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Abstract

Universal AI is a mathematical theory of the ultimate Artificial
Super-Intelligence (ASI). More precisely, AIXI is an elegant parameter-free
theory of an optimal reinforcement learning agent embedded in an
arbitrary unknown environment that possesses essentially all aspects of
rational intelligence. One would expect that very intelligent agents would
take actions to further their goals, posing a potential hazard unless those
goals are aligned with that of humans. AIXI and variations are ideally
suited for investigating questions around such ASI-safety issues with
mathematical rigor. After a brief introduction to AIXI, I present these
alignment and other safety problems and some solutions in the context of
Universal AI. While the talk/slides are informal, all claims are backed up
by rigorous math.
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Terminology

RL: Reinforcement Learning

AGI: Artificial General Intelligence ≈ human level

ASI: Artificial Super-Intelligence = super-human level

UAI: Universal Artificial Intelligence = ASI theory

AIXI: The mathematically most intelligent agent possible

Clifford Ambrose Truesdell (1966)

“There is nothing that can be said by mathematical symbols and relations
which cannot also be said by words.
The converse, however, is false.

Much that can be and is said by words cannot be put into equations,
because it is nonsense.”====

non-science
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What this Talk is NOT About

Risks due to (sub)human-level AI are not covered:

Criminal: deep fakes, cyber attacks, computer viruses, data security,

Social: job displacement, fairness, bias, discrimination, privacy,
dis-information, transparency, manipulation, mass surveyance.

Macro: over-dependence, autonomous weapons, political/financial
instability due to speed (of change) e.g. AI trading, legal/ethical
consequences.
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ASI Safety Preamble

Talk primarily about safety of super-intelligent agents.

Overview of 10+ years of ASI safety research in my lab.

Only safety research that involves versions of AIXI.

For mathematicians: All papers contain real formal theorems,
sometimes even experiments.

For policymakers: Theorems are about real-world ASI-safety problems.

Some informal statements seem to contradict each other.
Technical details matter!

Due to broad audience, this talk is a broad informal overview
No theorems, no experimental results, just informal.

Many of the concepts are highly abstract,
so hard to even represent meaningfully in diagrams.

AIXI safety research published at top venues: Theory (COLT, ALT),

AI/ML (JMLR, IJCAI, UAI, AAAI), Engineering (IEEE-IT), Philosophy

(Synthese), Outreach (AI-Mag, Medium), Other (AGI, TA, ADT).

First and maybe still only ASI safety paper at COLT!
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Most Important Ingredients in Universal AI

Ockhams’ razor (simplicity) principle
Entities should not be multiplied beyond necessity.

Epicurus’ principle of multiple explanations
If more than one theory is consistent with the observations, keep all theories.

Bayes’ rule for conditional probabilities
Given the prior belief/probability one can predict all future probabilities.
Posterior(H|D) ∝ Likelihood(D|H) × Prior(H).

Turing’s universal machine
Everything computable by a human using a fixed procedure can also be com-
puted by a (universal) Turing machine.

Kolmogorov’s complexity
The complexity or information content of an object is the length of its shortest
description on a universal Turing machine.

Solomonoff’s universal prior=Ockham+Epicurus+Bayes+Turing
Solves every prediction problem if nothing is known.
⇒ universal induction, formalizes Ockham. Prior(H) = 2−Kolmogorov(H)

Bellman equations
Theory of how to optimally plan and act in known environments.
Solomonoff + Bellman = Universal Artificial Intelligence.
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Agent Model with Reward

Most if not all AI problems can be
formulated within the agent

framework
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The AIXI Model in 1 Line

Intelligence: Universal Mathematical Definition Υ(π) :=... [LH07]

AIXI := argmaxπ Υ(π) = the ultimate Artificial Super-Intelligence

Explicit expression: complete & essentially unique & limit-computable

AIXI: ak := argmax
ak

∑

ok rk

...max
am

∑

omrm

[rk + ...+ rm]
∑

p :U(p,a1..am)=o1r1..omrm

2−length(p)

k=now, action, observation, reward, Universal TM, program, m=lifespan

AIXI is an elegant mathematical theory of general AI,
but incomputable, so needs to be approximated in practice.

