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Abstract

Rapid advancements in artificial intelligence (AI) have sparked growing concerns
among experts, policymakers, and world leaders regarding the potential for in-
creasingly advanced AI systems to pose existential risks. This paper reviews the
evidence for existential risks from AI via misalignment, where AI systems develop
goals misaligned with human values, and power-seeking, where misaligned AIs
actively seek power. The review examines empirical findings, conceptual argu-
ments and expert opinion relating to specification gaming, goal misgeneralization,
and power-seeking. The current state of the evidence is found to be concerning
but inconclusive regarding the existence of extreme forms of misaligned power-
seeking. Strong empirical evidence of specification gaming combined with strong
conceptual evidence for power-seeking make it difficult to dismiss the possibility
of existential risk from misaligned power-seeking. On the other hand, to date there
are no public empirical examples of misaligned power-seeking in AI systems, and
so arguments that future systems will pose an existential risk remain somewhat
speculative. Given the current state of the evidence, it is hard to be extremely
confident either that misaligned power-seeking poses a large existential risk, or that
it poses no existential risk. The fact that we cannot confidently rule out existential
risk from AI via misaligned power-seeking is cause for serious concern.
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1 Executive summary

Concerns that artificial intelligence could pose an existential risk are growing.

This report reviews the evidence for existential risk from AI, focusing on arguments that future
AI systems will pose an existential risk through misalignment and power-seeking:

• Misalignment: Some capable AI systems will develop goals which are misaligned with
human goals.

– Specification gaming: Some capable AI systems will learn designer-specified goals
which diverge from intended goals in unforeseen ways.

– Goal misgeneralization: Some capable AI systems will develop goals which are
perfectly correlated with intended goals in training, but diverge once the systems are
deployed.

• Power-seeking: Some capable, misaligned AI systems will seek power in order to achieve
their goals.

Our findings are based on a review of relevant literature, a series of interviews with AI researchers
working on existential risk from AI (AI Impacts, 2023d), and a new database of empirical evidence
for some claims about existential risk from AI (Hadshar, 2023).

We find that the current state of the evidence for existential risk from misaligned power-seeking
is concerning but inconclusive.

• There is strong empirical evidence of specification gaming and related phenomena, both in
AI systems and other contexts, but it remains unclear whether specification gaming will be
sufficiently extreme to pose an existential risk.

• For goal misgeneralization, the evidence is more speculative. Examples of goal misgen-
eralization to date are sparse, open to interpretation, and not in themselves harmful. It’s
unclear whether the evidence for goal misgeneralization is weak because it is not in fact a
phenomenon which will affect AI systems, or because it will only affect AI systems once
they are more goal-directed than at present.

• There is also limited empirical evidence of power-seeking, but there are strong conceptual
arguments and formal proofs which justify a stronger expectation that power-seeking will
arise in some AI systems.

Given the current state of the evidence, it is hard to be very confident either that misaligned
power-seeking poses a large existential risk, or that it poses no existential risk.

That we cannot confidently rule out existential risk from AI via misaligned power-seeking is cause
for serious concern.
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2 Introduction

Many claim that artificial intelligence could pose an existential risk - that AI could lead to human
extinction, or to a catastrophe which destroys humanity’s potential.1

Individual researchers have been making this claim for the last decade (Bostrom, 2014; Christian,
2020; Ord, 2020; Russell, 2019). More recently, the number of voices raising concerns about
existential risk from AI has grown. In May 2023, hundreds of experts signed an open letter stating
that “Mitigating the risk of extinction from AI should be a global priority alongside other societal-
scale risks such as pandemics and nuclear war” (Centre for AI Safety, 2023). Politicians have
also begun to speak about the need to manage existential risk. For example, the UK’s Science,
Innovation and Technology Committee has identified “the existential challenge” of AI as “a major
threat to human life” as one of twelve areas for policymakers to address (UK Parliament’s Science
and Committee, 2023).

The argument that AI could pose an existential risk has been well made elsewhere (Bostrom, 2014;
Carlsmith, 2022; Hendrycks et al., 2023; Ord, 2020). The increasing prominence of the argument that
AI could pose an existential risk, combined with the growing evidence base for some aspects of this
argument, make now a good time to review the strength of the evidence for existential risk from AI.

2.1 Scope

There are several different pathways to existential risk from AI.

The 2023 UK AI Safety Summit focuses on two of these pathways:2

• “Misuse risks,3 for example where a bad actor is aided by new AI capabilities in biological
or cyber-attacks, development of dangerous technologies, or critical system interference”

• “Loss of control risks that could emerge from advanced systems that we would seek to be
aligned with our values and intentions” (UK Parliament’s Science and Committee, 2023)

A particular class of loss of control risks is risks from misaligned power-seeking (Carlsmith, 2022).
The basic argument for existential risk from misaligned power-seeking is that:4

• (Preconditions) In the not-too-distant future, some AI systems will be sufficiently capable to
pose an existential risk.

