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Abstract – We propose a way to represent the envi-
ronment by storing observations taken in that environ-
ment, together with their task-related ‘values’. This rep-
resentation allows for robots being taught by human in-
structors based on rewards and punishments. We show
that the robot is able to learn to execute different tasks.
The results of training can be interpreted to gain under-
standing about the environment in which the robot has
to operate. So instead of first modeling the environment
and using this to execute the task, we first start by learn-
ing to execute the task and use this to obtain knowledge
about the environment.

Keywords: Mobile robot navigation, Learning sys-
tems, Human-robot interaction.

1 Introduction
In foreseeable future robots may become common

place in every day life. People, not interested in the
technical details of robotics, may purchase a robot and
bring it into their homes. These people are not likely
capable or willing to give a quantitative task descrip-
tion to the robot, like “move one meter to the left and
turn 30 degrees”. It is more likely that tasks will be
expressed qualitatively like, “vacuum the bedroom” or
“bring me some coffee”. These task descriptions are re-
lated to elements or places that can be observed in the
environment. To make future robots more user friendly,
they need a way represent the environment and a more
‘natural’ way of being told what to do there. So robots
should be able to recognize relevant elements or places
and associate them with task descriptions.

We use a navigation task for a mobile robot to present
a framework for both representing the environment and
learning the task. In contrast to most approaches that
use a geometric map, we use a database of sensory ob-
servations taken at different poses [19]. The user can
easily fill the database by moving the robot around and
have it store all observations. Alternatively the robot
can explore the environment randomly.
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Navigation requires the ability to use the current ob-
servation to move towards the pose of a stored obser-
vation. By picking the right observations at the right
time as ‘subgoals’, the robot can complete the task. The
robot uses reinforcement learning to improve the selec-
tion of observations, based on the rewards and punish-
ments received from the user. So by judging the robots
behavior the user can make the robot perform the task.

Section 2 provides some background information and
in section 3 we present our approach of representing the
environment and learning the task. In section 4 we show
in an experiment that the robot is capable of learning
different tasks. Furthermore we show that the robot is
capable of deriving knowledge about the environment
from what it has learned.

2 Background
A mobile robot can perform a certain task if it knows

the environment and know what to do. Navigation re-
quires an internal representation of the environment and
a way to express which ‘features’ in that environment
correspond to the goal of the task.

2.1 Mapping and Navigation

In mobile robot navigation the state of the robot is
often expressed as its pose (position and orientation) in
some sort of global reference frame. This pose can be
estimated from odometry in combination with external
sensors, such as range sensors or vision. For this an
explicit, ‘metric’ map can be used as internal represen-
tation of the environment, for example an occupancy
grid, a polygonal model or positions of landmarks. A
drawback of a metric map is that it does not scale well
for larger environments.

An alternative ‘symbolic’ representation for space is a
topological map. This consists of a graph with vertices
representing places and edges representing the actions
or action sequences to move from one vertex to another.
Depending on what is represented by the vertices differ-
ent ‘types’ of topological maps can be distinguished.

Vertices can represent distinctive places [14], that can
be used for planning and reasoning about the navigation



task. It forms a hierarchy in which the task is split in
low level local navigation and high level decision mak-
ing. The edges represent the ability to move from one
vertex to another using some local navigation strategy,
like wall following or homing. A local metric map can
be created for each vertex in the topological map [21],
or a topological representation can be used to enhance
building of metric maps [20].

Vertices can represent sensory events defined by the
user [1, 21] or snapshots taken by the robot itself [6].
The panoramic snapshots in [6] form vertices of a view
graph, that can be constructed autonomously by con-
necting new snapshots to the graph. In biological in-
spired topological maps, that are sometimes called cog-
nitive maps, the vertices are units or neurons in a con-
nectionist representation [22] that are called place cells
because they fire when being at certain places.

Vertices can represent partitions of the state space
with a specific control regime or behavior strategy. In [4]
landmarks are learned by selecting ‘interesting’ features
and connecting them together. Partitions, formed by
the union of visibility areas of sets of landmarks, give a
symbolic representation of the view that can be used for
reasoning and planning. In [5] the graph itself is omitted
and learned landmarks are linked to production rules
telling the robot what to do when detecting landmarks
given a certain task.

2.2 Teaching and Learning

Purposeful behavior of the robot needs, besides the
representation of the environment, also a certain goal.
This can be programmed into the robot. In case off
mass produced robots, where each has to operate in a
slightly different environment, this becomes infeasible.
For each environment the user has to express what the
robot has to do, and the robot has to be able to relate
this to its environment representation.

