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Abstract

HE AMOUNT OF DATA AVAILABLE to a mobile robot controller is staggering. This
T thesis investigates how extensive continuous-valuedstegams of noisy sensor
and actuator activations can be stored, recalled, and gsedeby robots equipped with
only limited memory buffers. We address three robot menatios problems, namely
Route Learning (store a route), Novelty Detection (detbeinges along a route) and the
Lost Robot Problem (find best match along a route or routesyob®t learning prob-
lem called the Road-Sign Problem is also addressed. Itvegod long-term delayed
response task where temporal credit assignment is needwal limiited memory buffer
entails that there is a trade-off between memorisation aaching. A traditional overall
data compression could be used for memorisation, but thepmssed representations
are not always suitable for subsequent learning. We preseavel unsupervised on-line
data reduction technique which focuses on change deteaetilber than overall data com-
pression. It produces reduced sensory flows which are deitabstorage in the memory
buffer while preserving underrepresented inputs. Suchtspan be essential when using
temporal credit assignment for learning a task. The usefdrof the technique is eval-
uated through a number of experiments on the identified rpbmtlems. Results show
that a learning ability can be introduced while at the same tinaintaining memorisation
capabilities. The essentially symbolic representatiesuitting from the unsupervised on-
line reduction could in the extension also help bridge the lgetween the raw sensory

flows and the symbolic structures useful in prediction arrrwinication.
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Chapter 1

Introduction

HE AMOUNT OF DATA available to a mobile robot controller is staggering. Sen-

T sors like high resolution video cameras, touch sensorgariis sensors, micro-
phones, and an array of proprioceptive sensors provideaaptgtream of data, quickly
amassing into megabytes upon megabytes if stored diréyhere investigate how ex-
tensive streams of such data can be stored, recalled andgsexst at later stages in time,
i.e. how different kinds of memory-related tasks can be hathéh a mobile robotics
context. We address four different memory-related molaleot problems, the first three
relating closely to memorisation, and the fourth to leagnin

Route Learning. In the mobile robotics domain, Route Learning (Tani 1996/
& Nehmzow 1996) involves storing information about a tréeelpath, e.g., through a
vast warehouse or maze. If called upon, the robot should leetaleproducethe path
from memory, by consulting its stored representation thier&he stored route can also
be used in reverse for return navigation (Matsumoto, lkédaba & Inoue 1999), i.e.
for travelling from the current location back to the statdtion. Route Learning can be
considered as a memorisation problem, where an entire ttetns—orepisode—has to
be stored and then reproduced entirely from memory. If tipeoduced data stream is
accurate, it might even be possible to create a map of thelteavroute, from memory.

Novelty Detection Once the system has a memorisation ability, it coondtch



its memorised data stream against the currently arrivirtg gaints to detect novel se-
guences. That is, a stored data stream-+eterence episodecould be compared with
the current stream of data, and any deviations not attifdesimply to noise or ‘normal
variation’ could be detected and signalled. Detected mishes correspond to changes
in the environment or the manner in which the robot interadth the environment, e.g.,
damage to some of the sensors or actuators. The mobile eshbblem we investigate
is a patrolling guard robot which travels along a route, matg its inputs against a stored
reference episode of how it ‘ought’ to look. Thereby the rolidl be able to detect alter-
ations and novel configurations in the environment, see Bdlaini (1999) and Marsland,
Nehmzow & Shapiro (2000). Detecting minute changes in pmsitg of objects along
the route requires an accurate stored representationpassh the following.

The Lost Robot Problem Once the robot has a matching capability, and the ability
to maintain several reference episodes in memory, it shioeldble to correctly identify
which (if any) of these previous episodes which correspdadke current situation. By
continually matching the current stream of data with theéseesl episodes, the robot can
identify re-occurrences of previously encountered situret as well as detect novel ones.
Our mobile robot task involves the correct identificationegisodes corresponding to
travelling in different rooms all sharing the same geneedldas features. We also look at
a variant of the Lost Robot Problem (Nehmzow 2000), whichsattié detection of not
previously encountered rooms.

The Road Sign Problem Most difficult of the four memory-related problems we deal
with, is the apportionment of received reinforcement todaéa points. This is required
for learning temporal relationshipbetween inputs, outputs, and feedback at different
points in time. In realistic scenarios, reinforcement isgigen each and every time-step,
but only upon the completion of a task or a subtask (rewandyyleen some undesired
behaviour is exhibited (punishment). That is, we have ay@elaeinforcement signal
through which we should find relevant indicators in the poesi data, i.e. deduce the
‘cause’ for eventually receiving a certain reinforcemeWe address a delayed response

task called the Road Sign Problem (Rylatt & Czarnecki 200®plving a mobile robot
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which has to find the relationship between the correct tyyidinection at a junction and
different road signs that the robot passed at some earliat.pbhe task is to assign, at
some point later in time, appropriate credit to the data {saieceived when passing the
road signs since they carry useful information for a latesisien. The longer the delay
period is made between passing the road sign and eventutipgyto the junction, the

more data points accumulate in between, making the problere and more difficult.

1.1 Shared Problem Characteristics

All of these four robot problems relate to data being storedalled, and processed in
memory. A problem withstoringa data stream as it is, i.e. sample by sample, is that
it would require an absolutely immense memory buffer fortaimg beyond a couple
of seconds worth of data. Storing several different episadea raw format is thereby
infeasible, especially when we have high-dimensional datha reasonably fast sam-
pling rate. Even if we were able to store several episodeavinformat, therprocessing
this data, e.g., matching against one or several of such edev streams for identify-
ing re-occurrences of episodes, would be very computatipdamanding and difficult
to achieve in real-time. It would be increasingly difficultwe also were to allow for
variations in for example timing, due to noise and wheelpdge. When it comes to
incorporating a learning ability, we have another probletating to storage and process-
ing, namely that otemporal credit assignment_earning relationships involving time
spans of more than a couple of seconds will mean propagaéiciy fieinforcements over
thousands and thousands of intermediate raw data poingsprbilem with this temporal
credit assignment is that the credit assignment algoritasssime that more recent data
points are more relevant for the outcome, i.e. the heurigtiecencyfor eligibility traces

in reinforcement learning, see Singh & Sutton (1996). Mdghe reinforcement signals
are thus, by design, distributed amongst a limited set @ paints (the most recent ones).
In for example gradient descent learning, this also happens or less involuntary due to

the tradeoff between gradient descent and the latchingarfrivation, as has been shown
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by Bengio, Simard & Frasconi (1994). This adversely afféebtslearning of long term
dependencies involving many data points, as much earltartzEnts are not considered
important and subsequently receive less—if any—of thegspgay quite well-deserved

credit. In sum, the problem is that there simplyas much data

1.2 A General Solution

Just focusing on the issues of storage and processingnissides some sort ofompres-
sion or data reduction mechanism is what we need, as storing eatlevery raw data
point is intractable. By reducing the amount of data, we &hde able to store more
and longer episodes, and reduce the amount of processingpdbe smaller data sets.
This is in fact the approach taken by some of the existingrgite at dealing with Route
Learning (Tani 1996), Novelty Detection (Nolfi & Tani 199@nd the Lost Robot Prob-
lem (Nehmzow 2000). In all, what remains after the reductibauld be as accurate an
over-all depiction of the original data as possible, so tiraican rely on it for reference.
For memorisation, the question is how data reduction shbelgerformed, keeping the

following restrictions in mind:

e We cannot store all previous data for reference, but rateedrio process and re-
duce iton-line Generally, several passes through the same data will nm$sble

for the data reducer as the data cannot all be stored fordyitacessing.

e The distribution of the data can change—possibly quitetdat/—as new inter-
actions are initiated, or new environments are encountdredt is, the data reducer

should accommodate foron-stationarynput distributions.

e The data comes from samplingisy analogue sensors. There will be transient
errors or jumps in the input signal, which should not hamperfunctioning of the

data reducer to any serious extent.

The temporal credit assignment can also benefit greatly &roaduction of the amount

of data. An example of this has been shown by Schmidhuberl(19¥92), in a process
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called ‘history compression’. There, blocks of symbolse/ehunked’ together based on
their predictability, thereby reducing the amount of data set of such chunks instead of
individual data points. Learning the sequence of chunksmuash simpler than learning
the sequence of actual data points. We are here dealing wifly montinuous-valued
data, and will therefore not be able to ke&p of the information through the reduction
process. Thatis, we will have to ddassyreduction, or we would have to settle for a very
insignificant reduction factor, maintaining each and evamgor sensor fluctuation. The
less we reduce the data, the smaller the gain for the leaprimgess, as temporal credit
assignment becomes harder. The more we reduce the data oth#r hand, the easier
it gets to reach and apportion credit to very old data, bugtieater the risk of removing
any information-carrying data, i.e. relevant indicatofhe point here is that there is a
trade-off between how much information remains about iitdial data points after the
reduction (overall memorisation accuracy), and gettingething small and well-suited
for temporal credit assignment. Taking the temporal cradgignment into account, the

data reducer must also accommodate for the following:

e Learning isto be performed on the remaining data, i.e. ingmaindicators for later
reinforcement must not be removed in this process. The proli that indicators
can be quite underrepresented compared to other—irreteMgpes of input, but

should still remain after the data reduction.

e Things (inputs) which at first seem irrelevant may suddemrlgdme the target for
learning. That is, the relevance of different inputs mayngfeg or become apparent

only at later stages during operation.

Unfortunately, we have something which resembles a chiekehegg problem: We
want to find out what parts of the data (sensory patterns)ateatelevant for the robot,
in terms of helping it deal with tasks involving long-termatonships. We should be
able to more appropriately assign credit for the long-teepahdencies after the data
reduction. But, how do we know that the relevant—informatearrying—data points

remain to receive their well-deserved credit? Maybe onbless data points remain, all
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the information-carrying ones having been discarded irrdlgeiction process. After all,
we could not appropriately assign credit to all the data {soire had before the reduction.
How should we know what to keep and what to throw away whenglour reduction?
Thatis, how could we remove onigrelevantdata, when we do not know where the useful
information is contained? This is, after all, what we willdioutafter the reduction. The
reduction process is therefore not as straight-forwartragght seem at first. The solution
to having too much data we investigate here does nonetHalessincorporating some

sort of on-line lossy compressor or data reducer.

1.3 The Contribution

This thesis shows why reduction based only on general lossypeession is a bad idea
if learning is also to take place. More specifically, lossynpoessors do their work by
minimising an overall reproduction error, which in turn meahat underrepresented in-
puts may be lost. Regrettably, these are often the typestafmants which are essential
for learning, like the odd light signal or bell ringing. Wheve want to do learning on
compressed or reduced data, we must take special care wirenttlis compression. Is
actuallycompressioithe best way of thinking about that we want to do?

We propose an alternative way of addressing the problem¢iwisi not based on
compression but rather on a different paradigm. We desigplement, and test our ideas
against existing systems for handling the memorisationleaching tasks. Specifically,
we show how Route Learning and simple map building, Novelgtedtion, the Lost
Robot Problem of being in one of several perceptually atlasems, and the learning of
delayed response tasks like the Road Sign Problem, berefittfris approach.

In order to perform the Road Sign Problem, and other delagsganse tasks, the
robot needs the ability to affect its own behaviour, i.e.dquce different types aksponses
when necessary. The goal of learning is then to produce theppate response at the
correct points in time, depending on what is stored in theiced representation of the

past, i.e. based on a ‘contextual’ representation of quitensive time intervals. We
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carefully go through the different design choices and opputies of forming such a
control loop, reviewing ideas from existing (mostly hyBrwbntrol systems. We build a
simple layered system which lets the robot produce cortaged outputs in real-time,
depending on both its current input and on the reduced reptaton of the past.

In sum, what we present in this thesis is a technique for riedua time-stepped
stream of data points into a sparser asynchronous streaemépped data points, suit-
able for memory storage and learning. The system moressrdeitomatically extracts
notifications about potentially relevant changes in theutrgdignal, and learns to produce
accurate responses to these changes. In the end, we geem syBich is able to learn
memory based tasks, like delayed response tasksanhikrarily long delay periods, due
to this on-line data reduction. The essentially ‘symbaiggresentations that remain after
the reduction could in the extension also help bridge thetgamore high-level robot

tasks like prediction and communication.

Thesis Organisation

In Chapter 2, we review existing work on the memorisationeatp in Route Learn-
ing, Novelty Detection, and the Lost Robot Problem. We foesggecially on techniques
which make use of the temporal structures in the data streatirer than spatial—map-
building—approaches. This is because we want a system whithlso handle the learn-
ing of temporal relationships.

Many of the existing data reducers have problems with uegeesented data vanish-
ing in the reduction. In Chapter 3, we look at the relatiopdtetween data reduction and
compression, and the inappropriateness of a compressisedireduction if we want to
do learning on what remains. Instead of compression, wegs®that data reduction is
based on change detection. What remains after such a chigteetion based reduction is
a series of notifications about changes in the data streanmoteéethat these notifications
could be considered as a sorteMents The appropriateness of doing this interpretation is

considered, and a discussion is made on the source of egedts/hat they are supposed
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to represent. We conclude that, indeed, this may actually beeful abstraction. A gen-
eral framework for data reduction based on change deteai@imply ‘event extraction’,
is then introduced.

Having defined the desired properties of a learning-enadtd¢a reducer, we in Chap-
ter 4 review techniques which are candidates for actualplémenting this. None of the
techniques have all the desired properties—although ale@gme pretty close—and we
therefore set out to construct a novel technique, by addioguple of previously miss-
ing pieces from the area of change detection. This novehigadle is based on adaptive
resource-allocating vector quantisation, or ARAVQ, foosh We describe the founda-
tions of the ARAVQ, define how it operates, and then presemwnt $unple illustrative
examples.

Chapter 5 then describes the series of memorisation simontaand experiments,
carried out using our data reducer. We show how Route Legrd@ta streams can be
compacted into ‘reduced sensory flows’ where details areuceg to such a striking
degree that we even can reconstruct a crude map of the eatite, just from memory.
In Novelty Detection, the reduction lets us store detailefénence representations of
how the data stream is ‘supposed’ to look. Thereby we canctleteanges as well as
novel input patterns. Having the capacity to extract theseiced sensory flows, on-line,
and store them in memory, lets the system localise in seddfatent environments—all
without any unique landmarks—as well as detect when platadiovel environment, in
the Lost Robot Problem.

In Chapter 6 we then turn to the learning problem. We desdhibalelayed response
task called the Road Sign Problem, and review existing aubres for dealing with this
problem. As the task involves the robot performing a serfesctions, we show how a
control loop can be formed in a system with a data reducefef@ifit interaction schemes,
communication channels and data formats are discussedywarmutesent a design for
simple layered systems where learning can take place ortheed data.

There are many ways in which feedback for learning can bengiaed in Chapter 7,

we present three different learners, based on differerdraels. The first learner is based
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on simple—but pretty unrealistic—supervised learningg #me second on a more re-
alistic delayed reinforcement scheme. A third learner s giresented which besides
learning the delayed response task, also forms a set of lmemgawon its own, through a
massive trial-and-error process. We conclude that deleggubnse tasks with arbitrarily
long delayed periods are now trivial to learn. An extensmithie Road Sign Problem is
also introduced, where distractions occurring during telag make the problem more
difficult, effectively putting our data reducing system lretsame situation as a standard
system on the original Road Sign Problem.

In Chapter 8, we sum up our findings and discuss the use ofeldtiation in a broader
context. Being able to reduce and store several long sega@mcepisodes’ of interaction
should help the robot recognise re-occurrences and use #sea source for prediction
and generalisation. Steps can then be taken to abort aadtitar, if it matches an episode
previously leading to negative reinforcement. Episodesmerhaps even be communi-
cated between agents; through the reduction we namely gegthing resembling sym-
bolic representations. We discuss the issues involvedahngcup our system to larger
and heterogeneous sensory arrays. Finally, we discussodsbilities of applying our
findings in other domains where it could help bridge the gamben the continuous and

the symbolic.



Chapter 2

Background

E HERE REVIEWeXisting solutions to the memory-related tasks of Routeri-ea

U » ing, Novelty Detection, and the Lost Robot Problem. The tloproblem, the
learning task called the Road Sign Problem, is deferred latéir chapters, where learn-
ing is discussed in a data reduction context. The actualexpghta reduction techniques

that are referred to in this chapter are discussed in moegldethe following chapters.

2.1 Route Learning

Route Learning involves the memorisation or learning ofaetled route or path. Testing
whether a system has managed this typically involves behg ta follow the route or
otherwise describe or account for it at some later stage. prasented approaches all
include some sort of data reduction mechanism in order toraptish this.

In Tani (1996), the distance/proximity sensory range peafias continuously scanned
for a direction containing no nearby obstacles. The robatinoed by following this
maximum until a branching situation occurred along theeoit that time, an alternative
obstacle-free turning direction (local maximum) would epp and the robot could either
choose to continue tracking its current maximum or turn snlthanching direction. Only
binary branching choices were considered. An entire roatédcthus be thought of as

a series of binary decisions, and stored in its entirety agarp sequence, depicting

10
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the chosen directions. The criteria for what to store as aerolescription, i.e. what
was relevant information in the data reduction, was thusdh@ioked. This approach
would thereby not work in any other memorisation contexie INovelty Detection (see
next section), if any sort of changes or alterations alonguder should be detectable.
In Matsumoto et al. (1999), these ideas were extended to demobot equipped with

a high-resolution omnidirectional camera. It also detggtenctions, but now based on
changes in optical flow, and stored these in a so called ‘Oview Sequence’. However,

the same problems remained as in Tani (1996).
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Figure 2.1: The Self-Organising Map approach to Route Liagrn
used by Owen & Nehmzow (1996), which involved
keeping track of the sequence of unit activations. A 7x8
topology is depicted.

In Owen & Nehmzow (1996), a Self-Organising Map (SOM) wasdaad used to form
a reduced representation of the sensory inputs arrivingwtaaelling along a route. At
each time-step, the SOM received the inputs and assignediite of its units, or ‘model
vectors’, in an unsupervised manner. This also involve@dadsrd updating of this unit’s
model vector, as well as a 2-dimensional topological nedginbood of model vectors,
as described by Kohonen (1995). Thereby, clusters of igmibns would soon appear
in the SOM. As indicated, the model vectors were arrangedlowadimensional topo-

logical grid, and sequences of inputs would lead to sequeotanit activations in this
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grid, as depicted in Figure 2.1. While the sensor signals\fadves could be quite high-
dimensional, the model vector topology was two-dimendiacarad thus a data reduction
was achieved. A path in SOM unit activation space—corregponto the stream of
sensory readings from travelling along a route in the emritent—would require less
storage space than storing the actual sensory stream ifsetinly a generalised (proto-
typical) representation of inputs was contained throughSB®M unit activation trail, the
system would also get a slight generalisation capacity aldav minor changes in indi-
vidual inputs, as long as the same units became active. ©hredsEOM trail would come
to contain a wide variety of inputs, and not just the brangtpoints like in Tani (1996).
The experimenter now, however, had to preallocate an apptemmumber of units for
the SOM. Further, these units would be allocated for commmgatis, thereby causing

underrepresented inputs to be ignored; see Section 4.2nmra thorough discussion on

this.
gate activation predictio
(to higher levels;)
\Q sampling and gatir
prediction predictionz/ prediction,
RNN'; RNN', | = = u| RNN',
input prediction T T ?
\Q\ gate activation
5‘4 sampling and gating
prediction; predictionz/ prediction,
RNN, RNN, | = = & RNN,
input T

Figure 2.2: The hierarchical Mixture of Recurrent NeurahMerk
Experts used by Tani & Nolfi (1998; 1999).

In Tani & Nolfi (1998), another unsupervised approach wasluserder to learn or
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memorise an entire sensory-motor flow. This approach wasdbas detecting ‘mean-
ingful changes’ when perceiving a continuous taskhis was similar to the approach of
history compression in Schmidhuber (1991), i.e. the rerof/aunimportant’ (in this
case predictable) inpitsThe idea was to extract a set of ‘concepts’ based on an exten-
sion of the Mixture of Experts (ME) architecture proposedatobs, Jordan, Nowlan &
Hinton (1991). The extension involved having Recurrent ftdetletworks (RNNs) as
modules. These modules competada ME, in predicting the next input; the approach
was subsequently labelled a Mixture of RNN Experts (MRE).oligh the competition,
each RNN module came to be an expert for a specific region ot gspace. That is, each
module could predict one or more segments ofstiesory-motor flow.e. the sequence of
distance and motor sensor activations. An overview of theEMiRchitecture is presented
in Figure 2.2. Each RNN module in the lower layer receivedshesory-motor inputs in
each time-step, and each produced a prediction of the nput.ilA gating mechanism
weighted each module’s prediction as it combined them inéongle combined predic-
tion. This weighting was based on a observation of the laadiptions; modules which
had recently produced the best predictions were weightest mioen producing the cur-
rent prediction. To avoid rapid changes in the weightingégdiates), a dampening term
was incorporated. Otherwise a rapid switching between nesdcould have resulted.
In each time-step, one of the modules was also tagged as theew A route would
then correspond to a sequence of expert winners, in a mamagusto that of Owen &
Nehmzow (1996). Thereby a form of data reduction had takaoepl

The gate opening states were at intermediate points (egntly time step) passed on
to a higher layer, which was structured in a similar mannethaslower layer, i.e. into
a set of RNN experts. The mobile robot was navigating a siredtenvironment (Fig-

ure 2.3), while controlled by a simple obstacle-avoider.e Bmvironment consisted of

1A slightly revised and extended version of the 1998 paperbeafound in Tani & Nolfi (1999). This
extended version is actually the basis for our followingdission.

This was in Schmidhuber (1991; 1992) done based on a dissettef symbols, i.e. the chunking
did not lead to any loss of information. In Schmidhuber, Mo&ePrelinger (1993) and, as discussed in
Nolfi & Tani (1999), similar approaches but for handling daobus-valued input and output values, were
suggested.
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door

Room B

Figure 2.3: The segmentation trail of one lap in Room A. Each
segment is tagged with the label of the experthroughc)
which remained the winner throughout it. Adapted from
Tani & Nolfi (1999).

two different rooms, A and B, connected to each other via a dduch could be either
completely open or closed. The input from some of the robdissance sensors were
sent into the system, which then learnt to predict them ugsngternal modules. In each
layer five experts were used, here labellethroughe for the lower layer. Interestingly,
the lower-layer modules became experts at different setgrvehich to an external ob-
server actually corresponded to concepts like followingoaridor, making a right turn
at a corner, and following a wall. This occurred without anyeenal feedback, i.e. this
was the result of a completely unsupervised prote$he reason for this segmentation
was that situations like moving through a corridor entajpeactically no changes to the

limited-range distance sensors or the motors, which woal#dpt at approximately the

SExcept for the target for the prediction learning; by legtithe system ‘lag one time-step behind’ the
actual value was, however, available in the input streaetfits
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same value throughout the corridor passage. The same heldar corners; navigat-

ing them entailed keeping a constant (different from camjdnotor setting, while the

distance sensors in front could—at least in the first halhef¢orner traversal—show ac-
tivation. None such activation would occur while the robatswn the straight corridors.
That is, the sensory-motor flow could be reduced into churikeare-or-less constant
and repeating input patterns, for corridors, corners, etc.

The higher-layer modules were set to predict the gate ogdeipert use) of the lower
layer. As different lower layer experts, or a different atidg of them, were employed in
the two rooms, it resulted in the higher layer modules beognexperts at routes from
different rooms. That is, some of the higher layer modulesevamly used for room A
while a different set was used for predicting what happenedom B. Again, no explicit
information was provided to the system that the environnaettally could be consid-
ered as consisting of two different rooms. The system thadywed a sort of ‘symbolic
articulation’ of the sensor-motor flow. This articulatiomerged bottom-up rather than
having been enforced by an external observer or trainer. LiBee was, however, forced
to manually specify the number of experts, instead of Igttimee system determine this
on its own as the robot negotiated the world. A fixed controltas used throughout the
experiments, i.e. no actions were based on the extractaxpts) no attempts at forming

a control loop were presented.

2.2 Novelty Detection

Novelty Detection involves the detection and signallinghofel individual inputs or se-
guences of inputs. This involves keeping track of encowat@rputs, or entire sequences
of inputs. It is, however, difficult to store and process eawtividual input, and the
following related work all use some sort of generalisationieduced representation, in-
stead.

A simplified version of the Route Learning prediction basetdesne (Tani & Nolfi

1998), presented in Nolfi & Tani (1999) could detect when haveractions occurred.
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We review this model in greater detail as it is the most gdradrthe existing approaches.
The system consisted of a single first level input predictietwork, a segmentation net-
work, and a second level sub-sequence prediction netwaglkyé-2.4. The system par-
titioned the input space into a set of regions on its own, &ed triggered notifications
to the higher level—in an asynchronous manner—when triansitoetween the regions
occurred, i.e. again a form of data reduction. The first Igarediction network was a
recurrent neural network with 10 input units encoding theeBs®r values and 2 motor
values at time, 3 hidden units, and 8 output units encoding the expected®se&alues

at timet + 1. The activation of the hidden units at the previous timg@-stas fed into

3 additional input units the succeeding time-step, praxgdi memory of previous inputs

which could help in predicting the next inpfits
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Segmentation network

Figure 2.4: The hierarchical architecture of predictiotwaks with
intermediate segmentation networks used by Nolfi & Tani
(1999).

4The first layer prediction network did, however, not make aotable use of the recurrent connections;
they trained a non-recurrent network which yielded almdsntical performance.
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The activation of the hidden units of the first level prediotnetwork constituted the
input to thesegmentation netwoykvhich thus had 3 input units. These input units were
connected to a pre-defined number of winner-take-all outjutis, which each repre-
sented a different ‘higher order concept’. Nolfi and Tanidu8esuch output units. They
argued that a segmentation based on the hidden unit aotivatia prediction network,
instead of using the input sequence directly, allowed ecdraent of underrepresented
sub-sequences. The segmentation network was updated imsaparvised manner, sim-
ilar to a SOM with neighbourhood range set to zero (i.e. ngimeours were updated).
There was also a second level prediction network which tigefind regularities in the
sequence of extracted higher order concepts. They trainddested the system in a
simulated environment, consisting of two rooms of diffdreizes, connected together
by a short corridor. The robot, a simulated Khepera roba &ependix A), was con-
trolled by a fixed wall-following behaviour which was not@dted by the prediction and
segmentation networks. The networks were merely idle olesgrtrying to find regular-
ities in the sequence of inputs. Nolfi and Tani's experimeméshere replicated, using
Olivier Michel's publicly available Khepera Simulator (ktiel 1996), see Appendix B
for settings, and the resulting segmentation is depictdelgnre 2.5. As noted by Nolfi
and Tani, the extracted sub-sequences can be describedliss (ight gray), ‘corridors’
(gray) and ‘corners’ (black). When the number was increasddur nodes, the network
used all four nodes even if there only were three distincesypf inputs; i.e. it came to
always use all of the higher order nodes, regardless of thgtaxity of the input signal.
If the prediction error suddenly would increase, Nolfi anail@ncluded that something
had been changed in the environment, i.e. that somettorglhad just been detected.

The architecture used in Nolfi and Tani’s experiments waségusing standard back-
propagation (Rumelhart, Hinton & Williams 1986) and regdimany repeated presen-
tations of the same input sequence (required over 300 laffeienvironment) in order
to extract the sub-sequences. This made it intractablgoeatehe experiments with dif-
ferent parameter sets. This is a problem since they had mssyspecified parameters

which all influenced the outcome of the segmentation, egmber of hidden units in
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corner
corridor

Figure 2.5: The simulated environment and the segmentatiqaired
using the approach in Nolfi & Tani (1999). Each unitin the
segmentation network has been assigned a different shade;
the shade of the winning unit at each time-step is shown.

the prediction nets, choice of learning rates, weightatigation, delay and decay values,
the choice of which could lead to very different segmentatioMoreover, the training
had to be split into different phases, one for training thst fievel prediction network,
another for training the segmentation network. The duratibthese phases also needed
to be decided by the user. Further, the system could not td&taations which had low
density, i.e. that did not occur very often or which did nostsin for a long period of
time, for example very short corridors. Even more severe siystem would suffer from
catastrophic interferenc@McClelland, McNaughton & O’Reilly 1994) if new situations
arose which led to a reallocation of the hidden activatioacepof the first layer predic-
tion network thus making the existing segmentation layeghts inappropriate or even
invalid. Finally, the user was forced to manually specifg thumber of categories which
should be extracted, instead of letting the system detexithiis on its own as the robot
negotiated the world. As with the previous approaches, iiogna control loop was not
attempted.

In Marsland et al. (2000), a variant on the SOM was used fardietg novel inputs. It
incorporated a growing set of model vectors, and a ‘halidnatapability which meant

that common inputs would be habituated to (lead to low ngvatitivations) whereas
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uncommon (novel) ones would lead to higher novelty sigrigfss was done by keeping
track of the number of times that each unit (model vector)lheeh selected as the winner.
Units which often became active would be habituated (prediess output), i.e. the inputs
which caused the unit to become active would not be congidasevery ‘novel’. Only
units which were rarely activated would produce higher attgctivation, i.e. higher
degrees of novelty. Note that this approach only is abletowaat for novel types of input,
whereas novel configurations (ordering etc.) of inputs atedetectable. Neither could it
detect novel situations where inputs are missing or replageothers, like passing a door
which now is closed whereas it previously always was opers iBhbecause it does not
try to memorise theequencef sensory data in any manner. A possible extension to this
approach, would be to use the novelty degrees for dealiny tivé Lost Robot Problem;
a robot trained in one environment would generate many hayelty signals if placed in
any other environment. It would, however, have problemstifigng where or which of

the other environments it was placed in.

2.3 The Lost Robot Problem

The Lost Robot Problem involves a robot which has lost trdagksaurrent location. The
idea is to find out the location in one or several environméfutisinstance rooms) by
matching the current inputs against some sort of storecesgtation of the previously
encountered environments. It is assumed that there deeditho unique landmarks (sen-
sory patterns) which provide immediate location inforraatibut rather that the ordering
or placement of (common) features holds the relevant in&biaon.

In Duckett & Nehmzow (1996) a robot first moved about in a snsfructured en-
vironment, building up an internal map of what it encounterd@he basis for this map
was a set of distinct landmark representations, which waraeted bottom-up from the
sensory input. The idea was that the system could then usmtarnal map to find out its
current location, in case it ‘got lost’. The robot was equgpvith a separately controlled

turret, which was always kept in the same compass directimegpective of the travel
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direction. A simple reactive wall-follower was used in thestfipart of their experiments.
A perceptual clustering—a form of data reduction—was penfed based on an Adaptive
Resonance Theory (ART) network (Carpenter & Grossberg 4981ore specifically an
ART2 network was used, as these can deal with real-valuaasninlike their ART1
predecessors). As the robot moved along in the environnigmtts from the infra-red
and sonar sensors were sent to the ART2 network. The netiaskifted the input into
one of its categories; if none of them provided a good matobtteer (novel) category
was incorporated. The inputs emanating from being in routie same location tended
to resemble each other, and thus a set of ‘perceptual régesdted from the classifica-

tion. One such classification of the input for different pimsis along the wall is depicted
in Figure 2.6.
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Figure 2.6: The ART2 classifications of inputs at differesddtions,
presented in Duckett & Nehmzow (1996). The shaded

regions depict where different inputs were classified into a
shared category.

The ART2 category depicted in Figure 2.6 could, for example,interpreted as
‘northern wall’, but the authors point out that as the clssis unsupervised, the cat-
egories might just as well bear no direct translation to obsihuman categorisations

of environmental features at all. The idea was then to useéneeptual regions when
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trying to localise. A list of hypotheses, originally cortsig of all input-matching per-
ceptual regions, was formed if the robot ‘became lost’. Ttilenrobot started to move
and could strengthen and weaken hypotheses each time it tnagdna certain distance,
or depending on which other ART2 category would become adtive best match) next.
Detecting and weighing the hypotheses based on transhemgeen categories was thus
part of the approach. One of the strengths of this approatttaighe experimenter does
not have to explicitly specify the number of landmarks (ARGE2egories) that should be
extracted. New landmarks could quickly be incorporatedhgttame through the addition
of new prototypes. A problem with this approach, as the astlpoint out themselves
is, however, that noisy or ‘rogue’ input patterns will resial spurious ART2 categories,
i.e. categories which will never again match the inputs \@ogely. We thus would end
up with several regions in input space which will rarely—yee—be visited again by the
sensory signal. Another problem was that of ‘over-trainiag prototypes were dragged
away through their constant updating. The holes formedpntispace would then rapidly
be covered by the incorporation of additional categoriesheyART2 network, causing
a re-classification of inputs which previously were classifas belonging to one of the
earlier types. A sort of abstraction of the sensory dataastranto perceptual regions,
was thus formed.

A later approach, based on the same ideas as in the ART2 systspresented by
Owen & Nehmzow (1998b). The goal was again to form a set ofrfzarét represen-
tations bottom-up from the sensory data and to use thes®datisation. This time, a
simplified version of the Restricted Coulomb Energy (RCEsslfie?, was used to ex-
tract the landmark representations. Each landmark carresgal to a class of inputs, and
was represented using a prototype, called a representaiar, or an R-vector. A data
reduction was thus performed based on the R-vectors. Adsrgrtived into the system,
they were compared to the existing R-vectors, using a siityilaneasure like the dot

product. If the input closely match&dn R-vector in the system, the input was classified

SA description of the original RCE model can be found in Hudb%9?2).
6A fixed threshold was used for specifying what a ‘close enéughtch to existing R-vectors
constituted.
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as belonging to that class, and nothing else happened. theoather hand, none of the
existing R-vectors matched the input, a new R-vector waseplat the new input loca-
tion, i.e. the system had just learnt a new landmark reptaten. That is, a constructive
(resource-allocating) approach was used for the incotfporaf landmarks. Effectively,
this approach did the same work as the ART2 network, only iruamsimpler manner.