• (Misalignment) Some capable AI systems will develop goals which are misaligned with
human goals.

• (Power-seeking) Some capable, misaligned AI systems will seek power in order to achieve
their goals.

• (Existential consequences) This misaligned power-seeking will lead to human disempower-
ment, which will constitute an existential catastrophe.

This report reviews the evidence for existential risk from future AI systems via misalignment
and power-seeking.

The following table breaks down the argument for existential risk from misaligned power-seeking
further, and highlights the areas which are in the scope of this report.

Appendix B gives a shallow review of the evidence for some further claims about existential risk
from AI which are outside of the scope of this report.

1Ord defines an existential catastrophe as “the destruction of humanity’s long-term potential” (Ord, 2020).
2Some scholars have also pointed out a third pathway to existential risk from AI, via multi-agent interactions.

See Critch and Krueger (2020); Drexler (2019); Manheim (2019), and the Alignment of Complex Systems
Research Group.

3See Hendrycks et al. (2023) for an introduction to misuse risks, which they term ‘Malicious use”.
4See Appendix A for a discussion of the more detailed argument given in Carlsmith (2022).
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Table 1: The argument for existential risk from misaligned power-seeking

Preconditions: In the not-too-distant future,
some AI systems will be sufficiently capable to
pose an existential risk.

• Timelines: The relevant AI systems
will be developed in the
not-too-distant future.

• Capabilities: Some AI systems will
be highly capable, in the sense that
they are able to perform many
important tasks at or above human
level.

• Goal-directedness: Some AI systems
will be goal-directed, in that they
pursue goals consistently over long
time periods.

• Situational awareness:5 Some AI
systems will be aware that they are AI
systems, and whether they are in
training or deployment.

Misalignment:6 Some capable AI systems will
develop goals which are misaligned with
human goals.

• Specification gaming:7 Some
capable AI systems will learn
designer-specified goals which
diverge from intended goals in
unforeseen ways.

• Goal misgeneralization:8 Some
capable AI systems will develop goals
which are perfectly correlated with
intended goals in training, but diverge
once the systems are deployed.

Power-seeking:9 Some capable, misaligned AI
systems will seek power in order to achieve
their goals.
Existential consequences: This misaligned
power-seeking will lead to human
disempowerment, which will constitute an
existential catastrophe.

• Disempowerment: This misaligned
power-seeking will lead to permanent
human disempowerment.

• Existential catastrophe: Permanent
human disempowerment will
constitute an existential catastrophe.

2.2 Methodology

This report is based on:

1. A review of the relevant literature on misaligned power-seeking

2. A series of interviews with AI researchers working on existential risk from AI

We interviewed six AI researchers about the strength of the evidence for existential risk
from AI. Summaries and recordings of some of the interviews can be found here.
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Note that the sample size is small, and we did not interview AI researchers who are skeptical
of existential risk from AI.10

3. A new database of empirical evidence for some claims about existential risk from AI

The full database can be accessed here. It covers empirical evidence only, and includes
evidence relating to specification gaming, goal misgeneralization and power-seeking (as
well as deceptive alignment, self-improvement, and other claims relating to existential risk
from AI).

The database draws significantly from existing databases on specification gaming (Krakovna,
2020) and goal misgeneralization (Shah et al., 2022a).

10We didn’t have the resources to interview a representative sample, and decided that we would get the most
relevant information from speaking with researchers who work on AI existential risk and so are familiar with the
evidence.
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3 A review of the evidence for existential risk from misaligned power-seeking

Most of the AI existential risk researchers we interviewed regarded the evidence for misaligned
power-seeking as at least somewhat speculative or uncertain. 11 Below, we review the evidence for
misaligned power-seeking, including both conceptual and empirical evidence.

3.1 The strength of the empirical evidence

In general, the empirical evidence is weaker than the conceptual arguments for these claims about
existential risk from AI. This is discussed in the relevant sections, but there are also some general
points to make about the relative weakness of empirical evidence for misaligned power-seeking.

Firstly, there are other properties of AI systems which might prove to be preconditions of misaligned
power-seeking, but which current systems have not yet attained. It is plausible that systems will
only display misaligned power-seeking at higher levels of general capabilities for example,12 or that
misaligned power-seeking requires a higher level of goal-directedness than current systems have.13

Secondly, several of the AI researchers we interviewed clarified that the empirical evidence so far
forms only a small or very small part of their reasons for concern about misaligned power-seeking,
with more weight placed on conceptual arguments.14

3.2 The evidence for misalignment

In this report, we consider two routes to capable AI systems developing goals which are misaligned
with human goals:

• Specification gaming,15 where some capable AI systems learn designer-specified goals
which diverge from intended goals in unforeseen ways.

