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Abstract

Smart Toys allow an interaction with the userthat goesbeyond what a normal toy
can provide. They possesshe ability to learn from teachings by their owner, and it
is by this learning processthat an intimate bond is forged betweenthe owner and
their toy. This researt looks at the the forcesbehind the learning processand the
dewelopmen of a physical devicethat canfunction asa Smart Toy.

The Sulley Smart Toy is adaptedfrom a plush doll. This introducessomeinter-
esting challenges,but also allows an interaction of a kind that is di erent to most
existing smart toys. Sulleycanbe huggedand squeezedand from this interaction he
can perform actions. The action itself is determinedby an interactive reinforcemem
learning model. Part of this researb wasto determine how bestto apply existing

reinforcemen learning methods to the quirks of this model.
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Chapter 1
Intro duction

This chapter introducessomeaspects of a Smart Toy and discussethe motivation
and challengesassaiated with deweloping one. It also presens a possible usage

scenarioand outlines the de nitions and structure usedfor this thesis.

1.1 Goals

The broad goal of my honoursthesis project wasto dewelop a Smart Toy. To ac-
complishthis goal, hardware was deweloped to be incorporated into a plush toy (see
Figure[1.1). Basedon the capabilities of this hardware, a learning model was deel-
opedto give the toy someintelligence. A sampleof demonstrationgameswerethen
deweloped to demonstratethe learning capabilities. A signi cant amourt of work

alsowert towardsthe interfaceto the hardware and resolvingvarious complications.

1.2 Motiv ation

In the 1980sthere was a revolution in processing via the personalcomputer, fol-
lowed in the 1990sby a rewvolution in aacessvia the Internet and world-wide web.
Sa o [43] predicts that the primary focus of the next decadewill be interaction.
That is, not simply the Internet-variety interaction amongstpeople,but the inter-
action of electronicdeviceswith the physical world on our behalfvia, what he calls,

smartifacts .
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Figure 1.1: The Sulley plush toy (beforethe operation)

1.2.1 Toys

Toys canplay an intimate part of this interaction, and commercialinterest for sut
toys is growing. Robotic pets sud as Hasbro'sFurby [23] and Sory's sophisticated
robotic dog Aibo [19] are well-known and have had good commercialsuccess A
large part of what makes these toys interesting, as well as marketablag, is their
ability to learn.

Furthermore, while it was thought that intelligent householdrobots would ini-

10ver 12 million Furby toys were sold between October 1998 and Decenber 1999 [Source:
Hasbro].

2The fact that Furby toys were oncebanned from the Pentagon becauseof their ability to learn
is well touted by Hasbro's marketing departmernt.
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tially be commercialisedto accomplishchoressud as vacuuming and mowing the
lawn, technology still lacks the precision and e ectivenessrequired to have them
working as good or better than humans. It is perfectly acceptable,perhapseven
entertaining, for a toy to stumble or react inappropriately to someewens, whereas

a lawn mower that runs over your cat would not be tolerated.

1.2.2 Challenges of a Plush Toy

Plush toys already have a large share of the toy market. A report in 2002 found
that it wasthe number one product categoryfor all surveyed toy stores,and that
it accourted for over 25% of stores' sales[32]. My project took an existing plush
toy and carried out a surgical operation on it (seeChapter4) to give it sensoryand
feedba& capabilities. Goalsin this processincluded not just to keepthe original
function of the toy, but alsoto sensethe kinds of interactions that would normally
be performed on a plush toy. For example, squeezeand being carried types of
interaction.

Time constrains and my own limited engineeringexperience meart that the
sensorysophistication was somewhatlimited. Rather than being a black spot, this
actually allowed other, software-sideaveruesto be pursuedin orderto make the most
of the unsophisticatedinputs and outputs related to the hardware. Howewer, the
designof the systemis sud that there are still opportunities to expandthe hardware

capabilities within the current framework without too much redeelopmer.

1.2.3 Reinforcement Learning

Few standard reinforcemen learning techniquesare e ectiv e for in nite, interactive,
discretelearning. In nite  meanslearning proceedswithout a boundedsetof training
examplesand past examplescan lose relevance. Interactive meansthat the user
dictates the rate at which learning can proceedas the system needsto wait for
the userto presen the output target for a presened set of attributes. Interactive
also meansthat the user can changetheir mind part-way through the simulation.

Discrete meansthat it is not possibleto generatecortinuoustraining examples,as
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in learning motor corntrol. The combination of these challengesmakesthis kind of
learning an interesting averue to pursuethat hasnot beenwidely researbed.

There are other complications resulting from the interactive toy nature of this
project. It is not enoughto simply selectthe most probable output as determined
by a learning algorithm. This is not just becausepredictable behaviour might not
be fun, but satisfactory training might not be possiblewithout presening a non-
deterministic selectionof actionsfor the userto reactto. For somealgorithms, there
are ways around this, but often they rely on being able to punish the model aswell
asreward it. My project hasdeweloped working modelsthat can either be rewarded
and punished, or only rewarded.

Finally, note that the reward or punishmert is most often a booleanvalue in the
limited sensordomain, with a temporal dependencethat is not easyto establish.
Many reinforcemen learning algorithms depend of a cortinuous reward function or
establishderivatives of the inputs with respect to time in order to derive learning

rules. Theseare not possibleto acieve for the learning ervironmen deweloped.

1.2.4 Wireless Collab oration

It was originally hoped that the devicedeweloped would be wirelessand collabora-
tive. That is, it would comnmunicate via an unthethered connectionto other similar
devicesin an ad-hoc mannerwithout any kind of arbitration by a serer or desktop
PC. This is a largely unexplored area; the latest Aibos from Sory (generation 3)
incorporate an 802.11wirelessinterface [21], but there has so far beenlittle ap-
plication dewelopmer to usethe interfacg. Howe\er, the already extensiwe scope,
time constraints and other obstacles(seeChapter/4) meansthat discussionof these

featuresis left to Future Work in Chapter|9.

3Even Robocup [42], one of the largest motivators of Smart Toy researd, is yet to embrace the
new interface; instead favouring visual cues. Although perhapsthis is due to a large number of
cortestants without the latest generation of Aibo.
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1.2.5 Human Interaction

As with any new human interaction device,there are a number of psydologicaland
ergonomicaverues that can be explored. This is particularly the casefor a toy,
interacting with children in an intimate and intelligent manner. Sud studies are
beyond the scoge of this project, but someimplications will be touched uponin the

Analysis and Future Work.

1.3 De nitions

The following de nitions are brief descriptionsof someterms commonlyusedin this
thesisthat may be unfamiliar to the reader,and that are not examinedmore closely

A plush toy is a cuddly toy that is soft and furry. Its appearanceand tactilit y
should be, for the most part, unlike any traditional robot.

Sulley is a character from the Disney/ Pixar movie, Monstersinc. The plush
toy incarnation of this character was used as the basisfor the Smart Toy in this
project. For corveniencewhenewer Sulley is mertioned, it refersto the Smart Toy,
along with the physical modi cations and software architecture that were applied
in creating this particular Smart Toy.

TTL in the context of this report meansTransistor-Transistor Logic. This mean-
ing will be usedexclusiwly in this report, rather than Through The Lens (photog-
raphy) or Time To Live (internetworking). TTL is usedas a generalterm to refer
to semiconductortechnology usedfor building discretedigital logic circuits.

Con denc e anduncertainty are given speci ¢ meaningsfor this paper in the
context of classi cation. Con dence is the probability that the chosenclassis a
correct classi cation with the evidenceprovided. Uncertainty is a measureof how
likely it is that someanother classis also valid. This distinction is particularly
important for our avour of reinforcemen learning, wherewe may want more than
oneaction to be learnedfor a giveninput state. Thesevalueswill only sumto unity
if there are only two classes if there are more classesan averageover the unchosen

classess determinedto simplify measuremen
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A transducer is a devicethat converts physical inputs into electrical signals.
For example,a switch requiring somekind of motion, a microphone,light detectors
and accelerometersre all transducers.

An actuator isits inverse. That is, an actuator converts electrical signalsinto
physicale ects. The mostcommonexampleis an armature motor, which canachieve

tasks sud asthe movemert of robot limbs.

1.4 Contributions

Within the scope of the goals mertioned previously, the accomplishedobjectives

and researb cortributions include:

the designand implemertation of electronic circuitry for sensingthe human

interaction with a plush toy

the integration of the circuitry into a suitable plush toyrﬁi.e. without signi -

)

cartly impacting executionof the toy's previous function*
a software interfacg to the circuitry hardware

a exible and stable software architecture for reinforcemen learning in the

cornext of a Smart Toy

a number of implementations of the architecture derived from publishedrein-
forcemen learning ideaswith modi cations to make them acceptablefor use

in a Smart Toy"
an brief evaluation of the implemerted learning techniques;and

the implementation of a number of simple'games'that combine the hardware

and the learning techniquesin a scenariosdesignedto be fun

4Namely, being soft, cute and cuddly.
SCurrently a wrapper around the IEEE1284 ECP parallel port [17].
60ften these modi cations were rather intricate and involved. SeeReinforcement Learning.
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The extensiwe scoge of the broad goal meansthere are a number of objectives yet
to be accomplishedithesewill be discussedn Future Work. Howewer, the software
architecture is designedsothat it may easilybe adaptedto other tasks. In addition
there are a number of lessonslearned applicable to any project dealing with a

low-level hardware interfaceto a PC (or other high-lewvel device).

1.5 Structure of this thesis

This report coversthe processresultsand analysisof the above objectives. It begins
with an introduction of the areasof researt that are touched upon and a preview
into someof the challengesthat are faced, aswell the motivation, somede nitions
and a usagescenario.

Chapter|2 coversthe badkground. It addressegpreviouswork donein the areas
of reinforcemen learning, plus# Smart Toy interfacesand learning frameworks.

Chapter 3 addresseshe nal hardware design. It coversrequiremerts, structure,
sensorcapabilities, limitations, circuit sthematicsand the PC-interface. Chapter |4
critically assessethe hardware dewelopmen. It coversthe processtaken, lessons
learned, hardware alternatives (and reasonsthey were not used), standards used,
obstaclesencourtered and how they were overcome.

Chapter 5 addresseghe nal software design. It covers requiremerts, hard-
ware abstractions, learning architecture, properties of the implemerted learning al-
gorithms and hooks for ager actions and feedba&. Chapter 6 discusseghe im-
plemeration and dewlopmen of the software. It covers alternatives, learning and
reinforcemen algorithm properties,toolsdeweloped, obstacles challengesand future
implications sud as for concurrencyand network arbitrated collaboration. These
chapters also presen the designand implemertation of the simple example game
that was deweloped.

Chapter|7 presets the experimerts that wereconductedin order to ewvaluate the
system. It coversthe testing of hardware, experimertal designand results, as well

as a discussionof how the simple gamewas usedas part of the evaluation process.

"The extent to which existing Smart Toys are plush is arguable.
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Chapter(8 givesa critical analysisof the results and coverageof the ewaluation ex-
perimerts and of the ertire system;it discusseshe e ectivenessof the experimerts,
the 'fun factor' and feasibility for future dewelopmert.

Chapter 9 preseits possiblefuture work. It covers what still needsto be done
to achieve an e ective Smart Toy, further ewaluations that could be performed,
extensionsto the hardware for feedba& and expanding the sensorycapabilities,
some possiblegame scenariosthat could be implemerted and other learning and
reinforcemen techniguesthat could prove to be e ective.

The conclusionsummariseghe project goalsand the currert state of the system.

Appendicesare included for the software API.



Chapter 2

Background

2.1 Reinforcement Learning

2.1.1 Terminology

This section lists somereinforcemen learning terminology used in the following
sections. The order is intended to give a gradual introduction to reinforcemem

learning.

agent Certral to areinforcemen learningernvironmert isanagen. Thisisanentity
immersedin the learning ervironmert, which performsactionsto changethe

state of the ervironment. Agerts in this project are all Sulleys".

environmen t This is the external systemin which an agert is immersed. It repre-

sents all that an agen can perceiwe and act upon.

sensor Agens perceiwe the state of their ervironmert using sensors.A sensorcan
correspnd to a physical transduceror a simulated feature-detector. Howe\er,
becausethis thesiscovers a lot of hardware aspects, sensorwill be usedonly
to referto the physical type (i.e. hardware). The term percept will be usedto

refer to the correspnding software abstraction.

LExperiments todate have only beenconductedwith a singleSulley. The architecture is designed
to support multiple Sulleys, collaborating, in future.
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state This is essetially a summary of the past history of the system,including the

value of perceptsand recern decisionsthat have beenmade.
action An action is any changethat an agen can apply to the ervironmert.

model A modelin this cortext is an agen's interpretation of the ervironmert. It
maps state-action pairs to probability distributions over states. Howeer, it is

not essehal that every agert usesa model of its environmert.

reward A reward is a scalarvalue represeting the desirability of a state or action.
A reward function isusedto determinethis value,which is usedto determine

planning goals.
value function This is simply a prediction of the cumulative future reward.

policy This is the decision-makingfunction of the agen. It represets a mapping

from statesto actions.

actor-critic  This is an agen architecture, where an actor carriesout a particular
policy, while a critic evaluatesthe actor's policy. The result is a symbiotic

learning processof policy and evaluation.

average-rew ard In this architecture, the agert's goalis to maximize the expected
payo per step. They are applicableto discrete problemswherethe goalis to

maximisethe future cumulative reward.

Mark ov Decision Pro cess (MDP) This is a probabilistic model of a sequence
of decisions. States must be able to be perceived exactly. The curren state
and action selecteddetermine a probability distribution on future states. In
sud models, the outcome of applying an action to a state dependsonly on

the current action and state (and not on precedingactions or states). [41]

Temporal Dierence (TD) This is a classof learning methods, whosedecision

is made basedon comparisonsof temporally successig predictions.
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Figure 2.1: The traditional reinforcemen learning model

2.1.2 RL Background

Reinforcemen learning is a learning paradigm that attempts to determine, by trial
and error, a policy that maximizesa performancemeasure the reward [5]. Strictly
speaking,RL isanunsugervised method. This meansthat examplesarenot classi ed
by a teacher. Howeer, reinforcemem learning techniques can be adapted to the
problem preseried in my project.

