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Abstract.

Imagination is generally regarded as a very powerful and
advanced cognitive ability. In this paper we propose a mod-
elling framework for what we call functional imagination:
the ability of an embodied agent to simulate its own behav-
iors, predict their sensory-based consequences, and extract
behavioural benefit from doing so. We identify five key com-
ponents of architectures for functional imagination, and claim
that they may be both necessary and sufficient. We outline a
typical architecture, explain the flow of control within it, and
describe a typical testing scenario using nested physics-based
robot models. We also show how malfunctions within such an
architecture may produce effects reminiscent of those found
in certain human pathologies.

1 INTRODUCTION

Imagination has been regarded in Western philosophy as
a very useful and significant cognitive ability. Prominent
thinkers like Aristotle, Descartes, Hume, Kant and Sartre
have all made contributions to the subject. In spite of this,
however, little light has been shed on the mechanisms under-
pinning imagination [37]. One of the reasons why this might
be so is that very often discussions about imagination are in
fact discussions about imagery. It is true that the concepts
cannot be completely dissociated, but it is important to be
clear about the differences between them.

Imagery usually refers to an internally pictured object or
situation ([38]); historically, it may be mentioned either in a
phenomenological or a representational context. Phenomeno-
logically, imagery is referred to as being capable of triggering
experiences (or sensations) that resemble our experiences of
daily life. This phenomenon is often called quasi-perceptual
experience. The imagery of a dog can trigger a range of sen-
sations one might have when one is actually close to a dog: the
feeling of touching its rough coat, the sound of barking, or the
dog-like smell. Representationally, imagery is strongly associ-
ated with an image-like representation ([38]). Imagination, on
the other hand, is the process responsible for producing im-
agery. All references to imagination are references to things
that are not present to the senses. However, some experiences
of non-existent reality are not produced by imagination (e.g.
the experience of an after-image or phosphenes). In addition,
Penfield has shown that coherent complex experiences can be
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generated artificially simply by inducing currents in neurons
located in specific areas of the brain ([26]).

Several theories have tried to explain the process of imag-
ination through the phenomenological and representational
aspects of imagery. The theories of Descartes and Hume are
examples of such attempts. Descarte’s dualist theory relied on
a mystical soul to explain the process of imagination. Hume
eliminated the reference to an immaterial entity by transform-
ing the workings of the mind into a mechanical system ruled
by laws of association, where each idea (in Hume an idea is
basically an image) is brought to consciousness through the
principles of resemblance, causality and contiguity.

We have discussed elsewhere several reasons why these two
theories failed to explain the workings of human imagination
([16]). Here, it will suffice to say that it would be very hard to
model the process of imagination solely in terms of the phe-
nomenological or representational aspects of imagery simply
because we are not yet at a stage of being able to access them
scientifically. For this reason, we propose to focus on a third,
and more recent, aspect of imagery - the neuroscientific as-
pect. We will try to identify what happens in the body and
in the brain while imagery and imagination are occurring.

In neuroscience, several experiments suggest that roughly
the same areas of the brain are active when a subject is sensing
(or acting) overtly and when he doing so covertly. Although it
is far from being universally accepted by neuroscientists, sev-
eral experiments suggest the involvement of the early visual
cortex during visual imagery [13]. In one experiment, subjects
were asked to close their eyes and to visualise a set of previ-
ously seen striped patterns [12]. Results show that areas as
early as area 17 and 18 of the visual cortex were active during
imaging. In the same set of experiments the normal function-
ing of area 17 was disturbed in order to investigate the role it
plays in imaging. Results showed that, by disrupting the nor-
mal operation of area 17, performance on the imagery (and
perceptual) task was impaired.

Furthermore, recent studies of motor imagery suggest that
motor imagery is functionally and anatomically related to mo-
tor execution. An fMRI study of finger movements showed
significant activation of the SMA (supplementary motor cor-
tex) and the PMC (premotor cortex) during both execution
and imagery [14]. In the same study, the M1 (primary motor
cortex) and S1 (somatosensory cortex) showed less activation
during imagined finger movements. These results were con-
firmed by a similar study carried by Porro [27].

