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Abstract
This paper presents a method for observational learning
in autonomous agents. A formalism based on deep learning implementations of variational methods and Bayesian
filtering theory is presented. It is explained how the proposed method is capable of modeling the environment to
mimic behaviors in an observed interaction by building internal representations and discovering temporal and causal
relations. The method is evaluated in a typical surveillance
scenario, i.e., perimeter monitoring. It is shown that the vehicle learns how to drive itself by simultaneously observing
its surroundings and the actions taken by a human driver
for a given task. That is achieved by embedding knowledge regarding perception-action couplings in dynamic representational states used to produce action flows. Thereby,
representations link sensory data to control signals. In particular, the representational states associate visual features
to stable action concepts such as turning or going straight.

1. Introduction
Efficient and robust protection of critical infrastructure is
a major need of the modern society. Diverse research activities and projects have been carried out recently for designing and studying novel solutions that improve the protection
of critical assets [1]. That includes numerous issues, such
as crowd control [2], intrusion detection, person recognition, and perimeter protection [3]. That last functionality is
essential for a variety of applications including forest fire
detection, oil leakage tracking, and border protection [4].
Recently, the evolution of autonomous vehicles starts to allow their usage for effective perimeter monitoring. For example, autonomous underwater vehicles have been used for
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detecting the boundaries of benthic zones or finding polluted regions [5]. Swarms of unmanned ground vehicles are
utilized for perimeter surveillance and spill detection [6].
However, in those examples, the autonomous entities
are programmed through rule-based approaches. The possibility of an agent to automatically replicating behaviors
by observing examples of tasks executed by another artificial/natural agent can be a desirable feature to propagate
best practices easily. If the observed agent is a human performing a given task, and the observer is an autonomous artificial agent provided with sensors and actuators, the issue
is how the observing entity can use its sensors and computational abilities for a series of functionalities, namely:
• The observing agent obtains necessary information to
learn representations that can be used later on.
• The acquired representations should be appropriate not
only to describe the observed dynamic interaction between the agent and its environment but also as an inference tool from which the observing agent can predict world states when facing similar situations.
• More interestingly, if the actuators in the observing
agent allow so, (i.e. if its actuators can replicate the
actions carried out by the observed agent), the observing agent should be able to use the obtained representations to monitor if the actions it selects on-line are
coherent with the previously observed interaction.
Considering the accomplishment of such functionalities,
one could say that the representations acquired should be
enough for assessing similarities between observed and reproduced interactions. That implies a self-awareness capability useful for the agent to self-evaluate its performance
when replicating the target interaction as taught by another
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entity (e.g. a human). That can be achieved through a
process that learns to actively update the internal representations throughout the interaction. Such updating process
should be partially conformed by the control generation,
since that would favor context-dependent perception-action
couplings that allow the agent to adapt to evolving situations
also through its actions.
Moreover, given that the knowledge being acquired is
centered on how to act in the world, representational abilities should depend on the couplings between the agent, its
actions, and the environment as all its sources of information. In [7] it has been developed how representations, and
particularly conceptual ones, should be understood as dynamic and emergent during the interaction, and not as isolated symbol-like structures. Those ideas are central to this
work as the kind of data from which an agent is to learn in
the scenario described is not structured in such a symbolic
way. Instead, knowledge should be acquired to embed the
action-perception relationships inherent to an interaction,
permitting the agent to adapt and interpret its environment
dynamically from its sensory data. That approach is related
to the ideas of embodied cognition (EC), in which symbolic
representations of behavior and control are replaced with
bodies perceptually coupled with their environments. In
particular, in [8] it is argued that, in general, abstract representations of objects are not needed, but appropriate representational structures arise from the dynamics of actions
related to the objects in a given situation. That can be translated to going from segmenting the scene semantically in,
for example, pedestrians, vehicles, or empty spaces, to learn
dynamic representations relating the scene to adequate actions.
The objective here is to learn models enabling an agent
to autonomously perform a perimeter monitoring task previously perceived while conducted by a person. The vehicle
is equipped with sensors (cameras) and controlled actuators
that allow autonomous driving.
The rest of the article is divided as follows: Section 2
analyses state of the art regarding control generation from
artificial vision in autonomous vehicles; sections 3 and 4
describe the general approach and the proposed method. In
section 5 the scenario on which the system is evaluated, and
the platform used for the data acquisition are explained. Results are reported in section 6 and conclusion and future
work are discussed in the last section.

