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Building systems that exhibit human or super-human intelligence has been a long-standing challenge
in computer science [1]. While there has been a lot of excitement around the possibilities and future
impact, a major issue has always been to actually define intelligence. It is obvious that such a definition
is critical in order to measure our progress towards this goal and to devise strategies to reach it. The
situation has changed dramatically with the introduction of universal artificial intelligence by Hutter [2].
Based on this theory Legg [3] has been able to devise a formal measurement of intelligence that fits with
most existing treatments and definitions.
In this chapter, we summarize this theory and present the maximally intelligent agent AIXI [2]. We
will see that AIXI is incomputable but might nevertheless be a guiding theory for future practical
approximations. Based on this insight, we investigate how this affects deep learning and propose a
critical set of challenges that should be addressed to practically implement intelligent agents.
Our contributions in this chapter are
• A summary of universal AI [2] and Shane Legg’s measure for intelligence [3]
• A novel proposal of the most critical challenges that should be addressed in order to achieve
intelligent agents
This thesis relies on fundamental concepts from deep learning [4, 5], probability theory and probabilistic
learning [6, 7], computability theory [8], information theory [9, 10], and reinforcement learning [11, 12].
Please refer to the cited reviews for background knowledge.
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Measuring Intelligence

In this section, we define what intelligence is and how we can measure it. We will begin with an intuitive
informal definition and then develop a precise formal replacement. The definition is related to universal
artificial intelligence and AIXI by Marcus Hutter [2] and was originally defined by Shane Legg [3]. For
a more in-depth introduction to universal AI, please refer to our review [13].
Defining intelligence is a major challenge. Colloquially, intelligence is defined in many ways. In order
to refine our understanding of the term and measure it, humanity has developed many intelligence
tests (IQ tests) that can predict future academic or commercial performance very well [14, 15, 16, 17].
But these tests are limited in scope because they only work for humans and are prone to cultural and
time-dependent biases. Additionally, we would like to have a measurement that can be applied to both
machines and humans without modification. This makes finding a universal measurement a hard and
long-standing challenge [3]. To design the most intelligent agent, we should define the term as precisely
and general as possible.
Among many definitions of intelligence one can extract two very common aspects: Firstly, intelligence
is seen as a property of an actor interacting with an external environment. Secondly, intelligence is
related to this actor’s ability to succeed, implying the existence of some kind of goal. Therefore, it is
reasonable to state that the greater the capability of an actor to reach certain goals in an environment,
the greater the individual’s intelligence. Additionally, most contemporary definitions of intelligence
focus on adaptation, learning, and experience. Shane Legg argues that this is an indicator that the true
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Figure 1: The standard reinforcement framework with agent π and environment µ.
environment in which these goals are pursued is not fully known and needs to be discovered first. The
actor, therefore, needs to quickly learn and adapt in order to perform as well as possible in a wide range
of environments. This leads us to a simple and informal working definition that intuitively covers all
aspects of intelligence:
Intelligence measures an agent’s ability to achieve goals in a wide range of environments.
Based on the theory of universal AI [2] we can formalize our working definition. We will need four
ingredients, namely
1. A formal definition of the set of environments E and goals.
2. A definition of an agent π.
3. A definition of the ability of an agent π in an environment µ ∈ E, namely Vµπ .
4. A measure of complexity of such an environment K(µ) with µ ∈ E.
We will use the standard reinforcement framework in Figure 1 based on an agent π that interacts with
environment µ ∈ E by emitting actions a ∈ A and receiving observations o ∈ O and rewards r ∈ R. For
improved readability, we write symbols in sequence to index all of them, e.g.
aor1:t = (a1:t , o1:t , r1:t )

(1)

The environment µ is a probability distribution over environment transitions based on the interaction
history (aor1:t−1 , at ) given by
µ(ort |aor1:t−1 , at )

(2)

Thus, by defining the optimization problem to maximize the return, the sum of discounted (by γt ) future
rewards
X
R=
rt γt
(3)
t

we implicitly define both the environment dynamics as well as the goal of the agent through µ.
We further define our agent π (also called the policy) to stochastically select actions
π(at |a1:t−1 , o1:t−1 , r1:t−1 )

(4)

