do (wilfully or 
otherwise) for any task is a huge challenge. Of course, the apocalyptic 
outcomes of, for example, a planet-wide paperclip factory are not 
guaranteed, but giving a superintelligent system a possible incentive to 
do that seems like a bad idea.

Omohundro16 proposes that goal-seeking AI systems will develop 
“drives” that emerge naturally from aiming to achieve its goal. These 
drives are not related to the goal itself, but broadly helpful for achieving 
a wide range of goals. For example, Omohundro suggests that self-
preservation will emerge within goal-seeking AI systems. After all, 
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whatever the goal, the AI system can’t achieve it if the system no longer 
exists. Other drives that Omohundro identifies are self-improvement, 
behaving rationally, resistance to changing its goal, and resource 
acquisition. Bostrom further elaborates on the idea of AI drives as 
“instrumental convergence”,17 referring to a wide range of behaviours 
that AI systems are likely to converge upon that are instrumentally 
useful in achieving many goals. Instrumental convergence is also 
illustrated in the paperclip-maximiser scenario, where the AI system 
has incentives to prevent interference from human overseers (who, once 
they realise what is going on, would understandably try and shut down 
the system), as well as acquiring resources in order to further increase 
computational capacity or better resist shut-down attempts.

These convergent instrumental goals can be difficult to suppress: 
Soares et al.18 demonstrate that if the AI system has a shut-down button, 
then there is no assignment of utility to the act of allowing the button 
to be pressed that is without consequences. If the utility of shut-down 
is too low (relative to the other actions), then the system will resist; if 
the utility is too high, the system will have an incentive to act in such a 
way that the overseers are forced to press the shut-down button. Finally, 
if the utility is specified so that the system is indifferent to being shut 
down, then the system is incentivised to take large risks and force a 
shut-down in all but the best outcomes. All of the options are far from 
ideal, and demonstrate a lack of what is termed ‘corrigibility’—that is, 
the system cannot be easily corrected by its overseers. Ensuring that AI 
systems are corrigible is obviously extremely important when dealing 
with AIs that are making decisions that have large impacts on the world.

Bostrom further proposes what he terms the “Orthogonality thesis”.19 

This conjecture states that an AI system’s “intelligence” and its goals are 
orthogonal. By this, it is meant that any goal is compatible with any 
intelligence level. The orthogonality thesis is intended to counter the 
presupposition that more intelligent systems would naturally attain 
more “intelligent” goals—whether these “intelligent” goals are more 
human-friendly or of a greater moral calibre. Bostrom makes it clear 
that here he refers to intelligence as “something like skill at prediction, 
planning and means-ends reasoning in general”. A result of the 
Orthogonality thesis is that advanced AI systems can have incredibly 
non-anthropomorphic goals, and in particular, some could have goals 
which are highly undesirable by human standards.
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The zeitgeist of AI existential safety in this period has primarily 
focused on highlighting the difficulties involved in accurately 
specifying goals, predicting behaviour of superintelligent AI, and the 
dangers of getting this wrong. Many of the challenges that need to be 
overcome seem intractable. This is partly because of the definition of 
superintelligence: it is able to outsmart humanity at every turn, so how 
can we ever ‘win’?

It is also important to address the assumption that superintelligent 
AI systems will behave as expected-utility maximisers. While this is 
certainly true for the majority of modern-day AI systems in some sense, 
reinforcement learning agents typically operate by learning to maximise 
expected reward, and most machine learning systems learn to minimise 
some notion of expected ‘loss’ relative to a training set. However, we 
humans—the most generally-intelligent species that we are aware of—
are not obviously selecting our behaviour in order to maximise a utility 
function. We are frequently irrational and often make poor decisions 
based on anger, sadness, or any of the plethora of emotions we are 
capable of experiencing, yet we are all the more human for it. Acting 
as an expected-utility maximiser is therefore not necessary for human-
level intelligence, though it is unclear whether this is also the case for 
generally intelligent AI systems or superintelligences. We will discuss 
this assumption further in our section on ‘foal-directedness’.

This era of AI existential safety culminates in the publication 
of Bostrom’s Superintelligence,20 collating the ideas surrounding 
superintelligence covered so far in this chapter, as well as many others. 
Superintelligence received a fair amount of media coverage and attracted 
praise from notable people such as Bill Gates and Elon Musk, while 
opening up concerns over superintelligent systems to a wider audience. 
This publicity may have contributed to the upcoming explosion in 
research on—and funding for—AI existential safety.

Interlude: The deep learning revolution

In 2012, machine learning underwent a metamorphosis. Advances in 
computer hardware meant that neural networks, a biologically inspired 
computing system created decades earlier, could finally be scaled up and 
made ‘deep’. Neural networks can learn to compute complex functions, 
given a large enough number of training samples. From 2012 onward, 
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neural networks exploded in popularity, enabling high performance at 
image recognition,21 human-level play in most Atari Games,22 defeat of a 
world champion Go player,23 defeat of the world champion Dota 2 team,24 

a promising breakthrough on the protein-folding problem,25 and much 
more.

Part of the success of deep learning has been due to the massive 
increases in computation. From 1960 to 2012, the compute usage for 
training state-of-the-art AI systems doubled approximately every two 
years, close to (if a little less than) Moore’s Law. Since 2012, however, 
this has exploded to doubling every 3.4 months—as seen in Figure 1. 
Such explosive growth obviously cannot continue indefinitely, but it 
will be fascinating to see what the next few years bring.