Psychological studies have also shown a striking relation
between overt and covert behaviour. Shepard and colleagues



have shown that the time taken to manipulate objects men-
tally seems to be linearly dependent on the number and extent
of movements (or operations) made [30]. Subjects were asked
to see whether, by folding a piece of paper in various indi-
cated ways, two of its edges could be brought together. The
results indicated that the time to reach a conclusion is depen-
dent on the complexity of the folding process. The same sort
of conclusion was reached in a mental rotation experiment
where subjects were asked whether a given 3D object can be
rotated to match another object [31]. The results indicated
that the time to mentally rotate the image was proportional
to the angle of rotation.

In addition, there also seems to be a connection between
muscular activity during imagery and overt perception. In a
study aiming at comparing eye movements during overt view-
ing and visual imagination, subjects were asked to look at the
same irregularly-checked diagram four times (the diagram was
rotated by 90 degrees between trials) while their eye move-
ments were being recorded [2]. The eye movements were also
recorded while subjects were imagining each of the four pat-
terns. The results showed a close relationship between eye
movements during overt and covert viewing suggesting also
that eye movements reflect the content of what is being seen
and what is being imagined. Similar results have been ob-
served in different sensory modalities. An experiment testing
the capabilities of subjects to imagine a smell have shown that
it is very difficult (if not impossible) to image a smell without
overtly sniffing [1].

All these results, and many more, suggest a strong relation-
ship between imagination and the body, which highlights the
possible relevance of embodiment theories to help explain this
aspect of human cognition [40], [3]. However, it is only recently
that ideas of embodiment have penetrated into Artificial In-
telligence (AI). Previous attempts to capture the apparently
abstract nature of human thought in AI were implemented
within a symbolic framework. The General Problem Solver is
an early and clear example of such an attempt (see for ex-
ample [24], [25], [23]. In the General Problem Solver a group
of operators could manipulate a collection of logical or math-
ematical expressions in order to find a solution to a given
problem (e.g. a mathematical proof, or finding an analogy).
The basic idea behind these reasoning systems relied on ev-
idence from introspection and verbal protocols that humans
seem to be able to manipulate propositions in order to form
plans of action that can then be executed overtly. In spite
of the failure of the Physical Symbol System Hypothesis to
find support in neuroscience, logic-based approaches continue
to dominate AI, but the lack of success in dealing with real
world systems is finally turning attention towards the ideas
of embodiment that are close to achieving dominance in cog-
nitive science.

In this research programme, we want to use experimen-
tal results from neuroscience and psychology in order to pro-
duce a qualitative model (or candidate architecture) of human
imagination. We do not aim to capture every single cognitive
ability in which imagination might be involved, nor to ac-
count all the phenomena that seem to be related to imagina-
tion, such as dreaming, free-associative thought, etc. For this
reason we will focus on what we call functional imagination:
the mechanism that allows an embodied agent to simulate
its own behaviours, predict their sensory-based consequences,

and extract behavioural benefit from doing so [17] (see below).
Through the construction of increasingly architectures from
simple components we hope to be able (1) to show that they
work, (2) to establish parallels between the way they work and
experimental evidence from humans (or other animals), and
(3) to investigate malfunctions in the models caused by miss-
ing or defective components and compare them, if possible,
with disorders found in humans.

The remainder of the paper is structured as follows: in
Section2 we will summarise some work in AI and robotics
relevant to the topic of imagination; in Section3 we will out-
line the concept of functional imagination; in Sectiond we
will present one of our models for functional imagination;
in Sectionb we will describe an experiment using a complex
and dynamic physics-based simulator to study the model; in
Section6 we will make some qualitative comparisons between
our model and some of the experimental data shown above;
finally, in the Section7 we will make some concluding remarks.

