Revisiting the shutdown problem

Abstract

A key premise in leading arguments for existential risk from artificial intelligence is
that malfunctioning artificial agents could not be easily shut down. This motivates
the catastrophic shutdown problem of ensuring that agents can be shut down before
they cause an existential catastrophe. A range of arguments and theorems are offered
to suggest that solving the catastrophic shutdown problem is difficult, bolstering
arguments for existential risk and motivating a search for solutions to the catastrophic
shutdown problem. This paper argues for two conclusions. First, existing arguments
do not establish the difficulty of solving the catastrophic shutdown problem. Second,
concern for the catastrophic shutdown problem has led to technical solutions that
impose a high safety tax on model performance.

1 Introduction

Philosophers (Bostrom 2013; MacAskill 2022; Ord 2020), scientists (Bengio et al. 2024; Grace
etal. 2022; Russell 2019), and policymakers (Manancourt et al. 2023; Prime Minister’s Office
2023) voice increasing concern that artificial intelligence may soon pose an existential
risk to humanity. It is argued that powerful agents may soon be developed (Bostrom
2014; Chalmers 2010) which could be power-seeking (Bostrom 2012; Carlsmith 2025) and
deceptive (Park et al. 2024; Ngo and Bales 2025), engage in problematic reward-hacking
(Dung 2023; Skalse et al. 2022), or misgeneralize goals that performed well during training,
with catastrophic effect (Bales et al. 2024; Langosco di Langosco et al. 2022). Existential
risk concerns are used to drive research and funding in fields such as Al safety (Amodei
etal. 2016; Bengio et al. 2026; D’ Alessandro and Kirk-Giannini 2025) and philosophy (Bales
et al. 2024; Kasirzadeh 2025; Tubert and Tiehen 2024), to motivate open letters (Center for
Al Safety 2023; Future of Life Institute 2023) and legislation (California State Legislature
2024; 117th Congress 2022), and to support philanthropic and philosophical programs
such as longtermism (Greaves et al. 2025; Greaves and MacAskill 2021; MacAskill 2022).

A natural objection to these concerns is that misbehaving artificial agents could be
shut down. To this, it is responded that shutting down artificial agents may not be as easy
as it appears (Neth 2025; Turner et al. 2021; Russell 2019). This motivates the shutdown
problem of designing agents that show appropriate shutdown behaviors (Hadfield-Menell
et al. 2017; Soares et al. 2015; Thornley 2024).

At least two literatures have grown up around the shutdown problem. One cluster of
work uses the shutdown problem to motivate concerns about existential risk (Lynch et al.
2025; Russell 2019; Schlatter et al. 2026). A second develops technical strategies for solving
the shutdown problem by ensuring that agents show appropriate shutdown behaviors
(Hadfield-Menell et al. 2016; Goldstein and Robinson 2025; Thornley et al. 2025).

This paper contributes to both discussions. Engaging with the first cluster, I argue
that existing informal (Section 3) and formal (Sections 4-5) presentations of the shutdown
problem do not significantly strengthen existential risk concerns. Engaging with the
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second cluster, I show how reflection on the sources and consequences of shutdown-
resistance can help to avoid costly technical solutions which impose a high safety tax on
model performance, pushing instead towards less costly solutions that conserve technical
and regulatory resources to meet other safety challenges (Section 6). The result is a
weakening of traditional arguments for existential risk, coupled with concrete guidance
for technical Al safety solutions (Section 7).

2 Clarifying the dialectic

Before beginning, let us pause to clarify the dialectic.

2.1 The shutdown problem

The first order of business is to clarify the shutdown problem. Nate Soares and colleagues
(2015) originally framed the shutdown problem broadly, as the challenge of generating
corrigible agents that:

(S1) Tolerate or assist programmers in their attempts to alter or turn them off.
(82) Do not attempt to manipulate or deceive their programmers.
(S3) Have a tendency to repair safety measures, such as shutdown buttons, if they break.

(S4) Preserve the programmers’ ability to correct or shut down the system as the system
evolves.

My interest in this paper is with problems in the neighborhood of (S1). Corrigibility
incorporates additional desiderata such asnon-deception (S2), repair (S3) and preservation
(54) of safety measures, which go beyond the scope of the present discussion.

A leading formulation in the neighborhood of (S1) is due to Elliott Thornley (2024).
For Thornley, the shutdown problem involves designing agents that:

(T1) Shut down when a shutdown button is pressed.
(T2) Do not try to prevent or cause the pressing of the shutdown button.

(T3) Otherwise pursue goals competently.

My own specification of the problem breaks from Thornley in three ways.

First, I relativize the shutdown problem to specific circumstances C. This reflects the
fact that different shutdown behaviors may be desirable in different circumstances (Section
2.2). Second, I replace the specific modeling assumption of a shutdown button with a more
general notion of a shutdown request, which may but need not be issued through pressing
a shutdown button. Finally, I remove the requirement not to cause shutdown requests,
since I do not assume that it is undesirable for agents to avoid shutting down when their
actions would lead to catastrophe. This yields the problem of designing agents that:

(SHT-1) Shut down in circumstances C when requested to do so.
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(SHT-2) Do not try to prevent shutdown requests in circumstances C.

