
A Training Set Protocol for On-Line Evolutionary Learning
from Demonstration

Nathaniel Ebel
University of Idaho

Moscow, Idaho 83844
nebel@

vandals.uidaho.edu

Travis DeVault
University of Idaho

Moscow, Idaho 83844
zerill@gmail.com

Jayandra Pokharel
University of Idaho

Moscow, Idaho 83844
pokh6200@

vandals.uidaho.edu
Juan F. Marulanda

University of Idaho
Moscow, Idaho 83844

juanfemarula@gmail.com

Terence Soule
University of Idaho

Moscow, Idaho 83844
tsoule@uidaho.edu

Robert B. Heckendorn
University of Idaho

Moscow, Idaho 83844
heckendo@uidaho.edu

ABSTRACT
In learning from demonstration (LfD) a trainer demon- strates
desired behaviors to a robotic agent. LfD is useful for allow-
ing non-programmers to train robots. However, it’s rarely
been used with evolutionary learning techniques because of
the computa- tional requirements of running an evolution-
ary pro- cess on-board a robot and on-line, i.e. in paral-
lel with the demonstration process. We present a low-cost
robotic platform capable of on-line, on-board evolutionary
LfD of fairly large structures (neural networks with hundreds
of weights). The robot evolves the neurocontroller to drive
itself on a track based on demonstrations by the trainer. A
feature of on-line LfD that may have signi

cant impli- cations for the implementation of evolutionary
approaches is that the training set is built incrementally over
the course of multiple demonstrations. If the initial training
set lacks important cases, evolution may discard solutions
that will eventually be useful and become stuck on local
optima. An untested question for evolutionary, on-line LfD
is how large should training sets be before evolution begins?
Thus, in addition to demonstrating a practical platform for
evolu- tionary LfD, our results suggest that it can be bene

cial to begin evolution with a small set of training cases.

Categories and Subject Descriptors
I.2.6 [Artificial Intelligence]: Learning; I.2.9 [Artificial
Intelligence]: Robotics—Autonomous vehicles,Operator in-
terfaces

General Terms
Evolutionary robotics, Online algorithms
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1. INTRODUCTION
For humans to regularly, easily, and reliably work coopera-

tively beside robots, it is necessary that robots quickly adapt
to changes in problem, environment, or goals. Without this,
humans will quickly become frustrated with robots whose
behaviors are overly simple, brittle, or unable to adapt to
change. Such frustration will severely limit humans willing-
ness to interact closely with or depend upon robotic systems.

Learning from demonstration (LfD) 1 is a very promising
approach to allow non-programmers to easily train robots.
In learning from demonstration a human trainer performs
desired actions and the agent records those actions to build
a training set that it learns from. LfD allows a human trainer
to quickly build a training set for a particular task simply
by repeatedly demonstrating the task and does not require
any programming skills. Because of this, LfD shows great
potential as a means of training robots for a variety of unique
tasks without specialized knowledge of robotic hardware or
software.

Evolutionary robotics refers to the evolution of robotic
controllers. Robots that evolve during runtime and within
their own hardware are said to be evolving on-line and on-
board. Evolutionary approaches can allow robots to adapt
to tasks or environments during runtime operation, and are
particularly desirable in complex and dynamic environments
where manually designing controllers ahead of time is not a
viable option.

While both learning from demonstration and evolutionary
approaches have been effective with previous robotic sys-
tems, the two approaches have rarely been used together.
The first goal of this paper is to demonstrate an afford-
able, robotic platform that is capable of on-line, on-board
evolutionary learning from demonstration. As a test prob-
lem the robots evolved an on-board population of neurocon-
trollers to follow a distinctly colored path. The evolution is
executed on-line while the trainer drives the robot on the
path, giving the robot training cases. Our results confirm

1Also known as learning by demonstration and closely re-
lated to imitation learning and apprenticeship learning.



that the robot can conduct training and evolution simulta-
neously, and that a few minutes of training is sufficient to
both build a reasonable training set and evolve reasonably
successful solutions.