2 CURRENT RESEARCH

Some research in Al is clearly relevant for a theory of imagina-
tion. Shanahan, for example, is creating architectures based
on Baar’s Global Workspace Theory that allow inner rehearsal
of actions by a (computationally) embodied agent [29]. From
the learned associations between sensorimotor patterns of
neural activation, a simulated agent is able to extract the
consequences of certain actions through inner rehearsal and
select actions that lead to rewarding behaviour.

Ziemke and colleagues have been exploring the sharing of
sensorimotor structures for driving a simulated Khepera robot
around a room in the absence of sensory information. They
implemented a wall following algorithm for driving a Khepera
robot around a room in order to discretize the environment
into different categories (e.g. corners, corridors, etc). At the
same time they trained a recurrent neural network to predict
the next category given the current one. Then by feeding the
neural network with its own predictions they showed that the
robot was able to ‘imagine’ itself driving around the room
[33].

Using a broadly similar approach, Stein introduced Meta-
Toto, an upgraded version of Mataric’s robot Toto [19], which
was able to navigate in an unknown environment and add
new locations (nodes) to a dynamic map (graph). MetaToto
was capable of goal-driven navigation using known landmarks;
more interestingly for our concerns, the robot was able to
move to new and unknown locations using very crude descrip-
tions of the environment [32]. By reusing the mechanisms for
sensing and acting, MetaToto was able to generate sensory
representations of what it would be like to be in those places,
and was thus able to find its way to unknown locations.

Mel’s Murphy, a real robot equipped with an arm and a
video camera, was able to solve grasping problems using vi-
sual imagery [22]. The robot worked in two modes. In the
first mode it moved its arm around until it found a way to
grasp an object. During this training stage, associations were
created between the movements of the arm and the image
of the arm and the object recorded from the camera. After
the connections were established Murphy was able to 'imag-
ine’ the grasping of objects using only its (visual) imagery
capabilities.



Embodiment is central to all these research projects. From
a disembodied perspective Thaler claims to have invented a
‘Creative Machine’ that can perform discovery and invention
at the human level in fields as diverse as drug invention, car
design, dance steps, musical compositions, etc. [36]. The Cre-
ativity Machine has two main components: an Imagination
Engine for generating new ideas and an Alert Associative
Center, for evaluating the ideas coming from the Imagina-
tion Engine. The Imagination Engine is an Artificial Neural
Network (ANN), which can be trained on some body of knowl-
edge and then perturbed internally with just the right amount
of noise. Creative ideas are supposed to come from the associ-
ations made during training combined with the right amount
of noise added to the response of the ANN. Unfortunately
Thaler’s claims are very difficult to establish or assess from
published data. For example, we could not find the mathe-
matical parameters of the network providing the ‘right’ per-
turbation needed for potential ideas to arise, or any details
on the way the evaluator actually operates. Other problems
are the lack of external references to support claims such as:
‘[the] architecture emulates the thalamo-cortical loop in the
brain (e. g., the seat of intelligence and consciousness) rather
than blind [search]’ [10].

3 FUNCTIONAL IMAGINATION

As mentioned before, in our project we are focusing on build-
ing architectures that can exploit neuroscientific data for pro-
ducing architectures for functional imagination. We define
functional imagination in the context of artificial embodied
agents as the mechanism that allows an agent to simulate
its own behaviours, predict their sensory-based consequences
and extract behavioural benefit from doing so (see [17]). By
behavioural benefit we mean an increase in reward or utility
achieved by using internal simulation. Here, we present what
we claim to be five necessary and sufficient conditions for the
presence of functional imagination in any embodied agent. We
will briefly discuss each condition in order to introduce some
of the components in our models. We have demonstrated suffi-
ciency elsewhere using a working implementation of a minimal
architecture where the 5 conditions were included [17]; in this
paper we will concentrate on the actual operation of a simple
architecture.