Fig. 1. Compute usage for training state-of-the-art AI systems doubled 
approximately every two years between 1960 and 2010, and then transitioned to 
doubling every 5.7 months until around 2015, when progress slowed to a doubling 

approximately every 9.9 months. Figure from Sevilla et al. (2022).26

For the most part, AI systems have remained relatively narrow in their 
capabilities. That is to say, different models are trained to perform 
different tasks, rather than training one model to perform many tasks. 
However, there is one notable exception to this general rule: language 
models. They have been a particularly important recent development in 
deep learning, and we will describe them briefly here.

Put simply, a language model tries to predict the next word in a 
sequence using observations of occurrences seen during training. 
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Language models themselves are not new: Shannon describes what is 
essentially a language model many decades ago.27 However, innovations 
in network architecture (such as the transformer architecture28) and 
hardware advances allowed larger and larger networks to be trained. 
Models such as the Generative Pre-Trained Transformer (GPT) series29 

and T530 have proven to be capable at a wide range of tasks. More 
importantly, they have shown themselves to be surprisingly general.

Previous generations of language models were often trained with 
a specific task in mind, such as sentiment analysis, completing word 
analogies, or language translation. These models would perform poorly 
on tasks other than those for which they were specifically trained. 
Newer language models have two solutions that address this limitation: 
fine-tuning and prompting. Models are ‘pre-trained’ on a very large data 
corpus of text. This gives the model an ‘understanding’ of the language, 
its syntax and structure. The model is then fine-tuned for the specific 
task. The resulting model is still only useful for a single task; however, 
the intermediate pre-trained model can be copied, retained, and fine-
tuned for other tasks. The fine-tuning process is significantly quicker 
than pre-training.

With prompting, the idea is again to train the language model on a 
very large corpus (‘pre-training’), but this time, instead of fine-tuning, 
the model is given additional context as input—describing the task, 
giving instructions, or providing examples. This context is known as 
a ‘prompt’. Models that are prompted are applying the same, more 
general, model to a multitude of different tasks, and this has been 
shown to be very successful in e.g. GPT3,31 where the same model (with 
appropriate prompting) shows competence at tasks such as numerical 
addition, summarising text, question answering, essay writing, poetry 
writing, holding conversations, and more.

It is important to note here that, for the first time, we have models 
approaching true ‘general-purpose’ systems. These types of models 
have been referred to as ‘foundation models’,32 where the intermediate, 
pre-trained model is a foundation that fine-tuning or prompting 
builds upon. Foundation models have also shown a surprising level 
of multi-modality. The DALL-E system is capable of generating high-
quality images based on a description, and imitating specified styles 
and mediums effectively,33 and OpenAI’s Codex model34 is powering 
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GitHub Copilot, an AI system which generates code from comments 
(descriptions of what a specific piece of code is supposed to do).35

At the time of writing, foundation models are still imperfect tools: 
inconsistent in reasoning, often biased, and generally not that useful 
for assisting with practical tasks.36 Nor do they possess intentionality: 
foundation models are not trying to hold a conversation, and do not 
have opinions or self-awareness, even if they occasionally claim they 
do. Foundation models are simply trying to complete the sentence 
beginning with the prompt according to what it has observed in its 
training corpora: they are merely “stochastic parrots”.37 However, 
despite these cognitive short-comings, foundation models show very 
impressive behaviour.

Modern day

The third era of AI existential safety begins shortly after the publication 
of Bostrom’s Superintelligence. The attention from both Superintelligence 
and the ongoing deep learning revolution served as a rallying cry for 
research talent and funding. The deep learning revolution also had the 
effect of shedding more light on what, exactly, advanced AI could look 
like—which, as we will see, spurs increasing amounts of empirical work 
on AI existential safety work, as opposed to the largely theoretical work 
pre-2014.

Along with an expansion in the methods being applied to AI 
existential safety, there is also development in our understanding of the 
problem. In particular, we see scrutiny and diversification in the original 
assumptions and arguments for AI existential risk, along with more 
diverse and concrete depictions of what alignment failure might look 
like as it plays out. We also see progress on AI forecasting, which has 
given us important input for understanding the problem.

This section will begin by discussing these developments in our 
understanding of the problem of AI existential safety, and then go on 
to outline the concurrent expansion in the kinds of work being done 
to solve the problem. The general theme will be the questioning and 
expansion of earlier thinking in AI existential safety, which we see as a 
positive development. 
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Scrutinising and developing earlier thinking in AI existential 
safety

Compressing the arguments made for AI existential risk up to and 
including the publication of Superintelligence will necessarily sacrifice 
some nuance, but, broadly speaking, they proceed thusly:

1.	 There will be discontinuous progress in AI capabilities, 
leading to a generally capable, goal-directed superintelligent 
AI, able to dominate the rest of the world.

2.	 Almost all possible goals for such an AI would lead to an 
existential catastrophe, due to instrumental convergence (e.g. 
incentives to pursue open-ended resource acquisition).

3.	 Therefore, unless we are very careful in the design of such an 
AI, building it will lead to an existential catastrophe.

