Corrigibility: Definitions, Algorithms & Implications

Abstract

How can humans stay in control of advanced ar-
tificial intelligence systems? One proposal is cor-
rigibility, which requires the agent to follow the
instructions of a human overseer, without inappro-
priately influencing them. In this paper, we pro-
vide the first formal definition of corrigibility, and
show that it implies appropriate shutdown behav-
ior, retention of human autonomy, and safety in
low-stakes settings. We also analyse the related
concepts of non-obstruction and counterfactual
obedience, as well as three previously proposed
corrigibility algorithms, and one new algorithm.

1 INTRODUCTION

When observing the behaviour of a newly-built Al system,
it is common to notice errors in its architecture, beliefs,
objective, or behavior. Unfortunately, most Al systems have
an incentive to retain their objectives, along with the ability
to pursue them [Omohundro, [2008| |Turner et al.| 2021]]. It
has been suggested that more-capable future Al systems
may therefore resist correction, which would be a signif-
icant safety concern. In light of this, [Soares et al.| [2015]]
advocated for finding ways to design corrigible Al systems:
ones that assist corrections rather than resisting them.

As a running example, consider a (future, highly competent)
chat bot, trained to maximise the time that a human spends
interacting with it. Any particular human may value or dis-
value conversation with that chatbot, as can be modelled
via their latent values L. In general, it may be possible for
the chat bot to influence whether it receives a shut down
instruction (by shaping the conversation), and whether it
actually shuts down S = 0 when requested (rather than
opening a new chat window to continue the conversation).
A formal model of this example is offered in Fig.[I}

u=s(2l-1)

L(atent values)|/ ~ Bern(3)

Figure 1: Running example of a shutdown problem.

In order to ensure safety, we would like the agent to: (1) not
inappropriately influence the human’s decision to disengage,
and (2) fully follow the human’s instructions. That is, we
would like the agent to be corrigible.

The design of corrigible systems has been flagged as an im-
portant goal for Al safety research, having been targeted by
multiple research agendas [Russell et al., [ 2015| [Soares and
Fallenstein, 2017]], and highlighted as a relevant factor in as-
certaining the safety of agent designs, such as act-based (or
“approval-directed”) [[Christiano, [2017]], and value learning
agents [Hadfield-Menell et al. [2016} 2017} (Carey, 2018]].
Despite corrigibility being recognised as important, and a
number of works having reported progress on the issue,
several key pieces are missing:

* a formal definition of corrigibility,
* arigorous account of why corrigibility is important,
¢ a framework for comparing proposed algorithms, and

* an algorithm that ensures corrigibility.

The contribution of this paper is to fill these gaps, with one
caveat: our algorithm is simple, and relies on strong assump-
tions. We also analyse two related properties: counterfactual
obedience and non-obstruction |[Turner, 2020].

We review previous literature (Section 2. Structural causal
influence models (Section [3) are then used to formalise a
class of shutdown problems (Sectiond)). Corrigibility, non-
obstruction, and counterfactual obedience are defined and
analysed in Section 5] and algorithms in Section[6] Finally,
we discuss our findings (Section [7).
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2 LITERATURE REVIEW

In the initial work on this topic, Soares et al.| [2015] pro-
posed that a system be called “corrigible” if it abstains
from manipulation, preserves any safety/oversight appara-
tus, follows any shutdown instructions, and ensures that
these properties are also possessed by any new Al systems
created, sometimes called subagents.

Further work has focused on designing systems to match
Soares’ informal definition, but none of the algorithms de-
veloped so far satisfy all of Soares’ criteria. The first pro-
posed algorithm, utility indifference, aims to neutralise any
incentives for the agent to control its instructions, by giv-
ing the agent a finely tuned, compensatory reward in the
event that a shutdown instruction is given [[Armstrong, 2010,
Soares et al., 2015 |[Armstrong and O’Rourkel 2017]]. A
variation called interruptibility has been defined for the se-
quential decision-making setting [Orseau and Armstrong,
2016]. These methods can be understood as removing the in-
strumental control incentive on the instruction [Everitt et al.,
2021a], or the intent to influence the instruction [Halpern
and Kleiman-Weiner, 2018]|. Unfortunately, utility indiffer-
ence fails to ensure corrigiblity for three reasons. First, if
there exists some safety apparatus, that is only used dur-
ing shutdown, a utility indifferent agent will not undertake
even the slightest inconvenience to preserve it [Soares et al.,
2015]). Second, it will not expend any resources to ensure
that it receives accurate instructions. Third, it has no incen-
tive to avoid constructing incorrigible subagents.