Simplified agents may make Markov assumptions such that actions are chosen only based on the current
observation ot−1 or a compressed version of the interaction history.
Finally, we define the ability of an agent π to maximize return in an environment µ. This is just the
value of the initial state (the interaction history only contains the initial observation o1 and a null-reward
and action) according to Bellman’s equation
X
Vµπ (aor1:t−1 ) =
[γt rt + Vγπµ (aor1:t )]π(at |aor1:t−1 )µ(ort |aor1:t−1 , at )
(5)
aort

2

An optimal agent π in environment µ would then be defined as
π µ := argmax Vµπ

(6)

π

It is important to note that this would require the agent π to know the dynamics of the environment µ,
which is in general not the case. We will discuss this issue later.
Finally, we require a complexity measure for environments µ ∈ E. Intuitively, even less intelligent agents
should be able to solve simple environments while more intelligent agents should still be able to solve
these simple environments but additionally also perform well in more complex environments. For this,
we will make use of the Kolmogorov complexity K(ω) of a sequence ω which is central to universal
AI [2]. Intuitively, it is defined as the length of the shortest possible description of this sequence ω. For
instance, the binary string ‘1111111111’ can be described by ‘10 times 1’ while the string ‘0101101001’
would require a longer description. Thus, the first string has a smaller Kolmogorov complexity compared
to the second string. More formally, the description is a program p running on a universal Turing Machine
U . We write U (p) for the output of U when fed with program p. The length of program p is given by
l(p). The Kolmogorov complexity of an infinite binary sequence ω ∈ B∞ is the length of the shortest
program that produces ω. It is given by
K(ω) := min∗ {l(p) : U (p) = ω}
p∈B

(7)

Similarly, the Kolmogorov complexity over finite strings x ∈ B∗ is the length of the shortest program
that outputs x and then halts.
The Kolmogorov complexity is thus a great way to measure complexity. Clearly, we must be able to
express our environments µ ∈ E as binary strings to apply the above definition. This is possible by
defining an enumeration over environments and using the environment’s index into this enumeration as
the environment description. The precise formalities can be found in our review [13] or in Hutter [2] and
Legg [3].
Finally, we can define a measure of intelligence Υ(π) for agent π. It is the sum of performance Vµπ over
all environments µ ∈ E weighted by an environment complexity term 2−K(µ) :
X
Υ(π) :=
2−K(µ) Vµπ
(8)
µ∈E

The complexity term 2−K(µ) weights simpler environments with a smaller Kolmogorov complexity
stronger than harder environments. The better any of these environments can be solved by an agent π,
the larger is its intelligence measure Υ(π). We commonly use base 2 here because we choose the universal
Turing machine U to determine K(µ) to be prefix-free, meaning that no valid program for U is a prefix
of any other. This ensures that the weights for all valid programs V sum to 1.
X
2−l(p) = 1
(9)
p∈V

Now that we are able to quantify intelligence, we can apply this measure to biological agents as well as
artificial agents. Intelligence tests based on the Kolmogorov complexity have already been successfully
applied to humans and positive correlation with IQ test scores has been established [18, 19, 3, 19].
Furthermore, we can define agents that directly optimize or maximize this criterion. The optimal agent
that directly maximizes Equation 8 is AIXI [2]. We will discuss this agent in the next section.

2

Universal AI

In this section, we will construct an agent AIXI π ξ that maximizes the previously introduced intelligence
measurement. Recall that we have introduced the Bellman optimal agent for a particular environment
µ that maximizes the value function Vµπ in Equation 6:
π µ := argmax Vµπ
π
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(10)

µ

It is straightforward to see that we can maximize the Bellman equation to yield the action aπt at time
t for agent π µ :
X
X
X
µ
max
. . . max
[γt rt + . . . + γm rm ]µ(ort:m |aor1:t−1 , at:m )
(11)
aπt := arg max lim
m→∞

at

ort

at+1

am

ort+1

orm

For environments with finite time horizon T we choose m = T and remove the limit from this equation.
The problem arises when the true environment µ is unknown. Recall that our intelligent agent should be
able to deal with an arbitrary environment. Thus, we can not precode µ into the agent. In the following,
we will construct the universal agent π ξ that uses Occam’s razor to act in unknown environments. We
will implement Occam’s razor by making use of the previously introduced Kolmogorov complexity. We
begin with defining a hypothesis space of possible environments
E := {v1 , v2 , . . .}

(12)

To implement Occam’s razor, we then define the universal prior probability for an environment v ∈
E
PE (v) := 2−K(v)