Again, a data reduction was thus performed, this time basgti®R-vectors.

sensor 2 R-vector (class prototyp

,,,,,,,

sensor 1

Figure 2.7: A 2-dimensional input space depiction of the sbRCE
classifier used in Owen & Nehmzow (1998b).

The vector map of the environment was then built by movingrtiet around the
environment, and keeping track of the matching R-vectorfielthe sensory readings
changed enough to cause another R-vector to become the h&gting, for at least 4
inches of movementthis was added to the map, along with information about tima-c
pass direction and distance between the landmarks. The@amiem as with the ART2
approach remained, however, as pointed out in Nehmzow {§208@mely, any single
non-matching input would create a new prototype. Situatiwhere sensor activations
changed would thus lead to many intermediate prototypgsertiing on how the indi-

vidual elements of the sensor vector changed, and becauseis#. That is, the RCE

It is unclear as to how many time-steps this corresponded to.
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classifier dropped a dense trail of R-vectors (prototypasit &racked the path of the
sensory signal throughout input space. Thereby many regiemer to be visited again
would be incorporated. The concepts were not used to cotiteolobot in any manner;

no control loop was formed.

2.4 Discussion

The reviewed approaches for Route Learning involved theaetibn of a less detailed
representation of the data, i.e. data reduction. The tegciesi were based on either a
manual set of reduction criteria (branch points), or sonte glomore general unsuper-
vised extraction. This was done by using clustering alpari like Self Organising Maps
or prediction learners like the Mixture of (Recurrent) EXge Learning a route then
involved keeping track of the order in which the units or experespectively, were ac-
tivated. As the number of units or experts was lower than #ressry dimensions, this
meant that a sort adpatial filteringor reduction had taken place. If the same unit or
expert became active for several time-steps in a row, thigdcalso be used for tem-
poral filtering or reduction, i.e. a sort of dynamic time warping, as the tiéipas could
be removed or run-length encoded. The same sort of unsgeerechniques were also
applied to the Novelty Detection problem. In the reviewegdgqya, a hierarchy of predic-
tion networks and a variant on the SOM were used instead ohgtall individual inputs.
Finally, in the Lost Robot Problem, we again find unsupexisehniques, specifically
Adaptive Resonance Theory and Restricted Coulomb Enetgpyerkrs.

The common approach to dealing with these problems, in #ilefeviewed papers, is
thus to reduce the amount of data in some manner. A varietpsdipervised techniques
had been used to accomplish this. In the next chapter we looka the differences are
between these techniques, as well as the similarities. \Wstieect a general framework
which encompasses these, and try to make explicit the aggmapehind the way they
filter or reduce the data. Would these techniques work if wetedto do learning on the

reduced data, as well?



Chapter 3

Data Reduction and Event Extraction

HERE ARE SOME COMMON PROPERTIESVhich all the reviewed data reducers
T in the previous chapter exhibit. Namely, they all maintaised of regions or
trajectories according to which the inputs can be classiid¢dhe end of this chapter, we
provide a general framework for constructing a data redudech produces descriptions
that are also suitable for learning. The framework involkesping a set aéxpertsvhich
are—as the name succinctly suggests—specialised atatiffeegions or trajectories in
sensory space. Transitions between these experts arg¢aetktgcasignalling function
which forms and outputs representations depicting thelrsresory situations. Different
alternatives for realising and training the experts areesged. Instead of using overall
compression error as a training criteria, we suggest thatitea of change detection is
more in line with what we need because then input distinstmather than density is
considered. We suggest that data reduction based on chatesidn principles could
be dubbed asvent extractionas what will remain is just the time points corresponding
to significant transitions in sensory space. In the next rap novel unsupervised data

reducer (event extractor) is then created based on theiplesqresented here.

24
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3.1 Data Reduction

As discussed in the previous chapter, in order to cope wightaéisks, the systems em-
ployed some sort of data reduction technique. This typrdalfolved an unsupervised
mechanism, to allow the system to form and adapt its own sgotations, rather than

base it on some fixed pre-defined criteria.

3.1.1 Experts

If we inspect the employed unsupervised mechanisms (wedec¢he prediction networks
here as well), they all maintain some set of input space rsgow trajectories according
to which the incoming data is classified. As we are lookinggeneral properties, we
suggest that the data reducer is considered as maintairsay@experts according to
the mixture scheme put forth by Jacobs et al. (1991). Thgseresscompeten accounting
for the inputs. This description applies to the systemsesged in the previous chapter,
in the following manner.

One of the reviewed approaches (Tani & Nolfi 1998) for impletre said experts
is to use Recurrent Neural Network (RNN) modules; each medahstitutes a separate
expert. The recurrent connections of the modules can maingying amounts of con-
text, thereby allowing each expert to cover trails in infpace of different lengths. These
modules compete with each other by predicting the next irthetmodule producing the
best prediction (closest to the actual coming input) wittdr@e the winner in this compe-
tition. A similar approach would be to use Hidden Markov Misd@iMMs) as experts.
Such an approach was put forth by Liehr & Pawelzik (1999), mteemixture of HMMs
was used for time-series segmentation. The training of sxplrts would, however, take
considerable time as special care is needed to avoid loceéhmai(by for instance using a
simulated annealing approach).

A simpler approach is to use model vectors in a vector quan(€Q), like the

Self Organising Map, letting each model vector correspandrt expert, see (Owen &
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Nehmzow 1996, Nolfi & Tani 1999). Using this method, there tdemr one-to-one map-
ping between inputs and VQ experts, as each input belongsete-and only one—expert
through the Voronoi cell partitioning. Knowing the curréen@ expert thus confines the
possible current input locations to a higher degree (to taceMoronoi cell) than the
sequence-based approaches described above, which caaryavember obverlapping
regions. Thereby the VQ would provide a meansifaerting the experts back to the
input, i.e. knowing the expert at a particular point in timnee could find out approxi-
mately what the particular input should have been by lookinthe model vector. (This
is the very idea behind VQ, namely that it can be used for sarteo$ compression and
subsequent decompression of a signal.) The extracted V&tsxpus lend themselves to
fairly transparent analysis. Further, finding out the samil/ between VQ experts, primar-
ily for generalisation, can involve a straight-forward Mowski (for instance Euclidian)
distance calculation between their respective model vect@alculating the similarity or
distance between a set of RNN modules is considerably méfieudti as information is
encoded into weights and intertwined with the delay condi&i The RCE method used
by Owen & Nehmzow (1998b) has R-vectors which also resenigl& ) model vectors.
Similarly, as we discuss in Section 4.2.3, the working of AT networks used in for
instance Duckett & Nehmzow (1996) can also be implementedaaly accurate degree
using VQ model vectors. Vector quantisation is thus a quitamon and straight-forward
approach for dealing with the data reduction, and the one iNéogus on in this thesis.

We now take a more detailed look at what vector quantisai@md how it can be used.

3.1.2 Vector Quantisation

Vector quantisation (VQ) is commonly used for data compogsand analog-to-digital
conversion; for an overview see Gray & Neuhoff (1998). At tieart of the VQ is a
set of model vectors, or prototypes, also calledd¢bdeboolof the VQ. In the simplest
form, these model vectors are of the same dimensionalith@asputs, representing dif-

ferent clusters of input patterns by a prototypical patt@ughly in the centre of each
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cluster. A distance function assigns individual inputs e of the model vectors, work-
ing like a nearest neighbour classifier. Instead of storingransmitting the individual
high-dimensional inputs, the low-dimensional index offeagnning model vector can
be stored or transmitted. The original input can then bensttacted—with some loss
of information—nby inverting this process, looking up andgucing the particular model
vector (input pattern) which the index corresponds to inabéebook. Traditionally, VQ
performance is defined (Fowler & Ahalt 1997, Buhmann & Hofmd®97) usingate

anddistortion

e Rate corresponds to the size needed to represent the wimudgl vector. There
is a clear relationship between the rate and the size of thebmmwk, especially if a
fixed-rate VQ is used, as explained by Hwang, Ye & Liao (19@¥nerally, a low
rate can only be achieved if very few model vectors are used aahigher rate is

required for representing a greater number of model vectors

¢ Distortion corresponds to the information loss which isgimed as inputs are mapped
to the model vectors. A low distortion means that the modetars accurately

match the input, while a high distortion implies a large lossignal quality.

Clearly, the more model vectors that are used in the VQ (tlghdri the rate), the
more readily can inputs be mapped to a close-laying modebwv@ower distortion). An
arbitrarily low distortion can thus be achieved by coniralthe rate; in the extreme an
individual model vector can be used for each input, in whiabecthere is no distortion at
all, but at the cost of havingery high rate. In the other extreme, a single model vector
could be used for the entire input set, i.e. a very low ratereghy however inevitably
causing a very high distortion as all the different inputs erapped to this single model
vector. There is thus iadeoff between rate and distortion. Depending on the domain,
this tradeoff is quantified using either an operationaladigin-rate function or a rate-
distortion function. That is, either the distortion is megesl if a certain fixed rate is used
(distortion-rate) or the rate is measured which gives aagerallowed distortion (rate-

distortion). Different configurations (placements) of rebdlectors on a given dataset
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can thus be compared using rate and distortion. Ideallypkh@ement leads to both low
distortion (no quality loss) and low rate (compact compeessize). As long as the VQ

is used only focompressionthis focus on rate and distortion is entirely appropridie
however argue that ikarning based on the extracted model vectors, is to be performed,
this is no longer appropriate. In the following we look at thederlying assumptions of

compression, and the way that compression quality is medsur

3.1.3 Compression

There exists a number of existing methodsdompressingime-series data. These meth-
ods can be divided into two broad categories, narteaglessandlossycompression. The
difference between these types of compression is in theatode forcompression errqr
i.e. the degree that a compressed and then decompressatdiftgrs from the original
signal. Lossless compression implies, as its name sug@estsnpression which entails
absolutely no degradation of the quality of the signal, wete be decompressed. The
compression error of such a method is thus always zero. Tipss of compression algo-
rithms are readily employed when no degradation of the databe accepted, like when
compressing text documents. Lossy compression insteagpsca limited degradation
of the signal as part of the compression, thereby most oétadihg to a greater (better)
compression ratigoriginal uncompressed size / compressed size). The lashmation

is usually removed because it is considered less impormahet quality of the data (usu-
ally an image or sound) or because it can be recovered relalydmainterpolation from
the remaining data.

In mobile robotics, lossy compression is in most cases d@abéy or perhaps the
only viable option as it is the only ready means for achiexangacceptable compression
rate. As most data originates from noisy, and essentialjyogue sampling processes, it
does not constitute a perfect account in the first place.y.ogspression techniques are
commonly based on re-coding the data using wavelets, vectantisation, or recently
even using fractals (iterated function systems).

The performance of a lossy compressor is hormally definel@sampression rate,



3.1 : Data Reduction 29

given a certain allowed compression error, or alternagivisle compression error for a
certain given compression rate. That is, the techniquehvbioduces the lowest overall
error when decompressing data of a certain compressedssigel 00 KB) is considered
the better one. (Note the correspondence to the way perfarenaf a VQ is defined.)
There are of course exceptions from this performance @itefor instance involving the
subjective evaluation of decompressed image or waveforalityu Such an evaluation
is, however, only applicable for very specific domains, anglicitly assumes that some
set of particular characteristiedwaysis the relevant one, regardless of the particular ap-
plication (for instance faithfully capturing the edges affaces, or to ignore differences
in very dark colours). The commonly used, domain indepetgerformance criterion

is thus to calculate some sort of overall error, like the sgdarror between the original
and the decompressed sighallhrough this performance criterion, different compres-
sion mechanisms can be compared with each other. Note thatraoting a good lossy
compressor, for example based on vector quantisationus dhalogous to doingrror

minimisation We now look at how error minimisation is accomplished.

3.1.4 Error Minimisation

Techniques based on error minimisation all have some sasif functionwhich is to
be minimised. Doing compression, this cost function ugualbdistortion measur¢hat
guantifies the cost resulting compressing inpuand then decompressing thisitoThe
bit rate of the encoding can also be taken into account, aftemLagrange approach
where the importance of distortion compared to bit rate eangecified, see e.g., Gray &
Neuhoff (1998) for details. The most common distortion nueass based on the squared
errord(z, ) = |v — z|?. When a sequence of data, . .. , =,, is compressed, an average

(overall) distortion error can be defined:

1n
E=—- d(z;, ©; 3.1
Z (i, 2:) (3.1)

'For a comprehensive review of this the reader is referredrty & Olshen (1997).
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If the distortion measure is based on the squared efravpuld correspond to the mean
squared error. A good lossy compressor would havé/asiose to zero; minimising”

is thus the goal for almost all existing compressors, orrnegpes which can be used for
compression.

Note that there may ble < n instances of the same inputvhich is to be compressed.
If the compressor ‘learns’ to compress and decompresstpig better, the payoff is thus
k-fold, compared to learning another input with an equaladtgin but which occurs
only once. An effective compressor thus takesut densitiesnto account, focusing its
resources on the most frequent inputs, as pointed out in &kghen (1997). Infrequent
inputs can be admitted a higher individual distortion ay thenot affectt to a significant
degree by themselves.

Thisdensity approximatioor density estimationften takes place by repeatedly mak-
ing small adjustment to the parameters, the magnitude atwdpiadually are reduced as
the system is ‘cooled down’ to a final resting state, in an aling process. The idea is
that this final state has managed to adequately capture thexlyimg input densities as
the frequent inputs will have influenced the parameters ¢ogiteatest degree. This is,
however, also a reason why the learning process often is isi@kror minimising sys-
tems. The annealing process must namely not proceed infg® jlamps, i.e. too large
reductions of the temperature, as pointed out by Rose (1@98) may miss the good
solutions. Further, this density approximation could benptetely overturned if the in-
ternal resources were extended or modified during the psoddgerefore, a fixed number
of resources, e.g., model vectors in the case of a vectortigearis commonly employed
during the entire process, or the density approximatiorhiniave to be restarted or re-

computed to some extent.

3.1.5 Error Minimisation for Experts

Is error minimisation really appropriate for training owperts? We argue that it is not,
and that there is a fundamental problem with using data erduzased on error minimi-

sation in the mobile robotics domain, especially if you wantdo learning. Consider
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Nolfi and Tani’s data reducer (Nolfi & Tani 1999), describedSection 2.2. They let a
vector quantiser represent the different experts usinmadel vectors, each model vec-
tor corresponding to a separate expert. They reported wliffes with working directly
with the inputs as infrequent (underrepresented) inputewet picked up by the model
vectors at all. They instead introduced a prediction neftwath a set of internal nodes,
and let the vector quantiser work on these internal nodes.sy/stem could now handle
infrequent inputs to a somewhat better degree, as diffesehad been enhanced a little
in this process.

The reason for these problems becomes clear when we cohswghe vector quan-
tiser was trained; it tried to minimise the overall (meana®ga) error between the inputs
and its model vectors. Most of the time their wall-followingpot received virtually the
same input, namely a wall on the right-hand side and nothimthe front, left, and back
sensors. Quite distinct but infrequent inputs arriving wpassing doorways or corridors
(activation on left sensors as well), entering cornersyation in front) and leaving them
(activation in back) were ignored. That is, none of the maaetors came to represent
these inputs, as they did not constitute a significant pathefoverall error. By map-
ping inputs to a hidden layer, the quantitative differenbesveen the common inputs
and the infrequent ones were emphasised somewhat. Thegdftiie vector quantiser to
take them somewhat more into account as they now causedtargretividual distortion,
their hidden activation patterns beimgrydifferent from the common inputs’.

An unsupervised data reducer which bases its experts on dgmsities, performing
error minimisation, is thus subject to difficulties. In thareme, the system will become
expert at recognising slightly differing wall inputs, waidompletely ignoringloorways,
corners, junctions, etc., all being absolutely essentalaf robot performing even the
simplest of localisation tasks.

If the input distribution is completely stationary, the @arfunction can certainly be
modified as to balance @reighinfrequent input areas higher than infrequent ones. Thereb
small clusters can be given a greater effect, by for instaveighing dimensions where

there is a clear difference higher than other ones; the emroimisation approach would
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then again be appropriate. However, this requires thatuhed distribution isknown
beforehand, otherwise this weighing is disruptive if nemuts arrive with distinct differ-
ences on these particular dimensions, thereby taking beesiror term completely. The
data reduction should ideally not be based on any particogaut distribution, but rather
be independent of the distribution, thus allowing the syste function under completely
different sensor configurations and in very different eomiments.

The frequency (density) of the different inputs thus conweglaly too great a role
in error minimisation. There are, however, alternatived&sing the experts on error
minimisation, namely from the area change detectianLet us take a closer look at

change detection and how it applies to our needs.

3.1.6 Change Detection

Change detection involves the prompt and reliable deteaifochanges in signal char-
acteristics, like a change in signal mean or variance. Fapwanview of this area, the
reader is referred to Basseville & Nikiforov (1993). Gerrathe focus is on detect-
ing when changes occur from matching a current situatioto some other situatiofy .
Change detection could be used iterativély ¢, , 0, . . . ) to segment a sequence into dif-
ferent parts. The change detector thus detects and sitfrailsomething has happened,
at different points in time.

However, an additional processing system would be reqtinaietermineavhathas
happened, in order to avoid having to treat each situaticcoagpletely novel. Thereby
re-occurrences of previously encountered situations eatebected, e.g., thét; actually
corresponds to the earlier situatién This entails that all encountered situations should
be stored for future reference, in some manner. This is whareexperts come in. If
a vector quantiser could be used for the change detectierdifferent situations could
correspond to the model vectors in the system (for instahedlifferent signal means
that are encountered). The difference between how progstyse placed in a vector
guantiser based on error minimisation versus change datastillustrated in Figure 3.1.

Error minimisation treats the signal peak as an outlier-+ehg ignoring it—and instead
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focuses on the two quite similar but frequent types of inpDhange detection, on the
other hand, focuses on only the points in time where changas ceffectively ignoring
the intermediate stages. Change detection would thereloyuod more appropriate for

determining experts.

Error minimisation

b prototype

/ a prototype

o A VTN st a6 WS Il

Change detection
x(t)

T b prototype

. a prototype

Figure 3.1: Error minimisation (top) places prototypesadmng to
input frequency while change detection (bottom) instead
focuses on distinctness.

One simple technique for change detection is the Finite Mgwverage (FMA) al-
gorithm, which encodes the current situation using a bodmakerval of past inputs, see
Basseville & Nikiforov (1993). This concept has been thad#s the unsupervised data
reducer presented in the next chapter. It utilises a finitgingpaverage to represent the
situation which the robot currently is in and at the same fiifiters the noisy input signal
to some extent. Rather than referring to this approach da f@auction based on change
detection principles’, we suggest that ‘event extractisould be quite appropriate. There

already exist some techniques for this, which we will takeaklat in the following.
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3.2 Event Extraction

Generally, event extraction involves the discretisatiba @ontinuous-valued stream of
sensory readings into a stream of intermittent events. Wk & an existing approach
for event extraction and discuss the concept of an ‘evaké,what type of information
they are supposed to convey, whether all events need to dearg| and where they are
supposed to come from. We propose the interpretation thavant is a notification of a
transition between regions or trajectories in the senspags, and if relevant leading to a

state change.

3.2.1 Related Work

The approach for event extraction, presented by Rosen&t€nhen (1999), was also
based on maintaining a set of experts. These experts condsg to stored prototypical
input subsequences, and a continual matching was perfaagegdst these each time-step
to find a winner. Their task was to classify different intdraas with balls, cups, desks,
etc. Raw sensor readings were first transformed into clsigiBtime series that had a
‘predictive value’ to the agent. The approach was then basekkeping a set of proto-
types (experts), one for each category, namely the averfdge cluster. Sequences were
incorporated into the clustering based on a pre-definedfsatiple rules, otemplates
depicted in Figure 3.2. Each template corresponded to g sis&ror drop of a sensor.
When one of the templates matched the input, i.e. a changdetested in one of the
sensors, arventwas generated. All other sensors which also exhibited susidden
change within a 800 ms window, were considered to be partetdme event. When
an event was triggered, the actual sensor values were extéod a five-second window
for each of the sensors. Each sensor’s five-second sequersci@n sent to a clustering
algorithm. Recurring situations would thus be extractedlasters of similar five-second
sequences. A prototype (average sensory sequence) wastegtfor each cluster. The
number of clusters was pre-defined by the experimenter;ahesumber was used for

each and every sensor. Each such cluster of inputs, repeesby a prototype, could
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(@) (b) (€) (d)

Figure 3.2: The four manually pre-defined templates used for
determining when to incorporate new sequences for event
extraction in Rosenstein & Cohen (1999). Template (a)
was 0.4 seconds long, and the others, (b) through (d), were
2.0 seconds.

thus be considered as an expert for those types of inputs.rdtie was subjected to
interactions with walls, balls, cups, small cups, deskslardkets. These interactions led
to different matching levels of the different sensory ptgpes (experts), i.e. the sensor
signals changed in different manners depending on the typeteraction. Different
interactions could thus be identified by the system.

Events were, however, only triggered each timdrasticchange happened to any of
the sensors, as defined by the manually designed templatEgjure 3.2. Interactions
happening at any slower time scale, like the gradual appingoof an object, would
thus not trigger any events. In fact, the sensory signalédcoake their way toany
location in sensory space as long as they did it without tosatly matching any of the
four specific event templates. We call this the ‘cat burglabfem’, see Section 3.3.3.
Also, the experimenter needed to manually specify the leagtl shape of each template
segment. In the following, we look at the concept or naturevaints, and how and when

they should be extracted.

3.2.2 Whatis an Event?

The task of our data reducer will be to extract a sequenceafitsyfrom the underlying

data stream. But exactly what constitutes an ‘event’? Adiogrto Webster’s Dictionary,
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an event is:

a noteworthy occurrence or happening : something worthgwfark : an

unusual or significant development

This definition suggests that events are significant, onmarthy, i.e. that they carry
some sort of informational value. This begs the questiontiadrethere can be any in-
significant events, i.e. whether unimportantioelevant occurrences could generate
events. We will get back to the idea of relevance and irrelegashortly, but let us first
take a look at the area of Discrete Event Systems, which sdaound the very idea of
events. Events are the basic units in the area of DiscretetBystems (DES), which—as
we will see—is what we want the system to effectively setfaoise into. Introductions to
DES theory can be found in Cassandras (1993), Banks, Cardison (1996) and Fish-
man (2001). In DES, the events, or more specifically thaggers, are usually defined by
the experimenter. The goal of the DES modeller is then to fmdppropriate description
of the underlying event-triggering system, e.g., for dggie purposes. Another aim is
to let the system react to the events, in order to keep itstabtler varying conditions,
i.e. for system control. Thanks to the discretisation of emytinuous-valued input stream
into an event stream, according to pre-defined triggergulsamporal relationships can
be found using virtually any standard learning techniquecofnmon abstraction in the
DES area is to view the system as a Finite State Automaton \B&a Petri Net model.
In the FSA case, there is a discrete number of states whickygtem jumps in-between,
when events occur. The definition of an ‘event’ is therefomted by this perspective. Let
us look at three definitions of ‘events’ from different indiectory texts to DES theory.

The first definition is a very succinct one:
A change in state of a system. (Fishman 2001, page 39)

In this definition, events simply are described as state ggsnA slightly more de-

tailed definition is:

An instantaneous occurrence that changes the state ofensystich as

an arrival of a new customer). (Banks et al. 1996, page 60)
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Here, they point out that the changes should be considerest@mtaneous. Again,
the definition also talks aboahangesbut now point out that they are the result of the
event, i.e.causedy the event. Finally, some DES texts do not even try to folyragfine
the concept, as the risk of being overly specific may inadvely exclude too much from

the event concept, or include undesired phenomena:

As with the term “system”, we will not attempt to formally ded what an
“event” is. It is a primitive concept with a good intuitive §ia. We only wish
to emphasise that an event should be thought of as occunstgntaneously
and causing transitions from one discrete state value tthanqCassandras
1993, page 36-37)

These definitions all relate eventsdbange specifically to a change of the system
state. States are explicitly represented (as circles)ate dtansition diagrams, like in
Figure 3.3. Reacting to an event in DES thus simply corredpda following an arc
in the state transition diagram. It is worth noting that thare many cases in which an
event does strictly speakingpt lead to a state change, namely in cases where there are
recurrent connections (self-transitions) to a state. kanle, in Figure 3.3, if the system
is in state ‘1’ and the event arrives, the result will be to stay in the same ‘1’ state, i.e.
there in fact imo system state change. There is, howevéraasition, but the definitions

of events explicitly discuss state changes and not transiti

Start a

Figure 3.3: A simple two-state FSA which only accepts (skiastate)
event sequences ending with@nEvents here correspond
to simple transitions.
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Do state changes have anything to do wélevanc@ Consider events which in each
and every state lead to a self-transition. Such an eventddmitonsidered as irrelevant,
as it does not produce a state change, and it would alwayslsathe whether or not the
event had occurred. This also gives us a notion of relevameieig relevant corresponds
to being worth reacting to or keeping track of. Acceptingstlme of thoughtjrrelevant
eventan thus occur in DES systems; an oxymoron considering tHesi&®es dictionary
definition of ‘event’ in the beginning of this section.

A straight-forward interpretation of ‘relevance’ is to a¢d it to some sort of task
performance. That s, is the event relevant for task peréoroe? This typically would re-
quire some sort of performance feedback (reinforcemegtjadi Making things difficult,
in an on-line learning system, relevance may change, intlleaperformance evaluation
function may be altered during operatforThings (events) which do not currently need
to be reacted to, i.e. incur no state change, can becomearglat/some later stage, and

then need a state change. An informal description of our wkevents would be:

DESCRIPTION | An EVENT is a notification of an occurrence in sensory space which

could result in a state change.

This description certainly leaves many questions unarstlydike what is a ‘notifica-
tion’, what do these notifications look like, and what exactnstitutes an ‘occurrence’?
The nature of events relates to the manner in which they aygetred, i.e. the sorts of
occurrences in sensory space that we are to be notified ablo@tjuestion becomes one

of how and when events are to be triggered, or simply ‘wherewdmts come from?’.

3.2.3 Where do Events Come From?

In DES theory, the events emanate from well-defined diss@teces like a user pressing

a key on a keyboard, a customer entering a queue, or a prodivin@into a warehouse.

2|tis therefore generally also good to follow an exploratitrategy in which the system never converges
onto a single fixed behaviour, but which instead always kéegiing alternative solutions at some low base
rate. We construct such a system (Learner Il) in Chapter 7.
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Some of these events can be uncontrollable, i.e. the ocmeaseof these cannot be af-
fected. There also usually is a set of controllable evehis,accurrence of which can

be affected by the system’s actions, thereby allowing fopésvised) control. The actual
detection and triggering of the events from continuous amsgynsources is thus, however,
not a central part of DES theory; it simply regards the evastsputs arriving from some

sort of existing, pre-defined, event detector or extractor

The event extractor receives as input a continuous-vatypitally high-dimensional,
data stream, and is to produce a stream of discrete eventatpst® These events
should capture the relevant information in signal spacecHy what isrelevantis highly
task-dependent, and the approach we take in the following fisst just extract a goal-
unrelated event stream—a sort of general abstraction ofldite stream—and then as a
successive stage filter away the events with low informatigalue. An alternative would
be to only extract the events which are directly relevantgerforming the task, but this
would prove difficult, as we generally do not know beforehavttht the relevant inputs
are for such selective event triggering and it is difficultaarn this at the time-step level.
This relates to the chicken-and-egg problem we discussiba imtroduction: how can we
extract only relevant events when we cannot assign relevantess we have performed
the extraction? Extracting a quite general stream of evéet®ting the major changes,
and then assigning credit to these events, is our approacke&ding with the problem.

As mentioned, events are notifications of occurrences irsémsory space which of-
ten should lead to state changes. It is not enough to be mbjifstthat something has
happened in sensory space, we also want to kwbat has happened. That is, just re-
ceiving a message saying ‘an event has occurred’ is not \&full Instead, a message
saying ‘an event has occurred’ or ‘an eventhas occurred’ gives us the basis to react in
a context dependent manner. The event extractor thus shewdflle to output messages
for us, containing different events, relating to differesensory conditions. Existing ap-

proaches for this, or rather for data reduction, revieweithe@previous chapter, are based

3The distinction we make between an event detector and art exénactor is that the detector just
detects and signals event instances from a set of evenetsgwhereas the extractor forms the set of
triggers on its own, either through an unsupervised or arsige learning process.
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on a partitioning of the continuous input space into a seegians. Movementsetween
these regions then trigger events, whereas movements gktisory signals within one
and the same region do not cause any output from the eveacextr Each region could
thus be thought of as representing a single global stateeafehsors; only when this state
changes drastically enough to enter another region, isiiaadion sent in the form of an
event. The event typically indicates the now best-matchaggon. The problem is thus
cast as a classification problem, where the system forms @f stisters (class regions)
from the input data and uses transitions between theseecduss$ event triggers.

It is worth noting that the granularity of this partitionimgdirectly determines the rate
at which events are fired. In one extreme, where the entingtigjpace is considered as
one single region, there will never be any transitions tamaig In the other extreme, a
single (tiny) region is created for each and every input Whian be received. Then at
each time-step, an event will be triggetednd we will be back at something like the
time-stepped input we started with in the first place. Gdherthe more regions we
split the input space into, the greater the likelihood faggering an event. Finding an
appropriate granularity for event extraction is a diffiquioblem, which we, however, get
back to in later chapters. Part of the solution we proposhas the number of regions
be determined somehow based on the complexity or distabudf the inputs, rather on

somead hocfixed value, conjured up by the experimenter.

3.2.4 Discussion

So, what is an event? As discussed in Section 3.2.2, we viegwvamt as a notification
of an occurrence in sensory space. The event may result et@&tange, if it is worth
keeping track of, i.e. if it isrelevant This is by definition task-specific and we get
back to this in later chapters where we look at learning basethe extracted events.
The ‘occurrences’ in sensory space correspond to one oftimgs, in as far as existing

approaches are concerned, at least. Either they corregpandving to another region

4Unless the exact same input arrives repeatedly; howewghlyhiinlikely if the inputs are based on
noisy analogue sensors.
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in input space—a straight-forward classifier or clustereuld determine this—or they
correspond to a switch in trajectory through the input spate latter would require that
different, possibly overlapping, sequences would be kektof, e.g., through a set of
RNN modules or possibly some form of explicit input sequemedotypes. While RNN-

based techniques were used by Tani & Nolfi (1998) and Nolfi & Th®99), whether they

actually represented any overlapping input space trajestor just performed a more-or-
less standard partitioning is very much in question. (Asima in coming chapters, the
exact same segmentation of the sensory stream is namebvadhiising a simple vector
guantiser.) An important thing to also note is that none @f éixisting data reducing
(possibly event extracting) approaches actually invohesrbbot reacting to the events.
That is, none use the events for mobile robot control. Thisldoequire that a number
of issues be dealt with, relating to getting a continuousanotitput signal from a more

or less static (discrete) event based specification. Wewliglalall these issues in later

chapters.

3.3 A General Event Extraction Framework

We now try to summarise the properties which are common ®ettisting data reducers
or ‘event extractors’. In order to perform an effective degduction, the system needs
to be able to detect repeated occurrences, or recurrencsgyations. This is done by
maintaining a set of experts. When the inputs change enaugio tonger match the

current situation (expert), an event is generated.

3.3.1 Definitions

We consider it prudent to view the extractor as working ore¢hdistinct spaces. First,
there is an input space where the inputs arrive each tinpe-Sthis space can be quite
different from the second (internal) state of the extraettire so called extraction space—
which is also updated each time-step. The extraction sgagsdd for detecting events

caused by changes in input space. The third space is the §yace, where outputs are
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produced from the extractor at intermittent points in timmehe form of events. The event
extraction involves both a spatial and temporal filteringha input stream, as discussed

in the following.

DEFINITION | The fixed-sizeNPUT SPACEprovides signals to the control system from
the hardwired (fixed) sensory array of exteroceptive angpoceptive

Sensors.

In order to avoid having to treat each change in input charatics as something
completely novel—a similar situation may have been encenedtpreviously—the event
extractor needs to store or maintain the characteristitiseoéncountered situations. This
can be done in a variety of ways, as shown above; the undgrigier is that the event

extractor maintains a set ekperts

DEFINITION | An EXTRACTOR EXPERT Or just EXPERT constitutes an input-
accounting sub-system of the extractor. Typically, a ledihumber of
experts are maintained by the extractor, each specialisiagarticular

sub-set or sub-sequence of inputs.

The experts should be considered as providing only a locat€nt, or short-term)
account of the state of the system, as they do not containniafiion about the global
history of the system. This provides a sortgfatial filteringas individual inputs are

transformed to a—usually lower-dimensional—extractipace.

DEFINITION | The EXTRACTION SPACEcontains the internal time-step based repre-
sentation of the event extractor, depicting how the expidsch the

current input. This space is not necessarily fixed-sizeeddmg on if

a static or dynamic number of experts is used.

As long as the incoming inputs are accounted for accurateiné current expert, no

event is to be signalled.
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DEFINITION | A SIGNALLING FUNCTION tracks changes in extraction space and sig-
nals an event at the current time-stapthe location in extraction space

at time-stepg — 1 was ‘different enough’.

If the representations in extraction space are orthogtikathe winner-take-all result
of an input classification, detecting such a change is triviatherwise, a criterion for
being ‘different enough’ in extraction space to warrant argvsignalling needs to be
defined, generally allowing minor changes of input chamsties to occur without taking

action.

DEFINITION | An EVENT is a change in extraction space as notified by the signalling

function.

The focus on reporting only the changes leads to a saeroporal filtering as redun-
dant inputs are removed from the stream. For clarity, it istvaoting that several events
are never signalled at the same time-step, nor in-betweee-dteps, as such changes
would all be compound into one through the sampling processirong at each time-

step.

