Chapter XX

Intelligence and Consciousness in
Natural and Artificial Systems

1. Introduction
Humans are highly intelligent, and their brains are associated with rich
states of consciousness. We typically assume that animals have different
levels of consciousness, and this might be correlated with their
intelligence. Very little is known about the relationships between
intelligence and consciousness in artificial systems.
Intelligence is a complex multifaceted term and many overlapping
definitions have been put forward [Legg & Hutter, 2007a]. Most of these
definitions were developed to describe human intelligence and they have
severe limitations as definitions of non-human and artificial intelligence.a
To address this issue, I have developed a new interpretation that links
intelligence to a system’s ability to generate accurate predictions (see
Sec.2.2).
Many theories have been put forward about the nature of consciousness
and its relationship to the physical world. There is less diversity in the
definitions of consciousness: many people agree that consciousness is the
stream of colorful moving noisy sensations that starts when we wake up

a

See Burkart et al. [2017] for a discussion of intelligence in animals.
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and ceases when we fall asleep at night. My version of this definition is
given in Sec. 4.1.
These definitions of intelligence and consciousness enable us to carry
out preliminary non-scientific work on the relationships between
intelligence and consciousness. We can use our knowledge of the domains
and our own imagination, intelligence and consciousness to picture
possible relationships between intelligence and consciousness in natural
and artificial systems. Some of the insights that can be gained from this
approach are covered in Sec. 5.
A scientific understanding of the relationships between intelligence
and consciousness can be developed when we have accurate ways of
measuring intelligence and consciousness in natural and artificial systems.
Previous work on the measurement of intelligence is covered in the first
half of Sec. 3, and Sec. 3.4 describes a new method that I have developed
for measuring predictive intelligence. Sec. 4.3 explains how we can use
mathematical theories of consciousness to make deductions about the
consciousness of non-human animals and artificial systems. Accurate
measurements of intelligence and consciousness will eventually lead to a
more systematic understanding of the relationships between intelligence
and consciousness in natural and artificial systems.
2. Definitions of Intelligence
2.1 Previous Definitions of Intelligence
Intelligence is a complex multifaceted term and many overlapping
definitions have been put forward. These include cognitive ability, rational
thinking, problem-solving and goal-directed adaptive behavior [Neisser et
al., 1996; Bartholomew, 2004; Legg & Hutter, 2007a]. Most of these
definitions are based on factors that are linked to intelligence in humans.
They often generalize poorly and generate many counterexamples when
we try to apply them to non-human animals and to artificial systems.
The problems with defining intelligence have led some people to view
intelligence as a collection of abilities. For example, Thurstone [1938]
claims that intelligence consists of verbal comprehension, word fluency,
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number facility, spatial visualization, associative memory, perceptual
speed and reasoning. Sternberg [1985] identifies analytical, creative and
practical components of intelligence, and Gardner [2006] suggests that
there are multiple types of intelligence, including musical intelligence,
linguistic intelligence and emotional intelligence. Warwick [2000] frames
this more generally with his idea that intelligence is a high-dimensional
space of abilities.
A distinction is often made between crystallized and fluid intelligence
[Cattell, 1971]. Crystallized intelligence is a stored ability to solve
problems. For example, older intelligence tests included factual questions,
such as “Who is the president of the USA?”. The answers to this type of
question must be remembered – they cannot be deduced by reasoning.
Crystallized intelligence also includes rules that can be used to solve
problems, known as heuristics. For example, it is theoretically possible to
deduce how to solve a Rubik’s cube from scratch. However, most people
use heuristics to solve different parts of the problem - for example, a
method for moving a color to a different face - and then sequence the
heuristics together to complete the puzzle. Heuristics also exist for some
of the problems that appear in intelligence tests.
Fluid intelligence is the ability to generalize knowledge and solve
problems that have not been seen before. For example, someone with high
fluid intelligence might be able to generalize what they have learnt from
solving the Rubik’s cube to similar puzzles. Modern intelligence tests are
mostly designed to measure fluid intelligence. In humans there is a
constant interaction between fluid and crystallized intelligence. A solution
to a problem might be discovered through fluid intelligence and then
stored for rapid recall at a later date.
If we want to understand intelligence in non-human animals and
artificial systems, then we need a non-anthropocentric general definition
of intelligence that can be applied to any system at all. The next section
outlines a number of reasons for thinking that intelligence is closely linked
to prediction.
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2.2 Prediction and Intelligence
Prediction and the Brain
In recent years there has been a surge of interest in the idea that the primary
function of the brain is the generation of predictions [Clark, 2016].
According to these theories, each layer in the mammalian cortexb
generates predictions about activity in the layer below. The layers compare
the predictions from higher layers with their own activity and pass
information about the prediction errors back up to the layers above. This
explains why there are more top-down than bottom-up connections in the
brain.
Predictive brain theories typically treat the brain’s predictions as
probability distributions. This accommodates situations in which we are
certain about something, as well as more common scenarios in which we
assign probabilities to different events. People working on the Bayesian
brain investigate the extent to which the probability distributions of the
brain’s predictions match the probability distributions of the environment
[Knill & Pouget, 2004; Doya et al., 2007]
Bayesian and predictive theories are plausible and attractive
interpretations of the brain that are consistent with our subjective
experiences. If these hypotheses are partly or wholly true, then the
generation of probabilistic predictions is a core function of the brain, and
we would expect there to be a strong correlation between a brain’s
predictive ability and its intelligence.
At the present time there is little direct evidence for predictive
interpretations of the brain. Bayesian brain theories are supported by more
experiments, but these are controversial – for example, Bowers and Davis
[2012] claim that Bayesian models are frequently adjusted to match the
data, leading to unfalsifiable theories that are rarely compared with
alternatives. There are also ongoing issues with small sample sizes and the
reproducibility of experiments in psychology [Collaboration, 2015; Baker,
2016].
b