The goal of a task can be represented in a topological
map, when the goal coincides with one or more vertices
in the graph. The robot is placed at the goal and is told
the ‘name’ of the current place in the environment. An
other way to associate human understandable ‘labels’
with places is by having the robot ask the humans [15].
Once goal vertices are identified the graph can be used
to plan navigation to the goal from any other vertex.
Values representing the distance to the goal in the graph
can be associated with the vertices. The robot performs
the task by selecting the adjacent vertex with the lowest
value as subgoal, until the goal is reached.

The task can also be following a specific path or tra-
jectory. In programming by demonstration [10, 3, 2]
the user controls the robot and in programming by im-
itation [8, 7] the robot tracks an object or estimate a
trajectory. In both case the robot keeps track of sen-
sory observations along the trajectory that are relevant
for executing the task. The sequence of observations

can be seen as a topological map of the task and ‘time
stamps’ can be seen as the values associated with these
observations. Now the task can be performed and rele-
vant features in the observations can be detected. Note
that the observations used here do not have to agree
with the way the user thinks about the task.

A task can be taught by making the robot do the
right thing under the right circumstances. In a ‘behav-
ior based network’ sensory inputs can trigger the selec-
tion of the local navigation strategy and Reinforcement
Learning (RL) can be applied to optimize the selection
[11]. This network can be used in the context of train-
ing by example, where the trainer can be a human or
an other robot [13]. In [12] the behavior of the robot
is interpreted as ‘implicit communication’ or ‘communi-
cation through actions’. A human observer is capable
of understanding the intentions of the robot from the
exhibited behavior, because the actions carry the inten-
tional meaning and are therefore easy to understand.
These intentions of the exhibited behavior should, in
our case, coincide with the task the user has in mind
and are therefore easy to evaluate. Then the use of re-
inforcement learning allows the user to correct the ob-
served behavior using rewards and punishments. This
way of teaching is appropriate for novice users without
any robot programming skills.

3 Our Approach

3.1 Mapping and Navigation

The general architecture of our approach is depicted
in figure 1. The core of this architecture is a set of ob-
servations {z1, · · · , zi, · · · , zN} that were taken at dif-
ferent, possibly unknown, poses {x1, · · · ,xi, · · · ,xN}.
These are the views (a). In section 4 we use gray scale
panoramic images as observations, but other sensory ob-
servations can be used as well. The only requirement is
the ability to estimate the (partial) difference in pose at
which two observations were taken, given only the two
observations. Define

Dij = D(zi, zj) = xi − xj (1)

as the estimated pose difference. The estimate Dij can
be used for navigation as an alternative to estimating
poses xi and xj .

Besides the type of observation, the poses at which
the two observations were made determine whether D
can be estimated. For any view zi we define an area X i

around xi in which observations made can be used to
estimate D. For (1) this implies that xi ∈ Xj . Given
the sensor’s current observation zk

Di
k =

{

D(zi, zk) ⇒ xk ∈ Xi

∅ ⇒ xk ∈/ Xi (2)

is computed for the entire set of views (b). The compu-
tation of D(zi, zk) does not always render reliable esti-
mates and if it does not, xk is by definition outside X i.
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Figure 1: The proposed architecture, with (a) the views,
(b) the estimation of D for each view, (c) the views for
which D could be estimated, (d) the values of each view
for each task, (e) the D chosen and (f) the controller
using the chosen D.

Only the ‘feasible’ views for which xk ∈ Xi are selected
(c), because at this time step k other views can not be
used for navigation. From the feasible views the robot
decides which one is the most appropriate for the given
task. A vector v, associated with each view, contains
scalar values indicating the appropriateness of this view
for each task. Once the decision is made about the tar-
get view (e), the corresponding D is used to compute
the control action uk by the controller (f).

The bottom part of our architecture in figure 1 is
a continuous perception-action cycle, that is closed by
making a decision about the target view. The robot
will home in to the selected view until an other target
view is chosen. Since the D is defined as pose differ-
ence, it can be interpreted as the ‘state error’ with re-
spect to the pose of the target view. Thus given the
kinematic/dynamic model of the robot, the g can be
implemented as an error state feedback controller. This
is less trivial if D is not the complete pose difference,
but views zi can be a combination from different sensors
that complement each other. Our robot uses panoramic
images, and from only two images the scale of the pose
difference cannot be estimated. It could be estimated
if the views zi were containing images and sonar read-
ings. An alternative solution is possible for our robot
because D gives the direction of the target pose. The
controller g can make the robot turn in the right di-
rection and then move forward a fixed amount. When
this does not give the right performance more elaborate
methods from visual servoing should be used.

