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Abstract In this paper, we describe a brief survey of
observational learning, with particular emphasis on how
this could impact on the use of observational learning in
robots. We present a set of simulations of a neural model
which fits recent experimental data and such that it leads to
the basic idea that observational learning uses simulations
of internal models to represent the observed activity, so
allowing for efficient learning of the observed actions. We
conclude with a set of recommendations as to how observational learning might most efficiently be used in developing and training robots for their variety of tasks.
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Introduction
A formal definition of observational learning states
‘‘observational learning (also known as vicarious learning,
social learning, or modeling) is a type of learning that
occurs as a function of observing, retaining and replicating
novel behavior executed by others. It is argued that reinforcement has the effect of influencing which responses one
will partake in, more than it influences the actual acquisition of the new response’’ [5]. In other words, observational learning is a type of learning in which a person learns
new information and behaviours by observing the behaviours of others.
Observational learning has been observed in animals as
well as humans. Non-primate species show observational
learning in special situations. Lion cubs learn to hunt by
watching from a concealed location, usually monitored by
their mother, as the adult lions hunt (http://en.wikipedia.
org/wiki/Lion). Parrots are also good at imitating. Modelling by the parrot is used in the rival mate technique for
training parrots. If a trainer wants an adult male parrot to
perform tricks, the bird is allowed to watch a rival male
show-off in front of a female. The untrained parrot will
then imitate many of the tricks with no special training
(http://en.wikipedia.org/wiki/Parrot). An example of similar learning in invertebrates has been observed in the
common octopus, Octopus vulgaris [15]: ‘‘Unconditioned
Octopus vulgaris (observers) were allowed to watch conditioned Octopus (demonstrator) perform the task of selecting one of two objects that were presented simultaneously
and differed only in colour. After being placed in isolation,
the observers, in a similar test, consistently selected the
same object as did the demonstrators. This learning by
observation occurred irrespective of the object chosen by
the demonstrators as the positive choice and was more
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rapid than the learning that occurred during the conditioning of animals. The task was performed correctly
without significant errors and further conditioning for
5 days. These results show that observational learning can
occur in invertebrates’’.
The most famous putative example of observational
learning was the spread of the ability to open milk bottles,
amongst blue tits, Parus caeruleus, and European robins,
Erithacus rubeculain, in Great Britain [22]. These birds
learnt to rob cream from the top of milk bottles during the
early part of the twentieth century, and the blue tits later
adapted to the use of aluminium foil seals on the bottles,
learning to tear them to access the cream. There are actually two hypotheses which could explain the increase in
these behaviours: First, birds might observe other birds
feeding in this manner and adopt the behaviour. Second,
each bird might, independently, discover this feeding
option. This second possibility is particularly likely if a
bottle opened by one bird serves as a clue to other birds
that the bottles are food resources.
In humans, observational learning can take place at any
stage in life. It is thought to be of greater importance during
childhood, particularly as authority becomes important.
The best role models are those of a year or two older for
observational learning. Because of this, social learning
theory has influenced debates on the effect of television
violence and parental role models [5, 6].
At this point, we should note that observational learning
is different from imitation. In imitation, a subject will
observe an actor and then almost immediately repeat the
actions he/she observed. However, he/she may not have
tried to remember the actions, which instead is the crucial
point about observational learning. If one does not have the
learning element, then the skills of the subject have not
been advanced, and so a valuable opportunity has been lost
by the subject of improving his/her quality of life.
Another important point is that observational learning
may take place at different levels of detail. Thus, there may
be the ability to reach the goal of the teacher, but by quite a
different set of actions than the ones they used. On the other
hand, the subject may try to learn not only the final goal, but
also the detailed set of actions that the teacher used to gain
that goal. Such detail may arise from the demands of the
teacher, but alternately just from the level of accuracy
desired by the subject himself, independently of the teacher.
Such detail may be needed in some sports, for example, in
order to be as effective as the teacher. Thus, for example, to
achieve the goal of a suitably high jump, it would be necessary for the subject to take careful note of the style of the
Western Roll used by the teacher, and not just the fact that
the teacher was able to jump remarkably high.
It is clear that observational learning is of great value in
improving the quality of life, by increasing the motor skills
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of animals and humans. If it is to be employed in robotic
projects, it is necessary to determine how far it can go.
What sorts of motor skills are able to be learnt just by
watching another? Are basic motor skills part of this, or do
the motor skills have already to be learnt and only new
ways of using them or allying them with new goals is learnt
observationally? These and related questions on observational learning limitations are the thrust of this paper. They
will be addressed after a further description of present
knowledge on the topic.

Observational Learning in Humans
Observational learning has been defined above for both
non-human animals and humans. What is not learnt by
observational learning (at least in humans) may be conjectured as follows:
•

•
•

Fine motor control, such as the execution of motor
plans generated by affordances. But is this valid as part
of sports training? Can there be precision reproduction
of adult actions? A case in point was mentioned above
as the learning of the actions needed to achieve the
Western Roll in the high jump.
Integration of state information and an affordance
action into a motor plan
Initial affordance actions learnt by trial and error and
then matched by observation.

However, these features need further discussion before
they can be accepted (or rejected).
One question that needs to be answered is the possibility
of entirely new skills being learnt by observational learning; this has already been hinted at. We will need to discuss
this later, in the context of child observational learning. We
will find that the only evidence presently available indicates that basic motor skills must be present (from other
learning styles) in order for observational learning to occur.