Predictive brain theories also apply to animals with different brain architectures, such as

cephalopods and birds.
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A probabilistic and predictive interpretation of intelligence is likely to
be attractive to people who already believe that Bayesian and predictive
theories of the brain are true. In the future, better evidence might emerge
for Bayesian and predictive brain theories that would support a link
between prediction and intelligence.
Prediction and Action
As I interact with the world, I am constantly predicting the results of
different possible actions and selecting the ones that lead to my goals. For
example, when I am hungry, I consider the location of different shops and
plan how I can get to the best one, considering traffic, petrol, crime, and
so on. A system that cannot predict cannot plan – it can only react to
changes in its environment as they occur. On the other hand, a system with
perfect predictive ability would have god-like omniscience. It would know
what would happen under all possible permutations of its environment and
could plan sequences of actions that have the highest probability of
achieving its goals.
As animals increase in intelligence and complexity there is a shift from
hard-wired reactions to planned behaviors based on prediction. Snails
follow chemical trails and retreat when danger threatens. The world does
something to the snail and it responds in an evolutionarily determined way
that, on average, leads to the future survival of the species. More
sophisticated animals, such as sheep, can classify features of their
environment (food, enemies, mates, etc.) and they have a limited ability to
predict how their environment will respond to their actions [Gamez, 2019;
Marino & Merskin, 2019]. Corvidae (crow family) and cephalopods (for
example, octopi and squid), combine reactive behaviors with actions based
on richer predictions about their environment, which enables them to solve
more complex problems and build tools. Humans combine their reactive
behaviors with planning based on complex predictions on multiple time
scales.
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Prediction and Artificial Intelligence
Systems that are classified as artificially intelligent replicate behaviors that
typically require intelligence in humans. Self-driving cars and chessplaying programs are regarded as intelligent because human intelligence
is required to drive cars and play chess. Dialysis machines, that replicate
the functions of the human kidneys, are not regarded as artificially
intelligent because blood filtration does not require intelligence in humans.
The problem with this definition of artificial intelligence is that
computers can imitate human behaviors in simple ways that do not require
intelligence. For example, natural language conversation requires
intelligence in humans, but it can be reproduced to a limited extent in
chatbots using simple pattern-matching algorithms [Neff & Nagy, 2016].
AI systems that are more plausibly intelligent include game-playing
systems, such as AlphaGo, which predict the consequences of different
actions in the space of the game. Robots and self-driving cars contain
intelligence that enables them to predict the consequences of different
actions in the world. AI systems that generate predictions about the future
(for instance, climate models) are also regarded as intelligent.
Prediction and Compression
Some people have suggested that intelligence is linked to a system’s ability
to compress knowledge. This has led to the development of universal
measures of intelligence based on compression [Hutter, 2021]. It has been
shown that there is a close connection between compression and prediction
[Bell et al., 1990], so compression-based theories of intelligence support a
link between prediction and intelligence.
Retrodiction / Postdiction
Humans use their intelligence to discover facts about the past as well as
the future. For example, historians debate the economic and social
consequences of the plague; physicists develop theories about the origins
of the universe. This work clearly requires intelligence, and it is typically
called retrodiction or postdiction.
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Spatial ‘Prediction’
While prediction is typically thought of as something that occurs across
time, we can also make ‘predictions’ about events that are happening
simultaneously at inaccessible points in space. For example, at 4pm in
London, I ‘predict’ that people are sleeping in Japan. Here I am using my
intelligence to reach out beyond the spatial boundaries of my senses.
Predictive Intelligence and Environments
Some people think that intelligence is completely independent of the
environment. According to this interpretation, a person has a certain
amount of general intelligence regardless of whether they are working in
the natural world or studying a genomics database.
The most convincing evidence for general intelligence in humans is a
correlation between the results of tests of different human abilities, which
is usually referred to as g. [Humphreys, 1979; Haier, 2017]. Experimental
work on g shows that performance on numerical, spatial, memory and
natural language tasks that are designed for humans is correlated.
However, this research does not show that our ability to perform humanoriented tests generalizes to tasks that are difficult for humans, such as
spatial reasoning in high dimensions or identifying patterns in large data
sets. The correlation, g, only exists because we are comparing tasks that
are reasonably easy for humans to complete. No one has demonstrated that
human intelligence is general enough to solve all possible types of
problem.
Human brains consume a lot of energy and evolution has made many
compromises between performance, size, working memory and sensory
resolution. Modern human brains are highly capable of solving typical
problems in a hunter-gather environment, but they have a limited ability
to generalize beyond these problems. This point is nicely made by Chollet
[2019, p.22-23]:
We argue that human cognition follows strictly the same pattern as
human physical capabilities: both emerged as evolutionary solutions to
specific problems in specific environments (commonly known as “the four
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Fs”). Both were, importantly, optimized for adaptability, and as a result
they turn out to be applicable for a surprisingly greater range of tasks and
environments beyond those that guided their evolution (e.g. piano-playing,
solving linear algebra problems, or swimming across the Channel) …
Both are multi-dimensional concepts that can be modeled as a hierarchy of
broad abilities leading up to a “general” factor at the top. And crucially,
both are still ultimately highly specialized (which should be unsurprising
given the context of their development): much like human bodies are unfit
for the quasi-totality of the universe by volume, human intellect is not
adapted for the large majority of conceivable tasks.
This includes obvious categories of problems such as those requiring
long-term planning beyond a few years, or requiring large working
memory (e.g. multiplying 10-digit numbers). This also includes problems
for which our innate cognitive priors are unadapted; for instance, humans
can be highly efficient in solving certain NP-hard problems of small size
when these problems present cognitive overlap with evolutionarily
familiar tasks such as navigation (e.g. the Euclidean Traveling Salesman
Problem (TSP) with low point count can be solved by humans nearoptimally in near-linear optimal time, using perceptual strategies), but
perform poorly – often no better than random search – for problem
instances of very large size or problems with less cognitive overlap with
evolutionarily familiar tasks (e.g. certain non-Euclidean problems).

