Learning and Interactive Tangible
User Interfaces (Smart Toys)

Trent Heath Apted

A thesis submitted in partial
ful llment of the requirements for the degree of
Bachelor of Computer Science and Technology (Advanced)neios)

Smart Internet Technology Research Group
School of Information Technologies
Faculty of Science
University of Sydney
Australia
November 2003



Dedicated to

Sulley



Learning and Collaborative Tangible User
Interfaces (SmartToys)

Trent Heath Apted

Submitted for the degree of Bachelor of Computer Science and
Technology (Advanced) (Honours)
November, 2003

Abstract

Smart Toys allow an interaction with the user that goes beyahwhat a normal toy

can provide. They possess the ability to learn from teachisdoy their owner, and it

is by this learning process that an intimate bond is forged Ibeeen the owner and
their toy. This research looks at the the forces behind the a&ening process and the
development of a physical device that can function as a Smarby.

The Sulley Smart Toy is adapted from a plush doll. This introdces some inter-
esting challenges, but also allows an interaction of a kindhat is di erent to most
existing smart toys. Sulley can be hugged and squeezed, anahi this interaction
he can perform actions. The action itself is determined by ainteractive reinforce-
ment learning model. Part of this research was determine hdvest to apply existing

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

This chapter introduces some aspects of a Smart Toy and disses the motivation
and challenges associated with developing one. It also s a possible usage

scenario and outlines the de nitions and structure used fathis thesis.

1.1 Goals

The broad goal of my honours thesis project was to develop a &mToy. To ac-
complish this goal, hardware was developed to be incorpoeatinto a plush toy (see
Figure 1.1). Based on the capabilities of this hardware, adening model was devel-
oped to give the toy some intelligence. A sample of demondiin gameswere then
developed to demonstrate the learning capabilities. A sigoant amount of work

also went towards the interface to the hardware and resolgrvarious complications.

1.2 Motivation

In the 1980s there was a revolution irprocessingvia the personal computer, fol-
lowed in the 1990s by a revolution imaccessvia the Internet and world-wide web.
Sa o [43] predicts that the primary focus of the next decade W be interaction.

That is, not simply the Internet-variety interaction amongst people, but the inter-
action of electronic devices with the physical world on ourdhalf via, what he calls,

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

1.2.1 Toys

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

toys is growing. Robotic pets such as HasbroRurby [23] and Sony's sophisticated
robotic dog Aibo [19] are well-known and have had good commercial sucéesa

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

ability to learn.

Furthermore, while it was thought that intelligent househdd robots would ini-

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

2The fact that Furby toys were once banned from the Pentagon because of their altyl to learn
is well touted by Hasbro's marketing department.
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tially be commercialised to accomplish chores such as vaoing and mowing the
lawn, technology still lacks the precision and e ectivenasrequired to have them
working as good or better than humans. It is perfectly accepble, perhaps even
entertaining, for atoy to stumble or react inappropriately to some events, whereas

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

1.2.2 Challenges of a Plush Toy

Plush toys already have a large share of the toy market. A repgon 2002 found
that it was the number one product category for all surveyedady stores, and that
it accounted for over 25% of stores' sales [32]. My projectdk an existing plush
toy and carried out a surgical operation on it (see Chapter 4p give it sensory and
feedback capabilities. Goals in this process included naist to keep the original
function of the toy, but also to sense the kinds of interactios that would normally
be performed on a plush toy. For example, squeeze and beirgred types of
interaction.

Time constraints and my own limited engineering experienceeant that the
sensory sophistication was somewhat limited. Rather thaneiing a black spot, this
actually allowed other, software-side avenues to be pursilig order to make the most
of the unsophisticated inputs and outputs related to the hatware. However, the
design of the system is such that there are still opportunitis to expand the hardware

capabilities within the current framework without too much redevelopment.

1.2.3 Reinforcement Learning

Few standard reinforcement learning techniques are e ewg# for in nite, interactive,
discrete learning. In nite means learning proceeds withdwa bounded set of training
examples and past examples can lose relevance. Interactimeans that the user
dictates the rate at which learning can proceed as the systeneeds to wait for
the user to present the output target for a presented set of tibutes. Interactive
also means that the user carhange their mindpart-way through the simulation.