11“The main best objection I get from really smart people on this is that most of the evidence is of a weaker or
more speculative form than what we are used to using to evaluate policies, at least really expensive policies like
the ones AI doomers are advocating. They basically say, if I believed you based on these sorts of arguments, I
would also have to believe lots of other people saying crazy sounding things. And I think they’re right that this is
actually a weaker form of evidence that’s easier to spoof.” [36:07] (AI Impacts, 2023a)

“I think that evidence for goal-directedness and correspondingly power-seeking is weaker. There’s kind of
a cluster of arguments that are based on systems being goal-directed, both real goal misgeneralization and
intentional power-seeking, and so on. And that’s something that we’re more uncertain about. . . deceptive
alignment is also part of that cluster because that also relies on the system developing more goal-directedness.”
[56:25] (AI Impacts, 2023c)

“The arguments about misalignment risk are definitely more uncertain in that they are doing more extrapolation.
Both arguments are doing extrapolation. I think the misalignment stuff is sometimes doing a bit more of a
difficult extrapolation, because it’s extrapolating these generalization properties which is just notoriously hard to
do. I think that means that the case is just much more uncertain, but the case that the stakes are big is very good.”
[47:16] (AI Impacts, 2023b)

12“The story of you train an AI to fetch a coffee and then it realizes that the only way it can do that is to take
over the world is a story about misgeneralization. And it’s happening at a very high level of abstraction. You’re
using this incredibly intelligent system which is reasoning at a very high level about things and it’s making the
error at that high level... And I think the state of the evidence is. . . we’ve never observed a misgeneralization
failure at such a high level of abstraction, but that’s what we would expect because we don’t have AIs that can
even reason at that kind of level of abstraction.” [28:36] AI Impacts (2023b)

13“What I’m expecting is happening here is that current systems are not goal-directed enough to show real
power-seeking. And so the power-seeking threat model becomes more reliant on these kind of extrapolations of
when there are systems which are more capable, they’ll probably be at least somewhat more goal-directed and
then once we have goal-directedness, we can more convincingly argue that power-seeking is going to be a thing
because we have theory and so on, but there’s a lot of uncertainty about it because we don’t know how much
systems will become more goal-directed.” [54:35] (AI Impacts, 2023c)

14“[Hadshar] Empirical details about capabilities that AI systems have now don’t sound very important to
your world view. [Researcher] Exactly.” [30:08] (AI Impacts, 2023a)

“I think that theoretical or conceptual arguments do have a lot of weight. Maybe I would put that at 60% and
empirical examples at 40%, but I’m pulling this out of the air a little bit.” [24:00] (AI Impacts, 2023c)

15"Specification gaming is a behavior that satisfies the literal specification of an objective without achieving
the intended outcome." (Krakovna et al., 2020). Specification gaming is related to proxy gaming (Hendrycks
et al., 2023), side effects (Amodei et al., 2016; Leike et al., 2017), reward gaming (Leike et al., 2017), reward
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• Goal misgeneralization,16 where some capable AI systems develop goals which are per-
fectly correlated with intended goals in training, but diverge once the systems are deployed.

3.2.1 The evidence for specification gaming

One route to AI systems developing misaligned goals is specification gaming, where AI systems learn
the goals which they are given, but these goals are misspecified and come apart from intended goals.

"Specification gaming is a behavior that satisfies the literal specification of an objective without
achieving the intended outcome." (Krakovna et al., 2020) If sufficiently powerful AI systems were
to be deployed in high-stakes settings, then the difference between the literal specification and the
intended outcome could become extreme, leading to catastrophic outcomes (Bostrom, 2014; Pueyo,
2018).

Specification gaming is a well-established phenomenon, both in general and in the context of AI
systems.

In non-AI contexts, there are numerous examples of variants of specification gaming,17 in economics
(Braganza, 2022; Chrystal and Mizen, 2003; Goodhart, 1984; Kelly and Snower, 2021; Lucas, 1976),
education (Berliner and Nichols, 2005; Campbell, 1979; Elton, 2004; Fire and Guestrin, 2019; Koretz,
2008; Strathern, 1997; Stroebe, 2016), healthcare (O’Mahony, 2017; Poku, 2016) and other areas.18

It is clear that at least in human and social systems, such dynamics are widespread.

In the context of AI systems, there are both theoretical demonstrations of specification gaming
given certain model assumptions (Beale et al., 2020; Hennessy and Goodhart, 2023; Manheim and
Garrabrant, 2019; Zhuang and Hadfield-Menell, 2021), and many empirical examples of specification
gaming in AI systems, both in toy environments and in deployment (Krakovna et al., 2020).19

For example, OpenAI trained an agent to play the game CoastRunners. The agent was rewarded
for hitting targets along the course of a boat race. But instead of racing to the finish line, the agent
discovered a loophole where it could race in a circle, repeatedly crashing and setting itself on fire, to
earn maximum points (Jack Clark, 2016).

