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The Cybernetic Model

* An agent learns by building a
model of Its environment.

Q 9 * The model is used for planning
i  \— to achieve a goal.
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Graphics borrowed from this excellent introduction: https://www.lesswrong.com/posts/i3BTagvt3HbPMx6PN/embedded-agency-full-text-version
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Large Agents

* Implicit assumptions:

1 The agent is “larger” than the
environment. The agent’s mind can fit a
full copy of the environment. [Ele+25]

2 The agent is “outside of” the
environment. [DG20]

* Note 1 - 2, so model-based RL ~always
assumes 2.

* Can we still learn when the agent is smaller
than the environment?
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e
The Actual Situation: Embedded Agency

Embedded Agency

* An agent Is just a special part of
the environment.

* It may be modified, destroyed,
or copied (by itself or others)
between interaction steps.

* Other equally powerful agents
may exist in the environment,
mutually reasoning about each
other.
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e
Ambitious Agent Design and Safety

* We are interested in agent designs that scale past human-level
intelligence.*

* To put (the right) goal into a superintelligent agent, we need to
express that goal in terms of whatever model the agent uses for
planning.

* The agent will be smaller than and contained in its environment.

*Is it really a good idea to study designs for superintelligent agents?
Arguably, superintelligent agent design is primarily useful as a model of
what is coming, rather than a blueprint. This model may warn us of the
dangers with negative results. For example, perhaps it is safer to build
only the type of agents that fulfill limited tasks on smaller environments!
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e
Ambitious Agent Design and Safety

* Safety relevance:
® Reward hacking
¢ Shutdown problem
® User identification
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Overview

* We will start with large agents and work our way down.
e Self-modeling Failures & AlXI
® The Grain of Truth Problem & Reflective Oracles
eUnrealizablility & Imprecise Probabilities
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Self-modeling Failures &
AlX]
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History-based Reinforcement Learning

Under the cybernetic assumption, we can model a very general class of
tasks using the history-based RL framework.

actions a
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History-based Reinforcement Learning
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N
AIXI

* AlXI Is a history-based RL agent designed for
computable environments [HutOO]

* |t plans optimally against a Bayesian mixture of
possible programs.

* The simplest formulation can be written in one line
(using fixed horizon and iterative value function)

o= a,rcfma}cE . max [ S 8 o E i
Ok OmTm g:Ul(g,a;..am)=0171..0mTm
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N
Joint History Prediction

Idea: We can go beyond the cybernetic framework by
jointly predicting the entire history including actions and
rewards.

environment state
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Joint History Prediction

Formalization: aieiazes... = h ~ p

As a special case, the cybernetic assumption says P = p”

environment state
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Joint History Prediction

For pure prediction problems, Ray Solomonoff
proposed using a Bayesian mixture over all

probabilistic programs:
Mz)= ) 27'@
U(p)=wzx*

Marcus Hutter extended this framework to decision problems:

fAI(elthal:t) = Z 9—L(p)

U(p,a1.t)=e1.¢+%

UNIVERSITY OF
E%g FACULTY OF
Embedded Agency /@\ WATERLOO | matHemaTics



Joint History Prediction

For pure prediction problems, Ray Solomonoff
proposed using a Bayesian mixture over all

probabilistic programs:
Mz)= ) 27'@
U(p)=wzx*

Why not just use this for prediction of the joint distribution?

t

Y (erllare) = [ | M(eileri—1as)

1=1
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Joint History Prediction

* Joint prediction does not immediately transfer to RL
* Learning may not converge even when the cybernetic assumption holds

* We can choose uncomputable odd bits that destroy Solomonoff prediction
on computable even bits:

110000111111 11 ...

* The same trick means certain uncomputable actions can break Solomonoff
percept prediction

 Surprisingly, normalizing M patches this problem.
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Semimeasure Loss

Unfortunately, some programs stop producing output.
That means M is not a probability distribution over infinite sequences — we

call it a semimeasure.

Formally, any v :B* — [0,1] is a semimeasure iff v(z) > »  v(xb)
be{0,1}

We cannot tell in advance which programs will stop; this is equivalent to the
halting problem.

