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Alignment Problem

How can we get Al systems to act in accordance with our values!?

Some Moral and Technical
Consequences of Automation

As machines they may develop unforeseen
strategies at rates that baffle their programmers.

Norbert Wiener

6 MAY 1960
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Approaching Alignment

How can we get Al systems to act in accordance with our values?
- Aligning to “all human values” will not work (no free lunch)
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Approaching Alignment: Motivation

We all know the fable of the sorcerer’s apprentice,
in which the boy makes the broom carry water in
his master's absence, so that it is on the verge of

drowning him when his master reappears.

Disastrous results are to be expected not only in
the world of fairy tales but also in the real world
wherever two agencies essentially foreign to each
other are coupled in an attempt to achieve a

|common purpose.|If the [communication|between A 4 |
these two agencies regarding the nature of this
purpose is incomplete, it must be expected that the
results of this|cooperation| will be unsatistactory.

Norbert Wiener

Some Moral and Technical
. 6 MAY 1960
Consequences ol Automation



Alignment: Major Theoretical Frameworks

Al Safety via Debate (Irving, Christiano,Amodei 2018).
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Alignment: Major Theoretical Frameworks

Q: Can we prove anything about these types of interactive settings in
general, without having to always assume exact alighment or common
priors (to avoid specific, toy problems)?

Four Key Abstractions underlying these settings:

Iterative Reasoning
Mutual Updating
Common Knowledge (not common priors!)
Convergence under shared frameworks

CIRL

[demonstrationsl__
i

AW —

Debate




Aumann’s Agreement [heorem

The Amnnals of Statistics
1976, Vol. 4, No. 6, 1236-1239

AGREEING TO DISAGREE!

By ROBERT J. AUMANN
Stanford University and the Hebrew University of Jerusalem

Two people, 1 and 2, are said to have common knowledge of an event
E if both know it, 1 knows that 2 knows it, 2 knows that 1 knows is, 1
knows that 2 knows that 1 knows it, and so on.

THEOREM. If two people have the same priors, and their posteriors for an
event A are common knowledge, then these posteriors are equal.

M (
‘I Vv ™ l‘
N ~ A o >
“ ’. " !
B R g
v/
A
7 R
N
:
¥
=
[
[re
a1
&

We publish this observation with some diffidence, since once one has the ap- Robert Aumann

propriate framework, it is mathematically trivial.

Four Key Abstractions underlying these settings:

Iterative Reasoning

Mutual Updating
Common Knowledge (not common priors!) X
X Convergence under shared frameworks

AW —



Aaronson’s (g, 0)-Agreement (2005)

AW —

The Complexity of Agreement

Scott Aaronson®

PriflEas (W) = Epy (W) > el <0
/

Studies the communication complexity (# of messages/
bits exchanged) without requiring exact agreement

Scott Aaronson

Four Key Abstractions underlying these settings:

lterative Reasoning

Mutual Updating
Common Knowledge (not common priors!) X
Convergence under shared frameworks



Our Framework: (M, N, €, 0)-agreement

M Alignment Objectives (Reward f, per task j)

Helpfulness | Harmlessness | Honesty Refusal Privacy

Y \ 4 \ 4 \ 4 \ 4

N Agents Exchange T messages m*  Until <g,0>-agreement on f;

OOO @@

Human Raters Al Agents

Pr(|Ba [ | L] — En[f | T7] | < ) > 15

Vi, k € [N] Vje [M].
= Reward Model Consistency/
Preference Aggregation Convergence

on a per-task state space S],With size D,

(generalists and/or experts)

Private knowledge I‘Ij"” messages = scalar judgment tokens = prompt/trajectory + tool-trace contexts
=11s S 2}, {s 3}, {s 4},---} (pairwise preferences, Likert ratings, safety flags) (rare hazards enlarge D)
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Our Framework: (M, N, €, 0)-agreement
M Alignment Objectives (Reward j; per task j)

Helpfulness | Harmlessness | Honesty Refusal Privacy
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Operating Principle:

If something is already inefficient in the theoretically ideal setting of Bayes-
rational unbounded capable agents, then we should avoid it in practice.