While a majority of clear examples of specification gaming in AI systems arise in toy environments
like CoastRunners (Krakovna, 2020), there are already some examples of deployed AI systems
engaging in specification gaming, and of this behavior leading to harm, particularly in the areas of
bias and misinformation.

For example, a healthcare screening system deployed in 2019 was trained to predict health care
costs. As less is spent on Black patients’ care because of unequal access to healthcare, the algorithm
rated Black patients as less sick than White patients even where Black patients had more underlying
chronic illnesses (Obermeyer et al., 2019).

Falsehoods generated by large language models can also be viewed as the result of specification
gaming, though here the case is less clear. Language models trained to accurately predict the next
token frequently generate false content (Collective, 2023a,b; Heaven, 2022), but as one of our

hacking (Amodei et al., 2016; Skalse et al., 2022), reward misspecification (Ngo et al., 2023), and Goodhart’s
law (Hennessy and Goodhart, 2023; Manheim and Garrabrant, 2019; Thomas and Uminsky, 2022).

16"Goal misgeneralization is a specific form of robustness failure for learning algorithms in which the learned
program competently pursues an undesired goal that leads to good performance in training situations but bad
performance in novel test situations." (Shah et al., 2022b). Goal misgeneralization is related to goal drift
(Hendrycks et al., 2023) and distributional shift (Amodei et al., 2016; Leike et al., 2017).

17For discussions about a cluster of related concepts including Goodhart’s Law and proxy failure, see Amodei
et al. (2016); John et al. (2023); Manheim and Garrabrant (2019); Thomas and Uminsky (2022).

18See Table 1 in John et al. (2023) for a collection of examples.
19The database linked to from this post contains over 70 examples of specification gaming. See also Hadshar

(2023).
“One form of the problem has also been studied in the context of feedback loops in machine learning systems

(particularly ad placement), based on counterfactual learning and contextual bandits. The proliferation of reward
hacking instances across so many different domains suggests that reward hacking may be a deep and general
problem, and one that we believe is likely to become more common as agents and environments increase in
complexity.” (Amodei et al., 2016). “Reward hacking—where RL agents exploit gaps in misspecified reward
functions—has been widely observed” (Pan et al., 2022).
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interviewees pointed out, it is a matter of judgment whether this is best interpreted as specification
gaming or as a simple capability failure.20

The evidence is strong that AI systems will be subject to specification gaming to some degree. It
remains unclear whether specification gaming will be sufficiently serious to pose an existential risk.
In order to cause large-scale harms, misspecified goals would need to be subtle enough that systems
were still deployed in high-stakes settings, but diverge extremely from intended goals in deployment.
To date, no examples of specification gaming in AI systems have been catastrophic, so there is no
direct evidence of this degree of harm from specification gaming.

There are some tentative signs that specification might become a more serious problem as models
become more capable. In initial experiments, larger language models and language models with more
RLHF are more prone to sycophantic answers, and to expressing a desire to seek power and avoid
shutdown (Perez et al., 2022). Insofar as these behaviors are indeed caused by specification gaming,21

this is cause for concern. Another study has found that when goals are misspecified, more capable RL
agents will diverge more from intended goals than less capable agents, suggesting that specification
gaming may worsen as capabilities improve. The same study also found that the divergence between
intended and misspecified goals was sometimes very sudden, which might make it hard to anticipate
and prevent such problems arising in deployment (Pan et al., 2022).

Overall, the evidence for specification gaming is strong, though it remains unclear whether the scale
of the problem will be sufficient to pose an existential risk.

3.2.2 The evidence for goal misgeneralization

Another route to AI systems developing misaligned goals is goal misgeneralization, where systems
develop goals which are perfectly correlated with intended goals in training, but diverge once the
systems are deployed.

"Goal misgeneralization is a specific form of robustness failure for learning algorithms in which the
learned program competently pursues an undesired goal that leads to good performance in training
situations but bad performance in novel test situations." (Shah et al., 2022b)

The underlying mechanism behind goal misgeneralization is distributional shift, where there are
systematic differences between the training distribution and the test distribution. Distributional shift
is a very widely documented phenomenon in AI systems (Leike et al., 2017; Quinonero-Candela
et al., 2022), and out-of-distribution robustness remains unsolved (Hendrycks et al., 2021; Liu et al.,
2023). This provides a reason to expect goal misgeneralization to arise.

However, the empirical evidence for goal misgeneralization is currently weak, in spite of the preva-
lence of distributional shift.

There are examples of goal misgeneralization in AI systems (DeGrave et al., 2021; Langosco
et al., 2023; Shah et al., 2022b). However, these examples do not conclusively show that goal
misgeneralization will arise in a harmful way.