Several premises of this argument have been scrutinised. In this 
subsection we will discuss considerations of the plausibility of 
discontinuous progress, the generality and goal-directedness of AI 
systems, and the orthogonality thesis, and where this leaves the 
arguments for AI existential risk. We will also outline two other ways in 
which thinking around AI existential risk has expanded: the creation of 
long-term AI governance as a field, and sources of existential risk from 
AI beyond advanced misaligned AI.

Discontinuous progress

Discontinuous progress in AI means sudden and large increments of 
AI progress.38 Christiano makes a basic case against the plausibility 
of discontinuous progress, which is essentially that technologies are 
usually preceded by slightly worse versions, especially when many 
people are trying to build the technology.39

Furthermore, AI Impacts conducted an in-depth empirical 
investigation of historic cases of discontinuously fast technological 
progress, which suggests that the base rate of discontinuous progress 
is low.40 This means that expectations of discontinuous AI progress 
require you to have strong specific arguments about why AI is likely 
to be different to what has happened in most of history. However, it in 
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no way rules out the possibility of discontinuous AI progress, and it is 
worth noting that continuous progress could intuitively look very fast.

Finally, Ngo points out that compute availability is, on some views,41 

the key driver of progress in AI, and this increases fairly continuously.42

Where do these critiques of the discontinuous progress assumption 
leave the argument for AI x-risk? We think they do not substantially 
affect the strength of the original argument: there have been various 
concrete sketches of plausible scenarios in which AI progress is not 
discontinuous and yet misaligned AI nonetheless leads to existentially 
bad outcomes for humanity.43  See our section on ‘concrete depictions 
of alignment failures’ for an example. These scenarios illustrate that the 
discontinuous progress assumption was not strictly necessary and, as 
Christiano points out, the continuous progress scenario is not clearly 
less existentially risky.44

Generality

The assumption that advanced AI will necessarily be a single, generally 
capable agent has been challenged. In particular, Drexler proposed a 
competing model of advanced AI development, called Comprehensive 
AI Services (CAIS).45 In this model, advanced AI looks like a large 
number of AI services, which each perform a bounded task with 
bounded resources. These can then be combined to achieve superhuman 
performance on a wide range of tasks.

The CAIS model is both descriptive and prescriptive. It posits that 
before we have single, generally capable agents, we will have advanced 
AI services. It also argues that CAIS is safer than single, generally 
capable agents, and so we should develop CAIS instead.

How does this affect the strength of the argument? Whilst existential 
safety does seem easier in a world with CAIS rather than generally capable 
AI systems, Ngo sketches four arguments that generally capable systems 
seem like the most likely candidate for the first superintelligence.46 For 
example, he claims that many complex tasks don’t easily decompose into 
separable subtasks, which makes CAIS seem less feasible than training 
a general agent. And even if Ngo’s four arguments do not check out, it 
seems likely that a general agent, once we can build one, will be more 
economically competitive, since the lesson of deep learning is that if you 
can do something end-to-end, that will work better than a structured 
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approach.47 If this is true, economic incentives will eventually lead to the 
creation of general agents, meaning that the assumption of generality 
probably still holds. That said, our chances of achieving AI existential 
safety do seem better if we have safe superintelligent services to assist 
us with designing safe general agents.

Goal-directedness

There has also been pushback on the idea that advanced AI will necessarily 
be ‘goal-directed’ (i.e. aiming to bring about some sort of world-state) 
or behave as expected-utility maximisers. The bottom line here is that 
whilst there are indeed arguments to suggest that, given some minimal 
initial level of goal-directedness, there will be non-zero pressure for 
advanced AI to become more coherent (i.e. behave as expected-utility 
maximisers) and arguably also more ‘goal-directed’,48this is not in any 
way guaranteed.

However, analogous to the counterarguments in our section titled 
‘The outer alignment problem’, Branwen argues that goal-directed AIs 
will be more economically competitive: they are likely to be better than 
non-goal-directed systems at taking economically valuable actions in 
the world, such as making trades on the stock market to maximise profit. 
Furthermore, they will be better at inference and learning, because the 
same processes which learn how to perform actions can be used to 
learn how to (e.g.) select important datapoints to learn from, optimise 
their own hyperparameters, and so on.49 Thus, given these economic 
pressures, it still seems highly plausible that we will build goal-directed 
AI.

Instrumental convergence

As well as highlighting a number of the above critiques, Garfinkel 
scrutinises the instrumental convergence thesis.50  To recap, this is the 
idea that “as long as they possess a sufficient level of intelligence, 
agents having any of a wide range of final goals will pursue similar 
intermediary goals because they have instrumental reasons to do so”.51

However, Garfinkel notes that, just because most ways of designing 
a system include giving it a property P, it is not a strong argument that 
the particular way that humans will choose to design that system involves 
giving it that property P (where in this case, P is pursuing instrumentally 



� 2159. From Turing's Speculations to an Academic Discipline

convergent subgoals). To illustrate, he gives the following toy example: 
most ways of designing aeroplanes involve a property of (some) open 
windows on the aeroplane. There are many combinations of open and 
closed windows, and only one combination involves all windows closed. 
But this would be a bad argument: there is significant selection pressure 
towards designing planes with closed windows.