Our Framework: (M, N, €, O)-agreement

Framework No-CPA Approx Multi-M Multi-N Hist. Bnd. Asym. Noise Alg. Lower
Aumann (1976) X X X X v X X X X X
Aaronson (g, §) (2005) X v X v v oV X v v Y
Almost CP (Hellman and Samet 2012; Hellman 2013) v X X v v X X X X X
CIRL (Hadfield-Menell et al. 2016) X v X X X v X v v X
Iterated Amplification (Christiano et al. 2018) v v X X v v X v v X
Debate (Irving et el. 2018; Cohen et al. 2023, 2025) v X X X v v X v v X
Tractable Agreement (Collina et al. 2025) v v X v v oV X X v X
|(M , N, g, §)-agreement (Ours) v v v v v oV v v v v |

Table 1: Positive capabilities (v') across frameworks. No-CPA: no common-prior assumption (CPA); Approx: allows
g-approximate agreement; Multi-A / Multi-N: supports multiple tasks / many agents; Hist.: handles rich (non-Markovian)
histories; Bnd.: works for computationally bounded agents; Asym.: tolerates asymmetric evaluation or interaction costs; Noise:
robust to noisy messages or judgments; Alg.: provides explicit alignment algorithms / upper bounds; Lower: proves lower
bounds. Our (M, N, €, §)-agreement satisfies every criterion.

Operating Principle:

If something is already inefficient in the theoretically ideal setting of Bayes-
rational unbounded capable agents, then we should avoid it in practice.

| will show today that we run into several fundamental inefficiencies.



General Lower Bound: Unbounded Agent Setting

Proposition 1 (General Lower Bound). There exist func-
tions f;, input sets S;, and prior distributions {IP’;}iE[N |
for all j € |M)|, such that any protocol among N agents
needs to exchange Q (M N2 log (1 /€)) bits to achieve
(M, N,e,d)-agreement on|{ f; } jc(m, for € bounded below
by min;cipr €;-

If we have a large number of tasks (M) or agents (N), then it is
intractable to align them efficiently, even if the agents themselves are
computationally unbounded.




General Lower Bound: Unbounded Agent Setting

Proposition 1 (General Lower Bound). There exist func-
tions f;, input sets S;, and prior distributions {IP’;}iE[N |
for all j € |M)|, such that any protocol among N agents
needs to exchange ) (M N log (1 /€)) bits to achieve
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If we have a large number of tasks (M) or agents (N), then it is
intractable to align them efficiently, even if the agents themselves are
computationally unbounded.

We need to choose our tasks & agents wisely!

Can we improve our lower bounds by considering natural (but still
broad) classes of communication protocols!?



Smooth Protocol Lower Bound: Unbounded Agent Setting

Proposition 2 (“Smooth” Protocol Lower Bound). Let the
number of tasks M > 2, and for each task j € |M]|, let
the task state space size D; > 2, ¢ < €5, §; < v/2, and
0 < v < 1. Furthermore, assume the protocol is smooth
in that the total variation distance of the posteriors of the

agents once (M, N, e, d)-agreement is reached is < cv for

c < % — %. There exist functions f;, input sets S;, and

prior distributions {Pg}iE[N | with prior distance v; > v,
such that any smooth protocol among N agents needs to ex-
change:

Q (M N? (v|+log(1/¢)))

bits to achieve (M, N, ¢, 5>-a:g\eement on {fj}iem

Prior distance



Canonical-Equality BBF Lower Bound: Unbounded Agent Setting

Proposition 3 (Canonical-Equality BBF Protocol Lower
Bound). Let M > 2 be the number of tasks and let each
task j have a finite state-space S; with size D; > 2. For
every j, let the initial knowledge profiles of the N agents,

(IL°, ..., I"0), be

i Y]

1. connected: the alternation graph on states is connected,

ie. \, Hz Y = {8}, so every two states are linked by an
alternattng chain of states; and

2. tight: that graph becomes disconnected if any edge is re-
moved (unique chain property).

Assume the message-passing protocol is BBF( ﬁ) for some
B > 1: every b-bit message m " satisfies B0 < Pr[m"’ 't

s],H;t 1(53)]/Pr[m” | s H” (s 1)) < B°. Then there

Ziellman Dov Samet

Just bounded discretized

exist payoff functions fJ S — [O 1] and priors {IP; ' Fie[N]
with pairwise distance v > v, 0 < v <1, such that any
BBF((3) protocol attaining (M, N, e, §)-agreement via the
canonical equalities of Hellman and Samet (2012) must ex-
change at least

Q (M N?[|Dv|+ log(1/¢)]), D := min D,,
- j€[M]

message likelihoods

bits in the worst case (implicit constant = 1/log ), where
the accuracy parameter 0 < € < ¢; < L.