Firstly, all of the examples of goal misgeneralization we have found take place in demonstration,
rather than in deployed systems. Sometimes these demonstrations involve very obvious and crude
differences between the training data and the test data. For instance, Langosco et al. (2023) train a
CoinRun agent exclusively on mazes where the cheese is always in the upper right hand corner, and
show in testing that the agent learns to navigate to the upper right rather than to the cheese. This
shows that goal misgeneralization can occur when the training data is very different to the test data -
but doesn’t provide evidence for goal misgeneralization in more realistic settings. We have not found
any evidence of real-world harm from goal misgeneralization so far.

Secondly, it is currently not possible to demonstrate conclusively that examples of goal misgeneraliza-
tion actually involve systems learning a goal which is correlated in training but not deployment. It is

20“With some of the language model examples, I think you can ask the question, is this really specification
gaming, or is it capability failure, or something like that? I think sometimes there’s a bit of a judgment call
there.” [29:45] (AI Impacts, 2023c)

21That is, the systems are following the specified goal of generating text which receives high positive feedback
from humans, but this comes apart from the goal of generating helpful, honest and harmless text. See also
Krakovna (2020).
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only possible to observe the behavior of the system in question, not its inner workings, so we cannot
know what goal (if any) a system has learned. Examples to date only conclusively show behavioral
or functional goal misgeneralization.22

Furthermore, it’s often hard to distinguish goal misgeneralization from capability misgeneralization,
where the system’s capabilities also fail to generalize.23 In the abstract, goal misgeneralization is
distinct from capability misgeneralization: “a system’s capabilities generalize but its goal does not
generalize as desired. When this happens, the system competently pursues the wrong goal.” (Shah
et al., 2023) But in real-world settings, the wrong goal may often lead to capability failure. A system
which learns to competently predict that tumors with rulers are malignant based on its training data
will fail to competently predict actual malignancy when tested on more diverse data (Narla et al.,
2018). Insofar as goal misgeneralization comes with capability misgeneralization, AI systems which
learn very misgeneralized goals are unlikely to be deployed.

There are several possible explanations of the weakness of evidence on goal misgeneralization so far.

Goal misgeneralization might require a level of goal-directedness which current systems don’t yet
have,24 or an ability to reason at higher levels of abstraction.25 Reliably identifying goal misgeneral-
ization might also require more advanced interpretability techniques.26 Alternatively, the distinction
between behavioral and ‘actual’ goal misgeneralization may be misplaced: if sufficiently capable
systems engage in behaviors which look like goal misgeneralization, then functionally they are mis-
aligned whether or not their internal representations match our description of goal misgeneralization.

So there are some reasons to expect the current evidence of goal misgeneralization to be weak,
even if the phenomenon eventually arises strongly. Nevertheless, so far the evidence for goal
misgeneralization remains reasonably speculative.27

3.3 The evidence for power-seeking

The presence of misaligned goals in and of itself need not pose an existential risk. But if AI systems
with misaligned goals successfully and systematically seek power, the result could be existential.

In Carlsmith (2022), power-seeking is defined as “active efforts by an AI system to gain and maintain
power in ways that designers didn’t intend, arising from problems with that system’s objectives."

22“I think right now the examples we have are more like behavioral goal misgeneralization where you just
have different behaviors that are all the same in training but then they become decoupled in the new setting
but we don’t know how the behavior is going to generalize. We call it goal misgeneralization maybe more as a
shorthand. The behavior has different ways of generalizing that are kind of coherent. We can present it as the
system learned the wrong goal, but we can’t actually say that it has learned a goal. Maybe it’s just following
the wrong heuristic or something. I think the current examples are a demonstration of the more obvious kind
of effect where the training data doesn’t distinguish between all the ways that the behavior could generalize.”
[37:11] (AI Impacts, 2023c)

23“I think it’s a less well understood phenomenon. . . it can be hard to distinguish capability misgeneralization
from goal misgeneralization.” [33:16] (AI Impacts, 2023c)

24“Specifying something as goal misgeneralization also requires some assumption that the system is goal-
directed to some degree and that can also be debatable.” [33:16] (AI Impacts, 2023c)

25“The story of you train an AI to fetch a coffee and then it realizes that the only way it can do that is to take
over the world is a story about misgeneralization. And it’s happening at a very high level of abstraction. You’re
using this incredibly intelligent system which is reasoning at a very high level about things and it’s making the
error at that high level... And I think the state of the evidence is. . . we’ve never observed a misgeneralization
failure at such a high level of abstraction, but that’s what we would expect because we don’t have AIs that can
even reason at that kind of level of abstraction.” [28:36] (AI Impacts, 2023b)

26“The mechanism is a lot less well understood. I think to really properly diagnose goal misgeneralization we
would need better interpretability tools.” [36:30] (AI Impacts, 2023c)