Discrete means that it is not possible to generate continusuraining examples, as
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in learning motor control. The combination of these challegyes makes this kind of
learning an interesting avenue to pursue that has not been dély researched.

There are other complications resulting from the interactie toy nature of this
project. It is not enough to simply select the most probablewput as determined
by a learning algorithm. This is not just because predictakl behaviour might not
be fun, but satisfactory training might not be possible without presenting a non-
deterministic selection of actions for the user to react toFor some algorithms, there
are ways around this, but often they rely on being able tpunish the model as well
as reward it. My project has developed working models that oaeither be rewarded
and punished, or only rewarded.

Finally, note that the reward or punishment is most often a bolean value in the
limited sensor domain, with a temporal dependence that is h@asy to establish.
Many reinforcement learning algorithms depend of a contimmus reward function or
establish derivatives of the inputs with respect to time in der to derive learning

rules. These are not possible to achieve for the learning @mnment developed.

1.2.4 Wireless Collaboration

It was originally hoped that the device developed would be véless and collabora-
tive. That is, it would communicate via an unthethered connetion to other similar
devices in an ad-hoc manner without any kind of arbitration ¥ a server or desktop
PC. This is a largely unexplored area; the latesfibos from Sony (generation 3)
incorporate an 802.11 wireless interface [21], but there si@o far been little ap-
plication development to use the interface However, the already extensive scope,
time constraints and other obstacles (see Chapter 4) meartsat discussion of these

features is left to Future Work in Chapter 9.

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

As with any new human interaction device, there are a numbeif @sychological and
ergonomic avenues that can be explored. This is particulgrthe case for a toy,
interacting with children in an intimate and intelligent manner. Such studies are
beyond the scope of this project, but some implications wilie touched upon in the

Analysis and Future Work.

1.3 De nitions

The following de nitions are brief descriptions of some tens commonly used in this
thesis that may be unfamiliar to the reader, and that are notxamined more closely.

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

Sulley is a character from the Disney / Pixar movie, Monsters Inc. Th plush
toy incarnation of this character was used as the basis for éhSmart Toy in this
project. For convenience, whenever Sulley is mentionet refers to the Smart Toy,
along with the physical modi cations and software architeture that were applied
in creating this particular Smart Toy.

TTL in the context of this report means Transistor-Transistor logic. This mean-
ing will be used exclusively in this report, rather than Thraigh The Lens (photog-
raphy) or Time To Live (internetworking). TTL is used as a gerral term to refer
to semiconductor technology used for building discrete dtgl logic circuits.

Condence anduncertainty are given speci c meanings for this paper in the
context of classi cation. Con dence is the probability that the chosen class is a
correct classi cation with the evidence provided.Uncertainty is a measure of how
likely it is that some another class is also valid. This distiction is particularly
important for our avour of reinforcement learning, where v@ may want more than
one action to be learned for a given input state. These valu@sll only sum to unity
if there are only two classes if there are more classes, areazge over the unchosen

classes is determined to simplify measurement.
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A transducer is a device that converts physical inputs into electrical gnals.
For example, a switch requiring some kind of motion, a micrdyone, light detectors
and accelerometers are all transducers.

An actuator is its inverse. That is, anactuator converts electrical signals into
physical e ects. The most common example is an armature matavhich can achieve

tasks such as the movement of robot limbs.

1.4 Contributions

Within the scope of the goals mentioned previously, the aceplished objectives

and research contributions include:

the design and implementation of electronic circuitry for ensing the human

interaction with a plush toy

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

cantly impacting execution of the toy's previous functiofy)
a software interfacé to the circuitry hardware

a exible and stable software architecture for reinforcenm@ learning in the

context of a Smart Toy

a number of implementations of the architecture derived fra published rein-
forcement learning ideas with modi cations to make them a@&ptable for use

in a Smart Toy®
an brief evaluation of the implemented learning techniquesnd

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

and the learning techniques in a scenarios designed to fo@

“Namely, being soft, cute and cuddly.
SCurrently a wrapper around the IEEE1284 ECP parallel port [17].
60ften these modi cations were rather intricate and involved. See Reinforcement Learning.
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The extensive scope of the broad goal means there are a numbé&bjectives yet
to be accomplished; these will be discussed in Future Work.olwever, the software
architecture is designed so that it may easily be adapted tdleer tasks. In addition
there are a number of lessons learned applicable to any pect dealing with a

low-level hardware interface to a PC (or other high-level dece).

