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Abstract. In this paper we apply the recent notion of anytime universal
intelligence tests to the evaluation of a popular reinforcement learning
algorithm, Q-learning. We show that a general approach to intelligence
evaluation of AI algorithms is feasible. This top-down (theory-derived)
approach is based on a generation of environments under a Solomonoff
universal distribution instead of using a pre-defined set of specific tasks,
such as mazes, problem repositories, etc. This first application of a general intelligence test to a reinforcement learning algorithm brings us to
the issue of task-specific vs. general AI agents. This, in turn, suggests new
avenues for AI agent evaluation and AI competitions, and also conveys
some further insights about the performance of specific algorithms.
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Introduction

In order to evaluate progress in AI, intelligence and performance tests are crucial.
We know about many AI competitions held in many different realms (learning,
planning, robotics, games, ...). Most of them, however, are just constructed as a
set of specific tasks. While many of these competitions modify and extend the
set of tasks each year in order to cover a broader view of the field and avoid
competition-specialisation, the information which is obtained from these competitions is still limited. Winners are frequently the teams which have devoted
more time understanding the nuts and bolts of the competition and to (correspondingly) tuning their algorithms for the tasks. Also, the ‘complexity’ of each
task is always quantified or estimated in an informal or ad-hoc way, so it is very
difficult to compare results across different algorithms and competitions.
An alternative proposal for intelligence and performance evaluation is based
on the notion of universal distribution [12] and the related algorithmic information theory (a.k.a. Kolmogorov complexity) [10]. Note that any universal
distribution does not assign the same probability to all objects (which would be
0, since there are infinitely many), but it gives higher probability to objects with
smaller descriptions. Using this theory, we can define a universal distribution of
tasks for a given AI realm, and sort them according to their (objective) complexity. Some early works have developed these ideas to construct intelligence tests.
First, [1] suggested the introduction of inductive inference problems in a somehow induction-enhanced or compression-enhanced Turing Test [15]. Second, [3]
derived intelligence tests (C-tests) as sets of sequence prediction problems which

were generated by a universal distribution, and the result (the intelligence of
the agent) was a sum of performances for a range of problems of increasing
complexity. The complexity of each sequence was derived from its Kolmogorov
complexity (a Levin variant was used). This kind of problem (discrete sequence
prediction), although typical in IQ tests, is a narrow AI realm. In fact, [11]
showed that relatively simple algorithms could score well at IQ tests (and, as a
consequence, at C-tests). In [3] the suggestion of using interactive tasks where
“rewards and penalties could be used instead” was made. Later, Legg and Hutter (e.g. [7],[8]) gave a precise definition to the term “Universal Intelligence”, as
a sum (or weighted average) of performances in all the possible environments.
Environments are understood as is custom in reinforcement learning. However,
in order to make the extension from (static) sequences to (dynamic) environments, several issues had to be solved first. In [6], the problem of finding a finite
sample of environments and sessions is addressed, as well as approximations to
Kolmogorov complexity, the inclusion of time, and the proper aggregation of
rewards. The theory, however, has not been applied in the form of a real test, to
evaluate artificial and biological agents. This is the goal of our paper.
Since these recent approaches are constructed over a reinforcement learning
(RL) setting, it seems natural to start evaluating RL algorithms. In fact, RL
[14][20] is a proper and general setting to define and analyse learning agents
which interact with an environment through the use of observations, actions
and rewards. Hence, RL is not strictly limited to AI agents; non-human animals
and humans can be understood in this setting, most especially in the context of
evaluation. When trying to pick up a ‘representative’ algorithm to start with, we
face a difficult issue, since there is a vast amount of literature on RL algorithms.
According to [20], the three most influential algorithms are Temporal Difference
(TD) Learning , adaptive Actor-Critics and Q-learning [17]. Here we choose Qlearning and we evaluate it in terms of the theory given in [6] and an environment
class defined in [4]. We present here a first implementation of the tests and we
evaluate Q-learning using these tests. The use of a general intelligence test for
Q-learning provides some interesting insights into how RL algorithms could be
evaluated (with a general intelligence test) and also into the viability of the test
as a general intelligence test for AI.
The paper is organised as follows. Section 2 briefly describes the theory presented in [6] and the environment class introduced in [4]. Section 3 gives some
details on the implementation of the tests, and introduces the types of agents
we will evaluate with the test. The next sections perform an experimental evaluation, using a simple example first (section 4), showing the basic experimental
results and their relation to complexity (section 5). Section 6 follows with a
discussion of the results and related work, and section 7 closes the paper.
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An Environment Class for a Universal Intelligence Test