Figure 2: Navigation example: The robot with omni di-
rectional camera has a database containing three stored
views z1, z2 and z3. Circles indicate poses x1, x2 and
x3 and ellipses the corresponding areas X1, X2 and X3.
The robot is in X1 and X2 and can choose between 1
and 2 as target. When choosing 2 eventually it will enter
area X3 and may choose 3 as target.

The top part of our architecture can be seen as a
view graph with the stored views as the vertices. An
edge between vertex i and vertex j exist if xi ∈ Xj

and xj ∈ Xi, because this implies that controller g is
capable of moving the robot from xi to xj and back.
Values associated with the vertices for the given task
provide the plan to reach the task’s goal. However, this
plan does not describe the true trajectory of the robot.
The selection (c) in figure 1 can be seen as the edges
that connect the robot’s current observations zk as a
new vertex to the view graph. From this vertex one of
the adjacent vertices is chosen as target and the robot
moves in that direction. When at the next step zk+1

is connected to the graph the set of adjacent vertices
may differ. This may lead to a different choice in target
vertex so that the target chosen at time step k will not
be reached. This happens in the example in figure 2
when the robot selects 3 as new target. Decisions about
target views are not made at the vertices, but at the
borders of the areas X. So instead of a view graph we
can also see the architecture as a partition of the state
space into different control regimes, given by the overlap
in areas X and the values.

3.2 Teaching and Learning

In our architecture the tasks are encoded in the values
in (d) of figure 1. These values can be manually selected
but also most approaches described in section 2.2 can
be applied. When the robot is placed at some arbitrary
location, then this ‘new vertex’ can serve immediately
as the goal state for this task. The values for views
are given by the distance in the graph. Programming
by demonstration is also possible by starting with zero
values for each view. Now values are incremented every
time step from the moment that the robot enters their
area X until the trajectory finishes.

We use Reinforcement Learning (RL) [9, 17] to learn
the values for each view. In this way the robot can be



taught by reward and punishment. The reinforcement r
is a scalar evaluation and we use a positive r for a reward
and a negative r for a punishment. The objective of RL
becomes the maximization of the expected cumulative
future reinforcements for all states or state/action pairs.
Define the value function as:

V (s) = E{
K

∑

i=k

γi−kri|s = sk}, (3)

with γ ∈ [0, 1] the discount factor and K the (possi-
ble infinite) final time step. The s is a discrete state
from the finite set S. The values for each state can be
estimate using the temporal difference learning:

V (sk)← (1− α)V (sk) + α(rk + γV (sk+1)), (4)

with α ∈ [0, 1] the learning rate.
Equation (4) only applies to finite discrete state

spaces but our robot state is given by the 2D contin-
uous position. One way to deal with a continuous state
space is using coarse coding [17] representation for the
value function. Here a finite number of overlapping ar-
eas, called receptive field, cover the continuous state
space. This is exactly the same as the areas X in fig-
ure 2. Each receptive field has it’s own value. The value
for the continuous state is given by the average of all re-
ceptive fields it is currently in.

Define a discrete state vector s for which each ele-
ment correspond with exactly one receptive field. This
element equals one if the continuous state is in that
field and zero otherwise. So the current state in figure 2
would be sk =

[

1 1 0
]

. Instead of (4) the ith element
of s is updated according to:

V (si
k)← (1− α)V (si

k) + α(rk + γV (sk+1)), (5)

with V (sk+1) = 1

n

∑n

i=1
V (si

k+1) and n the number of
ones in sk+1. Because more elements of s are updated
at the same time, learning is much faster compared to
updating only one state as in (4).

The selection of the view with the highest value give
the greedy policy for the current estimated value func-
tion. During learning alternative target view have to be
tried by adding exploration. In [19] the ε-greedy policy
[16] was used, so with probability ε the observation with
the highest value was selected and with probability 1−ε
some other observation from the feasible subset. Based
on the results in [19] we found an exploration strategy
more appropriate for our approach. We call it the ε-
rejection policy. Each feasible target observation has a
probability of ε of being rejected as target. From the re-
maining set the observation with the highest value will
be selected. Empirically this results in shorter learning
times. An additional advantage is that the sensory un-
certainty can be interpreted as adding extra exploration,
when assuming that all feasible target observations have
an equal probability of being missed because of noise.
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Figure 3: The data set. All dots and circles indicate
positions where images were taken. The circles were
used as the database of stored images. Lab indicates
our lab and A and B are office rooms.

