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Lack of Guarantees Leads to Bad Outcomes In the Wild
https://www.anthropic.com/research/agentic-misalignment

What about more widely across the 
best frontier models (not just one), and 

in ordinary non-adversarial open-
ended agentic settings?

And what if we let the agents spawn 
subagents too?
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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, since we have No Free 
Lunch (e.g. if M ~ D, one objective per state)! 

Can we improve our lower bounds by considering natural (but still 
broad) classes of communication protocols?
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Additional dependence on 
task state space size (D)
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1. For each one of the M tasks
2. N agents 
exchange 

messages until 
type profiles are 
compatible with 
a common prior

3. Condition on 
common prior 
until agreement
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TL;DR: Can get exponential slowdown in task state space size (D)
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terms of time) than querying AI
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Bounded Agent Setting: Lower Bound

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

(connects to reward hacking)
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Alignment is intrinsically constrained by 3 quantities: 
# Tasks (M), # Agents (N), and State Space Size (D)

How do we reduce these barriers?

M & N Barrier: Compress your objectives!
•  Use small, context-specific value sets per setting (e.g. coding agent)
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What is Corrigibility? A Decade-Long Open Problem

Corrigible agents don’t resist, seek, 
or manipulate correction; they 

accept human intervention, pass 
that property to subagents, and 
otherwise do the intended task.

Keeps agents editable

Frontier agents today are 
incorrigible via RLHF!

Soares et al. 2015
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Our Lexicographic Solution to Corrigibility

Environment signals 
(shutdown, tamper, task)

RLHF/RLAIF won’t work!

Other results: No generic safety filter exists (Prop 4), but repeated 
(polynomial time) audits are feasible & privacy-preserving (Prop 5)
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guarantees (Proposition 1), and empirically leads to bad agentic 
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b. Entraining a small, "neutrally-universal" value set on safety-critical 
slices above RLHF reward prevents loss of control (Theorem 3)

c. There is no such thing as a universally foolproof external safety filter 
(Proposition 4: undecidable)

d. Doing repeated, polynomially-bounded horizon external evals gives 
you privacy guarantees across all agents (Prop 5: “decidable island”)
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