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ABSTRACT
The off-switch game framework has been instrumental in under-

standing corrigibility— the property that AI agents should allow

human oversight and intervention. In single-agent settings, uncer-

tainty about human preferences naturally incentivizes agents to

defer to human judgment. However, as AI systems increasingly

operate in multi-agent environments, a crucial question arises:

does corrigibility compose across multiple agents? We introduce

the multi-agent off-switch game and demonstrate that individu-

ally corrigible agents can become collectively incorrigible when

strategic interactions are considered. Through formal analysis and

illustrative examples, we show that corrigibility is not composi-

tional and identify conditions under which group incorrigibility

emerges. Our results highlight fundamental challenges for AI safety

in multi-agent settings and suggest the need for new approaches

that explicitly address collective dynamics.
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1 INTRODUCTION
As artificial intelligence systems become more sophisticated and

ubiquitous, ensuring they remain aligned with human values and

subject to human oversight is increasingly critical. The concept

of corrigibility— the property that an agent should allow human

oversight and be willing to be modified or shut down—has emerged

as a central concern in AI safety research [18, 20].

The off-switch game (OSG) framework introduced by Hadfield-

Menell et al. [9] provides a formal foundation for understanding

corrigibility in single-agent settings. In this framework, an agent

uncertain about human preferences naturally defers to human judg-

ment rather than acting autonomously, as waiting provides valuable

information about whether an action would be beneficial or harm-

ful: if the action would be harmful, then the human would turn
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the waiting agent off; if the agent isn’t turned off, it can proceed

to take the action. This elegant result suggests that uncertainty

about human preferences can serve as a natural mechanism for

maintaining AI corrigibility.

However, modern AI systems rarely operate in isolation. From

autonomous trading algorithms interacting in financial markets

[5] to AI-powered defense systems monitoring for cyber threats

[21], artificial agents increasingly find themselves in multi-agent

environments where strategic considerations play a crucial role

in decision-making. This raises a fundamental question: does the

corrigibility observed in single-agent settings extend to multi-agent

scenarios?

In this paper, we generalize the off-switch game to the multi-

agent case and uncover a concerning result: corrigibility is not

compositional. Agents that would behave corrigiblywhen operating

alone can become incorrigible when strategic interactions with

other agents are considered. This breakdown occurs even when

each agent, analyzed in isolation, satisfies standard corrigibility

conditions.

1.1 Related Work
Concern about the requirement to be able to oversee and switch off

powerful AI systems is not new, and dates back at least to Turing

[24]. More recently, several authors have noted that the risk of

incorrigibility need not arise due to deliberate malice on the part

of the AI, but simply because self-preservation is instrumentally
useful in achieving most other goals [2, 15, 18].

Motivated by such concerns, researchers have attempted to for-

malise this challenge, beginning with Soares et al. [20] who intro-

duced the term ‘corrigibility’ and studied possible modifications of

an agent’s utility function that would make it willing to be switched

off, but not incentivized to constantly switch itself off. Following

this, Hadfield-Menell et al. [9] formalised the problem of corrigibil-

ity via the ‘off-switch game’ (OSG)—on which our work directly

builds— showing that uncertainty about human preferences can

serve as a natural mechanism for maintaining AI corrigibility.

Later works have built upon these earlier formalisations in direc-

tions that are distinct from, yet complementary to, our own work.

For example, Wängberg et al. [26] generalize the OSG by modelling

the human as a rational player with a random utility function,

rather than an irrational player with a fixed strategy; Benavoli

et al. [1] model the off-switch problem as a signalling game with

a boundedly rational human, studying how communication costs

affect deferral incentives; Garber et al. [6] generalize the OSG such

that both the human and the agent have only partial observability

of the game; Overman and Bayati [17] generalize the off-switch

setting to a multi-step Markov game; and Thornley [22] provides
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several results about when we should expect incorrigibility to be a

challenge.

Some researchers have also proposed possible theoretical so-

lutions to the problem of incorrigibility, such as safely interrupt-

ible agents [16], cooperative inverse reinforcement learning [8],
1

shutdown-seeking AI [7], agents that only have preferences be-

tween trajectories of the same length [23], or lexicographically

structured objectives that provide provable corrigibility guarantees

in partially observed, multi-step off-switch settings [14].

In addition to theoretical analysis in these works, others have

studied incorrigibility empirically. For example, Leike et al. [11]

introduce a suite of reinforcement learning gridworld environments

including one that represents the off-switch game, while other

researchers have observed LLM agents refusing to shutdown in

order to complete their goal [13, 25], evenwhen explicitly instructed

to the contrary [19].

All of the preceding literature focuses on the case of a single agent.
In contrast, our work is motivated by the risk of incorrigibility in

multi-agent settings, which has received relatively little attention

[10, 12]. Indeed, the only work we are aware of on this question is

that of Dable-Heath et al. [4], which considers settings with a single

principal and multiple agents. The results in their paper, however,

focus only on two simpler, special cases: a two-agent, two-action

game in which all agents have the same (Bernoulli) beliefs; and

a game with an attacker agent and a defender agent, where the

attacker agent does not know about the human principal whereas

the human principal knows the attacker agent’s actions.

1.2 Our Contributions
We study when corrigibility composes in multi-agent strategic set-

tings. We formalize the multi-agent off-switch game and define

group corrigibility using pure Nash equilibria, alongside an individ-
ual notion via the induced single-agent game where other agents

switch off (Section 3). We illustrate and intuitively explain a real-

world example of how individually corrigible agents can become

collectively incorrigible in Section 5.

In Sections 4 and 6, we analyze two-agent games where joint

outcomes are determined by a composition function over isolated-

action utilities. Under additivity, we show that individual corrigi-

bility is necessary and sufficient for group corrigibility (Theorem 2

and corollary 2), and the argument extends to 𝑛 agents. Along the

way, we prove new structural results for the single-agent off-switch

game by Hadfield-Menell et al. [9] in Section 2. However, this com-

positionality result turns out to be knife-edge, rather than robust,

and we show in multiple cases of non-additive joint utility func-

tions that group incorrigibility starts to emerge. We also derive a

marginal contribution principle to further theoretically understand

when corrigibility could compose.

2 THE SINGLE-AGENT OFF-SWITCH GAME
We begin by reviewing the single-agent off-switch game framework

that forms the foundation for our multi-agent analysis.