When using RL the view graph is not used and all
values are a consequence of the interaction with the
(human) teacher. When multiple tasks are learned the
values are stored in the vectors v. So each view has a
set of values indicating how good it is to approach this
view given a task. The highest values for a given task
should show what the goal looks like. So not only does
the robot learn to perform the task, it also learns to
associate the observations with the task ‘label’ given by
the teacher.

4 Experiment

4.1 Setup

An experiment was carried out using real data and an
emulated navigation process. We used a Nomad Scout
equipped with an omni-directional camera to generate
a data set in our corridor and three rooms. We placed
the robot at a dense grid and stored the images to-
gether with their positions. Figure 3 depicts our cor-
ridor with the positions where images were taken. A
subset of these images were used as the set of stored
views {z1, · · · , z43}. The rest of the images were used
to emulate the motion of the robot during training, so
that we could guarantee that each task was learned un-
der identical conditions.

The robot had to learn three different tasks indepen-
dently. The destination of these tasks were:

a Room A
b Room B
c The Lab

A task was executed correctly if the robot navigated
into the destination room. Eventually the robot should
be able to do this from any position in figure 3.

We implemented the architecture from figure 1 as fol-
lows:

z The observation were 120 by 720 gray scale
panoramic images obtained from the omni-
directional camera.

D For the D, matching features in two panoramic im-
ages were used to robustly estimate the epipolar
geometry. The D follows from the decomposition
of the essential matrix. For details see [18].
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Figure 4: The resulting values vi for each stored ob-
servation plotted at their poses. At each pose there are
three squares whose gray scale indicates the values. The
top square corresponds to task “Room A”, the bottom
left to “Robot Lab” and the bottom right to “Room B”.

u In this experiment the motion of the robot is con-
strained to the grid positions in figure 3. The robot
always moved to a neighboring grid position that is
closest to the position of the target image.

v All values were initialize at a random value between
−10−7 and 10−7.

The learning parameters:
• We started with learning rate α = 0.9 a discount

factor γ = 0.9 and exploration ε = 0.99.
• The robot learned each task for 50 epoch of 100

steps.
• After each epoch α and ε were reduced by multi-

plying it with 0.95.

We made sure the robot was rewarded and punished
consistently by emulating a human teacher.
• The robot was punished with r = −1 for being in

a room not corresponding with the destination of
the task. Also the robot was punished for moving
away from the door of the destination room.

• The robot was rewarded with r = 3 for being in the
destination room.

4.2 Result

The result after training is shown in figure 4. The val-
ues for the task with destination A is indicated by the
top square for each pose. In room A they have a high
value (very dark), in front of that room the values are
lower (gray) and further away they are very low (white).
The same can be said for destination Lab (bottom left
square) and room B (bottom right square). This indi-
cates that the robot is capable of executing the three
different tasks.

Figure 4 could only be plotted because we measured
the pose at which each image was taken. The robot did
not have access to the pose information. All it knew
for each image was v containing the three values corre-
sponding to the three tasks. The values are plotted as
points in in figure 5. Navigation is based on selecting
that target images that has the highest value for the
task. So executing a task corresponds to moving away
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Figure 5: The values v ∈ IR3 for all images plotted as
dots. Each axis corresponds to the value of one task.
A circle is drawn around five of them and the labels
correspond to the images in figure 6.
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Figure 6: The panoramic images corresponding to the
labels in figure 5.

from the origin in figure 5. When the robot reaches the
images with the highest value, the task is completed.

In figure 5 five points are selected (indicated with the
circles). They are:

a The highest value for destination A

b The highest value for destination B

c The highest value for destination Lab

d The closest to the origin

e Between highest value for room A and the origin

Figure 6 shows the corresponding images. The images
in figure 6(a) and 6(c) show room A and the Lab and
the image in figure 6(b) was taken in the door opening
of room B. The image in figure 6(d) was taken some-
where in the corridor and the image in figure 6(e) in the
corridor in front of room A. This indicates that once the
robot is capable of executing a certain task, the values
can be used to associate perceptions with the destina-
tion of the task.



Figure 5 shows that most points are placed along the
axis. There is no point somewhere on a straight line
form point a to point c (average values for both tasks).
This suggests that there is no image that is good as tar-
get for going from room A to the Lab or visa versa. The
only way to go form point a to points c is by reducing
the value corresponding to destination room A. This will
lead to a next target images close to point d, suggesting
that the only way from room A to the lab is through
the corridor. This indicates that values can also provide
a clue about the structure of the environment.

5 Conclusion
In this paper we presented a mobile robot navigation

method that uses a database of stored observations as
representation of the environment. We have shown that
it was capable of learning to move to different destina-
tions based on rewards and punishments provided by a
teacher. Also we have shown that results of learning
can be interpreted to provide some information about
the environment.
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