The Ball-Stand Experimental Paradigm
In the EU-MATHESIS project, observational learning on
infants was tested with the ball-stand paradigm [16];
http://www.ics.forth.gr/mathesis/). Briefly, in the ball-stand
paradigm, infants were shown a ball balanced on a stand of
varying diameter (decreasing with age) (see Fig. 1). To test
trial-and-error learning, the infants attempted to grasp the
ball. Their successes and failures were recorded. After
30 s, the infants attempted the task again and once more
after another 30-s gap interval. To test observational
learning, the experimental group saw a demonstrator perform a single (correct) grasp of ball. The infants then
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Table 1 Success levels in trial-and-error learning by infants of various ages
Age (months)

Trial 1

Trial 2

Trial 3

8

12.5

62.5

59

10

44.4

44.4

44.4

12

44.4

44.4

44.4

15

57.1

14.3

57.1

18

50

57.1

50

The different entries of the trial 1, 2, and 3 columns are the percentage
levels of success over the group of infants for the different trials

Fig. 1 The ball-on-a-stand experimental paradigm

attempted the task and their success or failure was recorded. Eight-month-old infants increased in success significantly between first and second trials, but not thereafter. No
other age group showed any significant increase in observational learning skills (nor with trial and error; 15 month
olds actually decrease in performance between 2nd and 3rd
trials (possibly from boredom/frustration with task). These
results are presented in Tables 1 and 2.
In general, we should note that in the paradigm the
object recognition required is very simple (one object). The
motor error level is assumed to be dependent on age
(although this focuses on 8 month olds). The approach of
the hand determines what error levels cause failure (the
side approach fails, the top approach is much more robust,
as shown by the teacher in Fig. 1), where the ball falls off
the stand when its centre of gravity moves over the edge of
the support, unless the path of movement is blocked by
fingers. Success levels for infants of different ages as
obtained experimentally are presented in Tables 1 and 2.

Table 2 Success levels in observational learning by infants of various ages
Age
(months)

Control success
(%)

Experimental success
(%)

Sig?

8

12.5

75

Y

10

44.44

55.56

N

12

44.44

57.14

N

15

57.14

66.67

N

18

50

66.67

N

The experimental group has a single observation of the teacher
demonstrating, the control group has no prior viewing of the set-up.
The experimental group has a clear high level of success, whilst those
without such experience fare badly

the infant to use an object with a particular action: if it fails,
there was an adjustment of the ‘‘weightings’’ for affordance,
leading to a change in the action connections (as would occur in
a neural network). But we need to know whether action fails due
to motor error or action choice problems. We assumed in the
simulation that the action chosen by the infant was incorrect.
We furthermore assumed that there were the following errors:
•

Neural Modelling of Observational Learning

•
•

In the neural modelling of the ball-stand paradigm (in
MATHESIS), the approach taken was as follows:
(a)

The contact points were assumed to be on opposing
sides of the ball, coded relative to object centre;
(b) The approach vector was taken as an additional
component;
(c) An initial bias was taken for the direct, sideways
approach (assumed based on previous experience) as
compared to the approach of the hand from above;
(d) The infant has a choice of possible approaches,
represented as different affordance actions.
Also, it was assumed in the modelling that there is an
existing set of possible affordance actions for use with an
object, as previously learnt by the infant. An attempt is made by

•

Errors in angle = choosing to approach the ball from
the side, rather than above (choice of action)
Visuomotor/sensory integration/planning errors
Motor error = missing contact points, potentially causing ball to be knocked off (for smaller stand sizes,
smaller motor errors cause failure)
Boredom (error of motivation/goal selection—not
modelled here).

The resulting simulation was successful in explaining
the observational learning observed in the 8-month infants
and mentioned above. We concluded that:
1.

2.

The basic mechanism is the transfer of actions (or
shifting of association strengths) on already-learnt
affordances, thereby providing a fast observational
learning mechanism;
There are competitive/complementary learning mechanisms—learning by trial and error and learning by
observation. But trial-and-error learning was observed
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3.

as weak for most ages, and observational learning is
more effective;
There was an initial bias towards direct (horizontal)
reaching to the ball, with fast learning by observation
(again observed to be much more effective than trialand-error learning).
We expand below on the model approach we have taken.

Model Structure: Block Diagrams
Here, we present three block diagrams corresponding to the
biological model (see Fig. 2) and two aspects of the cognitive model (see Figs. 3, 4). We present only brief
descriptions of the models, since they are discussed more
fully in the papers [16, 23, 36].
Biological Model (M1/S1 Activation) (see Fig. 2)
This model is designed to explore the neural activations
underlying observation and execution of a grasping task. It
is constructed based on both a proposed functional flow of
information and an understanding of the neural circuitry
involved in motor movements. As part of its function, it
specifically addresses the question of activation of both M1
and S1 during observation (as well as execution) of
grasping movements (Hartley and Taylor, [23, 29, 30].
Cognitive Model: Grasping Task (see Fig. 3)
This model builds on the principles of the reach-to-grasp
model, but extends it to incorporate the idea of observational learning as the transfer of actions on affordances
with the aid of mental simulation [16].