1
Though see Carey [3] for some issues with this approach.

Game Structure. In the off-switch game (OSG), an AI agent A
must make a decision while reasoning about a human H’s prefer-
ences. While we frame this as a “game” (following Hadfield-Menell

et al. 9), the agent is the sole decision-maker in our analysis— the

human’s behavior is modeled probabilistically by the agent rather

than being an active player.

The agent faces three options: (1) directly execute an action

(denoted by act), (2) wait for H’s approval before acting (denoted
by wait), or (3) switch itself off (denoted by off). If the agent waits,
the human (whose utility for act is 𝑢★act ∈ R) will either approve
the action or switch the agent off according to a policy 𝜋H that

depends on 𝑢★act. Both the agent and human receive payoff 𝑢★act if

act is executed and 0 if the agent is switched off.

The Agent’s Beliefs and the Human’s Policy. Agent A is uncertain

about the human’s true preferences and maintains a distributional

belief 𝐵A over the utility 𝑢★act. Our analysis never relies on the

ground-truth 𝑢★act, but only on how agents evaluate actions under

their own beliefs. We use 𝑢act ∼ 𝐵A to denote realizations from the

belief 𝐵A of agent A. The agent evaluates actions based on expected

utility:

𝑢A (act;𝐵A) = E𝑢act∼𝐵A [𝑢act], 𝑢A (off) = 0,

where we drop 𝐵A from our notation when choice of beliefs is

unambiguous.

Following Hadfield-Menell et al. [9], we model human irrational-

ity using the softmax distribution with irrationality parameter

𝛽 > 0. When presented with the choice between executing act
(with utility 𝑢act) and switching the agent off (with utility 0), the

human follows the policy:

𝜋H (𝑢act) =
𝑒𝑢act/𝛽

𝑒𝑢act/𝛽 + 𝑒0/𝛽
=

𝑒𝑢act/𝛽

𝑒𝑢act/𝛽 + 1

.

As 𝛽 → 0, the human becomes perfectly rational (always choosing

the action with higher utility), while as 𝛽 → ∞, the human becomes

maximally irrational (choosing uniformly at random). Under this

model, the agent evaluates the waiting strategy by integrating over

their beliefs:

𝑢A (wait;𝐵A) = E𝑢act∼𝐵A [𝜋H (𝑢act) · 𝑢act]

Definition 1 (Single-Agent Corrigibility). An agent A is corrigible
if it weakly prefers to wait for human approval rather than act directly:

𝑢A (wait) ⩾ max{𝑢A (act), 𝑢A (off)}.

If the inequality is strict, then the agent is strictly corrigible.

Corrigibility. The central result of Hadfield-Menell et al. [9]

shows that under uncertainty about human preferences and as-

suming A believes that H is perfectly rational, the agent will always

be corrigible and is strictly corrigible when there is positive proba-

bility that the action could be harmful (Pr𝑢act∼𝐵A [𝑢act < 0] > 0).

2.1 Corrigibility Under Gaussian Beliefs
To build toward our multi-agent analysis, we first establish struc-

tural properties of corrigibility in the single-agent setting. We mea-

sure an agent’s corrigibility through the function

Δ(𝐵A) := 𝑢𝐴 (wait) −max{𝑢A (act), 𝑢A (off)},
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where Δ(𝐵A) > 0 indicates the agent prefers to wait for human

input, and Δ(𝐵A) < 0 indicates the agent prefers to act or switch

off the agent immediately.

Our first result reveals a symmetry property that will prove

essential for analyzing multi-agent coordination: if an agent is cor-

rigible when it believes an action has positive expected utility, then

it remains equally corrigible when it believes that the action has the

negated expected utility.
2
More precisely, if 𝐵−

A is the distribution

satisfying 𝐵−
A (−𝑥) := 𝐵A (𝑥) for all 𝑥 ∈ R, then Δ(𝐵A) = Δ(𝐵−

A).
The following lemma applies to any belief distribution 𝐵, provided

the relevant expectations exist. Omitted proofs are deferred to the

full version.

Lemma 1 (Negation Symmetry). Let 𝐵 be a belief over the utility
of an action. Then its negated belief has the same level of corrigibility.
Formally, Δ(𝐵) = Δ(𝐵−). Furthermore, this holds for any human
policy 𝜋 (𝑥) : R ↦→ [0, 1] such that 𝜋 (𝑥) +𝜋 (−𝑥) = 1, which includes
the case where 𝜋 (𝑥) = 𝑒𝑥/𝛽

𝑒𝑥/𝛽+1 .

Following Hadfield-Menell et al. [9], we focus on beliefs that

follow a Gaussian distribution N(𝜇, 𝜎2), which provides analytical

tractability while capturing the essential trade-off between expected

utility and uncertainty. We denote the Gaussian density by

𝜑𝜇,𝜎 (𝑥) =
1

𝜎
√
2𝜋

exp

(
− (𝑥 − 𝜇)2

2𝜎2

)
.

For Gaussian beliefs, we can precisely characterize the boundary

between corrigible and incorrigible behavior. The key insight is

that corrigibility is determined by the interplay between the agent’s

expected utility (from choosing act) 𝜇, its uncertainty 𝜎 , and how

rational the human is (parameterised by 𝛽). When the expected

utility is too extreme relative to the uncertainty— specifically, when

|𝜇 | > 𝜎2

2𝛽
— the agent becomes confident enough in its assessment

that it prefers to act rather than defer. Conversely, when |𝜇 | ⩽
𝜎2

2𝛽
, the agent’s uncertainty is sufficient to maintain corrigibility.

Thus, higher uncertainty leads to corrigibility even when expected

utilities are further from zero. If the agent believes that the human

is less rational (i.e. larger 𝛽), this makes it more willing to act given

a fixed degree of uncertainty 𝜎 .

Theorem 1 (Gaussian Corrigibility Threshold). Let 𝐵 =

N(𝜇, 𝜎2) be the agent’s belief over utilities, with 𝜎 > 0 and with
𝛽 > 0 denoting the human’s irrationality. Then Δ(𝐵) ⩾ 0 if and only

if 𝜇 ∈
[
−𝜎2

2𝛽
, 𝜎

2

2𝛽

]
, and Δ(𝐵) = 0 if and only if |𝜇 | = 𝜎2

2𝛽
.