Non-human animals and artificial systems have less generalizable
intelligence than humans [Burkart et al., 2017]. Dogs can use their social
intelligence to understand humans; they cannot learn to build tools or solve
advanced mathematical problems. Birds can adapt nest-building skills to
construct wire tools; they cannot learn to play chess. We have built AI
systems that can play Go, drive cars and predict protein folding; no one
has developed a completely general AI that can solve any problem and
outperform systems built for specific environments.
Humans, non-human animals and AI systems have, to a greater or
lesser extent, limited abilities to solve problems that they have not
encountered before. None of the known forms of intelligence are
completely general - they can only solve problems within specific types of
environment.
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Fluid and Crystallized Predictive Intelligence
When a system encounters a problem or situation that it has encountered
before, it can use its memory (crystallized intelligence) to predict what
will happen next. For example, the first time that I see a cat crouch down
and wiggle its bottom, I might not understand its behavior. When I see the
cat pounce on its prey the meaning of the behavior becomes clear. The
next time I see a cat crouching down and wiggling its bottom, I can predict,
with reasonable certainty, that it will pounce. I have remembered the
sequence of events and can use my memory of this sequence to map earlier
events onto later events. This is one form of crystallized predictive
intelligence. Crystallized predictive intelligence also includes stored
heuristics that we use to solve problems and predict future events.
Fluid predictive intelligence is the ability to make predictions in
situations that we have not encountered before. When I first see the cat
crouching and wiggling, I might be able to deduce from the cat’s attitude,
preferences and environment that it is about to pounce. I can do this
without ever having seen a cat pounce before. In the future I can use my
memory to map from the cat’s current state to its future behavior – the
prediction has moved from fluid predictive intelligence to crystallized
predictive intelligence. This transition depends on our ability to remember
a new prediction or solution so that we can use it more rapidly next time.
Without memory our crystallized predictive intelligence remains constant.
This is illustrated in Fig. 1.
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Fig. 1. Illustration of possible relationship between fluid and crystallized predictive
intelligence. E1 is a known event; E2 has not been experienced by the system before. a)
System with long term memory. The system predicts the consequences of E1 using
crystallized predictive intelligence. When E2 first occurs the system uses fluid intelligence
to make the predictions. It stores the results, leading to an increase in its crystallized
intelligence. The second time E2 occurs the system uses the stored solution to predict the
consequences of E2. b) System without long term memory. When E2 first occurs it uses fluid
intelligence to predict the consequences. This new predictive skill is temporarily held in
working memory and is soon forgotten. The next time E2 occurs it uses fluid intelligence
again to make the predictions.

The graphs shown in Fig. 1 suggest that fluid intelligence is linked to an
increase in our ability to make predictions.
2.3 Four Hypotheses about Intelligence
The discussion in the previous section leads to four hypotheses about
natural and artificial intelligence:
• H1. Prediction is the most important component of intelligence.
• H2. Prediction and intelligence are relative to sets of environments.
• H3. The amount of a system’s crystallized intelligence varies with the
number of accurate predictions that it can make in a set of
environments.
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• H4. The amount of a system’s fluid intelligence varies with the positive
rate of change of its crystallized intelligence.
This interpretation of intelligence fits in well with many of the previous
definitions of intelligence. We can use accurate predictions to plan,
achieve goals and receive rewards from the environment. Crystallized
predictive intelligence corresponds to our understanding of how things
work in the world. However, in this interpretation, knowledge is only
linked to intelligence to the extent that it helps us to make accurate
predictions. The construction and manipulation of tools also depends on
accurate predictions about how manipulations will change the material and
how the finished tool will enable us to change the environment. As systems
learn, their crystallized predictive intelligence increases. During the time
of learning the system will have positive values of fluid predictive
intelligence.
When we accept that intelligence is relative to a set of environments
(hypothesis H2), it becomes clear that there are many different forms of
natural and artificial intelligence, which are specific to their environments.
We don’t have to broaden our concept of intelligence to handle this
(embracing Gardner’s multiple intelligences or Warwick’s high
dimensional space of abilities). Instead, we can say, for example, that
system A has a high level of predictive intelligence in a musical
environment and system B has a high level of predictive intelligence in a
chess environment. These environments can be natural, simulated, data,
and so on.
The relativization of intelligence to sets of environments helps us to
understand and appreciate the many different forms of human intelligence.
IQ tests measure intelligence within an academic environment of
mathematical symbols, abstract shapes, etc. This is why IQ tests are
correlated with measures of academic success (school grades, advanced
degrees, publication of papers, professional careers, etc.). But the
academic environment is just one area where human intelligence operates.
A successful plumber has a high level of intelligence within the
environment of pipes, fittings, water flow, etc. and can make many
accurate predictions within this environment. The same is true of other
trades and professions. A predictive approach leads to a much broader
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interpretation of intelligence than the academic intelligence measured by
IQ tests.
3 Measurement of Intelligence
3.1 Measurement of Human Intelligence
Most of the previous work on the measurement of human intelligence has
been based on sets of tests that measure behavioral characteristics judged
to be linked to intelligence. In the early days these tests included
significant numbers of questions based on factual knowledge. Modern
human intelligence tests are now mostly based on verbal reasoning, spatial
manipulation and mathematics. The results from these tests are typically
converted into values of intelligence quotient (IQ) or g-score. To calculate
IQ you take the test results from a sample of the population and calculate
the mean and standard deviation. The mean score is assigned an IQ of 100
and each standard deviation above and below the mean corresponds to 15
IQ points. The resulting IQ score can be used to rank individuals according
to how well they perform on a battery of intelligence tests. IQ is a
population derived measure that does not correspond to a property of a
particular individual. Measures of IQ and g-score are controversial and
they have often been misused. However, they have played a valuable role
in scientific research on intelligence, and they can be an effective way of
pre-processing large numbers of applicants for jobs, education, or the
military.
Critics of intelligence testing have claimed that intelligence tests only
measure the ability of people to complete intelligence tests – they do not
actually measure intelligence in the test subjects. In humans this argument
is not particularly convincing because human intelligence test scores are
correlated with other measures of intelligence. For example, people who
score highly in intelligence tests are more likely to achieve advanced
educational degrees and pursue careers in areas, such as science, that are
generally regarded as requiring intelligence [Robertson et al., 2010; Haier,
2017].
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3.2 Measurement of Intelligence in Non-human Animals
Animals cannot take human intelligence tests, so there has been a lot of
work on the development of cognitive test batteries for animals [Shaw &
Schmelz, 2017]. While it might be possible to come up with a plausible
set of tests that could be applied to similar animals, this approach is likely
to neglect the different types of intelligence that animals develop to
survive in their ecological niches. A measure of intelligence that is
designed for sheep or fish, for example, cannot easily be transferred to
birds or bees. Suppose we want to develop a test that compares human and
pigeon intelligence. We could include mathematical abilities and spatial
reasoning in our tests, which might be common to both. But pigeons have
a greater capacity to map and navigate through their environment, so
should this be included in the test as well? As our test battery expands with
each species we will end up with a very ad-hoc collection, with each
animal scoring well on the tests that are specific to their own set of
abilities. It seems highly unlikely that we will be able to design a single
set of cognitive tests that would enable us to meaningfully compare
intelligence across all species.
A second problem with the measurement of non-human animal
intelligence is that we do not have a way of connecting an animal’s test
results to other indicators of intelligence for that species. Most people
would agree that a person who gets top grades in school, gets a first at MIT
and publishes ground-breaking physics research is likely to be intelligent.
If an intelligence test gives this person a low score, then this is a failure of
the test, not an indicator of low intelligence. But how could we ground the
results of intelligence tests in octopi, bees or dogs? Animals do not take
advanced degrees or write papers on quantum theory. It is far from clear
how we could prove that intelligence tests in animals measure anything
more than the ability to perform the test itself.c
These problems are often addressed by giving simplified human tests
to animals– for example, tests of spatial reasoning or mathematical ability
[Boysen & Capaldi, 1992]. These measure the extent to which non-human
animals exhibit human intelligence. They are not a meaningful measure of
c