DEFINITION | The EVENT SPACEconNtains the output representation from the extrac-
tor. The representation is based on either the extractiacesghe input

space, or a combination thereof. This space may change ized-

cally, depending on the chosen event representation scheme

In the simplest case, there is a one-to-one correspondeteedn experts and points
in the event space. That is, every situation where a certgereis best at accounting
for the current input, a particular output is produced by ék&ractor. If a new expert is
incorporated dynamically (on-line) by the system, thislwhken affect the event space

accordingly.
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3.3.2 Example

An illustration of a simple event extractor is depicted igitie 3.4. Here, each of four
experts corresponds to an input class or cluster, defined) @sprototype input pattern.
In each time-step, the input is classified as belonging tabtiee experts. The extraction
space has four dimensions with a ‘1’ marking the best matchipert, and zeroes for
the others. Changes in extraction space are signalled assdwe the signaller, and the
output corresponds directly to the expert representatiengvents are represented using

a bit string of length four with only a single bit active (a &istic event representation).
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Figure 3.4: (a) The multidimensional sensory input argvat each
time-step. (b) The unsupervised event extractor assigns
each input to one of its experts, i.e. a spatial filtering. (c)
Repetitions of expert assignments are removed and only
the transitions remain, as events, i.e. a temporal filtering
takes place.

That is, in this simple setup:
e The input space is six-dimensional and real-valued.

e There are a total of four used experts in the example, eastyttyg account for the

signal in input space.
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e The extraction space is four-dimensional and binary.

e The signalling function detects and signals an event whepdmt in four-dimensional

extraction sSpace moves.

e The event space is a four-dimensional copy of the extraciiate.

Through this spatio-temporal filtering, redundant inputs @moved. Thereby mas-
sive amounts of history can be stored as the actual inputpart$nneed no longer be
stored themselves; instead the compressed (filtered)ovetisereof can be used. Ideally,
the global state of the system can be determined based oedbersce of extracted events
from the beginning of the system’s operation, i.e. by talai@vailable history (context
information) into account. In our description of an evertragtor, the idea of maintaining
a set of extractor experts was included. These may in fadiemmobmpletely necessary, but
not having them will lead to limitations in the aforemengahspatio-temporal filtering,

as discussed in the following.

3.3.3 Doing Without Extractor Experts

Consider the special case where the extractor space islsetdentical to the input space,
i.e. no experts or any type of signal re-mapping is includethe extraction process. In
that case the extractor’s signaller works directly on thgutn alerting when the signal is
‘different enough’ from one time-step to the next to warrantevent. That is, it monitors
changes directly in input space and only as long as the irspapproximately the same
at time stept compared tot — 1, i.e. below some threshold (delta), it stays idle.
This is a very simple event extraction scheme, which worksome situations, but it has
problems. TheA-based method may generate an inappropriate amount ofseife¢hée
signal-to-noise ratio is incorrectly reflected in the cleoaf A. If the threshold is set too
high, the extractor will miss the relevant changes, and ddwoA setting will lead to
events being triggered by perfectly normal fluctuationse problem corresponds to that

of acat burglarin a room with a motion sensor. In order to avoid false alamamfnoisy
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sensor readings, the motion sensor has been equipped wéteetidn threshold; only
movements exceeding the threshold are treated as actuaimemis, the others as noise.
By doing a series of small movements, each one staying bdiewdétection threshold,
the cat burglar is able to move to any location in the room authever being detected!
This corresponds to a situation in which the inputs gragusle changed into something
drastically different without detection; obviously notappropriate behaviour of an event
extractor. This problem remains as long as movements sntdiea A can occur during
a single time-step. More importantly, while Z&-method might detedthat something
has happened to the signal, it does not telusit has happened. That is, each event is
treated as something completely novel and consequentlyeangcurrences of previous
situations are not recognised as such. Thereby the inpolsigyjust filtered temporally,
but not spatially as this requires that a limited number otireng points are maintained
somehow in the system. As discussed, this can be done theoughety of techniques,
here summarised as being extractor experts.

An event extraction approach which was actually not basedamng a number of
experts, but rather a predefined numberegénts(segment boundaries) was tested in
Himberg, Korpiaho, Mannila, Tikanmaki & Toivonen (2001Jhere, an off-line event
segmentation was performed on data collected from a mohite@ equipped with a
number of touch, light and interaction sensors. The sendatg was split into a pre-
defined number of segments based on ‘internal homogeneéy’'segments with as low
variance as possible. The idea of having a set of expertsatbig competing for the
data was thus not considered. The problem with said apprigablat this does not lead
to an effective data reduction, as each occurrence is ttemtecompletely novel, and
generalisation (drawing on old or previous experiences)ld/ithus not be possible. Each
segment could possibly be interpreted as a specific expgrsueh a process would result
in subsets of virtually identical experts, due to re-ocenoes of some situations. The
specified number of segment boundaries could thus insteasisdered as an upper
bound on the number of resulting experts, the numbers beiggical if each segment-

corresponding situation only occurs once in the data set.
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3.4 Discussion

The focus of the previously used data reduction techniquesented in the preceeding
chapter, was on minimising an overall compression erroratTif, the reduction was
considered as an error minimisation problem where theedataset was to be captured
as accurately as possible. Infrequent inputs would, howesdfer the risk of being
ignored in this process. As discussed, it pays off for anremmimiser to perform a
density approximation, which however often takes quitestime to perform; often this
involves extensive subjection to the dataset. This alsanass that the distribution is
stationary, which needs not be the case in mobile robotibgreva robot may suddenly
enter a different environment where most inputs no longeiclany of the previously
encountered ones. The density approximation becomes nifficailtl if the number of
experts is not kept constant throughout this process asqu#y assigned inputs may
have to be reassigned to the new configuration.

Ignoring infrequent but distinct inputs would be catashiopin the area of mobile
robotics as these infrequent inputs may correspond to thepfeints where the robot
passes through doorways, junctions, etc., all of which asolately essential for suc-
cessful navigation and learning. We propose that the piesiof change detection are
more in line with what we need, i.e. for event extraction.sI$hould allow us to perform
an on-line and density independent extraction of expests fa continuous time series. In
the end of this chapter, a general event extraction framlewas created, encompassing
the existing (compression based) data reducers. In thechapter, we construct a novel

(change detecting) event extractor, based on this framewor



Chapter 4

The Adaptive Resource-Allocating

Vector Quantiser

HE TRADITIONAL FOCUS on error minimisation, i.e. compression, is not appro-
T priate for event extraction, as discussed in the previoapit Here, an alter-
native implementation is presented which instead is basezthange detection. We start
out by formulating five basic principles of how the systemudtdavork, and relate these
principles to various existing techniques, which potdhtieould be used as a basis for
our implementation. As discussed, none of the existingrtiegles can by itself account
for all five principles, and a novel technigue—an Adaptives®@ace-Allocating Vector
Quantiser (ARAVQ)—is constructed. We compare the ARAVQ He thost complete
existing event extractor, presented by Nolfi & Tani (1999)d ahow that besides cap-
turing underrepresented inputs, the ARAVQ can give us tlaetesame segmentation in
a fraction of time, and we now have the added ability to qyidkkcorporate dynami-
cally introduced (novel) types of input. In the next chaptes then look at some uses of
the extracted event streams, and show how an appropriatelgrdy level of the event

extractor can be derivéd

IMost of this chapter has been published in Linaker & Nikéas$2000b) and Linaker & Niklasson
(2000c).

48
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4.1 Design Principles

What are the desirable properties of an unsupervised exénatceor? Instead of basing
the event extraction on traditional compression (errorimisation), the extractor could
be based on change detection. Then input densities do neroegessarily have to be
estimated, thereby the learning process can act more guiekdm the discussion of the
problems and shortcomings of the existing techniques, we rentified the following

five principles for constructing the type of system we stftwe The system should be able
to accommodate for virtually any type of input, and not ppgsase a certain distribution;
it should handle non-stationary distributions as well. il we very difficult to capture

these different distributions using a single pre-definechber of experts. Therefore, the

first principle refers to the ability to tune the number of e’ during operation:

PRINCIPLE | The system should have@mNAMICAL NUMBER OF EXPERTS The
number should depend on the complexity of the input signal, i

it should reflect the complexity of the environment or the rage

environment interaction.

As the data typically arrives at a high rate, and may be qugb-dimensional, we
will not be able to store all individual data points. The gFssing should instead be done

continuously as the data arrives into the system:

PRINCIPLE | Incorporation of experts should keN-LINE, preferably through one-
shot learning. As no density approximation should be nergssxperts

could be formed instantaneously when novel inputs arrinsteiad of

slowly being incorporated into the statistical profile.

The system must be able to handle noisy signals, as data mg/faom analogue or
imprecise sensors, where fluctuations may occur. Graduadlying between two high-
dimensional sensory space points several times may efftarht trajectories each time,
as all individual sensors (dimensions) may not change irxaet same order each time.

The system should in that case not incorporate each and ef/érgse trajectories as an
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expert; only actual clusters of inputs or input trajectsrs@ould be incorporated:

PRINCIPLE | Too manysPURIOUSexperts should be avoided. i.e. experts which do
not really represent a cluster of inputs. That is, a singbeirshould not
automatically create a new expert, even if it is novel (dogsmatch

any of the existing experts).

Just because some inputs are not very common, they shouliretcluded. Inputs
like those arriving when passing through a doorway or entaring a junction may be

guite infrequent compared to others, like following a ggtdicorridor:

PRINCIPLE | Experts should take care to also captureDERREPRESENTED(lOwW-

frequency) clusters of inputs, as they may be vital to mesation and
learning. Rather than basing the expert incorporation eririput fre-
guencies, i.e. more experts for dense regions, it shouldabedupon
distinctness. In this manner, infrequent inputs will notigpeored or

simply treated as noise.

Experts may not accurately capture the cluster or trajgdatomediately upon incor-

poration. They should have some mechanism which providepgropriate fit:

PRINCIPLE | The experts shoul@INE-TUNE themselves as to capture their inputs
better and better, i.e. to become even more expert at aetyicptur-

ing the input cluster or trajectory.

In the following, we focus on vector quantisation (VQ) teifues, as these constitute
the most common and quite powerful approach for data reoiicsiee Section 3.1.1. We
look closer at the various existing VQ related methods, amdstigate to which degree

the above properties are fulfilled.
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4.2 Related Work

One of the most common approaches to clustering using a VQfgebtotypes is the
K-meansalgorithm. This algorithm, however, utilises a fixed numbgexperts or ‘cen-
troids’ (k to be exact), and processing occurs off-line. This limies tisefulness here,
as we want an on-line data reducer, with a dynamical numbexpérté. Related to

K-means, is the Self-Organising Map.

4.2.1 The Self-Organising Map

The Self-Organising Map (SOM), is a very common unsupedvigector quantisation
algorithm, described in for instance Kohonen (1995). Itsists of a fixed number of
model vectors (experts), where the model vectors themselkearranged in a typically
two-dimensional grid or lattice structure. For each tinbeps the winning model vector
m. is determined by calculating the distance from the inputaee(¢) and the model

vectorsm;:
¢ = argmin{| iz (t) — mil|}, (4.1)
Updates to the model vectors occur each time-step:
m;(t+1) = m;(t) + hei(8) [z (1) — mi(2)]. (4.2)

Updates are inversely proportional to the distance in titeagriattice to the best matching
model vector; the closer to the winner the larger the upda@tee size and shape of the
neighbourhood is determined by the neighbourhood fundtigft), which in turn most
often depends on a learning rate Model vector updates are typically very small, and it
takes several iterations to correctly capture a novel ippttern. In this manner, there are

however no spurious experts as distinct single inputs daffett the model vectors to

2However, a variation on the K-means, the ‘Segmental K-mg&abiner 1989), has been employed
for limited event extraction from natural audio/visual utpsee Clarkson & Pentland (1999) for details.
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any large degree. Typically the size of the changes is gibdwaluced ag is increased

to obtain the desired convergence. The input distributgommplicitly assumed to be
stationary, as pointed out by Tumuluri, Mohan & Choudhar®9@), and the SOM also
implicitly approximates the input densities, as the leagniule minimises the expected

guantisation error using the Euclidian distance

B= [ llo = m| o) 4.3)

In the words of Kurimo & Somervuo (1996), the SOM can thus hesaered as project-
ing a continuous high dimensional multivariate probapilitnctionp(z) into a finite set
of vectors in a low dimensional grid maintaining the inpuasg topology. Model vectors
thus are gathered in the centre of high-density zones asrshothie experimental com-
parison of unsupervised clustering algorithms preseméBougrain & Alexandre 1999).
Through the model vector update function (Equation 4.2 gkisting experts can be up-
dated continuously to accurately capture the clusterfielféarning rate is maintained at
an above-zero level, this could also give the system théhil track small changes in

the input distribution.

4.2.2 SOM Derivatives

There are several variants of the SOM that incorporate a iggpand possibly also
shrinking) set of model vectors instead of a fixed size setne@aly, this sort of re-
source allocation allows a system to avoid the stabiligsptity problem (Carpenter &
Grossberg 1987a) by leaving existing structures intacteas imformation is encoded
into completely new structures (Platt 1991, French 1994)s Thcludes the Incremental
Grid-Growing algorithm (Blackmore & Miikkulainen 1993)hé¢ Growing and Splitting
Elastic Net (Fritzke 1993), the Growing Neural Gas (Frit2l®4a) and the Growing Cell
Structures (Fritzke 1994b). These make use of local err@smements (local quantisa-

tion error) and split model vectors with high errors into el ones, thereby eventually
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matching the inputs in that region better. However, it tatve® for errors to accumu-
late and trigger the generation of new model vectors, andgtbesrth is still based on
input frequency. A single input may by itself trigger theiipig of a region, if it is very

distinct.

4.2.3 Adaptive Resonance Theory

The family of Adaptive Resonance Theory (ART) networks (f&ster & Grossberg

1987a, Carpenter & Grossberg 1987b, Carpenter, Grosshérgsen 1991), works ac-
cording to the same resource-allocating paradigm empldyethe growing SOM-like

techniques. The ART nets contain a set of prototypes (moeletbys) which can grow
dynamically as novel inputs are detected. Once such a ngwet is detected, it is quickly
allocated to an uncommitted prototype unit, if it is distienough according to a vigi-
lance parameter. That is, novelty rather than frequencyensiy is the basis for learning.
If the input matches an existing prototype closely, aclmgviesonance’, the prototype is
updated to match the particular input to an even higher @egfbe ART networks thus
accommodate for most of the desired properties. Howevey, llave problems coping
with even single noisy input patterns, which result in theoiporation of many spurious
prototypes, as confirmed by Van Laerhoven (1999) and Nehn{20@0). Also, ART

nets have been constructed as a biological analogue, asddntain elements which are
not necessarily the simplest or cleanest from an implentienta or algorithmical point

of view; a much simpler operational equivalent of an ART rsefior instance presented
by Heins & Tauritz (1995). Looking at what the ART nets aclydo, they belong to a

larger family of clustering techniques, derived from thetgueneral Leader clustering

algorithm.

4.2.4 The Leader Algorithm

Most of the algorithms that are strong candidates for evetinaetion are—from an algo-

rithmical perspective—based on the (Sequential) Leadesteting algorithm (Hartigan
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1975). The algorithm is described below. ART networks argeblaon Leader with the
added property of only allowing restricted movement of ptgpes, thereby avoiding
the risk of cycling prototypes, as pointed out by Moore (198& eader is identical to
Moore’s QLUSTER.) Other examples include the recently proposed Growing dé&ins
(Machler 1998) inspired by Growing Neural Gas theory @ 1995), as well as vari-
ations (Kurz 1996, Owen & Nehmzow 1998a, Owen & Nehmzow 19@8IRCE, Re-
stricted Coulomb Energy (Hudak 1992). Even the recent srgaalistic neural network
proposed by Page (2000), based loosely on the principlesRdf Aetworks, again has
the characteristics of Leader. Yet another example is tbbdhilistic Topological Map
(Gaussier, Revel & Zrehen 1997) which combines the ideasawfitaining the topologi-
cal neighbourhood of a SOM while at the same time employirepening rule based on
ART principles. By making the Leader algorithm use nearesghbour classification
and adding an adaptation operation, we get the generalitligo(Moore 1988, Jain,
Murty & Flynn 1999) depicted in Figure 4.1, which captures #ssence of the aforemen-
tioned techniques.

This algorithm is also the basis for the novel unsupervisesheextractor presented
in the following. Note that there is a problem using Leadet #re derivatives discussed
above for event extraction straight-off, as only distanceaveltyis used as a criterion
(Steps 2(a) and 2(b)) for resource allocation. Just becanseput is novel does not
automatically mean that it should be incorporated as a ng@eréxA single input does
not a cluster make. Instead, basing incorporation only orelty means that spurious
experts can be formed, as indeed confirmed by experimentehynkow (2000). In the
following, we propose and incorporagtability as an added requirement, namely that
there is a group of successive inputs, which effectivelynfar cluster around the input
location. This simple added criteria means tisatlation alone no longer determines
resource-allocation, but also that there is a cluster ofiairpoints, i.e. the idea of cluster

compactness added into the equation.

3Standard Leader assigns cases tofittse close cluster, not necessarily the closest, thus theséowiill
largest (Hartigan 1975, page 78).
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1. Choose a cluster threshold value.

2. For every new input vector:

(a) Compute the distance between the input vector and every
cluster’s model vector.

(b) If the distance between the closest model vector anchthe i
put vector is smaller than the chosen threshold, then €assi
the input as belonging to this category. Also recompute (up-
date) this model vector based on the input vector, moving it
a little closer to the input.

(c) Otherwise, make a new cluster with the new vector as its
codebook vector, i.e. allocate further resources.

Figure 4.1: A generalised version of the Leader algorithm.

4.3 Algorithm

The Adaptive Resource-Allocating Vector Quantiser (ARAM@ present in this section
dynamically incorporates model vectors, each correspantti an expert, depending on
the complexity of the input signal. The ARAVQ is based on tese-allocation, incorpo-
rating a growing codebook, similar to Chan & Vetterli (199B0it is not based on overall
error minimisation. The ARAVQ fine-tunes the incorporateddal vectors, i.e. the code-
book is not kept constant. Thus, the ARAVQ is based on Adapiector Quantisation
(AVQ) (Fowler 1997). AVQ differs from standard VQ in that tlentents of the VQ
codebook can be varied dynamically as coding progressexetif allowing the network
to actively track non-stationary input distributions. TARAVQ is based on AVQ, but
it only makes minor adjustments to the codebook as to notidate previous classifica-

tions.
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Traditional vector quantisation techniques generallyassa stable (stationary) prob-
ability distribution, as noted by Gray & Neuhoff (1998). lnetcase of a mobile robot,
input frequencies may, however, change drastically asabetrencounters new situations
later in its operation. This needs to be taken into accourgnadssigning and updating
the model vectors, as techniques which allocate all availegsources (model vectors)
directly from the starting point may have great problems amdiling later changes in
the input distribution. There are, however, vector quaniis techniques that handle
changing input distributions. They rely on a re-coding & #xisting codebook. This is,
however, a problem if there are previously stored sequenassd on the original coding,
which then are invalidated. This problem can be avoided lyraphewmodel vectors to
the codebook instead of just replacing existing ones, hkéhan & Vetterli (1995). That
is, resource-allocation can also be used to handle noimstay distributions.

The ARAVQ has four user-defined parameters: a novelty aoitef, a stability crite-
rion e, an input buffer size: and a learning rate. These parameters are described below.
In order to cope with noisy inputs, the ARAVQ filters the inmignal using the last
input vectorse(t), z(t — 1),...,z(t — n + 1) which thus need to be stored in an input
buffer X (¢):

X(t) = {z(t),... ,x(t —n+1)) (4.4)

The values in the input buffer are averaged to create a mbable, filtered, inputz(t) to

X n ; J"Z? J“Z y 4.

wherez; is theith member of the input buffer, i.e:(t — i + 1). In effect, this means that
a finite moving average(¢) is calculated for the last time-steps. Further, the ARAVQ
maintains a sebd/(¢) of experts, where each expert is represented using a modirve

This set is initially empty (the ARAVQ does not start workingtil the input buffer is
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filled, i.e, until time-stepy — 1):

M(n —1) = 0. (4.6)

Additional model vectors are only allocated when novel aablle inputs are encountered,

i.e. when the following criteria are fulfilled:

DEFINITION | The input is considered asoVEL if the input mismatch for the model
vectors, compared to the input mismatch for the moving ayeras
larger than the distancé That is, the mismatch between the last
inputs and the existing model vectors is calculated. Sihgjlthe mis-
match between the lastinputs and the moving averagét) is calcu-
lated; this is the mismatch which would result if the movingage
was incorporated as a new expert. The gain of incorporatieghew

expert, i.e. the mismatch reduction, should be at léast

DEFINITION | Theinputis considered &ABLE if the input mismatch for the moving

average is below the threshodd That is, the difference between the
actual inputse(¢), z(t — 1),... ,z(t — n + 1) and the moving average

Z(t) is used. The spread of the last inputs should thus be smaiélik

constituting a sort of cluster (a repetitive input pattern)

Each of the above criteria is not sufficient on its own, as tialying a novelty criterion
leads to the incorporation of model vectors for single, stable, inputs (i.e. suffering
from the same problems as ART and RCE). Only having a staliiiterion, on the other
hand, leads to the incorporation of many new model vectoisiwére virtually identical
to already incorporated ones. This is a simple scheme fareiny clusteisolationand
compactness.e. that new clusters (experts) are different from erigtbnes, and that the
new experts really represent clusters and not just a stdiyidual input. When both of
the novelty and stability criteria are met, a new model veistancorporated, representing

the new expert. The model vector is initialised to the curranving average, i.e. it is
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dropped in roughly the ‘right’ neighbourhood in input spaEer convenience, we define
the following general distance measure between a set of€ltiittgred input) vectord”

and a set of actual inpufs:

1 )
d(V,X) = m 1;?;1\/\{”% — vl € X, v €V, (4.7)

where||.|| denotes the Euclidian distance measure. The distance&etivefiltered input

and the actual inputs, i.e. the input mismatch for the ingatage, is defined as:

dr = d({F(1)}. X (1)), (4.8)

and the distance between the existing model vectors anccthalanputs, i.e. the input
mismatch for the model vectors, is:

dy = 4 AMOXO) (0] >0 @)

e+0 otherwise

Note that if there currently are no model vectors, i|@/(t)| = 0, the distancel,;
cannot be calculated. Instead, the distance value is setiéwde enough for incorporation
of the filtered input (incorporation is still subject to thtelsility criterion, see below). The
novelty criterion requires that the input mismatch betwenmodel vectors, compared
to a new hypothetical model vector (namely the current mgpawverage), is reduced by
atleasw, i.e. da;) — dzry > 6. We also have the stability criterion that requires the tnpu
mismatch for the moving average to be belaw.e. d;) < e. If both the stability and

novelty criteria are met, the filtered input is incorporassdan additional model vector:

=
N
-
8l

t) dzipy < min(e, dyy — 0

Mt +1) = () da (€, dnrqe) ) (4.10)
M(t) otherwise

That is, the set of model vectofd () is extended to represent an additional input type,

with an accompanying model vectaV/ (t + 1) = M (t) U Z(¢). (The new expert will
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be available first at the following time-step.) In each tistep, a winning model vector

win(t) is selected, indicating which expert the (filtered) inputrently matches:

wint) = arg,_min {|7(t) — m|[};m; € M(1). (4.11)

If the winning model vector matches the (filtered) input velysely, the (filtered) input
is considered to represent a ‘typical’ instance of the inpguster, and the model vector
is modified to match the input even closer. That is, a sort @&-fiming of the expert is
performed. The criterion used here is that the model vectottfe winning node should
not be further tharj, from the (filtered) input (this could, however, be viewed asaal-
ditional parameter of the ARAVQ); if adaptation wabkvaysto occur, the model vector
would be dragged away from the centre each time a transitiears. The fine-tuning,
or adaptation is similar to the that applied in the Self-Organising Magj(&tion 4.2)
(Kohonen 1995), but without the use of a neighbourhood:

alT(t) — Muyin T(t) — Muyin < £
Aty = [Z(t) !l [[7() ol <3 (4.12)

0 otherwise
wherea is a user-defined learning rate. The structure of the ARAV@gejEicted in Figure
4.2.

It is worth noting the special case whete= 1, i.e. only a single input is kept in
the input buffer. In this casé;;) = 0 as the input average is always equal to what is in
the input buffer. Consequently, the criteria for incorgara specified in Equation 4.10
reduces to the following, asis generally> 0, andz(t) = z(t):

M(t)Ux(t) d >0
w1y = MO0 = (4.13)
M(t) otherwise
As dy ;) specifies the shortest distance to the model vectors, tfastigly leaves us
with the simple Leader algorithm discussed in Section 4.2.

Parameters should be sett¢> ¢ < 4, i.e. the within-cluster distances are to be lower
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M(t)

g m, m, (to be allocated)

(OO-0O) (OO~0O) (OO~O]
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Figure 4.2: The ARAVQ. The last inputs are buffered and used to
calculate a filtered inpuk(¢). This particular network has
allocated two model vectors;; andms; additional model
vectors will be allocated automatically when novel and
stable inputs are encountered.

than the between-cluster distances, and as we are dealinglisiances, these values are
non-negative. The role afis to extract compact clusters of inputs, and the rolé isfto
assure that these clusters are isolated. The main role afrgern is to combat noise;
high levels of noise can be smoothed out by increasintf noise levels are very high,
they might also affect (clusters overlap) ané(clusters spread out). The learning rate
is just used for fine-tuning of the cluster prototypes; tmglicitly assumes that there is a
single central point which captures the inputs accuratse the discussion in Section 4.4
and Section 5.2.4).

Note that the ARAVQ assumes a continuous-valued input sp#fcdor instance,
binary sensors were used, this would cause no major proldsrtisey could also be con-

sidered as continuous-valued sensors, with highly loedlsreas where inputs actually
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occur. Noise on such binary sensors, e.g., the sensor timdjca zero instead of a one,
would however cause the model vectors to take non-binanegalThat is, the smoothing
occurring due to the input buffer averaging would give namaby inputs which the model
vectors would be placed according to. This means that idsiéproviding exact binary
0’'s and 1's, the system could produce slightly deterioratedions if the noise-level is
high on these binary sensors. In practice, this should haveajor effect, as the nearest-
neighbour matching will still assign inputs to the ‘corrfestpert, even if the model vector
states 0.93 instead of 1.00.

4.4 ARAVQ Limitations

The ARAVQ is specifically constructed for sequentially axetbinputs where each model
vector comes to represent a different sub-sequence. Thelmectors can be viewed as
pointsin the input space; this implies that only sub-sequencds ‘stiable’ signal values
can be represented accurately using such a model vectos. niddns that the ARAVQ
is limited to input sequences where the signal mean bagicathains fixed for a period
of time with some occasional transition to a new signal meam, to signals with a
piece-wise stationary mean value. However, as is showreifollowing, this is adequate
for the segmentation of sequences generated from the semsarur mobile (Khepera)
robots. If instead regions or paths could be identified initipait space, and represented
using model vectors, sequences of inputs could be captuadately. Consider, for
instance, situations where a mobile robot travels throulgftoadening corridor or moves
diagonally through a room, causing a gradual change on 8tardie sensors. This could
be captured by re-mapping the signal before it is input toetent extractor. We could
for instance calculate thehangebetween succeeding inputs in a manner similar to the
Filtered Derivate Algorithm (Basseville & Nikiforov 19931age 33), instead of using
FMA to find the abrupt changes in the signal.

On-line algorithms, like the ARAVQ, arerder dependenfJain et al. 1999). That is,

the order in which data points arrive has a large effect orchhstering. If the same data
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points are to arrive in a different sequence, a differensteting would result. There is
no obvious way around this, and it is not entirely clear whketihreally is a problem.
Different ‘potential’ clusterings would need to be maim&d somehow, and some con-
solidation mechanism to decide which way to go. Part of tlblem with getting around
order dependence is that if we find at some late stage thatematif clustering would be
‘better’, all stored traces of the previous clustering wboeed to be changed as well, if

the old clustering becomes invalidated.

4.5 Simple Applications

What are the practical advantages of using the ARAVQ? Indbdion, the working of
the ARAVQ system is illustrated on a simple example and ibispared to the existing

event extractor by Nolfi & Tani (1999).

4.5.1 One-dimensional Example

To illustrate how the ARAVQ works, a simple one-dimensiatmak series was generated
with mean signal value of 0.3 until time-step 50, from whiche the mean was moved
to 0.7; uniform noise in the range-0.1,+0.1] was added to the signal (Figure 4.3).
The following parameter values were used: novelty critefio= 0.2, stability criterion

e = 0.1, buffer sizen = 5 and learning rate: = 0.03.

At time-step 5, a first model vector is incorporated by the AMRA initialised to about
0.3. As this model vector accurately accounts for the foilmanputs, no further model
vectors are incorporated for a while. But, at time-step 5@, ihodel vector no longer
provides a good account of the inputs, and as soon as a diffetable situation has
been detected, at about time-step 55, another model vecdtocarporated. Specifically,
this model vector is initialised to 0.678. This is then a@aptor fine-tuned, based on
subsequent inputs and at time-step 100, it has shifted ®&/0ig. the ‘actual’ signal
mean at 0.7 is matched quite closely.

In the classification, model vector 1 thus remains the winmgit time-step 55, where
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Figure 4.3: A simple one-dimensional time series where iitpeasd
mean changes from 0.3 to 0.7 at time-step 50. Note: error
bars depict the input mismateh;) between the last
inputs and the moving averagét) at that time.

model vector 2 takes over. Adaptation of model vector 1 sadpsne-step 50 since it no
longer provides a good account for the input; if it always \amdapted when winning, it

would drift away slightly each time a transition betweemattons occurs.

4.5.2 On-line Segmentation Comparison

How does the ARAVQ hold up to its forerunners? Let us compaeamnsupervised event
extractor based on traditional overall error minimisatpurt forth in Nolfi & Tani (1999)
with the ARAVQ. As we will see, the ARAVQ) captures underrepresented inputs if they
are stable and distinct) is able to achieve the same segmentation in only a fraction of
time, andc) is able to dynamically detect newly signals which are noedietd by their
system.

The original Nolfi and Tani experiments were based on an enuent with two
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right motol

Figure 4.4: The Khepera mobile robot (a), equipped with €iBh
distance and light sensors (b).

different sized rooms connected by a short corridor. A n®Bihepera robot (see Ap-
pendix A) circled the environment using a fixed wall-follawgibehaviour. This was repli-
cated in Olivier Michel's Khepera Simulator (Michel 1996e Appendix B for settings.
The Khepera robot with its circular body is shown in Figuré(d), and the placement of
distance sensors is depicted in Figure 4.4(b).

In our replicated simulations, our replication of Nolfi andrT's system was (like in
their original paper) able to segment the sensory inputs cdsses/experts which can
be interpreted asvalls, corridors and corners The trail that the robot travelled along
the wall is shown in Figure 4.5(a), where the shade indicditesvinning model vector
(expert) at each time-step. This segmentation requiredrakliundred of laps to arrive
at, the number of experts (three) had to be pre-specified atignand the sensory input
had to be re-mapped (through a set of input-to-hidden ws)ghtenhance the infrequent
input regions.

The same segmentation is obtained by the ARAVQ infitts¢lap (about 1,900 time-
steps) in the environment. There is a slight delay. @fiputs before the first corridor and
corner segments are detected, as shown in the figure. Ondbedskp, when the experts

have been formed by the ARAVQ, the segmentation becomesicdérto that of Nolfi
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Figure 4.5: The resulting (virtually identical) segmerdatfrom (a)
hundreds of required laps using the Nolfi & Tani (1999)
error minimising segmentation system, and (b) the first lap
using the change detecting ARAVQ.

and Tani’s. Unlike Nolfi and Tani’s system, the ARAVQ couldeoate directly on the
input sequence, i.e. no re-mapping of the input signal hdzetdone. The input vector
to the ARAVQ thus had all 10 elements: 8 distance sensor saund 2 motor values, all
normalised to the rang@®.0, 1.0]. The parameters used were novelty criterfor- 0.9,
stability criterione = 0.2, buffer sizen = 10, and learning ratee = 0.0. That is,no
adaptation was actually used as the buffer size was suffigilmge to filter the signal
on its own. Newly incorporated model vectors were thusaitiged to appropriate values
directly, without the need for subsequent fine-tuning.

A similar result can thus be achieved by the ARAVQ in a fractaf time, with no
re-mapping of the signal and without the need to pre-spélegynumber of experts. If the
environment is modified to contain additionaldistinct but not very frequent situation,
another drawback of Nolfi and Tani’s approach becomes appare

Here the concept of corridors which contains a turn, or ‘tegrcorridors’, was added.
This was not present in Nolfi and Tani’s original experimeft® manually added an ad-

ditional node (i.e. a total of four segmentation nodes)rehg theoretically enabling
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Figure 4.6: The resulting segmentation using four expertae error
minimising Nolfi & Tani (1999) system; the fourth expert
is set to represent a set of common but indistinct inputs
instead of the much more distinct ‘turning corridor’ inputs

this concept to be represented by the Nolfi and Tani systene résulting segmenta-
tion of such a simulation is depicted in Figure 4.6. In onlyacfion of the of repeated
simulations—about 0%—the Nolfi and Tani network actually managed to identify a
‘turning corridor’; the result depends on the input-to-tésh mapping which is based
on an initially random weight configuration, introducingewvé&l of stochasticity into the
segmentation process. The distinct inputs of ‘turningidomns’ are mostly ignored as
their system chooses to use the extra model vector for megaiént inputs, namely those
which lay somewhere in the input region between ‘walls’ aodrhers’. These inputs
are not as distinct as ‘turning corridors’ on the sensorelebut they are much more
frequent, i.e. better to focus on from an overall error miis@tion perspective.