However, a critical feature of learning from demonstra-
tion is that the training set is built incrementally - each new
demonstration adds to the training set. Given the time re-
quired for a human to demonstrate a task there is often time
to run several generations of an evolutionary algorithm in
the background. For example, in the current application on
average three generations of the GA (evolving a population
of forty medium sized neural networks, see Section 3) can
be completed between demonstrations. Thus, for maximum
efficiency learning needs to be done, or at least initiated,
on-line, i.e. during the demonstration period. This means
that the training set is being built incrementally during evo-
lution. Other research has shown that incremental fitness
functions can be beneficial if they are designed to guide the
evolutionary process. However, in learning from demonstra-
tion applications, the training set is likely to be built in an
ad hoc function.

Thus, a critical question to the implementation of on-line,
evolutionary, learning from demonstration algorithms is how
the ad hoc incremental construction of a training set influ-
ences the evolutionary process. In particular, there is a risk
that an initial training set containing only a few actions
will drive evolution to a local optima. The second goal
of this research is to examine whether delaying the evolu-
tionary learning process until some minimum training set
size has been reached is beneficial. Our results in this work
suggest that delaying the evolutionary process until a num-
ber of training examples have been generated is important
to successful evolution, and that partially overlapping the
collection of training data and evolution does reduce the to-
tal time required to evolve a solution, while still leading to
successful solutions.

2. RELATED WORK
In this section we review recent work in evolving robot

neurocontrollers that motivates our push to on-board on-
line evolution. We then discuss the previous work in learn-
ing from demonstration as a method for training robots by
demonstrating what they should do.

2.1 Embodied Evolution of Robot Controllers
Research into evolutionary robotics has focused on opti-

mizing robotic controllers during off-line evolution, in which
the robotic agent is evolved in simulation, and the best solu-
tion is transferred to a physical robot when evolution is com-
pleted [16]. This approach works well for some problems,
but has several important drawbacks. Because evolution
takes place in simulation, evolved controllers are adapted
to a simulated environment rather than the real world, and
therefore often suffer from decreases in performance [9, 17].
Furthermore, exploring in isolated hostile environments such
a off-world or in mines or caves might best be done by dis-
tributed on-board systems where distribution of learning as-
sets is critical to team survival. To create controllers that
perform well in real-world or hostile environments evolution
must be embodied within the robotic hardware and take
place during real-time operation.

Watson et al. performed some of the earliest research us-
ing a distributed, on-board, evolutionary algorithm to evolve

neural networks [29, 12]. They trained robots to perform
simple phototaxis. A typical experiment used eight robots,
each controlled by a Cricket microcontroller board. The
robots used a simple neural network, whose weights were al-
lowed to evolve, for guidance. The robotic agents exchanged
individual genes, i.e. weights, rather than entire genomes.
They found that over 140 minutes of training the agents
evolved solutions that performed better than hand coded
solutions.

Considerable research has been done using s-bots as part
of the swarmbots project in Europe [11]. This research has
included the evolution of neural networks for phototaxis and
hole-avoidance [10]. Most of the evolution was actually done
in simulation, but the evolved networks were tested success-
fully in physical robots.

More recently Eiben and Haasdijk et al. have performed
a number of experiments on on-board, distributed evolution,
although mostly using the Player/Stage (playerstage.sourceforge.net/)
system as a simulation environment [13, 15, 16, 14] rather
than true physical robots. They used a number of differ-
ent problems including maximizing straight-line movement
in a simple maze, phototaxis, and collective patrolling. They
found that increases in the number of robots (e.g. from 4
to 16) significantly increased the benefits of distributed evo-
lution, and that further improvements were observed when
even larger numbers of robots were used [15].

Capi and Toda demonstrated true on-board, on-line evolu-
tion of neural controllers for robot navigation using a custom
built robot [9]. Similar to the approach proposed here (see
Section 3), their system partitioned collected images into
regions that were used as inputs to the evolving neural con-
troller. Using this system their robot learned to successfully
navigate in indoor environments.

Although there has been considerable interest in on-line,
on-board evolution, most of the research has actually been
done in simulation. Thus, an important aspect of this re-
search is demonstrating true on-line, on-board evolution us-
ing physical (and affordable) robots.