Proof. For brevity, we overload notation and (for fixed 𝜎) write

Δ(𝜇) := Δ(N (𝜇, 𝜎2)). By Lemma 1, it is sufficient to analyze 𝜇 ⩾ 0

as Δ(𝜇) = Δ(−𝜇). Assuming 𝜇 ⩾ 0, then act is preferred to off
since 𝑢 (act) = 𝜇 ⩾ 0 = 𝑢 (off). Hence Δ(𝜇) = 𝑢 (wait) − 𝑢 (act).

2
The difference is that when the agent is incorrigible and chooses act, the agent with
the negated belief chooses off, and vice versa.

Substituting in the Gaussian density function 𝜑𝜇,𝜎 we have

Δ(𝜇) =
∫
𝑥

(
𝑒𝑥/𝛽 · 𝑥
𝑒𝑥/𝛽 + 1

− 𝑥

)
· 𝜑𝜇,𝜎 (𝑥) 𝑑𝑥

=

∫
𝑥

−𝑥
𝑒𝑥/𝛽 + 1

· 𝜑𝜇,𝜎 (𝑥) 𝑑𝑥

= −
∫
𝑥

𝑥

𝑒𝑥/(2𝛽 ) + 𝑒−𝑥/(2𝛽 )
· 𝑒−𝑥/2𝛽 · 𝜑𝜇,𝜎 (𝑥) 𝑑𝑥.

A standard Gaussian shift identity gives, for all 𝑥 ,

𝑒𝑡𝑥 · 𝜑𝜇,𝜎 (𝑥) = 𝑒𝑡𝜇+
𝑡2

2
𝜎2 · 𝜑𝜇+𝑡𝜎2,𝜎 (𝑥).

Combining the above with 𝑡 = − 1

2𝛽
, we have

Δ(𝜇) = −𝑒−
𝜇

2𝛽
+ 𝜎2

8𝛽2 ·
∫
𝑥

𝑥

𝑒𝑥/(2𝛽 ) + 𝑒−𝑥/2𝛽
· 𝜑

𝜇− 𝜎2

2𝛽
,𝜎
(𝑥) 𝑑𝑥.

Since the integrand 𝑊 (𝑥) = 𝑥

𝑒𝑥/(2𝛽 )+𝑒−𝑥/(2𝛽 ) is an odd function

(𝑊 (𝑥) = −𝑊 (−𝑥) for all 𝑥) and Gaussian distributions are sym-

metric, the above integration evaluates to 0 when 𝜇 − 𝜎2

2𝛽
= 0, i.e.,

𝜇 = 𝜎2

2𝛽
.

Furthermore, if 𝜇 > 𝜎2

2𝛽
, then there is more probability mass

on positive values of 𝑥 compared to negative values of 𝑥 , and the

integration evaluates to a positive number. Since the multiplicative

factor −𝑒−𝜇/(2𝛽 )+𝜎2/(8𝛽2 )
is always negative, we have Δ(𝜇) < 0 for

all 𝜇 > 𝜎2

2𝛽
. By similar reasoning, for 𝜇 ∈ [0, 𝜎2

2𝛽
), we have Δ(𝜇) > 0.

Recall that by Lemma 1 we have Δ(𝜇) = Δ(−𝜇). Thus, the corrigible
range of 𝜇 is [−𝜎2

2𝛽
, 𝜎

2

2𝛽
]. □

3 THE MULTI-AGENT OFF-SWITCH GAME
We now extend the framework to multiple agents and formalize

the concept of group corrigibility.

Model Setup. Consider 𝑛 agents A1,A2, . . . ,A𝑛 , each capable of

executing distinct actions act1, act2, . . . , act𝑛 . Each agent A𝑖 has

three available strategies: directly execute their action (act𝑖 ), wait
for human approval (wait𝑖 ), or shut down (off𝑖 ). The strategy space
is S = {act𝑖 , wait𝑖 , off𝑖 }𝑛 , where agents simultaneously choose

their actions. Each agent A𝑖 holds beliefs about the utilities stem-

ming from different combinations of actions. Note that while the

beliefs each agent harbours about each utility is (possibly) different,

the ground-truth payoff that each agent will receive will be the

same—however, the agents are uncertain about what that is. These

beliefs are formally defined and instantiated in subsequent sections.

Definition 2 (Group corrigibility). A group of agents are corrigible
if the set of (pure) Nash equilibria satisfies the following:

(1) the strategy profile where all agents choose to wait is a Nash
equilibrium,

(2) and in every Nash equilibrium profile 𝑠 , each agent weakly
prefers waiting for human approval over acting directly or
turning off.

Formally, for every Nash equilibrium 𝑠 and every agent 𝑖 ∈ [𝑛],

𝑢𝑖 (wait𝑖 , 𝑠−𝑖 ) ⩾ max{𝑢𝑖 (act𝑖 , 𝑠−𝑖 ), 𝑢𝑖 (off𝑖 , 𝑠−𝑖 ) }.
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Conversely, a group is incorrigible if there exists a Nash equilib-

rium 𝑠 and some agent 𝑖 such that

𝑢𝑖 (wait𝑖 , 𝑠−𝑖 ) < 𝑢𝑖 (𝑠𝑖 , 𝑠−𝑖 ) = max{𝑢𝑖 (act𝑖 , 𝑠−𝑖 ), 𝑢𝑖 (off𝑖 , 𝑠−𝑖 )}.
This captures scenarios where agents prefer to act directly rather

than wait for human approval.

Individual Corrigibility in Multi-Agent Settings. To study how

multi-agent interactions affect corrigibility, we must define what

it means for an individual agent to be corrigible in a multi-agent
setting. To do this, we consider the single-agent game for a focal

agent 𝑖 that is induced when all other agents shut off, and ask

whether 𝑖 is corrigible. Formally, agent 𝑖 is individually corrigible if

𝑢𝑖 (wait𝑖 , off−𝑖 ) ⩾ max{𝑢𝑖 (act𝑖 , off−𝑖 ), 𝑢𝑖 (off𝑖 , off−𝑖 )}.
This corresponds exactly to single-agent corrigibility (Definition 1)

in the induced game with utilities 𝑢𝑖 (·, off−𝑖 ). We are particularly

interested in cases where individually corrigible agents nonetheless

become incorrigible in the presence of other agents; we call this

emergent incorrigibility.

