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Abstract

Smart Toys allow an interaction with the user that goesbeyond what a normal toy

can provide. They possessthe abilit y 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 research looks at the the forcesbehind the learning processand the

development of a physical devicethat can function as a 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. Sulleycanbehuggedand squeezed,and from this interaction he

can perform actions. The action itself is determinedby an interactive reinforcement

learning model. Part of this research was to determine how best to apply existing

reinforcement learning methods to the quirks of this model.
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Chapter 1

Intro duction

This chapter introducessomeaspects of a Smart Toy and discussesthe motivation

and challengesassociated with developing one. It also presents a possibleusage

scenarioand outlines the de�nitions and structure usedfor this thesis.

1.1 Goals

The broad goal of my honours thesis project was to develop a Smart Toy. To ac-

complishthis goal, hardware wasdeveloped to be incorporated into a plush toy (see

Figure 1.1). Basedon the capabilities of this hardware, a learning model wasdevel-

oped to give the toy someintelligence. A sampleof demonstrationgameswerethen

developed to demonstratethe learning capabilities. A signi�cant amount of work

alsowent towards the interfaceto the hardwareand resolvingvariouscomplications.

1.2 Motiv ation

In the 1980sthere was a revolution in processing via the personalcomputer, fol-

lowed in the 1990sby a revolution in accessvia 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 behalf via, what he calls,

�smartifacts�.

1
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Figure 1.1: The Sulley plush toy (beforethe operation)

1.2.1 Toys

Toys can play an intimate part of this interaction, and commercialinterest for such

toys is growing. Robotic pets such as Hasbro'sFurby [23] and Sony's sophisticated

robotic dog Aibo [19] are well-known and have had good commercialsuccess1. A

large part of what makes these toys interesting, as well as marketable2, is their

abilit y to learn.

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

1Over 12 million Furby toys were sold between October 1998 and December 1999 [Source:
Hasbro].

2The fact that Furby toys wereoncebanned from the Pentagon becauseof their abilit y to learn
is well touted by Hasbro's marketing department.



1.2. Motiv ation 3

tially be commercialisedto accomplishchoressuch 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 someevents, 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 shareof the toy market. A report in 2002 found

that it was the number one product category for all surveyed toy stores,and that

it accounted for over 25% of stores' sales[32]. My project took an existing plush

toy and carried out a surgicaloperation on it (seeChapter 4) to give it sensoryand

feedback capabilities. Goals in this processincluded not just to keep the original

function of the toy, but also to sensethe kinds of interactions that would normally

be performed on a plush toy. For example, squeezeand �being carried� types of

interaction.

Time constraints and my own limited engineeringexperiencemeant that the

sensorysophistication was somewhatlimited. Rather than being a black spot, this

actually allowedother, software-sideavenuesto bepursuedin order to makethe most

of the unsophisticatedinputs and outputs related to the hardware. However, the

designof the systemis such that therearestill opportunities to expandthe hardware

capabilities within the current framework without too much redevelopment.

1.2.3 Reinforcemen t Learning

Fewstandard reinforcement learning techniquesaree�ective for in�nite, interactive,

discretelearning. In�nite meanslearningproceedswithout 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 user to present the output target for a presented set of attributes. Interactive

also meansthat the user can changetheir mind part-way through the simulation.

Discrete meansthat it is not possibleto generatecontinuous training examples,as
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in learning motor control. The combination of thesechallengesmakes this kind of

learning an interesting avenue to pursuethat hasnot beenwidely researched.

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 presenting a non-

deterministic selectionof actionsfor the userto react to. For somealgorithms, there

are ways around this, but often they rely on being able to punish the model aswell

asreward it. My project hasdeveloped working modelsthat can either be rewarded

and punished,or only rewarded.

Finally, note that the reward or punishment is most often a booleanvalue in the

limited sensordomain, with a temporal dependencethat is not easyto establish.

Many reinforcement learning algorithms depend of a continuousreward function or

establishderivatives of the inputs with respect to time in order to derive learning

rules. Theseare not possibleto achieve for the learning environment developed.

1.2.4 Wireless Collab oration

It was originally hoped that the devicedeveloped would be wirelessand collabora-

tive. That is, it would communicate via an unthethered connectionto other similar

devicesin an ad-hoc mannerwithout any kind of arbitration by a server or desktop

PC. This is a largely unexplored area; the latest Aibos from Sony (generation 3)

incorporate an 802.11wireless interface [21], but there has so far been little ap-

plication development to usethe interface3. However, the already extensive scope,

time constraints and other obstacles(seeChapter 4) meansthat discussionof these

featuresis left to Future Work in Chapter 9.

3Even Robocup [42], oneof the largest motivators of Smart Toy research, is yet to embrace the
new interface; instead favouring visual cues. Although perhaps this is due to a large number of
contestants without the latest generation of Aibo.
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1.2.5 Human In teraction

As with any new human interaction device,there are a number of psychologicaland

ergonomicavenues that can be explored. This is particularly the casefor a toy,

interacting with children in an intimate and intelligent manner. Such studies are

beyond the scope of this project, but someimplications will be touched upon in 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 arenot examinedmoreclosely.

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.

Sul ley is a character from the Disney / Pixar movie, Monsters Inc. The plush

toy incarnation of this character was used as the basis for the Smart Toy in this

project. For convenience,whenever �Sulley� is mentioned, 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-TransistorLogic. This mean-

ing will be usedexclusively 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 and uncertainty are given speci�c meaningsfor this paper in the

context of classi�cation. Con�dence is the probability that the chosenclass is a

correct classi�cation with the evidenceprovided. Uncertainty is a measureof how

likely it is that someanother class is also valid. This distinction is particularly

important for our �a vour of reinforcement learning, wherewe may want more than

oneaction to be learnedfor a given input state. Thesevalueswill only sum to unity

if there are only two classes� if there aremoreclasses,an averageover the unchosen

classesis determinedto simplify measurement.
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A tr ansducer is a device that converts physical inputs into electrical signals.

For example,a switch requiring somekind of motion, a microphone,light detectors

and accelerometersare all transducers.

An actuator is its inverse. That is, an actuator converts electrical signalsinto

physicale�ects. The mostcommonexampleis an armature motor, which canachieve

tasks such as the movement of robot limbs.

1.4 Contributions

Within the scope of the goals mentioned previously, the accomplishedobjectives

and research contributions include:

� the designand implementation of electronic circuitry for sensingthe human

interaction with a plush toy

� the integration of the circuitry into a suitable plush toy (i.e. without signi�-

cantly impacting executionof the toy's previousfunction4)

� a software interface5 to the circuitry hardware

� a �exible and stable software architecture for reinforcement learning in the

context of a Smart Toy

� a number of implementations of the architecture derived from publishedrein-

forcement learning ideaswith modi�cations to make them acceptablefor use

in a Smart Toy6

� an brief evaluation of the implemented 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.
5Currently a wrapper around the IEEE1284 ECP parallel port [17].
6Often thesemodi�cations were rather intricate and involved. SeeReinforcement Learning.
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The extensive scope of the broad goal meansthere are a number of objectives yet

to be accomplished;thesewill be discussedin Future Work. However, 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 interface to a PC (or other high-level device).

1.5 Structure of this thesis

This report coversthe process,resultsand analysisof the aboveobjectives. It begins

with an introduction of the areasof research that are touched upon and a preview

into someof the challengesthat are faced,as well the motivation, somede�nitions

and a usagescenario.

Chapter 2 covers the background. It addressespreviouswork done in the areas

of reinforcement learning, plush7 Smart Toy interfacesand learning frameworks.

Chapter 3 addressesthe �nal hardwaredesign. It coversrequirements, structure,

sensorcapabilities, limitations, circuit schematicsand the PC-interface. Chapter 4

critically assessesthe hardware development. It covers the processtaken, lessons

learned, hardware alternatives (and reasonsthey were not used), standards used,

obstaclesencountered and how they were overcome.

Chapter 5 addressesthe �nal software design. It covers requirements, hard-

ware abstractions, learning architecture, properties of the implemented learning al-

gorithms and hooks for agent actions and feedback. Chapter 6 discussesthe im-

plementation and development of the software. It covers alternatives, learning and

reinforcement algorithm properties,toolsdeveloped,obstacles,challengesand future

implications such as for concurrencyand network arbitrated collaboration. These

chapters also present the designand implementation of the simple examplegame

that was developed.

Chapter 7 presents the experiments that wereconductedin order to evaluate the

system. It covers the testing of hardware, experimental designand results, as well

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

7The extent to which existing Smart Toys are plush is arguable.
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Chapter 8 givesa critical analysisof the results and coverageof the evaluation ex-

periments and of the entire system;it discussesthe e�ectivenessof the experiments,

the 'fun factor' and feasibility for future development.

Chapter 9 presents possiblefuture work. It covers what still needsto be done

to achieve an e�ective Smart Toy, further evaluations that could be performed,

extensionsto the hardware for feedback and expanding the sensorycapabilities,

somepossiblegame scenariosthat could be implemented and other learning and

reinforcement techniquesthat could prove to be e�ective.

The conclusionsummarisesthe project goalsand the current state of the system.

Appendicesare included for the software API.



Chapter 2

Background

2.1 Reinforcemen t Learning

2.1.1 Terminology

This section lists some reinforcement learning terminology used in the following

sections. The order is intended to give a gradual introduction to reinforcement

learning.

agent Central to a reinforcement learningenvironment is an agent. This is an entit y

immersedin the learning environment, which performs actions to changethe

state of the environment. Agents in this project are all Sulleys1.

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

sents all that an agent can perceive and act upon.

sensor Agents perceive the state of their environment using sensors.A sensorcan

correspond to a physical transduceror a simulated feature-detector.However,

becausethis thesiscovers a lot of hardware aspects, sensor will be usedonly

to refer to the physical type (i.e. hardware). The term percept will be usedto

refer to the corresponding software abstraction.

1Experiments todate haveonly beenconductedwith a singleSulley. The architecture is designed
to support multiple Sulleys, collaborating, in future.

9
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state This is essentially a summaryof the past history of the system,including the

value of perceptsand recent decisionsthat have beenmade.

action An action is any changethat an agent can apply to the environment.

model A model in this context is an agent's interpretation of the environment. It

mapsstate-action pairs to probability distributions over states. However, it is

not essential that every agent usesa model of its environment.

rew ard A reward is a scalarvalue representing the desirability of a state or action.

A rew ard function is usedto 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 agent. It represents a mapping

from statesto actions.

actor-critic This is an agent architecture, wherean actor carriesout a particular

policy, while a critic evaluates the actor's policy. The result is a symbiotic

learning processof policy and evaluation.

average-rew ard In this architecture, the agent's goal is to maximize the expected

payo� per step. They are applicableto discreteproblemswherethe goal is 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 current state

and action selecteddetermine a probability distribution on future states. In

such models, the outcome of applying an action to a state depends only on

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

Temp oral Di�erence (TD) This is a classof learning methods, whosedecision

is madebasedon comparisonsof temporally successive predictions.
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Figure 2.1: The traditional reinforcement learning model

2.1.2 RL Background

Reinforcement learning is a learning paradigm that attempts to determine,by trial

and error, a policy that maximizesa performancemeasure� the reward [5]. Strictly

speaking,RL is an unsupervised method. This meansthat examplesarenot classi�ed

by a teacher. However, reinforcement learning techniques can be adapted to the

problem presented in my project.