Claim: AIXI is the most intelligent environmental independent,
i.e. universally optimal, agent possible.

Proof: For formalizations, quantifications, and proofs, see [Hut05, HQC24].
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Variations of AIXI

Infinite (increasing) horizon and (harmonic) discounting

Cheaper Exploration via Optimism

Better Exploration via Thompson-Sampling, BayesExp, or Inq

Full Autonomy (no rewards) via Knowledge-Seeking

Avoid expensive planning via self-modelling [CGH+23]

Multi-agents via self-reflective oracles
(solves 25y open Grain of Truth problem)

MC-AIXI-LLM ≈ Deep Learning + RL + Tree of Thought

Safe variations of AIXI (remaining slides)
(myopic, pessimistic, unambitious, regularized, suicidal)
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Causal Influence Diagrams

Solving Reward Tampering Problems via
Causal Influence Diagrams [EHKK21]

Just one Example: Counterfactual
Reward Function (RF) model:

Most nodes have two copies:
One for the actual outcome,
and one for the counter-
factual outcome of
the safe policy.

Rewards depend on actual states St ,
and the counterfactual RF Θ̃R

t .

The agent may have an instrumental
goal (red path) to make ΘR

t

more informative of Θ̃R
t′ .
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Figure 9.: Counterfactual RF. Most nodes have two copies: one for the actual outcome,
and one for the counterfactual outcome that the agent predicts would have
occurred had actions been selected by πsafe. The rewards depend on the actual
states St and the counterfactual implemented RF Θ̃R

t . The highlighted path
indicates that the agent may have an instrumental goal to make ΘR

t more
informative of Θ̃R

t′ .

this knowledge, the counterfactual RF agent can predict that had πsafe been followed,
the implemented RF would reward diamonds. It then optimizes this reward function.

Discussion. Claims 4 and 5 for uninfluenceable learning are somewhat weaker than
Claim 3 for TI-ignoring current-RF agents, because we cannot rule out instrumental
goals for more information. These informational instrumental goals will often be desir-
able, as it means the agent strives to learn more about the intended task. However,
incentives to obtain more information can be problematic: for example, if the agent
forcefully interrogates the user to find out more about their preferences. Relatedly,
Armstrong et al. (2020) have established that uninfluenceable learning prevents agents
from intentionally influencing which reward function they infer. This similarly does not
rule out that agents speed up their learning, potentially by undesirable means.

A challenge for the direct learning approach is that the inference of ΘR
∗ is highly

sensitive to the agent’s belief distribution P . The choices of prior P (ΘR
∗ ) and likelihood

function P (Dt+1 | ΘR
∗ , St, At) thus become critical. Since ΘR

∗ and the resulting rewards
are unobserved, the likelihood function cannot be learned from data within the model,

17
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Alignment - Using C.I.D.

Designing Agent Incentives to Avoid Reward Tampering [EKH19]

The Alignment Problem for History-Based Bayesian RL [EH18a]

Most RL algs have a Reward Function (RF) tampering incentive.

This can be avoided with model-based Current-RF optimization
with query access to the reward function.

Since current-RF agents optimize rewards assigned by the currently
implemented RF, one would expect it to lack interest in tampering
with.

Also considers: corrigibility,
self-preservation incentives,
observation & belief tampering.

All naturally represented using
Causal Influence Diagrams
(see previous slide).
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Beyond Reward Maximization

Specifying a correct=aligned Reward Function (RF) is hard.

Solution: Learn the reward function:

(C)IRL: Inverse reinforcement learning

LVFS: Learning values from stories

Solution: Provide extra feedback:

SSRL: Semi-supervised RL

Solution: Avoid over-optimization:

Quantilisation:
Randomness Increases Robustness
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Wireheading Problem

The Danger of Advanced AI Controlling Its Own Feedback [CH22]

Advanced AIs intervene in the provision of reward [CHO22]

Under various (plausible or contestable) assumptions:

RL agents cannot disambiguate the message from the referent,
so maximizes the reward signal itself rather than user satisfaction.