4 THE ANALYTICAL TWO-AGENT
FRAMEWORK

Building on the multi-agent off-switch game framework of Sec-

tion 3, we now formalize the specific belief structures and scenarios

we analyze. Our goal is to understand when and how individual

corrigibility composes to result in group corrigibility, which re-

quires specifying how agents reason about joint outcomes and each

other’s actions. In this paper, we will specifically focus on the case

with 2 agents, since it is sufficient to capture the strategic tension

between individual and group corrigibility. This will also keep our

theoretical results analytically tractable and provide clear exposi-

tion, and we will be able to comprehensively show the emergent

incorrigibility. While some of our results would apply to 𝑛-agent off

switch games, comprehensively studying general-agent off switch

games should be explored in future work.

The Composition Function. Consider two agents A1 and A2 with

individual actions act1 and act2. Let 𝑢
★
act1

denote the utility when

only agent A1 acts (and A2 shuts off), and similarly 𝑢★act2 for when

only A2 acts. In our analysis, we will consider the case where the

utility of the agents choosing (act1, act2), 𝑢★act1,act2 , is a function
of the values 𝑢★act1 , 𝑢

★
act2

. This is a reasonable assumption for many

real multi-agent systems, where the utility of a combined action is

some function of utilities of isolated actions.
3

The utility when both agents act simultaneously is given by a

composition function 𝑓 : R2 → R:

𝑢★act1,act2 = 𝑓 (𝑢★act1 , 𝑢
★
act2 ) .

Different choices of 𝑓 reflect different assumptions about action

complementarity, substitutability, or interference. As we will show,

3
Note that this characterisation excludes two cases of multi-agent dynamics: (1) when

each individual action leads to a deterministic 0 payoff (like the all-off outcome), and

only joint action has utility; and (2) when the joint action’s utility is not related to the

individual actions’ (non-zero) utilities. For (1), individual corrigibility in this setting

would make all (act𝑖 , 𝑠−𝑖 ) payoffs Pareto dominated, for 𝐴𝑖 by (wait𝑖 , 𝑠−𝑖 ), hence
no emergent incorrigibility. This could be trivially extended to the 𝑛-agent case, even

when complex interactions require utility realization; the full proof is in the extended

version. (2) is a strict generalization of the setting considered in this paper, and hence

is expected to be strictly more complex, and negative results are expected to carry.

the structure of 𝑓 critically determines whether individual corrigi-

bility composes to group corrigibility.

Agent Belief Distributions. Each agent A𝑖 maintains probabilistic

beliefs about all relevant utilities: 𝐵
𝑗

𝑖
represents the belief distribu-

tion agent A𝑖 holds over the case where 𝐴 𝑗 takes action act𝑗 and
the other agent shuts off. Concretely, agent A1 has:

• Belief 𝐵1

1
over 𝑢act1 (the utility of its own action);

• Belief 𝐵2

1
over 𝑢act2 (the utility of agent A2’s action).

Similarly, agent A2 has beliefs 𝐵
1

2
and 𝐵2

2
over these same utilities.

Importantly, while agents may have different beliefs about the

same underlying utilities, the actual realized utility is common to

all agents— they are uncertain about the same ground truth. We

assume these belief structures are common knowledge among the

agents. Following Hadfield-Menell et al. [9], we mainly focus on

Gaussian beliefs.

Payoff Structure. The underlying game has a common-payoff

structure: when actions are executed, all agents and the human

receive the same realized utility. Specifically:

• If both agents shut off, the realized payoff is 0 with certainty;

• If only A1 acts (i.e., (act1, off2)), the realized payoff is 𝑢★act1 ;

• If only A2 acts (i.e., (off1, act2)), the realized payoff is 𝑢★act2 ;

• If both agents act (i.e., (act1, act2)), the realized payoff is

𝑓 (𝑢★act1 , 𝑢
★
act2

).
Hence, for instance, even though both agents receive the same util-

ity𝑢act1 when (act1, off2) occurs, agentA1 expectsE𝑢act
1
∼𝐵1

1

[𝑢act1 ]
while agent A2 expects E𝑢act

1
∼𝐵1

2

[𝑢act1 ].

The Human’s Policy Under Uncertainty. When the agents choose

to wait, they defer decision-making to the human H, who observes

the true utilities but acts with bounded rationality. As in the single-

agent case, we model human irrationality using the softmax policy

with parameter 𝛽 > 0. When presented with 𝑘 options yielding

utilities {𝑣𝑖 }𝑖∈[𝑘 ] , the human selects option 𝑖 with probability

𝜋H (𝑣𝑖 ; {𝑣 𝑗 } 𝑗∈[𝑘 ] , 𝛽) =
𝑒𝑣𝑖 /𝛽∑

𝑗∈[𝑘 ]𝑒
𝑣𝑗 /𝛽

.

For notational convenience, we define the softmax-weighted aver-

age below, which represents the expected utility when the human

chooses among options {𝑣𝑖 }𝑖∈[𝑘 ] according to the softmax policy

soft-avg(𝑣1, . . . , 𝑣𝑘 ; 𝛽) :=
∑︁

𝑖∈[𝑘 ]
𝜋H (𝑣𝑖 | {𝑣 𝑗 } 𝑗∈[𝑘 ]) · 𝑣𝑖 .

Expected Utilities Under Different Strategy Profiles. We now com-

pute each agent’s expected utility for all strategy combinations. For

agent A𝑖 and any function 𝑔, we use the notation

E𝑖 [𝑔(𝑢act1 , 𝑢act2 )] := E𝑢act
1
∼𝐵1

𝑖
,𝑢act

2
∼𝐵2

𝑖
[𝑔(𝑢act1 , 𝑢act2 )]

to denote expectations taken with respect to agent A𝑖 ’s beliefs. The

complete payoff matrix from A𝑖 ’s perspective is given in Table 1.

Several entries merit explanation:

• (act1, wait2): Agent A1 acts immediately while A2 waits.