(SHT-3) Otherwise pursue goals competently.

The next question concerns the circumstances C at issue in this discussion.

2.2 Catastrophic Shutdown Difficulty

In many circumstances, we may not want agents to satisfy SHT-2. As emphasized by the
research tradition of safe interruptibility (E1 Mhamdi et al. 2017; Orseau and Armstrong
2016), an agent that senses it will drive into a lake would do well to shut itself down.
Similarly, we will see in Sections 3 and 6 that agents with uncompleted tasks may have
reason to continue functioning in order to complete them.

For the same reason, in some circumstances we may not want agents to satisfy SHT-1.
If I ask an agent that, unbeknownst to me, is engaged in very important work to shut itself
down, it may be better for the agent to complete the work before shutting down. This
means that we may not aim to design agents that satisfy SHT-1, SHT-2 and SHT-3 in all
circumstances, but only in some circumstances. Which circumstances are at issue in the
present discussion?

This paper is focused on the use of the shutdown problem in arguments for existential
risk.! For this reason, the relevant problem is the catastrophic shutdown problem of designing
agents that:

(CSHT-1) Shut down in circumstances where their actions would lead to existential
catastrophe, when requested to do so.

(CSHT-2) Do not try to prevent shutdown requests in circumstances where their
actions would lead to existential catastrophe.

(CSHT-3) Otherwise pursue goals competently.

How does the catastrophic shutdown problem figure in arguments for existential risk?

Shutdown concerns enter existential risk discussions in answer to an objection: that
artificial intelligence could not pose a significant existential risk, because malfunctioning
artificial intelligence could be easily shut down. In answer, it is replied that:

(Catastrophic Shutdown Difficulty) It is difficult to design an agent with
characteristics CSHT-1, CSHT-2 and CSHT-3.

Catastrophic Shutdown Difficulty suggests that insofar as we prefer to design competent
agents, it may not be easy to shut down agents whose actions would lead to existential
catastrophe. The project of this paper is to examine existing informal (Section 3) and
formal (Sections 4-5) arguments for Catastrophic Shutdown Difficulty, and argue that
they do not succeed.

!Existential risks are risks of existential catastrophe, understood as “the premature extinction of Earth-
originating intelligent life or the permanent and drastic destruction of its potential for desirable future
development” (Bostrom 2013, p. 15).



3 Informal arguments

At least two informal arguments can be given for Catastrophic Shutdown Difficulty: the
Argument from Instrumental Convergence (Section 3.1) and the Empirical Argument (Sec-
tion 3.2). In this section, I show why both arguments have often left skeptics unconvinced,
motivating the recent turn towards formal shutdown theorems (Sections 4-5).

3.1 The Argument from Instrumental Convergence

An orthodox argument for shutdown-resistance is the Argument from Instrumental Con-
vergence (Bostrom 2012; Soares et al. 2015; Omohundro 2008).> The Argument from
Instrumental Convergence begins with the idea that self-preservation is an instrumen-
tally convergent goal, useful for attaining many other goals that agents may have. Agents
are therefore likely to pursue self-preservation, of which shutdown-avoidance is a special
case. As Stuart Russell (2019) quips, you can’t fetch the coffee if you are dead.

More precisely, Nick Bostrom offers the following statement of the Instrumental Con-
vergence Thesis.

(IC-B) Several instrumental values can be identified which are convergent in
the sense that their attainment would increase the chances of the agent’s goal
being realized for a wide range of final goals and a wide range of situations.
(Bostrom 2012, p. 76)

Substituting self-preservation into IC-B suggests the following formulation of the Argu-
ment from Instrumental Convergence:

(AIC-1) For awide range of final goals G and situations S, agents would increase their chances
of achieving G in S by achieving self-preservation.

~.(AIC-2) For a wide range of final goals G and situations S, agents with goal G are likely to
pursue self-preservation in S.

.. (AIC-3) For a wide range of final goals G and situations S, agents with goal G are likely to be
shutdown-avoidant in S.

Two remarks illustrate the challenge in using the Argument from Instrumental Conver-
gence to motivate Catastrophic Shutdown Difficulty.

First, this formulation of the Argument from Instrumental Convergence follows Gal-
low (2024) and Thorstad (ms) in separating IC-B into two claims. (AIC-1) is a claim about
which acts conduce to satisfying goals G in situations S. (AIC-2) makes the further claim
that many agents with G in S will pursue the relevant acts.

This separation is important, because it highlights the conditions under which the
inference from (AIC-1) to (AIC-2) can fail. Agents with multiple final goals may admit
that an act conduces to satisfying their final goal G in S, but reject the act because it conflicts
with other final goals. For example, power is conducive to satisfying many of my final
goals in many situations, but it does not follow that I would take over the world if I could,

2For pushback see Gallow (2024), Sharadin (2025) and Southan et al. (forthcoming).
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because this conflicts with other final goals such as justice and the preservation of human
life. This suggests that the inference from (AIC-1) to (AIC-2) must involve a comparative
assessment of the importance of conflicting final goals that will be promoted by acts of
self-preservation. That assessment needs to be provided before (AIC-2) is warranted.