2.2 Learning From Demonstration
In general, learning from demonstration is any approach

to machine learning in which a robot or other computer-
ized agent learns a task by observing a teacher, most of-
ten a human [4, 19]. It has been applied to a wide range
of tasks with significant success, including learning gestures
and movement sequences [2, 5, 7], facial expressions [6], and
communication [3]. Most important to this research, it has
been used with significant success for mobile robot naviga-
tion [8, 18, 21, 20, 25]).

There are also a few cases where learning from demonstra-
tion has been successfully combined with Evolutionary Com-
putation (EC). Suwimonteerabuth and Chongstitvatana used
on-line training to evolve a robot controlled by a finite state
machine to remain on floors of a particular color [28]. Aler,
Garcia, and Valls used evolutionary techniques and demon-
strations of correct behavior to incrementally correct a team
of simulated robosoccer players [1]. Similarly, Sullivan and
Luke used a LfD system to train agents within the RoboCup
competition [26]. We have demonstrated that our robots can
learn both object following [?]and path following [?]tasks
from demonstration.

In this research the robot’s training data is generated by
having a human drive the robot, during which time the robot



Figure 1: The robot. The smart phone receives
wireless commands from the user and forwards the
commands via Bluetooth to an Arduiono type mi-
crocontroller that controllers the robot’s motors.
The smart phone performs image processing and on-
board learning.

collects processed image-action pairs (which are equivalent
to state-action pairs from reinforcement learning [27]) that
form the training data. This is a form of learning from
demonstration. Further details of the image processing pro-
cess are given in Section 3.

In addition, research shows that the degree of correspon-
dence between the teacher and the learner can significantly
influence the speed and effectiveness of learning by demon-
stration and that remote control and teleoperation (in which
the trainer uses the robot’s “senses”, e.g. the robot’s cam-
era) are some of the most effective approaches [4]. Thus, in
this research a remote control (a second smartphone) is used
to control the robot during learning from demonstration.

3. METHODS
The robot used in these experiments was designed and

built at the University of Idaho following Commodity Off
The Shelf (COTS) design principles [22]. The robot con-
sists of three basic components: an Android smart phone,
an Arduino microcontroller, and a robot platform. The
smart phone used in these experiments is the HTC Nexus
One, which has a 1GHz Qualcomm Snapdragon processor,
with 512 MB of RAM, and a Qualcomm Adreno 200 GPU.
The smart phone sends commands via Bluetooth to the Ar-
duino microcontroller, which in turn drives the motors on
the robotic platform, a Rover 5 Tank chassis2, which is a
small (22.5cm by 24.5cm), tracked vehicle controlled by two
DC motors and is capable of running continuously for several
hours while carrying the microcontroller and smart phone.
The complete robot is shown in Figure 1. A second smart
phone runs a remote control app that is used to allow a user
to control the robot for learning from demonstration via a
second Bluetooth connection.

The first step in the learning process is to build a library
of safe road examples. This is done by giving the robot ten

2Rover 5 Tank chassis http://www.dfrobot.com

drive commands on the training track. With each command
a color histogram is taken from the bottom center region of
the camera image, which is assumed to be safe road, and is
saved to a road color histogram library. These histograms
are then used during the learning and testing processes to
calculate road probabilities. Road probabilities are calcu-
lated for 40 subregions of each input image by using the
BackProjection function in the OpenCV library running on
the phone. This function calculates a probability that a
pixel in the input image matches a color distribution from
a known road type. The generated road probability for a
region is then the highest value generated from using the
BackProjection function with each example in the road li-
brary.

During human demonstration a human drives the robot,
following a path defined by colored felt on a different colored
background. The human uses a remote control with discrete
forward, left, and right actions. While the human is driv-
ing, the robot is processing camera images and building a
training set of road probabilities paired with the correct, i.e.
driver supplied, action. In the learning stage an evolution-
ary algorithm is run on the robot’s smart phone to train a
neural network to generate the correct action for each image.
The evolutionary algorithm runs for 100 generations and the
individual with the best fitness is then tested in autonomous
mode.

During autonomous operation the robot uses the best
evolved neural network for navigation control. Input images
are continuously compared against the road library to gener-
ate road probability values as inputs for the neural network
which then returns its trained action. Performance is mea-
sured by the total number of turns successfully navigated on
each test track.