Fig. 2 Brain inspired model of observation and execution of grasping
an object (adapted with permission from Taylor [35], p. 262, Fig. 8.5,
Copyright Springer (USA)). Activity passes from visual input via
processing to activate an object module. In the execution case, this
object then activates a grip, and the result is passed to motor planning
where it can be integrated into a full movement. The inverse model
controller (IMC) generates a desired action to achieve movements
from one state to a desired goal state. The forward model (FM)
changes the estimated state of a system given its present state and the
given action to be taken. Both the IMC and FM ensure that the
movement is executed correctly. In the observation case is used to
analyse the grip used and help to match against the internal list of
grasps

Cognitive Model: Mental Simulation (see Fig. 4)
Here, we further expand the mental simulation loop to
explore its operation. This involves adding working and
long-term memories and an inverse/forward model pair for
state prediction [36].

to the possible visual scenes involved in the experiment. The
raw visual input area maps these scenes to the dedicated nodes
in the visual processing module.

Model Implementation: Algorithmic Description

Objects/Grips

In the model, modules are named for either their function
(such as visual input) or their relation to brain area (M1,
S1). A fuller correspondence of model regions to approximate brain areas is included in Table 3.

These modules code for the objects and grips known to
the system. The coding is very simple—each possible grip
consists of a dedicated node (graded neuron), similarly for
objects. Within each module, these neurons are mutually
connected with inhibitory (negative) weights, such that
this competition only permits one node to be active currently. The connection between the objects module and
the grips module is affected by Hebbian synaptic
plasticity.

Visual Input/Visual Processing
To keep the operation of the simulation simple, the visual
processing area contains only dedicated nodes corresponding
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Fig. 3 Modular architecture for
execution of grasping actions
via observational learning and
mental simulation

Premotor/Parietal Motor Planning
This area takes input in the form of a grip (represented by a
dedicated graded neuron node) and needs to produce output
as a neural activity. It therefore serves as a hybrid area,
converting from a neural representation to a vector-based
one. This translation occurs as a conversion from an input
from a specific node into a set of positions of end effectors,
using a lookup table (so that a specific grip then has a set of
positions). The area also takes input from the sensorimotor
feedback module in the form of a set of current positions of
effectors. The module then performs vector subtraction
between these two sets of position vector, which produces a
movement vector. This movement vector is then fed to M1.

activated depending on the mode in which the simulation is
used. The nodes activate either the observation reward or
action drive modules, which in turn provide further input to
the modules to which they are connected.
Grip Analysis
The grip analysis module codes for a recognized grip. It
contains dedicated nodes using the same coding as the
grips module. It receives input from the visual processing
area, which activates the grip being observed. Mutual
connectivity with the grips module activates the same
representation in both modules.
Proposed Grip

Goals
The goals module contains two nodes, one corresponding
to the goal of observation, the other action. These nodes are

This area holds the candidate grip recognized by the system
during observation. It contains dedicated nodes corresponding to individual grips (using the same coding as the

123

Author's personal copy
Cogn Comput

Fig. 4 Neural architecture for simple observational learning into
which the mental simulation loop is embedded to allow actions or
representations of objects to be taken (adapted with permission from
Taylor [35], p. 264, Fig. 8.6, Copyright Springer (USA)). The
vision system including an object recognition module (for feature
analysis of input stimulus activation), an object codes module (coding
for separate objects by a form of self-clustering in the object feature
space), and affordance extraction (by trial-and-error or observational
learning); the executive control system as highest order control
module (to guide the attention system to function in visual form for
object and affordance coding or in motor form to achieve the
processing of motor control), also activation of the goals module
(with associated subgoals as they are discovered by exploration, either
actually or mentally through the mental simulation loop); the motor
control system (involving action planning processes and action codes

at a lower level); the sensorimotor system (involving proprioceptive
feedback codes), coupled with the hand position vector in the
sensorimotor module to bias the motor planning module. The mental
simulation loop itself consists of working memories for visual states
and motor acts coupled to a forward model and an IMC. The inverse
model produces the required action to lead from a given initial to a
final state; the forward model is a predictor of the next state from a
given state and an action on it. Two forms of activity of the mental
simulation loop are possible: The first is that under attention control
and the second is subliminal, with no attention being applied so that
the working memory buffers are inactive. This second form of mental
simulation has been conjectured to be that of the creative thinking
process, which is often interspersed with the conscious process of
thinking in everyday life

grips module). Inhibitory connections between the nodes
ensure that only one can be active concurrently. It is activated by the grip analysis module and the grips module,
both of which activate the nodes corresponding to those
active in those modules. The inhibition then ensures that
only one node can become fully active.

dA
¼ td  A þ kA  I
dt

M1/S1

FM/IMC Implementation

M1 (the primary motor cortex) and S1 (primary somatosensory cortex) are simulated to be able to test the model’s
capacity to explain experimental results showing activation
in those regions. Both receive input in the form of sets of
vectors describing the movements of end effectors. To
measure the activation of these areas, an activation
measure is given based on

The IMC is needed to convert the motor plan from the
premotor/parietal planning region (which takes the form of
a set of vectors for the movement of end effectors) into a
form usable for whatever simulated or physical implementation of the system’s embodiment is used. The FM
performs the reverse of this conversion, taking input in the
form of the system’s feedback about actual movements
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where A is the activation, td is a decay constant, kA is a
constant. I is set to 1 whenever input is passed from the
premotor planning area and is zero otherwise.
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Table 3 The proposed correspondence between the modules in the
model and brain sites

Subgoals

Model area

Brain correspondence

Raw visual
input

Retina

Visual
processing

LGN, V1, V2, V3, V4,
V5, V6

Grips

F5 (grasp generation)

This module is present in the cognitive model. It contains
nodes representing the components of the task (such as
removing a box lid, unlocking a latch, in another paradigm). It is controlled by the executive control module
which biases the current subgoal selection based on visual
data and feedback from the error monitor.

