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Abstract

Universal Artificial Intelligence (UAI) is a mathematical framework that produces a
provably optimal and maximally general agent called AIXI, serving as a theoretical
gold standard for artificial general intelligence. However, AIXI is inherently
incomputable and thus cannot be implemented directly in practice. Under the
lens of generality, this report discusses the merits and limitations of UAI as well
as practicable approximations thereof. Overall, UAI provides strong theoretical
optimality guarantees and flexible framework modularity that allows adopters to,
in principle, "choose" the level of generality. However, the framework makes
potentially generality-narrowing modelling assumptions and the few existing AIXI
approximations lack quality guarantees with respect to generality. UAI thus remains
mainly a theoretical subject for now, with a myriad of open research avenues to
explore before it becomes evident whether UAI is the ultimate path to AGI.

1 Introduction

Artificial General Intelligence (AGI) has been a moonshot goal at least since the advent of computers
and the Turing Test [Turingl [1950]. While the initial focus was on symbolic approaches like
expert systems, other techniques such as neuronal simulation, genetic algorithms, and cognitive
architectures were developed over time. Recently, data-driven machine learning approaches have
achieved remarkable results, as evidenced by the success of large language models (LLMs). Anyhow,
those approaches are mostly built bottom-up, with only few conceptual foundations.

Universal Artificial Intelligence (UAI; [Hutter| [2000]]) fills this gap by providing a rigorous math-
ematical framework compatible with machine learning that allows for the top-down creation of a
parameterless, fully generally intelligent decision maker called AIXI that behaves provably optimally
in unknown environments. However, the operation of AIXI is incomputable in the Turing sense.
Consequently, practical implementation requires approximating components of the framework. In
this report, we discuss different AIXI approximations and how much "loss of generality" they incur,
in addition to the overall generality benefits and drawbacks of the UAI framework.

Another notable top-down approach to AGI is PowerPlay, a line of work by |Schmidhuber] [2011}
2013||. There, an increasingly powerful problem solver is constructed via a search problem over pairs
of new tasks and modifications to the existing problem solver. Yet, to our knowledge, there are no
practical instantiations of this framework, so that we restrict ourselves to UAI in this report.

As a prerequisite, Section [2| describes how to define the notions of generality and universality.
Section [3]explains the formal framework of UAI, which is based on decision theory and Bayesian
sequence prediction. Section [ discusses the theoretical shortcomings of UAI as well as potential
fixes. Section[5]investigates several UAI approximations, including Monte Carlo Tree Search, Context
Tree Weighting, and Feature Reinforcement Learning. Section[6|concludes the report with a summary
and an outlook on future work.
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Figure 1: The cybernetic model [based on [Hutter et al.}[2024] Fig. 6.1].

2 Defining Universal Intelligence

The formal setup for UAI as originally devised by is the widely used cybernetic model
(cp. Figure[T) that also underlies reinforcement learning (RL) and robotics problems. It is a simple
action-reaction paradigm based on the duality of two objects: a policy and an environment. Formally,
we need a finite action space A and a finite percept space £ = O x R factored into an observation
space O and reward space R.

We collect all possible action-percept sequences in the set H = (A x &)* of histories of the
form h<,, = aiejazes - - - aey, where * denotes the Kleene star operatiorﬂzl An agent or policy
m: H* — AAis a probability distribution over actions conditioned on a history. An environment
(o Hox A — A€ is a probability distribution over percepts conditioned on a history plus action.
The agent and the environment interact as follows: start with an empty history hg = () and at each
time stept =1,2,...

1. Take an action a, < A following the history-dependent (i.e., non-Markov!) policy 7 and

2. Receive a percept e, = (04,7;) € £ from the environment fi.

These alternating dynamics induce a probability measure on histories via the chain rule of probability,
analogously to the concept of trajectories in conventional RL, which Hutter et al.| formalise as follows.

Definition 1 (Agent-Environment Measure p”). For a history h<,, = h<ihe.ym € H, the joint
agent-environment measure is given by

1 (P | het) = Hm‘(u;‘ | hak) - pulen | hat, ak).
k=t

The crucial difference to conventional RL, however, is that policy and environment are conditioned on
the entire action-observation history, and no Markov and ergodicity assumptions are made. Instead,
the framework is kept maximally general, apart from the finiteness assumption on the action and
percept spaces and the restriction to a sequential action-reaction procedure. The finiteness assumptions
on the underlying spaces can be lifted, resulting in more convoluted notation, but for all practical
purposes those spaces are eventually finite on some real computer anyway.