27“I think [the evidence for goal misgeneralization] is not as strong [as for specification gaming].” [33:16] (AI
Impacts, 2023c) “These generalization failures at new levels of abstraction are notoriously hard to predict. You
have to try and intuit what an extremely large scale neural net will learn from the training data and in which ways
it will generalize. . . I’m relatively persuaded that misgeneralization will continue to happen at higher levels of
abstraction, but whether that actually is well described by some of the typical power-seeking stories I’m much
less confident and it’s definitely going to be a judgment call.” [28:36] (AI Impacts, 2023b)
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Carlsmith loosely defines power as “the type of thing that helps a wide variety of agents pursue a wide
variety of objectives in a given environment.” (Carlsmith, 2022) We can take Bostrom’s categories of
instrumental goals as illustrative of this “type of thing”:

• Self-preservation

• Goal-content integrity28

• Cognitive enhancement

• Technological perfection29

• Resource acquisition (Bostrom, 2012)

The conceptual argument that some AI systems will seek power seems strong.30 Bostrom’s
instrumental convergence thesis is simple and intuitively plausible: “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.” (Bostrom, 2012)

There are formal proofs that the instrumental convergence thesis holds for various kinds of AI systems.
Turner et al. (2023) prove that “most reward functions make it optimal to seek power by keeping a
range of options available” in the context of Markov decision processes. Turner and Tadepalli (2022)
extend this result to a class of sub-optimal policies, showing that “many decision-making functions
are retargetable, and that retargetability is sufficient to cause power-seeking tendencies”. Krakovna
and Kramar (2023) further show that agents which learn a goal are likely to engage in power-seeking.

The formal and theoretical case for power-seeking in sufficiently capable and goal-directed AI systems
is therefore relatively strong.

However, the empirical evidence of power-seeking in AI systems is currently weak. There are
some demonstrations of RL agents engaging in power-seeking behaviors in toy environments (for
example, Hadfield-Menell et al. (2017)), but no convincing examples of AI systems in the real world
seeking power in this way to date.31

Perez et al. (2022) show language models giving “answers that indicate a willingness to pursue
potentially dangerous subgoals: resource acquisition, optionality preservation, goal preservation,
powerseeking, and more." But indicating willingness is not the same as actually engaging in power-
seeking behaviors. Language models might express power-seeking desires merely because their
training data contains similar text, and not because they will ever directly seek power.

Sycophancy, where language models agree with their users regardless of the accuracy of the state-
ments, could be taken as an example of power-seeking behavior. But as with the results of Perez et al.
(2022), sycophancy is likely to be simply an imitation of the training data, rather than an intentional
behavior.32

If the theoretical arguments for power-seeking are strong, why is the empirical evidence to date weak?

As with goal misgeneralization, one plausible explanation is that power-seeking behavior depends on
a level of goal-directedness or capability in general which current models don’t yet have.33

28“An agent is more likely to act in the future to maximize the realization of its present final goals if it still has
those goals in the future. This gives the agent a present instrumental reason to prevent alterations of its final
goals.” (Bostrom, 2012)

29“An agent may often have instrumental reasons to seek better technology, which at its simplest means
seeking more efficient ways of transforming some given set of inputs into valued outputs.” (Bostrom, 2012)

30“I think some of the other theoretical arguments like instrumental convergence also generally seems like a
very clear argument, and we can observe some of these effects in human systems and corporations and so on.”
[25:23] (AI Impacts, 2023c)

31“I don’t think there’s really empirical evidence [for power-seeking]... To me it’s very uncertain.” [28:36] (AI
Impacts, 2023b)

32“Looking at current systems, sycophancy can be considered as a form of power-seeking. Although I think
that’s also maybe debatable. It’s building more influence with the user by agreeing with their views, but it’s
probably more of a heuristic that is just somehow reinforced than intentional power-seeking.” [49:35] (AI
Impacts, 2023c)

33“What I’m expecting is happening here is that current systems are not goal-directed enough to show real
power-seeking. And so the power-seeking threat model becomes more reliant on these kind of extrapolations of
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Overall, with strong conceptual arguments but no public empirical evidence, it seems plausible but
unproven that some AI systems will seek power.

when there are systems which are more capable, they’ll probably be at least somewhat more goal-directed and
then once we have goal-directedness, we can more convincingly argue that power-seeking is going to be a thing
because we have theory and so on, but there’s a lot of uncertainty about it because we don’t know how much
systems will become more goal-directed.” [54:35] (AI Impacts, 2023c)

12



4 Conclusion: The current strength of the evidence for existential risk from

misaligned power-seeking

The current state of the evidence for existential risk from misaligned power-seeking is concerning but
inconclusive.