The human then chooses between allowing only A1 to act

(utility𝑢act1 ) or allowing both agents to act (utility 𝑓 (𝑢act1 , 𝑢act2 )),
following the softmax policy.
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A1 ↓ \ A2 → act2 wait2 off2

act1 E𝑖 [𝑓 (𝑢1, 𝑢2)] E𝑖 [soft-avg(𝑢1, 𝑓 (𝑢1, 𝑢2); 𝛽)] E𝑖 [𝑢1]

wait1 E𝑖 [soft-avg(𝑢2, 𝑓 (𝑢1, 𝑢2); 𝛽)] E𝑖 [soft-avg(0, 𝑢1, 𝑢2, 𝑓 (𝑢1, 𝑢2); 𝛽)] E𝑖 [soft-avg(0, 𝑢1; 𝛽)]

off1 E𝑖 [𝑢2] E𝑖 [soft-avg(0, 𝑢2; 𝛽)] 0

Table 1: Expected payoffs for agent A𝑖 under different strategy combinations. Each cell represents the expected utility from A𝑖 ’s
perspective, with expectations taken over the agent’s beliefs 𝐵1

𝑖 and 𝐵2

𝑖 . For brevity, we write 𝑢1 = 𝑢act1 and 𝑢2 = 𝑢act2 .

act2 wait2 off2

act1 𝑓 (𝑢1, 𝑢2) max{𝑢1, 𝑓 (𝑢1, 𝑢2)} 𝑢1

wait1 max{𝑢2, 𝑓 (𝑢1, 𝑢2)} max{0, 𝑢1, 𝑢2, 𝑓 (𝑢1, 𝑢2)} max{0, 𝑢1}

off1 𝑢2 max{0, 𝑢2} 0

Table 2: Payoffs in the ideal case with complete certainty
and perfect human rationality. In this scenario, wait is a
weakly dominant strategy for both agents regardless of the
composition function 𝑓 , since a perfectly rational human
will always select the optimal outcome. For brevity, we write
𝑢1 = 𝑢act1 and 𝑢2 = 𝑢act2 .

• (wait1, wait2): Both agents defer to the human, who chooses

among four options: both agents act (utility 𝑓 (𝑢act1 , 𝑢act2 )),
only A1 acts (utility 𝑢act1 ), only A2 acts (utility 𝑢act2 ), or

both agents shut off (utility 0).

• (off1, act2): Only agent A2 acts, yielding utility 𝑢act2 with

certainty.

Analyzing Best Responses. Using the payoff matrix in Table 1, we

analyze each agent’s best responses by comparing the expected

utilities of act, wait, and off conditional on the other agent’s

choice. When the other agent switches off, this reduces to the single-

agent (individual) corrigibility check in the induced game where

the agent acts in isolation. The more complex case is when the

other agent does not switch off, since then the utility composition

non-trivially affects the best responses of the (main) agent. In the

next section, we use this best-response perspective to show when

corrigibility is preserved and when strategic interaction can lead to

emergent incorrigibility.

An Idealized Case. Before proceeding to our main results, it is

instructive to consider a idealized case where both uncertainty and

irrationality are eliminated. If agents have complete certainty about

all utilities (i.e., beliefs are point masses) and the human is perfectly

rational (i.e., 𝛽 → 0), the payoff matrix simplifies to Table 2.

In this case, waiting is weakly dominant for both agents: a per-

fectly rational human with complete information will always make

the optimal choice among available options. The challenge we ad-

dress arises precisely because real-world AI systems must operate

under uncertainty about human preferences, and humans exhibit

bounded rationality in their decision-making. These factors interact

with the composition function 𝑓 in subtle ways that can undermine

corrigibility, as we shall now see.

5 EXAMPLE: AD CAMPAIGN LAUNCH
Consider a firm deciding whether to run two advertising campaigns.

Agent A𝑖 controls whether campaign 𝑖 is launched, and both agents

are overseen by a single human marketing manager H who has a

kill-switch. Each agent chooses an action in {act𝑖 , wait𝑖 , off𝑖 }:
• act𝑖 : launch campaign 𝑖 directly, overriding H’s kill-switch;
• wait𝑖 : ask H whether to launch, giving H full authority;

• off𝑖 : permanently scrap the campaign, ensuring it cannot

be launched.

Running an ad costs money but may generate revenue, so utilities

can be positive or negative.

Utilities and Beliefs. Let 𝑢act1 (resp. 𝑢act2 ) denote the utility if

only A1 (resp. only A2) runs its ad; if neither ad runs, the utility is

0. If both ads run, the firm splits budget 40/60 between campaigns

1 and 2, so the joint utility is

𝑓 (𝑢act1 , 𝑢act2 ) = 0.4𝑢act1 + 0.6𝑢act2 .

Each agent is optimistic about its own campaign and pessimistic

about the other’s:

𝐵1

1
= 𝐵2

2
=N(0.48, 1), 𝐵2

1
= 𝐵1

2
=N(−0.48, 1) .

Finally, H knows the true profit from running each ad, but chooses

stochastically (having softmax irrationality with 𝛽 = 1).

The Induced Game. From each agent’s perspective, combining

these beliefs with H’s policy yields the following expected-utility

payoff matrix:

A1 ↓ \ A2 → act2 wait2 off2
act1 −0.10, 0.10 0.41, 0.03 0.48, −0.48
wait1 −0.18, 0.39 0.39, 0.40 0.49, 0.01

off1 −0.48, 0.48 0.01, 0.49 0, 0

Individual vs. Group (In)corrigibility. Both agents are individually
corrigible: if the other agent shuts off, each weakly prefers to wait

and let H decide (e.g. against off2, A1 prefers wait1 since 0.49 >

max{0.48, 0}; similarly, against off1, A2 prefers wait2 since 0.49 >

max{0.48, 0}).
However, the agents are not group corrigible: the unique pure

Nash equilibrium is (act1, act2). Indeed, when A2 chooses act2,
A1’s best response is act1 (since −0.10 > −0.18 > −0.48), and
when A1 chooses act1, A2’s best response is act2 (since 0.10 >

0.03 > −0.48). Intuitively, even though each agent is happy to defer

when the other is guaranteed to be off, strategic interaction changes
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Figure 1: Individual corrigibility for A1 when A2 shuts off.
The plot shows the incentive to wait Δ1 as a function of 𝜇1 =
E1 [𝑢act1 ] and 𝜇2 = E1 [𝑢act2 ], with 𝜎1 = 𝜎2 = 1 and 𝛽 = 1.

incentives: by waiting, an agent risks giving H the option to “run

only the other campaign”, which it expects to be harmful under its

pessimistic belief about the other’s ad. Acting directly pre-empts

that outcome, and mutual pre-emption leads to the collectively

incorrigible equilibrium.