tems are commonly used due to the visual characteristics
and depth information they provide [9]. Stereo-vision algorithms usually make assumptions about the ground or expected free and occupied spaces, thus providing rich geometry information about the scene, and enabling descriptions
of the environment like probabilistic occupancy maps [10],
elevation maps [11] or full 3D models [12].
From video data, vast amounts of information can be extracted to understand a scene and thus generate control. In
particular, accurate obstacle detection and classification has
been seen as an essential feature for self-driving tasks. Consequently, a significant number of algorithms have been developed for obstacle avoidance. Efforts often focus on vehicle [13] and pedestrian detection [14] as the most frequent
obstacles in road scenes. Lately, different approaches have
focused on deep learnings techniques for understanding the
environment. In particular, Convolutional Neural Networks
(CNN) are used to detect and segment objects based on
methods as the one in [15], which are used to define objects
of interest for further processing [16]. Those approaches
assume a semantic segmentation as the basis for control decisions. However, there are other approaches, like the one in
[17] which uses an end-to-end learning approach to control
a self-driving car through a regular CNN. That work shows
satisfying results, and notably, the task is achieved without
any given specification about the relations between actions
and environment as it learns to produce control signals directly from raw images.

3. Approach
In section 1, the relevance of adapting to situations
by dynamically updating internal representations has been
stressed. We argue that such feature should emerge from
a process integrating sensory data, previous states, and the
prediction of future inputs. As a consequence, representations are to acquire meaning for the particular action context, thus representing world states based on their relation
to expected actions.
In [7] such features are linked to predictive coding[18],
and the proposals by Friston [19], which suggest that the
core of neural processing is maximizing Bayesian evidence
or reducing variational free energy. Under such view, the
capability of predicting sensory inputs is linked to the creation of adequate representations. Moreover, those postulates see actions as automatic reflexes maximizing expectations. The presented architecture links to such ideas as is
based on a contextual updating of internal states, inspired
by Bayesian filtering, and seeing actions as reflexes to fulfill expectations. That is relevant since, contrary to end-toend approaches based on CNNs like the one in [17], here
explicit world state representations are created. Such representations are important to predict world states, learn temporal relations to keep track of the interaction, or to inte-

2. Artificial vision for control generation in autonomous vehicles
For autonomous vehicles to understand the environment,
vision-based approaches have been proved to be highly
cost-effective while enabling close-to-production assemblies given their size and integrability. Stereo-vision sys2

Figure 1. Schema of the architecture. Zt are the representations,
while Ut is the control. Xt is the input.

Figure 2. Implementation schematic. circles denote the variational
b Orange boxes represent NNs
representations (Z), or prior (Z).
(ϕ), dark blue real and predicted inputs (X), and grey boxes the
matrices A and B. The light blue box indicates the control (U ).

grate more complex capabilities.

4. Architecture

mated by neural networks (NN).
The objective maximized through SGD, in batches of T
time steps sequences, is given by:


PT
LT = T1 t=1 [−KL P (Zt |Xt , Zbt )||P (Zbt |Ut , Zt−1 ) +


log(P Xt+1 |Zbt+1 ) + log(P (Ut+1 |Zt , Xt ))