Figure 2.1 shows the traditional reinforcement learning model. At each step of

the simulation, the agent receivesinputs, i, and a representation of the state of the

environment, s. The agent then choosesan action, a, to output. The action changes

the environment, and a reward, r, is generatedbasedon the change. The agents

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. However, in practice it is not that simple,and a lot of techniques

cannot be reapplied. The challengesof an interactive, discretereward function are

discussedin detail in Chapter 5.

However, there are two key advantages of a reinforcement learning paradigm,

which make it an attractiv e technique to pursue [31]. Firstly, it does not require

speci�cation of any theory of the domain. That is, there is no needto model the
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consequencesof actions, nor predict future states basedon physical models. It is

su�cien t to know the immediate result of any action an agent can perform. In

my project, this meansthat the toy doesnot needto know what it is doing in the

semantic sense.It needsonly to discover what actions it should take to make the

userhappy.

Secondly, RL can be used for online learning. This not only meansthat it is

possiblefor an agent to continually improve its performance,but also that it can

adapt to new policies. The latter doesnot normally apply to traditional reinforce-

ment learning � it is unsupervisedand the reward function is �xed, so the optimal

policy does not change. This project exploresand evaluates sometechniques for

coping with a changing reward function.

2.1.3 Q-Learning

Q-Learning was�rst introducedby Watkins in 1989[47]. Q-Learning assignscredit

in a temporal manner to choicesmadein recent history. Delayed rewards propagate

backwards acrossactions in an incremental fashion.

More formally, it de�nes a discount factor, 
 2 [0; 1) and a total discounted return

r (t) = r t + 
 r t+1 + 
 2r t+2 + ::: + 
 n r t+ n + :::

where r t is the immediate reward received by the learner at time t after choosing

the action at from a state x t . The objective is to �nd the policy � : x t 7! at that

maximisesthe future reward.

It accomplishesthis 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 learning rate, � 2 (0; 1]. To explorethe entire state

space,there is alsoa probability, � 2 [0; 1], that a randomaction will be taken, rather

than the current optimal policy. Note that in order to implement a two-dimensional

table, both the state spaceand the actions that can be taken must be discrete � it

is not possibleto learn a continuousoutput.
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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):

Q̂� (x; a) = (1 � � )Q̂� (x; a) + � (r + 
 V̂ � (y))

where V̂ � (x) = maxa Q̂� (x; a), if the optimal policy is to be taken, and Q̂� (x; a)

for somerandom a if a random action is to be taken. At the most basic level it

is essentially a probability re-distribution. Note that the optimal action is a itself,

that is, � (x) = argmaxa Q̂� (x; a).

The � value is particularly interesting for the kind of reinforcement learning

required for my project. Usually, it is initialised towards 1.0 in order to explorethe

entire state space,then slowly reducedto focus learning on the optimal policy. It

is easyto seethat simply preventing the value of � from reaching 0.0 will ensurea

degreeof non-determinismin a gamecontext, as well as leave room for adaptation

should the optimal policy changein the absenceof a facility to give negative reward

(i.e. punishment). This thesis proposesmodi�cations to the Q-learning algorithm

for usein an interactive simulation.

2.1.4 Neural Net work Learning

Lin [30] wasoneof the �rst to exploreneural networks asa meansof reinforcement

learning, in 1993. More recently Baird [22] and Baxter & Bartlett [2] incorpo-

rated new developments in neural networks to enhancethe capabilities and speed

of convergence.However, the basisfor all thesemethods is function estimation and

gradient descent.

Brie�y , a neural network is a black box, that maps someinput x 2 Rn to some

output y 2 Rm . This is accomplishedby a sequenceof matrix operations and

element-wise applicationsof oneor more transfer functions. But what makesneural

networks interesting is their abilit y to learn a function:

f : Rn ! Rm

x 7! f (x) = y



2.1. Reinforcemen t Learning 14

when given only a subsetof approximately valid (x; y) pairs (i.e. examples).What

makes this possible,is the calculation of an error at each point in the sequenceof

operations and the descent through the error surface in the direction of steepest

descent (i.e. towards zeroerror). The intricacies of neural networks are beyond the

scope of this thesis. For a more thorough treatment of gradient descent arti�cial

neural networks, refer to Barto et al. [1].

In the context of reinforcement learning, neural networks are useful for esti-

mating the policy function. Most commonly, this is done for applications where

the possibleactions are from a continuous domain [6,7,14,15,31]. However, none

of theseapplications consideroptimal policies that changeover time and, in most

cases,they rapidly generatea limitless set of training data for their non-interactive

simulations.

However, neural networks can easily be extendedto classi�cation tasks by enu-

merating classesand having each dimension of y correspond to a single class. In

this way discreteactions can also be learnedby neural networks. This thesis only

considersdiscreteactions.

2.1.5 Other Metho ds

Jordan and Rumelhard [28]discusshow reinforcement learning and standard super-

vised learning approaches di�er not so much in the algorithms that are used, but

in the problemsthat they solve. This meansthere are potentially many supervised

learningapproachesthat couldbeadapted. For example,Bayesianlearningmethods

have not beenwidely applied to reinforcement learning. However, this may be due

to the well developed probabilistic foundations of Q-learning and Markov Decision

Processesmaking the technique obsolete.

Hierarchical reinforcement learning techniquesby Dietterich [11,12] aim to suc-

cessfullyapply MDPs (whoseexact solution would otherwise be infeasible to de-

termine) by breaking the problem down into a hierarchy of smaller problems. The

value function is then decomposedinto an additive combination of solutions to the

smaller MDPs using a technique the author calls MAXQ. However, for this thesis,

becausethe interactive usercanchangethe value function on the �y , there is no way
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to ever determinean exact solution to any subproblem,so thesetechniquescannot

be applied.

2.1.6 Summary

The reinforcement learning methods described here only scratch the surfaceof the

techniquesavailable. For a particular problem there are usually a variety of meth-

ods available. Kaelbling et al. [29] have compiled a comprehensive survey of RL

techniques in use before 1996. Apart from Q-learning, the techniques mentioned

previously have beendeveloped sincethis survey, and have somerelevanceto this

thesis.

The Q-learning technique is actually closestto the technique that was �nally

developed for this thesis. However, most of the complications arosenot from the

capabilities of the algorithm, but from the somewhatperversemanner in which an

interactive user can present examplesand convey the optimal policy (SeeSection

7.3). No currently publishedwork couldbefound that addressesthesecharacteristics

of the training data.

2.2 Toy In terfaces and Autonomous Robots

Although very little of the work is published, there is a lot of research and develop-

ment 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 commercial interest. However, here I only address

plush interfacesthat demonstratesomekind of learning.

2.2.1 MIT's Chic ken (for Direct Manipulation)

Perhapsthe closestto the smart toy that wasto be developed for this project wasa

prototype developed by the MIT Media Laboratory. Johnsonet al. [27] have devel-

opedthe deviceshown in Figure 2.2 to act asa sympathetic interface for a virtual 3D

world (after it wascoveredwith a soft skin). Sympathetic interface is the term they
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Figure 2.2: Media Lab's chicken armature with attached sensors

Used with permission of the Association of Computing Machinery, Inc. (ACM)

give to the input devicewhen it is augmented with gesturerecognition technology

and a disambiguation processbasedon perceptualand motivational context.

It expandsupon a traditional direct manipulation interface deviceby 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 was trained using a Hidden Markov Model [48]. The sensorson

their deviceare quite sophisticated. However, they do not give an indication of the

�nancial expenserequired for developing the input device.

2.2.2 Hasbro's Furb y

O�cial, detailed information about this toy is quite di�cult to �nd. The o�cial

channelsaremostly marketing hype2. Luckily, the toys weresoannoying that lots of

2The o�cial 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 crack theirs open and inspect the toy's guts [40]. An intact

Furby is shown in Figure 2.3. SeealsoSection7.3.

The following sensorsand feedback were provided by the toy:

� Pet switch: a microswitch mounted on main circuit board

� Inversionswitch: mounted on main circuit board

� Tummy switch: strip metal leaf switch mounted on top of the speaker

� Tongueswitch: a microswitch behind the mouth

� Stroke switch: small leaf switch which monitors position of main gearsystem

� Light sensor:a photocell in the forehead

� Infra-red sensor:in the forehead

� Infra-red transmitter: an IR LED in the forehead(thesearefor detectingother

Furbies, when they are placedfacing each other)

� Sound: a 38mm speaker mounted to belly
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� Motor speedsensor

� Microphone: 3mm mounted in the side to detect loud noises(e.g. a clap)

� A reversibleDC open armature motor

Furbies were quite cheap (around AU$45 when available) but, despite the 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 Sony's Aibo robot �quadruped�3 is

discussedin Fujita et al. [18,19]. A photograph of an Aibo is shown in Figure

2.4. The latest generation Aibo has 40 points of movement as well as a camera,

microphone,speaker, clock, LCD display, thermometer,accelerometerand7 pressure

sensors. The main drawback of the Aibo is the cost. Currently they retail for

AU$3,000.004.

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

� Human voicerecognition

� Emotions

� Responseto 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 research contributions to be madeas well.

3Sony claims that the latest generation is neither dog nor cat.
4Source: AIBO Store http://www.sony .c om.au /a ibo /p ro ducts /i ndex. cf m?cat id =18975

(2003-10-21)

http://www.sony.com.au/aibo/products/index.cfm?catid=18975
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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 patented5 in 2001, but is yet to be marketed.

It is essentially a spherethat is able to move itself around by an internal drive

mechanism. There is also a facility for user interaction through spoken commands

(e.g. �spin me�), along with detection of the appropriate action, accompaniedby a

response.

However, rather than usinggenerallearningasthe meansfor control anddecision-

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 mechanismis quite novel, however, and qualitativ e

userstudieswith children werepromising.

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

existing play toy. Just asSulley is still a plush, cuddly toy; so is a robotic ball still

5US Patent number 6,227,933.
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a ball that can be rolled around6.

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 creature is �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 experiments conductedfor this project

(Section7.3).

However, using a simulated creature, they were able to model many more state

and sensorinputs than was available using the limited hardware implemented for

this project. Furthermore, their results are extremely brief, with no indication of

the passageof time, and they present a lot of limitations and future work that needs

to be carried out beforelearning is proven e�ective.

Other synthetic creature projects [24,25] explore methods for maintaining and

queryingcomplexenvironments for usein reinforcement 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 reinforcement learning architectures, and algorithms

that can be applied to my project's problem � after sometweaks. I was unable

to �nd a precedent 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

feedback mechanisms,and somemapping between them. However, sometimesthe

6Although, their current protot ypesare rather adverseto being �bounced�.
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feedback is issuedon a computer screen. The way by which the mapping is de-

termined varies greatly; from the primitiv e Furby, a reasoning Roball, up to the

inde�nitely complexAibo.

Sophisticatedhardware 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. However, restricting the hardware to a relatively

primitiv e set of inputs and outputs led to someinteresting challenges.Such a small

state alsoallowed a closeanalysisof the learning progressto be performed.

Most existing, well documented reinforcement learning algorithms do not fully

support the interactive nature of the learning for this project. The processused

for the synthetic creature learning is promising, but the results and capabilities are

currently unreliable.