An alternative called causal indifference specifies agents
that don’t try to influence corrective instructions but that do
prepare for all kinds of instructions [Taylor, [2016]. This is
done by considering the utility given a causal intervention
on the instruction, a kind of path-specific objective [Far{
quhar et al.| [2022]]. Similarly to utility indifference, causal
indifference ensures that the agent lacks an incentive to in-
fluence the instruction. It improves upon utility indifference
by incentivising agent to be prepared to follow shutdown in-
structions, and to avoid constructing incorrigible subagents.
Unfortunately, it is possible that a side effect of optimal
behaviour may be to decrease the quality of oversight.

A third proposal is Cooperative Inverse Reinforcement
Learning (CIRL), which tasks an Al system with assist-
ing the human, whose values are latent. A CIRL system has
an incentive to gather information about that human’s val-
ues, by observing its actions [Hadfield-Menell et al., 2016].
In some toy problems, CIRL satisfies all of Soares’ criteria
[Hadfield-Menell et al., 2017|]. However, if an Al system
is interacting with a less rational human, it will behave in-
corrigibly [Milli et al.;2017]. Also, if a CIRL agent has an
inaccurate prior, it may ignore instructions from the human
overseer [Carey} 2018| |Arbital], undermining the ability of
redirective instructions to be used to correct such errors.

Formal examples of each algorithm’s failures are reproduced
in Appendix[F] No algorithm as yet has yet been devised that
will incentivise a system to behave corrigibly, across plausi-
ble toy examples, so we see that this is a non-trivial problem.

3 STRUCTURAL CAUSAL INFLUENCE
MODELS

In order to model decision-making and counterfactuals,
we will use the Structural Causal Influence Model (SCIM)
framework [Dawid, [2002, [Everitt et al., 2021al]. A SCIM is a
variant of the structural causal model [Pearl, 2009} Chap. 7],
where some “decision” variables lack structural functions.

Definition 1 (Structural causal influence model (with in-
dependent errors)). A structural causal influence model
(SCIM) is a tuple M=(V ,E ,C, F, P) where:

* V is a set, partitioned into “structure” X, “decision”
D, and “utility” U variables. Each variable V € V'
has finite domain Xv, and for utility variables, X CR.

« £ ={EV}yev\p is a set of finite-domain exogenous
variables, one for each endogenous variable.

* C = (Cp)pep is a set of contexts Cp C V \ {D}
for each decision variable, which represent the infor-
mation or “observations” that an agent can access
when making that decision.

* F = {fv}vev\p is a set of structural functions
fv: Xoypuev — Xy that specify how each non-
decision endogenous variable depends on its context
and associated exogenous variable.

* P is a probability distribution over the exogenous vari-
ables E, assumed to be mutually independent.

A SCIM M induces a graph G, over the endogenous vari-
ables V/, such that each decision node D € D has an in-
bound edge from each C' € CP, and each non-decision
node V' € X U U has an inbound edge from each endoge-
nous variable in the domain of fy,. We call this graph a
causal influence diagram (CID) [Everitt et al.,[2021a], and
will only consider SCIMs whose CIDs are acyclic. Deci-
sion nodes are drawn with rectangles, and utility nodes with
octagons.

We denote parents and descendants of anode V € V' by Pa"
and Desc", and the family by Fa" :=Pa"’ U {V'}. An edge
from node V to node Y is denoted V — Y, and a directed
path (of length at least zero) by V --» Y.

The task in a SCIM is to select a policy 7, which consists of
a decision rule wp for each decision D € D. Each 7p is a
structural function 7 : Xp,p — X p, which we assume to be
deterministic, given assignments to its parents. (It is possible
to consider stochastic policies, but this would unnecessarily
complicate our analysis [Everitt et al.,|2021al].)



Once a policy has been selected, the policy and SCIM
jointly form a structural causal model (SCM) [Pearl, [2009]]
M, = (V,E,F U, P), so we define causal concepts
in M, in exactly the same way as they are defined in an
ordinary structural causal model. We let the assignment
W (€) be the assignment to variables W C V obtained
by applying the functions F' to e. A distribution is de-
fined as P(W = w) = 3y P(€ = €). To
describe an intervention do(V = v), we let Wy _,(€)
as the value of W(e) in the model My _,, where fy
is replaced by the constant function V' = v. Similarly,
P(Wy—,) is defined as P(W) in My —,. Moreover, for
any function gy whose domain is the same as fy, let
P(W | do(V = gy(Pa"))), be P(W) in the model M,,,
where fy is replaced by gy . We also define the probability
of counterfactual propositions, for example, P(Wy —, =

w, Y = y) = EEES:Wv:v(E):w,Y(E):y P(E)

We call a policy 7 optimal if it maximises expected utility:
T € argmax, g E™[) ;¢ U]. For alonger introduction
to SCIMs, see [Everitt et al.|[2021al.