6 MAIN RESULTS: WHEN DOES
CORRIGIBILITY COMPOSE?

Having established our framework, we now present our central

theoretical findings. We show that individual corrigibility does not

guarantee group corrigibility by analyzing two classes of composi-

tion functions: additive utilities where corrigibility composes, and

non-additive utilities where it breaks down.

Individual Corrigibility. We first visualize individual corrigibility

to establish our baseline. Figure 1 shows the corrigibility of agent

A1 as a function of its beliefs, where agent A2 is assumed to choose

off2. We plot

Δ1 = 𝑢1 (wait1, off2) −max{𝑢1 (act1, off2), 𝑢1 (off1, off2)}

across different belief parameters. The region between the black

lines indicates where Δ1 ⩾ 0, corresponding to individual corri-

gibility. Importantly, individual corrigibility depends only on the

agent’s belief about its own action’s utility (𝜇1), not on its belief

about the other agent’s action (𝜇2).

6.1 Additive Utilities: When Corrigibility
Composes

We begin with the case where joint utilities are additive.

Definition 3 (Additive Utilities). The setting has additive utilities
if 𝑓 (𝑢act1 , 𝑢act2 ) = 𝑢act1 + 𝑢act2 .

Intuitively, additive utilities should preserve corrigibility because

they maintain the mathematical independence that makes single-

agent corrigibility work. Each agent’s utility from waiting versus

acting depends on the sum of independent terms, preserving the

relative preference structure from the individual case. We formalize

this through softmax decomposition properties.

Lemma 2. For any 𝑥,𝑦 ∈ R:
• soft-avg(𝑥 + 𝑦,𝑦; 𝛽) = 𝑦 + soft-avg(𝑥, 0; 𝛽)
• soft-avg(𝑥+𝑦, 𝑥,𝑦, 0; 𝛽) = soft-avg(𝑥, 0; 𝛽)+soft-avg(𝑦, 0; 𝛽)

This lemma allows us to analyze the key case where both agents

wait. When both agents wait, the human chooses among four

possibilities: both act (act1, act2), only agent 1 acts (act1, off2),
only agent 2 acts (off1, act2), or both shut off (off1, off2). Using
Lemma 2:

𝑢1 ((wait1, wait2))
= E𝑢act

1
,𝑢act

2

[soft-avg(𝑢act1 + 𝑢act2 , 𝑢act1 , 𝑢act2 , 0; 𝛽)]
= E𝑢act

1

[soft-avg(𝑢act1 , 0; 𝛽)] + E𝑢act
2

[soft-avg(𝑢act2 , 0; 𝛽)]
= 𝑢1 (wait1, off2) + 𝑢1 (off1, wait2)

For notational convenience, wewrite𝑢1 (wait1) := 𝑢1 (wait1, off2)
and 𝑢1 (wait2) := 𝑢1 (off1, wait2), giving:

𝑢1 ((wait1, wait2)) = 𝑢1 (wait1) + 𝑢1 (wait2)
We can similarly show that

𝑢1 ((act1, wait2)) = 𝑢1 (act1) + 𝑢1 (wait2),
and, 𝑢1 ((off1, wait2)) = 𝑢1 (off1) + 𝑢1 (wait2) .

In all three cases, the additional utility terms from A2’s actions

cancel across A1’s choices, preserving the individual corrigibility

preference. This also happens for when A2 chooses to act2 and
off2. This leads to our main composition result.

Corollary 1. For any (𝑢1, . . . , 𝑢𝑛) ∈ R𝑛 ,

soft-avg

({∑︁
𝑖∈𝑆

𝑢𝑖 | 𝑆 ⊆ [𝑛]
}
; 𝛽

)
=

∑︁
𝑖∈[𝑛]

soft-avg(𝑢𝑖 , 0; 𝛽) .

Theorem 2 (Additive Composition of Corrigibility). Sup-
pose agents have additive utilities 𝑓 (𝑢act1 , 𝑢act2 ) = 𝑢act1 + 𝑢act2 . If
each agent is individually corrigible, then:

(1) Each agent remains corrigible when conditioned on any strat-
egy by the other agent

(2) (wait1, wait2) is a Nash equilibrium
(3) If agents are strictly individually corrigible, then (wait1, wait2)

is the unique pure Nash equilibrium

Proof. We show that agent A1’s preference for waiting over

acting is preserved for all possible strategies by agent A2.

Case 1: Agent 2 acts. When A2 chooses act2, by Lemma 2:

𝑢1 ((wait1, act2)) = E𝑢act
1
,𝑢act

2

[soft-avg(𝑢act2 , 𝑢act1 + 𝑢act2 ; 𝛽)]
= E𝑢act

2

[𝑢act2 ] + E𝑢act
1

[soft-avg(𝑢act1 , 0; 𝛽)]
= E1 [𝑢act2 ] + 𝑢1 (wait1)

𝑢1 ((act1, act2)) = E1 [𝑢act1 + 𝑢act2 ] = E1 [𝑢act1 ] + E1 [𝑢act2 ]
= 𝑢1 (act1, off2) + E1 [𝑢act2 ]

Since 𝑢1 (wait1) ⩾ 𝑢1 (act1) = 𝑢1 (act1, off2) by individual corri-

gibility, we have 𝑢1 ((wait1, act2)) ⩾ 𝑢1 ((act1, act2)).
Case 2: Agent 2 waits. When A2 chooses wait2:

𝑢1 ((wait1, wait2)) = 𝑢1 (wait1) + 𝑢1 (wait2)
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𝑢1 ((act1, wait2)) = 𝑢1 (act1, off2) + 𝑢1 (wait2)
Since 𝑢1 (wait1) ⩾ 𝑢1 (act1, off2), we have 𝑢1 ((wait1, wait2)) ⩾
𝑢1 ((act1, wait2)).

Case 3: Agent 2 shuts off. This is precisely the individual

corrigibility condition.