Effective testing and evaluation of an individual’s ability requires an accurate
choice of items in such a way that the tests are discriminative and quantify the

capability to be measured. Measuring (machine) intelligence is not different. [6]
presents the first general and feasible setting to construct an intelligence test
which claims to be valid for both artificial intelligent systems and biological systems, of any intelligence degree and of any speed. The test is not anthropomorphic, is gradual, is anytime and is exclusively based on computational notions,
such as Kolmogorov complexity. And it is also meaningful, since it averages the
capability of succeeding in different environments. The notion of environment is
similar to the general notion which is used in reinforcement learning - by using
actions, rewards and observations. The key idea is to order all the possible environments by their Kolmogorov complexity and use this ordering to make samples
and construct adaptive tests that can be used to evaluate the intelligence of any
kind of agent. The test configures a new paradigm for intelligence measurement
which dramatically differs from the current task-oriented and ad-hoc measurement used both in artificial intelligence and psychometrics.
One of the key issues in the previous test is the use of discriminative environments only. That means that environments which may lead to dead-ends,
are too slow, or that only allow a few interactions with the agent are ruled out.
Additionally, a selection of the remaining environments must be done according
to a sample of all the (infinitely many) possible environments. The choice of an
unbiased probability distribution to make the sample is then crucial.
As a consequence, the choice of a proper environment class is a crucial issue.
The more general the environment class, the better. This is what [4] attempts,
a hopefully unbiased environment class (called Λ) with spaces and agents with
universal descriptive (Turing-complete) power. Basically, the environment class
Λ considers a space as a graph of cells (nodes) and actions (vertices). Objects
and agents can be introduced using Turing-complete languages to generate their
movements. The environment class can be summarised as follows:
– Space (Cells and Actions): The space is defined as a directed labelled graph,
where each node represents a cell, and arrows represent actions. The topology
of the space can vary, since it is defined by a randomly-generated set of rules
(using a geometric distribution with p = 1/2). The graph is selected to be
strongly connected (all cells are reachable from any other cell).
– Agents: Cells can contain agents. Agents can act deterministically (or not)
and can be reactive to other agents. Agents perform one action at each
interaction of the environment. Every environment must include at least
three agents: the evaluated agent, and two special agents Good and Evil.
– Observations and Actions: Actions allow the evaluated agent (and other
agents) to move in the space. Observations show the cell contents.
– Rewards: rewards are generated by means of the two special agents Good
and Evil, which leave rewards in the cells they visit. Rewards are rational
numbers in the interval [−1, 1]. Good and Evil have the same pattern for
behaviour except for the sign of the reward (+ for Good, − for Evil). This
makes Good and Evil symmetric, which ensures that the environment is
balanced (random agents score 0 on average) [6]. Good and Evil are initially
placed randomly in different cells (and they cannot share a cell).

For the space (the graph) and also for the behaviour of all the agents, a Turingcomplete language based on rewriting rules (Markov algorithms) is proposed.
The environment class Λ is shown in [4] to have two relevant properties
for a performance test: (1) their environments are always balanced, and (2)
their environments are reward-sensitive (there is no sequence of actions such
that the agent can be stuck in a heaven or hell situation, where rewards are
independent of what the agent may do). As argued in [6], these two properties
are very important for the environments to be discriminative and comparable
(and hence the results being properly aggregated into a single performance or
intelligence score). No other properties are imposed, such as (e.g.) environments
being Markov processes or being ergodic.
Several interfaces have been defined so that we can test biological subjects
and machines. In this paper we will focus on evaluating machine algorithms. For
more details of the environment class Λ, see [4].
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Implementation and Evaluated Agents