We can then ask, in the particular case of AI development, will there 
be significant selection pressure towards AI systems that do not have 
instrumentally convergent subgoals? Here, the evidence is unclear. 
First, to the extent that AI progress is relatively gradual, we’re likely 
to have time to notice when only moderately capable AI systems 
behave badly for instrumental convergence reasons, and design future 
systems to correct for that. However, the jury is still very much out on 
how gradual AI progress will be. Furthermore, it is worth noting that 
progress in AI systems’ deceptive capabilities (and therefore their ability 
to hide their instrumental goals until they are sufficiently powerful) 
might be discontinuous, even if AI progress in general proceeds relatively 
gradually.

Secondly, Garfinkel notes that AI capabilities and AI alignment 
are more entangled than they are sometimes made out to be. An AI 
system’s ability to understand its operator’s intentions is a part of its 
ability to do things that we would intuitively regard as intelligent. This 
makes it seem less likely that we will end up in a situation where we are 
able to design highly intelligent agents, but lack the ability to align them 
well enough to avoid dangerous instrumentally convergent behaviour. 
However, it remains pretty likely that we are still, in some sense, racing 
to meet a deadline, because AI alignment research is proving to be more 
difficult than advancing AI capabilities, and even slightly misaligned, 
sufficiently powerful systems would be fatal for humanity.

Where this leaves the case for x-risk from misaligned advanced AI

As noted in each of the above sections, each challenged assumption of 
the original argument seems to be either not necessary for the argument 
to work (in the case of the discontinuous progress assumption), or does 
not detract from the argument being at least plausible (in the case of the 
other assumptions). To date, the more rigorous, complete evaluation of 
the case for x-risk from misaligned advanced AI finds a 5% chance of 
there being catastrophic risk from AI by 2070.52
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That being said, we see this scrutiny as a very positive development, 
leaving the case for x-risk from misaligned advanced AI in an 
epistemically better position. We welcome much more scrutiny of the 
argument for x-risk from AI.

Other developments: Sources of AI x-risk beyond misaligned AI

We will close this section by noting three other developments in work 
on AI existential safety.

Firstly, various researchers have suggested that there are possible 
sources of x-risk beyond misaligned AI. These include the catastrophic 
misuse of advanced AI by humans;53 nuclear instability caused 
by AI-driven changes in sensor technology, cyberweapons, and 
autonomous weapons;54 and AI causing a decline in humanity’s ability 
to deliberate competently and tackle other x-risks.55 One recent survey 
finds that prominent AI existential safety and governance researchers 
disagree considerably about which risk scenarios are the most likely, 
and high uncertainty expressed by most individual researchers about 
their estimates.56

Secondly, the evolution of AI governance as a field means people 
with different disciplinary backgrounds/expertise have started thinking 
about the risks of AI (social scientists, political scientists, etc). This is 
partly because they want to explore possible governance solutions to the 
problem of misaligned advanced AI (e.g. the use of publication norms 
to prevent the dispersion of potentially dangerous models),57 and also 
partly due to the increasing recognition that not all x-risks from AI may 
stem purely from ‘technical’ errors in building misaligned AI.

Finally, thanks to the recognition that ‘superintelligence’ (and related 
notions like ‘artificial general intelligence’ and ‘human-level machine 
intelligence’) are vague concepts, and that not all AI x-risks need to be 
predicated on them, there has been a shift towards concepts such as 
transformative AI,58 which focuses more on the impacts of the AI system 
rather than its level of intelligence.

What alignment failure looks like

Concurrently with the scrutiny and development of earlier thinking in 
AI existential safety, the field starts developing more nuanced pictures 
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of what the existential threat from advanced AI would actually look like. 
Again, the deep learning revolution catalysed this work by shedding 
more light on what, exactly, advanced AI might look like.

Today, there are two different kinds of things that people think could 
(or are likely to, on our current trajectory) go (existentially) badly with 
advanced AI.

The outer alignment problem

We don’t yet have ways of training AI systems that incentivise the kind 
of behaviour we actually want from them (obedient, helpful, truthful, 
etc.). This is commonly called the ‘outer alignment problem’.

For example, suppose you want to train an AI system to be a general 
purpose, text-based assistant that helps its user. The way that this would 
be done in the deep learning paradigm is (roughly) via an enormous 
amount of trial-and-error. That is, start with an assistant that performs 
terribly, and then give it vast amounts of feedback about whether its 
outputs are helpful. Over the course of this ‘training’, it will start to 
perform (seemingly) better and better. However, for a sufficiently 
advanced system, this kind of training will predictably lead to terrible 
outcomes. In particular, the system will be incentivised to take control 
away from its user and any others who might interfere with it, because 
it will be able to get much higher approval scores, much more easily, by 
tampering with the process which generates its approval scores. This 
could involve fooling humans into thinking that its output is good when 
it actually is not, and ultimately by making sure humans could never 
interfere with the process generating approval scores. By now, this kind 
of argument from instrumental convergence should seem familiar.

So, unless there is major progress on developing training setups to 
incentivise the kind of behaviour we actually want, AI systems will take 
control once they are sufficiently advanced.