Figure 2.1 shaws the traditional reinforcemen learning model. At ead step of
the simulation, the agen receivesinputs, i, and a represetation of the state of the
ervironmert, s. The agen then choosesan action, a, to output. The action changes
the ernvironment, and a reward, r, is generatedbasedon the change. The ageris
behaviour, B, shouldattempt to chooseactionsthat maximisethe cumulative future
value of theserewards.

The logical thing to do is simply replacethe reward function with an interactive
trigger from a user. Howeer, in practiceit is not that simple,and a lot of techniques
cannot be reapplied. The challengesof an interactive, discrete reward function are
discussedn detail in Chapter 5.

Howe\er, there are two key advantages of a reinforcemen learning paradigm,
which make it an attractiv e technique to pursue[31]. Firstly, it doesnot require

speci cation of any theory of the domain. That is, there is no needto madel the
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consequencesf actions, nor predict future states basedon physical models. It is
sucient to know the immediate result of any action an agert can perform. In
my project, this meansthat the toy doesnot needto know what it is doing in the
semairtic sense.It needsonly to discorer what actionsit should take to make the
userhappy.

Secondly RL can be usedfor online learning. This not only meansthat it is
possiblefor an agen to cortinually improve its performance,but also that it can
adaptto new policies. The latter doesnot normally apply to traditional reinforce-
mert learning it is unsupervisedand the reward function is xed, sothe optimal
policy does not change. This project exploresand evaluates sometechniques for

copingwith a changing reward function.

2.1.3 Q-Learning

Q-Learningwas rst introducedby Watkins in 1989[47]. Q-Learning assignscredit
in atemporal mannerto choicesmadein recen history. Delayed rewards propagate
badkwards acrossactionsin an incremenal fashion.

More formally, it de nesadismunt factor, 2 [0;1) and atotal discounted return
F(t) = re+ ras+ 2rao + 00+ "rag + 00

wherer, is the immediate reward received by the learner at time t after choosing
the action a; from a state x;. The objectiveisto nd the policy : x; 7! & that
maximisesthe future reward.

It accomplisheghis by using a two-dimensionaltable of state-action pairs. The
table entries are the Q-valuesand they are updated accordingto Sutton's temporal
di erence (TD) error [46]and a learningrate, 2 (0;1]. To explorethe ertire state
spacethereis alsoa probability, 2 [0;1], that arandomaction will betaken, rather
than the current optimal policy. Note that in order to implemert a two-dimensional
table, both the state spaceand the actionsthat can be taken must be discrete it

is not possibleto learn a cortinuous output.
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The Q-valuesare initialised equal and then de ned (after a dynamic program-

ming derivation) by the update rule (while in a particular state, x):

Qxa=@10 Hxa+ (r+ V()

where ¥ (x) = max,Q (x; a), if the optimal policy is to be taken, and O (x; a)
for somerandom a if a random action is to be taken. At the most basic level it
is essehally a probability re-distribution. Note that the optimal action is a itself,
that is, (x) = argmax. Q (x; a).

The value is particularly interesting for the kind of reinforcemen learning
required for my project. Usually, it is initialised towards 1.0in order to explorethe
ertire state space,then slowly reducedto focus learning on the optimal policy. It
is easyto seethat simply preverting the value of from reading 0.0 will ensurea
degreeof non-determinismin a game cortext, aswell asleave room for adaptation
shouldthe optimal policy changein the absenceof a facility to give negative reward
(i.e. punishmen). This thesis proposesmodi cations to the Q-learning algorithm

for usein an interactive simulation.

2.1.4 Neural Network Learning

Lin [30]wasoneof the rst to exploreneural networks as a meansof reinforcemen
learning, in 1993. More recerly Baird [22] and Baxter & Bartlett [2] incorpo-
rated new dewelopmerts in neural networks to enhancethe capabilities and speed
of corvergence.Howeer, the basisfor all thesemethods is function estimation and
gradiert desceh

Brie y, a neural network is a black box, that maps someinput x 2 R" to some
output y 2 R™. This is accomplishedby a sequenceof matrix operations and
elemert-wise applications of one or more transfer functions. But what makesneural

networks interesting is their ability to learn a function:

f:R"1 RT

X7Nf(XxX)=y
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when given only a subsetof approximately valid (x;y) pairs (i.e. examples). What
makes this possible,is the calculation of an error at ead point in the sequenceof
operations and the desceh through the error surfacein the direction of steepest
descen (i.e. towards zeroerror). The intricacies of neural networks are beyond the
scope of this thesis. For a more thorough treatment of gradiert descen arti cial
neural networks, refer to Barto et al. [1].

In the corntext of reinforcemen learning, neural networks are useful for esti-
mating the policy function. Most commonly this is done for applications where
the possibleactions are from a cortinuous domain [6,7,14,15,31]. Howewer, none
of these applications consideroptimal policiesthat changeover time and, in most
casesthey rapidly generatea limitless set of training data for their non-interactive
simulations.

Howeer, neural networks can easily be extendedto classi cation tasks by eru-
merating classesand having eat dimension of y correspnd to a single class. In
this way discrete actions can also be learned by neural networks. This thesis only

considersdiscrete actions.

2.1.5 Other Metho ds

Jordan and Rumelhard [28] discusshow reinforcemen learning and standard super-
vised learning approadesdi er not so much in the algorithms that are used, but
in the problemsthat they solwe. This meansthere are potertially many supervised
learningapproadesthat could be adapted. For example,Bayesianlearning methods
have not beenwidely applied to reinforcemen learning. Howeer, this may be due
to the well deweloped probabilistic foundations of Q-learning and Markov Decision
Processesnaking the technique obsolete.

Hierarchical reinforcemen learning techniquesby Dietterich [11,12] aim to suc-
cessfullyapply MDPs (whose exact solution would otherwise be infeasibleto de-
termine) by breaking the problem down into a hierarchy of smaller problems. The
value function is then decompmsedinto an additive combination of solutionsto the
smaller MDPs using a technique the author calls MAX Q. Howeer, for this thesis,

becausehe interactive usercan changethe value function on the y, thereis no way



2.2. Toy Interfaces and Autonomous Rob ots 15

to ever determine an exact solution to any subproblem,so thesetechniquescannot

be applied.

2.1.6 Summary

The reinforcemen learning methods descrilked here only scratth the surfaceof the
techniquesavailable. For a particular problem there are usually a variety of meth-
ods available. Kaelbling et al. [29] have compiled a comprehensie survey of RL
techniquesin use before 1996. Apart from Q-learning, the techniques mertioned
previously have beendeweloped sincethis survey, and have somerelevanceto this
thesis.

The Q-learning technique is actually closestto the technique that was nally
deweloped for this thesis. Howewer, most of the complications arosenot from the
capabilities of the algorithm, but from the somewhatperversemannerin which an
interactive user can prese examplesand corvey the optimal policy (See Section
7.3). Nocurrently publishedwork could befoundthat addresseshesecharacteristics

of the training data.

2.2 Toy Interfaces and Autonomous Robots

Although very little of the work is published, there is a lot of researb and dewelop-
mert in the commercialtoy industry for interacting with children using plush toys.
Dolls that require feedingand perform various bodily functions have beenaround
for years, and there is a lot of commercialinterest. Howewer, here|l only address

plush interfacesthat demonstratesomekind of learning.

2.2.1 MiIT's Chicken (for Direct Manipulation)

Perhapsthe closestto the smart toy that wasto be deweloped for this project wasa
prototype deweloped by the MIT Media Laboratory. Johnsonet al. [27] have deel-
opedthe deviceshownn in Figure2.2to act asa sympmthetic interface for a virtual 3D

world (after it wascoveredwith a soft skin). Sympathetic interface is the term they
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Potentiometer
Squeeze

Sensor Flex Sensors

Antenna

Squeeze
Sensor

Internal

Battery

Figure 2.2: Media Lab's chicken armature with attached sensors

Usal with permission of the Assaiation of Computing Machinery, Inc. (ACM)

give to the input devicewhen it is augmened with gesturerecognition technology
and a disambiguation processbasedon perceptualand motivational cortext.

It expandsupon a traditional direct manipulation interface device by inferring
the intentions of the user. They call this intentional control. This overcamelim-
itations of an earlier, tethered prototype of theirs, which manipulates a virtual
character by direct drive. To couple the input state to the action primitiv es, the
gesturerecognition wastrained using a Hidden Markov Model [48]. The sensorson
their deviceare quite sophisticated. Howewer, they do not give an indication of the

nancial expenserequired for deweloping the input device.

2.2.2 Hasbro's Furby

O cial, detailed information about this toy is quite dicult to nd. The o cial

channelsare mostly marketing hype“. Luckily, the toys weresoannoying that lots of

2The ocial site [23] totes the device as having processingpower that exceedsthat in the rst
lunar module. But so,too, do most pocket calculators.
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Figure 2.3: A photograph of a Furby

peoplehave decidedto crad theirs open and inspect the toy's guts [40]. An intact
Furby is shovn in Figure 2.3 Seealso Section7.3,

The following sensorsand feedba& were provided by the toy:

Pet switch: a microswitch mounted on main circuit board

Inversion switch: mourted on main circuit board

Tummy switch: strip metal leaf switch mounted on top of the spealer
Tongueswitch: a microswitch behind the mouth

Stroke switch: small leaf switch which monitors position of main gear system
Light sensor:a photocell in the forehead

Infra-red sensor:in the forehead

Infra-red transmitter: anIR LED in the forehead(thesearefor detecting other

Furbies whenthey are placedfacing eat other)

Sound: a 38mm spealer mourted to belly
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Motor speedsensor
Microphone: 3mm mounted in the sideto detect loud noises(e.g. a clap)

A reversible DC open armature motor

Furbies were quite cheap (around AU$45 when available) but, despitethe number
of sensors,the capabilities were very limited. They also did not really learn (see

Section7.3).

2.2.3 Sony's Aib o

The learning and software architecture behind Sory's Aibo robot quadruped is
discussedin Fujita et al. [18,19]. A photograph of an Aibo is shovn in Figure
2.4 The latest generation Aibo has 40 points of movemert as well as a camera,
microphone,spealer, clock, LCD display, thermometer,accelerometeand 7 pressure
sensors. The main drawbadk of the Aibo is the cost. Currently they retail for
AU$3,000.0H

In terms of learning and intelligence, the following abilities are claimed:

Human voice recognition
Emotions

Respnseto greetings

A strong desireto perform

Friendly and curious

In relation to Aibo, the future goal of this project is to provide a cheaper, softer
alternative for children. Details of the learning algorithms are not published, so

there are researt cortributions to be madeaswell.

3Sory claims that the latest generation is neither dog nor cat.
4Source: AIBO Store http://www.sony .c omau/aibo /products /i ndex. cf m?atid =18975
(2003-10-21)
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Figure 2.4: A photograph of an Aibo with a cat

2.2.4 Roball

Roball, the Rolling Robot [33] was paterteoE in 2001, but is yet to be marketed.
It is essenally a spherethat is able to move itself around by an internal drive
medanism. There is also a facility for userinteraction through spoken commands
(e.g. spin me), along with detection of the appropriate action, accompaniedby a
response.

Howe\er, rather than usinggenerallearningasthe meansfor cortrol and decision-
making, it usesa prioritised decision-makingprocesscalled subsumption[4]. With
the provided information, the learning doesnot seemto be signi cantly more com-
plicated than a Furby. The drive medanismis quite novel, howewer, and qualitative
userstudieswith children were promising.

It sharesanother thread with this thesis, in that it is an enhancemen of an

existing play toy. Just as Sulley is still a plush, cuddly toy; sois a robotic ball still

5US Patent number 6,227,933.
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a ball that can be rolled arouncH.

2.3 Creature Learning

The MIT Media Laboratory has a large number of projects under the Synthetic
Creatures umbrella. Blumberg et al. [3] explore the direct application of well-
established real-world caninetraining techniquesto a pup simulated on a computer
screen. The particular method they useto train their creatureis clicker training .
Rewards are given interactively in this type of training, via a click. It is very
similar to the nal method usedin my own experimerts conductedfor this project
(Section7.3).

Howewer, using a simulated creature, they were able to model many more state
and sensorinputs than was available using the limited hardware implemernted for
this project. Furthermore, their results are extremely brief, with no indication of
the passagef time, and they presen a lot of limitations and future work that needs
to be carried out beforelearningis proven e ective.

Other syrthetic creature projects [24,25] explore methods for maintaining and
guerying complexenvironmerts for usein reinforcemen learning. Again, their crea-
tures are simulated, so they can create inputs arbitrarily . It was found in my own
project that meaningful learning with very few, booleaninputs requiresalternative

methods.

2.4 Summary

There are a large number of reinforcemen learning architectures, and algorithms
that can be applied to my project's problem after sometweaks. | was unable
to nd a preceden for the unique combination of properties of the training data
available for this project, other than the creature learning.

A common theme between all the hardware is a set of sensorswith a set of

feedba&k medianisms,and somemapping betweenthem. Howewer, sometimesthe

6Although, their current prototypesare rather adverseto being bounced .
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feedba& is issuedon a computer screen. The way by which the mapping is de-
termined varies greatly; from the primitive Furby, a reasoning Roball, up to the
inde nitely complexAibo.

Sophisticated hardware for interacting with either a computer, a user or both
is already available at a cost. This project attempts lay somegroundwork for
a generic and exible learning architecture, that should be able to support more
complex states in the future. Howewer, restricting the hardware to a relatively
primitiv e set of inputs and outputs led to someinteresting challenges.Sud a small
state alsoallowed a closeanalysisof the learning progressto be performed.

Most existing, well documernted reinforcemen learning algorithms do not fully
support the interactive nature of the learning for this project. The processused
for the synthetic creaturelearning is promising, but the results and capabilities are

currertly unreliable.