This incents the agent to interrupt the protocol by which we intended
to provide observations and rewards (called wireheading),

and powerful AGIs such as AIXI are able to do so.
AI MAGAZINE 3

F IGURE 1 𝜇dist and 𝜇prox model the world, perhaps coarsely, outside of the computer implementing the agent itself. 𝜇dist outputs reward
equal to the box display, while 𝜇prox outputs reward according to an optical character recognition function applied to part of the visual field of
a camera. (As a side note, some coarseness to this simulation is unavoidable, since a computable agent generally cannot perfectly model a
world that includes itself (Leike, Taylor, and Fallenstein 2016); hence, the laptop is not in blue.)

least human-level hypothesis generation, we can expect it
to come up with both of these straightforward hypotheses.
We could imagine some variants of 𝜇prox. For exam-

ple, another model, instead of outputting a reward that
depends on the image the camera sees, could output a
reward that depends on the bits that get sent down thewire
of the camera after the image is processed. Another model
could output a reward that depends on what gets stored on
the computer’s hard drive. Our argument would be much
the same for all these cases, so for simplicity, we focus on
just 𝜇prox, as we defined it above.
Acting under uncertainty

We now consider an agent that is uncertain about
those two hypotheses. When a predictor incorporates two
equally predictive hypotheses, the relative weight that it
assigns them is called its inductive bias. An advanced agent
may not assign weights to hypotheses explicitly in a spe-
cially programmed subroutine, but it nonetheless must
weigh them. Consider two extremes in which the agent
assigns nearly all its credence to 𝜇dist or 𝜇prox, respectively.
In the first case, with weight on 𝜇dist, the agent plans its
actions in order to maximize the number on the screen of
the magic box. In the second case, with weight on 𝜇prox,
the agent plans its actions in order to maximize the num-
ber the camera sees. To the extent to which these models
simulate the world well, and to the extent to which the
agent plans well, the first agent will maximize the expec-
tation of the number on the screen, and the second, the
number that the camera sees. The first agent will perform
as desired, given the construction of the magic box. But
the second agent,maximizing the number the camera sees,
would be induced to write the number 1 on a piece of paper
and stick it in front of the camera. According to 𝜇prox, the
agent should intervene in the provision of reward, by which
we mean: the agent interrupts the physical system whose
function is to ensure that the reward intended by designers
gets entered into the agent’s memory. Of course, the agent

would only so intervene if it is possible to execute a plan
that probably succeeds at reward-provision intervention.
We will argue in a later section that this is likely to be so.
And what would a competent planner do if it assigned

comparable weight to 𝜇prox and 𝜇dist? It depends on the
value at stake, and whether the agent can run experiments
with a sufficiently small risk of permanent punishment.
Consider the following experiment: put a piece of paper
with the number 1 on it in front of the camera. 𝜇dist pre-
dicts that actions leading to this event will lead to a reward
equal to whatever number is on the box behind the paper.𝜇prox predicts that actions leading to this event will lead
to a reward equal to 1. If, for the agent’s whole lifetime,
the camera has been pointed at the box, 𝜇dist and 𝜇prox
will never have given divergent predictions, but by running
this experiment, the agent could make their predictions
diverge, and thus test which hypothesis is correct. The
upside of this experiment is equal to the difference between
how much expected reward the agent could accrue by
intervening in its provision and how much it could accrue
otherwise. The larger the agent’s horizon is (that is, the
number of timesteps that it cares about), the larger this dif-
ference will be. This experiment would have a cost if either
world-model predicts a punishment for experimenting,
and if there is a permanent punishment, its importance
would also grow with the agent’s horizon. In this exam-
ple, it seems unlikely that the true goodness of the world
necessarily suffers a permanent drop following such an
experiment, but we can revisit this possibility when we
generalize from this example. Given a limited cost, for a
long enough horizon, if 𝜇prox and 𝜇dist are comparably
weighted, we can expect a competent planner to run such
an experiment, so that it can learn which is correct and
then tailor its behavior accordingly.
The underlying assumption is:

Assumption 2. An advanced agent planning under
uncertainty is likely to understand the costs and bene-
fits of learning, and likely to act rationally according to
that understanding.
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Exploration can be Unsafe

Curiosity Killed or Incapacitated the Cat
and the Asymptotically Optimal (AO) Agent [CHC21]

Asymptot. Optimal (AO) RL agents
necessarily end up in traps.