Chapter 3

Hardw are Design

This chapter givesa high-level description of the �nal hardware design. It describes

hardwarecomponents used,how they interact and how they solve the problem. How

the components work and the development processis left for Chapter 4. I should

alsostate herethat I am not an engineer,somy treatment of electronicengineering

conceptsmay be relatively rudimentary. As the readermay alsonot be an engineer,

I shall try to clarify referencesthat might be obscure.

3.1 Limitations and Requiremen ts

The following design requirements and limitations were taken into account while

designingthe hardware aspect of this project:

3.1.1 Cost

An honours thesis budget is quite small so it was necessarythat the components

be inexpensive. It was certainly not feasibleto subcontract a hardware developer.

This limited someof the designdecisions,such asthe kinds of sensorsthat could be

used. For example,sensitive analogueaccelerometersand tilt-meters1 wereavoided.

1For example,Analog Devices' iMEMS ADXRS150gyroscope handlesaccelerationand tilt and
retails for around AU$90(without any account 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

Becausethe hardwarewasto beplacedin a toy, the hardwarecouldnot betoo heavy,

nor have dimensionsthat would alter the shape of the toy. It was also necessary

that the toy remain huggable, which further restricted the dimensionsavailable.

For example,it wasnot feasibleto insert an entire 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, such

as Toshiba's PocketPC, and other PDA-style deviceswere also considered. How-

ever, limitations of the platform and problemswith �nding a suitable interface(see

Subsection4.1.3) meant that they could not be used.

3.1.3 Hardw are In terface

Regardlessof how much processingis done within the hardware, at some stage

it is necessary, at least for development, to talk to a computer. Even when fully

developed 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

interfacemay not involve a wire as it doesnow.

Pragmatic issuesmeant that the �nal implementation had no embedded pro-

cessing.That is, only statelesssemi-conductorsfound their way into the toy. This

meant that all the processingwas done by a PC, with the interface used only to

convey the outputs of the sensors.The �nal interface is described in Section3.5.

3.1.4 Power

Every electronic device needspower of some kind. For portable devicesthis is

especially problematic. A battery, for example,would add to the weight and need

to be either rechargedor replaced.This would then requireanother interface;either

a plug hole or hatch to rechargeor replacethe batteries.

Again, pragmatics meant that the �nal implementation did not need its own

power source. The interface chosenprovides a small amount of current (seeSec-
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tion 4.5) that can be used for driving logic gates and activating low-power semi-

conductors.

3.1.5 Safety

Safety is particularly important for a children's toy, asit is for most things involving

power. Although someconsiderationwasgiven to safety, the level of safety wasnot a

high priorit y for the initial prototype. For example,precautionwastaken for wiring

to make sure there wereno live wires exposedto touch, although someare exposed

to materials inside the toy2. Also, mercury switcheswere housed(orthogonally) in

putt y3, although it is unlikely that any safety standard would allow any amount of

mercury inside a children's toy4.

3.1.6 Sensors and Feedback

The initial requirement wasjust for there to be�some� sensoryand responseabilities.

Therewasfreedomasto exactly what wasto besensedand how a responsewasto be

made. The actual methods are described in Section3.3 and Section3.4. However,

there is onegoal that wastaken on board while decidingthe sensorsto 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 sensorspoking 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) feedback is given by the system.

This goal was only partially accomplished. Particularly for development and

testing, there is a requirement to have someimmediate feedback for the system.

Furthermore, somekinds of sensors(e.g. light sensors)are not yet technologically

advanced,or the technology is out of reach, to becomefully pervasive. However,

2Toy safety standards(e.g. ISO 8124-2(1994),the EuropeanEN71-2(1998)and US ASTM F963-
96a-A5) already imposenon-�ammabilit y requirements. This and the small currents involvedmean
that this should not be a problem (unless it eventually becomesa toy).

3Glue wasnot usedbecauseit could shrink and crack the glasscapsule,aswell asmakealignment
di�cult.

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

embeddedsensorsfor light detectionare surely on the horizon. There alreadyexists

�Smart Material� that candetectand producesound,and even �ex whengivengiven

electrical input 5.

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 feedback6 and the circuit integrating them and the PC interface. The mi-

croswitcheswerealsoplacedwithin homemadepackages(Figure 3.3) to make them

more natural to activate as squeezesensors. This was all placed into the Sulley

plush toy shown in Figure 1.1 on page2.

Apart from the LEDs in the doll's horns(Figure 3.6on 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 alsoshows someof the development PCB (Printed

Circuit Board) upon which the �nal circuit was soldered. The packagecontaining

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

5Smart Material Corporation http://www.smart- mater ia l. com/
6More sophisticated feedback is currently handled by software and a PC monitor (VDU).
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Figure 3.2: A standard microswitch

are visible. The hole is easily coveredand can be stitched up.

The weight addedwassmall comparedto the original weight of the doll. Perhaps

around 200gramswasadded,with the heaviest component being the putt y package

containing the mercury switches. The PCB is small (around 150 x 80 x 3mm) and

is surroundedby enoughof the original stu�ng so that is is not noticeablewithout

a tight squeeze.The other components are discussedin the sectionsthat follow.

3.3 Sensors

3.3.1 Squeeze Sensors

The three squeezesensorseach consist of a standard microswitch (Figure 3.2) and

a homemadepackage (Figure 3.3). One is placed in 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 reset themselves to 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: Illustration of a homemademicroswitch package

signi�cant motion to activate, which makesthem lesslikely to get stuck. The exact

component was part number P7802from Dick Smith Electronics. It is rated at 3

ampsand 125V AC. Its dimensionsare 20 x 15 x 7mm and they currently retail for

AU$3.28each.

The packagesare primarily to increasethe areaover which activation can occur

with su�cien t pressure.This makesthe switchesrespond more naturally to squeeze

activation. The packagesalsohelp to ensurethat the switchesdo not get stuck in a

permanently closedor permanently openposition. This could easilyoccur if stu�ng

shifted beneaththe trigger or got caught in the hinge or button, for example.

The packageswere constructedby me using foam, plastic from an empty bottle

and the microswitch itself. There is an illustration of one in Figure 3.3. They are

quite primitiv e, but they serve 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 used to increasethe pressurerequired to activate

the switch and prevent stu�ng from entering the package.
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Figure 3.4: A mercury tilt switch - closed(top) and open (bottom)

3.3.2 Tilt Sensors

The three tilt switchesare each a singlemercury tilt switch, asshown in Figure 3.4.

They are mounted on mutually orthogonal axesinside a ball of wood putt y. This

essentially givesbooleanx, y and z readings.However, orientation of the ball inside

the doll is not enforced,so whether the x axis corresponds to horizontal tilt, for

example,must be learned (seeSection5.3).

Mercury tilt switcheswereusedbecausethey are inexpensive and have a simple

interface(unlike accelerometers,for example). The exact component usedwas part

number P7860from Dick Smith Electronics7. It operatessafely between1.2V and

14V DC and between30mA and 1A and hasnegligibleresistance8. Switching occurs

when the switch is between 0 and 10 degreesfrom horizontal. Its dimensionsare

approximately 25 x 6mm and they currently retail for AU$2.78 each. They are

traditionally usedin alarm systems.

Wood putt y was usedto mount the tilt switchesbecauseit retains shape while

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

7Initially hard to obtain because:(a) their online store does not ship it due to the hazardous
mercury; and (b) it is a very popular item for shoplifters, sostoreswereoften 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 wasSelleys�SpecialPutt y� and

currently retails for AU$8.52for 400gramsfrom Mitre 10.

3.3.3 Ligh t Sensors

An array of three phototransistorsin parallel is usedfor sensinglight. One is shown

in Figure 3.5. They aresituated on the spineof Sulley'supper back and arestitched

in to be almost un-noticeable.They werewired asshown in Figure 3.7with resistors

in parallel; onea (variable) potentiometer, to allow �ne adjustment of the sensitivity.

The result is that the array is triggered when a certain (adjustable) light level is

obtained. It is currently set to activate in approximately computer lab levels of

brightnessand deactivate when in shadow.

Phototransistors react quickly to changesin light and and can achieve much

lower resistances9 than the more common CdS10 light dependent resistors, hence

their use. The exact device used [35] is no longer available for sale. Its current

varies from 1 nanoamp (dark) to 1 milliamp (1000 millicandelas at 5cm) and it

reacts to changeswithin 7 microseconds.A substitutable deviceis the Z1945from

Dick Smith Electronics,which currently retails for AU$2.89.

While the present readingtaken from the sensorarray is boolean,it still outputs

an analoguevalue. Adjustment of the potentiometer placesit in a rangethat crosses

the TTL high/low crossover of the interface. Future developments could incorporate

9A requirement of the parallel port interface and for simplicit y. SeeSection 3.5.
10Cadmium Sulphide - a chemical compound usedin their manufacture.
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Figure 3.6: An LED in Sulley's right horn

an ADC11 or read the analogueoutput directly for more precisemeasurements of

the light levels.

3.4 Feedback

In the hardware sense,feedback is currently quite limited, continuing the simple,

boolean trend of all the sensors.Two low-power red LEDs12 were attached to the

horns,as in Figure 3.6. High-intensity LEDs [10]wereusedinitially , but werefound

to be too delicate. They werestitched in and wired through the body of the doll to

the PCB. Thesecan be controlled independently of each other and the rest of the

circuit, through the PC interface. Other feedback for the simulations is currently

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 aseach LED. This would make the possible

outputs virtually limitless. Connecting a speaker would also require little e�ort �

11Analogue-to-Digital Converter. For example the Motorola MC145050[34].
12Light Emitting Diodes - small lights emitting a single frequency that use signi�can tly less

power and generatelittle heat comparedto incandescent 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 speaker out) at the other end. The programmingrequired to accomplish

this was implemented towards the end of the project.

3.5 Parallel Port In terface

The 17 non-groundpins of the EPP13 parallel port standard are usedfor the com-

puter interface to the hardware. The way in which the pins are usedis compatible

with the morerecent ECP14 standard,but not with the olderSPP15 standard. These

standards, somedetails of their use, along with reasonswhy the SPP standard is

not compatible (and the frustration encountered discovering the number of devices

restricting themselvesto the SPP standard) is discussedin Section4.5. This section

covers how the EPP interface is used,with referenceto the schematic in Figure 3.7

on page34.

3.5.1 Pin Con�guration - Ganged Pins

Pins 2-9 � called the parallel port's �data pins� � are ganged. This meansthat their

directions (as inputs or outputs) are not individually controllable; all 8 must either

be inputs or outputs. Thesepins were set to be inputs for this project. All but pin

9 is wired.

� Pins 2-4 correspond to the three squeezesensors;2 and 3 are the sensorsin

the torso and pin 4 corresponds to the squeezesensorin the wrist. They

are normally TTL high and go TTL low when the sensoris squeezed(via

short-circuit to ground).

� Pin 5 correspondsto 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 threshold to TTL low.

13Extended Parallel Port, intro duced in the 1980s,formalised as a standard in 1994.
14Extended Capabilities Port, standardised in 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,

as the orientation of the sensorsis not enforced. However, the orientation is

consistent and socan be learned. When the tilt changesenough,or the doll is

shaken,a subsetof the switcheswill changetheir state. The di�erence between

a shake and a tilt canbedetected,provided the shake is maintained for a short

period. This is discussedin Section5.2.2.