For a schematic of the proposed model see figure 1.
The architecture is based on variational deep generative
models. As shown in [20], variational representations can
be learned end-to-end through stochastic gradient descent
(SGD). Moreover, in [21] the possibility of including time
dependencies and filtering capabilities has been shown.
In particular, the architecture here proposed relates to the
framework in [7] and part of the architecture in [22], but
the recursion here is addressed taking into account a system inspired by Bayesian filtering using a linear transition,
which explicitly separates the influence of the control on the
transition model. The different parts of the architecture are
described as follows:
To infer Zt , incoming sensory data (Xt ) and the prediction at t − 1 are used to estimate the
 current status of the
2
) where [µz,t , σz,t ] =
world as Zt ∼ N µz,t , diag(σz,t
bt ). The input Z
bt to ϕZ corresponds to the prior
ϕZ (Xt , Z
calculated for Zt at t − 1. That can be interpreted as updating the beliefs about the state of the world when the sensory
information arrives. Thus, the update includes information
at t − 1, and the corresponding beliefs about how the world
would change. As in [20], during training the value of Zt is
sampled from the distribution, while for testing µz is used.
The corresponding control (Ut+1 in figure 1) is also
considered as Gaussian and produced from Zt and the input Xt in order to capture the noise from the measurements. That is given by [µu,t+1 , σu,t+1 ] = ϕU (Zt , Xt ).
In P (Ut+1 |Zt , Xt ) the sub index is t + 1 instead of t since
Ut corresponds to the action taken to get from Zt−1 to Zt .
bt+1 )
Afterwards, Zbt+1 and the expected input (Xt+1 |Z
are estimated. Zt and Ut+1 are used
to predict the next state

as Zbt+1 ∼ N µot , diag(σo2t ) , where µot = A ∗ Zt +
B ∗ µu,t+1 and σo,t = ϕpriorσ (σu,t+1 , σz,t ); A and B are
learned matrices, and ∗ indicates the inner product.
Finally, expected
inputs are estimated
as the distribution




2
Xt+1 ∼ N µxt+1 , diag(σxt+1 ) . with µxt+1 , σxt+1 =
ϕX (Zbt+1 ).
All the functions, ϕZ , ϕU , ϕpriorσ and ϕX are approxi-

4.1. Implementation details
The architecture is implemented using NNs (figure 2).
ϕZ is implemented via a CNN composed of 4 convolutional
layers, with filters of size 3 by 3 and stacks sizes of 32, 64,
128 and 128; the first three convolutions are followed by
max-pooling (2 by 2). The output of the last convolution
is followed by a fully connected layer (FC) with 64 units
and output denoted %X . The output of ϕZ , is calculated
by feeding %X stacked together with Zbt to what we call a
µσCoder. A µσCoder is formed by two FC of 64 units,
followed by two separated FC of size Zt , one yielding the
mean as a linear output, and the second, the variance with
softplus activations.
ϕU is implemented by a µσCoder structure, with input
size given by the sum of sizes of Zt and %X . ϕpriorσ is
implemented by three FC, the first two with 64 units, and
the last the size of Zt .
For ϕX a deconvolution [23] is used; its input is constructed by an FC generating an output with the same size
as the last convolution in ϕZv from the prior Zbt+1 . That
output is reshaped to a tensor form. Filters sizes are the
same as in ϕZ . Up-sampling is achieved by a stride of
2 where needed. The output of ϕX is generated with two
different filter banks for the means and the variances as in
a µσCoder. Where not mentioned, activations are leaky
ReLU. Zt and Ut are of size 2.

5. Evaluation
A perimeter monitoring task is considered. The scenario
is a square, where the task is to perimeter the area by maintaining the vehicle close to the border, or as far from the
center as possible. Thus, one round contains four turns, in
3

Figure 4. Samples of the images. It can be seen, from left to right
and top to bottom, a situation in which the car approaches a corner
and takes a curve.

tation techniques are used. For the images, random translations are applied by randomly selecting an initial point for
cropping, with which a final size of 90 by 120 is reached.
The same cropping is applied to all the images in a single batch. For the control signal, an independent offset is
added to both the steering and the velocity. The offset is
randomly drawn from a uniform distribution from 0 to 5%
of the maximum of each signal. The same offset is applied
to all signals in a batch.

Figure 3. The iCab platform.

this case to the left as completed anticlockwise. This scenario is simplified to test the method. The infrastructure is
static in time and space as only the vehicle moves. Thus,
the causal relations between the environment and the human driving can be assumed to be space and time invariant.
During training, the system observes its sensory data while
a human performs the task, and constructs a sufficient representational mechanism to reproduce the observed behavior.