1.5 Structure of this thesis

This report covers the process, results and analysis of theave objectives. It begins
with an introduction of the areas of research that are touclteupon and a preview
into some of the challenges that are faced, as well the motii@n, some de nitions
and a usage scenario.

Chapter 2 covers the background. It addresses previous watkne in the areas
of reinforcement learning, plush Smart Toy interfaces and learning frameworks.

Chapter 3 addresses the nal hardware design. It covers reiggments, structure,
sensor capabilities, limitations, circuit schematics anthe PC-interface. Chapter 4
critically assesses the hardware development. It coversetiprocess taken, lessons
learned, hardware alternatives (and reasons they were nosed), standards used,
obstacles encountered and how they were overcome.

Chapter 5 addresses the nal software design. It covers rdgements, hard-
ware abstractions, learning architecture, properties oht implemented learning al-
gorithms and hooks for agent actions and feedback. Chapterdiscusses the im-
plementation and development of the software. It covers @tnatives, learning and
reinforcement algorithm properties, tools developed, otasles, challenges and future
implications such as for concurrency and network arbitratk collaboration. These
chapters also present the design and implementation of th@rgple example game
that was developed.

Chapter 7 presents the experiments that were conducted inder to evaluate the
system. It covers the testing of hardware, experimental dgs and results, as well

as a discussion of how the simple game was used as part of thalwation process.

’The extent to which existing Smart Toys are plush is arguable.
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Chapter 8 gives a critical analysis of the results and covega of the evaluation ex-
periments and of the entire system; it discusses the e ectémess of the experiments,
the 'fun factor' and feasibility for future development.

Chapter 9 presents possible future work. It covers what stiheeds to be done
to achieve an e ective Smart Toy, further evaluations that ould be performed,
extensions to the hardware for feedback and expanding thensery capabilities,
some possible game scenarios that could be implemented artdeo learning and
reinforcement techniques that could prove to be e ective.

The conclusion summarises the project goals and the curresiate of the system.

Appendices are included for the software API.



Chapter 2

Background

2.1 Reinforcement Learning

2.1.1 Terminology

This section lists some reinforcement learning terminolggused in the following
sections. The order is intended to give a gradual introduain to reinforcement

learning.

agent Central to a reinforcement learning environment is an agenfrhis is an entity
immersed in the learning environment, which performs actis to change the

state of the environment. Agents in this project are alSulleys'.

environment This is the external system in which an agent is immersed. lepre-

sents all that an agent can perceive and act upon.

sensor Agents perceive the state of their environment using sensorA sensor can
correspond to a physical transducer or a simulated featuetector. However,
because this thesis covers a lot of hardware aspecensorwill be used only
to refer to the physical type (i.e. hardware). The termperceptwill be used to

refer to the corresponding software abstraction.

LExperiments todate have only been conducted with a single Siey. The architecture is designed
to support multiple Sulleys, collaborating, in future.
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state This is essentially a summary of the past history of the syste, including the

value of percepts and recent decisions that have been made.
action An action is any change that an agent can apply to the environamt.

model A model in this context is an agent's interpretation of the emironment. It
maps state-action pairs to probability distributions overstates. However, it is

not essential that every agent uses a model of its environmnien

reward A reward is a scalar value representing the desirability of state or action.
A reward function is used to determine this value, which is used to determine

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

policy This is the decision-making function of the agent. It represits a mapping

from states to actions.

actor-critic  This is an agent architecture, where an actor carries out a peular
policy, while a critic evaluates the actor's policy. The radt is a symbiotic

learning process of policy and evaluation.

average-reward In this architecture, the agent's goal is to maximize the exgcted
payo per step. They are applicable to discrete problems wine the goal is to

maximise the future cumulative reward.