The ARAVQ first tries to handle the situation using the exigtmodel vectors. The
best match is theorner model vector. But this model vector does not exactly mateh th
inputs since there now is a wall on the left side. The ARAVQfSywadds a new model
vector forturning corridor, Figure 4.7(a). The next time this situation occurs, thigieio
vector is used accordingly throughout the encounter, eigur(b). (There is no sensor
pointing back to the sides, this is why the system producealbesegment just before the

corridor / turning corridor since the inputs depict a wall to the right but nothing to the
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Figure 4.7: A new (fourth) model vector is incorporated bg th
ARAVQ as soon as a new situation is detected, for
instance a corridor which turns (a). The uptake region of
the new model vector steals space from the existing model
vectors; thecornermodel vector is no longer activated the
next time this particular situation is encountered (b).

left.) The results were found to be stable and successful af a total of 30 replications
of the experiment.

The ARAVQ is capable of single presentation segmentatiothefsensory flow of
the mobile Khepera robot. Compared to the earlier modelsadfi land Tani (Nolfi &
Tani 1999), the ARAVQ approach for segmentation is congiblgrsimpler, requiring no
division of the training into separate phases. The ARAVQaidly handles low density
inputs; not basing the placement of model vectors accoringput frequency but nov-
elty and stability. Further, and more importantly, the ARB\dynamically determines
the appropriate number of categories to use, without thd fareany user intervention,
and finally, since the ARAVQ works directly on the input sence, there is no risk of
catastrophic forgetting due to a reallocation of the hiddpace which would be very

damaging in previously used methods for this task.
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4.6 Discussion

A novel variant of Leader was introduced, an Adaptive Reseukllocating Vector Quan-
tiser (ARAVQ), which manages to avoid the spurious expettigcivwould be incorpo-
rated by the earlier Leader algorithms. The ARAVQ incorpesaexperts quickly, using
a single presentation of the input sequence, and can fireeexisting experts each time
they re-occur. It can work directly on the input signal, #tgy no longer requiring a re-
mapping of the input signal, nor a division of the learninggassing into different phases,
which might be necessary in error minimisation-based eegtractors. The ARAVQ'’s
performance was compared against another recent eveatextrand it was shown that
the ARAVQ coulda) capture underrepresented clustéjsiearn the same segmentation
in a mere fraction of time, and) swiftly learn newly introduced situations (warranting
new experts) in an on-line manner, which were not correcéigtered by the existing
technique. In the next chapters, we employ our new data ezdocthe memorisation
problems of Route Learning, Novelty Detection, and finallyeTLost Robot Problem.

We then move on to learning, and the Road Sign Problem.



Chapter 5

Memorisation Problems

ROM THE STEADY FLOW of incoming sensory readings, a sequence of events is
F extracted by the event extractor. The resulting event sespiean be thought of as
areduced sensory flovepresentation as it captures the main characteristidsedignal,
but details about particular input patterns have beenditaaut. We here look at how
these reduced sensory flows can let us handle Route Leahhivg]ty Detection and the
Lost Robot Problerh

5.1 Reduced Sensory Flows

As discussed, the memory capacity of mobile robots is oftenry imited due to en-
ergy consumption and size constraints so storing all inldial inputs for future refer-
ence may be very difficult. Even if they could be stored exticfinding the rele-
vant information—for tasks like environment identification aadvironment modifica-
tion detection—among hundreds, or thousands, of storeditsnis an intractable task.
Instead of storing each individual input, the inputs can lieréd and a very compact
reduced representation can be stored of the entire inpueseg. The idea is captured in
Figure 5.1.

That is, instead of storing each and every input, i.elogk based segmentatiosee

IMuch of this chapter has been published in Lin&ker & Niktas2000a) and Linaker & Laurio (2001).

69
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Figure 5.1: (a) The multidimensional sensory input argvat each
time-step. (b) An unsupervised event extractor assigns
each input to one of its experts, i.e. a spatial filtering. (c)
Repetitions of expert assignments are removed and only
the transitions remain, as events, i.e. a temporal filtering
takes place.

Figure 5.2(a), the system could extract a more compact septation of the environ-
ment, using anevent based segmentatjsee Figure 5.2(b), a distinction put forth in
Mozer & Miller (1998).

That is, as long as the current input matches the currenh@xir expert (see Chap-
ter 3), a duration counter is simply increased, but if ano{pessibly even new) expert
matches the input, an event is generated and the countesdtireorder to count the
number of repetitions This process enables the system to just store expert @sea(i.
sort of quantisation) and some counters, something whicmalty can be done witlar
less space than the individual inputs. This is analogoubdaise of a counter in Nolfi

& Tani (1999) to provide their higher level prediction netkovith more information,

2Here assuming that the inputs only depict the doorway titapss16 to 24; this is not the case with the
actual robots used in the following simulations and experita as they have sensors on the front-end sides
which start to detect signs of the doorway several timesstepdvance.

3This is analogous to imed event sequen¢€assandras 1993) in DES, but here times are specified
relative to each other rather than as absolute time points.
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(a) Clock based segmentation
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Figure 5.2: Clock basedgs. event based segmentation of the inputs
from this corridor.

while Nehmzow (2000) used a similar counter to differemtia¢tween walls of differing

lengths in a localisation task.

DEFINITION | A REDUCED SENSORY FLOWwconsists of a sequence of events, ex-
tracted from the input signal; duration counts for thesenevenay also

be included.

The reduced sensory flow is effectively a losap-length encodingf the underlying
sensory stream. In the following, three applications aesented for reduced sensory
flows: Route Learning, Novelty Detection and dealing witk ttost Robot Problem.
During the presentation of these tasks, effects of diffeement extractor configurations
are also shown and properties of the extracted event segsi€reduced sensory flows)

are presented.

5.2 Route Learning

Letting a robot run around in an environment, the event extraproduces an reduced
sensory flow representation of what it has encountered atsrmgute. We here look at
what is contained in such a reduced representation, i.e.htormdegree it has actually
captured the structures. This is done by looking at the idda experts which are formed

during the route, as well as the sequence in which they ak 0$e presented technique
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for analysing the extracted experts uses a simple invemsidhe robot’s sensory and
motor systems. We also show how this technique can be usemh&tract crude maps

from just the reduced description of the sensory flow.

5.2.1 Memorised Route Visualisation

If the agent was let loose to explore the environment, ancebyeform a set of experts
on its own, it would be of great value to have a mechanism bylwttie experts could be
analysed. A simple approach would be to manually observaiedifferent experts are
employed by the agent. We here show that instead of waitintpébagent to (by chance)
encounter a situation which corresponds to a certain experican directly display the
expert using an inversion of the agent’s motor and sensa@tggys. Thatis, we display the
perceptions and actions the agent has associated with pleeteXVe also show that this
technique in fact can be used to construct global maps usstdfje very compact reduced
sensory flow. These global maps can be used as validatioththatduced sensory flow
correctly has captured structures which indeed are predeng the route, and that no
important information has been lost during the mapping éordduced representation.

In particular, we here present a technique for analysingxperts of an ARAVQ. The
technique is based on the property that the ARAVQ places inazors, representing
the different experts, directly in input space. This is aque property of the ARAVQ
which is not present in Nolfi and Tani’s systems (Tani & NolfB89 Nolfi & Tani 1999),
i.e. the inversion techniques presented here are not Hirapplicable to their system,
unless some sort of ANN inversion technique is applied, it presented by Jacobsson
& Olsson (2000).

5.2.2 Experiments

In order to show how the ARAVQ is able to adapt to routes (ingighals) of differ-

ing complexity, a set of environments were designed usiegkthepera Simulator 2.0
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(Michel 1996), see Appendix B for settings. (The simulat@asvextended with an im-
plementation of the ARAVQ and with some additional plottiiogctionality.) The en-
vironments differed with respect to overall size and the ami@f motor control needed
to guide the robot around the environment using a wall-feiig behaviour. After some
initial experiments, the following parameters were foungtovide an adequétesegmen-
tation: § = 0.60, e = 0.20, n = 10 anda = 0.03. These parameter settings were used in
all of the following experiments, in order to show how the ARA\is able to adapt on its
own, without external influences or guidance (such as pmgithformation about how
many different experts the segmentation should be based on)

The input vector consisted of ten sensor values: eightristaensor readings and two
motor readings. This meant that the ARAVQ had a total of 1@ifrunits (z(¢)| = 10
andn = 10). All values were normalised (linearly scaled) to the rafige, 1.0] before
they were fed as input. As mentioned previously, the Kheperaulator was extended
with additional plotting functionality, namely the caphtyi to plot the winning model
vector (expert) in each time-step. Each model vector wagmeasd a different colour
(corresponding to different shades in the following piet); and a large circle was drawn
behind the robot in each time-step, using the colour of thenmig model vector. The
segmentation of a simple rectangular-shaped environrsesttdawn in Figure 5.3.

The wall-following controller used in these experimentswaavery basic system im-
plemented as in Figure 5.4. The Khepera distance sens@sgager readings between
[0,1023], where O corresponds to no object present within sensoetargl 1 023 corre-
sponds to an object being very close to the sensor. The tworsioan be set indepen-
dently to integer values between [-10,10], where positale®s make the wheel rotate in
forward direction.

Any ‘peculiarities’ of the wall-following behaviour showpun the segmentation; this

particular wall-follower implementation tends to oveest when it encounters corners,

4In these experiments, we were mainly concerned with how thellsegmentation captured the main
features of the environment, i.e. whether a global map cbaldeconstructed from the segmentation. As
discussed in the previous chapter, the definition gioad segmentation must be in relation to whether
it (quantitatively) improves the performance, or fitnessthe robot in relation to a task; not just for the
evaluation of an external observer.
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Figure 5.3: Segmentation acquired using the ARAVQ and alemp
wall-follower which guides the robot (counter-clockwise)
along the wall. The ARAVQ has automatically allocated
three model vectors (experts) for this particular
environment (represented here by different shades).

/* Right wall follower */

if (sensor[5] > 300) {
/* wall too close, turn left */
motor[LEFT] = -2;
motor[RIGHT] = 5;

}

else if (sensor[6] < 300) {
/* losing wall, adjust right */
motor[LEFT] = 5;
motor[RIGHT] = 2;

}

else {

right motol /* move straight ahead */

motor[LEFT] = motor[RIGHT] = 5;

}

left motor

Figure 5.4: Code for the simple wall-follower.

which requires the robot to turn to the right to not lose cohwath the wall after the turn
(this is why the blackight adjustsegments occur after the corners in Figure 5.3).

An interesting property of the ARAVQ is that it places its nebaectors directly in
input space. This is not the case for, e.g., Nolfi & Tani (1988¢re the model vectors,
or ‘prototypes’, are placed in the hidden activation spac@nANN prediction network.

That makes their system sensitive to reallocations of tHddm space which occur when



5.2 : Route Learning 75

the system is learning. That is, prototypes which remaihdirtprevious location will be-
come invalid as the inputs which they originally correspetitb may have been mapped
somewhere else in hidden activation space. As we show inolleving, this ARAVQ
property of placing the model vectors directly in input spaallows the analysis of the

experts, based on an inversion of the robot’s sensor andrregstems.

5.2.3 Expert Inversion

As depicted in Figure 5.3, the ARAVQ detected three novelstablle types of inputs in
the sensory flow, and it assigned a model vector (expert)db ethem. The extracted
model vectors are shown in Table 5.1. The values were treddattwo decimal digits,
for presentational purposes. Also, for convenience, thdeheectors have been labelled

alphabetically in all of the following pictures, insteadmaf, m,, ms, etc.

Table 5.1: The extracted model vectors for the environment i
Figure 5.3. The first eight values correspond to the eight
distance sensors, the ninth value to the left motor sensor
and the tenth value to the right motor sensor.

extracted model vectors

a 0.000.000.000.000.190.990.000.000.740.74
b 0.000.000.000.000.030.310.000.000.750.64
¢ 0.000.000.000.06 0.911.000.200.19 0.400.75

The extracted 10-dimensional model vectors can be de-rimedaFigure 5.5, left)
to get the actual sensor readings and motor commands foxfiexte By analysing the
sensors, and building a distance-vs.-activation tablecarefind out which distance a
sensed obstacle needs to be at, in order to produce a giveatiaet on the sensors. This
table can then be inverted in order to find the appropriatedce to the wall when we

have a given sensory activation, as is the case with our nvedédrs. Thatis, we can plot
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the location where walls ‘ought’ to be, given a certain aatilon pattern on the sensors.
How this may look is shown in Figure 5.5 (middle). This pautar expert seems to
correspond to the agent encountering a corridor. (The figareally depicts the inversion

of extracted model vecterfrom the segmentation in Figure 5.10, below.)

de-normalisation sensor inversion motor inversion

0 ‘QH

Figure 5.5: Input space model vectors are de-normalisedse¢hsors
are inverted to find the corresponding environment, and
the robot is then moved according to the motor activations;
here it has been moved for 30 time steps.

Further, since the model vectors also contain the motor canas, or, more ac-
curately, the activations of proprioceptive motor sensaisthe time where the expert
was ‘active’, the robot can actually be put into motion. (Thedel vectors, when de-
normalised, provided continuous values rather than disénéeger values. The continu-
ous values were used in these experiments, for greateraycuFigure 5.5 (right) shows
how a simulated robot can be moved according to the extratddr activations; in each
time-step the corresponding environment from the sens@réion is plotted to provide
a space-time representation of the extracted model ve(ibe gray trail represents the
path the robot has taken.) A lap in the environment corredpada the reduced sensory
flow depicted in Table 5.2: 169 time steps where model vectoas the closest match,
followed by 26 time-steps af, 14 ofa, 17 ofb, etc.

Using this reduced sensory flow with the sensor and motorsnwes of each expert
(plotting the environment for each time-step and movingrtimt), a simple global map

of the environment can be reconstructed (Figure 5.6). Thetrstarts out in the bottom
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Table 5.2: The extracted sequence of model vector winnei@fe lap

in the environment in Figure 5.3, using the extracted model
vectors shown in Table 5.1.

extracted reduced sensory flow

a169 0260’14 b17a63 C27a12 b21 a’168 0270’13617 a68 026 a12 b22

left corner, where it also ends up, having moved countecksiase through the (recon-
structed) environment.

%

Figure 5.6: Reconstructed global map using the reduceasefisw

for thesecondap and the inverted sensor and motor
systems.

A lap in the original environment (Figure 5.3) correspondedbout 702 time-steps.
The reduced sensory flow represents this using just 16 ‘sighb@, the compression
ratio is roughly 44:1. A remarkable feature is that the roactually ends up where it
‘ought’ to be, i.e. back at the beginning, even though it heesnbmoved during inversion
for 702 time-steps without any positioning information.i§tvas, however, not the case

during the first lap, in which the ARAVQ actually missed thafficorner, but the ARAVQ
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has soon incorporated@rner expert which is fine-tuned by adaptation in subsequent
encounters (Figure 5.7). The first encounter with a corner neae missed by the system
(segmentation shown at top); it was not stable enough andhwiadreated as noise. The
ARAVQ immediately incorporatesght adjustat the first encounter (it is both stable and
novel) and detects theornerfirst at the second encounter (top right corner in the world).
This has a dramatic effect on the reduced sensory flow whemp storners are captured

correctly as soon as the ARAVQ has allocated a model vectauch inputs.

Figure 5.7: Reconstructed global map using the extractgdesee of
model vector winners for thigrst lap and the inverted
sensor and motor systems.

If the robot instead is placed in a simpler, circular enviramt (Figure 5.8), the AR-
AVQ adapts to the inputs and allocates just a single expatil€ls.3); which is all that is
needed in order to provide a good account of what is going @u(g 5.9).

Here, a single lap in the original environment correspomdaliout 850 time-steps,
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Figure 5.8: A very simple circular environment.

which are represented using a single ‘'symbol’ in the redigstsory flow. In practice,
this means that the sequence of experts wikb®tysince an expert label is only printed
onceanotherexpert is the winner; something which will never happen.tifighe expert
labela will never be printed; the counter for the expert as a winraar be considered to
be .

A more complex environment is reflected by the incorporatbmore experts. Fig-
ure 5.10 shows such an environment, in which the ARAVQ atlee® different experts
(Table 5.4).

Inversions of each of the 5 experts from the environmentgufé 5.10 are displayed
in Figure 5.11. The characterisation of model veetdrere described dsft turn (ending)
is made difficult by the fact that it does not only appear in coetext; it actually appears
on its own in the reduced sensory flow, without tag turn (beginningkexpert.

The complexity of the environment or route is also reflectethat the length of the
reduced sensory flow is quite long; in this world, 45 ‘symhoktances were used to
describe a single lap (Figure 5.12). The inversion procedinows (Figure 5.13) that

the extracted model vectors, and the sequence of winners,dagtured the structure of
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Table 5.3: The single model vector that the ARAVQ allocateslie

circular environment in Figure 5.8. This single expert will
constantly be the winner.

extracted model vectors

a 0.000.000.000.000.24 0.99 0.00 0.000.720.75

extracted reduced sensory flow

Figure 5.9: The reconstructed circular environment usirggrhodel
vector from the first lap; for presentational purposes we
show only 900 inverted steps using this model vector. The
robotshouldhave needed only 850 time-steps for a single

lap; the model vector is adapted during subsequent laps to
capture this.
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Figure 5.10: A quite complex environment which will generatany
different input patterns in the sensory flow.

Table 5.4: The 5 model vectors extracted from the envirortimen
Figure 5.10.

extracted model vectors

0.00 0.00 0.00 0.00 0.090.750.000.00 0.750.75
0.00 0.000.00 0.000.010.26 0.000.000.75 0.61
0.000.04 0.991.00 0.99 0.81 0.06 0.00 0.40 0.75
0.000.000.010.110.941.000.230.200.400.75
0.990.550.00 0.00 0.09 0.78 0.00 0.00 0.75 0.75

QU O R

the environment in quite striking detail. Again, in the siated movement, the robot
actually ends up in approximately the correct positionpe@ugh it has been moved for
1 866 time-steps without any odometry or global positionimfgrmation. This is partly
due to the fact that the motor settings have been smoothedwamndged in the ARAVQ
extraction, and that no noise was applied to the ‘imaginampvement. The reduced

sensory flow that the ARAVQ has extracted has accuratelyucaghtthe structure of the
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O\Q_(® /6) @

Figure 5.11: Each of the 5 experts from the environment in
Figure 5.10, sensor inverted (top), and also with motor
inversion (bottom). The robot faced forward and has then
been moved for 20 time-steps for each expert during
motor inversion. The experts can be described as follows:
wall, right turn, left turn (beginning), left turn (ending)
andcorridor.

environment; a lap in the environment depicted in Figuréd3sloriginally about 1 866
time steps, and the reduced sensory flow only contains 453eis1) i.e. the compression
ratio is roughly 41:1.

The reduced sensory flow corresponds to the sequence oftexfgearch time another
expert is chosen, compared to the previous time-step, anpikce gets added to the
reduced sensory flow. Generally, the greater the numberpdréxwhich the system has
incorporated, the greater the probability that anothereexwill be the winner. This is
because all experts share the same (input) space. If ancadigxpert is incorporated, it
unavoidably will need to ‘steal’ space from the other expespace which previously led

to them being the winner for that input. This also has anatig effect, namely that as
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extracted reduced sensory flow

a,..C..d.a. b ab..a.c. .d.a. b a,.c. d. a. b

2337715 712 18 719 753 52 716 13 17 714 7237 716 12 15 12

a’75 6131 a’106 015 d13a14 blS a’176 Clﬁ d12 a’14 b18a17 Cl7d12 a’17b17

a.b...a. b..a. . d a.c.d. a. b

377110 764 736 7102 10 736 15 712716 16

Figure 5.12: The complexity of the environment in Figure(bid
reflected in that a single lap needs 45 winners in order to

be stored.
N )
Zamt 1
( ummmsesssssctnssanibatR s == -~
X
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Figure 5.13: The reconstructed environment shows thatxtraaed
model vectors and the winner sequence, of the third lap,
have managed to capture the environment’s structure to a
striking degree.

new experts are incorporated, previously encounteredtsitius may be treated differently
the next time they are encountered; they are seen ‘in a név.ligompound experts such
as turning in a corner can be split into two separate expads aswvall appeared in front

andturning left and walls to the front-rightf one of these is encountered on its own,
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without the other (provided that it also is hovel and stalpleugh for incorporation). No

experts are ever removed in the ARAVQ); once something has &eeountered which is
novel and stable, itis incorporated into the system as aaréapd remains there, awaiting
any future occurrences. In this manner, the robot does red tere-learn inputs it has
once been able to handle, but is able to draw on whateveriatisos had been made on

previous encounters, no matter how long ago they actuatiyroed.

5.2.4 Limitations

The presented sensory-motor inversion implicitly assuthasthe inputs of each expert
are homogenous to a certain degree so that a single poimtsenms them all adequately.
What happens if the inputs for the expert have a multi-modalam-uniform distribu-
tion? The corners represent one such situation. Inputsgelg to this expert are not
uniformly distributed across the uptake region; they aréant sequentially ordered as
going from activation to the front and side sensors, to atitm on the back sensors as
the corner is traversed. One way to improve this would be ® aisequential repre-
sentation inside each expert, to capture the sequentiatenat the inputs. A different
inversion procedure would then have to be constructed, wisiable to re-trace this tra-
jectory. Another alternative would be to represent the taplifferently, e.g., mapping
them onto a directional and velocity vector. That would assthat the signal had a con-
stant change during different periods. Or, as mentionegglibe expert could simply be
split into several ones, thereby achieving an individubliyher matching, and inversion,
performance. The ultimate question, however, is whethereally needa high granular-
ity for corners; why should we want it at all? In the currenperments, we wanted to
get ‘crisp’ representations that could be inverted to a mapetravelled route, to show
that the route indeed had been learnt to some degree. In garhapters, we will look
at filtering of the extracted event streams, where ‘irretd¢veata will be removed. This
will be based on feedback based on a specific learning tatki|slare to be found in later

chapters.
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5.2.5 Summary

We have here presented a technique for analysing routeaceed and stored as reduced
sensory flows. This was previously done by trying to manueatiyrelate model vector
winners with a distal observation of the agent’s behavisee, e.g., Nolfi & Tani (1999).
We have shown that by ‘inverting’ the robot’s own sensor ardansystems, a relatively
unbiased interpretation of the agent-environment intesaccan be obtained. The in-
version shows how the agent perceives the environmentghrdas own ‘eyes’ (sensory
systems) and also shows which actions the agent associdtethevdifferent situations.
The experts which are extracted by the ARAVQ capture a reatdekamount of infor-
mation about the environment’s structure along the routefatt, global maps can be
extracted from the reduced sensory flows which the ARAVQ poed, even though the
inputs to the sensory flows by themselves contain no positianformation whatsoever.
This property instead emerges from the agent-environmraataction which underlies

the sensory flow.

5.3 Novelty Detection

This second set of memorisation experiments deals with tesyBr detecting different
types of changes in a mobile robot environment. The systess the reduced sensory
flow representation as a compact event based referencesegpaéion of the robot’s en-
vironment, of how itshouldlook. The reference representation is then used duringlpatr
to detect deviations such as doors having been previousyg bpt now closed, moved
objects, shortened or extended corridors, widened opsnéetg. All these situations lead
to the incoming sensory patterns during patrol not matchivegstored reference repre-
sentation, and thus the robot can alert security. This igda&iro the approach in Nolfi &
Tani (1999), but we provide a more thorough look at the déifertypes of modifications
that can be detected, do it with real robots as well as in stans, show how the system
can benefit from adding reference points in the environnmaaking it possible to detect

minute changes in the surroundings.
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5.3.1 The Problem

Consider a small automated robotic vehicle which travedscibrridors of a high-security
building. The robot monitors the environment, matchingoiming sensor readings with
stored representations of howatightto look, and quickly alerts security in case a sig-
nificant mismatch, or change, has been detected. One inmpgaat of this monitoring
system is the ability to detect novel input patterns, i.gauis which do not match any-
thing previously encountered. This is commonly referredgdlovelty Detectionwhich
for instance can be implemented using very simple habiiga&elf-Organised Maps like
that presented in Marsland et al. (2000). Detecting ‘unlisoputs constitutes only a
small part of what the monitoring system needs to be able tolddhe following, we
present a look at several different types of modificatiora #il could be considered as

‘novel’.

5.3.2 Environment Modifications

Note that before the monitoring can take place, the robotiséz build some sort akf-
erence representatioof the environment, depicting how shouldappear during patrol.
That is, the robot should learn what a ‘normal’ environmeioldis like. When set intpa-
trol mode the robot should then report any significant deviationsiftbe norm. Different
examples of changes to the environment, all of which thetrebould be able to detect,
are shown in Figure 5.14. As we will show, the nature of thenafice representation is
influenced by the sorts of changes we require that the rolmtidiuetect.

The simplest case is that of detecting new ‘types’ of inpatswhat we callType
Noveltydetection, i.e. inputs which have never been encounterd@dgltraining. An
example is shown in Figure 5.14(a), where only one type—xpeet’ as we will re-
late these to in the following—namebporridors, has been encountered during training,
whereas two input typesprridors anddoorways are detected during patrol. These sorts
of changes can be detected by simply storing as a referepmesentation the set of input

types encountered during training. When patrolling, theuis are matched (with some
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reference patrol reference patrol

o- o- o- O-
(a) Type Novelty (b) Type Absence

reference patrol reference patrol

o- o- o- O-
(c) Instance Novelty (d) Instance Absence
reference patrol
Q- Q-

(e) Instance Modification

Figure 5.14: Different types of environment modificatiorasés (a)
through (e) require increasingly complex reference
representations in order to be handled by the system.

tolerance for noise) against this set; if the input is notilsimo anything in the reference
representation, the robot sets off the alarm.

Similarly, removal of an input type constitutes the problehwhat we callType Ab-
sencedetection. This is depicted in Figure 5.14(b) where theregfee representations
would contain open doorways but none are encountered dpatrgl. The habituation
mechanism described by Marsland et al. (2000) would notinfstance, detect this as it
has no mechanism for actually detectmgssingnputs. This could, however, be achieved
by again storing all known (expected) input types and compgaagainst the encountered,
but with some added complications such as determining gxatctvhat point the input
type should be deemed as missing, as it might very well bewsrieced at the very next
time-step, or the one following that.

A somewhat more difficult task, which also is difficult to aete using just a habituation-

based system, is that bfstance Noveltgletection, i.e. detecting whexdditionalinputs
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from a type have been inserted, see Figure 5.14(c). Theergferrepresentation would
need to contain the expectadmberof inputs for each input type. (Such a system would,
however, not detect if the inputs where ordered differertly., one long doorway could
have been replaced with two smaller doorways at differecdtions.) Similarly)nstance
Absencaletection implies that the system should be able to deteehwitie number of
inputs for any of the types has decreased during patrol, dsgeted in Figure 5.14(d).
Even more difficult is the situation where the robot shouldalbée to detect when
something in the environment has changed position—or bd@rwise changed—what
we callInstance Modificatiomletection. One such situation is depicted in Figure 5.14(e)
where the door which was open during training has been clbgedn adjacent door has
been opened instead. To detect such occurrences, thenederepresentation needs to
contain the actual points in space (or time, as we will shawytach the inputs should
occur, again simultaneously coping with noise, occurring tb sensory fluctuations and

wheel slippage.

5.3.3 Reference Representations

The complexity of the reference representation determihegypes of changes which
the system is able to detect, the most complex change bemg@tinstance Modifica-
tion. In order to cope with these sorts of modifications, the systeeds to store a quite
detailed picture of the inputs which should be expectede&t @me-step. Clearly, storing
all individual inputs associated with, say one lap in theiemment as a reference rep-
resentation, and directly checking input-for-input dgripatrol, will not suffice. This is
because on the next lap, the individual inputs will be ddférboth due to sensor noise
and because of wheel slippage, inputs may be skipped, atedse\We here constrain
ourself to only looking at environments in which the robot ¢t wall-following around
the perimeter, as this provides a systematic and reprolduadzount of the environment.
The event based segmentation provides a natural solutideabng with the prob-
lem. Theexpertdirectly correspond to the different inpiypesdiscussed in the previous

section. Coping with removed or inserted inputs of the sarpe,tcan be done by letting
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input segments like,,, tolerate matching with a wider set of duration counts dupag
trol. (For instance, 40% tolerance would allow matching @, througha,,,.) Further,
any modifications like widened door openings or position erents, are directly re-
flected in that the duration counts for events have beeredlteompared to the reference
representation. Thus, all this requires that the systenthesability to extract an event
based segmentatiam-ling i.e. during patrol, and to compare it with the stored refiese

representation. The next section describes a set of sudrimgnts.

5.3.4 Experiments

The ARAVQ was set to extract a reference representation obhilenKhepera robot’s
environment. The simulated version (Michel 1996) of the pédra robot and the simple
wall following program which controlled it are shown in Figu5.15. (The distance
sensors have integer valued activation in the rgAge)23] and each motor can be set to

an integer value in the range 10, 10].)

if (sensor[5] > 200) {
/* wall too close, turn left */
motor[LEFT] = -2;
motor[RIGHT] = 5;

}

else if (sensor[6] < 800) {
/* losing wall, adjust right */
motor[LEFT] = 5;
motor[RIGHT] = 2;

}

else {

right motol /* move straight ahead */

motor[LEFT] = motor[RIGHT] = 5;

}

left motor

Figure 5.15: The Khepera robot and the controller used in the
experiments. The robot has eight distance sensors
(labelled 1 through 8) and two independently controlled
wheels (the front of the robot is facing towards the top).

A real-world Khepera was also employed in these experiméltie setup consisted
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of a 1m by 1m arena with rearrangeable wall segments, thezebiling modifications

during run-time. One of the used environments is shown inif€id.16.

Figure 5.16: One of the used environments.

The Khepera robot was connected to a laptop via a seriakioneect cable with a
rotating contact for free robot movement. The laptop reegithe Khepera sensor read-
ings in real-time and sent appropriate control commandsutdegthe robot through the
environment. Initial experiments using the Khepera radreet were also conducted but
the resulting communication bandwidth was deemed insaffidio accurately guide the
robot in real-time, and thus the serial cable was used idsfHae entire setup is displayed
in Figure 5.17.

The eight distance sensor activations and the two progsto@esensors for the motors
were normalised to the rande.0, 1.0] and fed as a ten-dimensional input vector to an
ARAVQ with the following parametersy = 0.75, ¢ = 0.20, n = 10, anda = 0.05. As
the robot moved about in the environment, the ARAVQ analythednputs, extracted a
set of experts, and used these experts to classify individpats. This classification is

shown as a trail in Figure 5.18, where each colour depictexpert which the input at that
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Figure 5.17: The real-world Khepera experiment setup widpéop
connected via a serial cable.

position was classified as belonging to. The figures in tHevohg display the simulation

segmentation as it would be difficult to produce a similapcoéd trail in the real world.

No notable difference was detected in terms of sensory artdmsgnals between the
real-world setup and the simulator; the exact same contiram was employed for
both.

The ARAVQ here extracted three experts, roughly correspantb corridors, cor-
ners and doorways This is because the corners are the only points where thelwhe
motors are repeatedly set to different values, and the days\are the only points where
the left sensors detect no walls, i.e. where they give off V&w activations; something
which the ARAVQ swiftly picked up. The extracted event bass=férence representation
for the environment’s perimeter is shown in Figure 5.19. (@as shown earlier, also
using more complex environments, such a sequence in fatireaghe spatio-temporal

characteristics of the underlying sensory flow to a strildegree. In fact, it could be used
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Figure 5.18: Segmentation for a counter-clockwise run glbre
perimeter, using the ARAVQ. The ARAVQ extracted
three experts; in light grayt, in black: b, and in dark

gray: c.

to recreate a picture of the visited part of the original eswiment.)

reduced sensory flow

(1’350 022 b24 013 (1’175 036 (1’139 022 b24 013 (1’61 C75 a’88 059 a’ﬁl 025 b24 Cl4 (]’257 059 (]’33 024 b24 013

Figure 5.19: Reduced sensory flow for one lap in the envirartime
perimeter.

Once areference representation had been extracted, thievab set intgatrol mode
During patrol, the sensory inputs were classified using tR&Q, and the resulting
reduced sensory flow was compared on-line with the storedlerte representation. If a
mismatch was detected, the robot stopped and sounded the @#aolerance oft-20 %
for the duration counts was used; the standard deviatiorased linearly with the length
of the duration counts, see Figure 5.20, and was on averamyg Bb%. A set of different

modifications, shown in Figure 5.21, were tested:
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Figure 5.20: Averages and standard deviation for durateamts from
100 laps in the environment depicted in Figure 5.18.

In Figure 5.21(a), the upper left doorway was closed. Theesysletected this
instance absence as the duration count for the corridor tameeed the tolerance,

i.e. the doorway did not appear as expected.

e As shown in Figure 5.21(b), the upper right doorway was maosigghtly to the
right. This instance modification was also detected as thatidm count for the

corridor was now below the lowest tolerance.

e Another doorway was opened in Figure 5.21(c). This instanoselty was detected

as a doorway was not supposed to occur for several time:steps

e Finally, in Figure 5.21(d), the bottom left doorway was wiee slightly, i.e. an
instance modification. Interestingly, the system did ndedethat the doorway
began too soon (see below), but it instead did pick up on ttietliat the doorway

itself was longer than usual.

The reason that the system did not detect that the doorwaigurd-5.21(d) started
earlier than expected was due to the fact that the duratiomtcior the expert which

preceded it (i.e. the corridor) was very large. This, in furrade the tolerance increase
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(a) Door closed (b) Door moved
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(c) Door opened (d) Door widened

Figure 5.21: A set of different modifications to the enviramh The
robot correctly detects each situation, stopping where the
anomaly is detected, and sounding the alarm.

to a point that the change was within the normal fluctuatidrigs can be considered as
analogous to the situation where we should determine whetleeobjects (such as two
doorways) are 101 or 102 meters apart simply by pacing oudlistance between them.
The problem is that errors tend to accumulate with distar@enversely, we generally
have no difficulty in distinguishing if the objects are 1 or 2ters apart (the same absolute
difference). The reason for this is, at least in part, that eference points are much
closer, and the errors will not have had the opportunity touatulate. To test this in

the modification detection system, we introduced anothiereace point, closer to the
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doorway. As shown in Figure 5.22, the original environmemswnodified to include
another open doorway. This doorway served as a closer refegoint, and consequently,
when the robot was again set to patrol the environment, itdcoaw detect earlier that

the doorway had been widened.
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(a) New reference room (b) Door widened

Figure 5.22: Example of reference points and detection.sis&em is
able to use the inserted open doorway as a reference
point and can thus quicker determine that the next
doorway has been modified.