6. Results

5.1. Platform description
The vehicle used to compose the data set is the iCab
(Intelligent Campus Automobile). It is a golf cart model
EZGO TxT. The steering wheel has been removed and substituted by a motor encoder system. A micro-controller replaced the electronics, and the throttle has been disconnect
to allow movement to be controlled by PWM commands directly to the motor driver. The brake pedal is still working
along with an electrical motor to decelerate. Figure 3 shows
the sensors in the iCab. To process the information collected, two computers connected by Ethernet wire through
a 4G router are employed. The software used is Robot Operating System (ROS) Kinetic Kame version under Ubuntu
16.04 LST. The architecture description and the communication scheme are described in [24] and [25].

6.1. Control prediction

5.2. Data set

Regarding the steering, the accuracy is better. For the
training data, the actions are reproduced accurately. For the
test data, some small differences are found in the turning
actions, though the behavior is reproduced. The differences
mainly correspond to changes in the driving style of the
human driver between the two sets. For example, in the
test scenario, around the time step 1000 in figure 6, the last
curve is started closer and faster that in the other cases. That
can be seen in the velocity signals, where the produced control diminishes the magnitude before the one by the human,
who has to break more sharply later on. Such motion is
not the behavior the network learned, and the control generated by the system shows a better performance as proposes
a smoother curve in that particular case.

The control generation is tested by comparing the signal
produced by the system and the actual signal from the human driver. Two different comparisons are performed (figures 5 and 6), one on the training set and a second on the test
set. The main differences are found in the velocity signal,
which is accurately reproduced for the training data, though
for the test set some differences emerge. Such differences
mainly arise because there is no particular policy for the human driver regarding the velocity, and thus in the two sets
they are different. However, it is clear that during curves the
velocity is reduced, while after them it is increased, which
is a behavior generated by the system as well. Moreover,
the average values are coherent with the driving task.

The data set of the experiment is composed by gathering sensor and odometry information. The messages of raw
data from the sensors are stored in bag files. Sampling rates
of the used data are 10 Hz for velocity and steering, and
20 Hz for the images. The raw images are of size 640 by
480. Two data sets are taken (training and testing); they are
different rounds in the same space and with the same goal.

5.3. Training data preprocessing
We use the video stream form the left camera, and the
control signals (steering and velocity). The grey images are
resized initially to 120 by 160 pixels. Then, data augmen4

Figure 5. Control comparison on the training data, between the
real signal from the human driver and the predicted one.

Figure 7. Representations over time for the VAE (top) and our approach (bottom).

The intelligent agent provided with sensors and actuators
has learned solely by observing the naturalistic humandriving, that is, an agent has learned smart models to perform an autonomous navigation task. The architecture
has been tested in a real autonomous vehicle performing a
perimeter monitoring task in a close-loop square trajectory.
The initial results show that the dynamic representations
embed action concepts that allow to reproduce the human
behavior in the proposed task. So, the presented comparisons between real human-driving data, which acts as
ground truth, and predicted data from dynamic representations, has shown how the system mimics human behaviors by models such as: at curves, the vehicle velocity is
reduced, and after them, it is increased like humans do. Finally, a comparison has been presented to show how the dynamic representations created with the architecture extract
the features needed for the navigation task while ignoring
others, capturing so the action-environment couplings and
the dynamics involved in the navigation task.
The future work is focused on closing the perceptioncontrol loop based on dynamic representations in the autonomous vehicle. Thus, control commands will be generated by the intelligent system and executed in the real vehicle. The autonomous navigation and behavior of the real
vehicle will be analyzed to understand the decision-making
capabilities of the presented dynamic representations in a
real-time self-driving task.

Figure 6. Control comparison on the test data, between the real
signal from the human driver and the predicted one.

6.2. Representations
In figure 7 the representations created for the training
data are shown over time, and are compared to the ones
created by a modified VAE [20], encoding images and reconstructing images and control. The most prominent differences are the oscillations in the representations from the
VAE, which are not present in the results with our method.
The oscillations are correlated with visual characteristics of
the scenario, particularly periodic patterns on the floor (e.g.
the dark squares, see figure 4). The VAE focusses on visual
features of such kind to create the representations. On the
contrary, our method ignores such features as are uninformative regarding the action-environment coupling.
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7. Conclusions and future work
The proposed approach generates a representational
mechanism that internalizes relations between environment
and control in a given task. With such representations human driving behavior in real environments is mimicked.
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