M(1|x)
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Semimeasure Loss

There are multiple ways to “complete” or “normalize™ a semimeasure

M)
-

M(1z)

The gap that we reallocate this way is called the semimeasure loss
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Prediction of Selected Bits

It turns out that the semimeasure loss can be made large infinitely often [LHG11]:
Lemma 14. There exists an w € B> such that

lim inf M (0|w<,) + M(1|w<,)] = 0.

n—00

It follows that dw € B°° suchthat Vn € N ws,, = ws,, 1 but
M(w2n‘w<2n) 7é 1
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Prediction of Selected Bits

It follows that [WH25a]:

Theorem 7 (Adversarial non-convergence of £€Y) There exists e=a€B>
such that £ (eq.4||ar.) =&Y (ar.4||ar.s) =0 as t—oc.

For example, there are some action/percept histories where even though the reward

has always matched the (binary) value of the action, AlXI infinitely often doubts this
will continue.

Caution: We do not know if these (action) histories are on-policy for AIXI!

Theorem 7 does not hold when M is normalized.
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AIXI is Much “Larger” than its Environment

* The AIXI agent believes the environment is (i Cf
lower semi-computable ‘

* The AIXI agent’s policy is not lower semi- D [
computable

* “AIXI does not believe the universe contains

AIXI agents.” @
C/ E?L (\ 0 C/ E?L—I—l CA

A A 0 .
cmo Ccore o, CTt =
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The Grain of Truth Problem
& Reflective Oracles
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e
Modeling Multi-player Games

* Agents which are modeling
each other must be of the
“same size”

 Therefore, AIXI cannot learn
-- | that the environment contains
2 other AlXI instances

* Note that multi-player games do

not necessarily involve other
embedded agency problems
(“being inside the environment”)

IIIIIIIIIIII

FACULTY OF
Embedded Agency '@ WATERLOO | MATHEMATICS



e
Modeling Multi-player Games

at hi.t := a1€109€9...0:€;

: T
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agent my | 1 multi-agent P
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ay h' ~ ol
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Figure 7.2: Agents 7m,..., T, interacting in a multi-agent environment.
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Modeling Multi-player Games
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N
The Grain of Truth Problem

In a multiplayer game, we would like for Bayesian players to have correctly-
specified models of their subjective environments. One way of formalizing this
IS that they should not be “infinitely surprised” by any even that happens with
positive probability, according to the truth history distribution.

Given

* Aclass of games (G

* Aclass of strategies P

* Subjective beliefs &; for player i

The grain of truth property requires that

» Each optimal policy 7¢, € P

* Each belief distribution &; > o™ (Vo € G,Vm € P")
Where > denotes absolute continuity.
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Solution with reflective oracles

* Note that this appears to fail for AIXI players!
* Naively, we might construct games/policies by
Ar(zi|wcr) = PlT (<) = 2]
But policies hang when they call each other

* Instead, we provide each machine T with a (reflective) oracle O that gives
it arbitrarily precise access to the RHS for all other machines T’ with O.

A7 (zi|w<y) = P[T(w<4) = @]

* These augmented machines can be used to construct reflective versions
of AIXI which satisty the grain of truth property
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Solution with reflective oracles

e Game-theoretic results

- In the “dualistic” multiplayer game setup, we can show convergence
to Nash equilibrium in stage games and generally convergence to
optimality for Thompson sampling [LTF16,Wye+25]

- If we allow correlations between policies (using joint prediction) then
we can also prove “acausal” coordination in the prisoner’s dilemma
[Mue+25]

- The semimeasure loss is eliminated and prediction of selected bits
succeeds
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e
Solution with reflective oracles

* An agent can also exploit its self-model to avoid planning
* In principle, this allows it to reason about self-modifications

* However, it is difficult to prove any optimality (or any other interesting)
properties about this model

O
ai,€1,02,€2,... 7~ f

ws(h<t) € argmaxatgo (Z virilh<tat)

1=t
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Unrealizability & Imprecise
Probability
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Mathematic Framework for Embedded Agency
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Imprecise Probability

* Small agents must have misspecified models (if they do model-based
planning at all)

* There are various frameworks for representing partial knowledge

* [t Is already natural to view semimeasures as imprecise probability
measures [WH25Db]

* Various credal set belief representations have been studied in the context
of AlIXI

* Arguably, none of this work takes misspecification/unrealizability as
seriously as e.g. Infra-Bayesianism
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Imprecise Probability

* |t is actually harder to study smaller agents!
e Computability —» Computational Complexity
* Possibly there is less to say; very small agents are often task-specific

®\\Ve do not want agent foundations to depend on designing the best
bacterium!

* | recommend a top-down approach targeted towards specific safety
problems and NOT a general theory of boundedly-rational agent design
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