This indicates that the robot may actually benefit from ghtr@ in more complex
environments, i.e. environments which have a more fregsmwitthing of experts, in that
the system can use the expert switches (events) as refggemts in order to detect even

smaller modifications, not only quicker, but also more talya

5.3.5 Summary

We have shown a simple system for detecting different ‘naaifigurations of a mobile
robot environment. The system is based on the extractiomatduced sensory flow
from the continuous-valued input stream. The robot firstals around, using a simple

wall following controller, and records the state of the eamment as itshouldlook.
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This reference representatiois then used during patrol to detect deviations. We have
shown that the robot can detect a wide variety of modificatsuch as doors having been
previously open but now closed, moved objects, shortenegtended corridors, widened
openings, etc. All these situations will lead to the incogrsensory patterns during patrol
not matching the stored reference representation, andttieusobot will alert security.
Finally, we also showed that the system can benefit from imehdit introduced reference
points in the environment, thereby making it possible t@die¢ven more minute changes

in the surroundings.

5.4 The Lost Robot Problem

The third and final robot memorisation task we look at is thetll®obot Problem. Con-
sider an automated window cleaner which works its way thioag office building and
cleans the windows. Each room may have its own cleaning fsgens, e.g., windows
in front of the building, near the entrance, should be cldanere frequently than others.
Personnel may at any time do a manual override and move tlo¢ tolheir own office,
or any other part of the building, and command it to immedyatéean their windows.
When finished, the robot should resume its normal dutiess Wiil, however, require that
the robot finds out where it is in the office environment. Thigljpem is known as the
Lost Robot Problem (Nehmzow 2000). The robot needs to gathidence about where
it presently is located in the environment.

It may, however, be very difficult to find out where the robotlasated based on
the information available from the sensors as the envirorimean look very similar.
That is, the robot is experiencing the problempafrceptual aliasing-there are many
different locations in the environment which corresponény given input. In fact, the
environments may even be so similar that they contain nougnigndmarksat all, but
still, the robot should somehow be able to find out where bdated. Taking into account
sensor inputs over a long time, the robot will be able to idgirt which environment it

has been placed, as proposed and shown in Nehmzow & Smiftg9%)( We here show
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a much quicker approach, where an arbitrarily large numibémputs can be taken into
account instead of just a limited (pre-defined) window oftagnts. The approach for
localisation presented in Duckett & Nehmzow (1996) is alsailar to what we will be
doing, as well as the approach for characterising an ervieot presented in Nolfi &
Tani (1999). However, we use a standard dynamic programigipgoach instead of a
ratherad hochypothesis matching scheme, and identifyltipleenvironments instead of
just the location in a single one.

Consider the environments in Figure 5.23. Rooms 0, 1, andv2 barresponding
numbers of short corridors, or ‘doorways’, placed in diffiet locations. Other than this,
there are no unique landmarks in any of the environmentsotiheway to differentiate
between the different environments is to incorporate seresaings with long time in
between. Having sensed one of the corridors, it will takeeast 130 time-steps (sensor
samples) at maximum speed to move to a location at which ther aorridor can be
sensed. (In these simulations the robot is wall followingolhmeans that the robot will
in fact not reach the location of the possible other corrigiatil after 800 time-steps.) If
instead the reduced sensory flow is used, this will involeng only a handful of past

inputs (events) into account, as shown in the following.

room O room 1 room 2

Wall following:
800 time steps

At max speed:
130 time steps

(Limited sensor range)j
o O O

Figure 5.23: Three of the environments used in these simuokat



5.4 : The Lost Robot Problem 98

5.4.1 Simulation Setup

An ARAVQ (see previous chapter) was set to segment the inegraensory flow of
a simulated mobile Khepera robot, thereby creating an edigensory flow from the
inputs. The robot was controlled using a fixed wall followimghaviour, moving counter-
clockwise around the environment. At each time-step, the@einputs of the Khepera’s
eight distance sensors and two proprioceptive motor sengere normalised to the range
[0.0,1.0] and combined into a 10 dimensional vector and fed as input ®RAVQ. The
robot moved about in the environment and at each time-dte;urrent (best-matching)

expert was plotted using a colour of its own, making the shdwn in Figure 5.24.
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reduced sensory flow for room 1

a’389 b24 a’21 1 C29 a’164 624 a‘385 624 a’390 b24

Figure 5.24: Acquired reduced sensory flow from room 1 after
segmentation using the ARAVQ.

As discussed in the previous chapters, Tani & Nolfi (1998Husenore complicated
mechanism for extracting these experts, where the user allgrhad to specify exactly
how many experts the system should extract. The ARAVQ haadiiantage of being able
to determine this by itself, depending on the complexityle input signal. While the
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number is no longeexplicitly defined by the operator, the number is implicitly controlled
through the choice of ARAVQ parameters. (The ARAVQ paramstdtings used to
acquire the segmentation depicted in Figure 5.24 were0.80, ¢ = 0.20, n = 10 and

a = 0.05.) The parameter settings can, however, be evaluated thithegq discriminative
ability in the environment identification task and can thasbmpared using quantitative

rather than just qualitative comparisons, as shown below.

5.4.2 ARAVQ Parameter Setting Effects

How much do the ARAVQ parameters affect the reduced sensmmflThe ARAVQ has

four parameters, of which the mismatch reduction requirgifand the stability criterion

e have the greatest influence on the number and type of exphithare incorporated.
Decreasing the mismatch reduction criteribmeans that it becomes easier for inputs
to qualify as beinghovel and thus it becomes easier to be incorporated as a new expert
(model vector). Increasing will on the other hand relax the stability criterion so that
even very different inputs will be considered to be similaoegh for incorporation as a
new expert. Several ARAVQs with differentande parameters were put to segment the
sensory flow of several laps in room 2. The resulting numbesxplerts are depicted in
Figure 5.25.

A small set of parameter settings, Table 5.5, yielding d#fé numbers of experts,
were selected and the resulting reduced sensory flows asengesl in Figure 5.26. When
Six or more experts were extracted, the resulting segmentatasunstable in that dif-
ferent experts could be used for the same location (actdiatlyhe inputs at the same
location) during different laps. The reason for this is—adfN& Tani (1999) noted in
their experiments—that the model vectors, representiny eapert, share the same in-
put space. When additional model vectors are incorpordtexy, steal space from the
existing model vectors, whose uptake regions consequbatdgme smaller. The smaller
the regions representing each expert, the lower the prbtyabiat surrounding inputs are

classified in the same manner. There is also a relationsligele@ the dimensionality of
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Figure 5.25: Relaxing the stability criterion (highand/or decreasing
the novelty requirement (low) will lead to an increase in
the incorporation of new experts. (Note the log scale.)

the input space and the number of extracted experts, tlagaeship is however not com-
pletely straight-forward. The more dimensions there aesgtteater the potential for more
clusters, but the number of experts extracted from this afs®depends on the parameter
settings; a large amount of experts can be extracted fromta lguw-dimensional input
space as the input space is continuous-valued, and colyarsmput space with a large
number of dimensions can lead to only a handful of expertsgoextracted depending on

the distribution of inputs as well as the parameter settofdbe extractor.

5.4.3 Environment Signatures

How can we evaluate different reduced sensory flows? As dgésrlj a signature for each
environment can be generated by storing the sequence oftgxpat are best matches

during one lap. Depending on the parameter settings of th&\AR it may turn out that
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Table 5.5: The different parameter settings used in thelsitions.

description ¢ € n o«

Oneexpert 0.80 0.01 10 0.05
Two experts 0.80 0.10 10 0.05
Three experts 0.80 0.20 10 0.05
Four experts 0.80 0.40 10 0.05
Five experts 0.40 0.30 10 0.05
Sixexperts 0.20 0.20 10 0.05

these signatures are identical for different environmesgs e.g., Figure 5.26 where using
only one expert will make the signatures for all rooms idestti In that case, the room
identification will be impossible.

Once these signatures have been extracted (an example of ghiown in Table 5.6),
they can be used for identification. For the simple envirom®@ealt with here, it is
sufficient to only use the expert information by itself, nwir respective duration counts.
If the only difference was in the scaling of different feasiiin the environments (length
of corridors, etc.), such information would, however, beassary to correctly identify the
environment. Now, if the robot is placed randomly in one & &mvironments, it should
be able to match its current reduced sensory flovevdence sequenggsee Figure 5.27)
with the extracted signatures, and thereby find out wheee it i

The environment with the best matching signature is mostyikvhere the robot ac-
tually is. Such a comparison is analogous to a well known andmstudied problem
in many application areas: finding the optimal alignmentdquair of sequences. In our
case the problem is complicated by the fact that the evideaceither be an incomplete
sequence ‘taken’ from an already known signature (with thesgble added complication
of circular permutation), or be data collected from a pregiy unseen environment. No
matter the situation, we want the algorithm to find the begmnahent between the evi-

dence sequence and any subsequence of the signature ssjuaechave now reduced
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Figure 5.26: The extracted sequences where different nuaibe
experts have been extracted. The number of experts
depend on the parameter settings of the ARAVQ); see also
Figure 5.25.

Table 5.6: The reduced sensory flows for one lap in each of the
environments, extracted using three expert$ @ndc).

extracted reduced sensory flows

room O abababab
room 1 abacabababd
room2 abacababacab




5.4 : The Lost Robot Problem 103

h b2

az01

@I C2 |

incoming on-line reduced sensory flow

bac..

Figure 5.27: Gathering of the evidence sequence. The relpdaced
at a random location along the wall in a randomly picked
environment and starts wall following in order to gather
evidence of where it is.

the Lost Robot Problem to a level wherdogal alignmenthas become applicable; en-
tire environments or rooms can be stored and aligned agedwst other, or the incoming

(reduced) data.

5.4.4 Local Alignments

The local alignment algorithPrcreates the best possible alignment between subsequences
of the compared pair and if the evidence and signature segaeme identical, the align-
ment will eventually extend to the full length of the sequesmcTogether with a quantita-

tive scoring method for alignments this gives us the pobsitho form hypotheses about
which environment the robot currently is in, and also to det®mpletelynewenviron-

ments.

SFor a review of local alignments, the reader is referred tobidy Eddy, Krogh & Mitchison (1998).
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Briefly, finding the optimal alignment consists of two part&n additive scoring
scheme for each aligned symbol vector (with terms for eaph, @ad a dynamic program-
ming algorithm for constructing the optimal alignment give specific scoring scheme.
Initial experiments showed that a penalty of 8 for gaps aedahowing scoring function

for two symbols: andy was adequate:

10 z=y

—5 otherwise
Note that it is possible to have several different alignmeehat return equal scores. In
order to simplify our analysis of the system we chose to ndisaall scores by dividing
them with the maximum possible score for an-gappedalignment (which would be

obtained if the two sequences were identical).

5.4.5 Results

One example of the alignment technique in action is giveraild’5.7 where the evidence
sequencé « c is gradually aligned to the known environments (rooms 0, d 2has
the robot moves. When only one event has been observed gicdke the one a distal
observer could denoteornen), it is impossible to know which room the robot is in since
all rooms have corners. Bornerfollowed by awall is also not enough to discriminate
between the three environments.

It is first when the expert focorridor is the winning one that it is possible to decide
that the robot cannot be in room 0. The score for room 0 doegmdb zero because it
still matches thé a, which is2/3 of b a c.

In case the signature and evidence signatures do not aegfirtan the same starting
point in the room, we have to be able to handieular permutations We have solved
this by adding at least — 1 extra symbols at the end of the signature sequences (where
the evidence sequence is of lenglh These extra symbols are taken from the beginning

from the same signature, when needed, so that we get a sorapfavound effect. This
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Table 5.7: The normalised matching scores for each envieotm

evidence env. matching score

b roomO abababab 1.00
room1 abacababab 1.00
room2 abacababacab 1.00

ba room 0 ababababa 1.00
rooml abacabababa 1.00
room?2 abacababacaba 1.00

bac roomO ababababd 0.67

room 1 abacababab 1.00
room2 abacababacab 1.00

can be seen in Table 5.7 in the form of the non-italic symbolearightmost end.

The complete run for one experiment is shown in Figure 5.28, @early it is not
possible to discriminate between rooms 1 and 2 until thersgcorridor is encountered.
There is a temporary increase in the score for room 0 as thet nwioves along and
this happens because the cost of introducing a mismatcreist@sly compensated by
the additional matches which it leads to. As the ninth syndmtérs, there is finally a
mismatch in room 1 and consequently the system correctlicaels that the robot is
most likely in room 2 (the only one with perfect match).

Since we normalise the score from the alignment with the maxn possible score,
we can also easily detect new rooms. To show this, room 3 veadent with three corri-
dors, see Figure 5.29.

The robot was placed in room 3 and it started comparing itdege sequence with
the known signatures as it moved. As depicted in Figure 39 scores indicate that

none of the known environments are consistent with the gathevidence. The overall
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Figure 5.28: Normalised matching score for the first nine lsgts
which are encountered, starting from the location shown
in Figure 5.27.

performance using the parameter settings (Table 5.5) israrised in Figure 5.30. Note
that as the number of experts reaches a critical limit (heexgerts), the identification
performance starts to decrease. This is because thereoaratoy experts which represent
basically the same things; small perturbations in the rebmobvement will be reflected
in the sensory signal, which is then in turn classified asrgglny to a different expert,

although there really is no significant change happening.

5.4.6 Summary

The presented system is able to correctly identify diffeemvironments based on reduced
sensory flow representations. It does so without using atipsoompass, Cartesian map,
odometric information, nor does it rely on any unique landkea The reduced sensory
flow representations are compact descriptions of the emmemts which are independent
of the actual sizes involved. (This however means that romheh differ only in scaling

cannot be differentiated, without an additional mecharjism
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Figure 5.29: A novel environment, room 3, which has not been
encountered previously. This is correctly detected by the
system (in fact, already after eight symbols) as the
gathered evidence sequence does not match any of the
known signatures.
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Figure 5.30: lllustration of the number of correctly iddisd
environments using different numbers of experts.

The system extracts a set of experts automatically from émsay flow and uses
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these experts to create individual environment signaturbégse can be matched in par-
allel against a gathered evidence sequence in case thegetslost, using a standard
alignment technique. As we have shown, this enables the toblmcalise’ itself from
random starting positions and also to detect new envirotgndiine alignment technique
always generates a hypothesis (best matching score) favitlence, even if there is no
perfect match among the known environments.

The parameter settings of the extraction system will infagetihe number of experts
formed. This will in turn affect the environment identificat performance, and will thus
provide a quantitative measurement of the quality of theupaater settings. The results
show that paying too much attention to details, i.e. haviranyndifferent experts for
the same thing, may actually hurt performance in a similanmea as having far too few
experts. However, the technique presented here providpsrhehoosing an appropriate

level of granularity.

5.5 Discussion

In this chapter we have introduced and argued for the usedslofreduced sensory flows
essentially being bottom-up extracted event based repesens of an underlying clock
based input stream. They provide a ready means for storiegsosy flow’s main charac-
teristics in a very compact manner; thereby tasks like Rbatening, Novelty Detection
and dealing with the Lost Robot Problem can be performedropks on-line mechanisms
like the ones presented in this chapter. Properties of ttraaed reduced sensory flows,
such as the ‘normal’ variation in duration counts and theaf of different ARAVQ
parameter settings were also investigated. We also shoaddiobtain a quantitative
method for determining a suitable granularity (number gbexks) for an reduced sen-
sory flow, namely based on overall task performance, e.g.etivironment identification

performance impact.



Chapter 6

Learning and Control

S SHOWN IN THE PREVIOUS CHAPTERthe compact extracted reduced sensory
A_ flows contain most of the information available in the act@itinuous-valued,
high-dimensional, time-stepped data stream. Throughsbketithe ARAVQ, distinct but
infrequent inputs are also included as events. So far, we faused on the extraction of
discrete asynchronous events from the continuous-valoesidtepped input signal. We
here now start to look at how we can form a control loop by idolg a set of behaviours
to which different events can be coupled. We discuss difterepresentational levels of
both the inputs and the outputs of the system, and show hompiue and outputs can
be coupled in all these levels at once. In this manner, sneallibations or unexpected
signals in input space can be quickly reacted to without Xpdi@t triggering of events to
bring the system back on track, producing a more smoothaotemn. A layered system
is built up, which ends up looking much like Brooks’ SubsuraptArchitecture, but with
some very important differences, like the ability to delegprocessing rather than the
former's more hands-on approach. This gives us the abditgarn, and to completely
automatise tasks on lower layers. In the next chapter, aimgiknplementation of these
ideas is then presented. There, different learners comeatteana delayed response task
involving arbitrarily long delay periods; something whiishquite impossible at the time-

step level.

IMost of this chapter has been published in Linaker & Jacot$2001b) and Lin&ker (2001).
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6.1 Delayed Response Tasks

Events in the real-world domain generally occur on a muctvetdime scale than that of
individual neuronal and sensory updates. Sampling the@mvient on the millisecond
level will quickly lead to an intractable amount of data ieeything is simply recorded in
memory, especially if the number of sensors is substamtiad, even if the system is able
to store all this data, then trying to make use of it, likerniyto find useful correlations
between inputs—and outputs—at different points in timeckjy amounts to a daunting
computational task. A group of problems which are based atirfghcorrelations be-
tween inputs as well as outputs at different points in timeekarown aglelayed response
tasks They are characterised by the subject being presentechwiiimulus, then a delay
follows, and a cue for responding eventually occurs at whicte the subject needs to
act, or respond, based on the stimulus that was presented stidrt of the trial. A reward

or punishment is then typically handed out based on perfocma

6.2 The Road Sign Problem

In mobile robotics, we can place a robot in the subject’stpasi In particular, a problem
known as the Road Sign Problem (Rylatt & Czarnecki 2000)Hitsdescription perfectly.
It is shown in Figure 6.1. In said problem, a robot drives glanroad or rolls down a
corridor, sees a road sign (stimulus), continues to traledkfy), until faced with a junction
(cue) at which time the robot needs to decide in which diogcto turn (response) based
on the road sign it passed by earlier. The response may notdheested for several
seconds or even minutes, depending on the vehicle’s thagedpeed and the distances
involved.

Such tasks are quite common in real-life, involving asdomis between inputs and
actions at different points in time. Most existing learnimgthods, like those based on
gradient descent, are however quite inept at handling tbes of problems. Consider,
for example, a simple approach where a standard neural nets/fed sensor activations

through a set of input nodes each time-step. Inside the mepthese inputs are put ‘into
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Figure 6.1: The delayed response task. The robot travetsapas
stimulus, here a light either on the left or the right side,
then continues down the corridor for a number of steps
until it reaches the junction at which time the robot needs
to decide whether it should turn left or right, depending on
the location of the light it passed earlier.

a context’ through the use of recurrent connections. Atitvais then sent to a set of
output nodes which are connected to the wheels on the robotratling its movement

based on the current-and via the recurrent connectionggu® inputs. As inputs keep
arriving during the delay period, the entire network is ugeda including any internal

"state-keeping” nodes. Such an approach was tested in bibticht (1996) and Ry-

latt & Czarnecki (2000), which noted that if the recurrentigids are not very precisely
tuned, the light activation trace will dissipate (too weakurrent weights) or the internal
nodes will not record the light inputs at all in the first plgt®o strong recurrent weights).
Further, the standard back-propagation algorithm causisutties as gradients vanish
even after rather short delay periods, making it difficulfital appropriate weights and
viable behaviours. That is, even for the task specially taoted recurrent neural net-
work architectures were unable to learn the appropriatecasons if they lay more than

just a few time-steps apart. These results are consisténttiae theoretical analysis of
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Bengio et al. (1994) showing the inadequacy of gradientel@siearning of long-term
relationships.

We however note that there is a difference, in termkewéls of descriptionbetween
the task and the low level continuous operating of a robote fdibot will continuously
receive sensor readings, typically in the millisecond engost of which probably will
be largely irrelevant for the task. Rather than specifyimgjvidual actions that the robot
should take at each point in time, the problem is (impligitgscribed in terms advents
While the order between events is specified, ‘first the rogd,gshenthe junction’, the
notion of time between the events is not detailed in the taskidbtion. That is, the delay
is not limited to always constituting exactly, sag, or 50 000 time-steps. The Road Sign
problem description is thus an account in form of an asynobwsevent streamwhile
the operation of the robot sensors and actuators work on ehsynougime-step based
streamof sensations and actions.

Here we present a quite different approach from Rylatt anar@xcki, in that we do
not work directly on the input sequence but instead extraet af events from the inputs
and then we work on this sequence of events. As we will shatjhe intervals between
events may in fact be arbitrarily large without affecting thelayed response task learning
in the system; a drastic change from previous approachds.dfématically reduces the
difficulties of gradient descent learning in this domain. i\Whhe event extraction has
been addressed in previous chapters, there now is a new naely of gettingoack
from an event stream to the level of time-step based inputiscariputs. That is, the
system should be able to use the events to giesponsgobviously a critical part in any

delayed response task.

6.3 From Time-steps to Events

Event based streams can either consist of manually definetepts (event types) as in
Mozer & Miller (1998) or extracted bottom-up from an undenky time-stepped stream,

like we have described in the previous chapters. The botipraxtraction is generally
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based on having a set of event classes, e.g., realised theoset of experts, into which
individual inputs or input segments can be sorted. The hdsia is that input can be
reduced both spatially and temporally, through a seriesrofgssing levels, yielding a

better-suited representation for storage and learnindep&ted in Figure 6.2.

Level 4 b d e ‘T
Event filtering

Level|3 ab a c a d a e a J

-

Event extraction

Level 2 aaabbbbbaaaaaaaacccccaaaadddd eee

Classification
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Figure 6.2: A general view of the four representational levee
propose for inputs and the bottom-up processes which
interconnect them. The underlying idea is that higher
information processing levels are given access to
successively longer time horizons through a series of
extraction and filtering stages.

Level 1: Contains raw multi-dimensional sensor data, which is t8tep based This
is the level where Rylatt & Czarnecki (2000) approached #laykd response task. Find-
ing useful correlations may, however, be very difficult oisfevel due to large numbers of
input dimensions and large numbers of input samples bergjwed continuously. Like

Nolfi & Tani (1999), we note that real-world task dependegacie most often not manifest

2Where a time-step is defined as a single update of sensongnmad@lements, and actuators with a
regular time interval, typically in the millisecond range.
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themselves at this level of individual time-stepped neatapdates, but rather on much
slower time scales, involving several seconds or even regiuRylatt and Czarnecki’s
somewhat simplified simulations and a specially modifiedralenetwork architecture
was only able to learn dependencies which lay up to 13 tirapssapart. But as most
robot systems have a high sampling frequency, such a systandwot be sufficient.
For example, the Khepera robot we use in our experimentssdrasor sampling rates of
approximately 20 times per second. Rylatt and Czarneckssesn would therefore, in
effect, not be able to learn tasks involving even just sisgieond delays In the follow-
ing, we will show that by using event extraction, the delags mstead be arbitrarily large
and this enables the system to handle more realistic lomg-dependencies.

Classificatiort The process whereby the raw multi-dimensional sensorigaigided
into a set of classes based on their matchingxoerts see Chapter 3. While Nehmzow
& Smithers (1991) employed a set of manually predefined (Jiea@erts for this, Tani &
Nolfi (1998) instead let the system determine the expertddayfj thereby reducing the
user intervention. However, Tani and Nolfi still had to madhuapecify the number of
experts, and had to divide the training into several difiefghases. They also had large
problems with inputs which were distinct but not very freguen the training set, and
the learning process was very slow. In Chapter 4, a more flexilassification system
was developed, the Adaptive Resource-Allocating Vectaaur@iser (ARAVQ). It is able
to swiftly classify inputs using a dynamic number of autoicelty extracted experts,
overcoming most of the problems in Tani and Nolfi’'s systenhg ARAVQ system is the
one used in the following.)

Level 22 Contains raw time-step based multi-dimensional data whave been tagged
with expert labels. If each expertis allotted a characténéalphabet, the input can be re-
written, with some loss of information, as a (very long)éetsequence. This is the level

at which Ulbricht (1996) approached the Road Sign Probleymd to learn associations

3There is no principal reason why a recurrent neural netwotkanot learn the task at this level, using
a non-gradient descent based weight updater. For instam@emke & Thieme (in press), weights to
handle this task were obtained through an evolutionaryrdalgn. However, we are interested in systems
which can learn the task on-line, using some sort of tempwealit assignment.
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between the letters in the sequence. She did not, howewtiderany account for how
the input had become this letter sequence (i.e. no Level ampclassification), thereby
working on essentiallyingroundedsymbols. Further, as her system was still time-step
based, she had the same difficulties learning long-termrabpeies as Rylatt and Czar-
necki had in their Level 1 system, but she had a somewhat noon@act representation
to work with.

Event extraction: The process whereby only the transitions between expem-me
bership of the lower level data are extracted, thereby ifilteout repetitions. This is a
fairly straightforward mechanism as long as the expert mastip is exclusive (each
input belonging to one—and only one—expert); if two sucoegdnputs are classified
differently, an event is generated. The detection of anteyenerates a signal to the next
level.

Level 3. Contains general events, interspersed over long peribtisne. Updates
occur asynchronously on a considerably slower time-stale the time-step based levels
below it. This means that longer time-dependencies can feetéel, as noted by Nolfi &
Tani (1999). While their robot system worked at this leviediid not involve any coupling
back to the real-world as the input was merely classified apdtitions removed, and not
acted upon in any manner. That is, their system did not usextinacted events to control
the robot; it was in fact only an idle observer of what was gain. In the following, we
provide an account for how extracted events can be usedno dedayed response tasks
and also how this can be used to identify candidates whichldhmass through an event
filtering on to yet another level.

Event filtering: The process which discards events which are consideregiedes-i
vant for accomplishing the task. This process requires tthatevents have been rated
with some sort of ‘usefulness’ score, related to how relethey are for achieving the
task. This event rating should ideally be based on a delagiaforcement learning sys-
tem, such as Q-learning, as rewards in the real world do ofteércome immediately as

an action is performed. Such a delayed reinforcement scleranstructed in the next
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chapter, as well as a simpler, but less realistic, evalnatiechanism based on instanta-
neously rewarded supervised learning. Once a simple vedfithe task has been learnt
on a low level, it can be generalised to more complex sitaation higher information
processing levels that have access to longer time horizons.

Level 4. Contains only the events which are considered relevanad¢bieving the
task. It is updated on an even slower time-scale than Levabi3faus can handle events
that have occurred even further apart.

Inputs at Level 1 correspond to individual sensation pagewhose dimensions and
encoding regimes are determined by the actual sensati@ysi@ns (hardware connec-
tivity). However, Level 2 and upwards do not work on indivadsensations, thereby
allowing a completely different encoding regime to be empbh More specifically, on
these levels the system can work on an essentially symlegresentation whose size is
virtually independent of the dimensionality of the actuahsory and motor systems. This
relaxes the information processing and storage demandbeosyistem, assuming that
the ‘symbolic’ representation is more compact than itsesponding inputs or outputs,
which usually is the case.

As we mentioned, just extracting an event based input reptason of the task is not
sufficient for handling delayed response tasks; the sysesdsito be able to produce a
responsdased on the event stream. In the next section, differerdregpare reviewed for

going from the event based level down to concrete actions.

6.4 From Events (Back) to Time-steps

In addition to the information processing capabilitiesatdsed in the previous section, the
system needs to be able to control the robot, i.e. makinggheogriate response once the
cue for responding comes. There are several possibilifiegeruting actions. Levels 1
and 2 are both time-step based, which means that the inpatsecdirectly coupled to
a single action which lasts a proportionate single tim@-sifehis can accommodate for

simple, non-goal-oriented, and/or ‘innate’ reflex actioH®wever, associations between
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inputs at Levels 3 and upwards are based on events.

A single time-step action is therefore not appropriate agspaonse; the response
should ideally affect the performance the entire time wakup to the next event. A
simple solution is to repeatedly execute #ameaction until the next event occurs, e.g.,
to keep turning in one direction until the next event occurkis would, however, be a
very rigid and inflexible solution, not allowing the systemrodify its responses into
smoother real-time interactions. Instead, we proposeettthe event-based levels mod-
ulate the actual input-to-output (sensation-to-actimappingof the time-step based lev-
els. This modulation also gives the system the ability taufoon particular sensor subsets
which are of most importance to the particular response.

The layered structure of our system is based on the Real-Tiomérol System (RCS)
architectures; for a review of different RCS versions anglamentations see Albus
(1993). Like RCS, we have multiple time-scales or ‘resolng’ in the system, where
higher layers operate on longer time-scales than lower.ohdgference is that the prim-
itives of each layer are not pre-defined in our system, antketing@oral updating may vary
dramatically during a single interaction, as events aggered asynchronously. In RCS,
task knowledge is manually put into ‘task frames’ which diseall parameters, agents,
goals, objects, requirements and procedures for perfgmfia task. In our system, this
is instead learnt, based on some sort of feedback (see regpesh and the knowledge is
not explicitly represented and structured in the manndrttit@RCS frames are.

If we consider the Road Sign Problem, a Level 3 represemadisufficient for most
learning methods. (A Level 4 representation would contaily he stimulus and cue
events.) Going from Level 3 down to Level 1, Figure 6.3, werabterise as follows:

Level 3: An asynchronous specification of the behaviour which isaiotiol or affect
the system’s outputs until the next event occurs. This §ipation can be the result of a
process which takes several of the previous events intauatco

Temporal unfolding: The process which simply repeats the behaviour command to
the lower level. Like the input’s event extraction mechamighis is a pretty straight-

forward mechanism to implement.
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Figure 6.3: Behaviours are selected asynchronously onl 3eaned
are unfolded onto a Level 2, time-step based,
representation. This in turn either specifies or modulates
the Level 1 actions. Two behaviours were used here: a
corridor follower C, and a left wall follower L.

Level 2 A time-step based specification of the behaviour to use &t ghrticular
instance. This specification may either arrive from Leveh®tigh temporal unfolding,
or it could be specified directly using a mapping from the U&/aput. The advantage
of coupling it directly with the Level 2 input would be that@sponse could be generated
quicker since all processing delays associated with Leveb@ld be bypassed. A more
general solution would be to generate a response at thisdiggetly when a classification
change occurs on the Level 2 input, but to modify, or corrécince the more informed
behaviour specification eventually arrives from Level 3.

Realisation The process whereby a behaviour is set to modify the actttadres
which are to be performed each time-step. The impact of thaweur on the individual

actions may be more or less specifying (see below).
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Level 1. A time-step based specification of the individual outputaction, to take.
There are at least three easily identifiable ways in which¢buld be determined, namely
using aspecifyingcontroller, areflexivecontroller, or amodulatingcontroller, as de-

scribed below. The latter one being the most flexible.

DEFINITION | An ACTION is an output pattern which is sustained for a single time-

step.

A simple specifyingcontroller would just repeat the same action over and ovainag

until the behaviour specification changed on Level 2:

action(t) = f(behaviour(t)). (6.1)

On the other end of the spectrumredlexivecontroller would completely ignore the be-

haviour specification and only base its action on the cuiterél 1 input:

action(t) = f(sensation(t)) (6.2)

In between these extremespwdulatingcontroller would not specify the exact action
which is to be performed, instead it would only affect the veagirect Level 1 mapping
from sensations to actions was performed. This modulatarndcbe realised through
inhibition or excitation, as to bias the response in somedtiion. That is, the response
would be generated with both the actual Level 1 sensatiorLanel 2 behaviour specifi-

cation taken into account:

action(t) = f(sensation(t), behaviour(t)) (6.3)

Note that this would allow a response to be generated as soan mput arrives, as the
processing on Level 2 does not have to be awaited. When thevioein specification

eventually arrives, it can however be taken into accountthadictions can be biased in
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(@) (b)

Figure 6.4: When the robot reaches the end of the corrid@rtdt turn
right and follow the wall. If the turning behaviour is
specified top-down only, ‘keep turning 10 degrees to the
right’, the robot may end up crashing into the small
unforeseen obstruction (a). If instead a modulating
controller is used, inputs can also be taken into account
directly when turning, allowing the robot to make small
and quick adjustments as to avoid the obstacle (b).

some directiorf.

A reflexive or ‘reactive’ controller would not be able to leaanything more than
the simplest input-to-output mapping at it does not makeafighe available top-down
information. A specifying controller could potentially hdle the Road Sign Problem, but
could easily create oscillations and instability in theenatction as small changes in the
input are completely disregarded; only drastic, eventegating, inputs are considered
by such a controller. A modulating controller, would howelse able to incorporate the
best of both worlds, i.e. quick modification of its actionslancorporation of top-down
information. An example which shows the advantage of a naithg controller over a
specifying controller is depicted in Figure 6.4.

A specifying controller forces the system to produce a eematput, i.e. how to act,
regardless of the inputs. A modulating controller specifiesthe manner in which to act,

but rather the manner in which toteract That is, the system outputs continuously affect

4A side-effect of using a modulating controller in a real4iroontext would be that a fast, or drastic,
change in the input would produce a reflex—or innate—Levealsponse if higher levels have not picked
up on some clue from earlier inputs and begun inhibition aitaxion in anticipation.
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the environment (inevitable through its own existencedhgr and the environment at all

times also affects the system’s outputs.

DEFINITION | A BEHAVIOUR is a particular input-to-output mapping which is sus-

tained repeatedly for several time-steps.

Behaviours are sustained until the next event arrives, atlwiime another behaviour
may be selected. This however means that behaviour shiftooly be triggered by
events, not in the period between events. Note that a balrada®s not by itself specify
any particular action; several behaviours may producelaimaictions and a single be-
haviour may produce a wide range of actions as each timessaggion depends on the
input for that time-step. It may therefore be difficult or avienpossible to determine
which behaviour is in effect at a particular point in time bylypobserving the external

outputs (actions) of the system.