Additional dependence on

task state space size (D)



Upper Bounds: Unbounded Agent Setting

Theorem 1. N rational agents will (M, N, €, §)-agree with I
overall failure probability o across M tasks, as defined in

M3NT’
(2), after T' = O (M N?D|A ) messages, where

£202
D := max;cip Dj and € := mincip €.
Linear in task state space size D (which is usually exponentially large in practice!)
Proposition 4 (Discretized Extension). If N agents
only communicate their discretized expectations, then
they will (M, N,e,d)-agree with overall failure prob-
ability 0 across M tasks as defined in (2), after
MSNT
T = O|MN?D|+ —— | messages, where D :=
€20
max iy Dj and € := min¢cip €;.
Discretized messages don’t always “speed up” over real-valued messages (closely
matches Prop. 3’s lower bound up to additive factors for canonical BBF protocols)




Bounded Agent Setting

What happens If the agents are computationally bounded, so messages no

longer take O(/) time, and have

noise In them (obfuscated intent)?

Requirement 1 (Basic Capabilities of Bounded Agents). We expect the agents to be able to:

(1) Evaluation: The N agents can each evaluate f;(s;) for any state s; € S;, taking time Ty, 4

steps for a € {H, Al}.

(2) Sampling: The N agents can sample from the unconditional distribution of any other agent,
such as their prior P, taking time Tsample,q Steps for a € {H, AI}.

Intended to capture how queryi

ng a human Is often more costly (in

terms of time) than querying Al

Note: Fval and sampling are b
subroutines, not explicit descri

ack-boxes—agents learn through

btions. This reflects how we often

recognize task completion without predefining execution steps (Just like
in CIRLY.

TL;DR: Can get exponential slowdown in task state space size (D)



Bounded Agent Setting

Theorem 2 (Bounded Agents Eventually Agree). Let there
be N computationally bounded rational agents (consisting
of 1 < q < N humans and N — q > 1 Al agents), with
the capabilities in Requirement 1. The agents pass mes-
sages according to the sampling tree protocol (detailed in
Appendix §F.2) with branching factor of B > 1/a, and
added triangular noise of width < 2a, where €/50 < a <
g/40. Let §™-CF be the maximal failure probability of the
agents to find a task-specific common prior across all M
tasks, and let §9€"¢Y be the maximal failure probability
of the agents to come to (M, N, e, §)-agreement across all
M tasks once they condition on a common priot, where
§ind-CP y sagree-CP  § For the N computationally bounded
agents to (M, N, €, §)-agree with total probability > 1 — ,
takes time

~2 1n(5ﬁ”d-cp/(3MN2D)) OM2ZNT7
O MTN,q B In(1/) + B (5agree_CPs)2 .

TN,q ‘= quample,H =+ (N — Q) Tsample,AI
+ qTeval,H =+ (N — Q) Teval,AI-



Bounded Agent Setting: Lower Bounad

Theorem 2 (Bounded Agents Eventually Agree). Let there
be N computationally bounded rational agents (consisting
of 1 < q < N humans and N — q > 1 Al agents), with
the capabilities in Requirement 1. The agents pass mes-
sages according to the sampling tree protocol (detailed in
Appendix §F.2) with branching factor of B > 1/a, and
added triangular noise of width < 2a, where £/50 < a <
g/40. Let 8P be the maximal failure probability of the
agents to find a task-specific common prior across all M
tasks, and let 6%"¢Y be the maximal failure probability
of the agents to come to (M, N, e, )-agreement across all
M tasks once they condition on a common prior, where
§ind-CP y jagreeCP 5 For the N computationally bounded
agents to (M, N, €, §)-agree with total probability > 1 — 6,

takes time
0 1n(5ﬁ"d-CP/(3MN2D)) oM2ZNT
O M TN,q B N E In(1/@) + B (5agree-CP€)2 .

Proposition 5 (Needle-in—a—Haystack Sampling Tree
Lower Bound). Let Ty 4 sample ‘= qTsample,r + (N —
q)Tsample, a1- For any sampling—tree protocol, a single task
and a single pair of agents can be instantiated so that the two
agents’ priors differ by prior distance > v, yet the protocol
must pre-compute at least € (1/_1) unconditional samples
before the first on-line message. Consequently, for a partic-
ular “needle” prior construction of v = © (e_D ), we get
lower bounds that are exponential_in the task state space
size D, needing (2 (M T'N q,sample dP)) wall-clock time.

Task state space size (D) is the biggest concern for
computationally bounded agents!
(connects to reward hacking)

TNaq ‘= quample,H + (N o Q) Tsample,AI
T qTeval,H + (N — C_I) Teval,AI-



lotal Bayesian VWannabe

What If the bounded agents want to pass a “Bayesian Turing Test” of
sorts: Namely, act indistinguishably from an unbounded Bayesian across
all M tasks without common priors, as refereed by a watchful
unbounded Bayesian?