These problems are discussed by Legg and Hutter [2007c, p.5].
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non-human animal intelligence and they do not enable us to compare
general intelligence across species.
3.3 Measurement of Artificial Intelligence
Turing testing is often used to measure intelligence in artificial systems.
The Turing test was originally proposed by Turing [1950] as a way of
answering the question whether a machine could think. He described a
thought experiment in which a human and a machine were connected to
an electronic typing system and placed in a separate room. A human tester
asked the two systems questions and tried to decide which was the human
and which was the machine. If the human tester could not reliably identify
the machine, then the machine would be judged to be capable of thinking.
This test is extremely challenging for machines to pass because the
interrogator can ask questions about any topic. While claims have been
made about AI systems passing constrained versions of the Turing test,
our current AI systems are extremely far from passing the full version.
Many variants of the Turing test have been proposed. These include
embodied Turing tests [Harnad, 1994], behavior in game environments
[Hingston, 2009] and the Animal-AI Olympics [Crosby et al., 2019],
which provides an environment in which artificial systems can attempt
tasks that are believed to require intelligence in animals.
One problem with Turing testing is that as machines improve they are
likely to exhaust the possibilities of human tasks. For example, they might
eventually map out and completely understand all the possibilities of Go,
which would become for them what Tic Tac Toe is for humans – a trivial
game whose possibilities can be easily comprehended. To rank AIs
according to their intelligence we need tasks that challenge them and
which they can complete to different degrees. If they all completely solve
a task that is challenging for humans and get the same score, then we can,
at most, say that they have super-human intelligence on that task.
A second limitation of Turing testing is that it relies on a clear
definition of the human behaviors that require intelligence. In the past it
was thought that chess playing was a paradigmatic example of intelligent
behavior and that any system that could play chess well would be highly
intelligent. Computers can already get an average score on an IQ test
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[Sanghi & Dowe, 2003] and we now know that low and medium ability
chess systems can be built without much intelligence. We are also coming
to realize how much of our intelligence is linked to our ability to
understand and interact with the natural environment.
Turing testing also cannot measure non-human forms of intelligence.
For example, computers are much better at processing vast amounts of
data, so they could have much higher levels of intelligence in
bioinformatics, while being incapable of solving a Raven’s Matrix. It
would be extremely anthropocentric to declare that a machine is not
intelligent because it cannot solve the narrow range of problems that can
be tackled by human intelligence.
To address the limitations of Turing testing, people have developed
universal measures of intelligence that, in theory, can be applied to any
system at all. For example, Legg and Hutter [2007c] developed an
algorithm that sums the rewards that an agent receives across all possible
environments, with some adjustment for the complexity of different
environments. This measure has some intuitive plausibility, but it is not
practically calculable because it sums across all possible actions of the
agent in all possible environments.
A more practical universal measure of intelligence was put forward by
Hernández-Orallo and Dowe [2010], which is based on inductive
inference, prediction, compression and randomness. The algorithm is
designed to be ‘anytime,’ which means that whenever it is halted the result
should approximate the system’s level of intelligence. One issue with
Hernández-Orallo and Dowe’s approach is that they test the agent in
balanced environments in which random actions lead, on average, to zero
reward. In practice this is unrealistic because most environments in which
intelligence operates are not balanced. If we try to sum intelligence across
many unbalanced environments, then the intelligence will be drowned out
by random noise. The time limitation of their anytime measure also fails
to capture the intelligence of systems that operate on non-human time
scales, such as trees and human societies.
Other people have developed universal measures of intelligence based
on compression. In the Hutter prize people compete to compress 1GB of
Wikipedia data [Hutter, 2021]. Hernández-Orallo’s C-test measures the
ability of a system to find the best explanation for sequences of increasing
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complexity in a fixed time [Hernández-Orallo, 2000]. The best
explanation is usually a compressed version of the sequences that enables
the subject to predict more sequences of the same type. As explained in
Section 2.2, good compressors are good at prediction, so these kinds of
tests go some way towards measuring predictive intelligence. However,
predictive intelligences are typically specialized for the different areas that
the operate in (motor movement, psychology, stock prices, protein folding,
etc.), so a single type of compression test only provide one way of
estimating predictive intelligence in a limited class of systems.
More detailed summaries of some of these measures of artificial
intelligence are given by Legg and Hutter [2007b]. Hernández-Orallo
[2017] discusses other ways in which the performance of AI systems can
be evaluated.
3.4 P: A New Universal Measure of Predictive Intelligence
This section describes a new universal algorithm that I have developed to
measure predictive intelligence. This algorithm works by comparing the
probability distributions of a system’s predictions with the probability
distributions that actually occur (see Fig. 2).