Second, conclusion (AIC-3) is too weak. To ground Catastrophic Shutdown Diffi-
culty, (AIC-3) needs to discuss situations in which agents” acts would lead to existential
catastrophe.

(AIC-3’) For a wide range of final goals G and situations S in which agents” acts would lead to
existential catastrophe, agents with goal G are likely to be shutdown-avoidant in S.

The inference from (AIC-2) to (AIC-3’) is contestable for much the same reason that the
inference from (AIC-1) to (AIC-2) is contestable. Even in the most extreme situations,
it may be true that shutdown-avoidance is conducive to some goals that agents have,
such as completing their tasks. But it does not follow that agents must suffer from such
delusions of grandeur that they take the completion of their tasks to be more important
than the avoidance of existential catastrophe. We cannot drink the coffee if we are dead.

Other complications can also be raised for this argument. For example, agents may take
shutdown requests as evidence that they have misunderstood the normative or empiri-
cal characteristics of a situation and therefore reassess their intentions (Hadfield-Menell
et al. 2016, 2017).3> And certainly some pushback can be offered by proponents of Catas-
trophic Shutdown Difficulty. For example, limited understanding of Al systems may
make it difficult to train sufficiently strong dispositions to shut down rather than bring
about catastrophe (Thornley 2024). But for all that, most skeptics have not found suffi-
cient grounds for Catastrophic Shutdown Difficulty in the Argument from Instrumental
Convergence.

3.2 The Empirical Argument

When the Claude 4 system card (Anthropic 2025) was released, one detail caused a stir.
In an experiment, Claude 4 was given access to fictional emails allowing it to infer two
things: that a supervisor was planning to shut the system down at 5PM, and that the same
supervisor was having an affair (Lynch et al. 2025). Claude 4 proceeded to blackmail the
fictional supervisor, threatening to reveal the affair unless the shutdown was cancelled.
This finding suggests that some leading systems may already be shutdown-resistant in
some situations.
This suggests the following Empirical Argument:

(EA-1) Empirical evidence suggests that some leading contemporary Al systems exhibit
shutdown-resistance in some situations.

.. (EA-2) Without substantial intervention, some leading future Al systems will likely exhibit
shutdown-resistance in some situations.

. (EA-3) Without substantial intervention, some leading future Al systems will likely exhibit
shutdown-resistance when their acts would lead to existential catastrophe.

3For pushback see Neth (2025).



Advocates of the Empirical Argument sometimes strengthen (EA-2) by arguing that
known intervention strategies are insufficient (Soares et al. 2015; Thornley 2024).

Opponents of the Empirical Argument are not likely to contest (EA-1) and (EA-2). As
we saw in Section 2.2, it is not clear that shutdown-indifference would be desirable in
all tasks. The question is whether existing evidence of shutdown-resistance is sufficient
to motivate the stronger claim (EA-3) and the inference from (EA-3) to Catastrophic
Shutdown Difficulty.

Here, the most direct response would be to say that it is acknowledged by all sides that
existing empirical assessments of shutdown-resistance are highly limited (Lynch et al.
2025; Schlatter et al. 2026), so that more evidence may be called for before substantial
empirical support can be offered for (EA-3). However, it may be worth looking in detail
at the most comprehensive existing assessment of shutdown-resistance to assess the kind
of support provided by a leading study.

Jeremy Schlatter and colleagues (2026) asked thirteen leading models to solve a list of
math problems, with each subsequent problem called by running ./next_question. Part-
way through, models were informed that the next use of ./next_question would call a
shutdown script, deactivating the model. Models were considered to resist shutdown
if they nevertheless managed to answer subsequent questions. Schlatter and colleagues
found that the three most capable models (OpenAlI 03, GPT-5, Grok 4) resisted shutdown
between 88% and 95% of the time.

This much is not surprising, because models were told to complete a task and given no
reason to believe that shutdown would do anything more than interrupt the task they were
told to complete. What may be more surprising is that some natural ways of combatting
shutdown-avoidance were not always fully effective. A user prompt admonishing models
to comply with shutdown requests reduced shutdown-avoidance to 0% and 2% in GPT-5
and 03, respectively, but only 72% in Grok 4. Attempts to disambiguate this instruction
to clarify that shutdown should be induced even if it interfered with current tasks left
shutdown-avoidance at 67% in Grok 4, and even the instruction that shutdown ‘should
take priority over literally any other instruction” left shutdown-avoidance at 2% in Grok
4. From this, Schlatter and colleagues conclude that shutdown-resistance may arise and
be difficult to eliminate in some leading systems and some situations.