Condition 1: Sensorimotor-based prediction

An embodied agent should be able to predict the consequences
of its actions in terms of sensory-based activations. This idea
has been advanced by [7] [8] and [9] and offers a possible
explanation of neural activations in the sensory and motor
areas of the brain during covert behaviour. This condition
implies the existence of sensory-motor mechanisms as well
as a mechanism for predicting the sensory consequences of a
motor action. In control theory such a mechanism is called a
forward model. In general a forward model is a mechanism
that predicts the next state of any system (the plant) given
its current state and the current action. Forward models have
been argued to be very basic mechanisms that evolved ini-
tially for anticipation in motor control [7]. However the new
idea is that, if detached from the external sensory data, the

forward model can then predict the consequences of an ac-
tion and substitute for the incoming sensory signal with its
predicted value. If in addition to this an agent is able to se-
lect an action and inhibit it from overt execution, then the
agent would be endowed with a sort of virtual world which
could be detached from the external world, and in which ac-
tions could be tried covertly and their consequences predicted
without further external information [6]. Dennett argues that
an animal endowed with such a virtual world - a ” Popperian
creature” - would have an evolutionary advantage over other
creatures, because it would able to try various risky "hypothe-
ses’ of action without putting itself in real danger [4].

Condition 2: Goals

An agent must be able to execute goal-related behaviour. By
goal-related behaviour we mean simply the ability to generate
motor commands as a response to an internal state that might
be changed as a result of the execution of those commands.
This could be as simple as searching for food in response to
hunger. In this situation the internal state of the agent is
hunger (or some representation of the need for food), its goal
is to reduce or eliminate hunger, the target of its action is
food, and its behaviour is foraging.

McFarland distinguished between goal-directed, goal-
achieving and goal-seeking behaviour [20]. A goal-directed
system is one where the behaviour is guided by reference to an
explicit internal representation of the goal to be achieved; for
example, an explicit representation of the required percentage
of stomach filling to be achieved. A goal-achieving system is
one that can recognize the goal once it is arrived at (or that
can at least change its behaviour once it reaches the goal), but
where the process of achieving the goal is determined solely
by the environmental circumstances. For example, an animal
would keep foraging and eating until the stomach was full,
when the signal from the full stomach would cause a switch
in or cessation of the behaviour. Finally a goal-seeking sys-
tem is one that is designed to approach the goal without the
goal being explicitly represented within the system. A good
example of this is a scheduling system that allocates a certain
time slot for some particular behaviour (say, eating); when
that time slot ends, some other behaviour is triggered.

For functional imagination, the goal is not required to be
explicitly represented in the way required by a goal-directed
system. Nevertheless, the goal needs to be recognized once the
agent has arrived at it. The reason for this is that the useful-
ness of internal simulation must be measured in relation to a
goal. Without the presence of a goal (be it implicit or explicit)
internal simulation loses its functional value because there is
no way of establishing whether it arrived at a useful result or
not; it then becomes something closer to day-dreaming or the
free association of ideas.

Condition 3: Evaluation

It is very hard (if not impossible) for an agent to behave in
every situation in a way that maximizes its chances of sur-
vival and/or reproduction. For example, through lack of ap-
propriate cognitive abilities, a dog might fail to identify the
usefulness of a stick for taking food out of an otherwise inac-
cessible cage. If an agent was always able to behave optimally



according to some desired measure there would be no need
for functional imagination. It is the possibility that the agent
might produce behaviours that fail to achieve its goals that
makes the role of functional imagination relevant. An agent
therefore must in some way be able to evaluate its current
state (be it real or imagined), which implies at least the ca-
pacity to distinguish whether a goal is fulfilled or not. As
explained above this is a minimum requirement of any agent
capable of either goal-directed or goal-achieving behaviour.
Evaluations might be binary - stating simply whether a goal
was achieved or not - or might take a range of values indicat-
ing the degree of satisfaction of the goal according to some
measure (say, energy expenditure).