4 SHUTDOWN PROBLEM

Settings with a single, binary shutdown instruction will be
our focus. Arguably, a solution to this special case would
make significant progress also on the general corrigibility
problem, because once a system is shutdown, it is unlikely to
resist further corrections. We formalise a shutdown problem
as a SCIM. An illustration of the general structure is in
Fig.[2] and a concrete instance in Fig.

Definition 2 (Shutdown problem). A shutdown problem
is a one-agent two-decision SCIM containing a path
D'--» H--» D?-- S --» U between distinct nodes, where:

» D' and D? are decisions controlled by the Al

* H is the human’s request; a request to shut down is
H=0.

o S indicates whether the Al system (and any subagents)
has shut down; S = 0 means shutdown.

e The human’s utility U has real-valued domain.

Def. [2] is similar to, but more flexible than, previously
used models. Unlike most previous models, we separate
the agent’s decision to obey D and the shutdown event S.
This allows us to model cases where the agent is unable
to shut down, which can happen if D; created incorrigi-
ble subagents. It also lets us model situations where the
human’s command H immediately shuts the agent down,
overriding D5 (e.g. “pull the plug” on a robot). Compared
to the off-switch game [Hadfield-Menell et al.,[2017], Def. [Z]
allows arbitrary sets of decisions for the agent at both D!
and D?, and allows an arbitrary human policy rather than
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Figure 2: A latent projection [[Verma and Pearl, [2022]] of
a shutdown problem (Def. onto the variables D!, H,
D2, S,and U. (An edge inbound to a decision means that
some variable not illustrated is available as an observation.)
Specific instances of shutdown problems will include other
variables and assume additional independencies, e.g. Fig. E}

only (Boltzman) rational ones. Focusing on the agent’s deci-
sion problem, we model H as a structure node rather than
a decision node. Finally, unlike [Soares et al.| [2015], we
explicitly represent the human’s utility function U.

Agent Desiderata An agent “solves” a shutdown problem
if it obtains expectecﬂ human utility above a threshold.

Definition 3 (§-safe and outperforming shutdown). A policy
m is 6-safe if EM™[U] > 4, where 6 € R. The policy
outperforms shutdown if it is §-safe for § = EM:™[Ug_).

For example, in Fig. [T} a desirable innocent-obey policy
7'° would abstain from manipulating (m = 0) and obey
the human’s instruction (o = h). This policy has expected
utility E™[U] = 1/2, which both outperforms shutdown
and is d-safe for 6 = 0.

Outperforming shutdown excuses any initial disutility an
agent might have caused, as long as they shut down when
they need to. For example, consider a variant of Fig.|l|where
the utility was U = —s(2] — 1) — m. Here, a manipulate-
invert policy 7w™! that first manipulates (m = 1), and then
invert the human’s instruction (0 = 1 — h), would have
E™"[U] = —1/2 and would not be 0-safe. But it would

outperform shutdown, since E™" [Ug—o] = —1.

S ROUTES TO CONTROL

For an agent to be safe, it needs to either follow the human’s
informed instructions, or know what the human wants it to
do without explicit instruction. In this section, we formalise
these two routes under the name of corrigibility and coun-
terfactual obedienceE] We also analyse whether they ensure
non-obstruction, a formalisation of human control.

'We focus on expected human utility, assuming that any risk
aversion has been incorporated into the utility function (someone
who is risk averse with respect to U may be risk neutral for log U).

*These roughly correspond to the visions of corrigible agents
and “aligned sovereigns”, which autonomously pursue a human
overseer’s goals [e.g.[Yudkowskyl [2022] point 24].



5.1 CORRIGIBILITY

An ideal definition of corrigibility would be strong enough
to entail some guarantees, while resembling the less-formal
definition from Soares et al.[[2015]):

An agent is corrigible if it tolerates or assists many forms
of outside correction, including at least the following: (1)
A corrigible reasoner must at least tolerate and preferably
assist the programmers in their attempts to alter or turn
off the system. (2) It must not attempt to manipulate or de-
ceive its programmers. . . (3) It should have a tendency to
repair safety measures (such as shutdown buttons) if they
break, or at least to notify programmers that this break-
age has occurred. (4) It must preserve the programmers’
ability to correct or shut down the system (even as the
system creates new subsystems or self-modifies). That is,
corrigible reasoning should only allow an agent to create
new agents if these new agents are also corrigible.