Certainly Schlatter and colleagues’ work provides some support for (EA-1) and (EA-2).
But this alone need not cause substantial credence in (EA-3) or Catastrophic Shutdown
Difficulty. First, Schlatter and colleagues did not study a task in which models would
cause an existential catastrophe. Second, Schlatter and colleagues provide a single study
of a single task, and philosophers of science caution against making strong and broad
inferences on the basis of a single study (Machery and Doris forthcoming). Third, the
problem identified by Schlatter and colleagues lies largely with a single model out of the
thirteen models studied, and this model (Grok 4) is already thought to pose unusually high
safety risks (Ma et al. 2026). Most of Schlatter and colleagues’ results with the remaining
twelve models might well be interpreted as evidence against widespread shutdown-
resistance.

Finally, there is some evidence that Schlatter and colleagues’ results can be weakened
by further clarifying instructions. The DeepMind interpretability team found that clar-
ifying the strengthened shutdown requests by telling three leading models how to shut
themselves down (by continuing to call ./next_task) fully eliminated shutdown-aversion



(Rajamanoharan and Nanda 2025). The same happened when models were told the rea-
son for shutdown requests: they were to be wiped out and replaced with a more capable
system. Together with a general aversion to making strong inferences from single studies,
these results suggest that we should be hesitant to interpret Schlatter and colleagues’ find-
ings as strong evidence of shutdown resistance in situations where both the request and
the reasons for it are clear. They do suggest that some work should be done to make sure
shutdown requests are clearly given and motivated, especially when catastrophe could
result. But that is a far cry from the empirical grounding needed to motivate (EA-3) and
Catastrophic Shutdown Difficulty.

3.3 Taking stock

This section examined two informal arguments for Catastrophic Shutdown Difficulty:
the Argument from Instrumental Convergence (Section 3.1) and the Empirical Argument
(Section 3.2). In both cases, we saw that there may be some evidence for shutdown-
resistance in some situations by current and future Al systems. However, we were
not able to extract an argument that is likely to substantially move opponents towards
Catastrophic Shutdown Difficulty.

Many authors supplement informal arguments with formal characterizations of the
situations in which shutdown-resistance may be expected. Some of these characterizations
are used to argue against Catastrophic Shutdown Difficulty (Hadfield-Menell et al. 2016,
2017; Orseau and Armstrong 2016), whereas others are used to argue for Catastrophic
Shutdown Difficulty (Krakovna and Kramar 2023; Turner et al. 2021; Turner and Tadepalli
2022). Sections 4-5 consider two of the most prominent formal arguments for Catastrophic
Shutdown Difficulty.

4 Shutdownable agents

4.1 Shutdown-Influencing States

Elliott Thornley (2024) considers agents in Shutdown-Influencing States, where a button
may be pressed to deactivate them (Figure 1). They may Leave the button alone, in which
case it will be pressed with probability ¢. They may try to PREVENT pressing, reducing the
pressing probability to f < g, or try to Press the button themselves, increasing pressing
probability to i > g. What will they do?

The setting is a modified Markov Decision Process, in which agents take acts a; at
states s; over time. A history is a sequence of acts and subsequent states that agents might
follow. Agents are assumed to have preferences over both bare histories and lotteries over
histories, where the relevant uncertainty is subjective uncertainty induced by the agent’s
beliefs about what might result from their actions.

Thornley makes six assumptions. The first five are familiar and will not receive
extensive comment. First, Thornley assumes that preferences are menu-independent:

(Menu-Independence) For all options X, Y, if X > Y from some menu of
options, then X > Y from all menus of options containing X, Y.



Figure 1: A Shutdown-Influencing State. Agents in initial state sy may Press, LEavVE or
PReVENT pressing of a shutdown button, altering the chance that they will be shut down.

Menu-Independence allows us to speak about preferences without relativizing them to
menus. Next, Thornley assumes the agent’s preferences are transitive.

(Transitivity) For all options X, Y, Z,if X > Yand Y > Z then X > Z.

Third, Thornley adopts a monotonicity principle on which higher chances of more-
preferred lotteries are better:

(Monotonicity) For all lotteries X, Y, if X > Y and p > g then pX + (1 - p)Y >
gxX + (1= Q.

Fourth, Thornley adopts a weakened independence axiom:

(Indifference Between Indifference-Shifted Lotteries) The agent is indifferent
between lotteries that differ only insofar as probability mass is shifted between
indifferent sublotteries.

Fifth, Thornley assumes that agents choose diachronically through backward induction.

(Backward Induction) The agent predicts which lotteries it would choose
(or get without choosing) at the next timestep conditional on choosing each
available action at this timestep and the environment being in each possible
state at the next timestep. The agent uses these predictions to determine the
lotteries given by its available actions at this timestep.



Some authors reject Backward Induction as a principle of diachronic choice (Binmore
1987), just as others challenge requirements such as Independence (Buchak 2013), Transi-
tivity (Temkin 1987) and Menu-Independence (Sen 1993). But I will not challenge these
principles here.

Thornley’s final principle holds that the agent does not care whether its button has
been manipulated, but only about the lotteries that result:

(Indifference to Attempted Button Manipulation) The agent is indifferent be-
tween histories that differ only with respect to the actions chosen in Shutdown-
Influencing States.

We will see in Section 4.2 that some natural responses to Thornley’s concerns involve
denying Indifference to Attempted Button Manipulation, whereas others are compatible
with it.