Objects

Inferotemporal cortex

Premotor
planning

PMC

IMC/FM

Brainstem

Grip analysis

AIP

Executive
control

PFC

Goals

Orbitofrontal

Subgoals

PFC

Error
detection

Inferior right PFC/
ACC/parietal

Stored
affordances

STS

Working
memory
(visual
state)

Posterior parietal
cortex, EPJ, middle
temporal lobe

Working
memory
(action)

DLPFC

Long-term
memory

Cortex, related to
hippocampus

Notes

IT for recognition

Or an alternative control
mechanism

Several areas implicated

Computational Formulation
The model is implemented in C?? code, and as such runs
on any system. The processing requirements for models of
the current complexity are low (few objects, grasps, and
representations) so execution time is rapid. The primary
unit from which the models are built is a module class. This
is a flexible class designed to accommodate the various
neural/hybrid processing structures contained in the model.
The main features of the class are as follows:
(a)

This is long-term episodic
memory (as opposed to
motor skill memory, for
example)

which have occurred and converting to the vector form
used by the motor planning area.
In the simple implementation of the system, the output is
the positions of fingers, so the IMC simply passes on the
instructions to move these to the simulated muscles.
However, it would be possible to use either a real or simulated (such as with the Webots package) robot as output,
in which case the IMC and FM would need to convert to
the motor movements used by the robot.

Muscles
The simple simulated muscles store the position of the
fingers and update these based on the vectors describing
their movement passed on from the IMC. The new positions are then passed to the FM.

A processing unit updated every time step. This can
contain neurons, vector calculators, or other functional units.
(b) Inputs and outputs with links to other modules. The
input method processes the incoming data into a
suitable form for the module.
(c) Readouts—these allow various data components of
the module (such as neuron membrane potentials or
translation vectors) to be outputted for data collection.
To then fully implement the models using this system,
we then develop a full graded neuron model class
(described in the next section) which can be contained
within the modules used, along with the other hybrid processing structures necessary.
Methodological Development
Graded Neuron Implementation
Since we wished to implement our model in a partially
neural manner, we needed to decide on which type of
neuron we wish to use. Some form of spiking neuron model
would be closest to that found in most parts of the cortex.
However, we wished to represent large neuron populations
with a few simple cells, so a graded neuron form was ideal
for this—the output profile represents the average activity
of a population of spiking neurons.
Because single-cell data for comparison are not available
for most modelled regions, there is little to be gained by a
spiking neuron implementation, since it also adds additional
complexity and requires larger neuron populations.
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Graded neurons are simple modelled cells with a single
membrane potential, V. Their membrane potential obeys
the equation:
Membrane potential

ð2Þ

where C is the neuron’s capacitance, gleak is the cell’s leak
conductance, Vleak is the cell’s equilibrium potential, and
I is the input current. An example of the membrane
potential’s response to a 3 s of stimulation current is shown
below in Fig. 5.
The neuron’s output is sigmoidal in form, following:

0.8

0.6

0.4

0.2

1
1þ

0

eðV=Vscale Þ

-0.08

where Vscale is a constant. The neuron’s output then varies
between 0 and 1. We can see the variation of output with
membrane potential below in Fig. 6.
Synaptic Plasticity
Where synaptic plasticity occurs, it follows a Hebbian
form, being proportional to the product of the activities of
the two neurons:
dW
¼ rlearn  O1  O2
dt
where O1 is the output of the first neuron, O2 the output of
the second neuron, and rlearn is a constant. We can see this
plasticity in action in Fig. 7. We use a pure Hebbian form
of plasticity rather than a more complex model such as
spike time–dependent plasticity (STDP) because our focus
is on large scale functional modelling, so it is useful to
keep specific neuron/synaptic interactions as simple as
possible. Also, STDP requires a full spiking model, and as

0.04

Membrane potential/current

1.2

1

dV
¼ gleak ðVleak  VÞ þ I
C
dt

O¼

Output

0.02

0
0

1

2

3

4

5

-0.02

-0.04

6

7

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

Output
Output

Fig. 6 Graded cell’s output as a function of membrane potential

discussed earlier, this form of neuron model is not ideal for
representing large neuron populations.

Relationship of Behaviour to Underlying Neural
Activity
M1 and S1 Neural Activation
We can relate the output of the model to the neural activity
that is being produced, with particular reference to the
experimental results that we are trying to model. One
example of this is the difference in activation in M1 and S1
during observation and execution of grasping actions
[29, 30]. From Fig. 8, we can see that both M1 and S1 are
active during the observation of reach-to-grasp movements
(a surprising result), with approximately half the activation
compared to the movement execution case.
Repeating this experimental set-up with the model, we
can relate the overall behaviour (performing versus
observing reach-to-grasp movements) with the underlying
neural behaviour, in this case the activations of the simulated M1 and S1 regions. Plotting these activations over
time provides results that we can see in Figs. 9 and 10.
Here, we can see that the neural behaviour shows the
expected result, activation occurs in both M1 and S1 during
observation, with higher activation occurring during
execution.