To carefully measure the performance of the evolved neu-
ral network with the best fitness the robot’s ability to turn
a corner is measured. Four test corners were used: left 45◦,
right 45◦, left 90◦, and right 90◦. Each trained NN was
tested on each corner three times, so the highest perfor-
mance possible for each NN is 12.

3.1 The Evolutionary Algorithm
This section describes the neural network architecture used

to control the robots and the the genetic algorithm that
evolves the weights in the neural network. Note that for
these experiments, because the focus of the research is on
the role of the training data, the NN architecture is fixed.
However, there is no reason that the network architecture
couldn’t be evolved as well, using NEAT [24], HyperNEAT [23],
or a similar algorithm, as long as the number of input and
output nodes remained fixed.

3.1.1 Neural network architecture
The neural network has forty input nodes, one for each re-

gion in the processed image. It has a single hidden layer con-
sisting of five nodes, and an output layer with three nodes,
which correspond to the actions: left, right, and forward.
Each node uses a sigmoid activation function.

During training and testing (i.e. autonomous driving)
each 480px × 640px image captured by the smartphone’s
camera is partitioned into an 5×8 grid resulting in forty
(80px × 60px) regions. Each region is assigned a road prob-
ability during image processing, and these values are used
as the inputs for the input nodes in the neural network.



Table 1: Results of testing evolved controllers on 45 and 90 degree corners, three tests were conducted for
each corner, per trial. The data shows that as the number of tests cases gathered before evolution begins
increases, so does the total number of corners successfully navigated.

Training 45◦ Left 45◦ Right 90◦ Left 90◦ Right Total out of 12

1 Training Case

1 3 0 2 0 5
2 2 2 2 0 6
3 2 2 3 1 8
4 2 3 3 1 9
5 3 2 3 0 8

Total 12/15 (80%) 9/15 (60%) 13/15 (87%) 2/15 (13%) 36/60 (60%)

1 of Each

1 0 3 1 3 7
2 3 3 2 3 11
3 2 3 0 1 6
4 2 3 1 2 8
5 2 2 3 2 9

Total 9/15 (60%) 14/15 (93%) 7/15 (47%) 11/15 (73%) 41/60 (68%)

3 of Each

1 3 2 3 0 8
2 3 1 3 1 8
3 2 2 2 3 9
4 3 2 3 0 8
5 2 3 1 2 8

Total 13/15 (87%) 10 (67%) 12 (80%) 6 (40%) 41/60 (68%)

Offline

1 2 3 3 3 11
2 1 3 1 3 8
3 3 2 3 1 9
4 0 3 2 3 8
5 2 3 2 0 7

Total 8 (53%) 14/15 (93%) 11/15 (73%) 10 (67%) 43/60 (72%)

Table 2: The average and best fitness of each round of training. The data shows an increase in fitness (through
minimization) in both the average and best cases as the number of training cases gathered before evolution
begins increased.

Training Avg Best

1 Training Case

1 0.66 0.64
2 0.43 0.39
3 0.25 0.18
4 0.41 0.36
5 0.27 0.2

Average 0.4 0.35

1 of Each

1 0.06 0.05
2 0.04 0.03
3 0.02 0.01
4 0.16 0.13
5 0.19 0.13

Average 0.09 0.07

3 of Each

1 0.18 0.18
2 0.21 0.19
3 0.13 0.11
4 0.07 0.05
5 0.12 0.1

Average 0.14 0.13

Offline

1 0.02 0.04
2 0.01 0.01
3 0.07 0.09
4 0.0 0.0
5 0.0 0.0

Average .03 .02



Figure 2: The training track for these experiments.
The track consists of one 45◦ left corner, one 45◦

right corner, and three straight sections. Training
is always started from the same end of the track, and
the robot is always trained to drive to the opposite
end of the track, it is then turned around and driven
back along the track. This process is continued until
evolution is complete (100 generations). With this
protocol the robot always receives a demonstration
of a left hand turn before a right hand turn.

Figure 3: The 45◦ testing track. This track is de-
signed to test the robot’s ability to navigate the
same type of corner that it was trained on.