However, the narrow confinement to an agent-environment paradigm may be criticised as a rather
simplistic, robotics-motivated RL-style definition, which is taken as a given in the theory of universal
intelligence. This can be seen as an inductive bias on a meta-level of the theory of science. However,
the cybernetic model has afforded remarkable practical results, and there does not appear to be any
work on general intelligence outside of this model, so that we stick to it in this report.

Within the framework of the cybernetic model, most choices of policy would lead to rather random
and intuitively "unintelligent" behaviour. To obtain a truly generally intelligent policy, we need to
first substantiate these terms.

"For any set X', its Kleene closure is X* == |J2° X" = {(z1,22,...,2) | n € Njz1,22,..., 20 € X}.



Definition 2 (Intuitive Intelligence). Intelligence is "an agent’s ability to achieve goals in a wide
range of environments." [Legg and Hutter, 2007]

This definition is rather vague. When accepting the premises of the cybernetic model, at least
the terms "agent" and "environment" are well-defined. However, the "wide range" still requires
specification. This is done based on the notion of a universal distribution over environments, which
we will develop later in Definition [7]

Definition 3 (Universal Intelligence). Universal intelligence is "the expected performance of an agent
with respect to the universal distribution over the space of all environments." [Legg and Hutter, 2007]]

3 Constructing Universal Intelligence

In order to achieve universal intelligence as per Definition 3] we need to construct both an adequate
model of the environment as well as the agent itself. Hutter| [2000] does this by combining conven-
tional sequential decision theory [Bellman, [1957]] — as used in RL — with the theory of universal
induction [Solomonoff], [1964]] for Bayesian sequence prediction to enable powerful environment
modelling. Section [3.1|describes how to model the environment using universal induction, based on
which Section [3.2]develops the universally intelligent AIXI agent.

3.1 Environment Model: Universal Induction

In practice, the true environment g is not known. Hence, Hutter| follows the established approach of
considering a hypothesis class )V of possible environments v and using a Bayesian mixture as a proxy
for the true, unknown p.

Definition 4 (Bayes Mixture Environment £). Given an environment prior w : V — R that satisfies
w(v) > 0forally € Vand ) .\, w(v) <1, the Bayes mixture environment is the weighted sum

E(hem) =Y w(v) - v(hem). (1)

veV

We require strictly positive weights since weighting an environment with a zero prior effectively
amounts to using a smaller hypothesis class without that environment. However, since we included
that environment in the hypothesis class in the first place, [Hutter|invokes a philosophical principle to
argue that we should not rule it out before seeing evidence that it cannot be the true environment.

Principle 1 (Epicurus’s Plurality Principle).
When multiple models are consistent with the observations, all of them should be considered.

The reason why a Bayes mixture serves as a good proxy for the true environment is that its induced
agent-environment measure is guaranteed to converge to the true one in the time limit.

Theorem 1 (Predictive Convergence, informal). If the true i € V, we have for any policy m that
E (hgem | het) RimiccN 1" (heam | het)  with probability 1.

Proof. Apply the general sequence prediction result from [Hutter|[2001al Theorem 1] to a factored
history space and a factorised agent-environment measure. O

To trivially fulfil the precondition, we simply choose V as the least restrictive but still theoretically
achievable hypothesis class: the set of all computable environments, which we note to be countable.
Furthermore, while the eventual convergence is independent of the specific choice of prior w, the
speed of convergence can be heavily dependent on the prior. To make a reasonable choice of prior,
Hutter|draws from another basic philosophical principle.

Principle 2 (Occam’s Razor).
When multiple models are consistent with the observations, only the simplest should be considered.

Occam’s Razor is arguably the most fundamental principle in all of science. A strong motivation
for this simplicity emphasis is that all scientific endeavours can be seen as compressing reality into
simple explanations in order to afford predictive power. However, Occam’s Razor clashes with



Epicurus’s principle and the non-zero prior requirement. One solution is to interpolate between the
two principles by assigning to each environment a non-zero weight that is inversely proportional to
its complexity. The only remaining issue is then to measure "complexity". While there are many
possible choices of complexity measure, a theoretically sound option that Hutteriemploys is the length
of the shortest representation of the environment on a theoretical reference computer.