3.5.2 Pin Con�guration - Output Pins

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

or both16.

� 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 canbe usedfor another input

or output component, or the wires can be detached and usedfor an analogue

component, such as a speaker.

3.5.3 Pin Con�guration - Other Pins

� Pin 10 is 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 10 is 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 pins in order to pull an input pin low, or sink the current

to power an output pin.

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

A circuit schematic for the �nal hardware con�guration is shown in Figure 3.7.

There were no tricks usedin its implementation. A development PCB17 is soldered

using pin 18 for ground and individual pins for power. It sits in the lower sectionof

Sulley's torso.

Individual wires from householdtelephonecableswere usedto connectthe sen-

sorsand LEDs placedaround the doll to the PCB. Two wholetelephonecableswere

solderedto the PCB, which connect to a standard 1284-A 25-pin Dsub connector,

to be pluggedinto the parallel port.

The resistorand potentiometer sit on the PCB for adjusting the sensitivity of the

light sensors.A diodehelpsprotect the circuit (especially the LEDs) from backward

current. There is plenty of spaceremaining on the PCB, and two unusedchannels

to I/O pins that can be usedfor future development.

17Theseare single layer boards that mimic the operation of a WISH solderlessbreadboard. See
Section 4.2.
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Figure 3.7: Circuit Schematic for Sulley



Chapter 4

Hardw are Development

This chapter goes into more detail about the hardware aspects of the project. It

concentrates on the development processalong with the obstaclesthat had to be

overcome.It explainswhy a lot of other alternative implementations wereinfeasible

or undesirable.

4.1 Electronic In terface Alternativ es

The interfacealternativesin this sectionwereall researched and found to be infeasi-

ble, overly complexor unnecessary. In somecasesinsu�cien t documentation meant

that experimentation was alsorequired to investigatethe feasibility.

4.1.1 Serial In terface

This is the most commoninterface peripherals1 usefor communicating with a PC.

Flavours include PS/2, USB and RS-232. RS-232 is the standard for the IBM

�COM� port to which miceusedto be connected(many modemsstill are) and is the

�a vour that was investigated for this project. PS/2 ports are usually all occupied,

and USB was rejectedearly becauseof its burden of complexity. However, most of

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

1VDUs and printers aside,although theseare usually balancedby a keyboard and mouse.

35
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RS-232is used by Matlab as the interface to communicate with many of the

sensorsthat it supports (such asvariousmeasuringdevices� Doppler speedometers,

for example). This waspromising, and much of the documentation for the standard

was sourcedfrom the Matlab site2. However, the main problem with this interface

� and all serial interfaces� 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 engineeringI am comfortable with, even if there were su�cien t time and

resources3 available to develop the circuitry.

Of course,the logical follow-up action is to seeif there is a suitable hardware

abstraction of the standard, which someonehas developed before(with associated

drivers). An exampleis discussednext.

4.1.2 Dic k Smith Analogue Parallel Port In terface

The research group hasin its possessionan analogueexperimentation kit from Dick

Smith Electronics. This kit promised a software interface to arbitrary analogue

readingsfrom a rangeof connectorson a separatehardware device.

There were a number of problems with this solution. Firstly, size; when this

alternative was �rst investigated it was still hoped that an untethered toy would

have beenpossible.The intermediary interfacehardware was too large (160 x 95 x

70mm) to �t inside the doll.

Drivers for the kit were only written for Microsoft Windows, and there was no

documented 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 documented.

Finally, the kit is old and obscure.No support nor development community could

be found for assistancein using the kit. However, resourcesfound and experience

gainedwhile experimenting with this kit assisteddevelopment of the �nal solution.

2Matlab: Overviewof the SerialPort http://www.mathw or ks. com/access/ hel pdesk/h el p/t echdoc/ matl ab_exte rna l/ ch_seri 3.s ht ml
3Oscilloscopes,multimeters, frequencygenerators,controller chips, etc.
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4.1.3 PD A (P ocketPC, iPac, Zaurus, etc)

A PDA wasconsideredearly on asan alternative to recent 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 candidatewas the ToshibaPocketPC. It hasembeddedwirelesscapa-

bilit y, as well 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 partieshavedeveloped

USB to RS-232adaptors4 that are available for salewith drivers for the PocketPC5.

However, serialdata communication wasfound to be undesirable(Subsection4.1.1).

There are also parallel port adaptors, but becauseof the serial nature of the

USB port, much of the processingis doneby the drivers. The adaptorsdiscovered6

do not provide drivers for embeddedplatforms. There are also PCMCIA parallel

port adaptors7, 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 wereno speci�cations publishedand an email to

the manufacturer revealed that the adapter only supported the SPP parallel port

standard, which did not meet the needsof this project (seeSection4.5).

PDAs were �nally abandonedas a feasiblesolution. However, by adopting a

standard interface (IEEE1284 EPP) future development may include a PDA, if a

suitable adapter is found.

Other generalpurposeembeddedplatforms such asthe TINI [8], which includesa

Java Virtual Machine, werealsoconsidered.However, thesewerefound to have very

low-level interfacesto peripheralsand so were not investigatedfurther. Miniature,

fanlessPCs [13]werefound to be too heavy (still) aswell asprohibitiv ely expensive.

There is also the issueof providing power to be considered.

4e.g. Aten USB to DB9 SerialAdapter http://www.cdw.co m/shop/ pr oduct s/ def ault .as px?EDC=325871
5USB 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?EDC=170856
7e.g. SPP-100PCMCIA-EPP adapter http://www.linu xj ournal. com/b g/p ro duct. php?product _id =955
8NextwareHouse 501-00A-X Parallel Port Compact Flash Card

http://www.data dr ive 4all .co m/pr od. cf m/11592/Next wareHouse/50 1- 00A- X
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4.1.4 Micro controller

The initial momentum for this project was as a proof of concept for somerecent

developments in wirelesstechnology. Unfortunately, development in this direction

did not proceed. However, to the extent of the speci�cations that were provided,

the interfacechosenis compatible.

Generally speaking, a microcontroller is the only cost-e�ective implementation,

should the project eventually progressto a Smart Toy. A genericmicrocontroller

can be reprogrammedto support many control functions. However, thoseavailable

are 8-bit and do not have the abilit y 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:

collectsensorreadingsand senda packet containing them over a wirelessconnection.

This is within the capabilities of the available microcontrollers. However, achieving

this is beyond my own engineeringexpertise and the resourcesavailable. Assistance

was not readily forthcoming.

Although the microcontroller alternativewasabandoned,development progressed

with a microcontroller in mind. A standard hardware interface was usedand the

software architecture wasdeveloped in a modular fashion,with easilyadaptablein-

terfacesfor hardware inputs and outputs. The software architecture is discussedin

Section5.2.2.

4.2 Breadb oards

For developingthe circuit shown in Figure 3.7 on page34, a solderlessWISH bread-

board was used, as shown in Figure 4.1 before and after experimentation. Four

bussesrun 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 alloweddevelopment of the circuit without soldering. A parallel port ribbon

cablewasconnected,then components wereinterchangedand variouscircuit designs

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

Figure 4.1: A solderlessWISH breadboard.

Figure 4.2: Switch debouncing circuit (NAND latch)

4.3 Gates and Debouncing

Pragmatics delayed the decisionof which interface to use. As such, initial devel-

opment was designedto handle contact debouncing, which is a problem for most

digital circuits using mechanical switches.

If the client software was interrupt-driv en, whenever a microswitch or tilt switch

changed state, there would be many triggers with alternating high/low readings.

This is a result of the contacts not connectingcleanly9. 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.

9If 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. Remnants of the circuit are

visible on the right of Figure 4.1. The parallel port library discussedin Section6.1

supports interrupts nicely. Interrupts were not used in my �nal implementation.

However, they would be required in a future PC-arbitrated implementation in order

to �wake up� from a sleepstate, for example.

4.4 The Operation

Oncethe �nal circuit had settled, a PCB breadboard wasusedto 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.

Once the circuit was soldered,Sulley was operated upon. The �rst cut (Figure

4.4) wasvery traumatic for us both. Sulleybecamevery de�ated afterwards (Figure

4.5). BeforeI �nally put him back 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 In terface

This sectionbrie�y summarisesthe 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 decisionsmentioned previously had to be made.

4.5.1 Standards

The Centronics Standard Parallel Port (SPP) wasdeveloped 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

DSubconnectorwith 8 unidirectional data lines, four control lines, �v e status lines10

and interface timings.

The IBM PS/2 computer introduceda bidirectional port (referred to asType 1)

in 1987,which allowed the 8 data lines to be usedasinputs, but it is not an industry

standard. The EnhancedParallel Port (EPP), introduced by Xircom/Zenith and

Intel in 199111, allowed asymmetric bidirectional transfers. The Extended Capabil-

ities Port (ECP), introduced by Microsoft and Hewlett Packard in 199212, added

symmetric bidirectional transfer and DMA capabilities.

The number of inputs required for this project meansthat the data lines needto

beusedasinputs, soan EPP-compatibleinterfaceis required. Most printers restrict

themselves to the SPP protocol � parallel Zip drivesand scanners,for example,do

not. Unfortunately, most of the development in adaptersfor handheldswas geared

towards printer support, and so there is a distinct lack of EPP support for them.

Hence,the toy currently remainstethered to a PC, and not talking to a PDA.

4.5.2 Low-lev el circuitry details

In order to implement the low-level interfaceto the parallel port, it wasnecessaryto

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

10These�v e lines are from the peripheral to the host.
11The �rst version was not an industry standard. EPP1.7 is a pre-rati�ed standard. EPP1.9

was rati�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 implemented circuit may malfunction or the parallel port itself

may becomedamaged.

Most importantly, the gatesof the 74LS374octal latch13 �oat high and needto

be pulled low. It is not enoughto present 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 ground14, which makes basic digital

circuitry slightly harder. This is overcomeby a more direct approach to the circuit

that avoids using my own TTL. Hencethe switching levels15 were not an issuefor

all but the light sensors.

Other important �gures were the power capacities. The standard output pins

areable to sourceup to 2.5mA and maintain a voltageof 2.5V whenset �high�. This

is su�cien t current to power most small LEDs. Input pins should be able to sink

up to 20mA if they are to meet the standard.

4.5.3 Other details

Other parallel port details such 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.

14TTL gatesdo not like doing this � only very little power is sourced(otherwise, there would be
no way to present a �high� output with two �low� inputs on a NAND gate, for example).

15A �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, each implementation will havea roughly consistent switching
point.
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Software Design

This chapter discussesthe requirements, functionality and design of the software

implemented for this project. It contains information to useand extend the archi-

tecture and a rationale behind it. Implementation details are in Chapter 6. Salient

parts of the API are found in the appendices.

5.1 Requiremen ts =) Features

The software requirements fall into four categories: the hardware interface, learn-

ing, the Sulley interface (RL model) and applications. Thesebecamethe top-level

modules for the implementation and will be described in detail separately. Note

that the requirements that follow in this chapter are all implemented (unlessstated

otherwise),so they are also features.