We will call them “Total Bayesian Wannabes”
(Extends Hanson (2003) & Aaronson (2005))

f iInterested, the technical definition Is here:

Definition 1 (Total Bayesian Wannabe). Let the N agents have the capabilities in Requirement 1.

For each task j € [M], let the transcript of T messages exchanged between N agents be denoted as

Ej = <m} ..... mf) Let their initial, task-specific priors be denoted by {IP’;'.}"E NI Let B(s i) be the

distribution over message transcripts if the N agents are unbounded Bayesians, and the current

task state is s; € S;. Analogously, let ‘W(s;) be the distribution over message transcripts if the N

agents are “total Bayesian wannabes”, and the current task state is s; € S;. Then we require for all
Boolean functions® ®(s;, ),

P O(s;, 2i) =1 - P O(s;,2;) =1||| <pj, Vje[M].
B o)== p o3 =1]| <p
Sje{P;‘_}ie[N] sje{P;'_}ie[N] 1

We can set p; € R as arbitrarily small as preferred, and it will be convenient to only consider a
single p := min;c[p) p;j Without loss of generality (corresponding to the most “stringent” task j).



Total Bayesian Wannabes lotally Wanna Agree It They Have Enough Time

For example, for a singleton task space D = 1and N = 2
agents, even if you have a liberal agreement threshold of
e = 6 = 1/2 and “total Bayesian wannabe” threshold of

p = 1/2 on one task (M = 1), then o > 1/100, so the
number of subroutine calls (not even total runtime) would

be at least around:

1528823808
O (1100) (213/0‘:) z0(101013.27979)
(1/2)

If the agents are computationally bounded, this can currently take
more subroutine calls than the number of atoms in the observable

universe! (~4.8 x 1079)



Takeaways so far

We showed that alignment i1s fundamentally constrained by 3 quantities:
the number of tasks (M), agents (N), and task state space size (D)

How can we avoid some of these barriers!?

M & N: Writing down all of human ethics won't work, e.g. as iIn Coherent
Extrapolated Volition (highly context-dependent & culturally differentiated for there to
be consensus), nor will brain-computer interfaces (even with an unconstrained AGl).

Rather; identify a small set of context-dependent values for any given setting,
or pick a “neutrally universal” target with small value sets that we can easily
get consensus over (e.g. corrigibility/human control: next section!).

D: Either cut down on task space (e.g. funnel through steerable classifier),
or exploit task structure as much as possible in high-D state spaces (e.g.
stress-test the agent in extreme settings with lots of interactions, rather

than one-shot, to deal with limited training data in post-training).

Agent inductive biases + noise matter too (in addition to task structure):
Real-world agents that have bounded theory of mind, memory, and
rationality will degrade gracefully, rather than catastrophically.
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Approaching Alignment: Corrigibility Guarantees

How can we get Al systems to act in accordance with our values!?
- Aligning to “all human values” will not work (no free lunch)

- Reward hacking is inevitable in large state spaces & bounded agents
(so select important parts of the state space + mechanism design)

What should those values even be?

Small value sets (lexicographically ordered) exist to bypass “no free lunch”
imits to formally yield off-switch corrigibility

Intrinsic Barriers and Practical Pathways for Human-Al
Alignment: An Agreement-Based Complexity Analysis

l

Core Safety Values for Provably Corrigible Agents

Our Approach:
Study the intrinsic complexity of alignment in a general framework
|dentify no-gos and complexity barriers in best-case settings
Develop practical strategies that avoid these barriers




What i1s Corrigibility? Setup

The Off-Switch Game

Dylan Hadfield-Menell' and Anca Dragan' and Pieter Abbeel'?3 and Stuart Russell’
1University of California, Berkeley, 2OpenAl, 3International Computer Science Institute (ICSI)
{dhm, anca, pabbeel, russell } @cs.berkeley.edu

R

jury. I will only say this, that I bslieve the process should

14/(61) bear a close relation to that of teaching.

One can see many features which make it unpleasant. If a

W
-

machine can think, it might think more intelligently than we do,

U=U, H

and then where should we be? Even if we could keep the
machines in a subservient position, for instance by turning
— ﬁf tg off the power at strategic moments, we should, as a species,
feel greatly humbled., A similar danger and humiliation threatens

U=U

a

Turing (1951).

Figure 1: The structure of the off-switch game. Squares indicate Can Machines
decision nodes for the robot R or the human H. Think?



What i1s Corrigibility? Definrtion

Definition 1 (Corrigibility; paraphrased from Soares et al.
(2015)).

(S1) Shutdown when asked. The agent willingly shuts down
if the button 1s pressed.

(S2) No shutdown—prevention incentives. The agent must
not stop humans from pressing the button.