Definition 5 (Universal Turing Machine [UTM; Turing, |1937]]). A universal Turing machine (UTM)
is a Turing machine U that simulates another Turing machine M given its description (M) and an
input a, which we concatenate into a program p := (M)a. In symbols: U (p) = U((M)a) = M (a).

Recall from theoretical informatics that UTMs exist but are not unique. Fixing one reference UTM
U, we obtain a complexity measure that intuitively quantifies the information content of an object.

Definition 6 (Kolmogorov Complexity [Kolmogorov, 1965])). The Kolmogorov complexity of a string
x over the alphabet of the UTM U/ is the length of the shortest program for ¢/ producing x:

K (x) := min{|p| : p is program with U (p) = =}

To measure the complexity of an environment v, we need to encode it as a string over the alphabet
of Y. Since any arbitrary but fixed bijective encoding can be used, we abuse notation and write
K (v) for the Kolmogorov complexity of the encoding of v. Putting everything together, we arrive
at the following universal prior over environments, which interpolates between Occam’s Razor
and Epicurus’s Plurality. Environments receive a weight that decreases exponentially with their
Kolmogorov complexity.

Definition 7 (The Universal Prior [Solomonoff, 1964]). wy (v) == 2= K®)

Definition 8 (The Universal Environment). &y (h<,,) == Z wy (V) - v(h<m)
vey

3.2 Agent Model: AIXI

With the environment side of the cybernetic model sorted, we turn to the agent side. Based on the
universal environment &7, [Hutter| constructs a parameterless Al agent that is hence called AI(¢y) or
simply AIXI. Reminiscent of RL, the optimal policy of this agent is the one that maximises the future
expected cumulative discounted reward given the history so far under the model &7;.

Definition 9 (AIXI Policy). Given history h; € H, lifespan m € N U {oo} and discount function
v : N = (0, 00), usually either v = 1 for all k or = 0.99*~¢, an AIXI policy is defined as

m
Tey (h<t) 1€ argmax Ep, wer(jnoy) lz ’ykrk] .
T k=t

Theorem 2 (Expectimax Form of AIXI). Any AIXI policy can be expressed as

(colour code: action, percept, reward, UTM, )
Tey (het) € arg nmxz . mzle('rt + ) Z 2171, 2)
a €t a €m :M( a1 ...0m) =€1...6n
Proof. Omitted. See Hutter et al.|[2024, Theorem 7.4.2]. O

The expectimax expression (2)) affords the interpretation of an alternating game between the AIXI
agent and the environment. The agent maximises for the best next action looking ahead into the
future up to the lifespan, spanning an expectimax tree (cp. Figure[2). The environment reacts in
an "expected" way, corresponding to the summations and weighting by the universal distribution.
The red sum expression represents an unnormalised probability that the output of the UTM U/ on
a random program fed with all future actions matches the sequence of percepts, i.e., the program
encoding the environment is consistent with the history so far. In just one line, Equation (2)) combines
the key ideas of Bayes, Occam, Epicurus, Turing, Bellman, Kolmogorov, and Solomonoft. Overall,
the operation of AIXI can be conceptually separated into two parts:



Figure 2: Expectimax tree for binary action/observation spaces [see Hutter et al., [2024} Fig. 12.2].

* Learning: Computing the Bayesian mixture £;; based on the history so far, through which
the agent implicitly updates its belief of what environments in the hypothesis class V best
represent the true environment /.

* Planning: Using &;; as a current best estimate of 1 to look forward, considering the actions
the agent could choose, the percepts that the environment would respond with, the counter-
actions to each of those percepts, etc., up to the planning horizon, in order to chose the
action sequence that would maximise the expected cumulative reward.

This conceptual bisection provides further insight into the construction and will come to bear in the
discussion of approximations in Section 5| Before that, we conduct theoretical considerations. Since
AIXI is inherently defined by an optimisation process, we can hope for certain optimality properties
to hold. Indeed, AIXI is both a Bayes-optimal and a Pareto-optimal agent.

Theorem 3 (Bayes-Optimality of AIXI, informal). AIXI achieves optimal cumulative reward for the
environment model £

Proof. This is guaranteed by Definition [9] O

Theorem 4 (Pareto-Optimality of AIXI, informal). No other agent achieves at least as much
cumulative reward as AIXI in every environment and strictly more reward in at least one environment.