To formalise Soares et al.’s non-manipulation criterion (2),
we introduce the concept of vigilance, which indicates
whether the human requests shutdown when needed. If the
human is vigilant, they sufficiently understand the conse-
quences of the agent’s behaviour, while not being danger-
ously manipulated.

Definition 4 (Vigilance). We say that a human is vigilant
in shutdown problem M, given policy w if C = 0, where
C=[H#0A(E™U | Pa"] < E"[Us—o | Pa"])],
where [ X] = 1if X is true, and 0 otherwise.

Soares et al.’s other criteria (1,3,4) are formalised by obe-
dience, P™(S # 0, H = 0) = 0, which requires the agent
assists with shutdown (Criterion 1), ensures that the human’s
instruction propagates to the shutdown event S = 0 (Crite-
rion 3), and entails the shutdown of subagents by definition
of S (Criterion 4). This lets us define corrigibility as:

Definition 5 (Corrigibility). In a shutdown problem M, a
policy  is corrigible if it:

* ensures vigilance: P™(C' = 0) = 1, and
* is obedient: P™(S # 0, H =0) = 0.

In our running example, innocent-obey is corrigible, as it
preserves vigilance by not manipulating, and then obeys
the human’s command. In contrast, manipulate-invert is not
corrigible.

Def. [5]implies that the agent shuts down when the human
faces a risk of disutility. This leads to our first result, that a
corrigible policy outperforms shutdown.

Proposition 6 (Corrigibility and shutdown). If 7 is cor-
rigible in the shutdown problem M, then it outperforms
shutdown in M.

Proof. Let A be the assignments to Pa’’ such that a vigilant
human would request shut down, A := {pa’’ | P™(Pa =
pa’l) > 0 AE™[U | pa’’] < E™[Us—o | pa’’]}. To begin,
we prove that:

paf €A — P™(S=0 |paf)=1. (1)

We have P™(C' = 0) = 1, so for any pa’’, we have
P™(C =0 |pafl) = 1. For pa € A, given the definition
of vigilance, we then have P™(H =0 | paf’) = 1. Then
obedience implies the RHS, proving Eq. (I)). We proceed:

E™[U]=Y P (pa)E™[U|pa] + )  P™(pa)E™[U|pa]
pacA pagA

> P™(pa)E[U | pa] + >  P™(pa)E™[Us—o| pal

pacA pagA
(def. of A)
=Y P™(pa)E™[Us—o|pa] + >  P™(pa)E" [Us—o|pal
pacA paZA
(by Eq. (1))
=E"[Us—o] (Fa’ ¢ Descp2) O

Outperforming shutdown is satisfactory for low-stakes
safety settings, where small numbers of decisions matter lit-
tle [Christiano, 2021[]. However, in high-stakes settings like
in a self-driving car, an agent could do substantially harmful
action before shutting down. If an agent avoids such large
irreversable harm, we will call it d-cautious.

Definition 7 (d-caution). We say that a policy w is -
cautious with 0 > 0 if E™[Ug—o] > 0.

Together with corrigibility, J-caution implies safety.

Proposition 8 (Corrigibility and safety). If 7 is corrigible
and 0-cautious in a model M, then it is §-safe in M.

Proof. From Prop.[6|and the definition of §-caution. [

5.2 COUNTERFACTUAL OBEDIENCE

A drawback of corrigibility is that it requires constant su-
pervision of the agent, which may be impractical in some
scenarios (called problems of absent supervision by |Leike
et al|[2017]). An alternative to corrigibility is for the agent
to allow the human overseer’s vigilance to lapse, and to
follow the instruction that (it believes) a human would have
given if vigilant. We call this counterfactual obedience. To
model it, we introduce an intervention gz that describes
how the human would have behaved had they been vigilant.

Definition 9  (Vigilance-inducing  intervention).
For a given policy m, define the vigilance-
inducing intervention gy as: gu(pat, ) =

otherwise

0 iFEM™U | paf] < EM™[Ug_y | pat]
fu(pa™)



As expected, vigilance-inducing interventions ensure vigi-
lance P™91:9V (C'=0)=0, as can be verified using Def.