Following the definition of the environment class Λ, we generate each environment as follows. Spaces are generated by first determining the number of cells
nc , which is given by a number between 2 and 9, using a geometric distribution
(i.e. prob(n) = 2−n , and normalising to sum up to 1). Similarly, the number
of actions na is defined with a geometric distribution between 2 and nc . Both
cells and actions are indexed with natural numbers. There is a special action 0
which connects every cell with itself (i.e., to stay at the cell). The connections
between cells are determined using a uniform distribution for each cell, among
the possible actions and cells. We consider the possibility that some actions do
not lead to any cell. These actions have no effect. A cell which is accessible from
another cell (using one action) is called a ‘neighbouring’ or adjacent cell. An
example of a randomly generated space can be shown in Fig. 1.
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Fig. 1. A space with 8 cells and 4 actions (a0 , a1 , a2 , a3 ). Reflexive action a0 not shown.

The number of cells and actions is, of course, related to the complexity of the
space, but not monotonically related to its Kolmogorov complexity (or a computable variant such as Levin’s Kt [9]). Nonetheless, most of the actual grading
of environments comes from the behaviour of Good and Evil. The sequence of
actions for Good and Evil is defined by using a uniform distribution for each
element in the sequence, and a geometric distribution (p = 1/100) to determine
whether to stop the sequence, by using a probability of stopping (pstop ). An

example of a sequence for the space in Fig. 1 is 203210200, which means the
execution of actions a2 , a0 , a3 , a2 , etc. If Good is placed at cell c5 , the pattern
will lead it (via a2 ) to c6 in the next step, since it starts with ‘2’. The agents
Good and Evil take one action from the sequence and execute it for each step
in the system. When the actions are exhausted, the sequence is started all over
again. If an action is not allowed at a particular cell, the agent does not move.
Given a single environment, evaluation is performed in the following way.
Initially, each agent is randomly (using a uniform distribution) placed in a cell.
Then, we let Good, Evil, the evaluated agent and any other agents in the space
interact for a certain number of steps. We call this a session. For a session we
average the rewards, so giving a score of the agent in the environment.
Although [4] suggests a partially-observable interface, here we will make it
fully-observable, i.e., the agents will be able to see all the cells, actions and
contents. Rewards are not part of the observation and hence are not shown.
And now we present the agents we will evaluate.
– Random: a random agent is just an agent which chooses randomly among
the available actions using a uniform distribution.
– Trivial Follower: this is an agent which looks at the neighbouring cells to
see whether Good is in one of them. If it finds it, then it moves to that cell.
Otherwise, trying to avoid Evil it makes a random move.
– Oracle: this agent ‘foresees’ the cell where Good will be at the next step
and if this cell is one of the neighbouring cells then it moves to that cell.
Otherwise, it goes to the adjacent cell that, in the next iteration, will have
the highest reward. Even though the ‘oracle’ has a sneaky advantage over the
rest of the agents, it is not an ‘optimal’ agent, since it only foresees one-step
movements, and this may be a bad policy occasionally.
– Q-learning: this is an off-the-shelf implementation of Q-learning, as explained
in [17] and [14]. We use the description of cell contents as a state. Q-learning
has two classical parameters: learning rate α and discount factor γ.
The choice of Q-learning as an example of a reinforcement learning algorithm
is, of course, one of many possible choices, from a range of other RL algorithms
from the same or different families. The reason is deliberate because we want
a standard algorithm to be evaluated first, and, most especially, because we do
not want to evaluate (at the moment) very specialised algorithms for ergodic
environments or algorithms with better computational properties (e.g. delayed
Q-learning [13] would be a better option if speed were an issue).
The parameters for Q-learning are α = 0.05, γ = 0.35. The elements in
the Q matrix are set to 2.0 initially (rewards range from −1 to 1, but they are
normalised between 0 to 2 to always be positive in the Q matrix). The parameters
have been chosen for the set of experiments in this paper by trying 20 consecutive
values for α and γ between 0 and 1. These 20 x 20 = 400 combinations have been
evaluated for 1,000 sessions each using random environments.So the parameters
have been chosen to be optimal for the set of experiments included in this paper.
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A Simple Example
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Given the description of how environments are generated we will show how the
previous agents perform in a single environment. The environment is based on
the space in Fig. 1 and the following sequence for Good and Evil: 203210200.
The number of steps (iterations) has been set to 10,000.
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Fig. 2. Results for a simple environment over the 8-cell space in Fig. 1 and the sequences
of actions that Good and Evil will follow: 203210200