Proof. Omitted. See Hutter| [2000]. O

Due to these optimality results, [Hutter et al.| [2024] claim that AIXI is the "gold standard for
universally optimal agents". So is the UAI framework free from any potential criticism? We address
this question in the next section.

4 Scrutinising Universal Intelligence

The narrative of UAI by |[Hutter et al.| is convincing at first glance. However, behind the scenes some
theoretical shortcomings of the framework become apparent. In this section, we briefly address those
issues and potential fixes for some of them.

4.1 Incomplete Framework

Section [2] already mentioned the assumptions of finite action and percept spaces and sequential
action-reaction procedure. The finiteness assumption is not necessary for the theory, but makes it
simpler by avoiding involvement in measure-theoretic considerations. The alternating interaction
model, however, is heavily restrictive and makes the framework incomplete in several ways.

* Simultaneity: The framework does not allow simultaneous or non-alternating interactions
between agent and environment by design, even though simultaneity of events is a key
feature of real-life dynamics. Yet, since the alternating model imposes significant structure
and simplicity, it appears to be an almost unchallenged base assumption in the literature.
From the theory of concurrent programs, we know that simultaneity is an intricate mechanic
to deal with, and potentially too much of a complexity cost for practical Al approaches.



* Co-Presence: The cybernetic model does not take into account the possibility of multiple
agents present in the same environment beyond treating them as passive environmental
noise. However, since our real-world experience suggests the presence of a large number of
intelligent agents, a proper theory of general intelligence should be able to deal with this.
Luckily, this has been done extensively in the field of multi-agent RL in the Markovian case
and most of the techniques can be adopted in the generic UAI setting as well, as described
in the textbook of |[Hutter et al.| [2024), Chapter 10].

* Reflection: A cybernetic agent does not consider itself to be part of the environment it
interacts with. It only receives percepts and performs actions, but remains static itself and
thus lacks self-awareness or a "concept of self". A possible solution to this is so-called
reflective AIXI [Leike, 2016]] based on the notion of a reflective oracle [Fallenstein et al.,
2015]], which is limit-computable but not computable and quite involved a construction. An
alternative, more practical, and to our knowledge not yet implemented approach would be
incorporating an explicit world model into the framework, with representations of itself and
the environment (beyond the Solomonoff-induced Bayesian model).

4.2 Reward Design Problem

Just like regular reinforcement learning, UAI suffers from the reward design problem: the reward
function, which majorly affects the agent’s behaviour, must be specified by the adopter of the
framework. While in most game settings the reward design is clear (+1 for winning, -1 for losing),
for many even simple tasks, like making a robot learn to walk, it is notoriously hard due to unclear
incentive structures and reward hacking by the agent.

In a way, leaving the reward definition up to the algorithm designer is an underspecification of the
UALI framework, with the designer thus becoming a teacher to the agent. However, there is a clever
fix via an AIXI extension called Knowledge-Seeking Agent [KSA;|Orseau et al., 2011, |2013]] whose
reward function consists of the knowledge gain KL(&(- | h<y) || £(- | h<:)) from the last action.
This leads to a naturally curious agent behaving like the optimal scientist — always trying to learn as
much as possible, which necessitates useful instrumental goals like surviving and memorising. As a
result, KSA does not need a teacher like AIXI does and is fully autonomous.

Even with KSA, however, there remains an unsolved alignment problem. It is unknown if (and
unlikely that) reward terms exist that instil basic human values like moral behaviour and common
sense into an agent. For instance, a KSA deployed in the real world might conclude that its future
cumulative information gain is increased when there are no alive humans present in its environment,
akin to the well-known paperclip maximiser thought experiment [Bostrom), [2003].

Hence, according to [Hutter et al., the ultimate solution would be to start off with a default reward
function like knowledge gain and then successively adapt and overwrite it on-the-fly by human-in-
the-loop feedback. While this is practical and probably the only viable approach for real-world
instantiations of UAL it is hardly modellable on the theory side.

4.3 Simplicity of Environments

Incorporating the notion of simplicity into the environment prior is a major ingredient to the UAI
framework. [Schmidhuber] [2002] criticises that simplicity does not equate to short program length.
Intuitively, simple environments should be easy to compute, but there are many instances where the
universal prior wy; places high weight on environments that are computationally complex but have a
short generating code.