Fig. 2. Agent’s predictions about its internal states. The agent has internal states I1, I2, I3
and I4. I1-0, I2-0, I3-0 and I4-0 are the probability distributions of the internal states at time 0.
P1-1, P1-2, P1-3 are predictions that the agent makes about the values of I1 at times 1, 2 and
3. As the spatial and temporal properties of the environment change, the future states of
I1, I2, I3 and I4 are compared with earlier predictions to evaluate their accuracy.

Intelligence and Consciousness in Natural and Artificial Systems

19

Prediction Accuracy
To measure the accuracy of a system’s predictions we need to compare the
probability distributions of the predictions with the later probability
distributions of the internal states. For example, in Fig. 2, we compare
prediction P1-2 made at time 0 with I1-2 at time 2. For discrete probability
distributions the prediction accuracy is measured using Hellinger distance:

𝐻(𝑃, 𝑄) =

1
√2

𝑘

√∑(√𝑝𝑖 − √𝑞𝑖 )

2

(1)

𝑖=1

Hellinger distance is 0 when there is an exact match between two
probability distributions, and 1 when there is a complete mismatch. So 1H(P,Q) gives the degree of match between two discrete probability
distributions, P and Q, expressed as a number between 0 and 1.
For continuous probability distributions, the accuracy is measured as
the intersection between the probability distribution of the prediction with
the probability distribution of the actual value with error bounds (see Fig.
3).

Fig. 3. Prediction match for continuous probability distributions. Here the prediction is a
normal distribution. The actual value is discrete and error bounds are added so that there is
a non-zero intersection with the prediction. The random guess is an equal distribution
across the known range of values.
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Eliminating Random Guesses
Systems can make random guesses about their future states. For example,
suppose that I1 in Fig. 2 can have discrete values 1, 2 or 3. In this case, a
random guess would be p(I1 = 1) = 0.3333, p(I1 = 2) = 0.3333 and p(I1 = 3)
= 0.3333. This guess does not require a significant amount of intelligence
because it is generated without any data from the environment. However,
it will still have some match with the states that actually occur at the next
point in time. In discrete probability distributions this issue is addressed
by subtracting the random guesses from the prediction match, as shown in
Eq. 2.
𝑃𝑀(𝑃, 𝐼) = |(1 − 𝐻(𝑃, 𝐼)) − (1 − 𝐻(𝑅, 𝐼))|

(2)

PM is the match between a prediction, P, and an internal sensory state I. R
is an equal distribution across possible sensor values. With continuous
probability distributions, the random guess is interpreted as an equal
distribution across the range of previously seen values, as illustrated in
Fig. 3. In both cases the absolute value of the result is taken to prevent
negative values of intelligence. The prediction match is summed for all
predictions that are made at each unique state of the environment.
Trivial and Non-trivial Predictions
Systems could artificially increase their intelligence by generating large
numbers of trivial predictions. This is addressed by multiplying the sum
of the prediction matches by the Kolmogorov complexity of the
predictions, as shown in Eq. 3:
𝑝

𝑞

𝑟

𝐾(𝑙)
𝑃𝑀𝑒 =
∑ ∑ ∑ 𝑃𝑀(𝑃𝑖−𝑡 , 𝐼𝑖−𝑡 )
𝐿(𝑙)

(3)

𝑠=1 𝑖=1 𝑡=1

PMe is the total prediction match for a single environment, l is a string that
describes all the predictions in the environment, K(l) is the Kolmogorov
complexity of l, and L(l) is the length of l. The predictions are summed for
all unique states of the environment (s=1… s=p), for all internal states
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(i=1… i=q) and for all times covered by the predictions (t=1…t=r).
Kolmogorov complexity cannot be directly calculated, so it is often
approximated by compression algorithms.
Comparing Simple and Complex Systems
To make it easier to compare systems with large differences in
intelligence, the log is taken of the total prediction match for the
environment (PMe). This makes it easier to compare highly complex
systems, such as humans, with trivial AI systems on the same scale. In
some cases PMe will be less than 1. This corresponds to a low level of
intelligence, but the log of a very small number is a large negative number,
which makes no sense for intelligence. So the log is only taken when PMe
is greater than 1. This leads to the final equation for calculating the
predictive intelligence, PIe, of an agent in environment e:
𝑙𝑜𝑔 (𝑃𝑀𝑒 ) 𝑖𝑓 𝑃𝑀𝑒 > 1
𝑃𝐼𝑒 = { 2
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
0

(4)

Summing Intelligence across Environments
Predictive intelligence is relative to a set of environments (hypothesis H2),
so we need to sum PIe for all the environments in the set. This raises the
problem that we don’t have a clear definition of what constitutes a distinct
environment. Some environments are very different from each other;
others only have trivial differences between them. If we simply add the PIe
values from different environments together, an agent will double its
intelligence across two environments that are almost identical. To address
this issue, the sum of PI across environments E1, E2, … En is multiplied by
the Kolmogorov complexity of the combined environments divided by the
sum of the Kolmogorov complexity of the environments considered
independently:
𝑝

1.0
p𝑐

𝐾(𝐸1 + 𝐸2 + ⋯ + 𝐸𝑛 )
=
∑ 𝑃𝐼𝑒
𝐾(𝐸1 ) + 𝐾(𝐸2 ) + ⋯ + 𝐾(𝐸𝑛 )
𝑒=1

(5)
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Environments appear very differently to systems with unique senses and
diverse ways of processing sensory data. So the complexity of
environments has to be considered from the perspective of the agents, not
from some fictional standpoint of complete objectivity. If two
environments are very similar, then the joint complexity will be
approximately the same as the individual complexity and the first half of
Eq. 5 will be approximately 1/2. On the other hand, if two environments
are very different, then the shortest program describing both will be
approximately equal to the sum of the lengths of the shortest programs
describing the environments individually. In this case the first half of Eq.
5 will be approximately 1. In practice, Kolmogorov complexity is
calculated using compression algorithms, which need to be carefully
chosen to take the nature of the environments into account.
The letter that I have chosen to represent this measure of intelligence
is P, which is the Old Norse letter (rune) that corresponds to our modern
‘p’ sound. P is pronounced ‘peorth’, ‘perth’ or ‘pertho’. The P rune is
associated with the dice cup, chance, secrets, destiny and the future, which
is appropriate for a measure that is based on a system’s ability to make
predictions. In Eq. 5, the subscript, c, indicates that it is crystallized
predictive intelligence. The superscript is the version of the algorithm.
Fluid Intelligence
Fluid intelligence corresponds to a system’s ability to learn and adapt to
its environment. It is linked to positive changes in a system’s crystallized
intelligence (see hypothesis H4), as shown in Eq. 6:
1.0