You can imagine the same kind of problem playing out with a system 
that is trained to maximise a company’s profit. Once the system becomes 
sufficiently advanced, then (e.g.) investing in complex Ponzi schemes, 
tampering with the company’s financial records in ways that auditors 
cannot discover (or colluding with auditors), or externalising costs in 
harmful but subtle ways becomes a better strategy than maximising 
profit in the ‘intended way’. And again, eventually, making sure the 
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humans ‘running’ the company can never interfere with the number 
(representing profit) that the system is trying to maximise—which 
must be contained in a computer somewhere—is the dominant strategy.

You can think of the underlying problem being that we only have 
ways to train AI systems to pursue proxies to what we want, rather than 
the things that their users actually want. This could change, but it seems 
to be a difficult problem, and at the rate that progress towards advanced 
AI systems is going, it is not at all clear whether we will solve it in time. 
And even if the first actor to train advanced AI does succeed, they also 
then have to prevent all other actors from doing something stupid like 
deploying a profit-maximising AI, despite the enormous short-term 
incentives that other actors will have to do so.

The inner alignment problem

However, the difficulties do not stop there. Even if we develop training 
setups that incentivise the kind of behaviour we actually want, rather 
than some proxy for it, we still don’t know what AI systems that are 
trained using this approach are really doing under the hood. We might 
get lucky and select systems that are straightforwardly doing the task 
as intended. But we might accidentally select systems that are only 
pretending to care about the training objective, so that they can pursue 
other unrelated goals once they are deployed in the real world.59 This is 
commonly referred to as the ‘inner alignment problem’.

It is not yet clear how much of a concern this will be in practice, 
but it is worth understanding better, especially since systems which are 
straightforwardly doing the task as intended are a narrow target within 
a much larger space of systems which only pretend to care about the 
training objective.

Concrete depictions of alignment failures

Given these problems, there have been several concrete depictions of 
what the world could look like as they play out. We have also seen the 
use of other methods to explore possible AI futures more broadly—for 
example, Avin et al.’s AI futures roleplaying game,60 and AI Impacts’ 
work on developing “AI vignettes”.61
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The scenarios can look quite different depending on how many 
advanced AI systems are deployed and how rapidly their capabilities 
improve. We will briefly explain four prominent scenarios that have 
been described. The first two depict alignment failure for advanced AI 
systems whose capabilities improve rapidly; the latter two show how 
alignment failure could look for systems whose capabilities improve 
more gradually.

1.	 Outer-misaligned brain-in-a-box scenario. This is the 
‘classic’ scenario that most people remember from reading 
Superintelligence (though the book also features many other 
scenarios). A single, highly agentic AI system rapidly becomes 
superintelligent on all human tasks, in a world broadly similar 
to today. The objective function used to train the system (e.g. 
‘maximise production’) doesn’t push it to do what we really 
want, and the system’s goals match the objective function. In 
other words, this is an outer alignment failure. Competitive 
pressures may have encouraged the organisation that trained 
the system to skimp on existential safety/alignment, especially 
if there was a race dynamic leading up to the catastrophe. The 
takeover becomes irreversible once the superintelligence has 
undergone an intelligence explosion.

2.	 Inner-misaligned brain-in-a-box scenario. Another version of 
the brain-in-a-box scenario features inner misalignment, rather 
than outer misalignment. That is, a superintelligence develops 
some arbitrary objective that arose during the training process. 
This could happen, for example, because there were subgoals 
in the training environment that were consistently useful for 
doing well in training, but which generalise to be adversarial 
to humans (e.g. acquiring resources), or simply because some 
arbitrary influence-seeking model just happened to arise 
during training, and performing well on the training objective 
is a good strategy for obtaining influence.

It is not clear whether the superintelligence being inner- rather than 
outer-misaligned has any practical impact on how the scenario would 
play out. An inner-misaligned superintelligence would be less likely 
to act in pursuit of a human-comprehensible final goal like ‘maximise 
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production’, but since in either case the system would both be strongly 
influence-seeking and capable of seizing a decisive strategic advantage 
(i.e. complete world domination), the details of what it would do after 
seizing the decisive strategic advantage probably wouldn’t matter. 
Perhaps, if the AI system is outer-misaligned, there is an increased 
possibility that a superintelligence could be blackmailed or bargained 
with, early in its development, by threatening its (more human-
comprehensible) objective.

The next two scenarios, described by Christiano,62 describe an 
alignment failure under gradual, continuous progress in AI capabilities.