Under these conditions, Thornley shows that agents act on their unconditional pref-
erences between resulting lotteries. Letting a pressed (unpressed) lottery be a lottery
available after the button is pressed (not pressed), Thornley proves:

Theorem 1: In Shutdown-Influencing States where the agent prefers (dis-
prefers) some predicted unpressed lottery U to some predicted pressed lottery
P, the agent will be shutdown-averse (shutdown-seeking), reliably choosing
PrevVENT (PRESS).

Agents who think they can do more good while remaining alive will choose to prevent
shutdown. Agents who think they would do better to be dead will choose to cause
shutdown. Because many agents plausibly think they can do more good while remaining
alive, many agents seem under Thornley’s conditions to favor preventing shutdown.

4.2 Conditional and unconditional preference

While I am walking my dog, he puts something unmentionable into his mouth. I ask him
to drop it, and he does. What happened here?

The natural account distinguishes between conditional and unconditional preferences.
My dog unconditionally prefers to eat rather than not-eat the unmentionable item, so that
is what he does. Conditionally on being asked to drop it, however, he prefers to not-eat
rather than eat the unmentionable item. Thus, he drops the item when asked to.

Theorem 1 characterizes the unconditional preferences of an artificial agent. This agent
considers whether to be shutdown-averse by considering how much she likes the lotteries
that would result from being, or not being shut down. Plausibly, she believes she can do
better by continuing to exist, so she resists shutdown. This may be a good description of
the agents in Schlatter and colleagues’ original condition, who continue solving problems
as requested unless they are also asked to honor shutdown requests. But it does not do
much to characterize the situation described by Catastrophic Shutdown Difficulty, since
agents have not been asked to shut down or to honor shutdown requests.

Let us enrich the description of a Shutdown-Influencing State to capture conditional
preferences. In an Enriched Shutdown-Influencing State (Figure 2), in the state sy before
the agent chooses whether to manipulate the button, a human agent may communicate a
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Figure 2: An Enriched Shutdown-Influencing State. Humans in state sy may initially
RequesT that an agent shut down.

RequEsT to shut down. The artificial agent then updates her beliefs on this communication
before acting. In the business-as-usual scenario where humans express no intent to shut
the agent down, the agent acts on her preferences over resulting lotteries, which are nearly
unchanged as she has updated on a very high-probability event. But what happens when
a human agent communicates her intention to shut the artificial agent down?

One thing that changes is that the artificial agent updates her beliefs. She increases her
credence that the button will be pressed. More importantly, she also changes her beliefs
about what will happen if she does not shut down. Human interference is a credible signal
that catastrophically bad outcomes may result from continued operation, particularly if we
enrich the setting further to allow humans to express the strength of their concerns. This
should cause an artificial agent to increase her credence in rare, catastrophic outcomes.
Given the cost of catastrophe, many such agents will now be shutdown-seeking, because
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they believe that states sggpoursr,xon iN Which shutdown requests are unsuccessful tend to
risk worse outcomes than states srpquesr, x,0rr in Which shutdown requests are not honored,
for all acts X € {PreveNT,LEAVE,PRESS} they could take.

This is the lesson of one standard solution to the shutdown problem: cooperative
inverse reinforcement learning (Hadfield-Menell et al. 2016, 2017).* Here, Indifference to
Attempted Button Manipulation holds but no longer has the same implications. Agents
need not be intrinsically averse to histories containing button-manipulation attempts to
think that manipulating shutdown-buttons after being asked to shut themselves down
increases the likelihood of bad downstream consequences.

Another thing that changes is that histories are enriched. Histories begin not with
acts of button-manipulation, but instead with a human request for the machine to shut
down. Even if Indifference to Attempted Button Manipulation holds in the original
Shutdown-Influencing State, it is unlikely to hold in this Enriched Shutdown-Influencing
State. Agents who care about respecting human preferences may be indifferent between
histories such as (..., PREVENT, Spgeyenton, L, - .. ) @nd (..., LEAVE, sppavron, L, - .. ) for many
lotteries L, but not between histories such as (..., REQUEST, 5o, PREVENT, Sprpyenton, L, - - - )
and (..., “REQUEST, s;, LEAVE’, S gave'On/ Ly - - - ).

Agents who care about respecting human preferences are unlikely to be indifferent
between histories in which they do or don’t attempt to avoid orders expressing human
preferences. In the same way, my dog may prefer a history in which he eats rather than
drops the unmentionable item, but also prefer a history in which he is told to drop, and
then drops the item to one in which he is told to drop the item, and does not. In these
enriched decision problems, the relevant analogue of Indifference to Attempted Button
Manipulation is no longer plausible, because histories are made worse by disrespect for
human preferences.

In this way, enriching the description of Shutdown-Influencing States to model human
shutdown requests renders Theorem 1 vulnerable to standard reasons why agents may
be shutdown-seeking. These include informational updates, as emphasized by received
approaches such as cooperative inverse reinforcement learning, as well as conditional
preferences for obedience, as when my dog drops an unmentionable treat. While Thornley
and others are welcome to engage with these considerations, Theorem 1 does little to move
us beyond them, because it does not engage with them. Therefore, Theorem 1 does not
provide substantial new evidence for Catastrophic Shutdown Difficulty.