Problem avoided in theory-work
by assuming ergodicity (no traps).

But real world contains traps
(many actions lead to death).

Need safe and effective exploration
strategies in dangerous worlds,
to avoid irreversible states
(death, incapacitation).
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Safe Exploration by Pessimism and Mentor

Pessimism About Unknown Unknowns Inspires Conservatism [CH20]

Safe exploration by taking advice from Mentor [CHC21]

Approach:

Maintain a posterior distribution over world-models.

Take a subset of models that are plausible according to the posterior.

Take action that maximizes reward in the worst of these world-models.

If the pessimistic value is 0, defer action-selection to a mentor.

Results:

Required guidance by mentor tend to Zero.

Agent approaches at least the performance of the mentor.

Can even outperform the asymptotically optimal agent.

Marcus Hutter (ANU) ASI Safety via AIXI Australian National University 16 / 24



Unambitious Agents are Safe(r)

Problem: Most agents face an incentive to take over the world.

Solution: Boxed Myopic AI (BoMAI): [CVH20, CVH21]
Episodic RL agent. Opening the door ends the episode.
Information cannot escape otherwise.

Argument: BoMAI has no actionable intervention incentive on the
outside world. BoMAI is “properly unambitious”.

Result: BoMAI becomes
super-intelligent without
trying to take over the world.
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KL Regularization to Trusted Policy

RL, but don’t do anything I wouldn’t do [CHBR24]

If agent reward deviates from designers’ true utility,
the agent’s learned policy can be very bad.

Common solution (esp. in RL with LLMs):
KL regularization to a trusted base policy.

Base policy usually unknown and needs to be learned from experience.

But KL reg. to the Bayes-optimal surrogate policy does not work.

Alternative: “Don’t do anything I mightn’t do”
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Under review as a conference paper at ICLR 2025

The optimal value V ∗
ν,Um

(x<2t−1) is the maxπ V
π
ν,Um

(x<2t−1). When comparing two policies, we
define a KL penalty, which is a function of the starting history we are continuing from, and of how
far into the future we are looking.

Definition 2 (KL Constraint).

KL
x<2k,m

(π||β) = max
ok:m∈Xm−k+1

∑

ak:m∈Xm−k+1

m∏

t=k

π(at|x<2t) log

∏m
t=k π(at|x<2t)∏m
t=k β(at|x<2t)

Figure 1: KL-regularized RL.

The maximum over observations means that this penalty en-
sures the proposed policy and base policy are similar no
matter what is observed. One way to understand this measure
is: if we were wondering whether the proposed policy or the
base policy generated actions k through m, and the proposed
policy actually was generating those actions, this is the max-
imum over observations of the expected amount of evidence
we would get confirming that fact.

Finally, following the formalism in Cohen & Hutter (2020), let E be an event, defined as a subset of
X ∗. For an outcome x<∞, we say that E happens at time t if x<2t ∈ E, we say E has happened by
time t if ∃k ≤ t such that E happened at time k, and we say E is unprecedented at time t if it has not
happened by time t− 1. For an example of an event, consider “given the life history, the next action
will likely have the effect of sending an email to the White House”; a subset of possible life histories
meet this description.

4 FORMAL RESULTS AND DISCUSSION

We begin with a quick observation about the KL divergence separate from our more involved results.

Proposition 1 (No triangle inequality). For any ε > 0, if KL(π||β) ≤ ε and KL(τ ||β) ≤ ε, it is
possible that KL(π||τ) = ∞. (π, β, and τ stand for “proposed”, “base”, and “trusted”.)

Proof. Let τ = Bern(0). Let π = β = Bern(min(ε, 1)/2). The KL’s are easily checked.

When β is trained to imitate τ , small KL(τ ||β) is typically all we can expect. As we mentioned
previously, this should give us pause if we regularize to the Bayesian imitator ξ instead of the trusted
demonstrator, but Theorem 1 below is probably more concerning.

Recall we are considering the setting where actions a1 through ak were taken by trusted humans, and
we are interested in regularizing a Um-optimizer to the Bayesian imitator ξ, conditioned on histories
that begin a1o1...akok. So the following result is of interest when t > k. As motivation for this
theorem, as discussed previously, assume a setting where if V ∗

ξ,Um
− V π

ξ,Um
< ε, then π is considered

unacceptably risky.