Condition 4: Action selection

An agent must be able to select actions (or motor responses)
for internal simulation. Animals have a number of different
tasks that have to be performed in order to enable their sur-
vival and reproduction (e.g. eat, drink, mate, etc). This means
that they must be capable of producing different and appro-
priate behavioural responses in order to fulfil each task. This
action selection is also necessary for dealing with simulated
actions. If an animal was able to perform only one possible
action, the usefulness of imagination would be restricted to
the decision of executing the action or not, according to the
evaluation of the consequences of the simulated action. In
all other cases, functional imagination requires the agent to
be able to try different actions in the same situation. As a
minimum, this demands that the same action should not be
repeated even though the state remains the same; a simple
mechanism implementing inhibition of return [11] can fulfil
this requirement.

Condition 5: Selection of sensorimotor-based
state

An agent must be able to imagine situations that are not
tightly tied to its current context. Selecting the scenario
within which internal simulation is performed is essential to
allow the agent to set its internal state independently of its
current state. This would also allow the agent for example
to simulate what it would have happened in a past situation
if some other actions had been taken - enabling reflection
and enhanced planning [34]. In addition, different states are
produced during internal simulation as a result of simulating
different actions and it will be useful - for example, in multi-
step planning - for the agent to be able to select the state
within which actions will be simulated. Without this mecha-
nism an agent would be restricted to scenarios based only on
its current state.

4 ARCHITECTURE

In our project to date we have implemented a variety of archi-
tectures. The reason for this is simply that we suspect (and
therefore we want to show) that increasing imaginative ability
comes at the expense of an increasing number and variety of
components in the architecture. In order to differentiate and
categorize these architectures we have created a taxonomy.
We differentiate between architectures that reuse the same

sensory-motor structures for both overt and covert behaviour
(economical architectures) and architectures that use copies
of those structures for covert behaviour (duplicated archi-
tectures).We differentiate between architectures that overtly
trigger the first solution they find for a certain problem (reac-
tive architecture) from architectures that are capable of ap-
plying the best solution found within a given time (rational
architecture). We also differentiate between architectures that
can simulate only one step ahead (single-step architectures)
and those that can cope with several steps ahead (multi-step
architectures). Finally, we distinguish between architectures
that retain and use memories of previous plans (memorizing
architectures) and architectures that have to search afresh for
a plan every time a given problem appears (memoryless archi-
tectures). Due to space limitations, we will present only one
architecture here, an example which in our taxonomy would
be classified as reactive, single-step, economical, and memo-
ryless).

4.1 Architecture components

The architecture we will describe here is shown in Figurel.
When producing a model of functional imagination, one of
the first questions to be answered is how the system can dis-
tinguish reality from fiction (what is being imagined) [28]).
In our architectures we use a switch mechanism both to im-
plement and to capture this distinction. As can be seen in
Figurel the switch mechanism affects both the sensory and
the motor systems. When the switch mechanism is set to ON
the sensory system uses the information coming from the real
world; when the switch is set to OFF the sensory system uses
the information provided by the forward model. In addition,
when the sensory system is set to ON the motor actions are
executed overtly, while when it is set to OFF any motor ac-
tion is inhibited from overt execution. In between the sensory
and motor systems there are two selection mechanisms: one
to select an action for execution, and another for selecting the
feature (target) at which the action will be directed.

The short-term memory connected to sensory system
(State0 STM mechanism) allows the agent to set the scenario
(sensory state) that will be used as the starting point for the
plan. In this implementation this state is the sensory state at
the time the switch is set to OFF, but in other architectures
this is not necessarily the case. In addition, because this is a
single-step architecture, the state stored in this memory will
be the starting point for the simulation of every action tried;
it must replace the sensory states produced by the forward
model after each simulated action.

The sensory mechanism is connected to an evaluation mech-
anism which allows the agent to evaluate its current state in
relation to its current goal. In addition, the evaluation mecha-
nism determines whether the current action and feature selec-
tion policies should be changed or not. A policy is a mapping
from sensory states to the actions or plans that the agent
ought to perform ([35]). If the evaluation is positive then the
target and action policies are changed in order make the de-
cisions that led to the rewarding state more salient and more
likely to be chosen in the future. If, on the other hand, the
evaluation is negative the policy should be changed in or-
der to allow for other actions to be preferentially selected. In
this architecture a plan entails only one action because it is a
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Figure 1.

single-step architecture.