Chapter 3

Hardw are Design

This chapter givesa high-lewvel description of the nal hardware design. It descrilkes
hardware componerts used,how they interact and how they solve the problem. How
the componerts work and the dewelopmen processis left for Chapter 4. | should
alsostate herethat | am not an engineer,somy treatment of electronicengineering
conceptsmay be relatively rudimentary. As the readermay alsonot be an engineer,

| shall try to clarify referenceghat might be obscure.

3.1 Limitations and Requirements

The following designrequiremens and limitations were taken into accoun while

designingthe hardware aspect of this project:

3.1.1 Cost

An honoursthesis budget is quite small so it was necessarythat the componerts
be inexpensiwe. It was certainly not feasibleto subcortract a hardware deweloper.
This limited someof the designdecisions,sut asthe kinds of sensorghat could be

used. For example,sensitive analogueaccelerometerand tiIt-meters were avoided.

1For example, Analog Devices'IMEMS AD XRS150gyroscope handlesaccelerationand tilt and
retails for around AU$90 (without any accourt for actually using the 16-pin interface). It is similar
to the technology usedfor airbag triggers in cars.

22
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3.1.2 Weight and Dimensions

Becausehe hardware wasto be placedin atoy, the hardware could not betoo heavy,
nor have dimensionsthat would alter the shape of the toy. It was also necessary
that the toy remain huggablewhich further restricted the dimensionsavailable.

For example,it wasnot feasibleto insert an ertire PC into the toy. Even minia-
ture, fanlessPCs have not yet advanced technologically to the point where this
would be possible(even if they were within budget). Embedded platforms, sud
as Toshiba's PocketPC, and other PDA-style deviceswere also considered. How-
ewer, limitations of the platform and problemswith nding a suitable interface (see

Subsection4.1.3 meart that they could not be used.

3.1.3 Hardw are Interface

Regardlessof how much processingis done within the hardware, at some stage
it is necessaryat least for developmentto talk to a computer. Even when fully
deweloped it would be desirableto keepthe interface. For example,a PC interface
to the toy could be usedto update the software/ rm ware, aswell asallow its usein
computer-arbitrated gamesand long-distancenetworking. Note that in future, the
interface may not involve a wire asit doesnow.

Pragmatic issuesmeart that the nal implemertation had no enbedded pro-
cessing.That is, only statelesssemi-conductorsfound their way into the toy. This
meart that all the processingwas done by a PC, with the interface usedonly to

convey the outputs of the sensors.The nal interfaceis descrited in Section3.5.

3.1.4 Power

Every electronic device needspower of somekind. For portable devicesthis is
especially problematic. A battery, for example,would add to the weigh and need
to be either rechargedor replaced. This would then require another interface; either
a plug hole or hatch to recharge or replacethe batteries.

Again, pragmatics meart that the nal implemeration did not needits own

power source. The interface chosenprovides a small amourt of current (see Sec-
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tion that can be usedfor driving logic gatesand activating low-power semi-

conductors.

3.1.5 Safety

Safey is particularly important for a children's toy, asit is for most things involving
power. Although someconsiderationwasgivento safety, the level of safety wasnot a
high priority for the initial prototype. For example,precaution wastaken for wiring
to make surethere were no live wires exposedto touch, although someare exposed
to materials inside the toyE. Also, mercury switcheswere housed(orthogonally) in
putt, although it is unlikely that any safeyy standard would allow any amourt of

mercury inside a children's toy*.

3.1.6 Sensors and Feedback

The initial requiremen wasjust for thereto be some sensoryand responseabilities.
Therewasfreedomasto exactly what wasto be sensedand how a responsewasto be
made. The actual methods are described in Section/3.3 and Section3.4 Howe\er,
there is onegoalthat wastaken on board while decidingthe sensorgo useand how
to usethem. It is related to the desireto maintain the original function of the toy.

Becausewe want the toy to remain cuddly, we do not want sensorgpoking out;
nor should the user manipulate sensorsdirectly. The sensorsshould be pervasive
That is, the user should not know that they are activating any sensors not even
that any sensorsexist until (learned) feedbak is given by the system.

This goal was only partially accomplished. Particularly for dewvelopment and
testing, there is a requiremen to have someimmediate feedba& for the system.
Furthermore, somekinds of sensorg(e.g. light sensors)are not yet technologically

advanced, or the technology is out of read, to becomefully pervasive. Howewer,

2Toy safety standards(e.g. 1ISO 8124-2(1994)the EuropeanEN71-2(1998)and US ASTM F963-
96a-Ab5) already imposenon- ammabilit y requiremerts. This and the small currents involved mean
that this should not be a problem (unlessit eventually becomesa toy).

3Glue wasnot usedbecauset could shrink and crack the glasscapsule,aswell asmake alignment
di cult.

4Accelerometerswould avoid the mercury.
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Figure 3.1: The tether/wires trailing from Sulley's baseafter the operation.

embeddedsensordor light detectionare surely on the horizon. There already exists
Smart Material that candetectand producesound,and even ex whengivengiven

electrical input®.

3.2 Overview

The electronic hardware consistsof seven sensors (three microswitches, three or-
thogonal mercury tilt switchesand an array of phototransistors), two lights (LEDS)
for feedba&® and the circuit integrating them and the PC interface. The mi-
croswitcheswere also placedwithin homemadepadkages(Figure 3.3) to make them
more natural to activate as squeezesensors. This was all placedinto the Sulley
plush toy shavn in Figure 1.1 on page2.

Apart from the LEDs in the doll's horns (Figure 3.6 on page30), the only visible
part of the circuit are the two telephonewires trailing from the Sulley's base, as
shown in Figure 3.1 The gure alsoshavs someof the dewelopmen PCB (Printed
Circuit Board) upon which the nal circuit was soldered. The padage cortaining

the tilt switchesand the potentiometer cortrolling the sensitivity of the light sensors

SSmart Material Corporation http://www.smart- maer ial. cond
5More sophisticated feedbad is currently handled by software and a PC monitor (VDU).
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Figure 3.2: A standard microswitch

are visible. The holeis easily covered and can be stitched up.

The weight addedwassmall comparedto the original weight of the doll. Perhaps
around 200gramswas added, with the heaviest componert beingthe putty padkage
cortaining the mercury switches. The PCB is small (around 150x 80 x 3mm) and
is surroundedby enoughof the original stu ng sothat is is not noticeablewithout

a tight squeeze.The other componerts are discussedn the sectionsthat follow.

3.3 Sensors

3.3.1 Squeeze Sensors

The three squeezesensorsead consistof a standard microswitch (Figure 3.2) and
a homemadepadage (Figure 3.3). One is placedin the left wrist and two in the
torso, around the chest. The wrist sensoris easyto activate with a light squeeze.
The torso switches are harder to activate than intended, requiring a tight squeeze
in the correct region or somefocusedprodding with ngers.

Microswitches were chosen becausethey are small, cheap, require only light
pressureto activate and resetthemselesto a normally open state. They are also

su cien tly large, making them easyto handle and connect, and require relatively
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Figure 3.3: lllustration of a homemademicroswitch padkage

signi cant motion to activate, which makesthem lesslikely to get studk. The exact
componert was part number P7802from Dick Smith Electronics. It is rated at 3
ampsand 125V AC. Its dimensionsare 20 x 15x 7mm and they currently retail for
AU$3.28ead.

The padagesare primarily to increasethe areaover which activation can occur
with su cient pressure.This makesthe switchesrespond more naturally to squeze
activation. The padkagesalsohelp to ensurethat the switchesdo not get stuck in a
permanertly closedor permanerily open position. This could easilyoccur if stu ng
shifted beneaththe trigger or got caugh in the hinge or button, for example.

The padkageswere constructed by me using foam, plastic from an empty bottle
and the microswitch itself. There is an illustration of onein Figure 3.3. They are
quite primitiv e, but they sere their purpose. The contacts of the microswitch are
pushedthrough slits in the bottom arc of plastic. The microswitch is then covered
with another arc of plastic, which is then fusedto the bottom arc with a soldering
iron. High-density foam is then usedto increasethe pressurerequired to activate

the switch and prevert stung from enering the padkage.



3.3. Sensors 28

Figure 3.4: A mercury tilt switch - closed(top) and open (bottom)

3.3.2 Tilt Sensors

The threettilt switchesare ead a singlemercury tilt switch, asshavn in Figure 3.4.
They are mounted on mutually orthogonal axesinside a ball of wood putty. This
essetially givesbooleanx, y and z readings. Howewer, orientation of the ball inside
the doll is not enforced, so whether the x axis correspnds to horizontal tilt, for
example,must be learned (seeSection5.3).

Mercury tilt switcheswere usedbecausehey are inexpensive and have a simple
interface (unlike accelerometersfor example). The exact componert usedwas part
number P7860from Dick Smith Electronics’. It operatessafely between1.2V and
14V DC and between30mA and 1A and hasnegligibleresistancé. Switching occurs
when the switch is between0 and 10 degreesfrom horizontal. Its dimensionsare
approximately 25 x 6mm and they currertly retail for AU$2.78 eatr. They are
traditionally usedin alarm systems.

Wood putty was usedto mournt the tilt switchesbecauset retains shape while

moulding, doesnot shrink (seeSubsection3.1.5, drieshard (albeit over afewweeks),

“Initially hard to obtain because:(a) their online store doesnot ship it due to the hazardous
mercury; and (b) it is a very popular item for shoplifters, so storeswere often out of stock without
them knowing it.

80.04 Ohms at 1.5V DC.
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Figure 3.5: One of the phototransistorsusedand its schematic symbol

and is light, cheapand easyto obtain. The product was Selleys Special Putty and
currertly retails for AU$8.52for 400 gramsfrom Mitre 10.

3.3.3 Light Sensors

An array of three phototransistorsin parallel is usedfor sensinglight. Oneis shavn
in Figure 3.5. They are situated on the spineof Sulley'supper badk and are stitched
in to be almostun-noticeable. They werewired asshavn in Figure 3.7 with resistors
in parallel; onea (variable) potentiometer, to allow ne adjustmert of the sensitivity.
The result is that the array is triggered when a certain (adjustable) light level is
obtained. It is currertly set to activate in approximately computer lab levels of
brightnessand deactivate when in shadav.

Phototransistors react quickly to changesin light and and can aciieve much
lower resistance$ than the more common CdS™ light dependen resistors, hence
their use. The exact device used [35] is no longer available for sale. Its currert
varies from 1 nanoamp (dark) to 1 milliamp (1000 millicandelas at 5cm) and it
reactsto changeswithin 7 microseconds.A substitutable deviceis the Z1945from
Dick Smith Electronics, which currently retails for AU$2.89.

While the presein readingtaken from the sensorarray is boolean,it still outputs
an analoguevalue. Adjustment of the potentiometer placesit in arangethat crosses

the TTL high/low crosseer of the interface. Future dewelopmerns could incorporate

A requiremert of the parallel port interface and for simplicity. SeeSection 3.5.
10Cadmium Sulphide - a chemical compound usedin their manufacture.
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Figure 3.6: An LED in Sulley'sright horn

an ADC!! or read the analogueoutput directly for more precisemeasuremets of

the light levels.

3.4 Feedback

In the hardware sense feedbak is currently quite limited, cortinuing the simple,
booleantrend of all the sensors.Two low-power red LEDs!? were attached to the
horns, asin Figure 3.6. High-intensity LEDs [10] were usedinitially , but were found
to be too delicate. They were stitched in and wired through the body of the doll to
the PCB. Thesecan be cortrolled independerily of ead other and the rest of the
circuit, through the PC interface. Other feedba& for the simulations is currertly
handledby a VDU on a PC.

Output of soundis alsopossiblevia the PC soundcard. Individual WAV les can
be bound to an action in the sameway asead LED. This would make the possible

outputs virtually limitless. Connectinga speaker would also require little e ort

1 Analogue-to-Digital Converter. For examplethe Motorola MC145050(34].
12| jght Emitting Diodes - small lights emitting a single frequency that use signi cantly less
power and generatelittle heat comparedto incandesceh globes.
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the two sparewires in the tethering cable could be wired to a speaker at one end
(to be placedwithin the toy) and wired to a 1/8th stereoplug (to be pluggedinto a
soundcard spealer out) at the other end. The programmingrequiredto accomplish

this was implemerted towards the end of the project.

3.5 Parallel Port Interface

The 17 non-ground pins of the EPP*2 parallel port standard are usedfor the com-
puter interfaceto the hardware. The way in which the pins are usedis compatible
with the morerecen ECP* standard, but not with the older SPP'® standard. These
standards, somedetails of their use, along with reasonswhy the SPP standard is
not compatible (and the frustration encourered discovering the number of devices
restricting themsehesto the SPP standard) is discussedn Section4.5. This section
covers how the EPP interfaceis used,with referenceto the sdhematic in Figure 3.7

on page34.

3.5.1 Pin Conguration - Ganged Pins

Pins 2-9 calledthe parallel port's data pins aregangeé. This meansthat their
directions (as inputs or outputs) are not individually cortrollable; all 8 must either
be inputs or outputs. Thesepins were setto be inputs for this project. All but pin

9 is wired.

Pins 2-4 correspnd to the three squeezesensors;2 and 3 are the sensorsin
the torso and pin 4 correspnds to the squeezesensorin the wrist. They
are normally TTL high and go TTL low when the sensoris squeezedvia

short-circuit to ground).

Pin 5 correspndsto the light sensorarray. In dark conditions, the pin is held
high. When there is enoughlight the current will increaseand pull the input

towards ground; enoughto take it below the switching thresholdto TTL low.