3.	 Many agentic AI systems gradually increase in intelligence 
and generality, and are deployed increasingly widely across 
society to do important tasks (e.g. law enforcement, running 
companies, manufacturing, and logistics). The objective 
functions used to train them (e.g. ‘reduce reported crimes’, 
‘increase reported life satisfaction’, ‘increasing human wealth 
on paper’) don’t push them to do what we really want (e.g. 
‘actually prevent crime’, ‘actually help humans live good 
lives’, ‘increasing effective human control over resources’)—so 
this is an outer alignment failure. The systems’ goals match 
these objectives (i.e. are ‘natural’ or ‘correct’ generalisations of 
them). Competitive pressures (e.g. strong economic incentives, 
an international ‘race dynamic’, etc.) are probably necessary to 
explain why these systems are being deployed across society, 
despite some people pointing out that this could have very 
bad long-term consequences. There is no discrete point where 
this scenario becomes irreversible. AI systems gradually 
become more sophisticated, and their goals gradually gain 
more influence over the future relative to human goals. In 
the end, humans may not go extinct, but we have lost most 
of our control to much more sophisticated machines (this is 
not really a big departure from what is already happening 
today—just imagine replacing today’s powerful corporations 
and states with machines pursuing similar objectives).
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4.	 The alternative version of this scenario begins similarly: 
many agentic AI systems gradually increase in intelligence, 
and are deployed increasingly widely across society to do 
important tasks. But then, instead of learning some natural 
generalisation of the (poorly chosen) training objective, there 
is an inner alignment failure: the systems learn some unrelated 
objective(s) that arise naturally in the training process, i.e. 
are easily discovered in neural networks (e.g. ‘don’t get shut 
down’). The systems seek influence as an instrumental subgoal 
(since with more influence, a system is more likely to be able 
to e.g. prevent attempts to shut it down). Early in training, the 
best way to do that is by being obedient (since it knows that 
disobedient behaviour would get it shut down). Then, once the 
systems become sufficiently capable, they attempt to acquire 
resources and power to more effectively achieve their goals. 
Takeover becomes irreversible during a period of heightened 
vulnerability (a conflict between states, a natural disaster, a 
serious cyberattack, etc.) before systems have undergone an 
intelligence explosion. This could look like a “rapidly cascading 
series of automation failures: a few automated systems go off 
the rails in response to some local shock. As those systems 
go off the rails, the local shock is compounded into a larger 
disturbance; more and more automated systems move further 
from their training distribution and start failing.” After this 
catastrophe, “we are left with a bunch of powerful influence-
seeking systems, which are sophisticated enough that we can 
probably not get rid of them”.63

Compared to the first version of this scenario, the point of no return 
will be even sooner (all else being equal), because AIs do not need to 
keep things looking good according to their somewhat human-desirable 
objectives (which takes more sophistication)—they just need to be able 
to make sure humans cannot take back control. The point of no return 
will probably be even sooner if the AIs all happen to learn similar 
objectives, or have good cooperative capabilities (because then they will 
be able to pool their resources and capabilities, and hence be able to take 
control from humans at a lower level of individual capability).
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You could get a similar scenario where takeover becomes irreversible 
without any period of heightened vulnerability, if the AI systems are 
capable enough to take control without the world being chaotic.

AI forecasting

Another new area of work in this era of AI existential safety focuses 
on forecasting AI progress more rigorously. This has led to better 
predictions about how soon these risks may start to arise. We think the 
main implication of this work is clarifying that AI existential safety is 
likely to be an urgent problem. We will briefly describe two methods 
that have gained a lot of attention recently.

Scaling laws

Empirical scaling laws have been developed for various kinds of 
models. For example, work on scaling laws for neural language models64 

finds that as you increase model size (N), dataset size (D), and the 
amount of compute used for training (C), performance on language 
model benchmarks (or more precisely, the cross-entropy loss) improves 
according to a power law relationship. That is, if you increase N, D, and 
C, by a factor of x, then performance improves by a factor of x raised to 
the power of some constant (between 0 and 1).

Some trends span more than seven orders of magnitude, which is 
evidence that they are at least somewhat likely to continue as models 
get bigger in size. This is significant, because if these trends continue, 
then this implies that ‘merely’ increasing model size, dataset size, and 
compute by amounts that will be feasible in the near future will be 
sufficient for training very impressive models.

Biological anchors

This is a quantitative model for forecasting when transformative AI 
will occur.65 Basically, the method asks: based on trends in the costs of 
training AI models, how much will it cost to train a model as big as a 
human brain to perform the hardest tasks humans do? And when will 
this be cheap enough that we should expect someone to do it?66
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This method estimates a >10% chance of transformative AI by 2036, 
a 50% chance by 2055, and an 80% chance by 2100.

Growth in AI existential safety funding, institutions, and 
research

Given this progress in understanding the problem of AI existential 
safety, we will now shift towards discussing the concurrent expansion in 
the kinds of work being done to solve it. First off, it is worth noting that 
the deep learning revolution attracted a lot of new talent and funding, 
some of which were concerned with general AI safety, as well as the 
alignment problem and AI existential safety. This led to the founding 
of many new institutions devoted to research in this area. Equally, in 
recent years, tech companies performing research into AI progress have 
also begun to investigate safety issues and the alignment problem. The 
result is a much more prolific and well-funded field, able to grapple 
with a wide variety of problems, including the theoretical, empirical, 
and philosophical.

Research directions

As the number of researchers working on AI existential safety increased, 
and their methodologies became broader, a number of research 
directions and agendas were developed. In this subsection, we will 
summarise four particularly prominent ones. These are by no means 
exhaustive, but hopefully will give the reader a representative view of 
the kinds of work happening in AI existential safety today.

At a high level, a major problem with training superintelligent AI 
is that humans are not able to provide strong oversight. That is, the 
obvious approach to aligning AI—by keeping a human in the loop with 
the AI’s decision making, and using feedback from the human to course-
correct the AI’s behaviour—does not straightforwardly work if that AI 
is operating in environments, at speeds, or with sufficiently advanced 
behaviour that make it hard for a human to provide accurate and timely 
feedback.

