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We will quantify 
the boundaries 
of this surface 

(Part I)!
We will characterize a 
basin (corrigibility) in 

Part II!



Alignment Approaches

Current Approaches:
Focused on specific model families (e.g. LLMs) or even specific 
features within specific models (e.g. mechanistic interpretability)

Hardly any theoretical guarantees, except in particular settings with 
strong assumptions

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers

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

What should those values even be?

Credit: Geoffrey Irving



Alignment Approaches

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

What should those values even be?

Current Approaches:
Focused on specific model families (e.g. LLMs) or even specific 
features within specific models (e.g. mechanistic interpretability)

Hardly any theoretical guarantees, except in particular settings with 
strong assumptions

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers



Approaching Alignment

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

What should those values even be?

Current Approaches:
Focused on specific model families (e.g. LLMs) or even specific 
features within specific models (e.g. mechanistic interpretability)

Hardly any theoretical guarantees, except in particular settings with 
strong assumptions

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers



Approaching Alignment

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

What should those values even be?

Current Approaches:
Focused on specific model families (e.g. LLMs) or even specific 
features within specific models (e.g. mechanistic interpretability)

Hardly any theoretical guarantees, except in particular settings with 
strong assumptions

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers



Approaching Alignment

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

What should those values even be?

Current Approaches:
Focused on specific model families (e.g. LLMs) or even specific 
features within specific models (e.g. mechanistic interpretability)

Hardly any theoretical guarantees, except in particular settings with 
strong assumptions

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers



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

What should those values even be?

Approaching Alignment

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers

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

Core Safety Values for Provably Corrigible Agents



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

What should those values even be?

Approaching Alignment

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers

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

Core Safety Values for Provably Corrigible Agents



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

What should those values even be?

Approaching Alignment

Our Approach:
Try to study the intrinsic complexity of alignment itself within a general 

framework
Identify no-gos and complexity barriers in best-case settings

Develop practical strategies that avoid these barriers

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

Core Safety Values for Provably Corrigible Agents



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

What should those values even be?

Approaching Alignment

Our Approach:
Study the intrinsic complexity of alignment in a general framework

Identify no-gos and complexity barriers in best-case settings
Develop practical strategies that avoid these barriers

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

Core Safety Values for Provably Corrigible Agents

- 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)



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

What should those values even be?

Approaching Alignment

Our Approach:
Study the intrinsic complexity of alignment in a general framework

Identify no-gos and complexity barriers in best-case settings
Develop practical strategies that avoid these barriers

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

Core Safety Values for Provably Corrigible Agents

- Aligning to “all human values” will not work (no free lunch)

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

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



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

What should those values even be?

Approaching Alignment: Intrinsic Barriers

Our Approach:
Study the intrinsic complexity of alignment in a general framework

Identify no-gos and complexity barriers in best-case settings
Develop practical strategies that avoid these barriers
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Approaching Alignment: Motivation



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

CIRL (Hadfield-Menell et al. 2016).



Alignment: Major Theoretical Frameworks
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
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rational unbounded capable agents, then we should avoid it in practice.
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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:



General Lower Bound: Unbounded Agent Setting

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. 
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General Lower Bound: Unbounded Agent Setting

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?



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)



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)



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: Compress your objectives!

e.g., Identify a small set of context-dependent values per 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: Compress your state space!

There are no globally unhackable reward functions. Exploit task structure 
and focus on safety-critical slices rather than uniform coverage (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). 
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Approaching Alignment: Corrigibility Guarantees

Our Approach:
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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)



Paper: https://arxiv.org/abs/2505.18687An AI Capability Threshold for Rent-Funded Universal Basic 
Income in an AI-Automated Economy

Potential Economic Implications of Alignment

Higher alignment costs (c) 
drive up UBI threshold

Corrigibility is no longer a hazy ideal but 
now an implementable, auditable, and 

incrementally improvable design principle: 
one that (hopefully cost effectively!) scales 

as our measurement and evaluation 
pipelines scale.

Open: Can we incorporate other values 
(besides control, which is “neutrally amoral”) 
that lead to longer term human well-being, 
especially if working for pay is no longer 

feasible in many cases?

https://arxiv.org/abs/2505.18687
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Paper 1 (alignment complexity barriers): https://arxiv.org/abs/2502.05934

Paper 2 (corrigibility): https://arxiv.org/abs/2507.20964

Both papers will 
be at AAAI 

2026!

Thanks for a 
great semester!
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