Figure 4: The 90◦ testing track. This track is de-
signed to test the robot’s ability to generalize its
learned knowledge of how to complete a 45◦ corner
to the completion of something it was not trained to
navigate.

The robot’s action is determined by the output node with
the highest activation level. This is a common approach to
evolving NN controllers for autonomous robots [9]. In cases
of a tie on the output nodes, no command is sent to the
robot. However, as the outputs of the nodes are real val-
ues, this an extremely unlikely event, which never occurred
during the experiments.

3.1.2 The evolutionary algorithm
An important goal of this project is to test the feasibility

of using smart phones for encapsulated evolutionary learn-
ing from demonstration. For these initial investigations, we
intentionally chose to use a simple, but general, evolutionary
model. We used a standard generational genetic algorithm
(GA) to evolve neural network weights. Individuals are rep-
resented as a complete multilayer perceptron network; each
individual has 215 weights(40 input nodes to 5 hidden nodes
= 200, and 5 hidden nodes to 3 output nodes = 15). Ini-
tially the weights were randomly set in the range -1.0 to 1.0.
Each individual’s fitness was initially assigned to 0.0, and is
only calculated with the construction of the next generation,
meaning that the first generation uses a random selection.

Two individuals are selected as parents using tournament
selection of size three. A single offspring is produced and
undergoes crossover and mutation before being added to the
next generation’s population. Uniform crossover was used,
and mutation was applied at a rate of 0.2 with the mutation
amount uniformly distributed between -0.1 to 0.1.

Fitness was determined by comparing the trained action
given for a set of road probabilities to the output action
generated by each individual network given the same road
probabilities. The training cases are divided into category
based expected actions (Left, Right, Forward). The network
can earn an equal amount of fitness for getting all the cases in
a category correct, regardless of the number of cases within
the category. The fitness was calculated this way because
during training, there were generally ten forward commands



Figure 5: Sample processed road image. Each im-
age is divided into 40 regions (5x8)(Note that this
image shows 80 regions rather than the 40 used in
these experiments). A BackProjection calculation
is done for each region and compared to a library
of color histograms for the path (collected before
training begins). Each region is assigned a probabil-
ity (0-1) based on the highest probability between
the region’s histogram and any of the library his-
tograms. Red (darker) regions are non-road and
green (lighter) regions are road. The 40 values are
the inputs to the ANN controlling the robot.

Population size 40
Generations 100

Mutation rate .2
Crossover rate 100% Uniform,

50% chance to exchange weights
Selection method Tournament(size 3)

Trials 5 for each experimental condition

Table 3: Summary of the evolutionary algorithm pa-
rameters.

to every one turn command given. The algorithm for the
fitness function can be seen in 1.

Assigned fitness is scaled based on the difference between
the highest activated output value and the sum of the re-
maining output values. A threshold of 0.4 was used to de-
termine whether full fitness was assigned for getting a test
case correct. This value was chosen arbitrarily because it
was in the middle of the possible range of threshold values,
and its effect was not tested. When the correct action is
chosen, if the difference between the highest output value
and the sum of the remaining values is greater than 0.4 then
full fitness will be assigned to that training case. Otherwise,
positive fitness is still assigned, but it will be scaled down
based on how much below the 0.4 threshold the difference
is. This process rewards network that have some sense of
“confidence” about their chosen actions.

The other parameters of the evolutionary algorithm are
summarized in Table 3.

3.2 Experimental Conditions
To test the role of the training set in an on-line, LfD sce-

nario four conditions were tested:

1. 1 Training Case - Evolution begins as soon as the

Algorithm 1 Genetic Algorithm Fitness Function

for each network in population do
fitness = 0
for each training case do

actualResults = network result from running
training case
expectedResults = results from training case
winningValue = actualResults at the position of
the expectedResults winner
difference1 = winningValue - actualResults at
first position other than winner
difference2 = winningValue - actualResults at
second position other than winner
for each difference do
if difference ≥ threshold then

fitness += 0.5 / number of training cases in
that catagory

else
fitness += 0.5 * (difference / threshold) /
number of training cases in that catagory

end if
end for

end for
fitness = 1 - fitness / 3

end for

first training case (the first demonstration) is received.
Evolution and demonstrations continue, in parallel,
until all 100 generations are complete.