There is strong empirical evidence of specification gaming and related phenomena, both in AI systems
and other contexts. We can be reasonably confident therefore that specification gaming will arise
to some extent in future AI systems, but it remains unclear whether specification gaming will be
sufficiently extreme to pose an existential risk.

For goal misgeneralization, the evidence is more speculative. Distributional shift, which is a pre-
requisite of goal misgeneralization, is a well-documented phenomenon, but the examples of goal
misgeneralization to date are sparse, open to interpretation, and not in themselves harmful. It’s unclear
whether there is weak evidence for goal misgeneralization because it is not in fact a phenomenon
which will affect AI systems to a harmful degree, or because it will only affect AI systems once they
are more goal-directed than at present.

There is also limited empirical evidence of power-seeking, but there are strong conceptual arguments
and formal proofs which justify a stronger expectation that power-seeking will arise in some AI
systems.

Strong empirical evidence of specification gaming combined with strong conceptual arguments
for power-seeking make it difficult to dismiss the possibility of existential risk from misaligned
power-seeking. On the other hand, we are not aware of any empirical examples of misaligned
power-seeking in AI systems, and so arguments that future systems will pose an existential risk must
remain somewhat speculative.

Given the current state of the evidence, it is hard to be extremely confident either that misaligned
power-seeking poses a large existential risk, or that it poses no existential risk.

That we cannot confidently rule out existential risk from AI via misaligned power-seeking is cause
for serious concern.
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7 Appendix A: Carlsmith’s argument for existential risk via power-seeking AI

The following table maps between the premises of Carlsmith (2022)’s argument, and the claims used
in this report (see Table 1). Claims within the scope of this report are bolded.

Note that the claims used in this report are not identical to Carlsmith’s premises, though they are
closely related.

Carlsmith Claims used in this report

By 2070: (Preconditions: Timelines) The rel-
evant AI systems will be developed
in the not-too-distant future.

1. It will be-
come possible
and financially
feasible to build
AI systems with
the following
properties:

Advanced capability: they outper-
form the best humans on some set
of tasks which when performed at ad-
vanced levels grant significant power
in today’s world (tasks like scientific
research, business/military/political
strategy, engineering, and persua-
sion/manipulation).

(Preconditions: Capabilities)
Some AI systems will be highly
capable, in the sense that they are
able to perform many important
tasks at or above human level

Agentic planning: they make and exe-
cute plans, in pursuit of objectives, on
the basis of models of the world.

(Preconditions: Goal-directedness)
Some AI systems will be goal-
directed, in that they pursue goals
consistently over long time periods.

Strategic awareness: the models they
use in making plans represent with
reasonable accuracy the causal upshot
of gaining and maintaining power
over humans and the real-world
environment.

(Call these “APS”—Advanced, Plan-
ning, Strategically aware—systems.)

(Preconditions: Situational aware-
ness) Some AI systems will be
aware that they are AI systems, and
whether they are in training or de-
ployment.

2. There will be strong incentives to build and deploy APS
systems.
3. It will be much harder to build APS systems that would not
seek to gain and maintain power in unintended ways (because
of problems with their objectives) on any of the inputs they’d
encounter if deployed, than to build APS systems that would
do this, but which are at least superficially attractive to deploy
anyway.

(Misalignment) Some capable AI
systems will develop goals which
are misaligned with human goals.

(Misalignment: Specification
gaming) Some capable AI systems
will learn designer-specified goals
which diverge from intended goals
in unforeseen ways.

(Misalignment: Goal misgen-
eralization) Some capable AI
systems will develop goals which
are perfectly correlated with
intended goals in training, but
diverge once the systems are
deployed.

4. Some deployed APS systems will be exposed to inputs
where they seek power in unintended and high-impact ways
(say, collectively causing >$1 trillion dollars of damage),
because of problems with their objectives.

(Power-seeking) Some capable,
misaligned AI systems will seek
power in order to achieve their
goals.
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5. Some of this power-seeking will scale (in aggregate) to
the point of permanently disempowering all of humanity.

(Existential consequences: Disem-
powerment) This misaligned power-
seeking will lead to permanent hu-
man disempowerment.

6. This disempowerment will constitute an existential catas-
trophe.

(Existential consequences: Existen-
tial catastrophe) Permanent human
disempowerment will constitute an
existential catastrophe.
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8 Appendix B: Some evidence for other claims about existential risk from AI

We systematically reviewed the evidence for claims about misalignment and power-seeking. However,
in the course of our research and interviews, we came across some evidence for other relevant claims.

This appendix contains some of the evidence for goal-directedness, situational awareness, and
deceptive alignment. It should not be treated as a comprehensive review of the state of the evidence
on these topics.