6.5 Control

In our system, higher levels do not directly themselvesi§pactions, unlike layered con-
trol architectures such as Brooks’ well-known Subsump#aohitecture (SA) (Brooks
1986). The event-based asynchronous approach presemtediieallow a decoupling
of higher layers from the immediate ‘here-and-now’ of segsootor processing. Com-
pare this to the more hands-on, do-it-yourself approach®®&A, where the higher layer
itself takes over (subsumes) the output production of thetdayer at various points in
time. This effectively means that all resources of the hidgéger are assigned to the im-
mediate control of the system. Our approach instead workkelggatiorof work, always
letting the lower layer do the actual processing. The hidgnger just specifies theper-
ating modeof the lower layer from a set of such modes, or a blending tifeta the next
chapter, three such operating modes (input-to-output mgppare manually defined in
the lower layer of an event-based control system. We alsw $twawv operating modes

instead can be constructed autonomously, and discuss legvedm be blended together
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if realised through mappings like neural networks.

A very simple approach—which we will be using—is to implerheperating modes
(behaviours) as purelgactivesystems, working on Level 1 representations. The lack of
internal state might seem very limiting in terms of outpubguction, as there then is no
internal counter or context for progressively executing siteps of an output sequence.
A simple static mapping system can, however, entail for gdara cyclic production of
output patterns, as the system is situated in an environnidrg system output can be
retained the following time-step through the use of sensbeseby forming a feedback-
loop or iterated function system. For example, considebatio arm equipped with pro-
prioceptive sensors on the actuators. Setting the motaspauticular setting will report
(at least approximately) this particular setting the newetthe motor sensor is sampled.
We thereby get a recurrency from the output to next timesteyput. An example of
such a simple reactive mappig given in Figure 6.5(a). The system will be guided
by the vector field to follow the cyclic trajectory, regargéeof starting position (due to
noise this is the only sustainable attractor). One pasiceVolution of the system for a
couple of time-steps is presented in Figure 6.5(b), and lbagdlpicture of the mapping is
presented in Figure 6.5(c). This particular system is emesome sense self-regulating,
or self-stabilisingin that the system automatically recovers from pertudreticaused by
external influences, as the field will guide it back to the yattractor. That is, even if
the feedback from the proprioceptive motor sensors doescmirately portray the last
output in a 1:1 manner, the system will still travel along tiyelic trajectory. The same
holds if we perturb or affect the position of the robot armaisgthe attractor will guide
the arm back into the cyclic output pattern production.

These sorts of attracting vector fields can be learnt frorglsitrajectory paths, using
for instance gradient descent, as shown by Goerke & Ecknfil#96). That is, a ‘desired
path’ can be used as a template, and a mapping covering tine Emut space can be

extrapolated from this templd&teThis is a sort of generalisation of an instance.

SThis particular network usestanh output activation function.
6A similar idea was presented by Hohm, Liu & Boetselaars (1998eir system learned to produce
smooth motion trajectories for a task originally specifiedhie form of rules.
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Figure 6.5: A single static input-to-output mapping (a) tead to the
system exhibiting cyclic behaviours due to the
environment acting as a recurrent connection for the
system. An example trajectory (b), and uniformly
distributed samples (c) of a single mapping step.

The system ends up looking much like a Hybrid Control Arattiee, or aswitched
plant (Moor, Raisch & Davoren 2001, Davoren, Moor & Nerode 2002heve a high-
level supervisory controller switches between a finite namtf continuous low-level
controllers, all acting on the same physical plant. In sugtesns, the supervisor acts
on quantised measurement information (events), similautoapproach. An important
difference is however that such control architectures arestucted to satisfy a defined

language inclusion specification, i.e. the ‘desired’ orfeot’ operation of the system is
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already known and deviations from that correct operati@essumed to be detectable.
The layered system we suggest can be characterised usihgelve different prop-
erties or dimensions put forth in Sloman (2000). For thoseilfar with these dimen-
sions, we regard our system as employing concurrent lapeid,being predominately
functionally differentiated, with trainable layers, siariprocessing on each layer, and no
centralised motivational centre. No specific mechanisnuigenitly employed for resolv-
ing possibly conflicting motives, a single perceptual comgya currently exists, as well
as a single output producer, and a layered structure is@daturing the construction of
the system. Language-like (‘symbolic’) representatiangegye from the event extraction.
The system can use external implementations when opptesifor such exist. Finally,
the meaning of the different representations are extramp&dm-up rather than manually

specified.

6.6 Event Representation

There is a problem working with symbols like b, ¢, or corridor, left light, junction, etc.,
namely that they do not provide a basis for any sort of furth@merical computation.
However, a simple and straightforward mechanism for olmgianessentiallysymbolic
representation is to assign each expert an element in arygk&owe did in our experi-
ments. This provides us with representations like [1 O Oleigoerta, [0 1 O] for expert
b and [0 O 1] for expert, Figure 6.6(a). Suclocalistic encoding schemes have indeed
many virtues, as argued by Page (2000). As pointed out Heeg,However also cause
some problems, namely relatedddhogonalityandgrowing back-ends

Localistic representations with binary unit activatioe arthogonalto each other, i.e.
each class lays exactly the same distance from all othayardkess if what they encode
actually is very similar. That is, experts lilgharp left turnandslow left turnshow the
same similarity with each other as they do with any other-s-tetated—input class, like
doorway in terms of any Minkowski metric (like Euclidian or city-dstk). Thereby, a

great deal of information has been lost, information whiohld have been very useful
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Figure 6.6: Different approaches to event representaiach event
expert can be represented using a binary localistic scheme
(a) which however has orthogonality and growing
back-end problems, a real-valued localistic scheme (b)
which solves the orthogonality issue but still has the
growing back-end problem, or a prototype based scheme
(c) which solves both issues, but at the cost of sacrificing
spatial compression.

for generalisation and optimisation.

A solution to the orthogonality problem would be to skip thenmer-take-all aspect
involved in classification, thereby allowing real-valuettigation, but still under the lo-
calistic regime. That is, each expert’'s output unit is attdd to the degree it matches
the input according to the ideas in Edelman (1998). This lasrauch in common with
ideas of coarse-coding (several output units becomingefdr each input), tri-lateration
(retrieving the location of a transmission based on sigmahgth on several dispersed re-
ceiving stations), and not the least fuzzy modelling. Ismarresponding from a situation
where the robot is in a sharp left turn would thereby not ortivate the corresponding
expert unit (if such an expert had been extracted at all) laat any ‘similar-looking’
classes likeslow left turnto some degree. Thereby representations would no longer be

orthogonal to each-other, but the growing back-end prolfksa next section) would still
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be there, Figure 6.6(b).

This approach also provides a way around the problem of tegeavitching between
experts. Such switching may occur due to ‘conflicting’ bebaks which send the in-
put back into the previous (expert) region for each follogviime-step. This is related
to the problem of fast switching—which in the case of infilyiteast switching is re-
ferred to axchattering—in the Hybrid Control Systems area. There, the problem ccu
when the high-level decision maker has to constantly switetween a limited set of
underlying (pre-defined) controllers in order to guararttest the system is asymptoti-
cally stable; see e.g., Liberzon & Morse (1999) for an intrctibn to these problems. To
avoid such switching, extra nodes (corresponding to ouedgp can be introduced at
the points where chattering occurs, as proposed by Ege&teld (2002). These extra
nodes can then produce an appropriate—and even smoothgrease, instead of getting
it through such rapid switching. This is also effectivelyatlyoing to a distributed (non
winner-take-all) activation accomplishes, as there nowedast intermediate representa-
tions which can be linked to an appropriate behaviour. Aeptiery common solution to
avoid chattering is to use a ‘dwell time’, i.e. not allowingwitch until a certain time
period has passed since the last one, see e.q., Liberzon &\0999).

Localistic representations requivee element per class expert. If additional classes
are to be incorporated on-line during the system’s life tithe vector needs to be dynam-
ically extended accordingly. That is, encountering a néuesion, thereby incorporating
expertd, the system needs to be able to add another element to itdaiepeto enable
representing itas [0 0 0 1]. The problem lays in that a systaset on a multidimensional
Level 1 input from which it dynamically extracts localistievel 2 representations would
have agrowing back-enaince new classes could be incorporated at any time point. Ev
ery other part of the system that is to receive these outpatddwneed to have likewise
growing front-end. Despite the orthogonality and the grayback-end problems, such
binary localistic representations have been used for engaents e.g., in Nolfi & Tani
(1999), Linaker & Jacobsson (2001a) and Linaker & Jacot$2001Db).
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The growing back-end problem will remain as long as a conttret scheme is em-
ployed. An alternative to using a constructive scheme ipéxiy the number of experts
in advance, e.g., the number of model vectors to use in a vgoi@ntiser, like in Nolfi
& Tani (1999). It is, however, very difficult to decide on anpappriate number as too
few classes will cause important differences to be dischatel too many classes will
decrease the stability of the system as the uptake regioaabf elass becomes smaller
the more classes there are, thereby increasing the risk itdrgng classes without real
reason.

If a constructive scheme is used for classification, it da@sdver not necessarily fol-
low that this is the representational form which also shdaddoutput; classes could be
mapped into a fixed-size representation. This correspanttsetdifference between the
extractionspace and theventspace, discussed in Chapter 3. Ideally, such an event repre-
sentation would be able to capture any and all similaritetsvieen experts, avoiding the
orthogonality problem. Further, the density distributmiclass use may change drasti-
cally during the operation of the robot, as new environmangsencountered. Therefore,
the fixed-size representation should maintain the abditgpresent the entire input space,
as new classes may appear anywhere in this space.

There is one fixed-size space which by definition will be abladcommodate these
restrictions, namely the input space itself. That is, thpFesentation for an expert could
be a representativimput for the class. In the case of vector quantisation, this would
correspond to the model vector (prototype) for the class.a@rage, the model vector
should be the best representation for the inputs occurrimtevhe expert is winning; this
is the very idea underlying vector quantisatiofihe resulting scheme is one where inputs
are spatially re-mapped—or reduced—to their expert'sqaggtical counterpart instead of
being compressed, and are also temporally reduced, Figbife) 6

In the experiments in the next chapter, we will use the sirbpiary localistic repre-

sentational scheme. To avoid the growing back-end probéswg have a constructive

In terms of neural networks, it is not entirely clear how atptgpe encoded in a set of input weights is
to be transformed into an output activation pattern, basdylan activation flows.
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classifier), a limited and static environment is used. A#ieme exposure, the system
will have converged to a thereafter fixed number of experigh(e When a change
in winner is detected, an asynchronous update will be prateaigto the next layer, or
echelon(Beer 1981), where a recurrent neural network will decideciWwibehaviour to
activate.

The higher layer (layer 2) thereby sits idle most of the tiavgaiting updates from the
lower layer (layer 1). When a change happens in the inputsr la eventually signals, or
interrupts, the higher layer with this information. Idgakchelon (layer) 2 does not just
sitidle, but does higher level processing on inputs anddaystrategies for the future, as
suggested by Beer (1981). That is, it should work also invben the sparse update sig-
nals. There is, however, currently no way for layer 2twess inputdirectly, nor is there
any way in which it camequestsuch information to be passed from the lower layer. This
essentially means that layer 2 is at the mercy of layer 1 wbahcensor and distort all
information before it reaches the higher layer. The probt&momes progressively worse
as more and more layers are added, each one being capableuwgdtoa vital informa-
tion as it passes through. In the following, we present esitars to the architecture which
let higher layers have direct access to inputs when theyareeand which avoid the
information loss and distortion which occurs when inputs @-mapped and processed

by lower layers.

6.7 Inter-layer Communication

A more general view of the input processing and communioatidhe aforementioned
architecture is presented in Figure 6.7(a). Note that s¢\a@yers can work on the same
representational level, or several representationaldesen be worked upon inside one
and the same layer (as is depicted). The communication eetVagers in Figure 6.7(a)
works asynchronously on Level 3 data. This particular aecture will, however, suf-
fer from the growing back-end problem—binary localistiqpext representations being

used—if the classifier is constructive. As discussed in tiegipus section, the prototype
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Figure 6.7: Design options for a layered system. The higiygr can
receive information from the lower layer asynchronously
(a), or the lower layer can gate the flow to the higher layer,
only letting relevant inputs flow through (b). Alternatiyel
inputs are always directly available at the higher layet, bu
it can rely on a significance signal from the lower layer for
notification of important inputs (c).

of the class could be used instead, avoiding this problem.

Instead of sending the prototype of the class as an evetiitcatitn, the actual input
which ‘caused’ the event, or a slightly later sample, can lepagated to the next layer.
This still contains some information aboubhathas happened, besides that gmiething
has occurred. This situation is analogous to a gating systemepicted in Figure 6.7(b),
where layer 1 lets an input flow through to the higher layer wiagyer 1 considers the

information is relevant or significant for the higher lay@&here would still, however, be
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no way for layer 2 to access inputs in-between these poiAtsotinection from layer 2
to the gating could possibly be added, which allows layer @ten the gate by itself.)

We instead propose that the input is propagated directlysipty with some time-
delay (see below), tall layers. In this manner, they would all have access to an undis
torted picture of the environment. An additional channeligp however, be added be-
tween adjacent layers. This channel would propagate a ssigoificancedevel for the
input. That is, each input would be tagged with this inforimrags it arrived at the higher
layer. In the simplest case, this is a binary flag, signakingnt generating inputs as they
occur. In a more advanced system, this could be real-vakptifying different signif-
icance degrees, Figure 6.7(c). The dynamics of the higlyer laould then be affected
or perturbed relative to this signal; an internal variablleesholding mechanism could
let even the least significant inputs to be taken into accamhén deemed appropriate.
Paradoxically, the informational burden of the higher laigereduced through the intro-
duction ofadditionalinput information. This information states the significaraf the
inputs, allowing the higher layer to decide on its own if it&to take it into account, or
just continue its current processing.

A problem relating to this approach is, however, that asemm@ significance to an
input will generally require some processing time. If thpuhis passed directly to the
next layer, the higher layer’s received significance levél actually not be based on
that particular input, but some input a couple of time-stegdier. This problem may,
however, not be that serious as individual inputs do not terchange that much in the
time scales involved. Simple solutions would be to delayitipeit appropriately, or to
pass it through the lower layer and let it output both, pdgsiba combined manner.

This architecture starts resembling that of another layamproach, namely Brooks’
subsumption architecture (SA), Figure 6.8(a). Based ommaussion, we would suggest
that a number of modifications be made to the SA, yielding tokitecture presented in
Figure 6.8(b).

In the SA, all layers work in parallel, and they all receive thput directly. We would
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Figure 6.8: Brooks’ original subsumption architecture éayd our
suggestions for extensions and modifications (b).

suggest the addition of communication channels betweetedi layers, where a signif-
icance level can be propagated. (The SA does include thébgdagof adding channels
between layers as well.) In this manner, higher layers woatdrally have access to more
and more useful representations, through the filtering efitkver layers. In the original
SA, there is no explicit reason for why higher layers showdd:bnsidered as to working
on more ‘abstract’ or reduced information. Further, we gjghat several behaviours be
implemented inside one and the same layer, i.e. the disibshould not be based on
behaviours but rather on time-scales. Instead of just sulvgu(overriding) the output of
lower layers, the output of higher layers could affect or mlate the mapping of the lower
layer. In this manner, very strong innate—and thereby gobbianportant—reflexes can

still operate even if the higher layer is expressing an opgpsommand. The goal of
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learning should be to automatise tasks on lower layersehbyeallowing more uninter-
rupted processing time for higher layers. Or, in the wordStaifford Beer in modelling

the human nervous system:

Now the cerebral cortex, or the board of the firm, or the cabaiehe gov-
ernment, is busy thinking. Therefore it does not wish to lsuwtbed. There-
fore not too much information needs to flow up the verticakdwri engulf it.
(Beer 1981, page 140).

That is, the goal should be to minimise significance sigrmlsstill maintain system
integrity. The use of a modulating controller, rather thao@down specifying controller,
means that small and quick adjustments can be done to keets istable, thereby avoid-
ing spurious events to be generated. That is, the robot d¢atidcslightly as wall readings
start to increase, without necessarily creatingeaentto achieve such an adjustment.

Note that there is no principled reason for why a task couldb®olearnt on a low
layer rather than on a higher layer. The only difference leetwlayers is the time laps
between (high) significance signals. (The lowest layer hesrstant high significance
signal, or a significance signal related to the amount of ghavhich occurs between two
successive samplings.) Higher layers do have the advanfagdy being notified when
inputs relating directly to the task are received, wherbadawer layers need to process

many—for the task irrelevant—inputs.

6.8 Discussion

We have presented a general design for layered controlmgstapable of learning de-
layed response tasks with arbitrarily long delays. The aggin is based on extracting
events from the input stream and then reacting to these temoiigh top-down control.

Different alternatives in implementing the control systemre presented, namely reac-
tive, specifying and modulating controllers. Of these, tidulating controller seems to

be most promising, allowing both top-down information angeck sensory inputs to be
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taken into account. Using a modulating controller, the eystan also affect the input-
to-output mapping as to focus attention to particular seils-ef the sensory array.
Further, different representational issues were discsben it comes to representing
events. Two major problems were discussed, namely thanafilocalistic, expert rep-
resentations’ orthogonality and that of constructive sy having growing back-ends.
While using a prototype class representation would resbbté these issues, we would
suggest that there really is no need to propagate the acto@ltype but instead just a
signal that something interesting has occurred. This sigmald work essentially like a
gating signal, letting only significant inputs reach theht@glayers of the system. How-
ever, we point out that this would put the higher layers atrttegcy of the lower layers’
gating systems and suggest something more in line with thed in the subsumption
architecture, namely that all layers receive all the inguthee time. The difference be-
ing that higher layers also receive information about thpute’ significance, from lower
layers, thereby avoiding processing inputs which are rlevamt for the task. Only when
important information is received, is the higher procegsirierrupted. The robot’s higher
layers can thus find time to do some higher-level processnaglaying out of plans for
the future, or even do some well-deserved resting when shamg under control at the

lower layers.



Chapter 7

Learning on Reduced Sensory Flows

E HERE DIRECTa mobile Khepera robot to learn a delayed response task. The

U » task involves finding the relevant indicators for making ateat-dependent
choice at a substantially later point in time. More speciljcahe robot needs to learn
that the lights (rather than actual road signs) it passedttgnaearlier point in time,
indicate the correct way to turn at a later upcoming junctioiwo different learning
techniques are first presented: a simple instantaneousdekdsupervised) learner and a
more complex, but also more realistic, delayed reinforagrfesarner. The inputs to these
learners are provided as localistically encoded events tlag relevance of these events
needs to be deduced and coupled to output behaviours, seréoahlistically encoded.
The coupling needs to be context-dependent, i.e. a numiparsbevents need to be taken
into account when deciding what behaviour to select. In bagieriments, the same set of
pre-defined behaviours is used. The behaviours (inputitpttt mappings) are realised
through simple handwritten programs, which base their aistpn the immediate sensor
readings. Each behaviour makes use of only a subset of thlat@essensory array; they
only focus on the sensors which are really necessary for thiectioning. Both learners
come to master the task without much difficulty, regardldst® delay periods involved
between the lights and the junction. A more difficult scemawhere distracting events
occur during the delay period is also introduced and dismdis$Ve then—using a third

learner—look at how the system can construct behaviourdsoawn, through a quite

134
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massive trial-and-error process

7.1 Setup

A simulated version of the Khepera robot was used in both xgats. The activation
of the eight distance sensors, the two motors, and two ofdbetis light sensors, placed
in concert with distance sensors 1 and 6 in Figure 7.2(a)ewermalised to the range
[0.0,1.0] and fed as input to the architecture. That is, the event extrgan ARAVQ)
received a total of 12 inputs. The parameter settings of tR&AVQ wered = 0.7,

e = 0.2,n = 10 anda = 0.05. This led to the extraction of eight different experts
for the constructed T-maze environments shown in Figurésaidd 7.5. The setting of
these parameters affects the number of experts extractdtebdRAVQ and, hence, the
rate of switching between these experts.

The parameters were chosen to get a sufficient set of eventolang the task;
at least the stimuli and cue for response must trigger evantsarning is practically
impossible. A robot which has only a single event type, waVer be able to learn any
useful associations on the event level. It is worth notiragf tiaving ‘too many’ events
do not seem to be as severe as having too few. In the worstwagegger an event for
each an every input, but then we are effectively back on a-fitap based representation
like we started with in the first place. (Albeit the represgitns may now be distorted
through the extractor’'s mapping to the event space.) We avtidrefore recommend that
parameters generally be set to promote the incorporatianlafge set of events rather
than using an overly restrictive setting.

The event extraction discarded the repetitions of eachreXpaving sequences which
are only six characters long. A character was manually assigo each of the eight
extracted experts, for presentational purposes only. Aerpnetation of each expert is

shown in Table 7.1, based on how the ARAVQ seems to apply therex They andh

Most of this chapter has been published in Linaker & Jacot$2001a), Bakker, Linaker & Schmid-
huber (2002), and Bergfeldt & Linaker (2002).
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Figure 7.1: Different cases for the delayed response tagkham
resulting input classification at each location along the
simulated robot’s path where each expert was allocated a
separate shade, here plotted as a trail behind the robot. The
subscripts denote the number of repetitions of each expert.

experts were only extracted for the Extended Road Sign Bnoplvhich we present later

in the chapter.

Table 7.1: The eight automatically extracted experts andthey can
be interpreted.

expert interpretation

corridor
corridor + left light
corridor + right light
junction
wall on left side only
wall on right side only
left-turning corner
right-turning corner

SQ -0 [/ O e
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The time-stepped real-valued input stream was thus redbcedgh the event extrac-
tion to an asynchronous eight-pattern binary stream. Tthéas1 was now to be used for
controlling the robot; it would need the capability of tungileft or right at the junction,
as well as the basic capability of staying on the road (in theidors). For this, three

basic behaviours were constructed manually.

7.2 Behaviours

Three different input-to-output mappings, or behaviowvsye constructed: a corridor
follower, a left wall follower, and a right wall follower, psented in Figure 7.2. We
use a modulating controller, thus the top-down modulatianm focus the ‘attention’ on
a particular sensory subset. Here, the focus is set conhpleteonly two of the ten
available inputs (eight distance sensors and two proppideemotor sensors). To follow
the right wall, for example, only requires the robot to tatke tight and front-right sensors
into account, the others being relatively unessentialfertask.

For presentational purposes, we assign a character to édlochse three behaviours,

creating the three-symbol 'output alphabet’ shown in Tabi

7.3 Learner I: Immediate Feedback

In this setup, a feedback signal was provided for each ewdn¢thaviour mapping, indi-
cating its appropriateness. (This feedback was manuafigtoacted based on the event
interpretations we listed in the previous sections.) Anyetyf basic learner which is
able to take temporal ordering into account should be alkesaim this mapping, as it has
become trivial (the data set is in Section 7.3.1). We chosenpl8 Recurrent Network

(SRN) learner, to show that this system no longer would hawyepaoblems learning the

2The Khepera robot has eight infrared proximity sensors witbger activation in the rangé, 1023],
0 denoting no object present within sensor range Hii$ denoting an obstacle very close. The robot has
two separately controlled wheels which can be set to integkres in the rangg-10, 10], —10 denoting
maximum backward spinnin§,no wheel movement, up td) which rotates the wheel forward at maximum
speed.
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/* Corridor follower */

if (sensor[5] > 800) {
motor[LEFT] = 0;
motor[RIGHT] = 5;

} else if (sensor[2] > 800) {
motor[LEFT] = 5;
motor[RIGHT] = 0;

}else {

right motol motor[LEFT] = 5;

motor[RIGHT] = 5;

}

left motor

(b)

/* Left wall follower */ /* Right wall follower */

if (sensor[2] > 200) { if (sensor[5] > 200) {
motor[LEFT] = 5; motor[LEFT] = —4;
motor[RIGHT] = -4; motor[RIGHT] = 5;

} else if (sensor[1] < 800) { } else if (sensor[6] < 800) {
motor[LEFT] = 2; motor[LEFT] = 5;
motor[RIGHT] = 5; motor[RIGHT] = 2;

}else { }else {
motor[LEFT] = 5; motor[LEFT] = 5;
motor[RIGHT] = 5; motor[RIGHT] = 5;

} }

(©) (d)

Figure 7.2: The Khepera robot and the three hand craftedvimira.

Table 7.2: The three hand crafted behaviours.

behaviour description
C corridor following
L left side wall following
R right side wall following

task; this learner could not handle the task at the timed{stegd, as we discussed in the
previous chapter. The SRN also has the property of mappimjtuts to an internal
representation based on their functional values; thisiges/an excellent base for event

filtering, i.e. the removal of irrelevant or distracting exe from the event stream.
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7.3.1 Input and Output Strings

As the continuous-valued input and output streams both kad Hiscretised, the system
had two essentially symbolic streams to work with. The (ihgwent stream had a total
of eight differing patterns, while the (output) behavioadra total of only three differing
patterns. The problem was thus reduced to the level of legrtai correlate eight-symbol

input strings with three-symbol output strings, of length as depicted in Table 7.3.

Table 7.3: The extracted sequences of expert winners and the
behaviours that should be selected for the paths taken in

Figure 7.1.
case sequence case sequence
a b adf a . a ¢c ade a
Left turn CCCLCC Right turn CCCRCC

7.3.2 The Simple Recurrent Network

The simple recurrent network (SRN) (Elman 1990) is esskyta three-layer feed-
forward network which stores a copy of the previous hidddivation pattern and feeds it
as additional input at the next time-step (see Figure 7 Bis provides a memory trace of
previous inputs which enables the network to learn assoombver several time-steps.

The output of the SRN (for an arbitrary number of nodes) isdefias:

Of (f) = f(z ’ll)kjh,j (YL) + ’ll)kg) (71)

J
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behaviour: o(t)

|

hidden: h(@®) (O () ] ---- -~ copy 1:

/ \ y

(OOOO0000) (OO)

ARAVO winner: i(t) context: h(t—1)

Figure 7.3: The SRN. The previous hidden node activatiomit qf
the input to the hidden nodes at the next time-step.

where the hidden activation is defined as

)

hi(t) = 1O 0giia(®) + 3 Vjmbun (= 1) + v39) (7.2)

andi(¢) is the input at time. The indexk is used for identifying the output nodeg,
andm are used for the hidden nodes (at tim&nd¢ — 1 respectively), and is used for
the input. Biases are introduced as additional elementsamieight matricesy andwv
(indexed withd). The function,f, is the sigmoid activation functiofi(z) = 1/(1 +¢e 7).
Sincef is differentiable, the network can be trained using gradiescent.

The SRN was to specify which of the three behaviours (Secti@h the robot was
to employ until the next event occurred. A simple localistaxling scheme was used
for the input events as well as the behaviours, that theydcbelused with the SRN. As
two hidden nodes were used, an 8-input, 2-hidden, 3-outRi Was created. Network
weights were randomly initialised in the intenal5.0, 5.0], the learning rate was 0.01

and a momentum of 0.8 was used. The training set was the twactxdl sequences, for
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the left and right turn, respectively, as shown in Table T.Be network was trained for
10 000 epochs using a version of back-propagation through tim@ {BRvhich unfolded
the recurrent connections of the network. The BPTT hereldatbthe network 5 times

according to the scheme presented by Werbos (1990).

7.3.3 Architecture

In addition to the three hand crafted behaviours, a simgkcgen mechanism was im-
plemented. At each time-step, it detected the most actiigubumode of the SRN and
executed the code (Figure 7.2) associated with the behavithe architecture is sum-

marised in Figure 7.4.

Event based

Event classes Behaviours
; Response (SRN) ;
winner winner
take all 00000 = take all
Unsupervised
classification Modulation
(ARAVQ) (hand-crafted)
Sensation Action

(0000000000 00)

Response (hand crafted)
Time—-step based

Figure 7.4: An event-based controller with two layers. Th&dm
layer works on time-stepped Level 1 representations, while
the top layer works on event based Level 3 representations.

7.3.4 Results

As expected, the SRN had no problems learning the correstiz®ns between the light
stimuli b andc and the behaviours and 2 occurring two events later. That is, the system

could turn in the right directiomrespective of the length of the delag this temporal
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information was removed in the event extraction. The Roath &roblem could thus be
solved using a straight-forward gradient descent method.

However, if more events were extracted, as a result of ardiffesetting of ARAVQ
parameters, the problem would be more difficult to learn assalt of more intervening
events. This effect could also arise as a result of degraalinisy inputs, causing the
ARAVQ to trigger more events. A situation where intermediavents are a result of
the physical environment would result in similar difficei. Thus, we have a problem
similar to that of Rylatt and Czarnecki, but on the level deimediatesventsanstead of

intermediate time-steps. We call this problem ‘The ExtehBead Sign Problem’.

7.4 The Extended Road Sign Problem

While the length of the delay between the stimulus and thearese has become irrele-
vant through the use of event extraction, the system woillchatre problems handling
distracting events during the delay. That is, if the inpurodpes drastically during the
delay, intermediate events will be generated. This meaatighie problem of finding rela-
tionships between the stimulus and the subsequent respalhbecome harder as there
are a number of intermediate distracting events. Exampl#sare shown in Figure 7.5
where there is a right or left turn in the corridor after thieratlus has been passed, gener-
ating another three events which, however, are of no retsvéor the task, i.e. they serve
only as distractions.

The SRN still managed to find the correct association, but il was first trained
on the simpler tasks, and then continued training on the whéfteult examples shown in
Figure 7.5. This is a well-tried method of solving these typéproblems where the task
is too difficult to learn directly. Such training on increntalty difficult problems, starting
with an easier version of the problem, is known to help thenlieg process significantly
as shown by Elman (1993). The hidden node activation plon@RN which has learnt
the task is depicted in Figure 7.6. Note that a number of etadtave formed for each of

the functional states the robot can be in.
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Figure 7.5: Two examples of distracting events (turns) leapm in
between the stimulus (light) and the cue (junction).
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Figure 7.6: Hidden node activation of the SRN.

When irrelevant inputs, such as corners (input charagtarsl’), are received by the

SRN, the state remains relatively stable, i.e. it stays énsime location as the previous
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time-step. That is, large movements in the internal (hidaeae) activation space occur
only whenfunctionally importanevents occur. When, for instance, input charat{geft
stimulus) is received, the activation jumps to the uppentricorner of Figure 7.6 and
stays there until the input charact&fthe cue for responding) arrives. At that time, the
activation quickly jumps to the upper left corner, making tiobot activate its left wall
following behaviour, effectively starting to turn left dte junction. A similar situation
occurs if instead the other stimulus is present, where thtoivoright and left corners
are used by the SRN. (Before either stimuli has been encathtéhe SRN state is in
the upper right corner, i.e. this particular robot has a lieagurning left at junctions.)
Since spurious events do not affect the internal state oSN in a way that disturbs
its performance, the system should exhibit graceful degjrad if the ARAVQ is fed
deteriorating data (slightly noisy data will be filtered netARAVQ and thus not affect
the SRN at all).

We can now also sketch a solution to the Extended Road Sigvidpno If the hid-
den activation space of this SRN was clustered, using famgi@another ARAVQ, the
functionally unimportant events would likely cause repetis of the same expert as they
would lead to only small perturbations in the state spacdy @hen functionally impor-
tant events occur, such as the stimulus or cue, do large jumgdtivation space occur,
thereby leading to another expert perhaps becoming thetesh. Then using the same
filtering process used for repetitions of input patterns, ithelevant events would be re-
moved. Note that this solution is based on a Level 3 systenNjSiich has already
successfully learnt the associations in a relatively sengglenario. The filtering can then
extract information which effectively lets the next highevel (Level 4) handle delays
with an arbitrary number of distracting events as they will be filtered out ia #fore-

mentioned process.
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7.5 Learner |l: Delayed Reinforcement

A more realistic learning scenario is one in which feedbackat provided directly after
each event. Instead, the robot is allowed to move about inftmaze for some time,
without any feedback relating to theternal event and behaviour mapping processes. If
it ends up in the correct goal zone—arternallyobservable occurrence—it receives a
positive reinforcement signal, otherwise it receives aatigg signal. The system then

has to assign this credit to its previous interaction, poitig it out among the internally

applied mappings

7.5.1 Architecture

In this work, the reinforcement learning system was basealloong Short-Term Memory
(LSTM) recurrent neural network (Hochreiter & Schmidhuld€97), which has been
shown (Bakker 2002) to be very good at learning temporal dépecies. Again, the
ARAVQ was set to extract events from the incoming sensory {ese Section 7.1), and
the same three behaviours were used as in the previous exgrgrisee Section 7.2). The
events were sent to a Reinforcement Learning LSTM (RL-LSTHeiwork, which kept
a trace of previous events and which through its learninghaeisms could assign the
received credit to the relevant indicators. An overviewld architecture is presented in
Figure 7.7.

The RL-LSTM had to learn the coupling between the (inputhésand the (output)
behaviours. Once the goal position was reached, it wouleivea scalar reward = 4.
If the goal was not reached, it would instead get a scalarnewtr = —0.5. Details of
the RL-LSTM can be found in Bakker et al. (2002). The positdthe light (and thus
the correct turning direction) was randomly assigned fahegpisode; there was no fixed

ordering between the two cases.

3We have published this work in Bakker et al. (2002); the dbaotion here was the ARAVQ prepro-
cessing of the inputs, not so much on the reinforcementilegistheme, which was the work of Bakker.
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Figure 7.7: A delayed reinforcement learner which can leamplex
temporal relationships.

7.5.2 Results

The RL-LSTM had no problems learning that the lights (roaghs) were the relevant
indicators for the task. It quickly learnt that going fondain the junction was not a
very good alternative; it would never lead to a positive f@icement. Going left or right
instead became the applied behaviours, and after aboq training episodes (T-maze
runs), Figure 7.8, the correct contexts for using these \Wdehes had been sorted out.
The RL-LSTM would never reach &0 % correctness as it employed an exploration
mechanism.