Markov Decision Process (MDP) This is a probabilistic model of a sequence
of decisions. States must be able to be perceived exactly. elburrent state
and action selected determine a probability distribution o future states. In
such models, the outcome of applying an action to a state depks only on

the current action and state (and not on preceding actions astates). [41]

Temporal Dierence (TD) This is a class of learning methods, whose decision

is made based on comparisons of temporally successive prgains.
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Figure 2.1: The traditional reinforcement learning model

2.1.2 RL Background

Reinforcement learning is a learning paradigm that attemgt to determine, by trial
and error, a policy that maximizes a performance measure é&reward [5]. Strictly
speaking, RL is arunsupervisedmethod. This means that examples are not classi ed
by a teacher. However, reinforcement learning techniquesircbe adapted to the
problem presented in my project.

Figure 2.1 shows the traditional reinforcement learning nael. At each step of
the simulation, the agent receives inputsi, and a representation of the state of the
environment, s. The agent then chooses an actiom, to output. The action changes
the environment, and a reward,r, is generated based on the change. The agents
behaviour, B, should attempt to choose actions that maximise the cumulate future
value of these rewards.

The logical thing to do is simply replace the reward functiomith an interactive
trigger from a user. However, in practice it is not that simpt, and a lot of techniques
cannot be reapplied. The challenges of an interactive, diete reward function are
discussed in detail in Chapter 5.

However, there are two key advantages of a reinforcement leeng paradigm,
which make it an attractive technique to pursue [31]. Firstl, it does not require

speci cation of any theory of the domain. That is, there is naneed to model the
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consequences of actions, ngredict future states based on physical models. It is
su cient to know the immediate result of any action an agent @an perform. In
my project, this means that the toy does not need to knowhat it is doing in the
semantic sense. It needs only to discover what actions it shid take to make the
user happy.

Secondly, RL can be used foonline learning This not only means that it is
possible for an agent to continually improve its performarg; but also that it can
adapt to new policies The latter does not normally apply to traditional reinforce-
ment learning it is unsupervised and the reward function isxed, so the optimal
policy does not change. This project explores and evaluatesme techniques for

coping with a changing reward function.

2.1.3 Q-Learning

Q-Learning was rst introduced by Watkins in 1989 [47].Q-Learning assigns credit
in a temporal manner to choices made in recent history. Delegl rewards propagate
backwards across actions in an incremental fashion.

More formally, it de nes a discount factor, 2 [0; 1) and atotal discounted return
M) = re+ N+ rag + 00+ M + 00

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

It accomplishes this by using a two-dimensional table of sieraction pairs. The
table entries are theQ-valuesand they are updated according to Sutton's temporal
di erence (TD) error [46] and a learning rate, 2 (0;1]. To explore the entire state
space, there is also a probability, 2 [0; 1], that a random action will be taken, rather
than the current optimal policy. Note that in order to implement a two-dimensional
table, both the state space and the actions that can be takemust be discrete it

is not possible to learn a continuous output.
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The Q-valuesare initialised equal and then de ned (after a dynamic progim-

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

Qxa=@1 HOxa+ (r+ V()

where V' (x) = max, @ (x;a), if the optimal policy is to be taken, andQ (x;a)
for some randoma 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 isa itself,
thatis, (x) = argmaxa O (x;a).

The value is particularly interesting for the kind of reinforcenent learning
required for my project. Usually, it is initialised towards1.0 in order to explore the
entire state space, then slowly reduced to focus learning t¢ime optimal policy. It
is easy to see that simply preventing the value of from reaching 0.0 will ensure a
degree of non-determinism in @ame context, as well as leave room for adaptation
should the optimal policy change in the absence of a facilitp give negative reward
(i.e. punishmen). This thesis proposes modi cations to theQ-learning algorithm

for use in an interactive simulation.

2.1.4 Neural Network Learning

Lin [30] was one of the rst to explore neural networks as a maa of reinforcement
learning, in 1993. More recently Baird [22] and Baxter & Bafett [2] incorpo-
rated new developments in neural networks to enhance the edplities and speed
of convergence. However, the basis for all these methodsusdtion estimation and
gradient descent.