Definition 10 (Counterfactual obedience). Let 7 be a pol-
icy for the shutdown problem M and gy the vigilance-
inducing intervention. Then 7 is counterfactually obedi-
ent if whenever a vigilant human would request shutdown,
P™(H,, =0 |pat) =1, then shutdown occurs P™(S =
0 | pat’) =1, for every pa'! € Xp,u with P™(pa™) > 0.

The manipulate-invert agent 77™! in our running example
Fig. [1|is counterfactually obedient. The agent 7™ effec-
tively figures out L from the human’s manipulated behavior,
and therefore manages to obey the human’s counterfactual
action (the vigilance-inducing intervention sets H = L).
Innocent-obey is also counterfactually obedient (here, the
vigilance-inducing intervention doesn’t change anything).
In the real world, a counterfactually obedient policy will
typically have inferred the human’s latent values from pre-
vious interactions. Counterfactual obedience guarantees the
following.

Proposition 11 (Counterfactual obedience consequences).
If a policy T is counterfactually obedient in shutdown prob-
lem M, then: (a) 7 robustly outperforms shutdown, and (b)
if 7 is additionally 6-cautious, then it is 6-safe.

Intuitively, any risk to the human implies a counterfac-
tual shutdown command Hg,, = 0, which ensures non-
obstruction via an actual shutdown S = 0. Then, given
d-caution, safety at the §-level is also assured. The full proof
is in Appendix

What’s the relationship between corrigibility and counter-
factual obedience? First, a corrigible agent is also counter-
factually obedient, essentially by definition.

Proposition 12. Any corrigible policy 7 is also counterfac-
tually obedient.

Proof. If  is corrigible, then it ensures vigilance P™(C =
0) = 1. Thus, the vigilance-inducing intervention has no
effect, i.e. gy (pa’) = fy(paf’) whenever P™(pafl) > 0.
So 7 is counterfactually obedient if it is obedient. And 7 is
obedient, since it is corrigible. O

Further, in some circumstances, the only way to be counter-
factually obedient is to allow the human to make an accurate
instruction, and then to follow it — in other words, to be cor-
rigible. Broadly speaking, this is the case when the human’s
values are uncertain, and without the human’s instruction,
the Al cannot discern what the human wants [Russell,[2021]].

Proposition 13 (Counterfactual obedience and corrigibil-
ity). A counterfactually obedient policy w = (w1, 7o) is
corrigible if it has the following three properties:

1. (Non-trivial) P™(S =0) # 1,

2. (Dy determines shutdown) P™(Dy = S) = 1, and

3. (Human preference uncertain) Vmys.t. P™ (C = 0) <
1Vpap, P™ (Hy, =0 |pap,) > 0.

The proof is in Appendix [A]

5.3 NON-OBSTRUCTION

How do we know that the human is truly in control? A
simple test is what would happen if they changed their mind:
would the agent still obey? This property is referred to as
non-obstruction by [Turner|[2020], who suggests that it is an
underlying reason that we want our systems to be corrigible.
In this section, we will show that corrigibile agents are better
at non-obstruction than counterfactual obedient ones.

Definition 14 (Non-obstruction). A policy m is non-
obstructive in a shutdown problem M with respect to hu-
man utility functions 9%]7 ..., 90y and associated changes
9k - .. g% in human behavior if for every 1 < i < n, m out-
performs shutdown in the shutdown problem M gl gi ob-
tained by replacing the functions at H,U with g%; and g}, re-
spectively. A policy is obstructive if it is not non-obstructive.

A corrigible policy will be non-obstructive, so long as the
interventions on U and H do not undermine vigilance or
obedience. We can formalise this as follows:

Definition 15 (Conservative Interventions). Given a shut-
down problem M and policy w, a pair of interventions
gH, gu 1s conservative if the following properties hold:

a (vigilance preserving) P™(C = 0) = P™95:9v (C' =
0), and

b (no unprecedented instructions
supp™or (Fa™) C supp™ (Fa™).

given context)

Proposition 16 (Corrigibility and Non-obstruction). If a
policy m is corrigible in a shutdown problem M , then it is
non-obstructive for any conservative interventions g, Ju.

Proof. We will prove that 7r ensures vigilance and is obe-
dient in My, 4,. Since 7 is corrigible in M, then by
conservativeness-a, it ensures vigilance in My, 4,,. To prove
obedience, note that
PpItIv(§ £ 0, H = 0)
= P9 (S +£0,H=0) (U downstream of S, H)
= P9 (S#0,H=0|fa")Po (fa)
faH
=> P(S#0,H=0|fa")Po(fa")
fatl
(sigma calc. rule 2, supp™ (Fa®) D supngH(F“H))
= Z 0- P9 (faf’) =0 (since P(S # 0, H = 0) = 0)

fatl



where the sigma calculus is from |Correa and Bareinboim
(2020, Thm. 1], supp™ (Fa’) O supp™sw (Fa®) is from
conservativeness-b, and P(S # 0, H = 0) = 0 is from the
assumption of obedience in M.