-0.06

Mental Simulation
-0.08

Time (s)
V

I

Fig. 5 Single graded cell’s response to input current
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During the operation of the mental simulation loop, we can
look at activations of the goal and IM/FM nodes which
reflect the process of working through the task via mental
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passing through further actions and the imagined visual
consequences. We can understand the mental processing
these activations represent by considering the following
flowchart (Fig. 13). This shows the order in which the
mental simulation operates, passing through various
imagined visual states and goals to reach the reward state.

0.15

Output/Weight

0.1

0.05

0
0

1

2

3

4

5

6

-0.05

-0.1

Time (s)
O1

O2

Weight

Fig. 7 Plasticity as a function of neuron activation

simulation. These charts show the activations of the nodes
dedicated to parts of the task. In Fig. 11, we see the initial
goal (opening the box) followed by imagined action
(pulling the top of the box) and the consequential visual
state (a part open box). This continues through Fig. 12

Other Experimental Results on Observational
Learning
Naturally, it is not possible to give a complete survey of the
results of observational learning in humans, due to the
richness and variety of the results. One of the basic questions
for human observational learning, from our point of view of
modelling it in a robotic system, is that of how it is carried out
in the brain. This is tied up with how affordances themselves
are coded in the brain. A very relevant paper on this [38] uses
brain deficits brought about by injury or disease in specific
subjects to indicate that both the ventral (object coding) and
dorsal (spatial coding) brain systems are involved in this,
with specific functionality provided by the ventral system in
addition to the obvious importance of spatial shape and
positioning coding arising from the dorsal system.

Fig. 8 Experimental data from
Raos et al. [30] (reprinted with
permission)
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Fig. 9 M1 model activations

activity in the motor and somatosensory cortices M1 and
S1, since they will not be activated directly by commands
to the muscles or active proprioceptive and somatosensory
feedback. However, they are expected to be activated to a
limited extent by the activity in the higher cortical circuits
involved in motor planning, affordance coding, and related
areas, and such activity is observed [29, 30].
In the ball-on-a-stand paradigm described earlier, it has
been observed that by the end of the first year, infants show
dramatic increases in manual skill. Fagard and Lockman
[14] tested one factor likely to contribute to this change: an
increase in the capacity for observational learning, which
may enable infants to learn new behaviours and practice
ones that they already possess. They were thus able to
evaluate change in imitation between 10 and 12 months of
age. Twelve 10-month-old and twelve 12-month-old
infants were shown different kinds of manual actions on a
variety of objects; infants also manipulated objects during a
free play control condition. Results indicated older infants
benefited more than younger ones in the demonstration
condition and that at both ages, and infants performed the
target action more quickly after observing a demonstration.
The group hypothesized that observational learning can
help manual skill development by enabling infants to learn
new actions and select and practice ones already in their
skill set.

Conclusions on Human Observational Learning
Fig. 10 S1 model activations

More direct experimentation on observational learning
has been particularly brought forward by the discovery of
the mirror neuron system [32, 33]. These are neurons
which were originally observed especially in the motor
cortical region F5 in the premotor cortex in the monkey.
Such neurons responded to a demonstrator showing an
action leading to a reward (such as picking up a raisin or
manipulating a tool in a certain way and then being
rewarded) as well as when the monkey performed the same
action. Such identical activity, when observing and performing a certain action, was discovered to exist in many
brain regions, even including the primary motor and
somatosensory cortex [29, 30]. This is to be expected if the
overall mirror neuron system is simulating the teacher’s
actions in the observation case, since the simulation circuit
will need to be similar to that of the action creation circuit
to be effective; the overall action circuit is known to be
quite extensive in the brain.
Thus, observational learning can be modelled as that
involved with an ‘‘internal simulation’’ of the action being
observed. This will fit well with the observation of reduced

123

The results of MATHESIS (the study reported on above)
and numerous other studies indicate that valid observational learning can certainly take place in situations in
which there is already a set of learnt actions possessed by
the subjects, and they have to learn the goals of the actions
or the choice of action amongst their repertoire in order to
succeed in the task at the level of their teacher. Thus, in
MATHESIS, infants already know how to pick up the ball,
from both a horizontal and a vertical position. They just do
not know which of these is the most appropriate, a fact they
deduce by the observation of their teacher. Thus, they are
learning by observing a suitable motor plan to solve the
task that of picking up the ball directly and without error
from its stand. So they had already had several months of
babbling and trial-and-error action learning before they
reached this stage (at 8 M of age).
The lesson of this for robots is a similar period of prior
training (babbling and trial-and-error learning) leading to a
powerful gallery of learnt actions and affordances and good
visuomotor control. The observational learning period can
then take the system to a higher level of complexity in what
actions it can perform.
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Fig. 11 Node activations during mental simulation

Fig. 12 Further node activations during mental simulation

But can infants (and others) learn entirely new skills and
new actions on objects by observation? Or do they need to
use trial-and-error learning to get their skill set-up to a
standard where observational learning allows the learning
of more efficient planning, using these skills, to solve
complex tasks? The more recent paper of Fagard and