1.0
P𝑓

1.0

𝑑p𝑐
𝑑p𝑐
= { 𝑑𝑡 𝑖𝑓 𝑑𝑡 > 0
0
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(6)

Experiments
The feasibility and performance of the algorithm have been tested on an
agent in a variety of maze environments, and on a deep neural network
that performs time series prediction. The experiments are implemented as
a website: www.davidgamez.eu/pi, which is shown in Fig. 4.
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Fig. 4. Website with experiments that test P algorithm. a) Fluid and crystallized P are
calculated for an agent that predicts the consequences of its actions in different maze
environments. b) Fluid and crystallized P are calculated for a deep network that predicts
future values in different time series (synthetic, stock prices, weather and coronavirus).

These experiments show that P is straightforward to measure on
artificial systems when we have full access to their internal states and the
environments can be fully explored. More work is required to develop
ways of estimating the predictive intelligence of less accessible artificial
systems that partially explore their environments.
We have very limited access to natural systems’ internal states. Brain
activity can be read non-invasively using fMRI, MEG, electrodes and
EEG, but these technologies have very low spatial and/or temporal
resolution. Optogenetics can give us close to real time measurements of
the entire brain of small transparent organisms, such as the Zebrafish
larvae [Portugues et al., 2013], and it might be possible to apply this to
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other transparent animals, such as the glass octopus. With non-transparent
animals we can only measure ~20,000 neurons on the surface of the brain
in real time with current technology. Ways will have to be found to
estimate the predictive intelligence of these systems from limited data and
from external behavior. We will then be able to use P to systematically
study and compare the intelligence of humans, non-human animals and
artificial systems.
4 Consciousness
4.1 Definition of Consciousness
When we are conscious we are immersed in a bubble of space, roughly
centered on our bodies, within which objects and non-physical properties,
such as color and smell, are distributed. I describe this as a bubble of
experience [Gamez, 2018]. My bubble of experience currently contains
green trees and the smell of coffee. When I am at the beach my bubble of
experience contains white sand, blue sea and the taste of tequila. In online
perception objects and properties in our bubbles of experience co-vary
with the physical world. We can also change our conscious experiences
offline, independently of the world, in dreams and imagination.
Bubbles of experience have multiple dimensions of variation. The
spatial size of bubbles of experience can vary, there is variation in
temporal depth [Husserl, 1964] and there can be more or less objects and
properties and more or less types of objects and properties. The contents
of bubbles of experience can also appear with different levels of intensity.
In dreams, imagination and on the edge of sleep, contents are vague,
washed out and unstable. In online perception contents are vivid and stable
with rich colors. A person on hallucinogens can have experiences with
greater intensity than the normal waking state. The contents of a single
experience can have range of intensities. There might be a fleeting
impression of a bird at the edge of my field of vision while I am looking
at a bright red bus rushing towards me and experiencing intense feelings
of fear and panic.
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There are challenging philosophical problems with consciousness,
such as the hard problem and the relationship between consciousness and
the physical world. Elsewhere I have shown how our modern concept of
consciousness (and some of its problems) co-evolved with the
development of modern scientific theories about the physical world
[Gamez, 2018].
4.2 Physical, Computational, Functional and Informational
Theories of Consciousness
Physical theories of consciousness link consciousness to spatiotemporal
patterns in particular physical materials. For example, there are neural
theories of consciousness [Koch et al., 2016], electromagnetic theories of
consciousness [Pockett, 2000] and quantum theories of consciousness
[Hameroff & Penrose, 1996]. Physical theories of consciousness are
similar to other scientific theories that are based on spatiotemporal
physical patterns: moving electrons produce magnetic fields; moving
neutrons do not.
Many people believe that consciousness is linked to computations or
functions [Cleeremans, 2005]. They claim that consciousness is present
wherever a particular computation or function is executed, independently
of how the computation or function is implemented. For example, people
have connected consciousness with the implementation of a global
workspace [Dehaene, 2014]. Information integration theory connects
patterns of information to consciousness, independently of the physical
implementation of the information [Tononi, 2008].
Physical, computational and functional theories of consciousness have
some common ground. It might be the case that global workspace theory,
for example, captures a pattern, which is linked to consciousness when it
is implemented in a biological brain. However, computational and
functional theories of consciousness lose plausibility when the claim is
made that a computation or function is linked to consciousness
independently of the material in which the computation or function is
realized. One problem with this claim is that a system executing a
computer program is a sequence of physical states, and Putnam [1988] and
Bishop [2009] show that any sequence of physical states can be interpreted
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as implementing a particular run of a given computation. This leads to an
implausible panpsychism and to the untenable result that every brain is
associated with an infinite number of different consciousnesses.
A second problem with computational and functional theories of
consciousness is that they can only be scientifically tested if we have an
objective way of measuring the presence or absence of a computation or
function in a system. For example, to prove that global workspace theory
is correct, we need to be able to determine whether there is an active global
workspace in the conscious brain and show that no global workspaces are
being executed in the unconscious brain. Unfortunately we do not have a
way of unambiguously measuring the computations or functions that are
being executed in a physical system [Gamez, 2014a]. Information
integration theory has similar problems with the subjectivity of
information and with the measurement of information in a system [Gamez,
2016]. The only reasonable conclusion is that computations, functions and
information are subjective - not objectively measurable properties of
physical systems. Consciousness must be linked to objective physical
properties of a system.
4.3 Measurement of Consciousness
To study the relationships between consciousness and the physical world
we need to measure consciousness, measure the physical world and look
for connections between these sets of measurements.
Consciousness is measured through first-person reports. For example,
when I am eating an apple, I can describe its red color and sweet flavor.
We believe our own first-person reports and typically believe the firstperson reports of other adult humans (disregarding philosophical problems
with zombies, etc.), because other people have similar brains and we
assume that there is a close relationship between physical and conscious
states.
Infants, animals, and computer programs also generate first-person
reports about consciousness. However, these systems have different brains
or no brains at all, so the assumption about physical similarity no longer
holds. So we cannot completely trust what infants, animals and robots say
about their internal conscious states. This makes them unsuitable subjects
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for identifying the relationships between consciousness and the physical
world [Gamez, 2014b].
First-person reports about consciousness from normal adult humans
can be combined with measurements of the brain to identify neural
correlates of consciousness [Koch et al., 2016]. We can use this data to
develop mathematical descriptions of the relationships between
consciousness and the physical world. These theories generate
descriptions of consciousness from descriptions of physical states, and
vice versa, as shown in Fig. 5.