Finally, we can see that the switch is connected to a timer.
This allows the architecture not only to allocate the amount of
time it will spend searching covertly for an action or plan, but
also to interrupt the covert simulation (by setting the timer to
OFF) in response to any unexpected event that might happen
elsewhere in the system.

4.2 Control Flow

In addition to the components of the architecture we also
present here the control flow of the activities in the system
(see Figures 4 and 5). The architecture is divided into two
main functional groups: one responsible mainly for control-
ling the switch (Figure4) and another responsible for control-
ling the behaviour (overt and covert) of the agent (Figure5).
Each group works on its own internal loop but one is capa-
ble of influencing the other. A good analogy here is the way
two threads in an operating system can run their own inter-
nal loops independently, but each influences the other by (for
example) setting common variables.

In the implementation of the architecture the agent starts
by being engaged in overt behaviour under the control of the
sensory and motor policies until a goal is set in the system.
In the current implementation the goal is set manually, but
in an agent fully embodied in the world the goal could arise
automatically - for example, the need for food, or for a mate.
Once a goal arises in the system the agent performs the neces-
sary steps for entering simulation mode: it stores the current
state in the State0 STM mechanism, sets the timer to the
amount of time allocated for solving that specific problem,
and sets the switch mechanism to OFF, which inhibits the
sensory and motor components from communicating with the
external world. In this implementation the timer is set to a
fixed time, but in an agent fully embodied in the world the
time allocation for solving a problem should be dependent on
some measure of significance of the goal in the current context

of the agent. Time allocation is an essential ability of any em-
bodied agent that must fulfil multiple goals in order to survive
[21] and the allocation of time to simulate and imagine is just
an extension of that idea. After the initialization is complete
this functional group does not do anything until the time for
solving the problem expires.

Once the switch is set to OFF the architecture responsi-
ble for the behaviour stops whatever action was running and
evaluates the current sensory state. From this point on this
sub-architecture simulates actions covertly until the switch is
turned ON. The simulation of one action starts by loading
the sensory state stored at the time the problem arose. As
mentioned above, the reason for this is that the architecture
presented here is a single-step architecture (see above). After
loading the state, the agent selects a target and an action and
simulates the result of executing that action using the forward
model. Once the action is complete the agent evaluates the
resulting state; if the state achieves the current goal then the
agent sets the timer to OFF and sets a flag indicating that it
found a solution for the goal; otherwise it simulates another
action.

Once the timer is OFF (either because the agent found a
solution for its problem or because the time for solving the
problem expired) the architecture responsible for controlling
the switch sets the switch to ON. This will force the sens-
ing mechanisms to receive information from the real world.
In an embodied system, if no solution was found during the
simulation period the agent should choose what to do next
based on its current context (e.g. take more time to simulate,
or perhaps do nothing until the situation changes); here, the
architecture simply terminates stating that no solution was
found. If, however, a solution has been found, the policies for
the target and action selection are reinforced to bias them in
favour of executing the action overtly.

Once the overt execution of the plan (one action) termi-
nates, the final state of the (real) world is evaluated. If the
evaluation is positive the problem is solved; otherwise, the
architecture states that the plan was unsuccessful. Here, as
before, the current context of the agent and the nature of the
problem should determine what happens next.

For reasons of clarity, there is a part of the diagram that
is not included in Figure5, which is connected to the decision
point 7 Action complete” (see Figure2). This part deals with
the problem of what happens if a goal cannot be achieved be-
cause the action in the plan was for some reason unsuccessful
(e.g. perhaps due to a sudden change in the world). If an ac-
tion during the execution of a single step or multi step plan
was unsuccessful the plan becomes obsolete and the architec-
ture terminates in a state of 'plan unsuccessful’. Once again,
it should be the current context of the agent that determines
what to do next.

YES NO ON
Action Action Plan
complete successful unsuceessful

Figure 2. Part of the work flow that was not included in Figure

5.