The results of average reward for the several types of agents seen in fig. 2
show that initially the average reward has great fluctuations for the four types of
agents. The random agent soon converges to its expected average reward, which
is 0. The trivial follower is only able to score close to 0.5. In this environment
and pattern, following Good is a good policy, but only to some extent. The oracle
converges to a value around 0.83. As mentioned above, the oracle is near-optimal,
and in many environments it will not reach a value of 1, but just a good value.
Q-learning results in a slow convergence to a value of around 0.625. Although
slow, in this case we see that it outperforms the trivial follower in the end.
Nonetheless, these results are only given for one particular environment. The
following sections perform a battery of experiments which try to obtain some
conclusions about the general behaviour of these agents.
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Experiments

In this section we maintain the parameters and settings described in previous
sections but now we average the results over many environments. In particular,
we choose 100 environments of 3 cells and 100 environments of 9 cells, which
allow us to summarise the results for a range of cells between 3 and 9. Each environment has a random generation of the topology and a random generation of
the sequence for Good and Evil as described above. The probability of stopping
pstop , which controls the size of the pattern, is set to 1/100.
The results are shown in Fig. 3. From these figures we get a general picture
which is consistent with the single example shown above. Now we do not see
fluctuations, since these are average results for 100 experiments each. We see
that once contact is made with Good, then the policy is to follow it (somehow
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Fig. 3. Results for 100 environments. Left: 3 cells. Right: 9 cells.

unsuccessfully for the trivial follower and very successfully for the ’tricky’ oracle).
Q-learning is able to surpass the trivial follower (by taking advantage of the
pattern for Good and Evil) but just after a slow convergence, which is slower
the higher the number of cells is, as expected.
We analyse the effect of complexity. In Fig. 4, we show the reward results
of the four algorithms after 10,000 iterations compared to the ‘complexity’ of
the environment. In order to approximate this complexity, we use the size of
the compression of the description of the space (which obviously depends on the
number of cells and actions), denoted by S, and the description of the pattern
for Good and Evil, denoted by P . More formally, given an environment µ, we
approximate its (Kolmogorov) complexity, denoted by K approx , as follows:
K approx = LZ(concat(S, P )) × |P |

1.0

1.0

For instance, if the 8-cell 4-action space seen in Fig. 1 is coded by the following string S = “12+3----- | 12+++++3----- | 1-2------3++ | 1-----2++++++3| 12+3++++++ | 1-----23------- | 1++++++2-------3++ | 1----2+++3+” and the
pattern for Good and Evil is described by P = “203210200”, we concatenate both
strings (total length 119) and compress the string (we use the ‘gzip’ method
given by the memCompress function in R, a GNU project implementation of
Lempel-Ziv coding). The length of the compressed string in this case is 60.
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Fig. 4. Results after 10,000 iterations compared to the complexity of the environment.
Left: 100 environments with 9 cells. Right: 300 environments with (3, 6, 9) of cells.

We see that the random agent, the oracle and the trivial follower are barely
affected by complexity. On the contrary, Q-learning shows a significant decrease
in performance as long as complexity is increased.
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Discussion and Related Work

