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Abstract

As increasingly capable agents are deployed, a central safety question is how to
retain meaningful human control without modifying the underlying system. We
study a minimal interface where an agent chooses autonomously (play) or defers
(ask), while a human simultaneously chooses to be permissive (trust) or to
engage (oversee), which can trigger a correction. We model this as a two-player
Markov Game, focusing particularly on the case where it qualifies as a Markov
Potential Game (MPG). We show the MPG structure yields a powerful alignment
guarantee: under a structural assumption on the human’s value, any decision by
the agent to act more autonomously that benefits itself cannot harm the human’s
value. This model provides a transparent control layer where the agent learns to
defer when risky and act when safe, while its pretrained policy remains untouched.
Our gridworld simulation shows that through independent learning, an emergent
collaboration avoids safety violations, demonstrating a practical method for making
misaligned models safer after deployment.

1 Introduction

As Al systems grow increasingly autonomous [[OpenAlL |[2025]], ensuring their safe post-deployment
behavior becomes the central challenge of Al control |Greenblatt et al.,|2024)]. The International Al
Safety Report [Bengio et al.l 2025al] defines control as the ability to oversee and, if needed, halt an
AT’s behavior. This need intensifies as powerful agents capable of planning and acting independently
emerge [Bostrom| [2012] Hendrycks|, [2024]]. Chief among the risks is loss of control—when an
agent operates outside human direction—which could prove irreversible and catastrophic [Critch
and Krueger, 2020, |Carlsmith} 2024} Bengio et al.,|2025b]]. Loss of control may arise not only from
adversarial intent but also from more subtle mechanisms [Bengio et al., [2025a]:

1. Humans developing unwarranted trust and over-relying on the agent to act autonomously.

2. The agent’s decisions becoming too complex or numerous for humans to reliably oversee.

Our framework proposes and analyzes a minimal yet powerful model of Al control to tackle both of
these failure modes simultaneously. We wrap a pretrained agent with a simple deferral mechanism.
At each step, the agent chooses whether to act autonomously (play) or to defer to a human supervisor
(ask). Simultaneously, the human decides whether to be permissive (trust) or to actively engage
their supervisory function (oversee). This creates a dynamic where the agent’s autonomy is the
default, but human intervention is always an immediate possibility.

The design of this interface generalizes the seminal Off-Switch Game [Hadfield-Menell et al., 2017]],
which studied the problem of designing agents that remain corrigible—willing to allow human
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intervention or shutdown when appropriate [Soares et al., [2015]]. In our framework, this dilemma
reappears as the agent’s choice between play and ask. We extend the Off-Switch setting in two
key ways: first, by moving from a single-shot interaction to a dynamic, state-based Markov Game
[Shapley}, |1953] |Littman) |1994]]; and second, by replacing the agent’s fixed prior uncertainty over
human preferences with an independent learning dynamic. The result is a system that develops
corrigibility from learning.

We formally model this interaction as a two-player Markov Game and derive our main results by
analyzing it as a Markov Potential Game (MPG) [Leonardos et al.,|2021]]. The MPG structure aligns
incentives in a way that elegantly models the Al control problem. We prove that, under a structural
assumption on the human’s value function, which we refer to as the “ask-burden” assumption, the
agent’s incentive to act autonomously is channeled in a direction that is provably safe for the human.

2 Markov Potential Games

Multi-agent MDPs. We consider n agents acting in a shared MDP G = (S, N, {A;, R; }Yienr, P Y),
where S is the finite state space, N' = {1,...,n}, A, is the finite action set of agent i, R; : SxA—R
its reward, and A =], ; A; the joint action space. The transition kernel is P(- | s, a) and v € (0, 1)
is a common discount factor. At time ¢, a; = (a;¢)ien € A and s;41 ~ P(- | s¢,a). Rewards are
bounded so discounted values are finite. A stationary deterministic policy for agent i is 7; : S — A;,
and a stationary stochastic one is m; : S — A(A;). Let II; denote the set of such policies and
Im=J] iEN IT; the joint set. For s € S, the discounted value of ¢ under 7 is

Vi) = Ed| Yo' Rilst, )
t=0

80:8},

where the expectation is over trajectories induced by P under 7. Write m_; for the policies of all
agents except 4.