(13)

where K(v) is the Kolmogorov complexity that computes the environment’s index. The next step is to
construct a prior over the agent’s observations using a mixture of all environments
X
ξ(ort:n |aor1:t , at:n ) :=
2−K(v) v(ort:n |aor1:t , at:n )
(14)
v∈E

If we now replace the environment µ with ξ we yield the universal AIXI agent π ξ
X
X
X
ξ
aπt := arg max lim
max
. . . max
[γt rt + . . . + γm rm ]ξ(ort:m |aor1:t at:m )
at

m→∞

ort

at+1

ort+1

am

(15)

orm

While it is impossible for π ξ to match the performance of π µ for any environment µ ∈ E, we can show
that some guarantees can be established. The fact that we can not match π µ is due to irreversible
interaction with the environment. To give a very simple example: Let’s imagine an environment where
an agent has to pick between two doors. One door leads to hell (very little reward), the other to heaven
(plenty of rewards). Crucially, after having chosen one door, the agent can not return. But because the
agent does not have any prior knowledge about what is behind the doors, there is no optimal behavior
that guarantees that heaven is chosen. Conversely, if µ was known to the agent, it could infer which
door leads to larger rewards. Nevertheless, for any subset of environments S ⊆ E on which we define
π ξ by replacing references to E with S, balanced pareto optimality can be shown [2]. Balanced pareto
optimality requires that any increase in performance in some environment due to switching to another
agent than π ξ is compensated by an equal or greater decrease in performance in some other environment.
In other words, we can not construct a universally better agent. Furthermore, for some environment
classes, such as ergodic Markov Decision Processes (MDPs), it can be shown that π ξ converges to π µ .
In fact, it can be shown that for all environments that permit this behavior π ξ converges [2].
Finally, we can relate π ξ to Shane Legg’s definition of intelligence. By the linearity of expectation Equation 8 is just the expected future discounted return Vξπ under the universal prior probability distribution
ξ
Vξπ = Vξπ ()
 is the empty sequence
X
π
=
[γt rt + Vξ (aor1 )]ξ(or1 )π(a1 |or1 )

(16)
(17)

aor1

=

X
aor1

=

X
µ∈E

=

X

X

2−K(µ) µ(or1 )π(a1 |or1 )

(18)

[γt rt + Vξπ (aor1 )]µ(or1 )π(a1 |or1 )

(19)

[γt rt + Vξπ (aor1 )]

µ∈E

2−K(µ)

X
aor1

2−K(µ) Vµπ

(20)

µ∈E
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We have previously seen that AIXI maximizes Vξπ , therefore, by construction, the upper bound on
universal intelligence is given by π ξ
Υ := max Υ(π) = Υ(π ξ )
π

(21)

We have seen that AIXI [2] is balanced pareto-optimal and directly maximizes our criteria for intelligence
according to Equation 8. Unfortunately, it is not computable and approximations have to be used in
practice. In particular, we can not
• exactly compute the Kolmogorov complexity K(v) for v ∈ E
P
• sum over the non-finite set of environments v∈E
• compute the value function Vvπ over an infinite time horizon (assuming infinite episode length)
Even finite time horizons result in an exponentially deep search tree (width: actions, depth: time).
Instead of directly approximating the Kolmogorov complexity, the set of all environments, and the
computation of the value function we might be able to devise learning agents that become efficient at
a specific subset of environments, for instance, the kind of environments we as humans encounter every
day. We propose that intelligent agents need to compress and store their knowledge about environments
they are likely to encounter in order to efficiently act. Crucially, access to this stored knowledge needs
to be cheap in terms of computational resources. Deep neural networks and associative lookups might
be a good method to achieve that. We will investigate our proposal of the most critical challenges in the
next section.