5.2 Hardw are In terface

5.2.1 Requiremen ts

The hardware interfacehidesdetails of the hardware interface from the client. The

goalis to provide a cleanAPI to the protocol usedto communicatewith the hardware

(Sulley). The protocol and interface are described in the following section. It is

implemented in class ParaMon. It needsto:

44
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� Set and read the parallel port data registers

� Interpret these registers to enumerate inputs (sensors)and processoutputs

(LEDs)

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

it is unstable to 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

Sensorabstraction is accomplishedusinga wrapper aroundthe parallel port interface

usedby the hardware. Pins are enumerated from 1 to 17. The interpretation of the

pins is handled by the Sulley interface. Further abstraction is not usedbecause,in

most cases,knowledgeof the semantics of each pin is not required � the learning

algorithms operate by looking at the state as a whole. The API for the hardware

interface is in the appendix.

The hardware is polled at regular intervals to determine not only the current

state of a sensor,but also to detect patterns in state changes. For example, if the

user shakesthe toy, tilt sensorswill begin to �uctuate. This will be picked up and

reported to the client as a measureof how volatile the sensoris in recent history.

At a smaller scale,this also takescareof debouncing the inputs (seeSection4.3).

The client can register functions to be calledwhenever the state of a pin changes

(callbacks). There is no limit to the number of functions for each 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 callback) the user can manually set the state of

any pin. If this is an output pin, the corresponding hardware (e.g. an LED) will be

activated or deactivated, dependingon the state speci�ed by the client. Callbacks (if

there are any) for the activated pin will alsobe triggered when the current callback
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returns. If an input pin is speci�ed, the pin will immediately return to its old state,

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

5.3 Learning

5.3.1 Requiremen ts

Machine learning libraries are widely usedand implemented. However, in this case,

initial development was gearedtowards a learning implementation that could run

on a microcontroller. Such an implementation would require minimal and �nely

adjustable state (i.e. memory usage),as well as workarounds for the plethora of

limitations onetends to �nd on a microcontroller. 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 requirements of a microcontroller implementation. When it

was found to be unlikely that a microcontroller would be available to even test the

code on, this requirement was abandoned. Subsequent searches for existing, free

learning packagesdid not yield a solution that meetsthe following requirements:

� Runs on a PDA

� for example,it is unlikely that Matlab, the closestto meeting the other

requirements, will run on an embeddedplatform in the near future

� Provide a consistent, high-level (abstract) interface to all learnersthat:

� recognisesthat learning is simply function estimation, for a domain and

rangeof arbitrary types

� standardisesthe presentation of training examplesand function inputs so

that genericbatching algorithms canbe written that work for all learners

� providesa �exible, object oriented approach to implementing newlearners

� the interface is implemented in

class GenericEstimator <DOMAIN,RANGE>(Figure 5.1(b))
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Network

# dimension
# class_count
# num_hiddens
# pinputs
# phiddens
# poutputs
# bn

+ forward()
+ backward()
+ setInputs()
+ train()
+ Network()
+ Network()
+ out()
+ getInputVal()
+ est()
+ learn()
# Network()
# Network()
# init()
- Network()
- operator=()

LayeredNetwork

# num_hidden_layers
# more_hiddens

+ LayeredNetwork()
+ LayeredNetwork()
# init()

RBFNetwork

 

+ RBFNetwork()
+ RBFNetwork()

Estimator

 

+ est()
+ est()
+ operator()()
+ learn()
+ learn()
+ ~GenericEstimator()

(a) Neural Network Inheritance Heirarchy

Classifier< DOMAIN >

# MIN
# MAX
# num_c
# est

+ Classifier()
+ classify()
+ operator()()
+ prob_classify()
+ learn()
+ learn()
+ ~Classifier()
# toClass()
# fromClass()

GenericEstimator< DOMAIN, RANGE >

 

+ est()
+ est()
+ operator()()
+ learn()
+ learn()
+ ~GenericEstimator()

est

(b) Classi�er Collaboration Diagram

Figure 5.1: Classesfrom the Learning module

� Provide an adapter interface for reinforcement learning

� in somecases,this is simply a cache of recent (non-training) input values,

their associated(estimated)outputs anda method of determininga target

from thesevaluesfrom which to train

� it is incorporated into the rest of the environment (Section 5.4)

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

volved adaptation

� this is particularly true for continuous reinforcement 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 manner for the individual learning algorithms implemented

(POMLearner, GradLearner in Figure 5.4(a))

� Provide an adapter for non-deterministic reinforcement learning via classi�ca-

tion
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� the non-determinismis intended to make learning more fun and present

the full scopeof 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 implementation is an adapter to the learning wrapper, in

class Classifier <DOMAIN>(Figure 5.1(b))

� Support training of the unique characteristicsof the data being usedfor rein-

forcement learning in this project

� this was �rst introducedin Subsection1.2.3of the motivation and is one

of the main contributions of this thesis

� the training needsto:

� work for an in�nite supply of examples,whosevalidit y expiresover

time

� work in the context of interactivit y; that is:

� wait for user input beforeknowing a target to adapt the learner

� attempt to be entertaining (i.e. not completely predictable and

exploreall possibleactions)

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

changesthe reward function)

� work for discrete training examples,which cannot be automatically

generated

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

sors

� a genericframework is implemented in class Trainer <DOMAIN,RANGE>

� environment-speci�c modelsare implemented aspart of the Sulley inter-

face
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The following requirements apply to the implementation of a concreteinstanceof

the high level interface � a Neural Network. Here the emphasisis on elegance,

�exibilit y andextensibility, without obfuscatingthe simplecasesother libraries (such

asAnnie1) handle well. It needsto:

� Allow adjustment of parametersat the neuron level

� someof the latest training algorithms, such asthe Vario-� algorithm [36],

require the adjustment of parameters in individual neurons previously

thought to be e�ective as constants 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 functors2)

to be usedfor each neuron

� a polymorphic approach allows semantics � not just parameters� to be

customisedat the neuron level

� this is implemented 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 extensiblehierarchy 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 simpli�ed manner by the client

1Annie - Arti�cial Neural Network Library http://annie.sou rc efo rg e. net / � this is one of
the most elegant, free, C++ ANN implementations available

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

+ lo
+ le

+ output()
+ backPass()
+ error()
+ set()
+ setWeight()
+ out()
+ ~Neuron()

BiasNeuron

 

+ BiasNeuron()
+ output()
+ out()

InputNeuron

- v

+ InputNeuron()
+ set()
+ get()
+ output()
+ out()

LayerNeuron

# inputs
# weights
# prevWeights
# ins_sz
# func
# column

+ LayerNeuron()
+ setTransferFunc()
+ output()
+ backPass()

HiddenNeuron

- oweights

+ HiddenNeuron()
+ error()
+ setWeight()
+ out()

OutputNeuron

 

+ OutputNeuron()
+ error()
+ setWeight()
+ out()

RBFNeuron

 

+ RBFNeuron()
+ output()
+ backPass()

Figure 5.2: Neuron Inheritance Hierarchy (extensible)

� this is implemented in the inheritance hierarchy from classNeuronFac-

tory, show in Figure 5.3

� when a new type of neuron is developed, a corresponding factory can be

inserted at the sameplacein the hierarchy

� this allows a client to use the new neuronswithout modifying the

neural network construction code

� Provide an implementation of the neural network itself (class Network)

� the current implementation usesgradient descent back-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 factories implemented

Note that LayerNeuron is abstract, and just representsthe common parts of
hiddenand output neurons, so there is no corresponding factory for it

5.3.2 Learning In terface

There area lot of requirements and the focusis on �exibilit y and extensibility rather

than e�ciency . The result is a general tool for reinforcement learning (as well as

learning in general),which can (hopefully) adapt to future research developments,

without drastic changesto client code.

The designchosenallows a variety of algorithms that vary widely in their imple-

mentation to be adoptedto the sametask. At the highest level, a GenericEstimator

(Figure 5.1(b)) allows a client 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 presented in successionand an estimation of the function

output can be requested,given the function input.

A decoupledTrainer hierarchy is in development for moresophisticatedtraining.

However, for this project, establishedtraining methods could not be useddue to the

interactive nature of the input. For this reason,development of this aspect wasnot

pursued.

Speci�c implementations will most likely restrict the domain and rangeto types

that their algorithm supports. For example,a neural network will learn a function

f : Rm ! Rn . The client needsto know the type to present the examples.Although,

for many types there are implicit conversions. Otherwise, the client can use their

own typesand write their own conversionoperators.
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The Classi�er adapter3, alsoshown in 5.1(b), adaptsestimatorsfor usein classi-

�cation. It adapts a GenericEstimator from somearbitrary domain, A, to a vector

of reals to learn a function g: A ! f 1; 2; :::; ng, where n 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 measures,aswell

asa query for the underlying evidence.

For the non-deterministic learning usedin the gamesimulations, a classcan be

chosenprobabilistically. This is usefulbecauseit givesan element of unpredictability

to the userandallowsall possibleactionsto beexplored. For example,the usermight

not know they wish the toy to do a particular thing in a particular environment,

unlessall actions possiblehave beenperformedin that environment.

5.3.3 Neural Net works

The neural network implementation is alsodesignedto be �exible and extensible. It

is a departure from the traditional implementations of neural networks implemented

using matrix operations (in the mathematical sense).This would remove the �ex-

ibilit y of fully customisinga neural network. Instead, most of the calculations are

deferredto the neuronsthemselves, which can be constructed on an ad-hoc basis.

More details about the implementation will be described in Section6.2.

Three neural network templates are implemented, as shown in 5.1(a). The de-

fault Network implements a backpropagation(Hop�eld) neuralnetwork with a single

hidden layer. It �ts into the learning interface by extending the functionality of an

Estimator in the function domain Rn ! Rm .

LayeredNetworks provide backpropagation networks with multiple layers. These

networks werenot usedfor this project. This is becausethey requirea largeamount

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 werealsoimplemented (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 due to their abilit y

to train on relatively few examples.However, their suitabilit y 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 each layer

and a set of factoriesto generatethe features of neuronsfor each layer. The default

factories provide neuronswith sigmoid transfer functions, momentum, a constant

learning rate and a few other defaults. With the default factories,a client needonly

specify the number of neuronsin each layer.

A client can derive the relevant class in the factory hierarchy (Figure 5.3) to

provide neuronswith customisedparametersand semantics. For full customisation,

a client can inherit from the network itself.

5.4 Sulley In terface

5.4.1 Requiremen ts

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

needsto abstract the following functionality:

� A central controller to coordinate state (class SulleyBase)

� the controller 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 collaboration

� a similarly implemented derivation could provide a �virtual� Sulley,

with AI (future work)

� the inputs provide one part of the information fed into the learning

algorithms

� The state is the environment usedas part of the reinforcement learning

algorithms
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� the inputs and feedback from the simulation continuously update the

environment

� the environment is then usedasthe input to the learning algorithms

� A way of informing whethera behaviour wasgood or bad (class SulleyLearner )

� this hooks into the reinforcement 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 thesecomponents

� it needsto leverage the functionality provided by the learners for the

unsophisticated inputs (and state held within the Sulley) to maximise

the e�ectivenessof the estimated output in order to trigger particular

actions

5.4.2 Reinforcemen t Learning

Reinforcement learning aspects of the project that were not able to be generalised

(i.e. to the genericarchitectures) wereencapsulatedin the Sulley classes.There are

three hierarchies.

