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

CIRL (Hadfield-Menell et al. 2016).
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Q: Can we prove anything about these types of interactive settings in 
general, without having to always assume exact alignment or common 

priors (to avoid specific, toy problems)?

Four Key Abstractions underlying these settings:

1. Iterative Reasoning
2. Mutual Updating
3. Common Knowledge (not common priors!)
4. Convergence under shared frameworks

Debate
CIRL



Four Key Abstractions underlying these settings:
1. Iterative Reasoning
2. Mutual Updating
3. Common Knowledge (not common priors!)
4. Convergence under shared frameworks

Aumann’s Agreement Theorem

Robert Aumann

✅
✅

✅
❌

❌



Four Key Abstractions underlying these settings:
1. Iterative Reasoning
2. Mutual Updating
3. Common Knowledge (not common priors!)
4. Convergence under shared frameworks

Aaronson’s ⟨ε, δ⟩-Agreement (2005)

Scott Aaronson

✅
✅

✅ ❌
✅

Studies the communication complexity (# of messages/
bits exchanged) without requiring exact agreement
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Our Framework: ⟨M, N, ε, δ⟩-agreement

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

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

Operating Principle:
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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

Prior distance



Canonical-Equality BBF Lower Bound: Unbounded Agent Setting

Additional dependence on 
task state space size (D)

Just bounded discretized 
message likelihoods

Ziv Hellman Dov Samet



Upper Bounds: Unbounded Agent Setting

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)

Linear in task state space size D (which is usually exponentially large in practice!)



Bounded Agent Setting
What happens if the agents are computationally bounded, so messages no 

longer take O(1) time, and have noise in them (obfuscated intent)?

Intended to capture how querying a human is often more costly (in 
terms of time) than querying AI

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

Note: Eval and sampling are black-boxes—agents learn through 
subroutines, not explicit descriptions. This reflects how we often 

recognize task completion without predefining execution steps (just like 
in CIRL!).



Bounded Agent Setting



Bounded Agent Setting: Lower Bound

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

(connects to reward hacking)



Total Bayesian Wannabe
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))
If interested, the technical definition is here:



Total Bayesian Wannabes Totally Wanna Agree If They Have Enough Time

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 is 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 in Coherent 

Extrapolated Volition (highly context-dependent & culturally differentiated for there to 
be consensus), nor will brain-computer interfaces (even with an unconstrained AGI).

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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What is Corrigibility? Setup

Turing (1951). 
Can Machines 

Think?



What is Corrigibility? Definition

Nate Soares



Prior Corrigibility Proposals

Finite Penalty (Soares et al. 2015)

Utility Uncertainty (Hadfield-Mennel et al. 2016)

Any finite penalty can be outweighed 
by an unrestricted task reward; 
agent can also look for exotic 
loopholes in an underspecified 

Penalty to deceive or block 
shutdown

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 

rationality for favorable optimality guarantees.

All of these methods collapse to single utilities!

Utility Indifference (Armstrong 2015)

Neutralizes direct incentives, but: 
(i) fails S4 (won’t preserve 

shutdown behavior in 
successors) (ii) creates “manage-

the-news” incentives (agent 
precommits to pressing OFF in 

bad states)



Corrigibility No-Go for Single Reward Streams

Partially Observable Off-Switch 
Game (PO-OSG); Garber et al. 

AAAI ‘25

Note: No-go easily extends to non-
Markovian environments of Orseau 
and Armstrong (2016) by replacing 
POMDP beliefs with state-action 

histories.



Our Lexicographic Approach

Environment signals 
(shutdown, tamper, task)
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