Brie y, a neural network is a black boxthat maps some inputx 2 R" to some
output y 2 R™. This is accomplished by a sequence of matrix operations and
element-wise applications of one or more transfer functienBut what makes neural

networks interesting is their ability to learn a function:

f:R"! RM

X7Nf(x)=y
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when given only a subset of approximately validx;y) pairs (i.e. examples). What
makes this possible, is the calculation of an error at each ipbin the sequence of
operations and the descent through the error surface in therdction of steepest
descent (i.e. towards zero error). The intricacies of nedraetworks are beyond the
scope of this thesis. For a more thorough treatment of gradiedescent arti cial
neural networks, refer to Barto et al. [1].

In the context of reinforcement learning, neural networks re useful for esti-
mating the policy function. Most commonly, this is done for applications wher
the possible actions are from a continuous domain [6,7,1%,B81]. However, none
of these applications consider optimal policies that chaegover time and, in most
cases, they rapidly generate a limitless set of training datfor their non-interactive
simulations.

However, neural networks can easily be extended to classiton tasks by enu-
merating classes and having eaatimension of y correspond to a single class. In
this way discrete actions can also be learned by neural netike. This thesis only

considers discrete actions.

2.1.5 Other Methods

Jordan and Rumelhard [28] discuss how reinforcement leamgiand standard super-
vised learning approaches di er not so much in thalgorithms that are used, but

in the problemsthat they solve. This means there are potentially many supeised

learning approaches that could be adapted. For example, Besian learning methods
have not been widely applied to reinforcement learning. Hawer, this may be due
to the well developed probabilistic foundations of)-learning and Markov Decision
Processes making the technique obsolete.

Hierarchical reinforcement learning techniques by Dietterich [11,12]Jra to suc-
cessfully apply MDPs (whose exact solution would otherwidee infeasible to de-
termine) by breaking the problem down into a hierarchy of sniker problems. The
value function is then decomposed into an additive combiniain of solutions to the
smaller MDPs using a technique the author callMMAXQ . However, for this thesis,

because the interactive user can change the value function the vy, there is no way
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to ever determine an exact solution to any subproblem, so tke techniques cannot

be applied.

2.1.6 Summary

The reinforcement learning methods described here only atth the surface of the
techniques available. For a particular problem there are uslly a variety of meth-
ods available. Kaelbling et al. [29] have compiled a comprefsive survey of RL
techniques in use before 1996. Apart fror@-learning, the techniques mentioned
previously have been developed since this survey, and hawne relevance to this
thesis.

The Q-learning technique is actually closest to the technique #t was nally
developed for this thesis. However, most of the complicatis arose not from the
capabilities of the algorithm, but from the somewhat pervese manner in which an
interactive user can present examples and convey the optiinaolicy (See Section
7.3). No currently published work could be found that addreses these characteristics

of the training data.

2.2 Toy Interfaces and Autonomous Robots

Although very little of the work is published, there is a lot d research and develop-
ment in the commercial toy industry for interacting with children using plush toys.
Dolls that require feeding and perform various bodily funébns have been around
for years, and there is a lot of commercial interest. Howevehere | only address

plush interfaces that demonstrate some kind déarning.

2.2.1 MIT's Chicken (for Direct Manipulation)

Perhaps the closest to the smart toy that was to be developedrfthis project was a
prototype developed by the MIT Media Laboratory. Johnson eal. [27] have devel-
oped the device shown in Figure 2.2 to act assympathetic interfacefor a virtual 3D

world (after it was covered with a soft skin). Sympathetic interfaceis the term they
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Figure 2.2: Media Lab's chicken armature with attached senss

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

give to the input device when it is augmented with gesture regnition technology
and a disambiguation process based on perceptual and motiemal context.

It expands upon a traditional direct manipulation interface device by inferring
the intentions of the user. They call thisintentional control. This overcame lim-
itations of an earlier, tethered prototype of theirs, whichmanipulates a virtual
character by direct drive. To couple the input state to the action primitives, the
gesture recognition was trained using a Hidden Markov Mod@8]. The sensors on
their device are quite sophisticated. However, they do notivg an indication of the

nancial expense required for developing the input device.

2.2.2 Hasbro's Furby

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

channels are mostly marketing hype Luckily, the toys were so annoying that lots of

2The o cial site [23] totes the device as having processing pwer that exceeds that in the rst
lunar module. But so, too, do most pocket calculators.
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Figure 2.3: A photograph of aFurby

people have decided to crack theirs open and inspect the teyjuts [40]. An intact
Furby is shown in Figure 2.3. See also Section 7.3.