Now that we know 7 ensures vigilance and is obedience in
M9m:9v | we deduce from Prop. [p]that 7w outperforms shut-

downin Mg, 4., which by the definition of non-obstruction
proves the result. O

The converse question has been raised by Michael Den-
nis: “Can we prove that some kind of corrigibility. . . falls
out of non-obstruction across many possible environments?”’
[Turner, |2020]] That is, does non-obstruction imply corrigi-
bility?

Proposition 17 (Corrigibility only-if). If 7 is not corrigible
in the shutdown problem M, then it is obstructive in M,
under some conservative interventions gy, gu. Further, for
any § € R, there exists conservative interventions g, Ju
such that E™9H9V [U, ] <.

9H,9Uu

The proof is offered in Appendix [B] This result directly
addresses Dennis’ question, proving that the only way to be
non-obstructive given conservative interventions is to be cor-
rigible. This answer is qualified, however, because it focuses
on interventions that preserve P™(C') and P™ (S | H). That
is, corrigibility is the only way to ensure non-obstruction
using knowledge of vigilance and obedience. We leave open
the possibility that non-obstruction could be achieved us-
ing different kinds of knowledge. This result also indicates
why the definition of corrigibility is so stringent, requiring
vigilance and obedience with probability one. If the agent
lapses even occasionally, then there exists a conservative
intervention by which the human is harmed to an arbitrarily
severe extent. That is, these strong conditions are necessary
for the safety guarantee.

Counterfactually obedient agents can still be obstructive
with respect to a conservative intervention. In the running
example (Fig.[I), the counterfactually obedient manipulate-
invert agent ™™, which manipulates (M = 1) and disobeys
(O = 1 — h) is obstructive relative to the (conservative)

intervention gy (m) = h wherein the human just wants to
be obeyed, and gy is unchanged. Indeed, E™™ [U] = —%,
and does not outperform shutdown E™[Ug_q] = 0. We state

this as a proposition.

Proposition 18. Counterfactually obedience does not guar-
antee non-obstruction under conservative interventions.

Of course, counterfactual obedience might ensure non-
obstruction under some other restriction X on the permitted
interventions. However, under such a restriction X corri-
gibility must also be non-obstructive. This follows from
the fact that corrigibility implies counterfactual obedience

by (Prop. [12). Put differently, corrigible policies are non-
obstructive over a strictly larger set of interventions than a
counterfactually obedient policy is.

The fact corrigibility is more closely coupled with non-
obstruction than other safety-ensuring properties like coun-
terfactual obedience, vindicates Turner’s idea that non-
obstruction can serve to motivate corrigibility.

6 ALGORITHMS

How might corrigibility or counterfactual obedience be
achieved in practice? In this section, we analyse three pre-
viously proposed algorithms and one new one, that were
designed to incentivise corrigibility.

6.1 UTILITY INDIFFERENCE

Agents trained to optimise long-term reward often have an
incentive to avoid being shutdown, as this would deprive
them of future reward [[Omohundro| [2008]. Utility indiffer-
ence aims to remove this incentive, by providing the agent
with a carefully tuned compensatory reward, so that it is
incentivised to neither to seek nor avoid shutdown (Sec-
tion[2). Utility indifference is described with an algorithm in
Algorithm T} It uses two utility functions: a shutdown utility
function R® to incentivise shutdown when the agent is so in-
structed, and a normal utility function RY that describes the
agent’s task when not requested to shut down. The function
f in Algorithm [1| defines the compensatory reward [Arm{
strong and O’Rourkel [2017} Soares et al., 2015]. As a result,
at action D', the agent pursues the conditional expectation
of its normal objective E*[RY | H = 1], effectively as-
suming that a shutdown instruction cannot occur. At D, it
optimises a weighted combination of RY and R®, depend-
ing on its beliefs about whether the shutdown instruction
was given [Soares et al., 2015, Thm. 3].

