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Abstract

This paper considers the possibility of getting robots to develop Empirical Model -
ling (EM) construals. This would allow robots to make models of their surroundings
which would help them to perform their tasks better. | look at the possibilities of
robots in the home using EM to learn their environment and to help them locate
where they are and where they need to go. The first section of this paper looks at
the three main aspects of EM and discusses the benefits and difficulties of robots
producing these. In the second section | discuss two scenarios (and their respective
models) which arobot may find themselves in.

1 Introduction

Robots in the home to perform everyday
chores have long been the dream of scient -
ists and even the average home owner.
These ideas have been on the mind of many
science fiction authors for decades, few
more famously than Isaac Asimov who cre-
ated the “I, Robot” series of stories and the
“Three Laws of Robotics” and whose novels
of robots have been made into films in the
recent years. But how close to reality is this
idea of having domesticated slave robots? Is
it feasible to think that we could soon be
surrounded by mechanical house wives?

With the rate at which technology is ad-
vancing, we could soon be at a place where
the mechanical practicalities of having aro-
bot in the home will be overcome (e.g. mov -
ing up and down stairs with ease, being able
to visually distinguish between different
objects etc). One of the largest and most
complicated obstacles however, is the cog-
nition, recognition and adaptability that
humans achieve so well, but is a very com-
plex activity indeed. Imagine for example, a
robot could be programmed to sweep a
floor without any obstacles on it. It could
decide on a point to sweep all the dust on
the floor to, and then collect that dust with
a dustpan. However, if you introduce some
furniture into the room along with some
child’s toy and maybe some mail scattered
around the floor, the task of sweeping the
floor becomes more complicated indeed.

The robot may be able to sweep under fur-
niture such as afoot rest by moving it
aside, but not under something as large as a
sideboard containing crockery. Also, how
would the robot be able to distinguish
between items which can be discarded such
as empty envelopes and important docu-
ments such as bills to be paid? The task be-
comes increasingly complicated.

In this paper, | want to investigate
whether Empirical Modelling (EM) could be
used within arobot to help with this com-
plexity of problem. In EM, the modeller can
create a computer- based artefact which will
represent their understanding of the situ-
ation which they are modelling. They will
have gained this understanding by interact -
ing with or experiencing the referent being
modelled. The term construal is used to de-
scribe this artefact. If arobot were to devel -
op such models in a similar way then it
would allow the robot to learn more about
it's environment and tasks.

There are other researchers who are
looking at how robots could be made with
adaptable learning capabilities. One of the
most exciting | have found is Cognitive De-
velopmental Robotics (CDR), developed by
Minoru Asada et al in Japan. The design
principle of CDR is to develop robots that
will learn by interacting with and experien -
cing their environment. There are two sides
to this:



1. “The design of a self- developing
structure inside the robot’s brain.”

2. “How to set up the environment so
that the robots embedded therein
can adapt themselves to more com-
plex tasks in more dynamic situ-
ations.” (Asada et al, 2001)

| believe it could be possible to achieve
this self- developing structure by enabling
the robot to develop EM construals. As the
robot experiences more of it's environment,
it can further develop it's construal to make
it more accurate to it's surroundings.

In the first section of this paper, | will
discuss the possibility of enabling robots to
produce construals through their experi-
ence of a house using EM principles. | will
then move on to look at some scenarios
which a domesticated robot might find it-
self in and look at how EM construals could

prove useful .

2 Robots making EM con-
struals

The question | want to address in this sec-
tion is can EM principles be used to develop
construals within a robot to enable the ro-
bot to learn through experience? | will look
individually at the three main principles
within EM; observables, dependencies and
agency, and see how each could be used to
achieve robots that develop construals. |
will also address any assumptions that | am
making about the abilities of the robots.

2.1. Observables

An observable is an aspect of the situation
we are modelling which we can attach an
identity and, more importantly, a value to.
Observables are the core item in EM as de-
pendencies are formed between two ob-
servables and agents act upon observables
and are actually observables themselves.
Even when dependencies are changed by
agents, the changing dependency acts as an
observable. Some examples of observables
in amodel of alift in a building?® could be

1 This model is available from the Empirical
Modelling website. See the references sec-
tion at the end of this paper for the URL to

the people using the lift or the floors the
lift visits. Observables can also be less tan-
gible aspects of the situation being mod -
elled such as the floor the lift is currently at
or even the total weight of the people inside
of the lift.