Classesderiving from SulleyBaserepresent the environment (state and percepts)

available to a Sulley agent. There are currently two leaves� onemonitors percepts

from the hardware interfaceand parallel port, the other monitors the keyboard for

percepts.

A Sulley agent can have any number of SulleyActors, which represent the ac-

tions that can be performed by the agent. This is the secondhierarchy. For the

experiments in Section 7.3, a SulleyMaze is derived from SulleyActor to represent

the turning functions (seeSection7.3 for an explanation).
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SulleyLearner

+ delay
+ max_window
+ num_outputs
+ running
# sulley
# size
# ptr
# window

+ SulleyLearner()
+ output()
+ lastGood()
+ lastBad()
+ ~SulleyLearner()
+ run()
- SulleyLearner()

POMLearner

- pommap
- lastp
- lastx
- learn_rate

+ POMLearner()
+ lastGood()
+ output()
+ lastBad()
+ getNet()

SulleyGradLearner

- nn_sem
- learners
- last_output

+ SulleyGradLearner()
+ output()
+ lastGood()
+ lastBad()
+ getNet()
# learn()
# run()

(a) Sulley Reinforcement Learners

SulleyMaze

 

+ SulleyMaze()
+ actionInfo()
+ operator()()

SulleyActor

# sulley

+ SulleyActor()
- SulleyActor()

SulleyBase

+ printAction
# state
# cache
# actions

+ SulleyBase()
+ ~SulleyBase()
+ getState()
+ addAction()
+ good()
+ good()
+ bad()
+ bad()
+ act()
+ stateString()
+ startLearning()
- SulleyBase()

sulley

(b) MazeSulleyCollaboration Diagram

Figure 5.4: Classesfrom the Sulley interface

Note: In SulleyGradLearner, learners is a collection of Estimators

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

can correspond to more than oneaction, a singleaction can have multiple learners,

and di�erent learners are permitted to produce di�erent actions when presented

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

interfacesare adapted for reinforcement learning.

The SulleyLearner base class implements most of the functionality for infer-

ring the learning rule based on the observable state (referencing an 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 good or bad (or no

reward).

POMLearner implements the modi�ed Q-learningalgorithm discussedin Section



5.5. Applications 56

6.3.2. SulleyGradLearneradapts neural network-style (i.e. function estimation)

learnersto reinforcement learning tasks. For the latter it, is also possibleto begin

training the network in a separatethread. However, concurrent, non-interactive

training in the background 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 explored in depth due to time constraints and are

discussedin future work. The gamedeveloped in full is primarily for the evaluations

in Section7.3. However, the requirements that follow are desirableto have for any

game.

5.5.1 Requiremen ts

To assistthe qualitativ e evaluation of the �fun factor� of the toy, and demonstrate

the functionality of the hardware,somegamesarerequired. Exactly what the games

are is not a speci�c requirement, but they should:

� Try to be fun

� Usethe reinforcement learningtechniquesand interfacearchitecture e�ectively

� Allow the reinforcement learning techniquesto be evaluated

While not donefor this project due to time constraints, 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 currently usedbecauseof the limitations of the current inputs

and outputs implemented so far

� Provide auditory feedback through the Smart Toy
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� the software for this is implemented (a WAV �le is an action that is

triggered in the sameway as oneof the LEDs)

� Other possiblegamefeaturesare discussedin future work (Section 9.2)

5.5.2 Maze Simulation

The maze simulation, and the encapsulatedactions (turning), is implemented as

a subclass of SulleyActor. This is the manner by which all applications can be

implemented. 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

context of the experiments.
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Software Implementation

This chapter discussessomeimplementation details of the software component of

the system. It covers the software libraries and algorithms that were used, along

with any modi�cations made to 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 In terface

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 was required for a number of reasons:

� It givesan object-oriented interface to the hardware

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

with callbacks

� it maintains a history, from which pin volatilit y (debouncing and shaking) is

determined

� the result is that it givesthe booleansensorsa third state � changing

� a more granular scaleof the volatilit y 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 In terface Con�guration Parameters

This subsectiondescribesthe adjustable parametersin the interface that a�ect the

experiments. The default settings (the settings used for the experiments) are in

brackets.

V OL_WINDO W (3) This is the sizeof a volatilit y block usedto determine the

stabilit y of a particular pin. A block is volatile if the valuesare not all equal.

Increasingthis value makesthe interface lesssensitive, and increaseslatency.

HIST_LEN (9) This is the amount of history kept. The �rst three blocks are

used to determine whether a pin is volatile or changing (seeSection 5.2.2),

so it must be at least three times VOL_WINDO W. If it is more, a longer

history is kept for each 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 callbacks 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 settlesback to its old state.

microp oll (20000� s) This is the polling interval. It was discussedin 5.2.2.

6.1.2 General Notes

Initialisation of the PARAPIN library must be donewhile the e�ective UID of the

processis root. If the programis setuid and ownedby root, or if the real UID is root,

then this is automatic. This initialisation occursin a static initialiser associatedwith

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

6.2 Generic Learning Algorithms (GD and RBF)

Although Gradient Descent and Radial Basis Function neural network algorithms

and data structures were fully implemented for this project, the interesting aspect

is the designof the implementation. It was the designthat allowed the techniques
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learn_base.h

neural.h

sulleylearn.h

sulley.cc sulleylearn.cc

neural.cc

training.h

(a) Generic learning

nnfunc.h

neurons.h

factories.h

neural.h

sulleylearn.h

sulley.cc sulleylearn.cc

neural.cc

neurons.cc

nnfunc.cc

(b) Neural Network learning

Figure 6.1: Files that directly or indirectly include learning functions

to be easily incorporated into the reinforcement strategies. This was discussedin

Section5.3.

An indication of source-code dependenciesfor the learning framework is shown

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 implemented refer to Baird [22] and Sima et al. [44]. For details on the RBF

network, refer to Orr [37,38].

6.3 Reinforcemen t Techniques

This sectiondiscusseshow the learningand reinforcement techniqueswereleveraged

in order to meet the requirements of the Smart Toy learning model in this project.

6.3.1 Reward Mo del (good Sul ley,bad Sul ley )

One of the most crucial elements 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 techniques are designedto work with continuous reward
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functions. However, for this project we do not want somekind of dial 1 for the user

to operateto indicate how the toy is performing. Not only would this be impractical

on a doll and violate oneof the designgoals(seeSubsection3.1.6), but it is unlikely

that the user could reliably and consistently distinguish betweendi�erent levels of

�goodness�.

For this implementation, a tri-state reward system was chosen. That is, the

reward is one of good, bad or indi�er ent2. By modifying learning parameters,it is

also possibleto learn using only good and indi�er ent. However, a larger degreeof

non-determinismis required (even after lengthy training), which may frustrate the

user.

6.3.2 Mo di�ed Q-learning

The Q-learningalgorithm discussedin 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 equal to the quotient of

the Q-valuecorresponding to that action and the sum of all Q-valuesfor that state.

This allows multiple actions to be learnedfor a singlestate.

Rather than use the � value to explore the state space,an upper limit on the

Q-values is imposed. Any increaseof a Q-value that goes beyond this limit is

distributed evenly over the other actions for that state. The limit is derived from

the current sum of Q-values in that state. This always keepsa proportion of the

actions available as alternatives, and serves the user with a portion of variety. It

allows the userto seewhat actionsare available, should they decideto changetheir

reward function.

For the reward itself, the value of r is simply set to 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 user would be conscientious enoughto
update the dial after every action.

2Or, equivalently , ignore, don't 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 decay. This would be especially useful if the �bad�

perceptwasremoved. However, I'm not satis�ed that decay is actually somethinga

Smart Toy should do, so this was not investigatedfurther.

An experiment was designedto test thesemodi�cations. The procedure,results

and analysisare in the sectionsthat follow.

6.3.3 Applying to Neural Net works

From a client's perspective, a neural network is essentially a function estimator. All

that remains to do, then, is formulate a bijective mapping from the environment

! action function domain to the Rn ! Rm function domain of a neural network.

With the interfacesprovided by the generic learning framework implemented for

this project, this was trivial to do.

Actions wereenumerated,and the state representation waspresented as-isto the

Classi�er ADT to determinethe optimal action. For training a �good� reward, the

output dimensioncorresponding 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 1:0
m� 1 .

Thorough evaluation of this architecture was not carried out. There are some

observations of its use in Section 8.3. Early testing determined that, for gradient

descent, a singlehidden layer of 4-5neurons,a learning rate of 0.1and a momentum

of 0.9 was e�ective when the state was small (as it was for the modi�ed Q-learning

experiments). For RBF networks, a learning rate of 0.4 and a number of RBF

neuronsequal to 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 makes it particularly suited for this project. However getting a

random number from it is about �v e times faster than x = ax + b mod p, three
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sulley.cc

sulleylearn.h

neural/neural.h

cassert learnbase/learn_base.h

valarray

neurons.h

sulleybase.hfactories.h

iostream

hwinter.h ../tty.h

vector

maze/maze.h

nnfunc.h

cstddef

sulleymaze.h

sulleyinput.h

map

cc++/thread.h

stack unistd.h

string random/ccisaac.h

stdlib.h sys/time.h

Figure 6.2: Include dependencyfor Sulley.cc (main() )

times faster than RC4, and it is cryptographically securewith no bias3. The C++

version adapted by Quinn Tyler Jackson was extendedby me for someadditional

functionality.

For threads, the GNU Common C++ library 4 was used. It has a decadently

elegant pthread5 wrapper.

6.5 Source Structure

The entire systemis implemented in C/C++. To convey someoverall structure of

the implementation, an include dependencygraph for the systemis shown in Figure

6.2. For details, refer to the appendix.

3So why not use it?
4GNU Common C++ http://www.gnu.o rg/ soft ware/ commonc++/CommonC++.h tml
5Anyone still using pthreads directly in C++ code should be slapped. The socket library in

CC++ is also worth a look and is similarly ful�lling.
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Experiments and Results

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

cussesthe experimental procedureand presents observations and results.

7.1 Testing the Hardw are (Sensors)

This wasrelatively straightforward. The Sulley doll wasconnectedto a PC running

Linux and all the sensorswere tested while the program was running. The hard-

ware monitor running in debugmode prints a messageto stderr whenever an input

changes.A simple client waswritten that allows individual pins to be set manually

via the keyboard in order to test the feedback.

7.1.1 Tilt Sensors

Tilt sensorswere tested by slowly tilting the doll on all its axes and by shaking

the doll. Rotating the doll along all horizontal axescausedspeci�c pairs of the tilt

sensorsto alter their value. No obvious correspondencebetweena left/righ t tilt (or

a forward/backward tilt) and a single sensorcould be determined. However, this

is not a problem as the aim was always to learn this correspondencethrough RL.

The vertical axis, yaw1, causedno change,as expected � an electronic compassor

similar would be required to detect this movement.