The following sensors and feedback were provided by the toy:

Pet switch: a microswitch mounted on main circuit board

Inversion switch: mounted on main circuit board

Tummy switch: strip metal leaf switch mounted on top of the spaker
Tongue switch: a microswitch behind the mouth

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

Infra-red sensor: in the forehead

Infra-red transmitter: an IR LED in the forehead (these aredr detecting other

Furbies when they are placed facing each other)

Sound: a 38mm speaker mounted to belly
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Motor speed sensor
Microphone: 3mm mounted in the side to detect loud noises ¢e.a clap)

A reversible DC open armature motor

Furbies were quite cheap (around AU$45 when available) butiespite the number
of sensors, the capabilities were very limited. They alsodlinot really learn (see

Section 7.3).

2.2.3 Sony's Aibo

The learning and software architecture behind Sony's Aibcobot quadruped 3 is
discussed in Fujita et al. [18,19]. A photograph of an Aibo ishown in Figure
2.4. The latest generation Aibo has 40 points of movement aslMvas a camera,
microphone, speaker, clock, LCD display, thermometer, aglerometer and 7 pressure
sensors. The main drawback of the Aibo is the cost. Currentlyhey retail for

AU$3,000.00.

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

Human voice recognition
Emotions

Response to greetings

A strong desire to 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 algoritims are not published, so

there are research contributions to be made as well.

3Sony claims that the latest generation is neither dog nor cat
4Source: AIBO Store http://www.sony.com.au/aibo/products/index.cfm?cati d=18975
(2003-10-21)
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Figure 2.4: A photograph of anAibo with a cat

2.2.4 Roball

Roball, the Rolling Robot [33] was patented in 2001, but is yet to be marketed.
It is essentially a sphere that is able to move itself aroundyban internal drive
mechanism. There is also a facility for user interaction tlmugh spoken commands
(e.g. spin me), along with detection of the appropriate a@tn, accompanied by a
response.

However, rather than using general learning as the means famtrol and decision-
making, it uses a prioritised decision-making process cadl subsumption[4]. With
the provided information, the learning does not seem to beggii cantly more com-
plicated than a Furby. The drive mechanism is quite novel, hweever, and qualitative
user studies with children were promising.

It shares another thread with this thesis, in that it is an enlancement of an

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

SUS Patent number 6,227,933.
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a ball that can be rolled aroun.

2.3 Creature Learning

The MIT Media Laboratory has a large number of projects undethe Synthetic
Creatures umbrella. Blumberg et al. [3] explore the direcapplication of well-
established, real-world canine training technigues to a pusimulated on a computer
screen. The particular method they use to train their creatte is clicker training .
Rewards are given interactively in this type of training, v a click. It is very
similar to the nal method used in my own experiments condu@d for this project
(Section 7.3).

However, using a simulated creature, they were able to modalany more state
and sensor inputs than was available using the limited hardwe implemented for
this project. Furthermore, their results are extremely bef, with no indication of
the passage of time, and they present a lot of limitations aniditure work that needs
to be carried out before learning is proven e ective.

Other synthetic creature projects [24, 25] explore methodsr maintaining and
guerying complex environments for use in reinforcement leang. Again, their crea-
tures are simulated, so they can create inputs arbitrarilylt was found in my own
project that meaningful learning with very few, boolean inpts requires alternative

methods.

2.4 Summary

There are a large number of reinforcement learning architieces, and algorithms
that can be applied to my project's problem after some tweak | was unable
to nd a precedent for the unique combination of properties the training data
available for this project, other than the creature learnig.

A common theme between all thehardware is a set of sensors with a set of

feedback mechanisms, and some mapping between them. Howesemetimes the

6Although, their current prototypes are rather adverse to being bounced .
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feedback is issued on a computer screen. The way by which thapping is de-
termined varies greatly; from the primitive Furby, a reasoning Roball, up to the
inde nitely complex Aibo.

Sophisticated hardware for interacting with either a compier, a user or both
is already available at a cost. This project attempts lay sme groundwork for
a generic and exible learning architecture, that should be able to support more
complex states in the future. However, restricting the handare to a relatively
primitive set of inputs and outputs led to some interesting ltallenges. Such a small
state also allowed a close analysis of the learnipgogress to be performed.