2. 1 of Each Training Case - Evolution begins as soon
as one training case for each action (left, right, and
forward) is collected. In this condition one of each
case was demonstrated to the robot immediately and
then it was driven on the training track normally to
generate additional training cases during evolution.

3. 3 of Each Training Case - Evolution begins as soon as
three training cases for each action (left, right, and for-
ward) are collected. In this condition three examples
of each case were demonstrated to the robot imme-
diately and then it was driven on the training track
normally to generate additional training cases during
evolution.

4. Offline - Evolution begins after all of the training cases
have been collected. Thirty five training cases were
used, as this is the average number of training cases
that were collected in the ‘1 of each’ case.

Note that in the first three test conditions evolution is
happening in parallel with the demonstrations. So, the set
of training examples (demonstrated state-action pairs) in-
creases throughout the evolutionary process. The goal is to
determine whether having a small initial training set hinders
the evolutionary process.

4. RESULTS
Table 1 shows the number of successes (for each of the

four test corners) for each evolved ANN. First, and perhaps



most importantly, the results show that the ANNs learned
to successfully navigate corners, including sharper corners
than were in the training data, at least 60% of the time.
This demonstrates that evolutionary learning from demon-
stration in a real world application is feasible. The training
process is simple, requiring no knowledge of software and
taking less than 5 minutes to train a robot for this simple
problem. This form of learning was capable of producing
robotic controllers capable of navigating the same type of
corners it was trained on (45◦) 77% of the time after only
100 generations. The robot was able to navigate 90◦ corners,
which it wasn’t trained for, 60% of the time in the ‘1 of each’
and ‘3 of each’ training sets, showing some generalization of
evolved behaviors. It is very likely that with more sophisti-
cated evolutionary techniques, more generations, and more
training cases much better results could be achieved.

Second, our results show an increase in performance when
evolution is started with more than a single training case.
Both the ‘1 of each’ and ‘3 of each’ cases performed better
than starting evolution on the first demonstration. Notably,
the ‘1 training case’ condition performed extremely poorly
on the right 90◦ corner (Table 1). For our training track the
robot often did not reach the first right hand corner until
significantly into the training process, e.g. after 50 or more
of the 100 generations had been completed. Thus, for over
half of the evolutionary process there was no training case
that required a right turn. This is a likely explanation for
why it performs so poorly on the right 90◦ corner. However,
the results also don’t show a difference in performance be-
tween the ‘1 of each’ and ‘3 of each’ conditions suggesting
that simply having a single example of each type of action
when evolution starts is sufficient to improve performance
of the evolutionary algorithm. Finally, the off-line evolution
data shows the best overall performance. This isn’t surpris-
ing as it suggests that having all of your training examples
at the start of evolution is the best way to evolve a controller
that can replicate the demonstrated behaviors.

Table 2 shows the best and average fitness for each of the
trials and conditions. With the exception of the 1 training
case data, the fitness tend to be better than the actual test
performance. This strongly suggests that these cases are
over-fitting the training data. Thus, a possible advantage of
on-line training is that it reduces the risk of over-fitting by
continually adding new training cases.

5. CONCLUSIONS AND FUTURE WORK
Our results show that evolutionary learning from demon-

stration, implemented on low cost, but computationally pow-
erful robots, is a practical approach to training robotic agents.
Using this approach we were able to train robots to complete
several simple path following tasks. The results show that
evolutionary LfD performed on-line, i.e. evolution occurs in
parallel with the demonstration process, performs compa-
rably, but slightly worse than, off-line evolutionary LfD in
which evolution is delayed until after all of the demonstra-
tions are complete. However, the results also suggest that
this difference can be minimized by “seeding” the training
set with a small number of demonstrations before initiating
evolution, and that the on-line approach may reduce over-
fitting by continually expanding the training set with new
examples, which, for more complicated problems, is likely to
lead to better performance in the on-line case. The major
advantage of the on-line approach is that it reduces the total

time for the learning process by parallelizing demonstrations
and learning.
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