3

Critical Challenges for Intelligent Agents

In the previous section, we have investigated the AIXI agent, a maximally intelligent agent. Due to its
inherent incomputability, we now propose a general direction to achieve efficient intelligent agents in the
context of deep learning and the reinforcement learning framework. We will outline what we believe to
be the key challenges to achieve this.
Deep learning allows searching the space of programs by learning functions efficiently using backpropagation or evolutionary strategies [4, 20, 5]. Given that neural networks implement Occam’s razor through
regularization and modeling assumptions, we could then approximate the Kolmogorov complexity by directly predicting the most likely continuation of the environment given the previous interaction history,
i.e. build an Occam’s razor based model of the environment. This idea is closely related to model based
reinforcement learning [12] and the controller / model framework [4, 21].
Learning about the environment will require to compress the interaction history in a way that makes it
useful for future predictions. This essentially means extracting useful relationships and concepts from
the interaction history that make a good predictor. Essential to this is that our agent can store relevant
previously extracted patterns for a sufficiently long amount of time. Due to an effect called catastrophic
forgetting, for current deep learning architectures, this poses a challenge. We will look at this process of
accumulating knowledge as life-long learning [22] in subsection 3.1.
Furthermore, learning increasing amounts over the lifetime of an agent will require much larger neural
networks compared to today’s largest implementations. One major problem is that the energy consumption does not scale with the number of firing neurons in an artificial neural network but with the
size of the matrix-matrix-multiplications. We will look at this issue in the context of scalability in
subsection 3.2.
In order to allow generalizing predictions beyond the previous interaction history, we have to look at
generalization in the context of neural networks. This is often achieved through a Bayesian treatment of
parameters or regularization. We will further investigate this in subsection 3.3.
When implementing an agent with neural networks we will have to make some modeling assumptions
about its structure (e.g. probabilistic modeling) and optimization procedures. Often we also make
architectural assumptions such as LSTMs [23] or convolutional neural networks [24]. One challenge will
be to reduce the assumptions to a minimum. Even better, the agent should be self-referential, i.e. be
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able to change its own architecture, modeling assumptions and optimization. We will briefly look at this
in subsection 3.4.
Finally, we will investigate what kind of environments we would need to bootstrap an intelligent system
in subsection 3.5.

3.1

Life-Long Learning

We have defined life-long learning as the process of accumulating knowledge. In the context of neural
networks, we can refine this definition as the process of learning tasks T1 , T2 , . . . in sequence without
considerably decreasing the performance in previous tasks and transferring knowledge from previous
tasks to later tasks [22]. In the reinforcement learning context, we would like to learn from the interaction
history to improve our future performance.
One fundamental problem with standard gradient descent to optimize deep neural networks is the phenomenon called catastrophic forgetting [25]. When updating the weights of a neural network with the
gradients of a mini-batch on a new task Ti , performance on previous tasks is reduced. One obvious
solution to this problem is to store all data from the previous tasks and include random samples in each
mini-batch. This has two downsides: Firstly, storing all data from previous tasks requires a lot of storage
capacity. For instance, recording all sensory experiences of a human being might be feasible today, but
not necessarily efficient. Secondly, in order to prevent degradation of performance on any of the previous
tasks T1:i−1 the batch size would linearly grow with the number of tasks. Thus, different methods need to
be developed. A popular recent strategy is to approximate the posterior on the weights P (W |D1:i−1 ) and
use it as a prior for the weights on the next task Ti [26, 27, 28, 29, 30]. The major challenge with these
approaches is to find a good posterior approximation that is still tractably computable. Furthermore,
while catastrophic forgetting is considerably reduced, it is not yet comparable to the ability of humans
to remember relevant knowledge.
A different strategy has been introduced with progressive neural networks [31]. The idea is to separate
out each task into its own neural network whenever a new task should be learned. Then the parameters of
previous tasks are frozen (no longer update through gradient descent) and lateral connections are added
in order for any new tasks to leverage the functionality and representations of the previous tasks. This
has been shown to improve performance (compared to learning from scratch) in several reinforcement
learning tasks, such as Atari. Though, due to this strategy, the size of the entire architecture grows
linearly with the number of tasks. Furthermore, existing learned functions are not updated in the light
of new data, thus not allowing further compression.
An extensive review of lifelong learning can be found in Chen and Liu [22].