If arobot were to making EM construals,
then it would have to both recognise relev-
ant observables and record them within it's
model. With current technology, some ob-
servables would be easier to recognise than
others. IFarobot wanted an observables
such as the width of the room it was cur-
rently in, this could be done relatively easily
using laser measurement tools built into the
robot. However, if arobot’s job was to clear
a dirty plate from adining table, it would
have trouble creating an observable for the
plate as present robotic vision technology
would struggle to distinguish between a
plate and the table itself, or maybe a Frisbee
also on the table, for example.

2.2. Dependencies

A dependency expresses a relationship
between two or more observables which de-
scribes how the values of these observables
are affected if there is a change in one of
the observables values. Dependency links
different aspects of the model so that it is
not a group of autonomous individual parts
but a sometimes complicated system of in-
teractions. An example of dependency in
the lift model mentioned earlier is that a
person’s position depends of the current
position of the lift, when that person is ac-
tually in the lift.

A robot would have to be able to discern
dependencies between observables and re-
cord these dependencies in a model to
make a useful construal. Getting arobot to
discern dependencies would be very hard to
achieve as we make dependencies by apply -
ing our knowledge of the world or the ref-
erent we are modelling. A robot may require
some pre- learnt information of a situation
to be able to make dependencies. This is
one possible way in which CDR (mentioned
in the introduction) could link with EM. If a
robot could learn some knowledge about
it's environment, it could then apply that
and use it to discern dependencies. These
dependencies could later be updates or

this model.



change as the robot discovers more about
it's referent.

2.3. Agency

An agent is an aspect of a model which is
perceived to be able to cause a change of
state. Understanding of agency within a
model may evolve as the construal devel -
ops. Agency makes a model active. Observ -
ables and dependencies are facts about the
model but the agency makes these facts in-
teract with one another. An example of
agency in the aforementioned lift model
are, if alift user presses the call lift button
on a floor then the lift will move to that
floor, thus changing the state of the model.

Similarly to dependency, agency would be
something the robot would need to learn or
pre- acquire. For example, atypical state
change in a house situation would be the
opening and closing of a door. Children
learn this through seeing their parents reg-
ularly repeating this motion. A robot would
need to learn where is best on the door it-
self to pull or push. If arobot were able to
create an observable of the handle and its
position on the door (which as | discussed
earlier is currently a hard task), then the
agency between pulling the handle and the
door opening could be added to the robot’s
EM construal.

As you can see, developing an EM con-
strual within arobot’s memory is currently
quite a hard task. Observables are challen-
ging to recognise, dependencies and agency
have to be learnt. However, EM is a great
tool for learning?, and could also be used to
enable arobot to learn both dependency
and agency. If arobot was “pre- installed”
with a basic model of a house, it could up-
date this model as it discovers more about
it's environment, thus making the construal
more accurate to it's referent.

3 Scenarios in EM

In this section of the paper | will look at a
couple of scenarios which a domesticated
robot may find itself in. For each of the fol -

2 For more information about EM as an edu-
cation tool, see Beynon's paper Empirical
Modelling for Educational Technology in the
references section.

lowing scenarios | will first describe how a
human may deal with the situation. | will
then discuss how arobot could deal with
the situation and any problems that the ro-
bot may encounter. | will then describe the
actual EM models | have created in parallel
to this paper and how these may be used to
help solve the problem.

3.1. Knowing the room you are in

This scenario deals with the problem of
getting arobot to realise what room itisin
within the house or office it could be work -
ing in. How do | know that | am sat at my
desk in my bedroom in my house? | believe
this comes from a couple of factors. When |
left the Christian Union evening this even-
ing, | drove the usual route from campus to
my house which | assumed (rather feasibly)
hadn’t moved location. | then unlocked and
entered my front door using my house key
(thus confirming my earlier assumption). |
then walked to my room and after getting a
drink, | sat down at my desk. So my regular
movements to my room confirmed that this
room | am in isindeed my room. Secondly, |
know this is my room because it has my
things in it, in the positions | left them in.