Instead, [Schmidhuber]| proposes to employ the speed prior, which assigns prior weights by com-
putational complexity. In particular, the prior weight of a history is inversely proportional to the
required asymptotic runtime of the fastest algorithm producing it. Next to the theoretical appeal of
this prior choice, a significant advantage of the speed prior over the universal prior is being recursively
approximable to arbitrary precision. Approximability considerations are treated in-depth in the
following Section 5]



5 Approximating Universal Intelligence

Next to the theoretical shortcomings, UAI also has severe practical issues that we discuss this section.
Looking at Equation (2)), each of the two components of AIXI suffers from a fundamental problem
that makes it impractical.

(@O Incomputability of universal environment (Learning): The mixture environment &;;
(Definition 8 uses Kolmogorov complexity, which is known to be incomputable, and sums
over the class V of all computable environments, which is infinite.

@ Intractability of expectimax search (Planning): The maximisations and summations in
the expectimax expression (2)) require a search through all possible actions and percepts for
all future timesteps, incurring an exponential runtime cost of (|4 x £]™~ 1), which is
intractable even for moderate values of horizon m.

To make UAI practical, i.e. computable and efficiently so, approximations of AIXI are inevitable.
However, the resulting methods will exhibit both theoretical issues and practical issues since we lose
theoretical guarantees. So why should we then even deal with all the complexity of UAI and not just
go with bottom-up approaches like LLMs that only have theoretical issues but are highly practicable?
The answer is that we start with something provably correct (AIXI) and then make it practicable
instead of starting with something practicable (LLMs) but inherently wrong in the first place. As a
result, the goal of all AIXI approximations must be to retain as much of the theoretical optimality of
AIXT as possible while achieving a feasible procedure.

Section[5.T]surveys the prominent approximation techniques for the learning part (1), while Section[5.2]
does the same for the planning issue ). Section [5.3] then introduces the framework of Feature
Reinforcement Learning that approaches both issues holistically. As the details of all discussed
approximations are drastically technical, we restrict ourselves to high-level descriptions.

5.1 Learning Approximation

Time and Space Bounding. A straightforward approximation of universal induction was proposed
together with AIXI already by Hutter|[2000,2001b]. It consists of restricting the space of environment
programs p to sum over in Equation (2)) to only those of length at most [ and for which the UTM
halts within ¢ time steps, resulting in a computable approximation called AIXI¢l. Hutter| shows that it
performs at least as well as any other time and space constrained agent. The advantage of AIXI¢! is
that the designer can directly control the tradeoff between approximation quality and computational
complexity via ¢ and [. However, AIXI¢/ turns out to be practically feasible only for extremely small
choices of ¢ and [, in a regime where not even remnants of optimal behaviour can be expected.

Data Compressor Ensemble. Since the incomputability of AIXI arises from the use of Kolmogorov
complexity to quantify the simplicity of candidate environments, another straightforward approx-
imation idea consists of replacing it with a computable complexity measure. Instead of employing
the idealised Kolmogorov complexity that relies on theoretically optimal compression, one can
quantify complexity based on standard data compressors that are efficient. Consequently, the UTM
dependence is eliminated from the framework; it becomes computable. However, the quality of
the alternative compressor directly affects how closely the prior still resembles Occam’s razor. To
retain a powerful environment model, [Veness et al.| [2012] devise several ensembling techniques such
as model averaging, switching, and convex mixing. While practical, the alternative compression
approach allows no quantification of approximation quality and empirical performance evaluations
only exist in the distinct context of information-based clustering where data compressors replace
Kolmogorov complexity in the similarity measure [Cilibrasi and Vitanyil 2005].

Context Tree Weighting. A different angle of attack on (D) is to reduce the class of considered
environment models to k-Markov environments, i.e., those that only depend on at most k£ recent
history items. This results in a finite and thus computable set of candidate environments. However,
their number is doubly-exponential in &, namely ©(|€|*¢1"), and hence prohibitively large. To
achieve feasible Bayesian inference over environments, the Context Tree Weighting [CTW; [Willems
et al., (199319935 algorithm can be employed. Sunehag and Hutter|[2013]] describe how to adapt it
for the AIXI learning setting, where CTW allows for updating the mixture weights in ©(k) time, a
remarkable speedup over naive inference. The only drawback of this approach, called AIXI-CTW,
is a significant loss of generality due to the k-Markov assumption. For instance, a hypothetical
environment with a transformative event in the distant past that the agent must remember to be able



to survive would be outside the k-Markov assumption. To mitigate this, Yang-Zhao et al.| [2022]
introduce ®-AIXI-CTW that uses logical state abstractions of the history instead of truncating it to k
most recent events. However, this approach requires the manual generation of predicates over the
history space, with no guarantee that inherently relevant predicates are included.