Most existing, well documented reinforcement learning abdgithms do not fully
support the interactive nature of the learning for this progct. The process used
for the synthetic creature learning is promising, but the reults and capabilities are

currently unreliable.



Chapter 3

Hardware Design

This chapter gives a high-level description of the nal hardiare design. It describes
hardware components used, how they interact and how they selthe problem. How
the components work and the development process is left foh&pter 4. | should

also state here that | am not an engineer, so my treatment ofegltronic engineering
concepts may be relatively rudimentary. As the reader may s not be an engineer,

I shall try to clarify references that might be obscure.

3.1 Limitations and Requirements

The following design requirements and limitations were taa into account while

designing the hardware aspect of this project:

3.1.1 Cost

An honours thesis budget is quite small so it was necessaryaththe components
be inexpensive. It was certainly not feasible to subcontra@a hardware developer.
This limited some of the design decisions, such as the kindssensors that could be

used. For example, sensitive analogue accelerometers aiftehteters® were avoided.

1For example, Analog Devices' IMEMS ADXRS150 gyroscope harnds acceleration and tilt and
retails for around AU$90 (without any account for actually using the 16-pin interface). It is similar
to the technology used for airbag triggers in cars.

22
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3.1.2 Weight and Dimensions

Because the hardware was to be placed in a toy, the hardwareutmnot be too heavy,
nor have dimensions that would alter the shape of the toy. It as also necessary
that the toy remain huggablewhich further restricted the dimensions available.

For example, it was not feasible to insert an entire PC into ta toy. Even minia-
ture, fanless PCs have not yet advanced technologically tde point where this
would be possible (even if they were within budget). Embeddeplatforms, such
as Toshiba's PocketPC, and other PDA-style devices were algonsidered. How-
ever, limitations of the platform and problems with nding a suitable interface (see

Subsection 4.1.3) meant that they could not be used.

3.1.3 Hardware Interface

Regardless of how much processing is done within the hardwarat some stage
it is necessary, at least fordevelopmentto talk to a computer. Even when fully
developed it would be desirable to keep the interface. Foraxple, a PC interface
to the toy could be used to update the software/ rmware, as weas allow its use in
computer-arbitrated games and long-distance networkingNote that in future, the
interface may not involve a wire as it does now.

Pragmatic issues meant that the nal implementation had no mbedded pro-
cessing. That is, only stateless semi-conductors found thavay into the toy. This
meant that all the processing was done by a PC, with the inteate used only to

convey the outputs of the sensors. The nal interface is desloed in Section 3.5.

3.1.4 Power

Every electronic device needs power of some kind. For portabdevices this is
especially problematic. A battery, for example, would adda the weight and need
to be either recharged or replaced. This would then requiranather interface; either
a plug hole or hatch to recharge or replace the batteries.

Again, pragmatics meant that the nal implementation did na need its own

power source. The interface chosen provides a small amoutfitooirrent (see Sec-
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tion 4.5) that can be used for driving logic gates and activatg low-power semi-

conductors.

3.1.5 Safety

Safety is particularly important for a children's toy, as itis for most things involving
power. Although some consideration was given to safety, tihevel of safety was not a
high priority for the initial prototype. For example, precaution was taken for wiring
to make sure there were no live wires exposed to touch, altlglusome are exposed
to materials inside the toy. Also, mercury switches were housed (orthogonally) in
putty 3, although it is unlikely that any safety standard would allav any amount of

mercury inside a children's toy.

3.1.6 Sensors and Feedback

The initial requirement was just for there to be some sensp and response abilities.
There was freedom as to exactly what was to be sensed and hovegponse was to be
made. The actual methods are described in Section 3.3 and &&t 3.4. However,
there is one goal that was taken on board while deciding thers®rs to use and how
to use them. It is related to the desire to maintain the origial function of the toy.

Because we want the toy to remain cuddly, we do not want sensopoking out;
nor should the user manipulate sensors directly. The sensoshould bepervasive
That is, the user should not know that they are activating anysensors not even
that any sensors exist until (learned) feedback is given byhe system.