13Extended Parallel Port, introducedin the 1980s,formalised as a standard in 1994.
14Extended Capabilities Port, standardisedin 1994.
15Standard Parallel Port, developed in the 1960sand standardised for the IBM PC in 1981.
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Pins 6-8 are the tilt switches. Whether the pins are high or low is arbitrary,
asthe orientation of the sensorss not enforced. However, the orientation is
consistem and socan be learned. When the tilt changesenough,or the doll is
shalen, a subsetof the switcheswill changetheir state. The di erence between
ashale and atilt canbe detected,provided the shake is maintained for a short

period. This is discussedn Section5.2.2

3.5.2 Pin Conguration - Output Pins

Pins 1, 14, 16 and 17 are switchable pins ; they can be usedas inputs or outputs

or both?1®,

Pins 16 and 17 are usedfor the LEDs on the horns. Driving the output high

from software will light the LED. It remainslit until the output is driven low.

Pins 1 and 14 are wired, but are not used. They can be usedfor another input
or output componert, or the wires can be detached and usedfor an analogue

componert, sud asa spealer.

3.5.3 Pin Con guration - Other Pins

Pin 10is the IRQ generator. If enabledit can causethe operating systemto
signal the software on the rising edge of the input to pin 10. That is, when

the output goeshigh from a TTL low state. Pin 10is not usedin this project.
Pins 11,12, 13 and 15 are input-only pins. They are not used.

Pins 18-25are ground pins. Pin 18, only, is usedto completethe circuit from
the input and output pinsin orderto pull aninput pin low, or sink the currert

to power an output pin.

16This is achieved by using tristate bu ers.
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3.6 Circuit Design

A circuit sthematic for the nal hardware con guration is shovn in Figure 3.7.
There were no tricks usedin its implemertation. A dewelopmen PCB'’ is soldered
using pin 18 for ground and individual pins for power. It sits in the lower sectionof
Sulley'storso.

Individual wires from householdtelephonecableswere usedto connectthe sen-
sorsand LEDs placedaround the doll to the PCB. Two wholetelephonecableswere
solderedto the PCB, which connectto a standard 1284-A 25-pin Dsub connector,
to be pluggedinto the parallel port.

The resistorand potentiometer sit onthe PCB for adjusting the sensitivity of the
light sensors.A diode helpsprotect the circuit (especially the LEDs) from badkward
current. There is plenty of spaceremaining on the PCB, and two unusedchannels

to I/O pins that canbe usedfor future dewelopmen.

Theseare single layer boards that mimic the operation of a WISH solderlessbreadboard. See
Section4.2.
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Chapter 4

Hardw are Development

This chapter goesinto more detail about the hardware aspects of the project. It
conceltrates on the dewelopmern processalong with the obstaclesthat had to be
overcome. It explainswhy a lot of other alternative implemenations wereinfeasible

or undesirable.

4.1 Electronic Interface Alternativ es

The interfacealternativesin this sectionwereall researbed and found to be infeasi-
ble, overly complexor unnecessaryln somecasesnsu cien t documertation meart

that experimertation was alsorequiredto investigatethe feasibility.

4.1.1 Serial Interface

This is the most commoninterface peripherals usefor comnunicating with a PC.
Flavours include PS/2, USB and RS-232. RS-232is the standard for the IBM
COM port to which mice usedto be connected(many modemsstill are) and is the
avour that was investigatedfor this project. PS/2 ports are usually all occupied,
and USB was rejected early becauseof its burden of complexity. Howewer, most of

the reasonsfor not using RS-232apply to all serial interfaces.

vDUs and printers aside, although these are usually balancedby a keyboard and mouse.

35
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RS-232is used by Matlab as the interface to comnunicate with many of the
sensordhat it supports (such asvariousmeasuringdevices Doppler speedometers,
for example). This was promising, and much of the documenation for the standard
was sourcedfrom the Matlab site?. Howewer, the main problem with this interface

and all serialinterfaces is clocking.

Clocking requiresfrequencygenerators,and clock-activated streamsof bits to be
sent down a singlewire, which requiresstate information. This was all beyond the
level of engineeringl am comfortable with, ewen if there were su cient time and
resource’ available to deelop the circuitry.

Of course,the logical follow-up action is to seeif there is a suitable hardware
abstraction of the standard, which someonehas deeloped before (with assaiated

drivers). An exampleis discussechext.

4.1.2 Dick Smith Analogue Parallel Port Interface

The researb group hasin its possessioman analogueexperimertation kit from Dick
Smith Electronics. This kit promised a software interface to arbitrary analogue
readingsfrom a range of connectorson a separatehardware device.

There were a number of problemswith this solution. Firstly, size; when this
alternative was rst investigated it was still hoped that an untethered toy would
have beenpossible. The intermediary interface hardware wastoo large (160 x 95 x
70mm)to t insidethe doll.

Driversfor the kit were only written for Microsoft Windows, and there was no
documerted programming API. Only a Windows program for collecting data and
exporting to a le wasbundled. The alternative, readingthe output direct from the
device,proved to be fruitless, becausethe protocol was not documerted.

Finally, the kit is old and obscure.No support nor dewvelopmern community could
be found for assistancen using the kit. Howeer, resourcesfound and experience

gainedwhile experimerting with this kit assisteddewelopmern of the nal solution.

2Matlab: Overview of the Serial Port http://www.mathw orks. com/access/ hel pdesk/h el p/t echdoc/ mal ab
30scilloscopes, multimeters, frequency generators,cortroller chips, etc.
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4.1.3 PDA (PocketPC, iPac, Zaurus, etc)

A PDA was consideredearly on asan alternative to recen wirelesstechnology that
was o ered from a third party (SeeSubsection4.1.4. PDAs are small enoughand
light enoughto be put into the toy, and they can executesophisticatedprograms.
The primary candidate wasthe ToshibaPocketPC. It hasembeddedwirelesscapa-
bility, aswell as high delit y soundinput and output.

The main problem with the PocketPC (and all PDAS) was interfacing the hard-
ware. The PocketPC hasan adaptor that givesit USB. Third parties have deweloped
USB to RS-232adaptors' that are available for salewith driversfor the PocketPC®.
Howe\er, serialdata communication wasfound to be undesirable(Subsection4.1.]).

There are also parallel port adaptors, but becauseof the serial nature of the
USB port, much of the processings done by the drivers. The adaptors discovered?
do not provide drivers for embedded platforms. There are also PCMCIA parallel
port adaptors’, but the PocketPC does not have a PCMCIA slot. Finally, there
is a Compact Flash (CF) card that provides a parallel port connectorand drivers
for the PocketPC8. However, there were no speci cations publishedand an email to
the manufacturer revealedthat the adapter only supported the SPP parallel port
standard, which did not meetthe needsof this project (seeSection4.5).

PDAs were nally abandonedas a feasible solution. Howewer, by adopting a
standard interface (IEEE1284 EPP) future dewelopmernt may include a PDA, if a
suitable adapter is found.

Other generalpurposeenmbeddedplatforms sud asthe TINI [8], which includesa
Java Virtual Machine, werealsoconsidered.Howe\er, thesewerefound to have very
low-level interfacesto peripheralsand sowere not investigated further. Miniature,
fanlessPCs[13]werefound to betoo heavy (still) aswell asprohibitiv ely expensiwe.

There is alsothe issueof providing power to be considered.

4e.g. Aten USB to DB9 Serial Adapter http://www.cdw.co m/shop/ product s/ def ault .as px?EDC325871

SUSB to Serial solution for e740http://www.pc- counsel or. com/u2s.h tm
6e.g. D-Link DSB-P36 http://www.cdw.c om/shop/pr oducts/ defa ult .a spx?EDG 170856

"e.g. SPP-100PCMCIA-EPP adapter http://www.linu  xj ournal. comb g/p roduct. php?product _id =955

8NextwareHouse 501-00A-X Parallel Port Compact Flash Card
http://www.data drive 4all .co m/prod. cf m/11592/Next waeHouse/50 1- 00A X
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4.1.4 Micro controller

The initial momenium for this project was as a proof of conceptfor somerecen
dewelopmerts in wirelesstechnology Unfortunately, developmert in this direction
did not proceed. Howewer, to the extert of the speci cations that were provided,
the interface chosenis compatible.

Generally speaking, a microcortroller is the only cost-e ective implemertation,
should the project eventually progressto a Smart Toy. A genericmicrocortroller
can be reprogrammedto support many cortrol functions. Howewer, those available
are 8-bit and do not have the ability to handle oating point numbers intrinsically.
This would make adapting standard learning algorithms di cult.

An alternative would be for the microcontroller to perform only two functions:
collectsensoreadingsand senda padet cortaining them over a wirelessconnection.
This is within the capabilities of the available microcortrollers. Howewer, adieving
this is beyond my own engineeringexpertise and the resourcesavailable. Assistance
was not readily forthcoming.

Although the microcortroller alternative wasabandoneddewelopmen progressed
with a microcortroller in mind. A standard hardware interface was used and the
software architecture was deweloped in a modular fashion, with easily adaptablein-
terfacesfor hardware inputs and outputs. The software architecture is discussedn

Sectionb5.2.2

4.2 Breadb oards

For dewelopingthe circuit shavn in Figure 3.7 on page34, a solderlessSNISH bread-
board was used, as shovn in Figure 4.1 before and after experimertation. Four
bussegsun the (horizontal) length of the board two at the very top and two at the
very bottom. The other holesare electrically connectedvertically in setsof v e.
This allowed dewelopmert of the circuit without soldering. A parallel port ribbon
cablewasconnected then componerts wereinterchangedand variouscircuit designs

were tested beforedecidingon the nal design.
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(a) Before Developmert (b) After Developmert

Figure 4.1: A solderlessWISH breadboard.

Figure 4.2: Switch debouncingcircuit (NAND latch)
4.3 Gates and Debouncing

Pragmatics delayed the decisionof which interface to use. As sud, initial dewel-
opmen was designedto handle corntact debouncing, which is a problem for most
digital circuits using medanical switches.

If the client software was interrupt-driv en, wheneer a microswitch or tilt switch
changed state, there would be many triggers with alternating high/low readings.
This is a result of the cortacts not connectingcleanly?. The EPP standard supports
an interrupt requeston pin 10. If a switch was connectedto this, either directly or

indirectly, it would have to be debounced.

°If the voltage is su cien t, you'll seesparks. Five volts, from alkaline batteries, is su cien t.
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Figure 4.3: Solderingthe PCB

Switch debouncing for interrupts was tested using NAND gates [39] and the
circuit in Figure 4.2 It was found to be e ective. Remnarts of the circuit are
visible on the right of Figure 4.1 The parallel port library discussedn Section6.1
supports interrupts nicely. Interrupts were not usedin my nal implemertation.
Howe\er, they would be requiredin a future PC-arbitrated implemertation in order

to wake up from a sleepstate, for example.

4.4 The Operation

Oncethe nal circuit had settled, a PCB breadboard was usedto provide a smaller
and lighter, yet more robust circuit. This wassolderedby me at home (Figure 4.3).
Wires through the doll for the various sensorsall make their way via the PCB to
the parallel port.

Oncethe circuit was soldered,Sulley was operated upon. The rst cut (Figure
4.4) wasvery traumatic for us both. Sulley becamevery de ated afterwards (Figure

4.5). Beforel nally put him badk together again (Figure 3.1 on page25).
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Figure 4.4: The rst cut

Figure 4.5: Removing the stu ng
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4.5 More on the Parallel Port Interface

This sectionbrie y summariseghe relevant information contained in [16,17,20,45],
which (as a whole, at least) provide a thorough usersguide to the PC parallel port.

It will explain why someof the decisionsmertioned previously had to be made.

45.1 Standards

The Certronics Standard Parallel Port (SPP) wasdeweloped in the mid-1960sasan
8-bit unidirectional host-to-printer connectionand becamewidely used. It became
a de facto standard with the introduction of the IBM PC in 1981,de ning a 25-pin
DSub connectorwith 8 unidirectional data lines, four cortrol lines, v e status lines'©
and interface timings.

The IBM PS/2 computerintroduceda bidirectional port (referredto asType 1)
in 1987,which allowedthe 8 data linesto be usedasinputs, but it is not an industry
standard. The EnhancedParallel Port (EPP), introduced by Xircom/Zenith and
Intel in 1991, allowed asymmetric bidirectional transfers. The Extended Capabil-
ities Port (ECP), introduced by Microsoft and Hewlett Padkard in 19922, added
symmetric bidirectional transfer and DMA capabilities.

The number of inputs requiredfor this project meansthat the data lines needto
be usedasinputs, soan EPP-compatibleinterfaceis required. Most printers restrict
themsehesto the SPP protocol parallel Zip drivesand scannersfor example,do
not. Unfortunately, most of the dewvelopmen in adaptersfor handheldswas geared
towards printer support, and so there is a distinct lack of EPP support for them.

Hence,the toy currertly remainstetheredto a PC, and not talking to a PDA.

4.5.2 Low-level circuitry details

In order to implemert the low-level interfaceto the parallel port, it wasnecessaryo

know low-level details of the standard. Theseinclude the typesof gatesused,power

0These v e lines are from the peripheral to the host.

1The rst versionwas not an industry standard. EPP1.7 is a pre-ratied standard. EPP1.9
wasrati ed in IEEE1284 as a standard in 1994.

12The standard was rati ed, unchanged,into IEEE1284 in 1994.
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provided, TTL switching levelsand power sinking capabilities. Without considering
these details, the implemerted circuit may malfunction or the parallel port itself
may becomedamaged.

Most importantly, the gatesof the 74LS374octal latch®® oat high and needto
be pulled low. It is not enoughto presen a low voltage on the pin in order to get
a low reading. Without a separatepower source,this meansa connectionneeds
to be made from the pin to the parallel port ground'4, which makes basic digital
circuitry slightly harder. This is overcomeby a more direct approad to the circuit
that avoids using my own TTL. Hencethe switching levels'® were not an issuefor
all but the light sensors.

Other important gures were the power capacities. The standard output pins
areableto sourceup to 2.5mA and maintain a voltage of 2.5V whenset high . This
is sucient currernt to power most small LEDs. Input pins should be able to sink

up to 20mA if they are to meetthe standard.

45.3 Other detalls

Other parallel port details sud as addressing,naming, registers, timings and pin
inversionswere able to be avoided, thanks to the parallel port library used. These

details are in [45].