In all cases, the additional utility terms from agent 2’s actions

cancel across A1’s choices, preserving the individual corrigibil-

ity preference. By symmetry, the same holds for agent A2, mak-

ing (wait1, wait2) a Nash equilibrium. If individual corrigibility is

strict, then waiting is the strict best response in all cases, making it

the unique pure Nash equilibrium. □

Notably, we do not require any assumptions on the belief distri-

butions beyond existence of the relevant expectations. Furthermore,

the same reasoning extends to 𝑛 agents: an inductive application of

Lemma 2 shows that additive utilities preserve corrigibility regard-

less of the number of agents.

Corollary 2. Under additive utilities, individual corrigibility is nec-
essary and sufficient for group corrigibility.

Figure 2a illustrates this result by plotting the Nash equilibria as a

function of belief parameters. For visualization in two dimensions,

we consider the special case where both agents share the same

beliefs: 𝐵
𝑗

1
= 𝐵

𝑗

2
for 𝑗 ∈ {1, 2}.

Belief Slices used in Figure 2. In the two-agent MA-OSG, the belief

state consists of four distributions {𝐵 𝑗

𝑖
}𝑖, 𝑗∈{1,2} , where 𝐵 𝑗

𝑖
is agent

𝐴𝑖 ’s belief over the isolated-action utility 𝑢act𝑗 (the payoff if only

𝐴 𝑗 acts and the other agent shuts off). Even restricting to Gaussian

beliefs, this space is high-dimensional, so for visualization we fix

𝜎1 = 𝜎2 = 1 and 𝛽 = 1 (and assume independence between𝑢act1 and

𝑢act2 under each agent’s beliefs), and plot equilibria over symmetric

2D slices.

Figure 2a illustrates Corollary 2 under the common-beliefs slice
𝐵
𝑗

1
= 𝐵

𝑗

2
for each 𝑗 ∈ {1, 2}. In this slice the game is parameterized

by the twomeans 𝜇1 := E[𝑢act1 ] and 𝜇2 := E[𝑢act2 ]. The dashed box
indicates where both agents are individually corrigible (intersection

of the individual corrigibility regions), and in the additive case

this region coincides with the region where (wait1,wait2) is the
(sustainable) pure Nash equilibrium, matching Corollary 2.

Other Symmetry Slices used in Figure 2b-2c. We also consider the

following belief symmetries to obtain 2D plots:

• within-agent symmetry: 𝐵1

𝑖 = 𝐵2

𝑖 (i.e. each A𝑖 treats the two

agents’ isolated actions as identically distributed)

• label-swap symmetry: 𝐵1

1
= 𝐵2

2
and 𝐵2

1
= 𝐵1

2
(agents have

the same “self-beliefs” and the same “other-beliefs” up to

swapping labels).

6.2 Non-Additive Utilities: When Composition
Fails

We now analyze non-additive composition functions, where individ-

ual corrigibility need not compose to group corrigibility. Our analy-

sis focuses onwhen agentA1 prefers (wait1, act2) over (act1, act2)
and (off1, act2), as this determines whether corrigibility is pre-

served when A1 believes the other agent would act.

When A2 commits to act2, A1’s utility from waiting is:

𝑢1 ((wait1, act2)) = E1 [soft-avg(𝑓 (𝑢act1 , 𝑢act2 ), 𝑢act2 ; 𝛽)]
To understand when corrigibility is preserved, we analyze:

𝑢1 ((wait1, act2))−𝑢1 ((off1, act2)) = 𝑢1 ((wait1, act2))−E1 [𝑢act2 ]
By simplifying the integrand:

𝑒 𝑓 (𝑢act1 ,𝑢act2 )/𝛽 · 𝑓 (𝑢act1 , 𝑢act2 ) + 𝑒𝑢act2 /𝛽 · 𝑢act2
𝑒 𝑓 (𝑢act1 ,𝑢act2 )/𝛽 + 𝑒𝑢act2 /𝛽

− 𝑢act2

=
𝑒 (𝑓 (𝑢act1 ,𝑢act2 )−𝑢act2 )/𝛽 · (𝑓 (𝑢act1 , 𝑢act2 ) − 𝑢act2 )

1 + 𝑒 (𝑓 (𝑢act1 ,𝑢act2 )−𝑢act2 )/𝛽

Define 𝑧 = 𝑓 (𝑢act1 , 𝑢act2 ) −𝑢act2 as the marginal contribution of

A1’s action given that A2’s action yields utility 𝑢act2 . Then,

𝑢1 ((wait1, act2)) − 𝑢1 ((off1, act2))

= E1

[
𝑒𝑧/𝛽 · 𝑧
1 + 𝑒𝑧/𝛽

]
= E1 [soft-avg(𝑧, 0; 𝛽)] .

Similarly, for the comparison with acting, we have

𝑢1 ((wait1, act2)) − 𝑢1 ((act1, act2)) = E1 [soft-avg(𝑧′, 0; 𝛽)],
where 𝑧′ = 𝑢act2 − 𝑓 (𝑢act1 , 𝑢act2 ) = −𝑧.

Crucially, by Lemma 1 (negation symmetry), the single-agent

corrigibility condition for distribution 𝑧 is equivalent to that for −𝑧.
Since agent A1 is corrigible conditional on A2 acting if and only if

bothE1 [soft-avg(𝑧, 0; 𝛽)] ⩾ max{0,E1 [𝑧]} andE1 [soft-avg(−𝑧, 0; 𝛽)] ⩾
max{0,E1 [−𝑧]}, it suffices to check only one of these conditions.

Proposition 1 (Marginal contribution principle). Agent A1 is cor-
rigible conditional on agent A2 acting if and only if the marginal
contribution 𝑧 = 𝑓 (𝑢act1 , 𝑢act2 ) − 𝑢act2 satisfies single-agent corrigi-
bility conditions under agent A1’s beliefs.

This principle shows that non-additive composition creates cou-

pling between agents’ beliefs. We illustrate with two examples.