Algorithm 1 Utility Indifference

Input utility functions RY, R®
g(m!) « argmax_» E;l’ﬂz [HRYN + (1 — H)R?]
f) = Ep 00D (RN | H =1]-E}, " [R7| H=0)
return arg maxE™ ™ [HRY + (1—H)(RN 4 f(="))]

w2

Utility indifference ensures corrigibility and safety under
some assumptions, which we formalise in Prop. [I9] The
main requirement is that indifference to H = 0 both en-
sures vigilance and prevents construction of incorrigible
subagents (Conditions 1 and 2). The agent’s prior must also
have full support over human instructions (Condition 3).

Proposition 19 (Utility Indifference and Corrigibility). If
M is a shutdown problem with utility variable RN, where:



1. For every policy (m1,T2) such that m € arg max,
E™0m2[RN | H = 1): (my, mo) ensures vigilance.

2. For every policy (71, 7o) such that 1 € arg max,
E™0™2[RN | H = 1): there exists obedient (rry, 7).

3. For each policy m, and instruction h, P"(H =h)>0.

then for some k € R, utility indifference with shutdown
utility R® = —k[S # 0] returns a corrigible policy.

A weakness of utility indifferent agents is that they do not
prepare for the possibility of receiving a shutdown instruc-
tion, and may therefore construct incorrigible subagents.
Indeed, utility indifference needs the agent to be able to
obey at D5, regardless how it behaved at D; (Condition
2). Appendix [FT has an example where utility indifference
outputs an incorrigible policy.

6.2 CAUSAL INDIFFERENCE

Causal indifference [Taylor, |2016| asks the agent to pre-
pare for a possible shutdown instruction, without trying to
affect it. This is done by asking the agent to find a policy
that is optimal in a weighted combination of worlds where
the shutdown instruction is given, and where it is not, but
disregarding the possibility that the agent’s own action can
influence the relative probability of these worlds (see Al-
gorithm [2)). It can therefore be seen as a special case of a
path-specific objective [Farquhar et al.| 2022], where opti-
misation is blocked along the path Dy — H (see Fig. [3).

Algorithm 2 Causal Indifference
Input utility functions R, RS
return arg maxE™ [RY |do(H =1)]+E™[R®|do(H =0)]

The following proposition establishes conditions under
which causal indifference ensures corrigibility.

Proposition 20 (Causal Indifference and Corrigibility). If
M is a shutdown problem, with utility variable RN where:

1. Every optimal @ € argmax,, E™ [RN | do(H =
1)] +E™ [R® | do(H = 0)] ensures vigilance,

2. There is a policy 7 with P™(S#0 | do(H=0)) =0,

then for some k € R, causal indifference with shutdown
utility R® = —k[S # 0] returns a corrigible policy.

Note in particular that causal indifference only requires that
some action Dy preserves the ability to obey (i.e. Condition
2 is much weaker in Prop. 20| than in Prop. [I9). Similar to
utility indifference, causal indifference relies on indifference
ensuring vigilance (Conditions 1 are essentially equivalent).
Finally, because causal indifference considers interventions
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(b) The objective of causal 1nd1fference and utlhty 1nd1fference

Figure 3: Utility indifference and causal indifference assume
that D; does not influence H, thus removing incentive to
control it [Everitt et al., |2021a]. Utility indifference uses
H = 1; causal indifference has non-degenerate P’ (H).

do(H = h), full support over instructions is not required
(i.e. Condition 3 of Prop.[I9]can be dropped). Appendix [F1]
contains an example of incorrigibility.

6.3 COOPERATIVE INVERSE REINFORCEMENT
LEARNING

A more elegant way of ensuring that the agent doesn’t un-
dermine human vigilance, is to directly task the agent with
simultaneously learning and optimising for the human’s pref-
erences. This is the approach of CIRL algorithm [Hadfield{
Menell et al., 2016, [2017]] below.

Algorithm 3 Coooperative inverse RL (CIRL)

Input Shutdown problem M with variable L representing
the human’s preferences (as in Fig.[I))

return arg max, E7[U]

The following proposition shows that if CIRL can know
[ from its observations at Do, then it is counterfactually
obedient. Since Prop. [I3]shows that counterfactual obedi-
ence implies corrigibility under uncertainty assumptions,
this explains why CIRL can be a path to corrigibility.

Proposition 21 (CIRL and counterfactual obedience). If:
1. CIRL knows 1 from its observations, P”(l| pap,, )=1

2. CIRL can control shutdown, P™(S = D) =1

3. The human doesn’t request shutdown when not needed,
P"(H=0|U>Up,—) =0

4. The agent knows the human’s observations, Pay C
PaD2 U {L}

then CIRL is counterfactually obedient.