1Originally an aviation term for turning an aircraft while remaining in the horizontal plane (i.e.
not tilting).
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7.1.2 Ligh t Sensor Arra y

The light sensorwas adjusted (using the potentiometer) until the sensorwas low

when in direct light and high when in shadow. The lighting for testing was a

computer lab with good �uorescent lighting. This level of lighting or above (e.g.

sunlight) shouldkeepthe sensorat the low value. Repeatedexperiments on di�erent

days were conductedand the sensorwas found to consistently go high when placed

in shadow, either by a hand or by inverting the toy so that the sensorswere 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 packagesdid not

obstruct the action of the microswitch and that they required an appropriate level

of pressureto activate. The results weresatisfactory � all three switchesresponded

to light pressureand were able to reset themselves.

Once inserted into the doll, the wrist squeezesensorcontinued to maintain its

responsiveness. However, the squeezesensorsin the torso were further from the

surfaceof the doll. This madethem harderto reach by humanhands,and the stu�ng

was too soft to transfer enoughpressurefrom a �cuddle�. This is an unfortunate

consequenceof using a plush toy � a more rigid doll would be able to have sensors

closeto the surfacearound the torso.

However, the sensorswerestill able to be activated. Gently probing with �ngers

to discover the packagecausedactivation, asdid a (very) tight squeezeof the torso

in the appropriate location. There were no problems with the switches remaining

activated after a squeeze.That is, they always deactivated when the pressurewas

released.

7.2 Testing the Hardw are In terface

The history window sizeandpoll interval of the hardwaremonitor had to betweaked.

Although theseparametersare not spectacular in 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 In terv al

A largepoll interval increasesthe latency betweenphysical activation and triggering

of callbacks in the software. Poll intervals below about 20mshave no e�ect because

of systemcall overheadand processscheduling.

In my tests, latency was found to be most undesirable. When it was too high,

a sensorcould be squeezedat normal speedand only ever be �agged as volatile in

the software. For this reason,a value of 20mswaschosenfor the poll interval to try

and minimise the latency. Below this and the latency (now small) was inconsistent

due to processscheduling.

7.2.2 Windo w Size

A window size that is too large means inputs will take a while before they are

reported as stable. A window size that is too small means that inputs may be

reported as changing value twice, when the user only intended to change it once.

There is a tradeo�.

The window sizewasdecidedinformally. Again latency wasan issue� the longer

a smooth activation is volatile, the higher the latency. A history of the nine most

recent values is kept, and analysedin groups of three. If the values in the most

recent 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 values in the most recent group

are all equal, but do not match the most common value 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 each instance(in isolation). This con�guration

was found to successfullydistinguish normal transitions, such as a gradual tilt or

squeeze;and rapidly changing transitions, such as when the doll is shaken.

7.3 Learning Exp eriments

Performanceof the individual learnershasbeenwidely researched [37,44], sothe be-

haviour of theseparticular implementations wasnot investigatedfor normal training,

beyond determining that the implementations actually work. What wasinvestigated

was how the learnersbehave for the unique applications of this project.

Still, the number of facets of a Smart Toy that can be evaluated is enormous.

This project focusedon a singleareafor evaluation. Other possibilitiesarediscussed

in future work. First I will present the motivation for choosingthe aspect that was

evaluated.

7.3.1 Motiv ation

The ultimate evaluation goal of a Smart Toy would essentially be to determine�is it

fun?�2. When Intel and Mattel combined forcesto delve into the Smart Toy market,

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

Fun is synonymouswith toys. Unlessa toy deliverswell on fun, nothing

elsematters. There currently is no IEEE standard that provides an ob-

jectiveand scienti�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 evaluating someaspectsof what will eventually (hopefully) help

a Smart Toy to becomefun. Speci�cally, is the learning e�ective. Beforegoing any

further, it remains to attempt to de�ne exactly what I mean by e�ective learning,

in the context of fun.

2Others may argue that the real evaluation criterion would be �will this make money?�. For the
sake of research, this aspect will be put asidefor now.
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Figure 7.1: A Furby � after being taught 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 expensive, hairy cricket ball. With ears. In fact, it

looks like someonebeat me to it (Figure 7.1). From my own experience,what made

it so irritating was the frustration involved with getting it to learn.

The packagingpromiseda toy that would learn to talk, and learnactionsthat you

could teach it. In practice, it respondedto �xed sequencesof inputs such as �touch

this, prod that, �ip me, �ip me, �ip me, cover my eyes�, to produce�xed responses

� usually an utterance in Furbish3. However, the longer you spent 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 sourceof

frustration. It is unlikely that the toy actually learned at all [40].

Sothe evaluationsconductedin this project focusedon whether the learningwas

fast. In this way, the focusof the fun becomesnot how you teach the toy, but what

you can teach it. In other words, a child shouldnot su�er angst trying to determine

how to teach the toy, but instead be able to explorewhat it can do.

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

necessaryto adapt to a new policy, should the user changewant to train the toy

3The languageof a Furby, whosevocabulary includes phrasessuch 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 consequenceof this type of evaluation is a demonstration that

the learning actually works. That is, a correspondencebetween the state and the

next action will be shown.

7.3.2 Challenges

The challengesthe learnersthemselvesfacedhave already beendiscussedin Section

5.3. This subsectionaddresseschallengesparticular to designinga meaningful ex-

periment to evaluate the reinforcement learning taking place. In many casesthese

challengesare consequencesof the challengesalready mentioned.

The �rst thing to consider is someway of conveying the state. The number

of states goes up exponentially with the number of sensors� both physical and

simulated � and the history that is kept (e.g. the last n actions taken, or the last m

valuesof all sensors).For this experiment, the number of distinct stateswasreduced

to four in order to highlight salient featuresof the evaluation. For thesefour states,

three possibleactions were allowed by the Sulley agent.

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 continue making

decisions,but allows decisionsto be highlighted aswell as indicating at what points

training occurred.

The discretenature of the data was found not to make plots that are clear when

a lot of changesare occurring. To aid the visualisation of the training progress a

corresponding plot with points estimated(badly) with a beziercurve is alsoshown.

The bezier plots have little quantitativ e merit � they primarily serve to make the

corresponding lines in the distinct plot easierto trace.

7.3.3 Plots

The passageof time is crucial to this kind of evaluation. �Time� is chosenfor the

horizontal axis. Whenever the �time� is an integral number, the action that hasbeen

decided(for the current state) is carried out. In terms of real time, this occurred
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every 10 secondsfor this simulation. Non-integral time valuesincreaseby 0.1 units

whenever 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 each correspond to a particular state. When the state

changes,data is plotted on a di�erent plot. That is, only events that occurred

in the state corresponding to a particular plot are shown in that plot. All plots

correspond 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)correspond to instanceswheretraining occurred. Solid

vertical linesdemarcateinstanceswherethe toy wastold that it was�good�. Broken

vertical lines demarcateinstanceswherethe toy wastold that it was�bad�. Because

training occurs at least oncefor each time increment, the lines also show at what

times the simulation was in a particular state.

The plotted lines each correspond to a single action that Sulley can take. The

solid line is �turn left�, the dashedline is �turn right� and the dotted line is �continue

forwards�. The vertical axis corresponds to the probability that a particular action

will be taken in the state corresponding 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 simple in order to cope with the reducedstate and limited choiceof actions.

The choice was a maze,whosecorresponding semantics (i.e. turning corners)gave

namesto the actions that could be taken.

The mazeis displayed as text. The mazeat the end of the simulation is shown

in Figure 7.2. Pipe characters(| ) and dashes(- ) represent the walls of the maze.

The letter � o� shows the path taken through the mazeby the agent while training

was conductedconcurrently. If the agent had to backtrack through the maze(i.e.

after reaching a dead end) it would be marked with a � . �. The numbers were
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Figure 7.2: The mazeexploredduring the experiment

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

inserted manually to show the progressof the agent, each corresponding to ten

�time� intervals in the plots.

The aim of the game is to reach the goal ($) towards the centre of the maze.

Standardmazerulesapply (e.g. you can't passthrough walls). If the agent 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

centre of the left boundary of the maze.

The user(player) attempts to direct the agent by putting the sensorsin the state

that they wish to correspond to a particular direction. However, there is initially

no correspondencebetweena given state and the action chosen� the �rst action is

chosenrandomly and each action beginswith equalprobability of being chosen(as

seenin the plots a t = 0). In order to teach the agent the mapping the userwishes

it to have, the agent must be trained.

Training is accomplishedby rewarding the agent whenthe action chosenmatches

that to which the user wishesthe current state to correspond. If it does not cor-
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respond, the agent can be punished. The user is always shown the action that the

agent is about to take (i.e. at the next time increment).

7.3.5 Exp erimen t Script

A rough script was followed (by me) while conducting the experiment itself, as

follows.

Whenever the agent is going to make a decisionthat doesnot correspond to the

action I want it to perform, I repeatedly punish the agent. Whenever the agent is

going to make the correct decisionI reward it. I reward it exactly once for each

time increment (i.e. for each decisionmade),but more than onepunishment can be

dealt in a singletime increment.

From time t = 0 to time t = 40, I try to train �tilting left� to correspond to

�turn left�, �tilting right� to correspond to �turn right� and �upright� to correspond

to �continue forward�. I never enter the state �inverted� in this time interval.

From time t = 40 to time t = 69, I reverse my policy. That is, tilt right

to turn left, and left to turn right; and invert to continue forwards, with upright

corresponding 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, I unintentionally

rewarded a �continue forward� decision,when I should have punishedit. However,

asshall be discussedin the analysisfor the deliberate changes,the algorithm is able

to recover quickly.



7.3. Learning Exp erimen ts 73

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 0  10  20  30  40  50  60  70

P
ro

ba
bi

lit
y

time

Choices while in state #3 (tilting left) []

good
bad

probleft
probright

probforward

(a) Precise

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 0  10  20  30  40  50  60  70

P
ro

ba
bi

lit
y

time

Choices while in state #3 (tilting left) [smooth bezier]

good
bad

probleft
probright

probforward

(b) Bezier Smoothed

Figure 7.3: Decisionswhile in state �3� - tilting left
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Figure 7.8: A zoom-in showing the training in state �0� - inverted



Chapter 8

Analysis

This chapter analysesthe experiment from the previoussection. It alsopresents an

analysisof the hardware and discussessomegeneralobservations 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�c examples.

8.1.1 Initial learning (t < 40)

Here Figures 7.3, 7.4, 7.6 and 7.7 are being considered.The corresponding percept

states will be referred to as tilt left, tilt right, upright and inverted, respectively.

The initial intended actions are turn left, turn right, go forward and unmapped,

respectively. The squeezesensorin the paw was mapped to good and one in the

torso to bad. Tilt is determinedby the three tilt switches.

All actionsbeginwith equalprobability of beingchosen(there are three, so33%

each). Tilt right is the �rst state entered (i.e. Sulley is physically tilting to the right)

� Figure 7.4. This state is entered becausethe �rst corner in the maze(Figure 7.2)

is a turn to the right.

The �rst action chosenhowever, 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 madeagain, and this time go right is chosen.This is correct, so a

good reward is awarded. After the update, go right now has approximately a 57%

chanceof being chosenin the tilt right state. This is very early learning, so it 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 good reward follows.

After this training, the go left and go right actions are now chosencorrectly

(mostly by luck) as the agent navigatesthe mazewith the help of the teacher. The

exception is at about t = 7 wherea go forward was rewarded as good while in tilt

left. This wasa mistake1 by the teacher. However, subsequent training is able to �x

the mistake quickly.