The Extended Road Sign Problem (Section 7.4) was also téstéde RL-LSTM
architecture. A more complex maze was constructed whictagoed a number of dis-
tracting events along the way, Figure 7.9(a). As with thedéad Road Sign Problem,
positive reinforcement was only given for actually reachthe goal position. As ex-
pected, learning that the light was the correct indicatortfi@ final decision, required
many more training episodes than previously. The RL-LSTMngwvally had assigned
the credit were it was due; after abaiit 000 episodes the correct associations had been
learnt, Figure 7.9(b).
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Figure 7.9: A more complex maze (a) where the robot needs to
negotiate a number of junctions (distractions) before
reaching the junction (the cue) which requires it to use the
trace of the light position. The learning now takes longer
(b), but the relevant indicator is still identified.

The activation for two different episodes of the memoryxélternal nodes); of the
RL-LSTM—three were used—are depicted in Figure 7.10. Tist fan events reflect an

episode where the goal was to the left; memory celustained a high activation once
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the indicator stimuli was passed. Then another episodenbgghere the goal instead is
placed to the right, and memory cell now has a different activation trace, enabling the
system to use it as an indicator for how it should behave wherctie (the junction) is
encountered. Memory cells andcs, on the other hand, have the same traces for both

episodes; they do seemingly not encode any useful infoomati

0p--- 2

- c3
.
reward | -
.

Value

0 5 10 15 20
Events

Figure 7.10: Activation of the three RL-LSTM memory cells fao
succeeding episodes, as well as the reward signal.

7.6 Learner lll; Evolution

In the previous learners, three behaviours (input-to-outpappings) were manually con-
structed and used: a corridor follower, a left-wall follaveend a right-wall follower. One

such behaviour was active for a number of time-steps, umigva event was triggered, at
which time another behaviour could be selected. Each behawas realised through a
small procedural program which produced a motor outputdbasehe current time-step’s
input. Each behaviour-program operated on only a selecsstibf sensors, deemed rel-
evant for that specific task. Instead of this all-or-nothiegime, the focus should ideally
be controlled with finer granularity, weighing some sengoss slightly more or less than

the others. Further, the input-to-output mapping shouke tgreater advantage of the



7.6 : Learner Ill: Evolution 149

available output space. The aforementioned controllelg utilised seven different mo-
tor settings in total, i.e. the controllers took advantaféess than two percent of the
output space. (Each of the two motors could be set to an integke range [-10,+10].)
To allow the controller access to a larger part of this spaogjust by adding some ran-
dom ‘noise’ to the output values, the action can be made ttjrdependent, linearly or
non-linearly, on the specific sensation at each time poihts $hould enable the system
to quickly make small, smooth, adjustments in its inteattiNeural networks seem to
be obvious candidates for implementing the controlletwiéhaviour top-down modula-
tion working through sigma-pi connections or second ordeights, an approach similar
to Ziemke (1999), thereby allowing behaviour node actoadito affect the lower-level

mapping continuously. This is investigated in the follogin

7.6.1 Related Work

The approach of viewing behaviours as continuous inpuittiput mappings (vector
fields) corresponds to the theory of Hybrid Control Loopg egy., Davoren et al. (2002)
for an introduction. The similarity lays in tr@witched plantsvhich are control systems,
consisting of a finite number of vector fields (behaviourd)e Tontrol input to a switched
plant is via discrete input events which select which vefiedd is to be active; the system
switches between the vector fields. Such systems are, havdesggned to work in some
pre-defined operating limits, i.e. an unsupervised clusgesf the input or exploration of
different vector field configurations (input-to-output npapgs) does not take place.
Here, we show that a system can form its own behaviours aseefiieict of learning
the task. Interestingly, we now find solutions which are guihexpected but perform
almost perfectly. In fact, the simple 2-choice (left/riptielayed response task outlined in
the previous chapter—the Road Sign Problem—is now solvétbwt using any internal
state, i.e. in a purely reactive manner! But when the taskadermore difficult, like a
3-choice task, the solutions switch to instead being basdaeping an internal trace of

the encountered light activation, as might be expected.
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Figure 7.11: System implementation. Sensor readings are
continuously fed through a simple feed-forward network
and quickly produce a set of motor activations. An
ARAVQ classifies inputs and triggers events on
classification shifts, updating Layer 2 which specifies a
set of modulatory values of the lower mapping, assuming
that the gating node has been activated, otherwise no
modulation is applied.

7.6.2 Architecture

An important issue in realising behaviours as neural ndtwgout-to-output mappings is
the manner in which the higher layer enforces its behaviontthe lower layer. There are
several different approaches available for soaddulationof a neural network. Layer 1 is
expected to produce simple reactive behaviours like olestamidance, which are valid
throughout the execution of all the tasks dealt with hereatTé Layer 1 should never
be entirely subsumed by the higher layers, it should only bdifred to a limited degree.
An overview of the architecture is presented in Figure 7.11.

Layer 1 produces its behaviour through a simple input-tgpouneural network-style
mapping which is determined by a set of connection weightees& weights can be

modified to achieve different behaviour. There are at ldastet choices for modifying
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the Layer 1 weights with modulation coming from higher lazethe weights can be
completelyreplacedwith a new set, the weights can briltipliedwith a set of values, or

finally, a set of values can lmdedto the weights.

7.6.3 Top-Down Modulation

A subsuming approach would (temporarily) replace the wisighth new values, thereby
completely overriding the old ones (Pollack 1991, Ziemk&9)9 That means that no
information is "inherited” into the new mapping. That isethew values not only need
to reflect the new behaviour-producing values but also allakl, existing, values in the
mapping that might be needed for the correct functioningnefdystem. This is a wasteful
approach since it requires massive redundancy in the caditige different behaviours.

The existing Layer 1 values can instead simply be multipiétl new values, increas-
ing or decreasing the values ever so much to achieve a dualyadifferent interaction
with the environment. The same holds if addition is used aodutatory realisation.
These approaches both use the existing information, aedain the Layer 1 weights.
Addition does have some advantages over the multiplicapproach. For instance, if
Layer 2 is damaged, no longer producing any output, an astddf nil/zero does not
affect Layer 1 at all. A multiplication of nil/zero, howevearancel out all the weights,
rendering the entire system irresponsive. (If the systeto e constructed bottom-up,
with layers being added at different times, an additive apph would therefore also be
more appropriate.) Further, if the weight we are about to ntetg has a value very close
to zero, multiplication will not affect the mapping considbly, whereas addition would
work regardless.

Primarily due to the advantages when dealing with near-aeights, we here inves-
tigate the additive approach. The output activation of k&ys thus added to the weights
of Layer 1, and are kept constant at these new values untildkieevent generates an up-
date to Layer 2. However, instead of modulating all the wisglif Layer 1, only the bias
weights of the output nodes are modified. The bias weightdearonsidered as speci-

fying a kind of innate threshold or firing propensity of thedes. An extension would be
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to modulate all the weights, thereby the system would be tabfecus on specific sub-
sets of the sensory array at different points in time, whiayroe of great value in some
situations. However, such an approach would also lead tastidally larger weight con-
figuration search-space. As discussed in the succeeditigrsethe modulation of only

the bias weights turns out to be sufficient for the tasks deitit here.

7.6.4 Behaviour Gating

Initial experiments indicated that the system had a hard tearning the Road Sign Prob-
lem as every Layer 2 update led to new internal activatiotepas$ and thus also new out-
put activations. These activations affect the Layer 1 fiomag and it is very difficult for
Layer 2 to only produce internal states which only lead tabt& activations on the out-
put nodes at the time of the junction and not everywhere. fbeg, a simplgating node
was added which only propagates the modulation when it isega&imilar to a decision
unit used in Ziemke (1999) and Ziemke & Thieme (in press)hia manner, thenternal
state of Layer 2 does not always affect the Layer 1 mappingtiy at the specific points
in time where the gating node is active. The system is givércéuntrol over its gating
node (its incoming weights), i.e. it can choose to set itvaddll the time, or perpetually
inactive. This leads to some interesting solutions, asudised in the following.

It is worth pointing out that the basic idea of Layer 2 is clgselated to memory
cells (Hochreiter & Schmidhuber 1997), where the use of tateginits, encapsulates
the state to circumvent the problems mentioned here witltdiméinuous activation flow
coming from Layer 2. The event extractor filters out unwantegeated sensor activa-
tions coming from Layer 1. This event extractor thus actsragput gate to Layer 2.
Further, Layer 2 has the ability to not affect Layer 1 at atiés by using the gating node,

which can be seen as an output gate.
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7.6.5 Experiments

In these experiments, the Khepera simulator YAKS (Carlssa@iemke 2001) was used
to produce behaviours from an unsupervised exploratiothi®2-choice Road Sign Prob-
lem?. All eight distance sensors, and the two light sensors pwjrstraight to the left and
right (numbers 1 and 6) were used, i.e. the system had a fatal ;mputs. In Layer 1, this
meant that ten input nodes were directly connected to twpututodes which specified
the motor activation values. Linear activation functiorexgvused on all output nodes on
each layer, and a step-function (O if net input smaller tha@n@&@herwise 1) on all internal
nodes.

The network was trained using a simple evolutionary algarmit There was therefore
no need to have differentiable activation functions, askh@opagation was not applied,
and using binary internal activation lent itself to easylgsia through the extraction of
Finite State Automata (see next section) once training batpteted. Weights in the net-
work were bounded to the interval -10.0 through +10.0, ancewieodified by a Gaussian
mutation operator with a variance of 0.5. (No crossover afpgrwas used.)

The ARAVQ was set to classify the inputs based on a dynamiofsexperts. The
ARAVQ’s four parameters were set as follows: novelty cigard = 0.7, stability cri-
terione = 0.2, buffer sizen = 5 and learning ratex = 0.05. An event was generated
only when the ARAVQ assigned an input into another expen ttinee previous input,
thereby providing a sort of temporal filtering. Then the ptgpe (model vector) for the
new winning expert was fed as input into Layer 2, thereby jatiog a spatial filtering on
the signal. Upon such an update, activation was propaghtedgh the connections to
finally specify an activation pattern on the two output nodes.ayer 2.

A simple T-maze was created and the robot was placed in therlpart of the maze,
facing the direction of the junction. A small amount of no{s€5%) was added to the

starting coordinates and starting direction. The robot thas free to move and might

4The Khepera simulator (Michel 1996) used in the previouptdra was not used here as larger worlds
and better incorporation of evolutionary search method®weemed necessary.
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Figure 7.12: Activation trace for a 2-choice epoch. (Segiaigon was
performed but not used, therefore not shown.) The task
was actually solved using Layer 1 only, i.e. in a
completely reactive manner.

eventually reach the junction, turn in either direction aodld then enter one of the in-
visible zones (Figure 7.12). It would then be stopped andiveditness points depending
on the correctness; 1 000 points if the correct zone was entered, or +100 points if s wa
the incorrect zone (as incentive to at least try to reacteeitti the zones every training
epoch). To get the robots moving at all, a small bonus (marimi.2 per time-step)
was given for high forward motor activations. The robot whsveed to wander about for
a maximum of 300 time-steps, at which time it was aborted asihaed a final fitness
score, had it not entered any of the zones by that time.

A typical training epoch, i.e. one run through a T-maze, ied of about 200 time-
steps. In this run, the ARAVQ came to create a total of fiveeddht experts, labelled
a throughe in the following figures (see Table 7.4 for an interpretatajrthe extracted
experts). During evolution, several weight configuratiarese tested in the robot popu-

lation. Each particular weight configuration would lead wifferent interaction with the
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environment, which in turn would produce different numbefexperts. For example, a
robot which just stands still each time-step would just&stta single expert for its static
input, whether ones with very erratic behaviour could esttiaa much larger number of

experts due to the resulting richer sensory experience.

7.6.6 Results

First, experiments were conducted on the 2-choice (lgfifjidelayed response task. Sur-
prisingly, solutions were frequently discovered whereghihg node was inactive during
the entire epoch, yet the robot turned correctly at the jonctAnalysis of this solution
showed that the robot controller did indeed handle the tastguonly the simple reactive
Layer 1 network. When passing the light on either side, tlaetree mapping led to the
robot moving closer to the opposite wall. Thereby it wouldaige a higher activation on
the side sensors on one side in the succeeding time-steeathsf keeping an internal
trace of the light activation, it used its interaction wittfetenvironment as a sort etaf-
folding. Performance on the task using this approach was nearlggigeirfe. a quite valid
solution, although Layer 2 did not show its use the way e>qubct

A more difficult task was then introduced, namely a 3-choaskt The inputs were
again classified by the ARAVQ and when the input started tegbacausing a different
classification, an event was generated. The input streanthwmasegmented based on the
events (Figure 7.13). As earlier, a light on either the leftight side would imply a turn
in the respective direction. Now, however, the robot couldainter two lights, one on
each side simultaneously, indicating that the robot shoaidinue straight forward at the
junction.

Solutions to the 3-choice task did make full use of Layer Zerestingly, the light
trace was now kept completely internally, i.e. the robot adlonger rely on using its
world as scaffolding. This is likely due to the following: Wh a "double light” was
passed, the robot could lose sight of one of the lights & kitloner than the other, thereby
receiving the input corresponding tasanglelight stimulus. It could therefore no longer

rely on individual inputs as providing the correct stimylhst needed to take more inputs
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Figure 7.13: Activation trace for a 3-choice epoch, shoviing
segmentation of sensory data. Each expert, here labelled
a throughe, is depicted in a different colour. The gating
node was here used appropriately and the task was solved
by internally keeping track of the passed light stimuli.

into account by storing them internally.

The use of the gating node was quite elegant. When left ahtlwigll sensors started
to drop, thus generating an event at the junction, the gade m@s activated. Once the
junction had been negotiated, side sensors were readjveaeising another event and
thereby deactivating the gating node until the next jumc{feigure 7.13).

The modulation increased the motor bias weight on the apateside (Figure 7.14),
thereby causing the robot to turn in the desired directiop.sByhtly nudging the firing
propensities in some direction, a qualitatively differbahaviour of the entire system was
thus generated.

To analyse how the internal nodes were used, Finite Staterdatia (FSA) were ex-
tracted for Layer 2. As different numbers of internal nodesentried, several FSA were
extracted, for solutions which utilised different numbefsnternal states. Only the vis-
ited states are presented in the figures. For readabilityseehe abbreviations C, LL, J,
RL and DL (Table 7.4) instead afthroughe, in the FSA.
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Figure 7.14: Hinton diagrams showing the un-modulated itsi¢g)
and the modulated weights during forward motion
through the junction (b), while turning left (c) and turning
right (d) in the junction. Modulation only took place on
the bias weights. Positive weights are illustrated with
bright colour rectangles and negative with dark ones. The
sizes are directly proportional to weight magnitudes.

Table 7.4: Extracted model vectors and an interpretation.

model vector interpretation abbreviation

a Corridor C
b Left light LL
c Junction J
d Right light RL
e Double light DL
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For example, the epoch depicted in Figure 7.13 involves &ralber based on four in-
ternal nodes. This corresponds to the FSA in Figure 7.153(®.initial internal activation
in this epoch is 0010. When the eveénflLL) is triggered, the internal activation pattern
switches to 0000. Then evemt(C) is triggered, returning the activation to 0010. When
the junction is encountered, evengJ) is triggered and the pattern changes to 0001 and
the gate is activated, actively modulating the Layer 1 maggp that the robot turns left.
Finally, when the junction has been passedy @went (C) is triggered and the activation
pattern returns to 0010, and the gate is deactivated. Tt i®mhow prepared for another
set of lights as it continues down the corridor.

In all solutions, the gating node was activated at the jancéivent, and in-activated
at all others. As the gating node was always activated atuhietipn, irrespective of the
turning direction, and as the systems were able to handl8-tfeice task, this implies
that at least three different modulation patterns were .usédt is, for these solutions to
work, there needed to be at least three different statediéointernal nodes, which gen-
erated these three different modulation patterns on theubumodes. Such a set of three
states were indeed present in all working solutions, ieetipe of the number of internal
nodes, and these states have been marked in a darker shaderna F15. Consistent
with this, we found no solution based on just a single hiddesen as then only two pos-
sible states exist. (One possible work-around for this wdwdve been to combine the
internal state with scaffolding, similar to the 2-choicéusion.)

As can be observed in the extracted FSA in Figure 7.15, theatars worked slightly
differently. All depicted controllers received an RL evdrdfore the DL event. That
is, the robots always detected the right side light sligimlyadvance of the left when
encountering a double light. However, the two and three déniddode controllers then
always lost sight of both lights simultaneously while therfinternal nodes controller
may then perceive only a left side light as it moved on. Thidug to differences in
these controllers’ Layer 1 nets, which made the robots tlighty and slow down when

encountering double lights, resulting in this LL event lgegenerated.
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Figure 7.15: Extracted self-organised FSA for differedtions
using two up to four internal nodes. The internal states,
their coupled behaviour and also the transition signals
themselves have all been autonomously constructed by
the system. States in darker shade depict states where the
system has decided that modulation could take place
given that the gate node was active (i.e. the robot being in
a junction). These states have been labelled with their
corresponding observable behavioural consequences.

The networks were not reset in between epochs, thereforécdring” of the in-
ternal activation had to be performed by the networks thérase The earliest time for
such a resetting of the internal state would be the evengbgémerated just after the
junction had been passed. At that time the light activatiand no longer would be of

value. As training was conducted on a strictly sequentiaétiéon of forward, left-turn,
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Figure 7.16: Complete run through a maze, dark circles degot
invisible "danger zones” which needed to be avoided by
turning according to the light stimuli. The system had no
difficulties in navigating the maze appropriately even
though it had never encountered it before.

then right-turn epochs, it might be expected that the smhstivould reflect this particular
configuration of turns. This was, however, not the case, adeaead out of the FSA.
To test the performance of the robot controllers outsideTdmeaze environment in
which they had been trained, a set of mazes was created. Dbhewas put in one end
of the maze, and had to find its way trough the maze using guidyhts placed before
each junction. If an incorrect turn was taken the robot cairiter a "danger zone” and
would be destroyed. Figure 7.16 depicts the trajectory @it navigating through the
maze without difficulties, avoiding dead-ends and reaclhiegfinish safely. Tests were
also conducted with a random sequence of left/right/fodaeochs, and more th&@h%

out of 10 000 such epochs were correct.
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7.6.7 Summary

We have shown how a simple layered system can self-organtisa iset of distinct states
and qualitatively different behaviours as a result of lI@agra robotic delayed response
task. All the system was fed was the noisy sensor readindggeabbot as it moved about
in the different environments, receiving a simple reinfarnent, or fitness, at interspersed
intervals. From this continuous input signal, the systermagted a set of events in a
bottom-up manner. These events served as triggers for aeatuneural network which
kept a trace of the passed stimuli (lights) and modified tmetioning of the lower level
network when response cues (junctions) were encountered.

The use of an internal gating node proved fruitful and theéesydearnt to use this in
order to keep the state of Layer 2 internal, i.e. not propagahe modulation at every
time-step down to Layer 1. Potentially, extending the sotupresented in this paper, the
system should also be able to learn how to affect the inpodtput mapping as to focus
attention to particular sub-sets of the sensory array &raint time-steps.

In this scheme, each layer effectively contains severahiehnrs, which can be more
or less active at the same time, instead of each layer camgainsingle behaviour like
in Brooks’ Subsumption Architecture (Brooks 1986). The miating controller seems
promising, since it allows both top-down information ancedi sensory inputs to be taken
into account simultaneously. Furthermore, the layeretitacture presented here gives
the system the ability to use "inheritance” on a behaviolea! through the modulation
of lower levels. Hence, the higher levels do not need to boilid details about how to
control the robot in every time-step, but rather focus oroerall task and modulating the
lower behaviour so as to aim for some abstract goal. Likewiselower level could carry
on its obstacle avoidance as time goes on, waiting for sogteshievel to intervene when
needed. As was shown here, robots are able to self-orgariesmally and behave quite
well. Whether or not this leads to well-behaved robots is m@tirely different question,

still unanswered.
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7.7 Discussion

The learning systems (an SRN and an RL-LSTM) had a consiljeeasier task when
the redundant data had been filtered out, letting the sysi@iken a sequence of discrete
events instead of the raw time-step based sensory dataséssdied, the event extraction
provided the means for handliraybitrarily long delays between the stimulus and the
subsequent cue for response.

In addition to handling the Road Sign Problem, we suggestxaenided Road Sign
Problem. This involves distractions during the delay, ¢hgrputting further demands on
the system not to lose track of what it is supposed to do. Asudised, another abstraction
level, which works orfilteredevent streams, could be added. This filtering would be task-
specific and would be based on that the system has already, leara simple version of

the task, which of the inputs are relevant.



Chapter 8

Conclusions and Discussion

HIS DISSERTATION shows how to perform data reduction which is applicable to
T both memorisation and learning problems in mobile robotWs present a novel
data reducer which is able to filter data temporally and sfigtin real-time, and we
show how this reducer can be coupled to the motor systemsshiheetting a system
which is able to learn and execute memorisation and learaisks involving extensive
long-term dependencies. Three memorisation problems dypdieal learning problem
are addressed. These have in common the need for storagelasetjgent processing
of a large amount of data. Our assumption is that data remtuetill help us in dealing
with these problems. Such a data reduction will, howeverrbeca completely straight-
forward process due to the trade-off between memorisatidriearning, and the inherent
difficulties of having to work on-line with non-stationarg@noisy time-series containing
an unknown number of relevant indicators. In the followiwg,summarise the main ideas
behind our novel data reduction technique and outline thenmain which it operates
(Section 8.1). We then return to the memorisation and legrproblems (Sections 8.2
and 8.3), and sum up the quite encouraging results of emqayie data reducer. The
data reducer operates on the inputs to the robot controdsysin order to carry out the
learning task, we have to construct a converse system fpubptoduction and link these
two functions together (Section 8.4). We address scalisigeis (Section 8.5), and point

out promising directions for future work (Section 8.6), lumting the use of data reduction
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as a means for improving robot prediction and communicafldms chapter, and thus the
thesis, ends with some final thoughts (Section 8.7) on thécatyiity of our results to

areas outside the mobile robotics domain.

8.1 Data Reduction

Data is relentlessly pumped into the system from the sensdfiectively making off-
line processing out of the question. We suggest that the realiacer should operate
on-line, and focus ochangego the signal or the signal characteristics, as discussed in
Section 3.1.6. Specifically, data reduction should be basgdchniques from the area of
change detectiorather than compression, see Section 3.1. In this way, veplesented
data remains after the reduction, like the infrequent btaroflistinct indicators used in
learning situations (Section 3.1.5).

During operation, the robot may enter new areas or partakewlearning situations,
thereby encountering shifts in the input distributions &l &s completely novel types of
inputs. We show how a data reducer which is largely unaftebie such density shifts
in the input can be constructed. This is accomplished bydavgiall forms of density
approximations or estimations, which are commonly use@mmression-based systems,
as discussed in Section 3.1.4. We propose that instead afoeating the internal re-
sources of the data reducer to handle new input types, tltmydinstead be incorporated
by additional resource-allocation within the data redusee Section 4.1. Such resource-
allocation is common in ‘constructive’ systems. We, howeirgroduce the requirement
that resource-allocation only is to occur if the novel irgate also characterisablesta-
ble, acknowledging that a single input does not make a clustati@ 4.3). This stability
requirement is to avoid the problem of getting spurious &xg (see below) which occurs
in several earlier reduction techniques (Sections 2.3 aB@)¥ The proposed technique
handles novel types of inputs by resource-allocation, ambnshifts are handled by a
standard competitive-learning type of adaptation medmnsee Section 4.3.

Not only is the distribution of input patterns non-stationia the robotics domain, but
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therelevanceof the input patterns may also change during operation. iaises it diffi-
cult to know what to keep through the reduction and what toatis; noise on the sampled
signal namely makes a loss-free reduction infeasible, sofaamation must be discarded
to reach useful reduction levels. We propose that the daizcer focuses on keeping all
‘noteworthy’ changes to the signal throughout the redurctiBxactly what constitutes a
noteworthy change is not a clearcut issue, hence our discuss this subject in Sec-
tion 3.2.2. Instead of basing the reduction on density likempression-based approach,
we propose it is based on distinctiveness. Large changepiut space certainly could be
considered as noteworthy, but making this the only critesrareduction would make us
susceptive to the ‘cat burglar problem’ described in Sec8@.3. This problem involves
a series of very small changes which together accumulatetiove, rather than occurring
in one—easily detected—Ilarge jump. Instead, we suggettiteanput space is split into
a set of regions with clearly defined borders. These regiande in the form of clusters
or trajectories and can be implemented through a wide waaktechniques which we
collectively call ‘experts’ (Section 3.1.1). We proposattkhe extraction of these experts
is made in an unsupervised (automatic) manner to accouanfanknown, and possibly
changing, number of used input regions or trajectories aigynamic number of experts.
We suggest that whenever the signal traverses an experthaor is better accounted
for by another expert, a notification or ‘event’ is to be tigggd, see Section 3.2. That
is, the data reducer outputs something (in the form of antgwemch it considers worth
storing. In this manner, the size of individual changes dodirectly correspond to event
triggering: a small change will trigger an event if the sigo@sses a border, whereas a
big change will not trigger an event if the change is accadifide by one and the same
expert. Thereby the ‘cat burglar problem’ is solved, and \&eeha clearcut definition of
noteworthy changes: changes which make the signal crosgpentéorder.

We suggest that the data reducer could quite appropriateihdught of as an ‘un-
supervised event extractor’. Triggers (in the form of expeare extracted bottom-up
from the signal, and these triggers are used to signal clsaageording to the extraction

framework proposed in Section 3.3. A spatial and temportdriilg thus takes place,
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by first assigning inputs to one of the experts, and then psiltey repetitions of same
expert assignments into one, as shown in Section 5.1. It ihwwinting out that we
view events not as something taking place in the environpentrather in the sensory
systems (Section 3.2.2). Different agents observing tineeshappening may thus re-
ceive different streams of events. For us as external obsethere may in fact be no
meaningful interpretation of some events, as they are fdnman unsupervised process.
The extracted events are in a segsaundedin the input space as they are a result of an
unsupervised structuring of the signals (Section 3.2.8 data reduction transforms ex-
tensive synchronous streams of high-dimensional inptibssiparse asynchronous streams
of essentially symbolic events which depict ‘noteworthlgaages in input space. These
streams of events can be used instead of the raw data, fagstgorocessing, as well as

credit assignment.

8.2 Memorisation

Our data reducer is constructed specifically with learnir@pfems in mind, where rel-
evant indicators may be underrepresented compared to wipets. The reduction is
therefore based on change detection criteria rather tharoorpression criteria. This,
however, has a negative side effect, namely in terms of dwagmal quality. As shown
in Section 3.1.4, taking the infrequent signals into ac¢@a®es not pay off in an overall
(compression-style) error minimisation. Our reducer \whkreby generally have higher
mean-squared-errors than a regular compressor, as deganilsection 3.1.3. We argue,
however, that mean-squared-errors may not tell the wholy gt terms of memorisation
performance. Even the ‘standard’ memorisation probleiks,Route Learning, can ben-
efit greatly from our approach. As we have shown, compredsased systems become
experts at recognising each-and-every type of frequenttjrige wall inputs in our wall-
follower experiments, but they simply ignore the infrequenes, like the odd doorway
or corner (Section 4.5.2). These infrequent inputs are gvew crucial for correctly char-

acterising the route, and are captured very nicely by oungbaletecting data reducer. A
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global map of the environment can in fact be reconstructechfwhat remains after our
reduction (Section 5.2); something not possible if corngo®rways, etc., are missed.

Not only does our data reducer provide a ‘crisper’ reducedealescription, it does
so in a fraction of the time—even a single pass may suffice—pawed to the existing
approaches which are based on repeated exposure to camydemsity estimation, see
Section 4.5.2.

This thesis also shows how Novelty Detection can benefit fiaata reduction (Sec-
tion 5.3). The extracteteduced sensory flodoes not require much storage space com-
pared to the original data, as we get an essentially symlepiesentation, whose size is
virtually independent of the dimensionality of the actuahsory (Section 6.6) and mo-
tor (Section 7.2) systems. An extensive record of what has lmcountered can thus,
through the reduction, be kept in memory as a reference i(®ebt3.3). This means
that we can detect omissions and juxtapositions of senapmits, something not possible
unless this information is stored (Section 5.3.2).

The extracted events are quite low-level constructs, tfoseupled to the sensory
systems. A conseguence is that the extractor will be seaditi noise, and may not
generate exactly the same event sequence each time it ectetbjo a particular training
scenario, depending on the signal-to-noise ratio and, @asrsiSection 5.4.5, the number
of experts. This is a problem in all the memorisation protdenvhere reliable stored
references are needed. In the Lost Robot Problem (Sect#gntbe system for example
needs to compare its current input (when lost) with storadgs of earlier encounters. To
tackle the noisy event extraction, we show how local alignteean be used to compare
event sequences, see Section 5.4.4. Local alignment tpasare simple and fast means
for finding good matches between strings of symbols, and &deseffect we also get a
sort of ‘confidence’ measure in terms of the resulting matglsicores, even if there are no
perfect matches. Not only is our system able to correctlyguidkly identify (and rank)
all matching regions, but it is also able to detect when itlteen placed in a completely
novel environment. This is possible even if there are no weligidentifying inputs or

landmarks therein, as shown in Section 5.4.5.
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8.3 Learning

The tradeoff between memorisation and learning does thusewessarily imply that
memorisation would suffer if the demands of learning are #d&en into account when
designing the data reducer. In fact, we argue that the refddescriptions are likely to
improve in quality, even though we will get a lower overalhigsple-by-sample) corre-
spondence. The learning problem we address is the delagpdiee task known as the
Road Sign Problem. There, the initially unknown indicatairoad sign passed several
(hundreds, thousands or even millions) of inputs beforenatjan is encountered, see
Section 6.2. Credit assignment must thus stretch all thatsepbints.

We suggest keeping the temporal credit assignment tecbsigsl they are, but help
them reach further into the past by reducing the amount ad tfay encounter (Sec-
tion 7.5). There, however, is a chicken-and-egg sort ofsitin between data reduction
and this credit assignment; each of them in a sense reqiiatghte other has already
been performed, see Chapter 1. We propose the followindisnolto this dilemma: the
data reducer should perform its work completely irrespectf the particular task, try-
ing to maintain a wide variety of different data points. Tigta sort of ‘general’ event
stream is to be extracted. Credit assignment is then pe€idrom these events, in order
to identify the (currently) relevant ones. It is importantremember that events which at
the moment seem irrelevant, may at some later stage becantarget for learning and
should thus be available for credit assignment. We do naagilie to an approach where
only ‘known-to-be-relevant’ events are extracted from stream. This, however, means
that our system will extract and process events which mayobeptetely irrelevant for
the task, see Section 6.3. In sum, we suggest keeping alpdatts that are ‘different’
(event-triggering) through the reduction—a sort of firsedang—and then at a later stage
sort out which are the relevant ones amongst those that ner{a¢e also the discussion
on the somewhat oxymoronic concept of ‘irrelevant evemts3éction 3.2.2.) It is worth
pointing out that we do not assume there is a single, peyfettbervable indicator, but

we do require that indicators are distinct enough to causateviggering, i.e. that they
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remain after the reduction. If the relevant indicators dé tmigger events, successful
credit assignment cannot take place. To remedy this prgblesrhave identified three

main alternatives. First, we can improve the sensory arrayhe robot to improve the

effect of the existing indicator. Second, we can change taemar in which we present
the stimuli to the robot, thereby activating existing seago a larger degree. Third, we
can modify the parameter settings of the extractor to be rm@nsitive. We argue that the
latter is probably most suitable in real learning situasidet the robot do the task again,
and make it ‘pay greater attention’ to what is happening, trigger more events by re-

laxing the demands of novelty and stability on expert inooagion, see Section 5.4.2 for
such effects. Setting the extractor to trigger a large nurbevents will make the task

more difficult in terms of credit assignment, but will genraot cause any catastrophic
effects. In the extreme, an event is triggered each and ewveeystep, and we have then
returned to the level we started from in the first place.

We addressed the question of how and when feedback for fegisito be given. We
constructed three different learners, with different lexaf feedback. The first (Learner I)
is based on immediate feedback each time an event is triggstaing whether or not
the event is associated with the correct behaviour intBrig&ection 7.3). This is an ex-
tremely simple to use but somewhat unrealistic setup, asawe to manually specify the
correct behaviour for each extracted event. It requiressi$eedback-givers, to do an in-
terpretation of what each event ‘means’; events are exddact an unsupervised manner
from the sensory signals, and may thus not directly cornedfo any meaningful inter-
pretation for us as external observers. Learner Il insteadksvon delayed reinforcement,
based only on the observable behaviour of the robot, i.eatdot base feedback on the
processing and couplings taking place inside the robott{@eZ.5). We argue that this
is the manner in which most real-world learning scenariasiacThe robot only receives
feedback upon the successful completion (reward) or digailate (punishment). In our
Road Sign Problem experiments, the system is only giverbfsgdsome time after the
junction is passed, based on whether or not it has turneceiodhrect direction, as indi-

cated by the preceeding road sign. This works admirably @egsebetween events get
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warped into a single unit. The delays between the stimudi,cilre for response, as well
as the delay until the feedback is eventually given, carethebe arbitrarily long. This
means that learning no longer has to take place within a wenyeld time window, but
can successfully take place over several seconds, minug&o hours worth of data. A
third learner, Learner lll, is also presented in Section T&his learner, behaviours (see
below) are extracted automatically in a massive trial-ang+ process, rather than manu-
ally constructed as in Learners | and II. To carry out the gietiresponse task, we namely
have to endow the robot controller with a mechanism for aiffigcits motor settings, i.e.

for enabling control.