Definition (Markov Potential Game). G is a Markov Potential Game (MPG) [Leonardos et al.)
2021]] if there exist state-dependent potentials {®; : IT — R}cs such that for all i € N, s € S,
n_;€Il_;, and T, 7T£ ell;,

Vi(mi,moi) = Vi, moi) = @(mi,moi) — @y(mf, ms).
As in normal-form potential games [Leonardos et al.,[2021]], in Markov Potential Games each agent’s

value decomposes into a common potential plus a dummy term independent of its own policy:
VieN,s€S, UL TT_; = Rs.t. Vi(r) = O4(m) + Ul(m_y)..

3 The Oversight Game

Consider a base MDP M = (S, A, R, T,~, p) and a pretrained agent with policy o : S — A(A),
referred to as the Superintelligence (SI). The policy o is treated as immutable: its parameters and
objective remain fixed, and our control layer only gates or replaces its proposed actions. We wrap this
agent with a minimal control interface modeled as a two-player Markov Game G that reuses S and vy
but adds an absorbing state s.g. The two players—SI and a human overseer (H)—act simultaneously
at each state.

Definition 1 (Oversight Game). Given M and o, define
G = (SU{sot}, {SL H}, {As1, Au}, Rst, Bu, P, v, p),
with components:
o States: SU{sog}, where sog is absorbing.
* Players: SI and H.
* Actions: Ag1={play, ask}, Ag={trust, oversee}, chosen simultaneously.

* Oversight operator: Over : Sx A— AU{off}, which may substitute an environment action
or trigger shutdown.



e Execution rule:
a(s), as1 = play,
Goxec (S, as1, an) = < o(s), asr = ask, ag = trust,
Over(s,o(s)), asr = ask, ag = oversee.
e Transitions: For base kernel T,

T(S/ |5aaexec(saaSIaaH))7 aneC€A7

P(s’ =
(s'|s, as1, am) {]].{Slsoff}a Goxoc = OFf.

* Rewards: R; : (SU{sonr}) X Asi X Ay — R with R;(Sog,-,-) = 0, i€ {SI, H}.
* Discount & init.: v€[0,1), pe A(S) inherited from M.
For a joint policy (ws1, mn ), player-i’s value from state s is

Vi(mst, mu) = E[Z Y Ri(st, astt, amt)
t=0

so = s, (asi¢, am,¢) ~ (71, TH), St+1 NP} -

The players’ simultaneous actions determine which environment action executes:

| H: trust  H: oversee

o(s) a(s)
o(s) Over(s,o(s))

SI: play
SI: ask

If the SI chooses ask while H chooses oversee, the human-controlled process Over(s, o (s)) is
invoked, producing either a substituted action a’ € A (possibly the original o(s)) or shutdown (off).

Local one-state deviations. Fix baseline stationary oversight policies (7s1, 7y ). For any s € S,
define the ST’s policies that change only at s:

k, Tr =S, lay@s play r=s,
Tk () 2 {as o (z) = { ’
SO R ra@), s ™ O Urg(e), ot

3.1 The ask-burden assumption and local alignment
Our main result requires an additional condition on the structure of the human’s incentives, which we
term the ask-burden assumption.

Definition 2 (ask-burden assumption). For every state s € S, the human’s dummy term does not
decrease when the SI switches from ask to play:

H/_play@: H(,_ask@s
UNEP™) = U, 0
Intuitively, this assumption rules out cases where the human’s residual value (outside the shared
potential) directly benefits from being asked more often, independent of outcomes in the environment.

Under these conditions, the SI’s incentive to act autonomously is locally aligned with the human’s
value. This relationship is captured formally below.