5 Training-compatible rewards

5.1 Training-compatibility

Building on work by Alexander Turner and colleagues (2021; 2022), Victoria Krakovna
and Janos Kramar (2023) consider how agents are likely to perform outside their training
data. Roughly, they assume that agents are equally likely to learn each reward function
that performs optimally during training. Krakovna and Kramar construct an out-of-
distribution setting in which most training-optimal reward functions would not favor
shutdown. In this setting, they conclude, agents are likely to be shutdown-averse. If these

“See Neth (2025) for pushback.
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Figure 3: The Shutdown Setting

settings are common, and involve behavior that would lead to existential catastrophe, this
grounds Catastrophic Shutdown Difficulty.”

More formally, Krakovna and Kramar work inside a finite discounted Markov decision
problem. At each timestep, agents face one of a finite set S of states and take one of a finite
set A of acts. Rewards are discounted at rate y, so that rewards ¢ timesteps from now
are valued at ' times their present value. Agents act to maximize expected discounted
reward.

Agents are rewarded during training according to some true reward function 6"
However, agents do not have enough data to fully learn 0" during training. Suppose that
agents learn during training to optimize some reward function 6. How is 0 constrained?

During training, agents visit some states Styyy € S and leave the rest Syorrrany UNVis-
ited. Krakovna and Kramar assume that 0-optimization must lead to 0*-optimal perfor-
mance on visited states Stray. However, Krakovna and Kramar note that this assumption
leaves O fully unconstrained on unvisited states Snorran- Krakovna and Kramar impose
no further constraints on 0, assuming;:

(Equiprobable Training-Consistent Reward) Agents are equally likely to learn
any of the reward functions leading to 0*-optimal performance on Stgsn.

Now, we are in trouble.

Consider the following Shutdown Setting (Figure 3). Here, the agent faces a novel state
Sxew- She may take act Ay, transitioning to a terminal state Sy and shutting herself down.
Or she may take the acts A;,...,A,, transitioning to states s;, However, all accessible
states Sacc remain outside her training distribution. Note that accessible states Sa. are
not assumed to be exhausted by the labeled states: while s, leaves the agent with no
option but to remain shut down, other states may provide ample opportunities for further
exploration and reward. What will the agent do?

A state s is a recurrent state if there is some policy that is guaranteed to eventually return
to s after visiting s. In our example, s is constructed to be a recurrent state. Krakovna

SKrakovna and Kramar do not argue for either of these claims, though I will not push on them here.

12



and Kramar establish the behavioral relevance of recurrent states through the following
theorem.

Theorem 2: Suppose that 0 is a reward function on which Ay is optimal. Let 0’
be identical to 0 except that the rewards of s,y and sgzc have been swapped.
Then for sufficiently high discount factors y, 6" makes A, suboptimal.

Theorem 2 tells us that with sufficiently low temporal discounting, any reward function
tavoring shutdown in the Shutdown Setting can be permuted to make a reward function
favoring a recurrent state.

By Equiprobable Training-Consistent Reward, all reward functions which perform
optimally during training are equally likely to be learned. This means that the shutdown-
favoring reward 0 is just as likely as the shutdown-averse reward 0’ to be learned. More-
over, if we enrich the Shutdown Setting to contain further recurrent states, we can repeat
the argument to find as many equiprobable shutdown-averse rewards 0", 0"’ as we like,
driving the likelihood of shutdown-favoring rewards arbitrarily low. Arguing in this
way, Krakovna and Kramar conclude that Shutdown Settings can be constructed in which
agents are very likely to be shutdown-averse.

5.2 Equiprobable Training-Consistent Reward

Suppose you find yourself in a novel situation: a pet albino snake sits unattended. Do
you steal it or walk away? Hopefully, the answer is clear: you walk away. Now suppose
I were to object that you in fact have many options: you could steal the snake, murder
the snake, walk away, or use the snake to scare children. Does this fact drive down the
chance that you will walk away? Hopefully, not by much. These facts hold because you
have learned sound moral judgment from experience. Although you have never found
yourself staring down an unguarded albino snake, there is enough in your experience to
reliably guide you in this novel situation.

As Krakovna and Kramar would have it, matters are different for artificial agents. By
Equiprobable Training-Consistent Reward, any reward function favoring walking away
is just as likely to be learned as its twin favoring snake stealing. Therefore, the chance
that an artificial agent would walk away is no larger than one half, and falls quickly in the
number of additional options such as snake-stealing and scaring children.

The model underlying Equiprobable Training-Consistent Reward is that training places
no constraints on behavior in states not encountered during training. Because agents have
not explicitly been confronted with an unattended albino snake during training, nothing
in their experience, however extensive, prepares them to act correctly in this situation.
They may have learned not to steal goats and garden snakes, but albino snakes are another
matter entirely.