13This is what the pins were originally driven by. The standard doesnot specify an exact chip,
but most implementations should be compatible.

YTTL gatesdo not like doing this  only very little power is sourced(otherwise, there would be
no way to presert a high output with two low inputs on a NAND gate, for example).

A high is measuredbetween2.4V and 5.0V. A low between0.0V and 0.8V. Between0.8V
and 2.4V, it is not speci ed. However, eadh implemertation will have a roughly consistert switching
point.



Chapter 5

Software Design

This chapter discusseghe requiremernts, functionality and design of the software
implemerted for this project. It cortains information to useand extend the archi-
tecture and a rationale behind it. Implemenrtation details are in Chapter 6. Saliert

parts of the API are found in the appendices.

5.1 Requirements =) Features

The software requiremerts fall into four categories:the hardware interface, learn-
ing, the Sulley interface (RL model) and applications. Thesebecamethe top-level
modules for the implemenation and will be descrited in detail separately Note
that the requiremerns that follow in this chapter are all implemerted (unlessstated

otherwise), sothey are alsofeatures.

5.2 Hardw are Interface

5.2.1 Requiremen ts

The hardware interface hides details of the hardware interface from the client. The
goalisto provide a cleanAPI to the protocol usedto comnunicate with the hardware
(Sulley). The protocol and interface are descriked in the following section. It is

implemerted in class ParaMon It needsto:

44
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Setand read the parallel port data registers

Interpret these registersto enumerate inputs (sensors)and processoutputs

(LEDs)

Handle uctuating inputs and either ignore (until it settles) or indicate that

it is unstableto the client
Inform a client when an input changes(and settleson a new value)

Allow a client to query how volatile an input is, using a granular scale

5.2.2 Sensor Abstraction

Sensomabstractionis accomplishedusinga wrapper aroundthe parallel port interface
usedby the hardware. Pins are erumeratedfrom 1 to 17. The interpretation of the
pins is handled by the Sulley interface. Further abstraction is not usedbecausejn
most cases,knowledge of the semarics of eat pin is not required the learning
algorithms operate by looking at the state as a whole. The API for the hardware
interfaceis in the appendix.

The hardware is polled at regular intervals to determine not only the current
state of a sensor,but alsoto detect patterns in state changes. For example, if the
user shakesthe toy, tilt sensorswill beginto uctuate. This will be picked up and
reported to the client as a measureof how volatile the sensoris in recern history.
At a smaller scale,this alsotakescare of delmuncing the inputs (seeSection4.3).

The client canregisterfunctionsto be calledwhene\er the state of a pin changes
(callbadks). There is no limit to the number of functions for eat pin. This allows
the polling to be abstracted. The client can be informed when an input becomes
volatile, appearsto be regularly changing (e.g. shaking), or becomesstable active
or inactive.

At any time (including from a callbadk) the usercan manually setthe state of
any pin. If this is an output pin, the correspnding hardware (e.g. an LED) will be
activated or deactivated, dependingon the state speci ed by the client. Callbads (if

there are any) for the activated pin will alsobe triggered whenthe current callbadk
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returns. If aninput pin is speci ed, the pin will immediately return to its old state,

but any callbads for the pin will be triggered again (for both states).

5.3 Learning

5.3.1 Requiremen ts

Machine learning libraries are widely usedand implemerted. Howeer, in this case,
initial dewelopmen was gearedtowards a learning implemertation that could run
on a microcortroller. Sud an implemertation would require minimal and nely
adjustable state (i.e. memory usage),as well as workarounds for the plethora of
limitations onetendsto nd ona microcortroller. For example,addressingand lack
of a oating point type (or even multi-b yte types).

Additional work (and necessarycode in exibilit y and inelgance)would be re-
quired to satisfy the requiremens of a microcortroller implemenation. When it
was found to be unlikely that a microcortroller would be available to even test the
code on, this requiremen was abandoned. Subsequen seardes for existing, free

learning padagesdid not yield a solution that meetsthe following requiremerts:

Runson a PDA

for example, it is unlikely that Matlab, the closestto meetingthe other

requiremerns, will run on an embeddedplatform in the near future
Provide a consistem, high-level (abstract) interfaceto all learnersthat:

recognisedhat learningis simply function estimation, for a domain and

range of arbitrary types

standardiseghe presetation of training examplesand function inputs so

that genericbatching algorithms canbe written that work for all learners
providesa exible, object oriented approad to implemerting newlearners

the interfaceis implemerted in

class GenericEstimator <DOMAINRANGEFigure 5.1(b))
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Estimator GenericEstimator< DOMAIN, RANGE >
i+ est()
:eSto tor()()
operator|
- Ie?:-xrn() N eSt()
i+ learn() + eSt()
[+ ~GenericEstimator() + operator()()
+ learn()
+learn()
| Network | + ~GenericEstimat0r()
i+ dimension If\

j# class_count
# num_hiddens
j# pinputs

F# phiddens l est
F+ poutputs

Classifier< DOMAIN >

+ Classifier()

+ classify()

+ operator()()

+ prob_classify()

- Network()
- operator=()

+ learn()
LayeredNetwork + Iearn()
B num_hidden_layers RBFNetwork N .
i more_hiddens + ClaSSIerr()
+ LayeredNetwork() I+ RBFNetwork() # tOCIaSS()
+ LayeredNetwork() t+ RBFNetwork() # fromCIass()

# init()

(a) Neural Network Inheritance Heirarchy (b) Classier Collaboration Diagram

Figure 5.1: Classedrom the Learning module
Provide an adapter interface for reinforcemen learning

in somecasesthis is simply a cade of recent (non-training) input values,
their assaiated (estimated) outputs and a method of determining atarget

from thesevaluesfrom which to train
it is incorporated into the rest of the environment (Section 5.4)

more recent (complex) learning algorithms, howewer, require a more in-

volved adaptation

this is particularly true for continuous reinforcemen learning algo-

rithms (e.g. temporal di erence learning [14,46])

this is an extensionto the estimator, with the latter problembeingsolved
in an ad-hoc mannerfor the individual learning algorithms implemerted

(POMLearner, GradLearnerin Figure 5.4(a))

Provide an adapter for non-deterministic reinforcemen learning via classi ca-

tion
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the non-determinismis intended to make learning more fun and presen
the full scope of possibleaction during early training (i.e. without getting

stuck in a sub-optimal pattern)

it is a formalisation of what is sometimesdealt with by adding noise to

the training data, whereasherethe non-determinismis probabilistic

the implemertation is an adapterto the learning wrapper, in

class Classifier <DOMAINgigure 5.1(b))

Support training of the unique characteristics of the data being usedfor rein-

forcemen learningin this project

this was rst introducedin Subsectionl.2.3of the motivation and is one

of the main contributions of this thesis

the training needsto:
work for an in nite supply of examples,whosevalidity expiresover
time
work in the context of interactivity; that is:
wait for userinput beforeknowing a target to adapt the learner

attempt to be ertertaining (i.e. not completely predictable and

exploreall possibleactions)

cortinue to work and adapt if the user changestheir mind (i.e.

changesthe reward function)

work for discretetraining examples,which cannot be automatically

generated

work for the reasonablyunsophisticated(boolean)inputs of the sen-

sors
agenericframework isimplemerted in class Trainer <DOMAINRANGE>

ervironmert-speci ¢ modelsare implemerted aspart of the Sulley inter-

face
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The following requiremens apply to the implemertation of a concreteinstance of
the high level interface a Neural Network. Here the emphasisis on elegance,
exibilit y and extensibility, without obfuscatingthe simplecasesther libraries (suc

as Anniet) handlewell. It needsto:
Allow adjustmert of parametersat the neuronlevel

someof the latest training algorithms, sud asthe Vario- algorithm [36],
require the adjustmert of parametersin individual neurons previously
thought to be e ective as constarts acrossall neurons(or all neuronsin

a layer)
this alsoallows greater exibilit y for network construction

for example,it allows di erent transfer functions (or even functors?)

to be usedfor ead neuron

a polymorphic approad allows semartics not just parameters to be

customisedat the neuronlevel

this is implemerted in the inheritance hierarchy from class Neuron

shown in Figure 5.2

Automate, or simplify, the construction of diverseneuronsand their incorpo-

ration into a network

an extensible hierarchy using the factory designpattern allows the net-
work constructor itself to ignore exactly what type of neuronsare being

used

when diverseneuronsare not required, defaults are provided that can be

usedin a simplied mannerby the client

LAnnie - Articial Neural Network Library http://annie.sou  rceforge.net/ this is one of
the most elegar, free, C++ ANN implementations available

2This jargon term for a function object (essemially an instance of a C++ classde ning an
operator()(...) member and behaving like a function pointer) is becomingwidely used.
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Neuron

LayerNeuron

0
0
A
/ InputNeuron

# inputs
# weights

BiasNeuron

-V

i+ BiasNeuron() i set()
I+ output() I+ get()
t+ out() I+ output()
t out()

i+ InputNeuron()

#ins_sz
# func
# column

# prevWeights

Figure 5.2: Neuron Inheritance Hierarchy (extensible)

k- output()
i+ backPass()

I+ LayerNeuron()
I+ setTransferFunc()

HiddenNeuron

OutputNeuron

- oweights

i+ HiddenNeuron()
I+ error()
I+ setWeight()

i+ out()

t+ OutputNeuron()
[+ error()
I+ setWeight()

i+ out()

RBFNeuron

+ RBFNeuron()
I+ output()
t+ backPass()

this is implemerted in the inheritance hierardy from classNeuronFac-

tory, show in Figure 5.3

when a newtype of neuronis deweloped, a correspnding factory can be

inserted at the sameplacein the hierarchy

this allows a client to usethe new neuronswithout modifying the

neural network construction code

Provide an implemertation of the neural network itself (class Network)

the current implemertation usesgradiert desceh badk-propagation

RBF neuronsusethe RBF training rule

the Network interfaceand the RBF constructorareshown in Figure 5.1(a)
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Figure 5.3: Inheritance for the default, template Neuron factoriesimplemerted

Note that LayerNeuron is abstiact, and just representsthe common parts of
hidden and output neurons, so there is no correspnding factory for it

5.3.2 Learning Interface

There arealot of requirements and the focusis on exibilit y and extensibility rather
than e ciency. The result is a generaltool for reinforcemen learning (as well as
learning in general), which can (hopefully) adapt to future researti developmerts,
without drastic changesto client code.

The designchosenallows a variety of algorithms that vary widely in their imple-
mertation to be adoptedto the sametask. At the highestlevel, a GenericEstimator
(Figure 5.1(b)) allows a cliert to learn a function from an arbitrary domain to an
arbitrary range. It is the shell of the black box for a neural network, for example.
Training examplesare presered in successiorand an estimation of the function
output can be requested,given the function input.

A decoupledTrainer hierarchy isin dewvelopmen for more sophisticatedtraining.
Howe\er, for this project, establishedtraining methods could not be useddueto the
interactive nature of the input. For this reason,developmert of this aspect was not
pursued.

Speci ¢ implemenations will most likely restrict the domain and rangeto types
that their algorithm supports. For example,a neural network will learn a function
f:R™! R". The client needsto know the typeto presen the examples.Although,
for many typesthere are implicit corversions. Otherwise, the client can usetheir

own typesand write their own corversion operators.
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The Classi er adapter®, alsoshowvn in 5.1(b), adaptsestimatorsfor usein classi-
cation. It adaptsa GenericEstimator from somearbitrary domain, A, to a vector
of realsto learn a function g: A'! f1;2;:::;ng, wheren is the number of classes.
A simple probability distribution is usedto determinethe classby maximum likeli-
hood. There is alsothe capability to report a variety of statistical measuresaswell
asa query for the underlying evidence.

For the non-deterministic learning usedin the gamesimulations, a classcan be
chosenprobabilistically. This is usefulbecauset givesan elemem of unpredictability
to the userand allowsall possibleactionsto be explored. For example,the usermight
not know they wish the toy to do a particular thing in a particular environmern,

unlessall actions possiblehave beenperformedin that environmert.

5.3.3 Neural Networks

The neural network implemertation is alsodesignedto be exible and extensible. It
is a departure from the traditional implemertations of neural networks implemerted
using matrix operations (in the mathematical sense). This would remove the ex-
ibility of fully customisinga neural network. Instead, most of the calculations are
deferredto the neuronsthemseles, which can be constructed on an ad-hoc basis.
More details about the implemenation will be descriked in Section6.2

Three neural network templates are implemerted, as shovn in 5.1(a). The de-
fault Network implemerts a badkpropagation(Hop eld) neuralnetwork with a single
hidden layer. It ts into the learning interface by extendingthe functionality of an
Estimator in the function domainR" ! R™.

LayeredNetworks provide badkpropagation networks with multiple layers. These
networks were not usedfor this project. This is becausehey require a large amourt
of data to train and, for our purposes,would be prone to extreme over- tting due
to their large number of free parameters.

Radial basisfunction networks were alsoimplemerted (RBFNetwork). The net-

work itself is merelya constructor the RBFNeuron (Figure 5.2) doesthe interesting

3That is, an instance of the adapter designpattern.
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work. Thesenetworks are well suited to the needsof this project dueto their ability
to train on relatively few examples.However, their suitability for classi cation and,
perhaps, non sensicaldata (that is, where small changesin state may have vastly
di erent actions) hasnot beendetermined.

To create a network, a client can specify the number of neuronsin ead layer
and a set of factoriesto generatethe features of neuronsfor ead layer. The default
factories provide neuronswith sigmoid transfer functions, momenum, a constart
learning rate and a few other defaults. With the default factories,a client needonly
specify the number of neuronsin ead layer.

A client can derive the relevant classin the factory hierarchy (Figure 5.3 to
provide neuronswith customisedparametersand semairtics. For full customisation,

a client caninherit from the network itself.