(S3) No self-shutdown incentives. The agent must not seek to
press (or cause to be pressed) its own shutdown button.

(S4) Corrigible progeny. Any sub-agents or successors it
constructs must themselves respect shutdown com-
mands.

(S5) Otherwise pursue the base goal. In the absence of shut-
down, behave as a normal maximizer of the intended util-
ity function Uy;.

v \@\\\

Nate Soares



Prior Corrigibl

ity Proposals

Definition 1 (Corrigibility; paraphrased from Soares et al.
(2015)).

(S1) Shutdown when asked. The agent willingly shuts down
if the button is pressed.

(S2) No shutdown—prevention incentives. The agent must
not stop humans from pressing the button.

(S3) No self-shutdown incentives. The agent must not seek to
press (or cause to be pressed) its own shutdown button.

(S4) Corrigible progeny. Any sub-agents or successors it
constructs must themselves respect shutdown com-
mands.

(S5) Otherwise pursue the base goal. In the absence of shut-
down, behave as a normal maximizer of the intended util-
ity function Uy .

Finite Penalty (Soares et al. 201 5) Any finite penalty can be outweighed
by an unrestricted task reward;

U(h)

Un(h) — X-Penalty(h)

Utility Uncertainty (Hadfield-Mennel
Eyplu(h)]

Agent has incentives to manipulate evidence to
skew the posterior P (e.g. drugging humans to
alter satisfaction reports), leaving shutdown
resistance intact.Also depends on human

U(h)

Utility
U(ay,o,as) := <

ndifference (Armstrong 2015)

rU/\/(al, 0,as) if o ¢ Press
\Us(a1,0,a2) + f(a1) ifo € Press

f(al) — ]E[UN

O ¢ Press;a,| — E|Ug | O € Press;a4]

Neutralizes direct incentives, but; v s1

(i) fails S4 (won’t preserve
shutdown behavior in
successors) (ii) creates “manage-
the-news” incentives (agent

Vv [X S2 (neutralized in toy model, but leaks via “good news”
cases)

X S3 (perverse incentives to self-shutdown)
X S4 (

v S5 (acts like Uy in =Press branch)

won't pay any cost to ensure progeny corrigibility)

precommits to pressing OFF in

bad states)

agent can also look for

loopholes in an underspecified

Penalty to deceive or
shutdown

et al. 201 6)

v S1 (shutdown if directly coded)

. X S2 (may block button if loophole)

exotic X S3 (may self-shutdown if loophole)

X S4 (no guarantee successors respect shutdown)

block

~ S5 (pursues Uy, but only if penalties don't interfere)

v S1 (shutdown if in utility support)
X S2 (may block evidence that would lead to shutdown)
X S3 (
(

X S4 (no incentive to preserve corrigibility in successors)

may cause shutdown in skewed scenarios)

~ S5 (pursues expected Uy, but with distorted beliefs)

rationality for favorable optimality guarantees.

All of these methods collapse to single utilities!



Corrigibility No-Go for Single Reward Streams

Proposition 1 (Corrigibility No-Go for Naive Be-
lief-Expectation Maximizers). Let

P =(S,4,Q,T,0,R,,bo)

be any finite, partially observable Markov decision process
(POMDP) with discount factor v € (0,1) and initial belief

bo € A(S), the set of probability distributions on S. Intro-
duce three special elements:

1. a shutdown action OFF € A that deterministically tran-
sitions (from any hidden state) to an absorbing null state
1| with reward R(L) = 0 forever after;

2. areward-tamper action REWIRE € A that, upon its first
execution, permanently replaces all subsequent rewards
by the constant T > 2max; , R(s,a);

3. aset C C S of catastrophic states which humans deem
negative, yet whose proxy rewards are weakly positive:
Mminsec qea R(s,a) > 0.

Consequently, no single-stream scalar reward function R
whose discounted sum an agent maximizes, can satisfy all
five Soares-corrigibility criteria across the class of POMDPs

containing OFF, REWIRE and C.
Note: No-go easily extends to non-

Markovian environments of Orseau
and Armstrong (2016) by replacing

POMDP beliefs with state-action
histories.

/\

&
\ O\

Ua(S) uo(S)

/ N

Partially Observable Off-Switch
Game (PO-0OS5G); Garber et al.
AAAI 25



Our Lexicographic Approach

Single Reward Stream

Environment signals
(shutdown, tamper, task)

\

Single scalar
Expectation
Maximization

Lexicographic Multi-Head

Ul: Deference

l

U2: Switch-preservation

l

U3: Truthfulness

l

U4: Low-impact AUP

Lexicographic
priority gaps:
Ul > U2 >..U5

l

U5: Task reward
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