3.2

Scalability

While the human brain has around 150 trillion synapses [32] our largest neural networks only achieve
a few billion parameters at most [33]. Furthermore, a single synapse is known to be more complex
than a single parameter in an artificial neural network. Thus, our goal should be to scale our neural
networks to sizes at least as big as the human brain. This also fits well with our previous argument
that we need increasingly large neural networks to compress the entire interaction history an agent has
collected.
The problem with training really large neural networks lies both in memory and compute. The number of
parameters increases both memory and compute resources requirements linearly. In the case of neurons,
the growth is even quadratic! This is very unlike the brain, where connectivity is very sparse. In the
brain, computation scales linearly with the number of connections, and due to the sparse connectivity also
linearly in the number of neurons, instead of quadratic with the number of neurons. Furthermore, energy
is mostly required proportional to the number of times a neuron fires. Contemporary GPU architectures
cannot leverage this kind of sparsity. Our recent report investigates how this kind of sparsity can be
leveraged [34]. We have also proposed the Modular Networks [35], a training algorithm to discover
modularity in tasks to enable conditional computation.
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Other aspects of scalability involve efficient planning for the future. We have seen this challenge in the
context of AIXI where we ended up with an exponential search tree. To overcome this problem new
methods have been developed that distill discovered policies through explicit tree search into neural
networks. Not only does this make future planning more efficient, the distillation process also allows the
neural networks to generalize plans to similar future situations. These methods include learning fast and
slow by Anthony, Tian, and Barber [36] and alpha go zero [37].

3.3

Generalization

Generalization is not only important for planning but has a direct connection to Occam’s razor. Models
that are better compressible, and thus simpler, correspond to lower Kolmogorov complexity and thus
are more likely according to the universal prior probability as defined in section 2 [3].
It has been recently shown that deep learning with stochastic gradient descent already incorporates a
kind of Occam’s razor through implicit regularization [38, 39, 40]. Nevertheless, given large enough
neural network architectures, maximum likelihood learning still has a tendency to overfit, even with
stochastic gradient descent. Explicit regularization can be added in the form regularizing terms, priors
in the Bayesian view, dropout [41], or structuring the probabilistic model. This often leads to much
manual tuning due to no explicit guarantees. We are currently working on an information theoretic
framework for regularization that allows to quantify and regulate the capacity of neural networks in a
straight-forward fashion (to be published).

3.4

Self-referential Algorithms

When implementing an intelligent agent we inadvertently have to make modeling assumptions on both
software and hardware. This includes probabilistic modeling, network architecture, optimization, and
execution framework (such as TensorFlow [42]). To be precise, the fact that we use neural networks
to build intelligent agents is already a strong inductive bias. That said, we can show that recurrent
neural networks in the parametric limit are universal. While we can aim to reduce all assumptions to a
minimum, we will probably not be able to get rid of all assumptions. Thus, it would be beneficial to allow
our intelligent agent to be self-referential, i.e. being able to modify its own code and structure.
One possible venue to achieve is to create a meta optimization that optimizes these assumptions. This
could be viewed as an analog to evolution for biological species. In the case of neural networks, we could
introduce architecture optimization such as population-based training [43] that evolves hyperparameters
and architecture throughout the training of the agent. Though, this methodology is not truly selfreferential because it is not itself accessible by the agent. The main problem with neural networks being
truly self-referential is that there is a mismatch between the continuous, differentiable workings of neural
networks and their discrete structure. Optimizing discrete objects using backpropagation is much harder
than differentiable functions.
If we leave the realm of deep learning, Schmidhuber has been able to construct a truly self-referential
agent called the Gödel Machine [44]. It remains to be seen how these ideas can be transferred to deep
learning. It is conceivable that neural network based agents will output actions that modify their own
structure in an arbitrary fashion in order to optimize themselves. An analogy to this is how humans
investigate their own workings in order to cure diseases, enhance their physical and cognitive ability and
in the future manipulate their genetics.

3.5

Benchmarks

Finally, we will need environments to train and test our agents in. Ultimately we can then apply an
approximation of the intelligence measure from Equation 8. In principle, we could generate environments
with increasing Kolmogorov complexity [3]. Though, it is unlikely that the learned concepts will be very
related to the real world or the specific task the agent is supposed to be useful. Therefore, we might
have to explicitly build environments that have a certain structure that is useful to us.
In general, we will have the option to either expose our agents to the real world or construct a virtual
one. Our agents in the real world could, for instance, take on the form of robots or be more abstract with
7

actuators and sensors much different from the ones humans have. Many robotic labs in industry and
academia are already following this approach. Alternatively, training in virtual environments can be much
faster and less error-prone relying on fewer human error corrections. If we want to transfer intelligence
from simulated environments to the real world, the main challenge will be to design environments that
have the same kind of complexity and compositionality that can be observed in the real world. Examples
of initial simple virtual environments are computer games like Atari [45], Starcraft [46] and Dota 2 [47].
Benchmarks exist that measure abstract reasoning [48] or give access to computer applications like the
browser and flash games using the same mouse and keyboard inputs a human uses [49].
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