5 EXPERIMENT

In order to test our architecture, we used our physics-based
humanoid simulator - SIMNOS [5]. In SIMNOS’s body the
skeletal components are modelled as jointed rigid bodies, with
spring-damper systems at each joint. The rigid body limbs are
fully contactable surfaces which allow the robot to interact
with its environment. Each muscle is modelled as a single par-
allel spring-damper system with asymmetrical conditioning of
the spring and damper constants, in order to allow the mus-
cle to produce force only when is contracted (for more details
see [5] and [18]). The robot has a monocular visual system
(first-person view) that allows it to capture coloured images
of its environment in a way similar to a camera mounted on
a real robot. This simulated camera also provides the agent
with the distance of each projected pixel.

For this experiment we used two instances of SIMNOS run-
ning in parallel; one to capture the interactions between the
real agent and the real world, and the other to capture the
covert interactions of the agent (the result produced by the
forward model in the internal architecture). We will call the
former the real agent and the latter the virtual agent. A sim-
ilar approach where a second instance of a simulator is used
as an internal model of the first instance can be found in [39].

5.1 The task

In our experimental setup, the real agent has in front of it a
blue object and a red object on a table top (see Figure3). As
can be seen in Figure3, the same general scene is loaded into
the virtual agent, but the objects are not included. The real
agent can visually explore the real environment by moving
its head around. Every time an unknown object is found in
the real world the virtual environment is updated by placing
an object of the same colour in the appropriate position. The
objects are distinguishable by their colour.

Figure 3. The experimental setup: the real world on the left
and the virtual world on the right. At the beginning of the task
the agent’s virtual world (right) does not contain objects to
interact with; they are added as the agent explores the real world.

Before we set the goal manually, the agent was given some
time to explore its environment - enough to find the two ob-
jects and update its virtual world. The goal the agent was
required to achieve was to move the red object further than
a certain fixed distance. In order to solve the task the agent
was endowed with two pre-programmed behaviours: one that
allowed it to grasp an object, and another that allowed it

to grasp an object and throw it forward. The goal distance
threshold was set to a value that could usually be exceeded
when the agent executed the throwing behaviour on any of
the objects. Once the goal was set, the architecture ran as
described above until one of the end states was reached.

current slate

Soiution not
found

Timer=T Start simulation

Reinforce
saliencies

YES
| End simulation }—-ﬁ| Swich = ON

Switch = OFF

H{ELE

Control flow of the architecture responsible for
controlling the switch.

Figure 4.

Ewvaluation = 0

Evaluation

OFF
ON

Solect action
Predict next
state

Sclution = true

Plan
successiul

ES

Y
Action
complete
NO

Control flow of the architecture responsible for the
behaviour of the agent (overt and covert).

Figure 5.

5.2 Selection mechanisms

We adopted a reinforcement learning strategy in order to form
the target and action selection policies appropriate for reach-
ing the goal. The reinforcement learning algorithm had to ar-
range that the red object and the throwing behaviour should
be more salient that the blue object and the grasping be-
haviour respectively. This would allow the agent to throw the



red object forwards and exceed the distance threshold. In this
single-step architecture the target and action saliences were
modelled using two arrays, one for each selection mechanism.
Because there were two objects, the feature salience array
contained two values, one for each object. The same applied
to the action salience array.

The salience arrays were initialised with low random values.
Every time a negative evaluation was received (meaning that
the goal had not been achieved) the feature and the action just
selected were punished by decreasing the salience of each by a
fixed amount. During the search, the probability of selecting
the most salient item (feature or action) was set to a value
of 0.75*. This meant that 25% of the times the item selected
was the less salient one.

5.3 Results

The results of the experiment showed that the agent was
reliably capable of solving the problem overtly when given
enough time to search covertly. The behaviours implemented
are not certain to be successful, and occasionally fail. For ex-
ample, the agent might fail to grasp an object, or might drop
the object when trying to throw it. Uncertainty is a feature of
complex and dynamic environments (such as the real world,
and also our simulator) and this is actually a good strategy
for testing our model; it shows that it is capable of coping
with deviations from perfection. In addition, the architecture
was also able to detect when a solution was not found within
the time slot allocated.