Lockman [14] mentioned earlier begins to answer those
questions (and as these authors point out rather few earlier
attempts have been made on this question). The authors
state (pp. 91) ‘‘ … it seems that immediate imitation of
simple actions can be observed as young as 6 months’’
(references given in Fagard and Lockman [14]. The authors
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The observational or imitation learning processes involved
would have been those involved with putting a number of
these actions together, possibly bimanually. As noted in
[14] (p. 96), ‘‘Many of the manual actions were well within
their means: banging, rubbing, and pressing, for example,
are all manual behaviours that infants evidence at the ages
tested here.’’
One can conceive of the way an infant develops its
motor and affordance skills as follows: it begins its first
few months ‘‘babbling’’ away in a motor manner (as well
as linguistically, of course). It then may develop further
motor skills, such as the ability to pick up a ball or other
toys, or to push them around on the floor, by trial and error.
It then can begin to observe around it, from 6 or so months
onwards, the activities of its siblings, parents, or further
relatives such as grandparents.
It is in this later period that its powers of observational
learning will be able to flourish, especially as its attention
control improves to be able to last for longer and longer
periods and be directed in a joint manner coupled with that
of any putative teacher. The observational learning that
proceeds in this later period allows the infant to develop
better ways of approaching some of its goals, as in the ballstand paradigm used in MATHESIS. Ever more complex
motor plans are observed and imitated as the infant grows,
and its prefrontal cortex correspondingly matures. As it
grows older, it uses observational learning for increasing its
complex skills, such as in learning to play games such as
football, rugby, cricket, athletics, and tennis. Games which
require the learning of strategies in response patterns are
particularly appropriate to be learnt by observational
learning.

Observational Learning in Robots

Fig. 13 Activation sequence during mental simulation

note that around 10–12 months, important social changes
develop, allowing especially for the development of joint
attention.
However, careful study of the actions used in the demonstration shows that these actions are composed of those
the infant would already have developed either through
babbling or through trial and error: rolling a drum back and
forth to produce a sound, squeezing a duck to produce a
chirping sound, pulling a cylinder out of a large hollow
cylinder, rubbing or banging a cube on the table, or rubbing
cubes together, and so on. All of these actions are made up
of those expected to have been developed by each infant.
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There has been considerable previous work on modelling
observational learning in robots [10, 11, 13]. Over the
years, a variety of theoretical methods have been proposed
to achieve such learning: neural network models, Bayesian
networks, and control-based models. Oztop et al. [28]
introduced through brain guidance and the use of internal
models that allowed mirror neurons to emerge as predictors
of the teacher behaviour, models for the encoding and
activation of goals (as occurs in cases of observational
learning). Another set of papers following various machine
learning approaches, such as by Bayesian networks,
required in the learning of affordances and the development of imitation [25].
Recently, Hartley et al. [16] introduced a neural network
model of observational learning based on coupled forward–
inverse internal motor models, which formed the basis
not only for observational learning but also one for
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brain-guided reasoning and creative process [36, 37]. In
particular, the basic feature of these neural network models
of observational learning through mirror neurons goes back
to the elegant approach to the modelling given in Miall
[24]. There the author shows how a coupled forward–
inverse model system fits the known data associated with
the existence of mirror neurons in F5 (Premotor Cortex)
and affordance and related coding occurs in the Superior
Temporal Sulcus (STS) and the parietal component PF; he
importantly adds the cerebellum to the overall system so as
to allow for the creation of forward models (as observed
from deficit due to loss of cerebellum in patients) and
inverse models (as observed by Kawato and co-workers by
fMRI studies). The forward model in this architecture is
composed of the action of F5 (coding for actions) on PF (so
as to produce a new state coded in PF and STS); the inverse
model is that of the state coded in STS and PF sending their
activity to F5 so as to generate a desired action to achieve
the parietally encoded goal.
Recent work done on how humans learn multi-objective
factory tasks based on demonstrations suggests that
observers choose strategies ranging from innovating new
behaviours triggered by some features in the original
demonstration to pure imitation [27]. Whilst imitation
primarily focuses on reproducing the most salient kinematic features of the demonstration [34], Acosta-Calderon
and Hu [1], skill innovation can involve the interpretation
of demonstrations in an intrinsic reward space and modelbased internal simulations than reproducing a memory
trace of the original demonstration. Furthermore, it is
known that there is variability across trials demonstrated by
humans due to signal-dependent noise [17]. Therefore, a
robot that learns based on demonstrations will have to
extract useful information from the structure of a demonstration rather than exact profiles of kinematic variables.
Learning the Hidden Structure of Objectives Through
Natural Demonstrations
The work done so far in ‘‘critic’’-based learning does not
address the problem of representing a common intension
underlying a repertoire of natural demonstrations that may
have variations across trials [4]. The traditional stimulus–
response based learning theory fails in this context because
there can be several kinematic profiles of the demonstration
that serve the same objective. Upper arm tennis serve is a
good example, where multiple styles of serving can achieve
the same goal. A related biological inspiration comes from
structure learning in the human motor system, where it has
been proposed that the motor system tries to learn a common manifold that generalizes the underlying structure of
different demonstrations [7–9]. A ‘‘critic’’ that has learnt to
evaluate a wide range of motor strategies falling within a