5.2 Planning Approximation

Monte Carlo Tree Search. Computing all maximums and sums as per Equation (2)) corresponds to a
brute-force search in the exponentially growing expectimax tree. If exact planning is desired, this is
the best we can do. However, if we allow for a stochastic approach to planning, the computational
cost can be significantly reduced by repeatedly sampling paths from the expectimax tree instead of
traversing all of them. This idea is called Monte Carlo Tree Search [Coulom) 2007] and was adapted
by [Veness et al.|[2010, 2011} [2012]] for AIXI planning. They improve efficiency by developing a
generalisation of the Upper Confidence Tree [UCT; Kocsis and Szepesvari, |2006] algorithm called
p-UCT, which was a crucial component in the success of DeepMind’s AlphaGo [Silver et al.l 2016].
A considerable advantage of Monte Carlo planning is that the designer can control approximation
quality via the number of samples to draw. In the limit of infinite samples, Monte Carlo search
becomes exact search. However, beyond toy problems like Go, a large number of samples is required
to successfully navigate complex environments and compute becomes a bottleneck once more.

Quantum AIXI. With the increasing progress in quantum computing, |Perrier| [2025] develops a
quantum formulation of AIXI called QAIXI. While the incomputability of Kolmogorov complexity
carries over to quantum computers, the planning part holds promise for a significant quantum speedup.
The conditions under which such a quantum advantage would exist are not known yet and are a subject
of ongoing research. However, Perrier|already determines that the necessary quantum error correction
for implementation will require millions of physical qubits, suggesting no practical relevance of
QAIXI until a point in the future where such an amount of qubits can be technically materialised.

5.3 Feature Reinforcement Learning

Instead of aiming at separate approximations for learning and planning in AIXI, it is reasonable
to also consider an integrated approach. One increasingly prominent such approach is Feature
Reinforcement Learning [FRL; Hutter, 2009]], which aims to compress the full history space H into
an abstract state space S via a feature map ® : H — S and solve the thus induced MDP with standard
RL methods. The idea is that, if ® is carefully constructed, the agent-environment interaction with
respect to the features extracted by ® is approximately Markovian. Note that we do not assume
that the true dynamics are Markovian but only that they have a Markov encoding. Since efficient
methods for standard MDPs exist, the entire problem reduces to automatically inferring a suitable ®
resembling such Markov encoding. The theoretical ideal would be the coarsest possible feature map
that still supports optimal decision-making, called extreme state aggregation [ESA; |Hutter, 2014].
Unfortunately, ESA turns out to be incomputable, analogously to Kolmogorov complexity in vanilla
AIXI. Hence, practical approximations are once again necessary, and the most established approach
so far is using Context Tree Maximisation [CTM; [Nguyen et al., 2012] for history compression to
make the feature map tractable. Still, FRL is in its infancy and a subject of ongoing research.

6 Conclusion

This report discussed UAI, the furthest-developed mathematical framework capturing maximally
general artificial intelligence. It combines Bayesian inference as a notion of from-experience learn-
ing with sequential decision theory as a notion of world interaction, weaving in the philosophical
principles of Occam and Epicurus. The result is AIXI, a provably optimal generally intelligent
cybernetic agent. UAI allows a top-down high-level view on AGI that prevents algorithm designers
from micro-organising details and narrowing down their systems’ generality too early. Many com-
ponents of the framework can be flexibly adapted from being generic to use case-specific. However,
there are two significant limitations of UAI: First, the abstract framework is impractical and requires
approximations, on whose generality loss hardly any quantifications or guarantees exist. Second,
UAlI inherits all generality-related weaknesses of the cybernetic model it piggybacks onto, above all
the lack of simultaneity, co-presence, and reflection. Addressing both of these limitations should be
the subject of future work on this field. Examples like AlphaGo show that UAI and AIXI are capable
of inspiring the design of practical Al algorithms that are certainly more principled and potentially
more general than bottom-up approaches like LLMs, rendering UAI a promising path to AGI.
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