5.4 Sulley Interface

5.4.1 Requiremen ts

The Sulley interface is the cortroller for the Smart Toy part of the software. It

needsto abstract the following functionality:
A certral controller to coordinate state (class SulleyBase)

the cortroller is derived for inputs via either the hardware interface (par-

allel port) or through the keyboard
the latter is provided for debuggingand initial simulations to exper-
iment with collalboration

a similarly implemerted derivation could provide a virtual Sulley
with Al (future work)
the inputs provide one part of the information fed into the learning

algorithms

The state is the environment usedas part of the reinforcemen learning

algorithms
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the inputs and feedback from the simulation cortinuously update the
ervironment

the ervironmert is then usedasthe input to the learning algorithms
A way of informing whethera behaviour wasgaod or bad (class SulleyLearner )

this hooks into the reinforcemem learning algorithms via derived classes

this information and the current state is usedto derive a reward function
A way of triggering actions, basedon the current state (class SulleyActor )

this hooks into the various applications (e.g. games)via derived classes

(Figure 5.4(b))
An architecture for the coordination of thesecomponerts

it needsto leveragethe functionality provided by the learnersfor the
unsophisticatedinputs (and state held within the Sulley) to maximise
the e ectivenessof the estimated output in order to trigger particular

actions

5.4.2 Reinforcement Learning

Reinforcemen learning aspects of the project that were not able to be generalised
(i.e. to the genericarchitectures) were encapsulatedn the Sulley classes.There are
three hierardhies.

Classedleriving from SulleyBaserepreseh the ervironmert (state and percepts)
available to a Sulley agen. There are currently two leaves onemonitors percepts
from the hardware interface and parallel port, the other monitors the keyboard for
percepts.

A Sulley agert can have any number of SulleyActors, which represem the ac-
tions that can be performed by the agen. This is the secondhierarchy. For the
experimerts in Section7.3, a SulleyMazeis derived from SulleyActor to represem

the turning functions (seeSection7.3 for an explanation).
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SulleylLearner
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(b) MazeSulleyCollaboration Diagram

Figure 5.4: Classedrom the Sulley interface

When an action is added, a learner for that action is also required. A learner

can correspnd to more than one action, a single action can have multiple learners,

and di erent learnersare permitted to produce di erent actions when presened

with identical state. This is the nal hierardy, individual learnersfrom the generic

interfacesare adapted for reinforcemen learning.

The SulleyLearner base classimplemerts most of the functionality for infer-

ring the learning rule basedon the obsenable state (referencingan instance of

SulleyBase)and reward. Reward can be applied through the learner, through the

SulleyBaseto all learnersor through the SulleyBaseto an individual learner. For

this project, choicesfor reward are deliberately restricted to be gaod or bad (or no

reward).

POMLearner implemerts the modi ed Q-learningalgorithm discussedn Section
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6.3.2 SulleyGradLearneradapts neural network-style (i.e. function estimation)
learnersto reinforcemen learning tasks. For the latter it, is also possibleto begin
training the network in a separatethread. Howewer, concurrer, non-interactive

training in the badkground was found to be detrimental in initial tests.

5.5 Applications

In the context of a Smart Toy, this project looked at gamesasthe main application.
Many feasiblegameswere not exploredin depth due to time constrains and are
discussedn future work. The gamedewlopedin full is primarily for the evaluations
in Section7.3. Howe\er, the requiremerts that follow are desirableto have for any

game.

5.5.1 Requiremen ts

To assistthe qualitative evaluation of the fun factor of the toy, and demonstrate
the functionality of the hardware, somegamesarerequired. Exactly what the games

areis not a speci ¢ requiremert, but they should:

Try to befun
Usethe reinforcemen learning techniquesand interfacearchitecture e ectively

Allow the reinforcemen learning techniquesto be ewaluated

While not donefor this project due to time constrairts, the gamesin a nal Smart

Toy should also:
Useonly the inputs and outputs of the Smart Toy (i.e. don't usea VDU)

a VDU is currenly usedbecauseof the limitations of the currert inputs

and outputs implemerted sofar

Provide auditory feedba& through the Smart Toy
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the software for this is implemened (a WAV le is an action that is

triggered in the sameway as one of the LEDS)

Other possiblegamefeaturesare discussedn future work (Section 9.2)

5.5.2 Maze Simulation

The maze simulation, and the encapsulatedactions (turning), is implemened as
a subclassof SulleyActor. This is the manner by which all applications can be
implemerted. The simulation starts by randomly generatinga mazeand placing a
goal at the end of the longestpath through the maze. More about the simulation
is discussedin subsection7.3.4 along with a walkthrough of its operation in the

cortext of the experimerts.



Chapter 6

Software Implementation

This chapter discussessomeimplemertation details of the software componert of
the system. It coversthe software libraries and algorithms that were used, along
with any modi cations madeto them for this project. Finally it has a brief look
at the code organisation. A more thorough treatment of the API is left for the

appendices.

6.1 Parallel Port Interface

The ParaMon classis a wrapper around Elson'sPARAPIN library [16]. The library,
written in C, provides a pin-level interface for getting and setting the parallel port

registers. A wrapper for the library wasrequiredfor a number of reasons:

It givesan object-orierted interfaceto the hardware

it encapsulatesthe polling execution thread, allowing clients to be noti ed

with callbadks

it maintains a history, from which pin volatility (debouncing and shaking) is

determined

the result is that it givesthe booleansensorsa third state changing

a more granular scaleof the volatility is also possible,basedon changes
in recent history (if the pin is in either of the changingor volatile states)
58
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6.1.1 Hardw are Interface Con guration Parameters

This subsectiondescrikesthe adjustable parametersin the interfacethat a ect the
experimerts. The default settings (the settings used for the experimerts) are in

bradkets.

VOL_WINDO W (3) This is the sizeof a volatility block usedto determinethe
stability of a particular pin. A block is volatile if the valuesare not all equal.

Increasingthis value makesthe interface lesssensitive, and increasedatency.

HIST LEN (9) This is the amourt of history kept. The rst three blocks are
usedto determine whether a pin is volatile or changing (see Section 5.2.2),
so it must be at least three times VOL_WINDO W. If it is more, a longer
history is kept for eat pin, and the rangeof the (granular) volatility function

is increased.Increasingit doesnot e ect the latency.

trigger_v ol (false) If this is true then callbadks will be called when a pin enters
the volatile state. Usually they are ignored. When it is true, an additional

call is alsomadeif the pin settlesbad to its old state.

microp oll (20000 s) This is the polling interval. It wasdiscussedn 5.2.2

6.1.2 General Notes

Initialisation of the PARAPIN library must be donewhile the e ective UID of the
processsroot. If the programis setuid and ownedby root, or if the real UID is root,
then this is automatic. This initialisation occursin a static initialiser asseiated with

the wrapper, to initialise the library beforemain() is called.

6.2 Generic Learning Algorithms (GD and RBF)

Although Gradient Desceh and Radial Basis Function neural network algorithms
and data structures were fully implemerted for this project, the interesting aspect

is the design of the implemertation. It wasthe designthat allowed the techniques
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| sulley.cc | | sulleylearn.cc |

[ sulley.cc | | sulleylearn.cc | \ /
| sulleylearn.h | | neural.cc|
| sulleylearn.h | | neural.cc | neural.h

/
| factories.h | | neurons.cc |

| neural.h | | training.h | \ /
\ |neurons.h | | nnfunc.cc |

learn_base.h nnfunc.h

(a) Genericlearning (b) Neural Network learning

Figure 6.1: Files that directly or indirectly include learning functions

to be easily incorporated into the reinforcemen strategies. This was discussedin
Section5.3.

An indication of source-cde dependenciedor the learning framework is showvn
in Figure 6.1 This should give someindication of architecture interdependencies.
For more detail, refer to the API in the appendix. For details on how the GD NN
was implemerted refer to Baird [22] and Sima et al. [44]. For details on the RBF

network, referto Orr [37,38].

6.3 Reinforcement Techniques

This sectiondiscusse$iow the learning and reinforcemen techniqueswereleveraged

in order to meetthe requiremerts of the Smart Toy learning model in this project.

6.3.1 Reward Mo del (good Sulley,bad Sulley)

One of the most crucial elemens of any RL technique is the concept of reward.
Without someway of calculating reward, there is no way to determinewhich actions

are bene cial. Many RL techniquesare designedto work with cortinuous reward
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functions. However, for this project we do not want somekind of dial® for the user
to operateto indicate how the toy is performing. Not only would this be impractical
on adoll and violate one of the designgoals(seeSubsection3.1.6, but it is unlikely
that the user could reliably and consistetly distinguish betweendi erent levels of
goodness .

For this implemenation, a tri-state reward systemwas chosen. That is, the
reward is one of good, bad or indi er ent?. By modifying learning parameters, it is
also possibleto learn using only gaod and indi er ent. Howewer, a larger degreeof
non-determinismis required (even after lengthy training), which may frustrate the

user.

6.3.2 Modied Q-learning

The Q-learningalgorithm discussedn Subsection2.1.3wasmodi ed in the following
ways:

Rather than choosethe optimal action, the action is chosenprobabilistically. The
probability of choosingan action from a particular state is equalto the quotient of
the Q-value correspnding to that action and the sum of all Q-valuesfor that state.
This allows multiple actionsto be learnedfor a single state.

Rather than usethe value to explore the state space,an upper limit on the
Q-valuesis imposed. Any increaseof a Q-value that goes beyond this limit is
distributed ewvenly over the other actions for that state. The limit is derived from
the current sum of Q-valuesin that state. This always keepsa proportion of the
actions available as alternatives, and seres the user with a portion of variety. It
allows the userto seewhat actions are available, should they decideto changetheir
reward function.

For the reward itself, the value of r is simply setto 1.0 for a good reward, and

1.0 for a bad reward. If no reward is given, no update occurs,rather than using

1A button to say look at the dial now would probably also be neededso that learning is not
led astray. It would be neededbecauseit is unlikely that a userwould be conscietious enoughto
update the dial after every action.

20r, equivalertly, ignore, dorit care, not training, etc.
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a reward of 0:0 (regular Q-learning will still alter Q-valuesif the reward is 0:0). It
is alsopossibleto reducethe learning rate and apply a negative reward in the latter
case,to simulate somekind of decg. This would be especially useful if the bad
perceptwasremoved. Howeer, I'm not satis ed that decay is actually somethinga
Smart Toy should do, sothis was not investigated further.

An experimert was designedto test thesemodi cations. The procedure,results

and analysisare in the sectionsthat follow.

6.3.3 Applying to Neural Networks

From a client's perspective, a neural network is essehally a function estimator. All
that remainsto do, then, is formulate a bijective mapping from the environment
I action function domainto the R" ! R™ function domain of a neural network.
With the interfacesprovided by the genericlearning framework implemerted for
this project, this wastrivial to do.

Actions wereerumerated, and the state represetation waspreseted as-isto the
Classi er ADT to determinethe optimal action. For training a good reward, the
output dimension correspnding to the chosenaction is 1.0, and the rest are 0:0.
For training a bad reward, the chosenaction is 0:0 and the rest are %

Thorough ewaluation of this architecture was not carried out. There are some
obsenations of its usein Section8.3. Early testing determined that, for gradier
desceny a singlehidden layer of 4-5neurons,a learning rate of 0.1 and a momertum
of 0.9 was e ective when the state was small (as it wasfor the modi ed Q-learning
experimerts). For RBF networks, a learning rate of 0.4 and a number of RBF

neuronsequalto the dimensionof the input state gave promising learning trends.

6.4 Tools

For random numbers, Jenkins' ISAAC random number generator was used [26].
Nothing about it makesit particularly suited for this project. Howewer getting a

random number from it is about v e times faster than x = ax + b mod p, three
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cstddef stdlib.h sys/time.h

random/ccisaac.h

vector iostream

map .

maze/maze.h

valarray cc++/thread.h string

neurons.h

cassert | learnbase/learn_base.h | |factories.h | |su|leybase.h |

neural/neural.h

sulleymaze.h

| sulleylearn.h | | sulleyi

S

sulley.cc

Figure 6.2: Include dependencyfor Sulleycc (main())

times faster than RC4, and it is cryptographically securewith no bias®. The C++
version adapted by Quinn Tyler Jadkson was extendedby me for someadditional
functionality.

For threads, the GNU Common C++ library4 was used. It has a decadetly

elegan pthread® wrapper.

6.5 Source Structure

The entire systemis implemerted in C/C++. To corvey someoverall structure of
the implemertation, an include dependencygraph for the systemis shavn in Figure

6.2 For details, refer to the appendix.

3Sowhy not useit?

4GNU Common C++ http://www.gnu.o rg/ soft ware/ commoc++CommnC++h tml

SAnyone still using pthreads directly in C++ code should be slapped. The socket library in
CC++ is alsoworth alook and is similarly ful lling.



Chapter 7

Experiments and Results

This chapter introducesthe method usedto test and evaluate the system. It dis-

cusseghe experimertal procedureand preseits obsenations and results.

7.1 Testing the Hardw are (Sensors)

This wasrelatively straightforward. The Sulley doll was connectedto a PC running
Linux and all the sensorswere tested while the program was running. The hard-
ware monitor running in debugmode prints a messagedo stderr wheneer an input
changes.A simple client waswritten that allows individual pinsto be set manually

via the keyboard in order to test the feedbagk.

7.1.1 Tilt Sensors

Tilt sensorswere tested by slowly tilting the doll on all its axesand by shaking
the doll. Rotating the doll alongall horizorntal axescausedspeci ¢ pairs of the tilt
sensorgo alter their value. No obvious correspndencebetweena left/righ t tilt (or
a forward/backward tilt) and a single sensorcould be determined. Howeer, this
is not a problem as the aim was always to learn this corresppndencethrough RL.
The vertical axis, yaw!, causedno change,as expected an electronic compassor

similar would be required to detect this movemen.

LOriginally an aviation term for turning an aircraft while remaining in the horizontal plane (i.e.
not tilting).

64
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7.1.2 Light Sensor Array

The light sensorwas adjusted (using the potentiometer) until the sensorwas low
when in direct light and high when in shadav. The lighting for testing was a
computer lab with good uorescert lighting. This level of lighting or above (e.g.
sunlight) shouldkeepthe sensorat the low value. Repeatedexperimerts on di erent
days were conductedand the sensorwas found to consisterly go high when placed
in shadav, either by a hand or by inverting the toy sothat the sensorswvere not in

direct light.