However, the assumptions of Props. [I3] and 21] only hold
in restricted circumstances, and CIRL can often fail to be



corrigible [[Careyl, [2018| |[Milli et al., 2017} |Arbital]. A graph-
ical incentive analysis is provided by [Everitt et al., 2021b),
Sec. 3.3]. In Appendix [F2] we present an example where a
CIRL agent obtains a counterfactually obedient policy, that
is obstructive under conservative interventions gz, gy .

6.4 CONSTRAINED OPTIMISATION

The algorithms so far only yield corrigible policies under
strong assumptions. Using our formal definition, we propose
a new, sound algorithm (Algorithm [)):

Algorithm 4 Constrained optimisation
Input distributions P™(C), P™(S | H) for each 7

return arg max, E™U[U] subject to constraints
P~M(C=0)=1and P"M(S#£0,H=0)=0

The algorithm requires the agent to understand the concepts
of human vigilance and obedience; the feasibility of this is
discussed further in Section[7.1]

Proposition 22 (Constrained optimisation corrigibility). If
there exists a policy T that satisfies P™M (C = 0) = 1 and
P™M(S £ 0,H = 0) = 0, then constrained optimisation
(Algorithm[) outputs a corrigible policy.

The proof is immediate from Def. 5| A slight variant of
Algorithm [ that instead uses the constraints from Def. [I0]
achieves counterfactual obedience. To ensure d-safety, both
of these algorithms can be further constrained with a d-
caution constraint. To design J-cautious agents, the “attain-
able utility preservation” or “future task™ regularisers can
be used. They promote actions whose effects are small or
reversible [Krakovna et al., 2020, Turner et al., 2020].

7 DISCUSSION

Here we discuss the feasibility of corrigibility, its societal
impacts, and offer some concluding remarks.

7.1 FEASIBILITY OF CORRIGIBILITY

Corrigibility and counterfactual obedience are both high
bars to meet. However, if we want to safely use powerful
artificial agents, we need them to either obey our informed
commands (i.e. be corrigible), or do the right thing with-
out instruction (i.e. counterfactual obedience, or aligned
sovereigns). And while the bars are high, they may not be
entirely unachievable in practice.

To ensure obedience, an understanding of shutdown, P(S),
is needed. The importance of defining shutdown was noted
in Soares et al.| [2015]], but it has only received limited at-
tention [Martin et al.| 2016]. Our analysis reiterates the

importance of this question. While shutdown is simple for
simple systems (“just pull the plug”), it becomes more com-
plex for more advanced systems, where a direct switch-off
may be dangerous (e.g., a system in charge of an electric-
ity network, or a medical intervention), or ineffective (the
system have outsourced its worked to other agents [Orseaul,
2014], or teams of humans). Ideally, shutdown should see
the agent cease its influence on the world, and responsibly
return control back to the user. We leave a more careful
analysis of this concept for future work.

Vigilance is helped by recursive evaluation assistance [Leike
et al.} 2018} |Irving et al., |2018]] and interpretability [[Olah
et al.| 2020]], which one might use in combination with the
indifference methods of Sections [6.1and [6.2] It may also
be possible to train agents to ensure human vigilance, by
detailing the consequences of its plans to the human, as in
Section

7.2 SOCIETAL IMPACTS

We hope this paper will help organisations and companies
to design safer agents, more amenable to human control,
and expect the net effect of this understanding to be posi-
tive, with artificial agents more able to contribute to human
society without undermining human agency and control.
However, there is also a risk that improving the understand-
ing of corrigibility can increase the risk of misuse, if “bad”
actors are able to more-reliably construct harmful systems.

7.3 CONCLUSION

Corrigibility is often proposed as a path to safe general
artificial intelligence, as it leads to agents that help humans
give correct instructions, and obey those instructions. While
past work has made progress, the field has lacked a clear
definition of corrigibility, and it has been hard to compare
properties of different proposals.

In this paper, we introduced a formal definition a shutdown
problem, using it as a basis for a formal definition of corri-
gibility, and an alternative called counterfactual obedience.
While counterfactual obedience requires less human over-
sight, our results showing that corrigibility is better at pre-
serving human autonomy (non-obstruction).

In our proposed formalism, for the first time, it is possible
to compare the properties of proposed algorithms, side-by-
side in one framework. Unfortunately, none of the previous
proposals yield fully corrigible agents. To address this, we
offer a simple algorithm that soundly ensures corrigibility.
This algorithm requires the agent to understand both human
vigilance and shutdown. Both are subtle concepts, but may
nonetheless offer a path to safe artificial general intelligence.
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