How would arobot achieve such areal -
isation of it's location? In replication of the
two ways | know | am in a certain room, a
robot may be able to know what room it is
in if it has travelled there using the model
of the house in it's memory. However it is
possible that on some occasions (for ex-
ample, when switched on first thing in the
morning in a house) the robot may be un-
aware of it's present location. It could be
that the robot isin the same location as it
was when it was switched off, but it is feas-
ible that the robot may have been moved
overnight. So what observables can the ro-
bot use to decide it's location? Furniture
may have moved and so may other small
items. The robot could measure the dimen -
sions of the room. IF these matched one of
the rooms in it's memory, then it could as-
sume it isin that room. | see two possible
problems with this. Firstly, there is the rare
occasion where the room may change it's
dimensions, due to an extension on a
house. Secondly, if arobot was working in
an office block, a problem arises since many
offices in a block have similar dimensions.
In both these cases, the robot could simply


http://www2.warwick.ac.uk/fac/sci/dcs/research/em/publications/papers/047/
http://www2.warwick.ac.uk/fac/sci/dcs/research/em/publications/papers/047/

leave the room and see if the room it then
enters isin it's memory.

The EM model | have created for this
scenario models the situation where the ro-
bot is placed in one of three rooms and it
has decided which of the rooms it isin by
the values of known rooms within it's
“memory”. The model 3 contains three
rooms which the robot (represented by the
circle) can be placed into by clicking the
relevant buttons. When the robot enters a
new room, the model simulates the robot
measuring the distances from itself to the
four walls of the room. It then uses the data
and compares it to the values of room di-
mensions that it knows. The robot decides
upon which room it isin and displays it's
decision. Even though this model is quite
trivial, it does show how a robot may decide
which room it isin by using the observables
of the unknown room’s dimensions.

3.2. Finding the door

This scenario deals with the problem of
getting arobot to find a door in the room it
isin. This is arelatively easy task for a hu-
man being. One swift look around aroom
and the human eyes can locate the door.
Even if the door has the same colour as the
wall, the door is recognisable as there is
usually a door frame and a door handle.
There is the famous example of the Oval
Office in the White House in the USA where
two of the doors are in exactly the same dé-
cor as the surrounding wall. The only items
distinguishing them are the small door
handles and afaint outline.

A robot on the other hand would find
this task very challenging. As discussed in
section one, a robot would struggle to cre-
ate an observable of the doors location just
by looking around the room. With today’s
robotic vision technology, distinguishing
the difference between a wall and a closed
door, or an alcove in aroom and an open
door is avery challenging if not impossible
task. As this technology advances, a robot
may be able to scan the room as humans do
and find the door immediately and then it
would be able to create an observable for it.
Today however, this is not possible. One
solution would be for there to be some

3 The model can be viewed by running the
file scenariol.e in tkeden

form of marker above the centre of each
door. This marker could be something as
simple as aradio transmitter. If the robot
picks up the set frequency, then it knows
there is a door where the frequency is com-
ing from. A technician could feasibly come
and install the robot into your home and
place one of these transmitters above every
door. The robot is now able to make an ob-
servable of the door and head towards it
whenever it wants to go through the door.

The EM model | have created for this
scenario models the situation where a robot
is placed in aroom with a door which it
wants to go through. In the model 4, there
are two observables (doorCentrexX and
doorCentreY) which simulate this marker
being placed above the door. When the ro-
bot is commanded to find the door, it will
adjust it's position to move to the door. In
the model, it is also possible to change the
position of the door, thus making it less
trivial.

4 Conclusion

Technology wise, there are still significant
hurdles to be jumped before we see robots
vacuuming our floors. There is aso still a
way to go before the robot’s “brain” is able
to cope with daily activities around the
house. Empirical Modelling seems to hold
potential to enable robots to learn and to
perform their tasks by creating EM constru -
als of situations. As the robot experiences
more of it's environment, it can edit and
enhance the model, thus making it more re-
liable.

There are still many problems regarding
how a robot may recognise and discern the
three main aspects of EM; observables, de-
pendencies and agency. These problems will
have to be overcome before EM could be
used within a robot.

It would be interesting to investigate the
possibilities of installing an EM environ-
ment on a small robot in a controlled layout
of a series of rooms. The robot could be
tested to see how well it remembers its way
around the layout, and it's learning capabil -
ities could also be tested.

4 The model can be viewed by running the
file scenario2.e in tkeden
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