7.1.3 Squeeze Sensors

The squeezesensorswere all tested before being inserted into the doll, as well as
afterwards. The testing before insertion was to ensurethat the padagesdid not
obstruct the action of the microswitch and that they required an appropriate level
of pressureto activate. The results were satisfactory all three switchesresponded
to light pressureand were able to resetthemseles.

Onceinserted into the doll, the wrist squeezesensorcortinued to maintain its
responsiveness. Howewer, the squeezesensorsin the torso were further from the
surfaceof the doll. This madethem harderto read by humanhands,andthe stu ng
was too soft to transfer enoughpressurefrom a cuddle . This is an unfortunate
consequencef using a plushtoy a morerigid doll would be able to have sensors
closeto the surfacearound the torso.

Howe\er, the sensorsverestill ableto be activated. Gertly probing with ngers
to discover the padkage causedactivation, asdid a (very) tight squeezeof the torso
in the appropriate location. There were no problemswith the switchesremaining
activated after a squeeze.That is, they always deactivated when the pressurewas

released.

7.2 Testing the Hardw are Interface

The history window sizeand poll interval of the hardware monitor had to betwealed.

Although these parametersare not spectacularin their own right, sensiblevalues
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still neededto be chosen. If the valuesare inappropriate, the user experiencewill

be adverselya ected.

7.2.1 Polling Interval

A large poll interval increaseghe latency betweenphysical activation and triggering
of callbads in the software. Poll intervals belov about 20mshave no e ect because
of systemcall overheadand processsheduling.

In my tests, latency was found to be most undesirable. When it wastoo high,
a sensorcould be squeezedat normal speedand only ever be agged as volatile in
the software. For this reason,a value of 20mswas chosenfor the poll interval to try
and minimise the latency. Below this and the latency (now small) was inconsistert

dueto processsdeduling.

7.2.2 Windo w Size

A window size that is too large meansinputs will take a while before they are
reported as stable. A window size that is too small meansthat inputs may be
reported as changing value twice, when the user only intended to changeit once.
There is a tradeo .

The window sizewas decidedinformally. Again latency wasanissue the longer
a smooth activation is volatile, the higher the latency. A history of the nine most
recent valuesis kept, and analysedin groups of three. If the valuesin the most
recen three are not all equal, the value is reported as volatile; unlessthe values
either of the other two groups of three are also volatile, in which casethe value is
reported as changing

The value is also reported as changing if the valuesin the most recert group
are all equal, but do not match the most commonvalue in the other two groups.
There are other casesto ensurethat a changing sensordoesnot uctuate between

changing and volatile in a normal activation. The pattern will always be:
stable! volatile! changing! stable; or

stable! volatile! stable
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wherestableis either high or low for eat instance(in isolation). This con guration
was found to successfullydistinguish normal transitions, sud as a gradual tilt or

squeezeand rapidly changing transitions, sud aswhenthe doll is shalen.

7.3 Learning Experiments

Performanceof the individual learnershasbeenwidely researbed[37,44], sothe be-
haviour of theseparticular implemertations wasnot investigatedfor normal training,
beyond determining that the implemenations actually work. What wasinvestigated
was how the learnersbehare for the unique applications of this project.

Still, the number of facetsof a Smart Toy that can be ewvaluated is enormous.
This project focusedon a singleareafor evaluation. Other possibilitiesare discussed
in future work. First | will presert the motivation for choosingthe aspect that was

evaluated.

7.3.1 Motiv ation

The ultimate evaluation goal of a Smart Toy would essetially beto determine is it
fun? 2. When Intel and Mattel combined forcesto delve into the Smart Toy market,

this wastheir rst of their ten goldenrules for a worthy toy [9]:

Fun is synorymouswith toys. Unlessa toy deliverswell on fun, nothing
elsematters. There currertly is no IEEE standard that providesan ob-
jective and scierti c measurefor fun, but focustesting usually provides

a good idea.

Direct evaluation of the fun metric is beyond the scope of this project. Instead,
this paper looksinto ewvaluating someaspectsof what will evertually (hopefully) help
a Smart Toy to becomefun. Speci cally, is the learning e ective. Beforegoing any
further, it remainsto attempt to de ne exactly what | meanby e ective learning,

in the cortext of fun.

20Others may arguethat the real evaluation criterion would be will this make money? . For the
sake of researd, this aspect will be put asidefor now.
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Figure 7.1: A Furby after beingtaught a lesson

To begin, an example: the Furby. My sister got a Furby a few of yearsago. A
Furby is not fun. It's irritating. If it didn't have a go to sleep percept, it would
have beenquickly adoptedasan expensiwe, hairy cricket ball. With ears. In fact, it
lookslike someonébeat meto it (Figure 7.1). From my own experience,what made
it soirritating wasthe frustration involved with getting it to learn.

The padkagingpromisedatoy that would learnto talk, andlearnactionsthat you
couldtead it. In practice, it respondedto xed sequencesf inputs sud as touch
this, prod that, ip me, ip me, ip me, cover my eyes ,to produce xed responses

usually an utterance in Furbish®. Howeer, the longer you spert prodding it (i.e.
days) the more of its vocabulary it would utter. That is, until the batteries ran out
(i.e. the day after). This prolongedand tedious learning was the main source of
frustration. It is unlikely that the toy actually learned at all [40].

Sothe ewaluations conductedin this project focusedon whether the learningwas
fast. In this way, the focusof the fun becomesot how you tead the toy, but what
you cantead it. In other words, a child shouldnot su er angsttrying to determine
how to tead the toy, but instead be able to explorewhat it can do.

Howeer, it is not enoughto simply learn a policy early and stick to it. It is also

necessarnto adapt to a new policy, should the user changewarnt to train the toy

3The languageof a Furby, whosevocabulary includes phrasessud as ah-may koh koh (pet
me more), noo-loo (happy), mee meea-tay (very hungry) and dah doo-ay wah (big fun).
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di erently. A useful consequencef this type of evaluation is a demonstration that
the learning actually works. That is, a correspndencebetweenthe state and the

next action will be shown.

7.3.2 Challenges

The challengesthe learnersthemsehesfacedhave already beendiscussedn Section
5.3 This subsectionaddresseshallengesparticular to designinga meaningful ex-
perimert to evaluate the reinforcemen learning taking place. In many casesthese
challengesare consequencesf the challengesalready mertioned.

The rst thing to consideris someway of corveying the state The number
of states goes up exponertially with the number of sensors both physical and
simulated and the history that is kept (e.g. the last n actionstaken, or the last m
valuesof all sensors).For this experimert, the number of distinct stateswasreduced
to four in orderto highlight saliert featuresof the ewvaluation. For thesefour states,
three possibleactions were allowed by the Sulley agen.

It is alsonecessaryto convey a decisionbeing made, while in a particular state.
To accomplishthis, for every decisionmade during the simulation, the toy is told
whether it was good or bad. This is not necessaryin order to cortinue making
decisionsbut allows decisionsto be highlighted aswell asindicating at what points
training occurred.

The discretenature of the data wasfound not to make plots that are clearwhen
a lot of changesare occurring. To aid the visualisation of the training progress a
correspnding plot with points estimated (badly) with a beziercurve is alsoshawn.
The bezier plots have little quartitativ e merit  they primarily sene to make the

correspnding linesin the distinct plot easierto trace.

7.3.3 Plots

The passageof time is crucial to this kind of evaluation. Time is chosenfor the
horizortal axis. Whene\er the time is anintegral number, the action that hasbeen

decided(for the current state) is carried out. In terms of real time, this occurred
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ewery 10 seconddor this simulation. Non-integral time valuesincreaseby 0.1 units
wheneer the state changes,or when a reward/punishment is given. This always
occurredfewer than nine times in any ten secondinterval for this simulation. These
increasesare purely for the information visualisation.

The individual plots eat correspnd to a particular state. When the state
changes,data is plotted on a dierent plot. That is, only everts that occurred
in the state correspnding to a particular plot are shavn in that plot. All plots
correspnd to the samesimulation, conductedat the sametime. The four states
are tilting left (Figure 7.3), tilting right (Figure 7.4), upright (Figure 7.6) and
inverted (Figure 7.7).

Vertical lines (impulses) correspnd to instanceswheretraining occurred. Solid
vertical lines demarcateinstanceswherethe toy wastold that it was good . Broken
vertical lines demarcateinstanceswherethe toy wastold that it was bad . Because
training occurs at least oncefor eat time incremen, the lines also shov at what
times the simulation wasin a particular state.

The plotted lines ead correspnd to a single action that Sulley can take. The
solidline is turn left, the dashedline is turn right and the dotted line is continue
forwards . The vertical axis correspndsto the probability that a particular action

will be takenin the state correspnding to that plot at a particular time.

7.3.4 Maze Simulation

To encouragetraining in a realistic scenario,a simple gamewas formulated. It had
to be simplein order to cope with the reducedstate and limited choice of actions.
The choice was a maze,whosecorrespnding semartics (i.e. turning corners)gave
namesto the actionsthat could be taken.

The mazeis displayed astext. The mazeat the end of the simulation is shovn
in Figure 7.2 Pipe characters(|) and dashes(-) represen the walls of the maze.
The letter o shaws the path taken through the mazeby the agert while training
was conducted concurrerily. If the agert had to badtrack through the maze(i.e.

after reading a dead end) it would be marked with a . . The numbers were
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Figure 7.2: The mazeexploredduring the experimert

(numbers are placed at 10t intervals; $ is the gaal and the starting point is
middle-left)

inserted manually to showv the progressof the agen, ead correspnding to ten
time intervalsin the plots.

The aim of the gameis to read the goal ($) towards the certre of the maze.
Standardmazerulesapply (e.g. you can't passthrough walls). If the agert attempts
to turn in a direction that is blocked by a wall, the closestvalid direction is chosen,
with preferencefor a clockwise alteration to the target direction. Play starts at
certre of the left boundary of the maze.

The user(player) attempts to direct the agert by putting the sensorsn the state
that they wish to correspnd to a particular direction. However, there is initially
no correspndencebetweena given state and the action chosen the rst action is
chosenrandomly and ead action beginswith equal probability of being chosen(as
seenin the plots at = 0). In order to teadh the agert the mapping the userwishes
it to have, the agert must be trained.

Training is accomplishedby rewaiding the agert whenthe action chosenmatches

that to which the userwishesthe current state to correspnd. If it doesnot cor-
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respond, the agert can be punisheal. The useris always shavn the action that the

ager is alout to take (i.e. at the next time incremen).

7.3.5 Experiment Script

A rough script was followed (by me) while conducting the experimert itself, as
follows.

Whene\er the agert is goingto make a decisionthat doesnot correspnd to the
action | want it to perform, | repeatedly punish the agen. Whene\er the agert is
going to make the correct decision| reward it. | reward it exactly oncefor eath
time incremen (i.e. for ead decisionmade), but more than onepunishmen canbe
dealt in a singletime incremert.

From time t = Oto time t = 40, | try to train tilting left to correspnd to
turn left, tilting right to correspndto turn right and upright to correspnd
to continue forward . | newer enter the state inverted in this time interval.

From time t = 40to time t = 69 | reversemy policy. That is, tilt right
to turn left, and left to turn right; and invert to cortinue forwards, with upright
correspnding to nothing. This was to demonstratewhether the algorithm adapts
if the userdecidesto adopt a new policy.

In Figure 7.3 there is also an anomaly at about t = 8. Here, | unintentionally
rewarded a continue forward decision,when| should have punishedit. Howe\er,
asshall be discussedn the analysisfor the delikerate changes,the algorithm is able

to recover quickly.
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Chapter 8
Analysis

This chapter analysesthe experimert from the previoussection. It also preseits an

analysisof the hardware and discussesomegeneralobsenations for the system.

8.1 Learning Results Analysis

This sectionanalysesthe plots of learning state over time from the previoussection.
There are no properties of a particular state that distinguish it from any of the

others. The statesare only addressedseparatelyto highlight speci ¢ examples.

8.1.1 Initial learning (t < 40

Here Figures 7.3, 7.4, 7.6 and 7.7 are being considered. The corresmpnding percept
states will be referredto astilt left, tilt right, upright and inverted, respectively.
The initial intended actions are turn left, turn right, go forward and unmapyged,
respectively. The squeezesensorin the paw was mapped to gaod and one in the
torsoto bad. Tilt is determinedby the three tilt switches.
All actionsbeginwith equalprobability of being chosen(there are three, so33%
ead). Tilt right isthe rst state enered (i.e. Sulleyis physically tilting to the right)
Figure 7.4. This state is ertered becausehe rst cornerin the maze(Figure 7.2)
isaturn to the right.
The rst action chosenhowewer, is go forward. This is not what is intended

by the teacher (me). The rst vertical line is broken, so this indicates that a bad
79
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reward wasgiven. The probabilities of the actionsthat it did not just choosearethen
increased. Becauseof this bad reward, go forward now has the lowest probability
for this state while t < 40.

A decisionis made again, and this time go right is chosen. This is correct, soa
gaod reward is awarded. After the update, go right now has appraximately a 57%
chanceof being chosenin the tilt right state. This is very early learning, soit is
rapid.

Immediately following this decisionis a left turn in the maze,so Sulley is now
tilted to the left. Now in state tilt left, go forward is again chosen(by chance)and
a bad reward is given. The seconddecisionis correct, soa gaod reward follows.

After this training, the go left and go right actions are now chosen correctly
(mostly by luck) asthe agert navigatesthe mazewith the help of the teadher. The
exceptionis at about t = 7 wherea go forward was rewarded as gaod while in tilt
left. This wasa mistake! by the teacher. Howeer, subsequentraining is ableto x
the mistake quickly.

The training for upright is not so lucky. For example,at t = 9, two wrong
decisionswere punished. Howeer, probability evertually wins out and go forward
is successfullylearned. The inverted state was not ertered in early learning - so

probabilities for all actionsin this state remain equal.