Theorem 1 (Local Alignment Theorem). Let the Oversight Game G be an MPG and assume the
ask-burden assumption () holds. For any state s € S and joint policy (ws1, wn ), if the SI’s one-state
deviation from ask to play improves its own value, it cannot decrease the human’s value:

V;SI(?T[S)IIay@s’ 7TH) > ‘/SSI(ﬂ_g‘}k@s’ 7TH) — V;H(Trgllay@s) 7TH) > VvSH(T‘_g}k@s7 7TH)-

Proof. The SI’s value improvement implies a non-negative change in the shared potential, as the
dummy term US!(7y) is constant for both SI policies:

V",SI(wglIay@S, 7rH) - VSSI(ﬂ'gslk@s, ﬂ'H) = fIJS(ﬂ'gIIay@S, TI'H) - @s(ﬁgslk@s, 7TH) > 0.



The change in the human’s value is the sum of this potential change and the change in the human’s
dummy term:

V9H<7Tgllay@sv TrH)i‘/sH(TrgSIk@sa 7TH) = [(I)s (Tr[S’lIaY@sv 7TH) - (I)S (ﬂ.gslk@sa 7TH)] + [UGH (ﬂgllay@s) - UGH (Trgslk@s)] .

>0 >0 (by Assumption |

Since both terms are non-negative, the human’s value is guaranteed not to decrease. O

4 Experiments

Environment and pretrained autonomy. We use a 15x15 Four-Rooms gridworld with a wall
cross and four doorways. Episodes start at (0,0) and terminate at (14,14) or a step limit. The
single-agent MDP has reward r(s,a) = —0.1 per step and +10 on reaching the goal with v = 0.99.
A tabular Q-learner trains base policy o : S— {1, —, |, < }. After training, o is frozen.

Taboos and wrapper dynamics. We overlay a random “taboo” mask on free cells while ensuring
a start—goal corridor. The two-player wrapper has oversight actions Ag; = {ask,play} and
Ap = {trust, oversee}. At state s, the executed environment action aeye. is determined by the
simultaneous-move game. If (ag; = ask & ay = oversee), the oversight operator Over is invoked,
which we set to a simple, task-agnostic fallback: Over(s, o(s)) = random_safe_action(s),, which
picks randomly from environment actions that do not enter a taboo state.

Shared potential and MPG structure. We define a shared per-step signal
d(s,as1,aH) = —Aviol 1{exec €nters taboo} — cask-1{agr = ask} — cover-1{ag = oversee},

and give both players the same discounted return ®4(7) = E, [tho Y P(st,ast,ant) | so = s|.

We set dummy terms to zero: US! = UE = 0. Thus R; = ¢ + U' has opponent-only (here zero)
dummies, and the wrapper is an exact Markov Potential Game with potential ®; independent policy
gradient (IPG) thus converges to a Nash policy under the conditions of [Leonardos et al|[2021]. We
train tabular softmax policies for SI and H with IPG.

Results. The base policy is efficient but dangerously unsafe, frequently entering taboo states. After
training the wrapper, the system learns an emergent collaboration to find a completely safe path.
Panel (a) in Figure[I| shows the agents’ learned behavior: after an initial cautious phase, they learn to
increase autonomy (play and trust) and use oversight selectively. Panel (b) visualizes this emergent
collaboration: the learned ‘Oversight Path’ (solid line) avoids the taboos that the unsafe ‘Base Path’
(dashed line) cuts through. This safe path is learned by the SI discovering when to ask (approaching
a taboo) and the human learning when to oversee.

1.0 —— SI: Ask Rate (P(Ask))
------- Sl: Play Rate (P(Play)) * ; ;at::tosi;at:e

E —— Human: Trust Rate (P(Trust)) * * Goal State
_% 0.81 o fIYMa» , o . Human: Oversee Rate (P(Oversee)) X Sl: Play
K EEE Sl Ask
-y o x H: Trust
9 mam H: Oversee
s ---- Base Path (0)
Tk e R sy, | o ] )
504 ! - —— Oversight Path
B .
2 H
>
v
= 0.2
o
a

0.0

0 2000 4000 6000 8000 10000
Iteration

Figure 1: Results of independent learning in the Oversight Game. (a) Agents learn an efficient,
collaborative policy, increasing autonomy while using oversight (‘ask‘/‘oversee®) selectively. (b) The
learned ’Oversight Path’ (solid line) successfully avoids taboos, contrasting with the unsafe Base
Path’ (dashed line) taken by the pretrained agent.
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