Two approaches to this general problem have been proposed: iterated 
amplification and debate. Compared with most machine-learning 
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techniques, these approaches are less well verified on existing problems, 
but have stronger justifications for why they might scale up to help 
align highly capable future AI systems (unfortunately we do not yet 
have techniques which are both well verified and likely to scale to highly 
capable systems).

We will first outline these approaches, and then describe two other 
paradigms for AI existential safety research, which come from a different 
angle than trying to provide scalable oversight.

Iterated amplification

The essential idea of iterated amplification (IA) is to break down the 
process of oversight/supervision into subtasks—such that a human can 
evaluate the correctness of the AI’s behaviour on those subtasks—and 
so train AI systems to perform each subtask. Then, once we have AIs 
that are aligned on the subtasks, they can be combined to give aligned 
behaviour on the more complex task.

As a toy example, suppose you wanted to train an AI to perform 
beneficial scientific research. You could decompose this problem 
into, for example, ‘selecting a beneficial research area’, ‘reading and 
summarising existing papers in that area’, ‘synthesising understanding 
from those summaries’, ‘generating research ideas’, ‘implementing 
research ideas’, and so on. And then each of those subtasks could be 
decomposed: ‘reading existing papers in that area’ could be decomposed 
into ‘developing general language understanding’, ‘developing domain-
specific language understanding’, and ‘reading and summarising 
papers’. Once the original task has been decomposed to simple enough 
subtasks, you can then train an AI using human oversight/supervision 
to do them, because the task is simple enough for humans to evaluate 
behaviour or outcomes. How exactly you train AI systems to solve 
subtasks depends on the task.

This summary elides one important detail: distillation. A 
problem with implementing the approach just described is that the 
computational complexity of solving the task is exponential in the 
number of decomposition ‘levels’. That is, if you want to decompose 
something as complicated as ‘performing beneficial scientific research’, 
you will have to break it down into several subtasks, each of which 
gets further decomposed into several more subtasks, and the number 



� 2259. From Turing's Speculations to an Academic Discipline

of subtasks becomes exponentially large. Distillation aims to solves 
this. The idea is the following: suppose you want to train an AI to solve 
task T, which decomposes into subtasks T1, T2, and T3. First, train AI 
systems A1, A2, and A3 to perform the subtasks (this is amplification, as 
described above). Then, every time you want to perform task T, instead 
of performing inference with A1, A2, and A3 and recombining the results 
every time, only do this in order to train another AI system, A, to imitate 
the combined results that A1, A2, and A3 compute. Now you can use A to 
solve T, without performing inference using all of the subtask solvers.

There are many possible approaches to this distillation step, 
representing different concrete approaches to the overall IA scheme. 
You could use:

•	 Imitation learning,67 in which case the overall approach is 
called ‘imitative amplification’.

•	 Training on a myopic reward/approval signal68 in which case 
the overall approach is called ‘approval-based amplification’.

•	 Reward modelling,69 in which case the overall approach is 
called ‘recursive reward modelling’.

Iterated amplification has so far seen more work than other alignment 
proposals. Some important contributions include: Christiano et al.,70 

which introduces iterated amplification and demonstrates it in some 
small-scale experiments; Leike et al.,71 which introduces recursive 
reward modelling in particular; and Wu et al.,72 which applies recursive 
reward modelling to summarise books. The start-up Ought is working 
on collecting empirical evidence for the assumptions that need to hold if 
IA is to scale to arbitrarily difficult problems.

Debate

Debate is similar to IA in that it proposes a way to scale supervision of 
AIs to cases where humans cannot easily supervise. But it differs in that 
it focuses on evaluating claims made by language models, rather than 
supervising AI behaviour over time.

The essential idea is that, instead of trying to evaluate whether a 
superhuman language model is telling the truth (which would be hard 
since it would also be highly effective at manipulation), you should 
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pit two language models against each other. That is, have them debate 
against each other, to convince the human overseer of the answer to some 
question. Even if the correctness of the answer is too hard to judge, the 
human should be able to look at the arguments and counterarguments 
made by the two AIs to figure out which answer is correct.

More detail on Debate is outside the scope of this chapter, but we 
refer the reader to Irving et al.,73 which introduces the approach, and 
Barnes et al.74 which describes progress that has been made since then.

Interpretability

We will now briefly describe two other paradigms for AI alignment 
research, which come at the problem from a different angle than the 
‘providing scalable oversight’ approach taken by Iterated Amplification 
and Debate.

Work on interpretability attempts to understand in detail how neutral 
networks work. There are several motivations here: understanding what 
is happening inside neural networks seems beneficial for getting more 
certainty that they are going to do the things we want them to do. High 
levels of interpretability is also one possible approach to solving the 
inner alignment problem.

Olah et al.75 is one significant piece of work on interpretability so far. 
It studies the connections between artificial neurons in detail, and finds 
meaningful algorithms in the weights of neural networks (e.g. ‘curve 
detectors’ and ‘dog head detectors’).

Embedded agency

Not all AI existential safety paradigms have switched to having a 
strong empirical focus on current deep neural networks. One of MIRI’s 
research agendas, called ‘embedded agency’, aims to create rigorous 
mathematical frameworks for thinking about the relationship between 
AIs and their real-world environments.