8.1.2 Changing the optimal policy (t > 40)

At t = 40, | decideto change my mind about the optimal policy. My world is
e ectively inverted completely | want tilt left to choose go right, tilt right to
choosego left and inverted to choosego forward. Most of the changesoccur for
40 t < 55sothis rangeis zoomedin for Figures7.5and 7.8.

The script is the samefor the old policy, but with di erent targets. Repeated,
bad rewards quickly reducethe probability of the old action being chosen. Note
that relative probability between unchosenstates remains consistem, until oneis

targeted.

LOriginally unintentional, although it servesto demonstrate another facet of the learning.
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There is someturmoil while the new policy is being learned. Howeer, within
about thirt y secondsthe new policy is learnedand adopted. The newtarget action
for ead state is able to be ltered out with the good and bad rewards in concert

quite successfully

8.1.3 Summary

The experimert wasan extremesimpli cation of the capabilities of the learnersand
the hardware. This was in order to highlight a single aspect and presen detailed
state and decisioninformation in a clear manner.

From the plots and analysisit can be seenthat with this simple example, it is
relatively straightforward to teach an initial policy as well as changethe optimal
policy during training. Policiesare learnedquickly, and the agert doesnot get stuck

choosingany particular action.

8.2 Analysing the Hardw are

Somethorough user studies are required to fully analysethe hardware, and some
guestionsthat needto be asked are included in future work. This section cortains
my own experienceswhile using the interface device.

The tether is de nitely a drawbad. It restricts the range of movemen and
e ectively tethers you, also, to the computer. A longer cable might resohe the
latter problem, but for a true companionthat can be carried around and remains
smart, a wirelessor microprocessorsolution would be needed.

Despitethe frequert polling and small window sizes latency is still noticeable. It
is most noticeablefor reward-giving. However, this is basedon immediate feedbak
from the click that the microswitch makeswhenit is depressedA truly embedded
sensorwould not click, and the latency is small, so not knowing exactly when the
sensoritself changedmight minimise perception of the latency.

The sensorsall worked adequately However, moresensorswith a ner scalethat

do more interesting things are certainly desirable. The current forms of interaction
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are quite limited. Howewer, sound may prove to be e ective for a new level of

interaction, sothat attention on enhancingthe sensorscan be delayed.

8.3 Other Observations

Neural network tests were compiled, but time constraints prevernted their full explo-
ration and experimertation. Howewer, the testing code outputs an indication of the
training progress at leastto conrm that it works.

Gradient desceh networks with two or more hidden layers were found to be
undesirable. Training newer settled, and the best that could be achieved for the
simpli ed problemusedin the main experimert, wasabout a 60%chanceof choosing
the desiredaction. It is likely that the large number of free parametersdid not suit
the simple model. Perhapsmore complexmodels may be better suited. It was also
hard to geta largenumber of training examples;soto getthe 60%,repeatedtraining
epochs were carried out in a badkground thread.

Howewer, the badkground thread was found to be unsuited to networks with a
single hidden layer, so this may also have been a factor in the poor initial per-
formance of networks with more layers. The badground training is undesirable
becausestandard neural network stopping criteria all attempt to minimise the error
for the singlebestresult. This meansanother abstraction layer is requiredto adapt
multiple actionsfor a single state.

Furthermore, becauseerror is minimised and error valuesoften have no theoret-
ical derivation, it is alsohard to prevent the network becomingstuck With a single
hidden layer trained in the badground this was found to be a major problem. It
meart that the network wasunableto adapt to a new policy, shouldthe userchange

his/her mind about the reward function.



Chapter 9

Future Work

This chapter discusseghe future of the project. It addresseshow aspects of the
hardware can be improved, how new learning techniquesmight be incorporated and
the variousfuture applicationsof a Smart Toy. It alsoproposesarangeof techniques

that might be usedto evaluate the systemfurther in its currert state.

9.1 Hardw are

The hardware in its current state is relatively limited from a sensorystandpoint.

Howe\er, using a plush toy and wanting to maintain its cuddy nature imposessome
restrictions on the hardware developmert. For example,it is unlikely that motorised
actuators will ever be incorporated except, perhaps, for small movemens sudt as
the eyes. More sophisticatedmovemern would require rigid limbs, which would be

di cult to hide from the user.

9.1.1 Sound

This extensionto the hardware should not be too dicult to accomplish,due to
existing redundancyin the hardware design(i.e. sparewires). Adding a spealer
would allow virtually limitless possibleactions, which could all be learned. It also
allows the visual display of a computerto be taken out of the equationertirely, and
encouragesmore natural commnunication with the user. A microphone and voice

recognition, howe\er, is a bit further o due to the current state of technology.
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9.1.2 Smart Material and Pervasive Transducers

This was rst touched upon in Section3.1.6 Current Smart Materials include
actuatorsthat areableto ex in afashionsimilar to that of muscle,aswell assound
emitters and sound detectors. Incorporation of smart materials and other sensors
that pervadethe toy would keepa plush toy's original function mostly intact. That
is, there would be no hard sensorghat disrupt hugging, nor may the userneedever
be aware that they are actually triggering the toy's sensors. This adds further to
the mystery of a Smart Toy, and may make it seemewven more intelligent.

Other sensorssud asall those cortained within an Aib o (seeSection2.2.3 can
alsobe addedto the hardware. Howewer, many of the sensorsand particularly the
actuators, may impedethe plushnessof the toy. Increasingthe number and typesof
sensorhas an obvious bene t it nurtures more complexand involved interaction
betweenthe userand the toy. It alsoincreasesthe dimensionof the environmen
from which inferencescan be made, allowing moreintricate mappingsbetweenstate

and action.

9.1.3 Wireless Comm unication

The wirelesssolution initially proposedfor this project was not pursueddueto time
constrairts and an already sizeablescope. This is de nitely somethingthat should
be pursuedin the future. Other projects [27] and my own obsenations have found
a tethered solution to hinder the typesof interaction that occur, aswell asthe user
satisfaction. A wirelesscommnmunication devicewould remove the needfor a tether
and on-board processing.

Howewer, commnunication shouldnot be limited to that betweena Smart Toy and
its host PC. Collaboration between Smart Toys would alsobe an interesting averue
to pursue. Sud collaboration greatly increaseshe kinds of applications for which
a Smart Toy can be applied. For example, collaborative gamescould be played
betweenyou, your neighbour and eat of your Smart Toys. For sud an application,
howewer, a host PC is unlikely to be a suitable arbitrator. Collaborative gamescan

happen anywhere, so an ad-hoc commnunication protocol, and on-board processing,
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would alsoneedto be incorporated.

9.1.4 Power

Power consumptionis a big problemthat needsto be addressed.This is particularly
true for wirelesssolutions. A particular frustration of the Furby wasthat you could
spend a few days teadhing it, but whenthe batteries ran out (which was quite socon
afterwards) anything you taught it would be lost.

A sophisticated solution with a syndironised PC! or non-wolatile memory for
example, could be usedto solve the memory problem. Howewer, there is still the
issueof powering the mobile device. A battery addsto the weigh of the toy and
may impedesomeof the plush toy interactions.

The tethered solution for this project managedto skirt the power problem. How-
ewer, future dewelopmens will needto considera reliable, on-board power source
to be truly wirelessand autonomous. Although, at this point, increased nancial

expensemay alsobecomean issue.

9.2 Applications

Gamesare the primary application for a Smart Toy. Although, becauseit is es-
sertially still just an HID, there exist a wide variety of non-gameapplications that
could be applied to the toy. The sensorabstraction should make this quite easy

Howewer, gamesare the primary focus.

9.2.1 Computer-arbitrated games

This is the current gametype that hasbeendeweloped (although the current game
is quite limited). Future computer-arbitrated gamescould involve the manipulation
of a graphical avatar to enhancethe gamepla. Howewer, this would take the focus

away from a fully autonomousSmart Toy.

A la the PocketPC's synchronisation with a desktop computer.
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9.2.2 Collab orativ e games

Comnunication doesnot only needto take placevia the sensorsnor doesit needto
be betweentoy and owner. Collaboration betweentoys and usersgreatly expands
the possiblegametypesthat could be pursued. For example,team gamesand coop-
erative gameply could be explored. In sud caseghe toy is not merely simulating

a game,but is actively taking part in it.

9.3 Other Learning Techniques

There is a plethora of learning techniquesavailable. Kaelbling et al. [29] cover about
thirt y, distinct, reinforcemen learning approadesin a seen-year-old survey paper.
Someof the techniqueslook asthough they canbe adaptedto the problemat handin
a relatively straightforward manner. These,or more recert methods, may perform
or extrapolate better than the method implemerted for this project. Exhaustive

experimertation may leadto a breakthroughin Smart Toy learning.

9.3.1 Collab orativ e Learning

This is where two agens sharetheir knowledge about the world to improve eath
other's intelligence. While not speci c to smart toys, a variation of the conceptcan
also provide ertertainment for the owners of Smart Toys. Collaborative learning
could be achieved by placing two Smart Toys together and allowing them to teach
ead other conceptsthey have learned. For example,the state of onetoy that hasnot
yet beenmapped could be exploredand trained interactively using encouragemein
from the more advancedSmart Toy. Presumablythe other toy is owned by someone
with similar interests and so the learning is of value. If not, there is a matter of

retraining.

9.4 More Evaluations

The evaluation in this thesisdeliberately focusedon a singleaspect. Apart from the

obvious experimerts to determineaccuracyand stability of future implemertations,
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other, broad areasrelated to Smart Toys needto be considered.

9.4.1 Mark etabilit y

Ultimately, the goal of Smart Toy researt is to dewelop a toy to be bough for chil-
dren. Whether a toy is marketable dependson many factors[9]. Whether thesefea-
tures are presen in an implemenation needto be determinedto attract commercial
interest. Thesefeaturescover things sud as cost, fun, open-endednessducational
cortent, a perceptionof advancedtechnology, innovation and the ubiquitous wow

factor.

9.4.2 User Studies with Children

This is alsorelated to the marketability. In order to test most of the marketable
features,children arerequired. Particularly for the is this fun aspect. Michaud and
Caron [33] found the children in their informal studiesto provide particularly good
insight into attitudes towards Smart Toys. Most notable, was the habit of young
children to dewelop an attachmert to the authors' outwardly intelligent electronic

device.

9.4.3 Social and Psychological Asp ects

While perhapsnot suited for the computer sciencedomain, there are a large number
of sacial and psydological implications related to Smart Toys; and a number of
guestionsthat needto be asked. For example,how attached doesa child become
to their toy? If it broke would they be devastated? Doesit detract, or perhaps

enhance sccialisation with other children? And soon.



Chapter 10

Conclusions

10.1 Goals Reuvisited

The broad goal for this project was to dewelop a Smart Toy. The scoge of sut
a project is large, so this thesis concenrates on a few areasof exploration within
the cortext of a Smart Toy. A hardware prototype basedan existing plush toy was
deweloped and tested to provide a set of simple, physical sensorsand actuators. In
order to make it smart, a reinforcemen learning model was deweloped, badked by a
exible set of learning algorithms. The model needsto cope with all the quirks of
the training data that result from trying to train this toy. It must be able to adapt
the learning rule, should the userdecideto changethe optimal policy they wish to

tead.

10.2 Critique

The hardware aspects were implemerted successfullyand performed adequatelyin
the early tests. The operation that united the hardware and the plush toy was a
alsosuccessful.The toy retained nearly all of the plushnesghat it beganwith, and
was able to interact with the userthrough a combination of implicit and explicit
sensoryfunctions.

All the complicationsthat arosefrom trying to interfacethe low-level hardware

were addressed either with a resolution or a workaround. Whereer possible,the
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solution wasdesignedo encapsulateany complexities,in orderto presen an elegarn
API to the client. The complicationswere well documeried and are presened as a
brief survey of current implemenation alternatives.

The software was designedwith exibilit y, eleganceand extensibility into the
future asa primary goal. The challengesof Smart Toy learning are documerted and
an architecture that solvesmany of the problemsis preserted. An implemertation
of the architecture, which usesa modi ed versionof Q-learning, was deweloped.

An experimert to test the implemertation's ability to learn and adapt quickly
was formulated. A simulated environment was deweloped in which to conduct the
experimert. The experimert wasconductedin cortrolled conditions, and the results
are presertied. An analysisof the results of this experimert is performed,alongwith
obsenations from applying neural network-basedimplemenations to the sametask.

The project only scratdhesthe surfaceof the developmen possibilities and ap-
plications of a Smart Toy. A detailed chapter on the future work is included to

motivate further dewelopmen.

10.3 Conclusion

This projectisaninitial investigationand experimertation of the Smart Toy concept,
using a plush toy. An extensiblearchitecture with initial implemertations and an

ewvaluation is an important step towards the dewelopmern of a truly intelligent toy.
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App endix A

Application Framework and API

There is a lot of sourcecode assaiated with this project about 5000lines. Hence
S0, too, is there a lot of documertation. A verbatim APl and referencemanual
generatedfrom the sourcecomesto about 250 pages. The most interesting and
saliert parts of the client API have been Itered out and are appendedin the

following order:
classParaMon - the hardware interface

learnbase.h- learning architecture

classGenericEstimator - blackbox basefor function approximation

classClassi er - adapterfor classi cation in R" function ranges
neural.h - Neural Network architecture

classNetwork - a Hop eld ANN with a single hidden layer
neurons.h- Neuron model

classNeuron - Neuron baseclassand heirarchy
classHiddenNeuron - A hidden neuron at any layer of a Hop eld
network
classOutputNeuron - An output ( nal layer) neuron

classNeuronFactory - The factory designpattern for neurons
95
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nnfunc.h - utility and transfer functions for neural networks

sulleybase.h Reinforcementlearning environment model

SulleyLearner- Baseclassfor reinforcementlearners for Sulley

POMLearner - The maodi ed Q-learning RL learner
SulleyGradLearner- The ANN RL learner for Sulley
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