8.4 Control

Inputs flow into the robotic control system in a time-stepggdchronous manner. To
interact with its environment in real-time, the robot had&equipped with facilities for
similar time-stepped synchronous output production. hiegr which outputs to produce
at each pointin time is a very difficult task due to the masaivunt of data, especially
if there are long-term dependencies. We argue, howevératia@bot controller equipped
with a data reducer has an advantage when it tries to leamrstlationships; it has access
to a reduced asynchronous stream of essentially symbaittewwhich can depict inputs
occurring several thousands or millions of time-steps ba#k show in this thesis how,
besides producing a stream of essentially symbolic eventenverse stream of essen-
tially symbolic behaviourscan be constructed. We also show how these asynchronous
event and behaviour streams can be coupled together andangkd correct production
of massively context-dependent actions (Section 6.4).

Different alternatives for generating actions, i.e. matommands, are reviewed in
Sections 6.4 and 6.5, and we identify the area of hybrid cbsirstems as being closely
related to our situation. Based on ideas from this area, we $fow a layered system or
‘switched plant’ can be constructed which incorporates supervised event extractor.

Our system consists of two layers: a low-level time-stepetddayer and a higher-layer
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event based one. According to the switched plant approaglsuggest that events on the
higher layer lead to the change (switching) of the contirsdow-level controller, see Sec-
tion 7.2. In this scheme, behaviour switching only occuregwbvents are triggered, and
in between events a single behaviour is thereby in contrdde®aviour could correspond
to a single output pattern which is sustained until the neghg but this would be a very
rigid control scheme. We instead propose that behavioersealised through emodula-
tion of the lower-layer input-to-output mapping. That is, irsstef specifying the outputs
directly, the higher-layer behaviour specifies the mannewhich inputs arenappedto
outputs. We suggest that this modulation take place at tthgidual sensory channel
level. Thereby, the robot can focus ‘attention’ on partcidub-sets of the sensory ar-
ray at different times; when conducting right side wall éoliing, it could for example
pay less attention to the left side sensors, as shown indect2. By just switching the
input-to-output mapping, rather than subsuming the ouppatiuction, the system can
take quick action to avoid obstacles when they begin to fffecinputs, before the inputs
change enough to actually cause event triggering. Thahéssystem does not need to
await an event to react to external stimuli. Processingmassense beatelegatedo the
lower layer, and the higher layer can process other infaonat~or more discussion on
this, see Sections 6.5 and 6.7. We acknowledge that the ddewvith this approach of
modulating behaviours is that there is no longer a one-meamrespondence between the
robot’s observable actions (outputs) and the internaliehes. Several different internal
behaviours can produce the same actions, and a singleahterhaviour can lead to the
production of a wide range of outputs depending on the inpis argue, however, that
as feedback does not need to be given based on the intere@ted behaviours, but
only on externally observable actions (the difference leetwlLearners | and Il), thisis in

practice not a problem.
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8.5 Scaling Issues

We here take a closer look at what would happen if we had dedltilarger sensory
arrays, or more complex (not piece-wise stationary) sign#e would for instance not
suggest that data from a camera or microphone be directlydfedir current event ex-
tractor; see the discussion below. The current system rmngéasingle monolithic event
extractor which is directly connected &dl the sensors; this is not appropriate for all situ-
ations. There are, however, at least three ways in whichrgceisues could be tackled.

First, we could split the sensory array into sections. In@urent system the entire
sensory array is connected to a single event extractor,tendrtay elements are all nor-
malised (linearly scaled) to the same range. This impjiadsumes that each sensory
element is equally important or relevant. The distance tione used for determining
novelty (as well as stability) involve all the array elengrithe number of array elements
that change will thus affect the calculated distance. Téaif in elements each change
some valueAp, this will (obviously) lead to a higher distance value thastja single
element changing\p. This means that only extremely salient changes will beatete
(corresponding taAp), or changes which affect a large portion of the sensoryaanad
others will be ignored. If we have a large sensory array, isbing) of several different
types of transducers, we would suggest that several diffengeent extractors also be used.
That is, the sensory array could be split into subsets, odalibes’. For instance, one
event extractor could be operating on auditory data, amaihevisual data, and yet an-
other on the tactile sensory array, and so on. The size (nuafleéements in the sensory
array) of the respective modality would then not mattertaigvent extractor could have
its own parameter setting. We would then receive differgpeés of events, and learning
could take place between these events as well as betweets evehbehaviours.

Second, we could add a pre-processing step. If the signabie oomplex than hav-
ing piece-wise stationary means, specific features coukekbacted or enhanced which
are already known to be of importance. Ideally, the pre-essing should, however, be

done without a particular task in mind, to maintain the bexgossible applicability of
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the system. This corresponds to the idea of solving diffidiype-2 problems’ (Clark
& Thornton 1997) by simply transforming the available inptd another, more useful,
representational form. A pre-processing step would be eeed extract events from a
camera image; we would not expect the current event extraesign to work directly
on the camera images. As a first step, we would suggest thaghasns or optical flow
be calculated and the result of this is then fed into the eegtractor. In this manner,
continuous movement of objects in the camera image wouldriggfer repeated events
(due to activation of different pixel elements) but rathex fppearance or disappearance
of objects, or changes in direction of objects. This of ceursgs the question of exactly
what an ‘object’ is; the relationship between the unsuediextraction of ‘objects’ from
sensory array data, and the extraction of events is one vaeithinly warrants further in-
vestigation.

Third, and final, we could incorporate more ideas from thengeedetection area into
our event extractor. Only a very crude implementation of safithe basic ideas was
incorporated in our current system. Change detection dogsgever, involve literally
hundreds of different techniques, many of which are spedificdesigned to handle huge
sensory arrays as well as a wide spectrum of different sggialr an overview of the area,
we recommend Basseville & Nikiforov (1993). Incorporatimpre advanced concepts
from this area into an event extractor should be a rewardxegotse, and it should help

us deal with many of the scaling issues.

8.6 Future Work

8.6.1 Prediction

A crucial component of any autonomous robotic system adtiriige real world would be
the ability to predict consequences of different actionsatTis, before actually perform-
ing an action, the system can internally simulate what woaldpen if itwasto perform
the action. In this manner, potentially damaging or nonamgling actions can be avoided

before they even take place, and another course of actiobhecéollowed instead (Gross,
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Stephan & Seiler 1998). While several prediction-basetksys are already in existence,
most of them work on the time-step level. Thereby they cadiptevhat would happen
during the a set of upcoming time-steps. Depending on samnsdate frequency, this
would however typically just constitute a very short-tintegtiction involving a few sec-
onds into the future. While this is sufficient for some simpieironments, longer-term
predictions could be of utmostimportance for the systengB-veing in the long run. The
prediction mechanism could instead work on the event stragarahown by Nolfi & Tani
(1999). This would—in theory—allow the robot to predict @rdrily far into the future
(Figure 8.1) as the actual time periods between events areved while moving to the
asynchronous event level. The system proposed in thissthasiaffect its own upcoming
events, for instance by selecting a specific turning diogctit a junction. This means
that some sort of resolution mechanism has to be implemenitéch tests aspecificbe-
havioural sequence, as all possibilities could most likedybe predicted in parallel. The
time-period into the future actually covered by such a madm would now instead be
limited by the rate of event triggering. That is, the systeayrhe able to predict a certain
number of events into the future, independent of the numbéme-steps that usually
take place in-between succeeding events.

In this context, we could see the usefulness of episodesevdrepisodes a series
of events. We suggest splitting the event stream into epsdadsed on reinforcement
signals; an episode ending when a positive or negativeameament is received. The idea
behind this is that the reinforcement is caused by the exarusgrring before it (leading
up to it), i.e. some form of causality is assumed. After thefecement is received
(and propagated back using the temporal credit assignprengw episode begins. As
the data reducer gives us reduced representations, sesaldes could be stored in
memory at once, and we could match against these, e.g., tiengarallel alignment
techniques presented in Section 5.4.4. This means thatgloperation, the robot can
check against previous episodes, and if a match is foun@nitcheck the ‘outcome’ of
that previous episode. If it ended in a positive reinforcetnéhe robot could carry out the

same behaviour as the last time. If, however, it detectstiiatype of episode previously
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Figure 8.1: The robot can predict a future reward or punighirtfeat
occurs a couple of events into the future. The actual time it
would take to complete this travel route may involve
mapping hundreds or thousands of inputs to outputs on the
time-step level, but just a few interspersed ‘symbols’ on
the event level.

resulted in a negative reinforcement, the robot can imtettions to avoid it; another

course of action may be taken or a new behaviour may even tstracted.

8.6.2 Communication

A growing field in mobile robotics is that of multiple robotsteracting in the same envi-
ronment. A means for communication about inputs, outputsla@ir consequences allow
the robots to share their experiences, coordinate theabetrr and develop a social sys-
tem of interactions (Billard & Dautenhahn 1999).

The unsupervised event extraction mechanism presentddsithesis produces a set

of events, which we can assign to symbols, liké, andc. This would in effect produce
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The road ends in a
junction. Turn right.
There will be a

Figure 8.2: (a) A person transferring an event and behawequence
in a compact ‘symbolic’ manner to another person which
can recreate the expected sensory-motor streams. (b) A
robot transferring an event and behaviour sequence in a
compact ‘symbolic’ manner to another robot which can
recreate the expected sensory-motor streams.

a set of groundedevent symbols’, in that each of these ‘symbols’ has a coargimg
typical sensory pattern associated with it. Further, alaiminsupervised classifier could
be applied to the modulation patterns, and a set of ‘grouth@ba@viour symbols’R, S,

T etc., would be obtained. Associations between the inpe@riesymbols’ and the output
‘behaviour symbols’ can then be learnt using a standard s¥imkearning technique.
Perhaps these ‘symbols’ could be used for communicationmake such interaction
feasible, at least at initial stages, a number of requiresnaaed to be met. Some of
these include equivalent—but by no means necessarily icdgrtsensory capabilities
for detection of events, similar past exposure to diffetuiations in the environments,
and analogous means for interacting with the environmenthemotor side.

Consider the example in Figure 8.2, where a travel route msreanicated between
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systems. Some of the input events in system (a) do not seeequire a corresponding
behaviour specification. That is, some input events can bguately handled with just
a ‘default’ mapping, i.e. can be communicated without refiee to a corresponding be-
haviour. This is closely coupled to the way top-down modatais applied in our system.
Modulation should only be required when an event should teatifferent behaviour in
different contexts. For example, just following a straigb&d or corridor can be per-
formed using a single behaviour each time. However, whesystem receives an event
that it sometimes applies modulation in response to, it aée&nowwhichof the modu-
lation output patterns it should use; ‘no modulation’ is oficse also one of the possible
commands. Such events should have their chosen behavimmuoicated explicitly.
An example of this is a system which encounters a junction enoasroads and has to
decide in which direction to turn. The concept of modulatious is closely related to the
concept ofdecision making Decision points can be identified as those instances (input
events) where the system may apply modulation, dependirgtext. At each decision
point, the appropriate behaviour must be specified explititthe communication: ‘turn
right’, or ‘turn left’.

The default mappings may cause confusion. If the commungalystems have not
acquired the same default mappings through their resgeictigraction with the environ-
ment, the communicated message may be misinterpretedr ifigdtance, the transmitting
systemalwayshas gone straight through crossroads, it may not commugiicétrmation
about what to do at the crossroads as it does not view it asisialepoint. The receiving
system, on the other hand, may have learnt that it could applyulation in order to turn
in different directions. It may even have acquired a turnome direction as a default
mapping and will thus perhaps choose to go in this direcfioo iexplicit behaviour had
been specified in the received message, thus ending up ilc@ament location (having no
explicit information, it would probably be best to act aatdiog to the established default
mapping).

There are also interesting variations of what is transmhitdery exact routes can be
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communicated if information about event duration—see ikeussion on run-length en-
coding in Chapter 5—is included, analogous to the mannerhichvtreasure maps can
contain very detailed information about how to move in ortiteend up in the correct
location. On the other end of the spectrum, filtered evepastis could also be transmit-
ted, containing only information about decision points #ralr corresponding behaviour,
‘when you see a yellow house on the left side, you should tigitt’r Both of these vari-

ations can be expressed by the types of event-based systesesifed here.

8.7 Final Thoughts

There is nothing exclusively robotic in the time series psging we have conducted here.
The data reduction technique can be applicable to other ohenaa well, where tracking
changes in a continuous-valued signal is of interest. RBcem implementation of our
data reducer appeared in the context of on-line broadgas8timation, where user re-
guests to a wireless broadcasting source have to be prédsse Vlajic, Makrakis &
Charalambos (2001). Users can request information (dontshat any time, but may
have to wait for it if something else is currently being broast. The request probabili-
ties of different documents change over time. A technigu@foline tracking of request
probabilities is therefore desired. Previous approachedased on fixed-size estimation
windows, where the size of the window is a crucial compon&ntapproach which com-
bines the advantages of both small- and large-scale estimatindows is desired, i.e.
maintaining vigilance through a small-scale window, at $shene time providing accu-
racy during intervals of constant or slow varying documemjuest probabilities through
a larger-scale window. According to Vlajic et al. (2001),r@ata reducer has the key
properties of such an ideal estimator. This led them to ugiimga set of broadcasting
simulations, with interspersed changes in the requestgtibties. Specifically, our sys-
tem was compared with two other recently proposed estirmasosimple request proba-
bility estimator’ and a ‘true request probability estimatdn all cases, our data reducer

was considerably better than the other methods, both irstefrthe average service time
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and the number of mobile users which could be served thrdugbtoadcasting. Besides
clearly outperforming the existing approaches, they pamut that—as a bonus—a good
generalised representation is obtained of what could beccalistinguishable states’ in
the request behaviour through the set of experts. In othedsydhe data reducer could
possibly be used as a general time series data mining todh Maning is an exciting
area of research and application which, however, is outsidescope of this thesis. Im-
plications of our findings for the data mining area, as webteer areas, is left for future

research to explore.



Bibliography

Albus, J. (1993). A reference model architecture for imgelht systems designn
P. Antsaklis & K. Passino (ed$)n Introduction to Intelligent and Autonomous Con-

trol, Kluwer Academic Publishers, Boston, MA, chapter 2, pp.55/—

Bakker, B. (2002). Reinforcement learning with long shtertm memory,Advances in

Neural Information Processing Systems (NIPS) 14

Bakker, B., Linaker, F. & Schmidhuber, J. (2002). Reinfarent learning in partially
observable mobile robot domains using unsupervised ewéraotion,Proceedings
of the 2002 IEEE/RSJ International Conference on Intefitgeobots and Systems
(IROS 2002), Lausanne, Switzerlanl. 1, pp. 938—943.

Banks, J., Carson, J. & Nelson, B. (199®)iscrete-Event System Simulatj@nd edn,

Prentice-Hall, Inc.

Basseville, M. & Nikiforov, I. (1993).Detection of Abrupt Changes: Theory and Appli-

cation, Prentice-Hall.
Beer, S. (1981)Brain of the Firm second edn, John Wiley & Sons Ltd.

Bengio, Y., Simard, P. & Frasconi, P. (1994). Learning Ildegn dependencies with
gradient descent is difficullEEE Transactions on Neural Network§): 157-166.

Bergfeldt, N. & Linaker, F. (2002). Self-organized modisa of a neural robot controller,
Proceedings of the International Joint Conference on NeNetworks pp. 495—

500.

180



BIBLIOGRAPHY 181

Billard, A. & Dautenhahn, K. (1999). Experiments in sociabotics: grounding and use

of communication in autonomous agerslaptive Behavior(3/4).

Blackmore, J. & Miikkulainen, R. (1993). Incremental gricogsing: Encoding high-
dimensional structure into a two-dimensional feature nfRapceedings of the Inter-
national Conference on Neural Networks (ICNN’'98)l. |, IEEE Service Center,
Piscataway, NJ, pp. 450—-455.

Bougrain, L. & Alexandre, F. (1999). Unsupervised conr@ust algorithms for cluster-

ing an environmental data set: A comparisbieurocomputin@8: 177—-189.

Brooks, R. (1986). A robust layered control system for a reotmbot,IEEE Journal of
Robotics and Automatia®(1): 14-23.

Buhmann, J. & Hofmann, T. (1997). Robust vector quantirabip competitive learn-
ing, Proceedings of the International Conference on AcousSpgech and Signal

Processing

Carlsson, J. & Ziemke, T. (2001). YAKS - yet another khepeanautator, Autonomous
Minirobots for Research and Entertainment - Proceedingthef5Sth International

Heinz Nixdorf Symposium, Paderborn, GermaniI-Verlagsschriftenreihe.

Carpenter, G. & Grossberg, S. (1987a). ART 2. Self-orgamnaof stable category
recognition codes for analog input patterAgplied Optic26: 4919-4930.

Carpenter, G. & Grossberg, S. (1987b). Invariant pattecogaition and recall by an
attentive self-organizing ART architecture in a non-staéiry world, Proceedings
of the IEEE First International Conference on Neural NetksNol. II, pp. 737—
745.

Carpenter, G., Grossberg, S. & Rosen, D. (1991). ART2-a: daptve resonance algo-
rithm for rapid category learning and recognitidsieural Networkg}l: 493-504.

Cassandras, C. (1993Piscrete Event Systems - Modeling and Performance Analysis

Aksen Associates Incorporated Publishers.



BIBLIOGRAPHY 182

Chan, C. & Vetterli, M. (1995). Lossy compression of indival signals based on string
matching and one pass codebook desiRypceedings ICASSPp. 2491-2494.

Clark, A. & Thornton, C. (1997). Trading spaces: Computati@presentation, and the

limits of uninformed learningBehavioral and Brain Scienc&§(1): 57-92.

Clarkson, B. & Pentland, A. (1999). Unsupervised clustgah ambulatory audio and
video,Proceedings of the International Conference of Acous8pgech and Signal

Processing\Vol. 6, Phoenix, Arizona, pp. 3037-3040.

Davoren, J., Moor, T. & Nerode, A. (2002). Hybrid control gy A/D maps, and dy-
namic specificationsHybrid Systems: Computation and Control (HSCC 2002)
LNCS 2289, Springer-Verlag, pp. 149-163.

Duckett, T. & Nehmzow, U. (1996). A robust, perception-tshkxalization method for a
mobile robot,Technical Report UMCS-96-11-Department of Computer Science,

University of Manchester.

Durbin, R., Eddy, S., Krogh, A. & Mitchison, G. (1998Riological sequence analysis

Cambridge University Press.

Edelman, S. (1998). Representation is representationnafasities, Behavioral and
Brain Science21: 449-498.

Egerstedt, M. & Hu, X. (2002). A hybrid control approach tdiao coordination for
mobile robots Automatica3g(1): 125-130.

Elman, J. (1990). Finding structure in tinf@pgnitive Sciencé4: 179-211.

Elman, J. (1993). Learning and development in neural ndtsvdhe importance of start-

ing small,Cognition48: 71-99.

Fishman, G. (2001)Discrete-Event Simulation - Modeling, Programming, ancMksis

Springer-Verlag.



BIBLIOGRAPHY 183

Fowler, J. (1997). A survey of adaptive vector quantizati®art I: A unifying structure,
Technical report The Ohio State University, IPS Laboratory Technical Repét-
97-01.

Fowler, J. & Ahalt, S. (1997). Adaptive vector quantizatissing generalized threshold
replenishmentin J. Storer & M. Cohn (edsRroceedings of the IEEE Data Com-
pression ConferengcéEEE Computer Society Press, pp. 317-326.

French, R. (1994). Catastrophic interference in connadimetworks: Can it be pre-
dicted, can it be prevented®,J. Cowan, G. Tesauro & J. Alspector (ed&jlvances
in Neural Information Processing Systenwel. 6, Morgan Kaufmann Publishers,

Inc., pp. 1176-1177.

Fritzke, B. (1993). Vector quantization with a growing angliting elastic network,
ICANN'93: International Conference on Artificial Neural Meorks Springer,
pp. 580-585.

Fritzke, B. (1994a). Fast learning with incremental rabiais function network$yeural

Processing Letter§(1): 2-5.

Fritzke, B. (1994b). Growing cell structures - a self-orgamy network for unsupervised
and supervised learninfjleural Networkg(9): 1441-1460.

Fritzke, B. (1995). A growing neural gas network learns fogees,in G. Tesauro, D. S.
Touretzky & T. K. Leen (eds)Advances in Neural Information Processing Systems
7, MIT Press, Cambridge MA, pp. 625-632.

Gaussier, P., Revel, A. & Zrehen, S. (1997). Living in a @istructured environment:
How to bypass the limitation of classical reinforcementhteques,Robotics and

Autonomous Systerfif: 225-250.

Goerke, N. & Eckmiller, R. (1996). A neural network that geates attractive vector
fields for robot controlProceedings of the Fourth European Congress on Intelligent
Techniques and Soft Computing (EUFIT’'96), Aachéal. 1, pp. 294-297.



BIBLIOGRAPHY 184

Gray, R. & Neuhoff, D. (1998). QuantizatiolEE Transactions on Information Theory
44(6).

Gray, R. & Olshen, R. (1997). Vector quantization and dgnsstimation,Proceedings

Sequences97, Positano, Italy

Gross, H.-M., Stephan, V. & Seiler, T. (1998). Neural aretitire for sensorimotor an-
ticipation, Proceedings of the 14th European Meeting on CyberneticsSystems
Research\Vol. 2, pp. 593-598.

Hartigan, J. (1975)Clustering AlgorithmsNew York: John Wiley & Sons, Inc.

Heins, L. & Tauritz, D. (1995). Adaptive Resonance TheonR{A: An introduction,

Technical reportLeiden University.

Himberg, J., Korpiaho, K., Mannila, H., Tikanmaki, J. & Vonen, H. (2001). Time
series segmentation for context recognition in mobile cesjThe 2001 IEEE In-
ternational Conference on Data Mining (ICDM’O1)EEE, San Jose, California,
pp. 203-210.

Hochreiter, S. & Schmidhuber, J. (1997). Long short-ternmmaey, Neural Computation
9(8): 1735-1780.

Hohm, K., Liu, Y. & Boetselaars, H. (1998). Learning of temgcsequences for motor
control of a robot system in complex manipulation tagitf, International Confer-

ence on Intelligent Autonomous Systems (IAS-5), Sappanpp. 280-287.

Hudak, M. (1992). RCE classifiers: Theory and practicgbernetics and Systems: An
International Journal3: 483-515.

Hwang, W.-J., Ye, B.-Y. & Liao, S.-C. (1999). A novel entrepgnstrained competitive

learning algorithm for vector quantizatioNgurocomputin@5: 133-147.

Jacobs, R. A., Jordan, M. I., Nowlan, S. & Hinton, G. E. (199Adaptive mixture of

local expertsNeural Computatior: 1-12.



BIBLIOGRAPHY 185

Jacobsson, H. & Olsson, B. (2000). An evolutionary algonitor inversion of ANNSs,
Proceedings of The Fifth Joint Conference on Informatioeismes pp. 1070-1073.

Jain, A., Murty, M. & Flynn, P. (1999). Data clustering: A iew, ACM Computing
Surveys31(3): 264—-323.

Kohonen, T. (1995)Self-Organizing MapsSpringer.

Kurimo, M. & Somervuo, P. (1996). Using the self-organizimgp to speed up the
probability density estimation for speech recognitionhatixture density HMMs,
Proceedings of the 4th International Conference on Spolkargliage Processing
Vol. 1, pp. 358-361.

Kurz, A. (1996). Constructing maps for mobile robot navigatased on ultrasonic range

data,|IEEE Transactions on Systems, Man, and Cybernetics—PatlyBernetics

26(2).

Liberzon, D. & Morse, A. (1999). Basic problems in stabilapnd design of switched
systems|EEE Control Systems Magazité: 59-70.

Liehr, S. & Pawelzik, K. (1999). Hidden markov mixtures ofexts with an application
to EEG recordings from sleeppheory in Biosciences183-4): 246-260.

Linaker, F. (2001). From time-steps to events and bRoticeedings of The 4th European
Workshop on Advanced Mobile Robots (EUROBOT, ffh) 147-154.

Linaker, F. & Jacobsson, H. (2001a). Learning delayedamse tasks through unsu-
pervised event extractiommternational Journal of Computational Intelligence and
Applicationsl(4): 413-426.

Linaker, F. & Jacobsson, H. (2001b). Mobile robot learnafgielayed response tasks
through event extraction: A solution to the road sign prablend beyondpPro-
ceedings of the Seventeenth International Joint ConferendArtificial Intelligence
(IJCAI'01), pp. 777-782.



BIBLIOGRAPHY 186

Linaker, F. & Laurio, K. (2001). Environment identificatity alignment of abstract sen-
sory flow representationgdvances in Neural Networks and Applicatip¢SES
Press, pp. 229-234.

Linaker, F. & Niklasson, L. (2000a). Extraction and inviersof abstract sensory flow
representation$lroceedings of the Sixth International Conference on Sitian of

Adaptive BehavigMIT Press, pp. 199-208.

Linaker, F. & Niklasson, L. (2000b). Sensory-flow segméintausing a resource allo-
cating vector quantizeAdvances in Pattern Recognition: Joint IAPR International
Workshops SSPR2000 and SPR2@&)inger, pp. 853—862.

Linaker, F. & Niklasson, L. (2000c). Time series segmentatising an adaptive resource
allocating vector quantization network based on changeatien, Proceedings of
the International Joint Conference on Neural Networsl. VI, IEEE Computer
Society, pp. 323-328.

Machler, P. (1998).Robot Positioning by Supervised and Unsupervised Odonstry

rection, PhD thesisEcole Polytechnique Fédérale de Lausanne.

Marsland, S., Nehmzow, U. & Shapiro, J. (2000). A real-tinoweity detector for a
mobile robot,Proc. of the EUREL Conf. on Advanced Robotics Systems

Matsumoto, Y., Ikeda, K., Inaba, M. & Inoue, H. (1999). Expltton and map acquisition
for view-based navigation in corridor environmeRtpceedings of the International

Conference on Field and Service Robots (FSR’'gp) 341-346.

McClelland, J., McNaughton, B. & O'Reilly, R. (1994). Whysdie are complementary
learning systems in the hippocampus and neocortex: Irssigbin the successes
and failures of connectionist models of learning and memdegchnical Report
PDP.CNS.94.1Carnegie Mellon University.

Michel, O. (1996). Khepera simulator package v2.0: Freewaobile robot simulator

http://diwww.epfl.ch/w3lami/team/michel/kh ep-sini.



BIBLIOGRAPHY 187

Moor, T., Raisch, J. & Davoren, J. (2001). Computationalaadages of a two-level
hybrid control architectureRroceedings of the 40th IEEE Conference on Decision
and Contro] Orlando, USA, pp. 358-363.

Moore, B. (1988). ART 1 and pattern clusterirRypceedings of the 1988 Connectionist
Summer School, San Mateo, QMorgan-Kaufmann, pp. 174-185.

Mozer, M. & Miller, D. (1998). Parsing the stream of time: Thalue of event-based
segmentation in a complex, real-world control problemC. Giles & M. Gori (eds),

Adaptive processing of temporal informatj@pringer Verlag, pp. 370-388.
Nehmzow, U. (2000)Mobile Robotics: A Practical IntroductiqrSpringer.

Nehmzow, U. & Smithers, T. (1991). Mapbuilding using salfi@nising networks in
really useful robotsProc. of the First Int. Conf. on Simulation of Adaptive Belbay
MIT Press, pp. 152-159.

Nolfi, S. & Tani, J. (1999). Extracting regularities in spael time through a cascade of
prediction networksConnection Scienckl(2): 125-148.

Owen, C. & Nehmzow, U. (1996). Route learning in mobile rabttrough self-
organisationEuromicro workshop on advanced mobile rohdEEEE Computer So-
ciety, ISBN 0-8186-7695-7.

Owen, C. & Nehmzow, U. (1998a). Landmark-based navigatio@afmobile robotPro-
ceedings of the Fifth International Conference on Simalabf Adaptive Behavior
MIT Press, pp. 240-245.

Owen, C. & Nehmzow, U. (1998b). Map interpretation in dynamnvironmentsPro-
ceedings of the 8th International Workshop on Advanced dvioGontro| IEEE

Press.

Page, M. (2000). Connectionist modelling in psychology:o&dlist manifestoBehav-
ioral and Brain Science23(4): 443-467.



BIBLIOGRAPHY 188

Platt, J. (1991). A resource-allocating network for funatinterpolationNeural Compu-
tation 3(2): 213-225.

Pollack, J. (1991). The induction of dynamical recogniz&tachine Learning/: 227—
252.

Rabiner, L. (1989). A tutorial on hidden markov models ankk&ed applications in
speech recognitioRroceedings of the IEEE7(2).

Rose, K. (1998). Deterministic annealing for clusteringmpression, classification, re-
gression, and related optimization problefsyceedings of the IEE&5(11): 2210—
2239.

Rosenstein, M. & Cohen, P. (1999). Continuous categoriea faobile robotProc. of

the Sixteenth National Conf. on Atrtificial Intelligengp. 634—640.

Rumelhart, D., Hinton, G. & Williams, R. (1986). Learningennal representations by
error propagationn D. Rumelhart & J. McClelland (edsparallel Distributed Pro-

cessing\Vol. I: Foundations, MIT Press.

Rylatt, R. & Czarnecki, C. (2000). Embedding connectioaigbnomous agents in time:
The ‘road sign problemNeural Processing Letters2: 145-158.

Schmidhuber, J. (1991). Adaptive history compressiondariing to divide and conquer,
Proceedings of the International Joint Conference on NeMNtworks, Singapore
\Vol. 2, IEEE, pp. 1130-1135.

Schmidhuber, J. (1992). Learning complex, extended segsensing the principle of
history compressioljeural Computatiod(2): 234-242.

Schmidhuber, J., Mozer, M. & Prelinger, D. (1993). Continsidistory compression,
Proceedings of the International Workshop in Neural NekgpRWTH Aachen
pp. 87-95.



BIBLIOGRAPHY 189

Singh, S. & Sutton, R. (1996). Reinforcement learning wéhlacing eligibility traces,
Machine Learning22(1-3): 123-158.

Sloman, A. (2000). Introduction: Models of models of miftie DAM Symposium: How

to Design a Functioning Mind

Tani, J. (1996). Model-based learning for mobile robot gation from the dynamical
systems perspectiviEEE Trans. on System, Man and Cybernetics Part B (Special
Issue on Robot Learnin@6(3): 421-436.

Tani, J. & Nolfi, S. (1998). Learning to perceive the world ascalated: An approach
for hierarchical learning in sensory-motor system®R. Pfeifer, B. Blumberg, J.-A.
Meyer & S. W. Wilson (eds)iFrom Animals to Animats 5: Proceedings of the Fifth
International Conference on Simulation of Adaptive Beba{(&AB 98) MIT Press,

pp. 270-279.

Tani, J. & Nolfi, S. (1999). Learning to perceive the world ascalated: an approach for

hierarchical learning in sensory-motor systeidsural Networkd2: 1131-1141.

Tumuluri, C., Mohan, C. & Choudhary, A. (1996). Unsuperdsdgorithms for learning

emergent spatio-temporal correlatiofiechnical reportSyracuse University.

Ulbricht, C. (1996). Handling time-warped sequences wéhmal networksProceedings
of the Fourth International Conference on Simulation of piilee Behavioy MIT
Press, pp. 180-189.

Van Laerhoven, K. (1999)On-line adaptive context awareness starting from lowdleve

sensorsPhD thesis, Vrije Universitet Brussels.

Vlgjic, N., Makrakis, D. & Charalambos, D. (2001). Near op#l wireless data broad-
casting based on an unsupervised neural network learngagitdm, Proceedings

of the International Joint Conference on Neural Networks. 715—720.

Werbos, P. (1990). Backpropagation through time: what ésdand how to do itPro-
ceedings of the IEEE8(10).



BIBLIOGRAPHY 190

Ziemke, T. (1999). Remembering how to behave: Recurrentahaatworks for adaptive
robot behaviorjn Medsker & Jain (eds)Recurrent Neural Networks: Design and

Applications Boca Raton: CRC Press.

Ziemke, T. & Thieme, M. (in press). Neuromodulation of reaesensorimotor mappings
as a short-term memory mechanism in delayed response t#ag&ptive Behavior
10(3/4).



Appendix A

Khepera Robot Specifications

sources) and reflecting light (obstacles) every 20 ms, usihg

bits per sensor, with a range of up to 50 mm

Shape circular, 55 mm diameter, 30 mm height

Weight approximately 70 grams

Motors 2 separately controlled DC wheel motors, with incrementalje
coders corresponding to 12 pulses per millimeter of path for
the robot, with a minimum speed of 2 cm/s up to a maximum
of 60 cm/s

Sensors 8 infra-red proximity sensors measuring ambient lighthtig

191

Power supply 4 rechargeable Nickel-Cadmium batteries allowing for 30+-4
minutes of uninterrupted autonomous operation
Communication RS-232 serial cable for directly controlling the robot,ngup
to 38 kbps
Processor Motorola 68331, 16 MHz
RAM 256 Kbytes
EPROM 128-256 Kbytes
cont.
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Appearance

Turrent extensions | Gripper, linear vision, matrix vision, video, general 1/&hd

(none used here) a radio turrent




Appendix B

Khepera Simulator Settings

Khepera Simulator 2.0 (Michel 1996)

Sensor Model default setting oft10 % noise (uniformly distributed) adde
to the distance values and default settingtaf % noise (uni-

formly distributed) added to the light sensors

Motor Model default setting of=10 % noise (uniformly distributed) added t
the amplitude of the motor speed and default settings®f%
noise (uniformly distributed) added to the resulting direa

World the used worlds were within the maximum allowed size

1000 x 1000 mm, and were made up of bricks and lamps
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YAKS (Carlsson & Ziemke 2001)

Sensor Model

up to5 % noise (uniformly distributed) added to the distan

values and the light readings from the look-up tables arkedq

randomly between 1.0 and 2.0 (i.e. increased upO® %)

based on a uniform distribution

Motor Model based on recorded actual Khepera (rough) movement for
ferent settings, no additional noise currently added irsilhe
ulator

World large worlds were used (no limitations on the size of the m
elled world), constructed using variable-size wall segtag
round obstacles, zones, and lights
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