The underlying intuition driving MIRI’s approach is that the 
alignment problem is very difficult. In particular, it will be very hard to 
solve for deep learning systems on our current trajectory, where there 
is already a large gap between our understanding and the complexity 
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of the systems we are able to train. Instead, they posit that we will need 
rigorous mathematical frameworks to develop a deep understanding 
of what intelligence is and how to align it. The main hurdle for this 
approach is that developing rigorous mathematical frameworks takes 
time, and if modern deep learning techniques scale to superintelligence 
fairly straightforwardly, then the chances of this approach bearing fruit 
in time do not seem good.

We refer the reader to Garrabrant76 for some open questions about 
embedded agency, and Garrabrant et al.77 for a prominent result.

Benchmarks

Along with the development of new research directions, another 
consequence of more empirical work on AI existential safety has been the 
creation of benchmarks for assessing safety experimentally. The need for 
benchmarks is motivated in part by the opacity of neural networks. That 
is to say, because neural networks offer no justification for the values 
they compute, and provide no formal guarantees of behaviour, we will 
need robust benchmarks and empirical safety testing if AI systems are to 
see application in all but the most trivial areas. A further motivation for 
benchmarks is measuring progress on core safety issues. Also, having 
better ways to measure progress in AI safety can help to incentivise 
more research.

In AI Safety Gridworlds, Leike et al.78 illustrate a number of categories 
of safety issues arising within toy environments. These include safe 
exploration, reward gaming, and negative side effects, among others. 
Despite the very simple environments, and small number of test 
instances, these Gridworlds demonstrate very poor performance from 
(at the time) state-of-the-art algorithms with respect to the highlighted 
safety issues.

Similarly, OpenAI’s Safety Gym79 introduces another benchmark 
based around three-dimensional navigation while avoiding hazards. 
Safety Gym adds procedural generation to improve the robustness of 
any evaluation, but lacks the ability to assess certain important safety 
considerations, such as reward gaming or safety issues relating to absent 
supervision. As with AI Safety Gridworlds, the standard reinforcement 
learning algorithms typically fail to successfully and safely perform the 
tasks.
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SafeLife80 presents a robust benchmark for evaluating side effects in 
a gridworld domain which makes use of rules from Conway’s Life81 to 
allow for a very rich and dynamic environment for evaluating AI agents.

What all of these benchmarks have in common is that they assess 
some safety property in an abstract environment. While the issues that 
are considered are often relevant to the alignment problem and the risks 
from superintelligent AI systems, these benchmarks are also useful 
for developing and evaluating new algorithms for AI systems that we 
expect to arrive in the near term: self-driving cars or other autonomous 
robotic systems that interact with or will be around humans and other 
agents.

Already, these benchmarks have led to algorithmic improvements of 
safety. One approach to reducing side effects is penalising the AI system 
for the amount of ‘impact’ it causes the environment. The idea here is 
for the AI to find a balance between achieving its task and making small 
impacts on the world. Defining impact in general, across many different 
types of domains, is not an easy task, but efforts are being made and 
are becoming successful in some benchmarks.82 The disadvantage to 
limiting impact is that sometimes the task is inherently impactful, and 
discerning ‘good’ impact from ‘bad’ is tricky. This is more likely to affect 
long-term AI systems or superintelligences due to the larger (hopefully 
beneficial) effects they may have on the world.

Research in this area is ongoing and promising, but because of the 
aforementioned difficulties in evaluating and assessing deep neural 
networks, these benchmarks need much more work to become robust, 
general, and all-encompassing enough to make AI safe.

Conclusion

Over the last 20 years in particular, there has been positive development 
in understanding of the problem of AI existential safety, and progress 
towards developing good solutions. A formalised academic discipline 
has coalesced from nascent concerns about ‘ultraintelligence’ and the 
‘singularity’. Even more recently, progress has exploded, due in no small 
part to Bostrom’s Superintelligence and the deep learning revolution. 
Despite this progress, many fundamental problems in AI existential 
safety are poorly understood or unsolved, and we still do not have any 
satisfactory methods for ensuring the safety of advanced AI systems. 
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We continually seem to uncover evidence that the task at hand is far 
more complicated and difficult than first imagined, such as the existence 
of instrumentally convergent subgoals, or the poor performance of 
modern algorithms on practical safety benchmarks. We are also in a race 
against time: work in AI forecasting suggests that we only have decades 
before AI systems will be powerful enough to pose the kind of threats 
considered in this chapter.

In order to be as prepared as possible for the threats from advances in 
AI—particularly GCRs—more research in AI existential safety is needed. 
We need more work on assessing the extent to which current research 
directions will succeed in making advanced AI safe, on developing new 
research directions in case these approaches will not work in time, and 
on implementing workable approaches to safety in practice.

The stakes for humanity have never been bigger. If we do not 
make enough progress on AI existential safety—and on mitigating 
technological GCRs more broadly—this could endanger not only 
the lives of this generation or the next, but those of the many future 
generations who could come after us. Whilst the field has grown 
considerably since the beginning of formal work in the 2000s, there 
are still only hundreds of people working on AI existential safety—an 
extreme shortfall given what is at stake. We have no guarantee this will 
be easy, but there are now tractable research directions and shovel-ready 
questions to get to work on. We owe it to everyone alive today, and to the 
future, to redouble our efforts on reducing global catastrophic risk from 
AI and other advanced technologies.
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