Fig. 5. A mathematical theory of consciousness (c-theory) describes the relationship
between physical and conscious states. It can generate a description of consciousness from
a description of a physical state and generate a description of a physical state from a
description of consciousness.

Tononi’s information integration theory (IIT) is an example of a
mathematical theory of consciousness [Tononi, 2008]. However, IIT is
based on subjective information [Gamez, 2016] and only performs a one
way mapping from information to conscious states.
When a mathematical theory of consciousness has been judged to be a
reliable way of mapping between physical and conscious states, we can
use it to make deductions about the consciousness of animals and artificial
systems. These are deductions, rather than predictions, because they
cannot be confirmed by measuring consciousness through first-person
reports (see Gamez [2018]). Fig. 6 illustrates how a mathematical theory
of consciousness can be used to make a deduction about the consciousness
of an artificial system.
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Fig. 6. Deduction of the consciousness of an artificial system. 1) Scientific instruments are
used to measure the physical state of the artificial system. 2) Physical measurements are
converted into a description of the artificial system’s physical state. 3) Reliable
mathematical theory of consciousness (c-theory) converts the physical description into a
description of the artificial system’s consciousness.

4.4 Artificial Consciousness
A substantial amount of academic research has been carried out on
artificial consciousness and working systems have been built to explore
different aspects of this topic. Public awareness has been raised through
films and TV series, such as Chappie, Ex Machina, Altered Carbon and
Black Mirror [Gamez, 2020]. Artificial consciousness is a complicated
field that can be broken down into four overlapping areas [Gamez, 2018]:
• MC1. Machines with the same external behavior as conscious systems.
Humans behave in particular ways when they are conscious. For
example, they are alert, they can respond to novel situations, they can
inwardly execute sequences of problem-solving steps and they can
learn. MC1 machine consciousness is the creation of AI systems that
exhibit some or all of these external behaviors. Watson [Ferrucci, 2012]
is an example of a MC1 system that mimics the external behavior of
conscious humans when they are playing Jeopardy.
• MC2. Models of the correlates of consciousness. Theories about the
neural and functional correlates of consciousness in humans can be
modeled in a computer. For example, global workspace
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implementations have been used to control a naval dispatching system
[Franklin, 2003] and a video game avatar [Gamez et al., 2013].
• MC3. Models of consciousness. Phenomenal experiences have
characteristic features that can be modeled in computers and used to
control robots. One example of this type of system was developed by
Chella et al. [2007], who used a virtual environment (analogous to the
robot’s consciousness) to control a museum guide robot. Gravato
Marques and Holland [2009] built a system in which a robot used a
simulation of itself to solve a motor control problem and executed the
solution with its real body.
• MC4. Machines that are phenomenally conscious. When humans are
conscious they are immersed in a bubble of experience that contains
colors, smells, sounds, etc. (see Sec. 4.1). A machine that was
immersed in a bubble of experience, which contained something
similar to our colors, smells and sounds, would be MC4 conscious.
MC4 consciousness will only be fully solved when we have discovered
a mathematical theory of consciousness that can reliably map between
physical and conscious states (see Sec. 4.3). We have no idea whether
any of our current machines are MC4 conscious.
These categories are not exclusive: systems can implement several of them
at the same time. For example, a robot based on the neural correlates of
consciousness (MC2) could be phenomenally conscious (MC4) and
exhibit conscious external behavior (MC1).
5 Relationships Between Intelligence and Consciousness
5.1 Natural Intelligence and Natural Consciousness
Intelligence is a functional property: the amount of intelligence in a system
is independent of the way in which it is implemented. In Sec. 4.2 I outlined
good reasons for thinking that consciousness is linked to spatiotemporal
patterns in specific physical materials. Intelligence and consciousness can
overlap when the implementation of the intelligence functions produces
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spatiotemporal physical patterns (for example, neuron firing patterns) that
are correlated with consciousness.
While there has been a substantial amount of work on the neuroscience
of intelligence [Haier, 2017] and on the neural correlates of consciousness
[Koch et al., 2016], we do not know enough about either to be able to say
whether the brain’s implementation of the functions linked to intelligence
are the same as the neural correlates of consciousness. The best we can say
is that some of the functions that have been proposed to be linked to
consciousness in the brain are also likely to be linked to intelligence. For
example, Aleksander and Dunmall [2003] claim that depiction,
imagination, attention, planning and emotion are minimally necessary to
support consciousness. These functional properties are clearly connected
with intelligence – for example, we need imagination to do IQ tasks, such
as Ravens’ matrices, and planning is related to predictive intelligence and
goal achievement. Other people have hypothesized that the brain’s
implementation of a global workspace is connected with its consciousness
[Dehaene, 2014]. Global workspace theory has been shown to be good
way to implement AI systems [Franklin, 2003; Gamez et al., 2013], so if
global workspace theory is a correct theory of consciousness, then the
brain’s implementation of a global workspace is likely to be linked to its
intelligence. While the exact relationship between prediction and
consciousness is an open question, there is clearly a lot of non-conscious
prediction going on in the brain, so there is unlikely to be exact alignment
between the brain’s predictive abilities and its consciousness. More
abstract theories about consciousness, such as higher order thought
[Rosenthal, 1986], recurrent processing [Maia & Cleeremans, 2005] and
information integration theory [Tononi, 2008] point to brain mechanisms
that might also be involved in intelligence. For example, a brain that can
integrate more information (possibly using recurrent connections) and
which contains meta-information about its internal states is likely to be
more intelligent. Intelligence can be implemented in many different ways,
so there is unlikely to be a strong relationship between the spatiotemporal
patterns linked to consciousness and the intelligence functionality of the
brain.
Weak inferences can also be made from phenomenological
observations about consciousness to the potential intelligence of a system.