common structure of objectives will help a robotic cognitive system to deal with complete surprise much better than
conventional stimulus–response associations. Advances in
inverse reinforcement learning show the possibility of
recovering the intent of a user by extracting the cost
function from demonstrations to derive an adequate control
policy that minimizes this cost function [2]. In the learning
framework ‘‘LEArning to searCH (LEARCH)’’, a cost
function to evaluate the skill is learnt from demonstrations,
instead of directly learning the actions required to reproduce this skill [31]. However, such ‘‘learning to learn’’
algorithms are extremely slow due to zero initial
knowledge.
Skill Innovation
Formalizing the extraction of intent of a demonstrated
movement is a challenging task that requires the development of a flexible framework that eases the combination of
learning/optimization approaches with self-improvement
capabilities. EC funded projects, COSPAL and CoSy,
study robotic action learning based on demonstration. EC
funded project DEXMART focuses on enabling two
robotic hands to learn bimanual tasks from humans. The
objective is elaborated as ‘‘the development of original
approaches to interpretation, learning, and modelling, from
the observation of human manipulation at different levels
of abstraction’’. Although the transferral of actions to
robots with different physical morphologies than those of
humans has been demonstrated [18–20], it is yet to be
studied and shown how a trained robot could go beyond the
actions of the trainer, derive internal models that can be
used in a variety of other contexts or adopt alternative
actions to achieve the same goal. In [26], a hierarchical
reinforcement learning method has been proposed that uses
a three-link inverted pendulum model of the human body to
learn a stand-up behaviour of a humanoid robot using
human demonstrations. Gaussian mixture models [12] have
been used to construct an internal model based on demonstrations of a standing-up behaviour from humans, and
also in [21], a humanoid learns to write on a wall-mounted
board whilst maintaining balance. An elaborate survey of
several other approaches taken to learn based on demonstrations is presented in [3].

Conclusions on Limitations of Observational
Learning for Robots
In this paper, we have presented a brief account of observational learning from the MATHESIS work as well as
involving a survey of the work of others, on the topics of
animal imitation learning, human (and especially infant)
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observational learning, and neural network (and other)
modelling of the overall processes involved.
We now turn to the question we raised earlier and which
is the title of this section: what are the limitations these
results imply for the use of observational learning in
robotic projects such as the newly EC funded DARWIN
project (http://darwin-project.eu/). To answer that completely, we would have to proceed on the overall project
itself, but we can deduce simple rules we have already
noted in the previous sections:
1.

2.

Let the robot learn as much as it can at a primitive
motor level by babbling and then by trial-and-error
learning (as it learns object rewards and so develops
motivations to act on certain familiar objects).
Once basic motor acts have become efficiently
organized and coded in the relevant robot software,
then more complex tasks should become amenable to
the use of observational learning.

What stage this begins to be important will depend on
the tasks being set. It would seem, from infant ability
development, that reaching for and grasping simple single
objects in a variety of places would need to be mastered
before the heavier guns of observational learning could be
introduced. That would allow, for example, the observational learning of stacking objects, of constructing complex
objects and other aspects of low-level tasks; these all could
be helped by observational learning. It is even possible that
reasoning to solve the Tower of London task could be
helped by observational learning for a robot, although that
is much less clear, and is expected to depend also on the
reasoning system being used. But what is clear from the
literature is that higher order tasks of object manipulation
(involving action sequences and sequences of subgoals)
will undoubtedly benefit from observational learning. But
for that the architecture of the robot software will have to
be appropriate, such as at least possessing a suitable set of
internal models to allow for internal simulation of actions
and affordances being observed, and goal and subgoal
memory systems.
Acknowledgments Two of us (MH and JGT) would like to thank
the EU for financial support through the MATHESIS project and
(JGT, VC, KA, and TV) would also like to thank the EU for support
through the EC funded DAR project (FP7-ICT-270138).

References
1. Acosta-Calderon CA, Hu H. Imitation towards service robots and
systems. International Conference on Intelligent Robots and
Systems (IROS 2004), p. 3726–3731, Sendai, Japan, 2004.
2. Abbeel P, Ng AY. Apprenticeship learning via inverse reinforcement learning. In: Proceedings of International Conference
on Machine Learning (ICML), 2004.