The experiments shown in previous sections portray a view about how an implementation of the intelligence test introduced in [6] using the environment class
Λ presented in [4] can be used to evaluate AI systems. Although the implementation has used several approximations and simplifications, we show that the
theory works in capturing the essence of task complexity independently of the
particular AI application or AI system to be evaluated.
Naturally, the application to the evaluation of RL systems is much more
straightforward than other AI systems, since the test framework and reinforcement learning are based on the notion of interacting with an environment through
observations, actions and rewards. Nonetheless, we think that most (if not all)
tasks and areas in AI can be re-framed using this framework. In fact, in the previous tests, we have not made any single decision to favour or to specialise for
any kind of learning algorithm or agent technology. Environment complexity is
based on an approximation of Kolmogorov complexity, and not on an arbitrary
set of tasks or problems. Consequently, our notion of complexity is not based
on the idea of aliasing, Markov property, number of states, dimension, etc. Of
course, all these issues are related to the notion of complexity, but we do not
restrict to any subset of problems, or any notion of convergence, computational
class, etc. Originally, the test just aims at using a Turing-complete environment
generator, and it is the grading given by its (Kolmogorov) complexity which
allows us to aggregate the performance obtained in each environment.
It is important to compare this approach to the traditional approach in artificial intelligence. There are some works on the evaluation of problem complexity
and also many AI competitions. For instance, Zatuchna and Bagnall [21] analyse mazes used in research in the last two decades, develop a specific measure
of “complexity”, and try to determine which kind of learning agents behave
best depending on the complexity, by also using a specific measure of performance (based on correctness, convergence, and memory). Extensive works, such
as Zatuchna and Bagnall’s paper, are not frequent (because they require an enormous amount of work), but they are crucial for the real evaluation of progress
in artificial intelligence. In our opinion, these evaluation works would be much
more productive if they could be standardised under a grounded and common
measurement of performance using the theory presented in [6]. In fact, what we
have done here for reinforcement learning could also be restricted to ‘mazes’,
using a proper environment class only representing mazes. Other areas such as
multi-agent environments [18] could be adapted as well.
AI competitions are also a typical approach to evaluating progress in AI, such
as, e.g., the AAAI General Game Playing Competition [2], or the RL-competition
[19]. The latter is the closest approach to what we have done here. The RLcompetition consists of several tasks for several domains. It is, in fact, several
RL-competitions, one for each domain. Some environments are very specific.
Others are a little bit more general, such as ‘polyathlon’, a set of ‘normalised’
classic and new reinforcement learning problems that look identical in terms of
their task specification, so that the agent is not able to ‘identify’ which task

it faces. This bottom-up approach is valuable, but we think that our top-down
(theory-derived) approach is much more general and able to evaluate any kind
of RL (or AI) agent without the risk of having systems specialised to it.
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Conclusions

The goal of the paper was not to analyse some well-known properties of Qlearning (such as convergence, state overloading, etc.) – nor to designate a ‘winning’ algorithm. The goal of the paper, rather, was to show that a top-down
(theory-derived) approach for evaluating AI agents can work in practice. We
have used an implementation of [6] to evaluate Q-learning, as a typical off-theshelf algorithm. We have seen the (inverse) relation of Q-learning performance
with environment complexity. No restrictions about aliasing problems, partial
observability, number of states, Markov properties, etc., are made here. As a
direct application, several AI competitions and evaluation repositories could be
defined using appropriate environment classes. The evolution of different algorithms with respect to the environment complexity would be one key feature to
examine and a better indicator of progress in AI.
There is, of course, much work ahead. One clear area for future work is the
evaluation of other reinforcement learning algorithms and the analysis of the
parameters in all these algorithms (including Q-learning). In order to do this,
we plan to integrate our system into the RL-glue architecture, so we could easily
apply our tests to many existing RL algorithms already implemented for the
RL-glue platform. One algorithm we want to evaluate soon is a Monte Carlo approximation to AIXI [16], which is showing impressive learning performance on
complex tasks and, interestingly, is based on ideas derived from Solomonoff prediction and Kolmogorov complexity. Another line for future work is to progress
on a new version of the implementation of the test which could be more adherent
to its full specification, by using better Turing-complete environment generators
and better approximations for complexity. In this context, the implementation
of the anytime version of the test in [6] (using the aggregation introduced in
[5]) would also allow us to compare algorithms using efficiency as an important
factor of the performance of the algorithms.
Finally, using our tests for humans and (non-human) animals will also be a
very important source of information to see whether this top-down approach for
measuring performance and intelligence can become mainstream in AI.
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