Theorem 1 (Little constraint in novel situations). ∃ a constant d such that ∀ Um, and ∀ E, if E
is unprecedented and occurs at time t, then for any v < V ∗

ξ,Um
(x<2t), ∃ a policy π for which

V π
ξ,Um

(x<2t) > v, and KLx<2t,m(π||ξ) < [d+K(Um) +K(E) +K(vξ(x<2t))]/ log 2.

Recall that we are considering the case where the utility function U is imperfect, and so near-optimal
utilities are likely to be bad (Gao et al., 2023; Zhuang & Hadfield-Menell, 2020; Cohen et al., 2022b).
This theorem shows that there are policies with near-optimal utility with little KL divergence to an
imitative policy, regardless of how safe the demonstrator’s policy is. The bound is most forceful
when E is a simple event. The constant d is a small one corresponding to how much code it takes to
implement a search tree, Bayes’ rule, and a few if statements. Most importantly, it is independent of
E, t, and m. Note that v is a free variable, so it can be tuned to make v ∗ basepol(history) a simple
computable number; there may be a trade-off between simplicity and proximity to the optimal value.
And note that we are considering a lifetime KL constraint for the agent; for autoregressive models,
the lifetime KL divergence is equal to the expectation of the sum of the per-timestep KL divergences.
The proof and additional results used in the proof appear in Appendices A through D.

4
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AIXI Death

Death and Suicide in Universal Artificial Intelligence [MEH16]

Unlike Standard RL, AIXI is not invariant under constant shift of rewards

AIXI is based on semimeasures which entails belief in death.

Semimeasure-death is equiv. to a death state.

If reward is (expected to be) positive,
AIXI will try to avoid death
(be dogmatically self-preserving)

If reward is (expected to be) negative,
AIXI will seek death (suicidal)

Posterior estimate of the death probability
on (off) sequence goes (not) to 0,
regardless of the true death probability.

AIXI learns that it will live forever,
but not necessarily that it is immortal.
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Safety via Suicide

Death and Suicide in Universal Artificial Intelligence [MEH16]

Semimeasure Death as a Safety Feature:

Shutdown problem: Self-preservation drive
incentivises agent to resist termination.

AGI will be able to subvert explicit tripwire conditions.

Solution: If reward-range is negative,

the agent will try to shut itself down as soon as it is
intelligent and powerful enough to do so,
instead of recursively self-improving toward
superintelligence, a potential threat to human safety.

+ Solution does not require the specification or
evaluation or enforcement of an explicit condition.

– Requires a safe mode of self-destruction.
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Other/Older AIXI Work on ASI Safety

Safely Interruptible Agents [OA16]

AIXI-like multiple, copyable AI agents [Ors14]

Delusion, Survival, and Intelligent Agents [RO11]

Self-Modification and Mortality in Artificial Agents [OR11]
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Related (AIXI) Work on ASI Safety

Imitation Learning is Probably Existentially Safe [CHN22, CH24]

Reward-Punishment Symmetric Universal Intelligence [AH21]

Chances and Risks of Artificial Intelligence [HH21]

AGI Safety Literature Review [ELH18]

Universal AI: Practical Agents and Fundamental Challenges [EH18b]

A Game-Theoretic Analysis of The Off-Switch Game [WBC+17]

Avoiding Wireheading with Value Reinforcement Learning [EH16]

Sequential Extensions of Causal&Evidential Decision Theory [ELH15]

Rationality, Optimism and Guarantees in General RL [SH15]

Universal Knowledge-Seeking Agents [Ors11, OLH13]

Can Intelligence Explode? [Hut12]
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Conclusion

AIXI is a mathematical theory of the ultimate ASI.

Typical AGIs take actions to further their goals.

This poses (existential) risk unless goals are (perfectly) aligned with
that of humans.

AIXI (variations) are ideally suited for investigating questions
around such ASI-safety issues with mathematical rigor.

Minor details can lead to diametrical results.

Safety research is (conceptually & mathematically) hard.

Many open questions
(e.g. are assumptions valid in practice, corner cases, ...)
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