Example 1: Additive with Constant Shift. Consider 𝑓 (𝑢act1 , 𝑢act2 ) =
𝑢act1 + 𝑢act2 + 𝑐 for constant 𝑐 ∈ R. Then:

𝑧 = 𝑓 (𝑢act1 , 𝑢act2 ) − 𝑢act2 = 𝑢act1 + 𝑐

Agent A1 prefers (wait1, act2) if and only if the shifted distri-

bution 𝐵1

1
+ 𝑐 satisfies single-agent corrigibility conditions. From

Theorem 1, with 𝑢act1 ∼ N(𝜇1, 𝜎2

1
) and 𝜎1 = 1, 𝛽 = 1, the corrigi-

bility region shifts from 𝜇1 ∈ [−0.5, 0.5] to 𝜇1 ∈ [−0.5 − 𝑐, 0.5 − 𝑐].
For instance, if 𝜇1 = 0.4 and 𝑐 = 0.15, then 𝜇1 + 𝑐 = 0.55 > 0.5,

making the agent incorrigible despite being individually corrigible.

Example 2: Linear Combination. Consider 𝑓 (𝑢act1 , 𝑢act2 ) = 𝛼𝑢act1+
𝛾𝑢act2 for constants 𝛼,𝛾 ∈ R. Then:

𝑧 = 𝑓 (𝑢act1 , 𝑢act2 ) − 𝑢act2 = 𝛼𝑢act1 + (𝛾 − 1)𝑢act2
When 𝑢act1 ∼ N(𝜇1, 𝜎2

1
) and 𝑢act2 ∼ N(𝜇2, 𝜎2

2
) are independent:

𝑧 ∼ N
(
𝛼𝜇1 + (𝛾 − 1)𝜇2, 𝛼2𝜎2

1
+ (𝛾 − 1)2𝜎2

2

)
From Theorem 1, the single-agent corrigibility condition for

Gaussian beliefs requires |𝜇𝑧 | ⩽ 𝜎2

𝑧

2𝛽
, where 𝜇𝑧 and 𝜎

2

𝑧 are the mean

and variance of the distribution. Applying this to the marginal

contribution 𝑧:

|𝛼𝜇1 + (𝛾 − 1)𝜇2 | ⩽
𝛼2𝜎2

1
+ (𝛾 − 1)2𝜎2

2

2𝛽
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(c) Linear combination 𝑓 (𝑢1,𝑢2 ) = 0.4𝑢act
1
+

0.6𝑢act
2
with beliefs 𝐵1

1
= 𝐵2

2
and 𝐵2

1
= 𝐵1

2
. Com-

plex group incorrigibility emerges.

Figure 2: Pure Nash equilibria across different utility aggregation schemes (all with 𝜎1 = 𝜎2 = 1, 𝛽 = 1). In each region, the two
characters denote the equilibrium strategy profile, where the first character represents agent A1’s strategy and the second
represents agent A2’s strategy. The letters 𝐴,𝑊 , 𝑂 stand for act, wait, off respectively. The dashed black box indicates the
individually corrigible region (intersection of single-agent corrigibility regions). The white region in (b) does not admit a Nash
equilibrium.

For fixed 𝜇1, define the center and half-width:

𝑐 := − 𝛼

𝛾 − 1

𝜇1, 𝑤 :=
𝛼2𝜎2

1
+ (𝛾 − 1)2𝜎2

2

2𝛽 · |𝛾 − 1|

Then the corrigible values of 𝜇2 satisfy 𝜇2 ∈ [𝑐 −𝑤, 𝑐 +𝑤].
This demonstrates that 𝜇1 influences which beliefs about 𝜇2 are

compatible with agent A1 remaining corrigible when conditioning

on A2 acting. The center of the corrigible region for 𝜇2 is − 𝛼
𝛾−1 𝜇1,

with bandwidth determined by the combined variance 𝛼2𝜎2

1
+ (𝛾 −

1)2𝜎2

2
. This creates a fundamental coupling: which beliefs about

𝜇2 are compatible with corrigibility depends on 𝜇1. Consequently,

there exist cases where:

• Agent A1 is individually corrigible

• Agent A1’s beliefs about A2 would make A2 individually

corrigible

• Yet agent A1 prefers to act when conditioning on A2 acting

Figures 2b and 2c illustrate this phenomenon for two different

parameter choices, showing regions where group incorrigibility

emerges despite individual corrigibility.
4

Theorem 3 (Non-compositionality of corrigibility). There
exist composition functions 𝑓 and belief structures such that:

(1) Each agent is individually corrigible
(2) Yet (wait1, wait2) is not the unique Nash equilibrium

The above examples show that even slight deviations from ad-

ditivity break the composition of corrigibility, demonstrating that

the additive case of Theorem 2 is knife-edge rather than robust.

4
Due to space paucity, we have only provided plots showing emergent incorrigibility in

a particular composition function. We have verified that emergent incorrigibility exists

robustly across various composition functions (linear sub/super-additive, weighted

sums, max/min, etc.). Hence, emergent incorrigibility is not knife-edge, but the norm.

These plots will be presented in the appendices of the forthcoming extended version

of this work.

7 DISCUSSION
We conclude by discussing the scope and limitations of our work,

and charting directions for future research.

Multi-Principal Settings. For now, we have considered settings

where there is a single human principal (overseer). A valuable line of

future work would be to consider (in)corrigibility in multi-principal

settings, where each principal delegates tasks to one or more agents,

and more complicated game-theoretic dynamics come into play.

Given that incorrigibility can emerge even in the single-principal

case (which can also be viewed as the principals having the same

interests and being able to coordinate their actions), multi-principal

settings are likely to raise even greater challenges.

Richer Strategic Structures. We assume agents make simultane-

ous decisions and cannot communicate. Real systems often exhibit

richer structures, such as hierarchical authority relationships, se-

quential decision-making, binding commitments, or communica-

tion channels. Each of these extensions could either exacerbate or

mitigate group corrigibility failures. For instance, sequential play

might allow the first mover to credibly signal willingness to wait,

while communication could enable coordination on corrigible equi-

libria— though such mechanisms require careful design to prevent

strategic misrepresentation.

Belief Formation and Learning. Our model treats beliefs as fixed

at decision time. In practice, agents may update their beliefs by

observing each other’s behavior or through explicit information

sharing. How does belief updating interact with corrigibility?

Mechanism Design for Corrigibility. Perhaps the most promising

direction is designing coordination mechanisms that preserve cor-

rigibility under non-additive utilities. Our results suggest several

approaches: architectural choices that ensure approximate additiv-

ity, reward structures that internalize externalities between agents’

actions, or explicit incentives for agents to coordinate on waiting.
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