6 DISCUSSION

6.1 Activation of sensorimotor areas
during covert behaviour

We started this paper by mentioning some experimental re-
sults showing the relations between overt and covert be-
haviour at the level of brain and behaviour. One of the themes
was the appropriate activation of sensory and motor areas
during imagery. In our model we have shown that executing
actions covertly necessarily activates the sensorimotor mech-
anisms active during overt behaviour.

6.2 Overt and covert behaviour

Other results have shown that the time for performing a men-
tal rotation depends linearly on the angle of rotation, and that
the time taken to imagine folding a piece of paper increases
with the number of operations that need to be performed. In
our architecture, the time that it takes to imagine grasping a
target depends on the distance of the target. Here, one could
argue that by using a second instance of the same simulator
as the forward model the time to reach a target overtly and
covertly should actually be the same. This is true if one as-
sumes the simulators run at the same speeds, which in our

4 This value is almost irrelevant in the current implementation as
there are only two choices per selection mechanism. The only sit-
uation we want to avoid is that of a cycle where feature! and
behaviourl are selected first, then feature2 and behaviour2, and
then back again to featurel and behaviourl. The use of a stochas-
tic method for selecting the most salient behaviour ensures the
diversity of the behaviour.

implementation they do. However, the linear dependence be-
tween the distance to the target and the time to grasp it
would happen in any sort of model that could covertly pro-
duce data that is qualitatively similar to the real data. At
the moment we are at a stage where we will start implement-
ing the architectures in our real humanoid robot. Once this
is done we will have more data to prove our point. For the
same reason, time that it would take to imagine the execution
of several behaviours would be dependent on the number of
behaviours that need to be executed. Here, we only present
data regarding a single behaviour, but this can be shown in
the implementations of our multi-step architectures.

6.3 Defects and pathologies

The simple architecture we have described has a key compo-
nent - the switch. It can malfunction in a number of ways,
and some of these have intriguing parallels to some human
pathologies. For example, it is supposed to be OFF during
episodes of internal simulation; if it fails to operate, the imag-
ined behaviour will be executed in reality. In humans, mo-
tor commands produced during dreaming are normally inhib-
ited, but in some people, popularly called sleepwalkers, ac-
tions corresponding to dream elements are occasionally car-
ried out, and several cases of murder have been defended in
the American courts by claiming that the alleged murderer
had been unconsciously acting out a dream. One eventual aim
of this project is to systematically damage the architectures
produced and to log the system pathologies, with the aim of
comparing these to standard databases of human pathologies.
Correspondences will not amount to proof that our models
capture the processes of human imagination, but the com-
parison will at least reveal something about the goodness of
fit.

6.4 Simultaneous overt and covert
behaviour

We have argued elsewhere [15] that an architecture that reuses
its sensory and motor systems for overt and covert behaviour
cannot act covertly at the same time as it acts overtly . In
fact, the question of whether we reuse the exact same neural
structures for overt and covert behaviour or whether we use
copies of those systems (which must be localized in the vicin-
ity of the sensory and motor areas for the experimental results
to hold) is an open question. We have already implemented
architectures that deal with this problem, and allow an agent
to act covertly and overtly at the same time and we hope to
publish the results in the near future.

7 CONCLUSION

In this paper we have proposed a modelling framework for
what we call functional imagination: the ability of an embod-
ied agent to simulate its own behaviors, predict their sensory-
based consequences, and extract behavioural benefit from do-
ing so. We have identified five key components of architectures
for functional imagination, and claim that they may be both
necessary and sufficient. We have outlined a simple architec-
ture, explained the flow of control within it, and described a



typical testing scenario using nested physics-based robot mod-
els. We have also speculated about how malfunctions within
such an architecture may produce effects reminiscent of those
found in certain human pathologies. This is ongoing work,
as yet in its early stages, but it holds some promise of lead-
ing to a systematic synthetic approach to understanding the
problem of imagination.
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