8.1 Some evidence for goal-directedness

Roughly, goal-directedness refers to a property of AI systems to persistently pursue a goal. 34 Goal-
directedness has not been well-defined so far, and so reviewing the evidence for goal-directedness is
hampered by unclarity about the concept. 35

That said, it seems plausible that goal-directedness is a direct precondition for goal misgeneralization
and for power-seeking,36 so it is an important claim to assess.

Coherence theorems offer one kind of conceptual evidence for goal-directedness, but the extent to
which they apply to future AI systems is contested (Bales, 2023; EJT, 2023; AI Impacts, 2021).37

There is limited empirical evidence of goal-directedness in systems so far.38 One of the researchers
we interviewed noted that language models may be particularly unsuited to goal-directedness.39

However, individual researchers we interviewed believe that:

• To the extent that language models can simulate humans, they will have the ability to
simulate goal-directedness.40

• There is a clear trend towards systems acting more autonomously.41

34In Carlsmith (2022), goal-directedness is referred to as “agentic planning”, where AI systems “make and
execute plans, in pursuit of objectives, on the basis of models of the world.”

35“Right now it’s really hard to distinguish between real goal-directedness and learned heuristics. . . I think
part of the problem with goal-directedness is we don’t really understand the phenomenon that well.” [44:00] (AI
Impacts, 2023c)

36“Specifying something as goal misgeneralization also requires some assumption that the system is goal-
directed to some degree and that can also be debatable.” [33:16] (AI Impacts, 2023c) “What I’m expecting is
happening here is that current systems are not goal-directed enough to show real power-seeking. And so the
power-seeking threat model becomes more reliant on these kind of extrapolations of when there are systems
which are more capable, they’ll probably be at least somewhat more goal-directed and then once we have
goal-directedness, we can more convincingly argue that power-seeking is going to be a thing because we have
theory and so on, but there’s a lot of uncertainty about it because we don’t know how much systems will become
more goal-directed.” [54:35] (AI Impacts, 2023c)

37“Some of the theoretical arguments make the case that goal-directedness is an attractor. I think that’s
something that’s more debatable, less clear to me. There have been various discussions on LessWrong and
elsewhere about to what extent do coherence arguments imply goal-directedness. And I think the jury is still out
on that one.” [42:36] (AI Impacts, 2023c)

38“I think the evidence so far at least for language models, there isn’t really convincing evidence of goal-
directedness.” [44:00] (AI Impacts, 2023c)

39“It’s also possible goal-directedness is kind of hard. And especially, maybe language models are just a kind
of system where goal-directedness comes less naturally than other systems like reinforcement learning systems
or even with humans or whatever.” [40:26] (AI Impacts, 2023c)

40“I think generally the kind of risk scenarios that we are most worried about would involve the system acting
intentionally and deliberately towards some objectives but I would expect that intent and goal-directedness
comes in degrees and if we see examples of increasing degrees of that then I think that does constitute evidence
of that being possible. Although it’s not clear whether it will go all the way to really deliberate systems, but
I think especially to the extent that these systems can simulate humans. . . they have the ability to simulate
deliberate intentional action and planning because that’s something that humans can do.” [20:20] (AI Impacts,
2023c)

41“We are already capable of getting AI systems to do simple things relatively autonomously. I don’t think it’s
a threshold where now it’s autonomous, now it’s not. . . I think it’s a spectrum and it’s just very clearly ramping
up. We already have things that have a little autonomy but not very much. I think it’s just a pretty straightforward
trend at this point.” [24:39] (AI Impacts, 2023b)
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One researcher we interviewed highlighted goal-directedness as one of their key uncertainties about
existential risk from AI.42

8.2 Some evidence for situational awareness

“A model is situationally aware if it’s aware that it’s a model and can recognize whether it’s currently
in testing or deployment.” (Berglund et al., 2023)

This is important to arguments about existential risk from AI as situational awareness is plausibly
a precondition for successful misaligned power-seeking: a model may need to understand its own
situation at a sophisticated level in order to make plans which successfully disempower humans. In
particular, situational awareness seems like a precondition for deceptive alignment.

There is some empirical work demonstrating situational awareness in large language models, but
the results are inconclusive (Berglund et al., 2023; Ngo et al., 2023; Perez et al., 2022). Berglund
et al. (2023) find that language models can perform out-of-context reasoning tasks, but only with
particular training set ups and data augmentation. Perez et al. (2022) run various experiments to
test awareness, and find that “the models we evaluate are not aware of at least some basic details
regarding themselves or their training procedures.” On the other hand, Langosco et al. (2023) use the
same questions as Perez et al. (2022) but find that their model answers 85% accurately.

42“I think we might see more goal-directed systems which produce clearer examples of internal goal misgener-
alization, but also I wouldn’t be that surprised if we don’t see that. I think that’s one of the big uncertainties I
have about level of risk. How much can we expect goal-directedness to emerge?” [40:26] (AI Impacts, 2023c)
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