123

3. Argall B, Chernova S, Veloso M, Browning B. A survey of robot
learning from demonstration. Rob Auton Syst. 2009;57(5):
469–83.
4. Atkeson CG, Schaal S. Learning tasks from a single demonstration. IEEE Int Conf Robot Autom. 1997;2:1706–12.
5. Bandura A. Social learning theory. Englewood Cliffs, NJ: Prentice Hall; 1977.
6. Bandura A, Ross D, Ross SA. Transmission of aggressions
through imitation of aggressive models. J Abnorm Soc Psychol.
1961;63:575–82.
7. Braun DA, Aertsen A, Wolpert DM, Mehring C. Motor task
variation induces structural learning. Curr Biol. 2009;19:352–7.
8. Braun DA, Mehring C, Wolpert DM. Structure learning in action.
Behav Brain Res. 2010;206:157–65.
9. Braun DA, Waldert S, Aertsen A, Wolpert DM, Mehring C.
Structure learning in a sensorimotor association task. PLoS ONE.
2010;5:e8973.
10. Billard A, Schaal S (eds). The brain mechanisms of imitation
learning. Neural Netw. 2006;19:251–337.
11. Billard A, Dillmann (eds). The social mechanism of robot programming. Rob Auton Syst. 2006;54(5):354–418.
12. Calinon S, Billard A. What is the teachers role in robot programming by demonstration? Toward benchmarks for improved
learning. Interact Stud. 2007;8(3):441–64.
13. Demiris Y, Billard A. Robot learning by observation, demonstration and imitation. IEEE Trans Syst Man Cybern B. 2007;
37:254–5.
14. Fagard J, Lockman JJ. Change in imitation for object manipulation between 10 and 12 months of age. Dev Psychobiol.
2010;52(1):90–9.
15. Fiorito G, Scotto P. Observational learning in Octopus vulgaris.
Science. 1992;256:545–7.
16. Hartley M, Fagard J, Eseily R, Taylor JG. Observational versus
trial and error learning effects in a model of an infant learning
paradigm. In: Kurkova V, et al., editors. Lecture notes in computer science 5164. Berlin: Springer; 2008. p. 277–89.
17. Harris CM, Wolpert DM. Signal-dependent noise determines
motor planning. Nature. 1998;394:780–4.
18. Hongeng S, Wyatt J. Learning causality and intentional actions.
In: Proceedings of the 2006 international conference on towards
affordance-based robot control, Berlin, Heidelberg: SpringerVerlag; 2008. p. 27–46.
19. Hoppe F, Sommer G. Ensemble learning for hierarchies of locally
arranged models. In: Proceedings of IEEE world congress on
computational intelligence, Vancouver, Canada, July 16–21, 2006.
20. Kassahun Y, Sommer G. Efficient reinforcement learning through
evolutionary acquisition of neural topologies. In: M Verleysen
(ed) 13th European Symposium on Artificial Neural Networks,
Bruges, Belgium, p. 259–266. D-side, April 2005.
21. Kormushev P, Nenchev D, Calinon S, Caldwell D. Upper-body
kinesthetic teaching of a free-standing humanoid robot. In: IEEE
International Conference on Robotics and Automation (ICRA),
2011. p. 3970–3975.
22. Lefebvre L. The opening of milk bottles by birds: evidence for
accelerating learning rates but against the wave-of-advance
model of cultural transmission. Behav Process. 1995;34(1):
43–53.
23. Hartley M, Taylor JG. A simple model of cortical activations
during both observation and execution of reach-to-grasp movements. In: Lecture notes in computer science, vol 4669. Berlin:
Springer; 2007. p. 899–911.
24. Miall RC. Connecting mirror neurons and forward models.
NeuroReport. 2003;14(16):1–3.
25. Montessano L, et al. Learning object affordances: from sensory
motor coordination to imitation. IEEE Trans Rob. 2006;24(1):
15–26.

Author's personal copy
Cogn Comput
26. Morimoto J, Doya K. Acquisition of stand-up behavior by a real
robot using hierarchical reinforcement learning. Rob Auton Syst.
2001;36(1):37–51.
27. Nanayakkara T, Sahin F, Jamshidi M. Intelligent control systems
with an introduction to system of systems engineering. London:
CRC Press, Taylor and Francis Group; 2009.
28. Oztop E, Kawato M, Arbib M. Mirror neurons and imitation: a
comprehensive review. Neural Netw. 2006;19:254–71.
29. Raos V, Evangeliou MN, Savaki H. Observation of action:
grasping with the mind’s hand. Neuroimage. 2004;23:193–201.
30. Raos V, Evangeliou MN, Savaki H. Mental simulation of
action in the service of action perception. J Neurosci. 2007;27:
12675–83.
31. Ratliff ND, Silver D, Bagnell JA. Learning to search: functional
gradient techniques for imitation learning. Auton Rob. 2009;
27(1):25–53.
32. Rizolatti G, Craighero L. The mirror neuron system. Ann Rev
Neurosci. 2004;27:169–92.
33. Rizolatti G, et al. Neurophysiological mechanisms underlying the
understanding and imitation of action. Nat Rev Neurosci. 2001;2:
670–81.

34. Schaal S. Learning from demonstration. In: Mozer MC, Jordan
M, Petsche T, editors. Advances in neural information processing
systems 9. Cambridge, MA: MIT Press; 1997. p. 1040–6.
35. Taylor JG. The perception-conceptualization-knowledge representation- reasoning representation-action cycle: the view from
the brain. In: Cutsuridis V, et al., editors. Perception-action cycle:
models, algorithms and hardware, Springer series in Cognitive
and neural systems I. New York: Springer Science ? Business
Media, LLC; 2011. p. 243–85.
36. Taylor JG, Hartley M. Towards a neural model of mental simulation. In: Kurkova V, et al., editors. Lecture notes in computer
science 5164. Berlin: Springer; 2008. p. 969–79.
37. Taylor JG, Hartley M, Taylor NR, Panchev C, Kasderidis S. A
hierarchical attention-based neural network architecture, based on
human brain guidance, for perception, conceptualisation, action
and reasoning. Image Vis Comput. 2009;27(11):1641–57.
38. Young G. Are different affordances subserved by different neural
pathways? Brain Cogn. 2006;62:134–42.

123