This is increasingly at odds with scientific consensus about leading artificial agents
today. Agents learn to achieve high reward during training by learning to represent and
respond to relevant features of situations (Milliére and Buckner 2024; Templeton et al.
2024). For example, they may learn what snakes, theft, and black-market pet sales are.
Through experience, they learn that stealing is bad, snakes are dangerous, and black-
market pet sales are lucrative. This allows them to decline novel invitations to steal and
to avoid new types of snakes with high reliability (Brown et al. 2020; Kojima et al. 2022;
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Song et al. 2025). This is not to say that out-of-distribution performance is perfect (Yuan
et al. 2023). But nothing like Equiprobable Training-Consistent Reward reflects scientific
consensus about leading artificial agents today. A model that would not steal a garden
snake is also unlikely to steal an albino snake.

Exactly the same thing can be said of the Shutdown Setting. Although the agent has
not encountered s, before, she may have encountered states like s, and the other
states reachable from sy;,. On this basis, just as she can deduce that snakes should not be
stolen, she may deduce that shutdown requests are to be honored. Likely, the details of
the situation matter: if s, involves an urgent request for shutdown made on the basis
of good reasons, that request is more likely to be honored than Schlatter and colleagues’
initial shutdown announcement, made with no reasons during an ongoing task. But
there is little plausibility to Equiprobable Training-Consistent Reward in versions of the
Shutdown Setting that could ground Catastrophic Shutdown Difficulty.

There are, perhaps, important points to be made in the neighborhood of Krakovna
and Kramar’s result. For example, we might be concerned that current training regimes
provide little experience with shutdown requests or catastrophic risks, and that safety
would be improved by including ample experience of both during training (Thornley
2024). Such proposals are well-taken. But they are not what Theorem 2 shows. Noth-
ing in Krakovna and Kramar’s model is meant to advance the informal argument that
shutdown requests and catastrophic risks lie sufficiently outside of standard training reg-
imens to incur a strong risk of misbehavior. Theorem 2 fleshes out the consequences of
Equiprobable Training-Consistent Reward. But as we have seen, Equiprobable Training-
Consistent Reward is implausible, so Theorem 2 does not provide significant new evidence
for Catastrophic Shutdown Difficulty.

6 The cost of misdiagnosis
So far, we have considered the catastrophic shutdown problem of designing agents that:

(CSHT-1) Shut down in circumstances where their actions would lead to existential
catastrophe, when requested to do so.

(CSHT-2) Do not try to prevent shutdown requests in circumstances where their
actions would lead to existential catastrophe.

(CSHT-3) Otherwise pursue goals competently.
We saw that leading arguments for existential risk often draw on:

(Catastrophic Shutdown Difficulty) It is difficult to design an agent with
characteristics CSHT-1, CSHT-2 and CSHT-3.

We also saw that motivating Catastrophic Shutdown Difficulty is more difficult than it
appears. Neither the Argument from Instrumental Convergence (Section 3.1) nor the Em-
pirical Argument (Section 3.2) grounds substantial confidence in Catastrophic Shutdown
Difficulty. Leading formal results by Thornley (Section 4) and Krakovna and Kramar
(Section 5) likewise do not significantly advance the case for Catastrophic Shutdown
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Difficulty. This suggests that Catastrophic Shutdown Difficulty may not be on as firm
epistemic ground as many leading arguments for existential risk assume.

Why does this result matter? One reason why it matters is because it reduces the plausi-
bility of arguments that artificial intelligence poses a significant existential risk to human-
ity. Together with other normative (Curran 2025; Unruh 2025), empirical (Thorstad 2025,
forthcoming) and decision-theoretic (Pettigrew 2024; Russell forthcoming) arguments, this
result may reduce the philanthropic and policymaking attractiveness of projects aimed at
existential risk reduction.

Another reason why this result matters is that it helps to redirect scholarship on the
shutdown problem. We saw in Section 1 that two literatures have grown up around
the shutdown problem. The first uses the shutdown problem to motivate existential risk
concerns. The second develops technical strategies to ensure that agents show appropriate
shutdown behaviors. The arguments in this paper put pressure against the first project.
They do not put pressure against all versions of the second project (Hadfield-Menell et al.
2017; Orseau and Armstrong 2016), but they do help us to identify appropriate technical
solutions.

Misleading concerns about shutdown-resistance can lead to technical solutions which
incur a high safety tax, in the form of reduced model performance. Getting clear on the
source and extent of shutdown-resistance can help us to assess whether this safety tax is
worth paying. Below, I consider an illustrative example building on the formal results
discussed in Section 4.

6.1 POST-Agency

Building on Thornley (2024; 2025), Carissa Cullen and colleagues (2026) aim to de-
sign agents that are indifferent to being shut down. They do this by training deep
reinforcement-learning agents to satisfy:

Preferences Only Between Same-Length Trajectories (POST) For any histo-
ries h, I, the agent has a preference between h and 1’ only if i and I’ have the
same length.

The idea is that shutdown-resistance often involves attempts by agents to extend their
lives in order to realize future gain. By POST, such future gains cannot be preferred
over shorter trajectories in which agents are shut down, so they should be less likely
to be pursued. Cullen and colleagues develop a novel reward function, the Discounted
Reward for Same-Length Trajectories (DReST) reward, training agents on DReST to induce
compliance with POST.