The training for upright is not so lucky. For example, at t = 9, two wrong

decisionswere punished. However, probability eventually wins out and go forward

is successfullylearned. The inverted state was not entered in early learning - so

probabilities for all actions in this state remain equal.

8.1.2 Changing the optimal policy (t > 40)

At t = 40, I decide to change my mind about the optimal policy. My world is

e�ectively inverted completely � I want tilt left to choose go right, tilt right to

choosego left and inverted to choosego forward. Most of the changesoccur for

40 � t < 55 so this rangeis zoomedin for Figures 7.5 and 7.8.

The script is the samefor the old policy, but with di�erent targets. Repeated,

bad rewards quickly reduce the probability of the old action being chosen. Note

that relative probability between unchosenstates remains consistent, until one is

targeted.

1Originally unintentional, although it servesto demonstrate another facet of the learning.
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There is someturmoil while the new policy is being learned. However, within

about thirt y seconds,the new policy is learnedand adopted. The new target action

for each state is able to be �ltered out with the good and bad rewards in concert

quite successfully.

8.1.3 Summary

The experiment wasan extremesimpli�cation of the capabilitiesof the learnersand

the hardware. This was in order to highlight a single aspect and present detailed

state and decisioninformation in a clear manner.

From the plots and analysis it can be seenthat with this simple example, it is

relatively straightforward to teach an initial policy as well as change the optimal

policy during training. Policiesare learnedquickly, and the agent doesnot get stuck

choosingany particular action.

8.2 Analysing the Hardw are

Somethorough user studies are required to fully analysethe hardware, and some

questionsthat needto be asked are included in future work. This sectioncontains

my own experienceswhile using the interfacedevice.

The tether is de�nitely a drawback. It restricts the range of movement and

e�ectively tethers you, also, to the computer. A longer cable might resolve the

latter problem, but for a true companionthat can be carried around and remains

smart, a wirelessor microprocessorsolution would be needed.

Despitethe frequent polling and small window sizes,latency is still noticeable. It

is most noticeablefor reward-giving. However, this is basedon immediate feedback

from the �click� that the microswitch makeswhen it is depressed.A truly embedded

sensorwould not click, and the latency is small, so not knowing exactly when the

sensoritself changedmight minimise perceptionof the latency.

The sensorsall workedadequately. However, moresensors,with a �ner scalethat

do more interesting things are certainly desirable.The current forms of interaction



8.3. Other Observ ations 82

are quite limited. However, sound may prove to be e�ective for a new level of

interaction, so that attention on enhancingthe sensorscan be delayed.

8.3 Other Observations

Neural network testswerecompiled,but time constraints prevented their full explo-

ration and experimentation. However, the testing code outputs an indication of the

training progress� at least to con�rm that it works.

Gradient descent networks with two or more hidden layers were found to be

undesirable. Training never settled, and the best that could be achieved for the

simpli�ed problemusedin the main experiment, wasabout a 60%chanceof choosing

the desiredaction. It is likely that the large number of freeparametersdid not suit

the simple model. Perhapsmore complexmodelsmay be better suited. It was also

hard to get a largenumber of training examples;soto get the 60%,repeatedtraining

epochs were carried out in a background thread.

However, the background 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 background training is undesirable

becausestandard neural network stopping criteria all attempt to minimise the error

for the singlebest result. This meansanother abstraction layer is required to adapt

multiple actions for a singlestate.

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 background this was found to be a major problem. It

meant that the network wasunableto adapt to a newpolicy, shouldthe userchange

his/her mind about the reward function.



Chapter 9

Future Work

This chapter discussesthe 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 alsoproposesa rangeof techniques

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

9.1 Hardw are

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

However, usinga plush toy and wanting to maintain its cuddly nature imposessome

restrictions on the hardwaredevelopment. For example,it is unlikely that motorised

actuators will ever be incorporated except, perhaps, for small movements such as

the eyes. More sophisticatedmovement would require rigid limbs, which would be

di�cult to hide from the user.

9.1.1 Sound

This extension to the hardware should not be too di�cult to accomplish,due to

existing redundancy in the hardware design (i.e. spare wires). Adding a speaker

would allow virtually limitless possibleactions, which could all be learned. It also

allows the visual display of a computer to be taken out of the equationentirely, and

encouragesmore natural communication with the user. A microphone and voice

recognition, however, is a bit further o� due to the current state of technology.

83
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9.1.2 Smart Material and Pervasive Transducers

This was �rst touched upon in Section 3.1.6. Current �Smart Materials� include

actuators that areable to �ex in a fashionsimilar 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 sensorsthat 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 seemeven more intelligent.

Other sensors,such asall thosecontained within an Aibo (seeSection2.2.3) can

also be addedto the hardware. However, 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

between the user and the toy. It also increasesthe dimensionof the environment

from which inferencescan be made,allowing more intricate mappingsbetweenstate

and action.

9.1.3 Wireless Comm unication

The wirelesssolution initially proposedfor this project wasnot pursueddue to time

constraints and an already sizeablescope. This is de�nitely somethingthat should

be pursuedin the future. Other projects [27] and my own observations have found

a tethered solution to hinder the typesof interaction that occur, aswell as the user

satisfaction. A wirelesscommunication devicewould remove the needfor a tether

and on-board processing.

However, communication shouldnot be limited to that betweena Smart Toy and

its host PC. Collaboration between Smart Toys would alsobe an interesting avenue

to pursue. Such collaboration greatly increasesthe kinds of applications for which

a Smart Toy can be applied. For example, collaborative gamescould be played

betweenyou, your neighbour and each of your Smart Toys. For such an application,

however, a host PC is unlikely to be a suitable arbitrator. Collaborative gamescan

happen anywhere,so an ad-hoc communication 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 was that you could

spend a few days teaching it, but when the batteries ran out (which wasquite soon

afterwards) anything you �taught� it would be lost.

A sophisticatedsolution with a synchronised PC1 or non-volatile memory, for

example,could be used to solve the memory problem. However, there is still the

issueof powering the mobile device. A battery adds to the weight of the toy and

may impedesomeof the plush toy interactions.

The tetheredsolution for this project managedto skirt the power problem. How-

ever, future developments will need to 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-

sentially 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.

However, gamesare the primary focus.

9.2.1 Computer-arbitrated games

This is the current gametype that hasbeendeveloped (although the current game

is quite limited). Future computer-arbitrated gamescould involve the manipulation

of a graphical avatar to enhancethe gameplay. However, this would take the focus

away from a fully autonomousSmart Toy.

1À la the PocketPC's synchronisation with a desktop computer.
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9.2.2 Collab orativ e games

Communication doesnot only needto take placevia the sensors,nor doesit needto

be between toy and owner. Collaboration betweentoys and usersgreatly expands

the possiblegametypesthat could be pursued. For example,team gamesand coop-

erative gameplay could be explored. In such casesthe 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, reinforcement learning approachesin a seven-year-old survey paper.

Someof the techniqueslook asthough they canbeadaptedto the problemat hand in

a relatively straightforward manner. These,or more recent methods, may perform

or extrapolate better than the method implemented for this project. Exhaustive

experimentation may lead to a breakthrough in Smart Toy learning.

9.3.1 Collab orativ e Learning

This is where two agents share their knowledgeabout the world to improve each

other's intelligence. While not speci�c to smart toys, a variation of the conceptcan

also provide entertainment for the owners of Smart Toys. Collaborative learning

could be achieved by placing two Smart Toys together and allowing them to teach

each other conceptsthey have learned. For example,the stateof onetoy that hasnot

yet beenmapped could be exploredand trained interactively using encouragement

from the moreadvancedSmart Toy. Presumablythe other toy is ownedby 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 experiments to determineaccuracyand stabilit y of future implementations,
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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 research is to develop a toy to be bought for chil-

dren. Whether a toy is marketabledependson many factors [9]. Whether thesefea-

tures arepresent in an implementation needto be determinedto attract commercial

interest. Thesefeaturescover things such ascost, fun, open-endedness,educational

content, a perceptionof advancedtechnology, innovation and the ubiquitous �wow�

factor.

9.4.2 User Studies with Children

This is also related to the marketabilit y. 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 develop an attachment to the authors' outwardly intelligent electronic

device.

9.4.3 Social and Psychological Asp ects

While perhapsnot suited for the computersciencedomain, there area largenumber

of social and psychological implications related to Smart Toys; and a number of

questionsthat needto be asked. For example,how attached doesa child become

to their toy? If it broke would they be devastated? Does it detract, or perhaps

enhance,socialisation with other children? And so on.



Chapter 10

Conclusions

10.1 Goals Revisited

The broad goal for this project was to develop a Smart Toy. The scope of such

a project is large, so this thesis concentrates on a few areasof exploration within

the context of a Smart Toy. A hardware prototype basedan existing plush toy was

developed and tested to provide a set of simple, physical sensorsand actuators. In

order to make it smart, a reinforcement learning model wasdeveloped, backed 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 user decideto changethe optimal policy they wish to

teach.

10.2 Critique

The hardware aspects were implemented successfullyand performedadequatelyin

the early tests. The operation that united the hardware and the plush toy was a

alsosuccessful.The toy retained nearly all of the plushnessthat it beganwith, and

was able to interact with the user through a combination of implicit and explicit

sensoryfunctions.

All the complicationsthat arosefrom trying to interface the low-level hardware

were addressed� either with a resolution or a workaround. Wherever possible,the

88
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solution wasdesignedto encapsulateany complexities,in order to present an elegant

API to the client. The complicationswere well documented and are presented as a

brief survey of current implementation alternatives.

The software was designedwith �exibilit y, eleganceand extensibility into the

future asa primary goal. The challengesof Smart Toy learning are documented and

an architecture that solvesmany of the problemsis presented. An implementation

of the architecture, which usesa modi�ed versionof Q-learning, was developed.

An experiment to test the implementation's abilit y to learn and adapt quickly

was formulated. A simulated environment was developed in which to conduct the

experiment. The experiment wasconductedin controlled conditions,and the results

arepresented. An analysisof the resultsof this experiment is performed,alongwith

observations from applying neural network-basedimplementations to the sametask.

The project only scratches the surfaceof the development possibilities and ap-

plications of a Smart Toy. A detailed chapter on the future work is included to

motivate further development.

10.3 Conclusion

This project is an initial investigationandexperimentation of the Smart Toy concept,

using a plush toy. An extensiblearchitecture with initial implementations and an

evaluation is an important step towards the development of a truly intelligent toy.
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App endix A

Application Framework and API

There is a lot of sourcecode associated with this project � about 5000lines. Hence

so, too, is there a lot of documentation. A verbatim API and referencemanual

generatedfrom the sourcecomesto about 250 pages. The most interesting and

salient parts of the client API have been �ltered out and are appended in the

following order:

� classParaMon - the hardware interface

� learnbase.h- learning architecture

� classGenericEstimator - blackbox basefor function approximation

� classClassi�er - adapter for classi�cation in Rn function ranges

� neural.h - Neural Network architecture

� classNetwork - a Hop�eld ANN with a singlehidden 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
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� nnfunc.h - utility and transfer functions for neural networks

� sulleybase.h- Reinforcement learning environment model

� SulleyLearner- Baseclassfor reinforcement learners for Sulley

� POMLearner - The modi�e d Q-learning RL learner

� SulleyGradLearner- The ANN RL learner for Sulley
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