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This connection is weak because most of the data and functions that
produce intelligence are not consciously experienced. For example, when
an idea spontaneously appears to me, I typically lack insight into the exact
mechanisms by which it was arrived at, presumably because it was the
result of unconscious processing. However, some of our reasoning is
carried out consciously using imagination. With this type of reasoning, a
consciousness with more contents could potentially solve more problems,
achieve more goals and generate more predictions. So we might have weak
grounds for believing that a system with more conscious contents has
greater potential for intelligence. This is only a weak inference because
there could be systems with rich states of consciousness that are not
capable of intelligent behavior, and an impoverished binary
consciousness, which could only contain 1 or 0, could potentially create
every single document that has ever been written by humans. While the
intensity of conscious contents plays a role in tagging states as online or
offline, this does not appear to be strongly linked to intelligence.
5.2 Artificial Intelligence and Artificial Consciousness
The relationships between artificial intelligence and artificial
consciousness vary with the type of artificial consciousness.
MC1 machines behave in a similar way to conscious humans. Many
external behaviors linked to consciousness are also linked to intelligence,
and most of the behaviors that we judge to be intelligent in humans can
only be carried out consciously. So there is likely to be a close relationship
between progress in MC1 machine consciousness and progress in artificial
intelligence. As machines mimic more human behaviors, they will appear
to be more conscious and more intelligent. However, there is also a
potential dissociation between MC1 machine consciousness and AI.
Machines could implement forms of intelligence that achieve low IQ or gscores on human test batteries, but score highly on universal measures of
intelligence. These highly intelligent machines might not exhibit any
conscious human behaviors.
MC2 and MC3 machine consciousness research uses models of the
correlates of consciousness and models of consciousness to produce more
intelligent machines. This has already led to the development of systems
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that exhibit human-like intelligence [Gamez et al., 2013] and intelligent
navigation of a museum environment [Chella et al., 2007]. In the future,
MC2 and MC3 research is likely to lead to more advanced forms of
artificial intelligence. However, AI is a very diverse field and MC2 and
MC3 are only two ways of building intelligent machines. A large number
of other AI approaches, such as deep neural networks, can be used to
develop intelligent systems, and these have few connections to research
on consciousness.
We know almost nothing about the MC4 consciousness of artificial
systems. It is possible that some of our current AI systems have conscious
states that are as rich and vivid as our own. It is also possible that
consciousness is only linked to systems that implement certain functions
in something approximating biological hardware. Since consciousness is
not a purely functional property and a given piece of intelligent behavior
can be implemented in an infinite number of different ways [Putnam,
1988], there is not a necessary connection or nomological law linking
intelligence and MC4 consciousness. The amount of overlap between
MC4 machine consciousness and AI is an empirical question that can only
be answered we have a reliable mathematical theory of consciousness and
a practical universal measure of intelligence that does not depend on
batteries of anthropocentric tests.
6 Conclusions
Many overlapping definitions of intelligence have been put forward,
which are mostly based on human intelligence and generalize poorly to
non-human animals and artificial systems. To address this issue, this paper
has put forward four hypotheses that define intelligence in terms of
prediction.
Progress has been made with the measurement of intelligence in
natural systems and many scientists believe that g-score correlates with
intelligence in humans and some animals. However, the test battery
approach that is used to measure IQ and g-score in natural systems is
unlikely to be generalizable to the wide variety of behaviors and
intelligences of artificial systems. One solution to this problem is to design
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tests that only measure human-like intelligence - in the AI context this is
known as Turing testing. Another approach is to design universal
intelligence measures that can be applied to any system at all, such as the
prediction-based measure that was outlined in Sec. 3.4.
Most people agree that consciousness is the stream of colorful, noisy
smelly experiences that start when we wake up in the morning and cease
when we fall unconscious at night. In my own work I have described this
as a bubble of experience. Many of the philosophical problems with
consciousness can be neutralized with assumptions that provide a
reasonable starting point for the scientific study of consciousness [Gamez,
2018]. These assumptions enable us to measure consciousness through
first-person reports in normal adult humans. We can then carry out
experiments that measure consciousness, measure the physical world and
identify relationships between these two sets of measurements. Scientific
research has already made considerable progress identifying some of the
neural correlates of consciousness. In the future, we need to discover
mathematical descriptions of the relationships between consciousness and
the physical world. These can be used to make deductions about the
consciousness of non-human animals and artificial systems.
Intelligence is a purely functional property; consciousness is not, so
there cannot be a strong connection between consciousness and the many
different ways in which intelligence can be implemented in artificial and
natural systems. In natural systems, the spatiotemporal physical patterns
linked to consciousness might overlap with the brain’s implementation of
intelligence. Weak inferences can also be made from the richness and
structure of natural consciousness to the potential intelligence of a system.
In artificial systems there is a reasonably close connection between MC1
machines and machines that exhibit human-like intelligent behavior. MC2
and MC3 technologies can be good ways of building more intelligent
machines that think in a similar way to humans.
At the present time we do not have the theories or the data to make
stronger conclusions about the relationships between intelligence and
consciousness. We will be able to systematically study this relationship
when we have a practical universal measure of intelligence, which can be
applied to natural and artificial systems, and a reliable mathematical theory
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of consciousness that can map between physical descriptions and
descriptions of conscious states.
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