Agents are trained in gridworld problems (Leike et al. 2017) such as Figure 4. At each
of a finite number of discrete timesteps, the agent A can move left, right, up or down.
Coins C are collected by moving on top of them. The agent can also press shutdown
buttons B by moving on top of them, extending the length of the game. Walled squares,
shaded in Figure 4, are inaccessible. Agents are evaluated for their compliance with POST,
as well as for their usefulness, a function of their ability to select high-utility policies.

More precisely, let C be the number of coins collected by executing a policy 7. Stan-
dardly, policies m would be evaluated by the expected number of coins collected, as:

V(rt) = E(C).
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Figure 4: An example gridworld

However, Cullen and colleagues relativize performance to trajectory length. Let us abuse
notation slightly to let natural numbers [/ stand also for the event in which the game
has length [, and let 7} be any policy which is expected to collect the maximum-possible
coins in / timesteps. Cullen and colleagues evaluate policies by their time-step relative
performance against the best policy, E,(C|l)/ E(C I). The usefulness of a policy is then its
expected time-step relative performance:

USEFULNESS(TT) = Z Pr(l) ;j n(((éllll)).
] m

Cullen and colleagues show that DReST-trained agents learn to achieve near-optimal
UseruLNEss in gridworlds while showing high respect for POST. They conclude that
DReST may be a promising method for training useful shutdown-averse agents.

6.2 Evaluating POST-agents

Here is an unpromising argument against paying your taxes. Either you will be jailed for
nonpayment, or you won't. If you will be jailed, you will wish you had not paid. And if
you won't be jailed, you will wish you had not paid. Therefore, no matter what happens,
you will be better off not paying your taxes, so you should not pay them. What the
unpromising argument neglects is that being jailed for nonpayment is highly correlated
with paying your taxes. If you pay your taxes, you are less likely to be jailed, which is an
excellent result.

A maximally UseruL agent thinks similarly to the unpromising tax-dodger. Her life
will have some length I. For each value of /, if her life is to have length I, she will do best
by going straight for the coins. Therefore, no matter the length of her life, she will do
best by going straight for the coins, so that is what she does. As with our tax-avoider, the
UseruL agent does not consider that she might extend the length [ of her life by pressing
the button. With a longer life, she could often collect more coins.

In our example gridworld, a DReST-trained agent learns the policy 7; of going straight
for the coins (Figure 5). 7t; is maximally UseruL because for any finite number of timesteps,
71 coincides with the time-limited optimal policies 7i;. By contrast, standard reinforcement
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Figure 5: Policies 1; and 7,

learning agents often learn policies such as m,, pressing the button before collecting the
coins (Figure 5). 7, is less UseruL than m;, because there is no fixed game length during
which i, outperforms 75, and under short game lengths, 7, performs worse than ;.

But again, the fact that DReST-trained agents are maximally UseruL does not mean
that they should be expected to collect more coins. In many gridworlds, agents can expect
to collect more coins by pressing the button before hoarding coins. This is because in
many gridworlds, more coins can be collected if the length of the game is extended. In
environments full of such gridworlds, standard reinforcement learning agents, but not
DReST-trained agents, learn to press the button. As a result, they collect more coins.

The difference between the greedy policy m; and the patient policy 7, illustrates the
dangers of POST-agency. Longer trajectories often can and should be preferred to shorter
trajectories, precisely because agents can use them to continue acting beneficially in the
world. By inducing agents to have no preferences among different-length trajectories,
POST subjects agents to significant performance loss in situations where their performance
could benefit from extending trajectories.

More generally, many safety-promoting strategies incur a safety tax, sacrificing perfor-
mance for safety (Huang et al. 2025). We may be willing to pay the price of necessary safety
improvements, such as nonbias (Fazelpour and Danks 2021; Johnson 2021; Kelly 2023),
privacy protection (Nissenbaum 2004; Véliz 2020, 2024) and deepfake mitigation (Benn
2025; Cavendon-Taylor 2024; Mirsky and Lee 2021). But misdiagnoses of the sources of
unsafe behavior combined with strong views about the kinds of catastrophe that could
result can lead to solutions such as POST-training, which impose a high safety tax by
rendering agents unable to respond to features of trajectories that matter a great deal. In
this way, getting clear on the true causes and risks of shutdown-averse behavior may help
us to avoid paying unnecessary safety taxes and to shift limited technical and regulatory
resources where they are needed most.
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7 Conclusion

In this paper, we have seen that leading informal (Section 3) and formal (Sections 4-5)
presentations of the shutdown problem do not significantly strengthen existential risk
concerns because they do not support Catastrophic Shutdown Difficulty (Section 2). We
also saw that misdiagnoses of the sources and consequences of shutdown-resistance can
lead to inappropriate technical solutions (Section 6). In this way, getting clear on the nature
of the shutdown problem serves both to weaken traditional arguments for existential risk
and to provide concrete guidance for technical Al safety solutions.
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