This goal was only partially accomplished. Particularly fo development and
testing, there is a requirement to have some immediate feeatik for the system.
Furthermore, some kinds of sensors (e.g. light sensors) aret yet technologically

advanced, or the technology is out of reach, to become fullyeprasive. However,

2Toy safety standards (e.g. SO 8124-2(1994), the European®71-2(1998) and US ASTM F963-
96a-A5) already impose non- ammability requirements. This and the small currents involved mean
that this should not be a problem (unless it eventually becones a toy).

3Glue was not used because it could shrink and crack the glasapsule, as well as make alignment
di cult.

4Accelerometers would avoid the mercury.
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Figure 3.1: The tether/wires trailing from Sulley's base d@ér the operation.

embedded sensors for light detection are surely on the hanz There already exists
Smart Material that can detect and produce sound, and everex when given given

electrical input®.

3.2 Overview

The electronic hardware consists of seven sensors (thmegcroswitches, three or-
thogonal mercury tilt switches and an array of phototransi®rs), two lights (LEDs)
for feedback and the circuit integrating them and the PC interface. The mi
croswitches were also placed within homemade packages (F&3.3) to make them
more natural to activate as squeeze sensors. This was all qgdd into the Sulley
plush toy shown in Figure 1.1 on page 2.

Apart from the LEDs in the doll's horns (Figure 3.6 on page 3Q)}the only visible
part of the circuit are the two telephone wires trailing fromthe Sulley's base, as
shown in Figure 3.1. The gure also shows some of the develogm PCB (Printed
Circuit Board) upon which the nal circuit was soldered. The package containing

the tilt switches and the potentiometer controlling the seaitivity of the light sensors

SSmart Material Corporation http://www.smart-material.com/
6More sophisticated feedback is currently handled by softwee and a PC monitor (VDU).



3.3. Sensors 26

Figure 3.2: A standard microswitch

are visible. The hole is easily covered and can be stitched.up

The weight added was small compared to the original weight tie doll. Perhaps
around 200 grams was added, with the heaviest component bgithe putty package
containing the mercury switches. The PCB is small (around Ibx 80 x 3mm) and
is surrounded by enough of the original stu ng so that is is nbnoticeable without

a tight squeeze. The other components are discussed in thetsmns that follow.

3.3 Sensors

3.3.1 Squeeze Sensors

The three squeeze sensors each consist of a standard micitecbw(Figure 3.2) and
a homemade package (Figure 3.3). One is placed in the left striand two in the
torso, around the chest. The wrist sensor is easy to activateith a light squeeze.
The torso switches are harder to activate than intended, redgring a tight squeeze
in the correct region or some focused prodding with ngers.

Microswitches were chosen because they are small, cheamune only light
pressure to activate and reset themselves toreormally open state. They are also

su ciently large, making them easy to handle and connect, ath require relatively
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Figure 3.3: lllustration of a homemade microswitch package

signi cant motion to activate, which makes them less likelyto get stuck. The exact
component was part number P7802 from Dick Smith Electronicslt is rated at 3
amps and 125V AC. Its dimensions are 20 x 15 x 7mm and they cuntly retail for

AU$3.28 each.

The packages are primarily to increase the area over whicht&ation can occur
with su cient pressure. This makes the switches respond mernaturally to squeeze
activation. The packages also help to ensure that the switeB do not get stuck in a
permanently closed or permanently open position. This calieasily occur if stu ng
shifted beneath the trigger or got caught in the hinge or butin, for example.

The packages were constructed by me using foam, plastic fran empty bottle
and the microswitch itself. There is an illustration of onen Figure 3.3. They are
quite primitive, but they serve their purpose. The contactsof the microswitch are
pushed through slits in the bottom arc of plastic. The micrositch is then covered
with another arc of plastic, which is then fused to the bottomarc with a soldering
iron. High-density foam is then used to increase the pressurequired 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 (baiom)

3.3.2 Tilt Sensors

The three tilt switches are each a single mercury tilt switchas shown in Figure 3.4.
They are mounted on mutually orthogonal axes inside a ball afood putty. This
essentially gives boolear, y and z readings. However, orientation of the ball inside
the doll is not enforced, so whether thex axis corresponds to horizontal tilt, for
example, must belearned (see Section 5.3).

Mercury tilt switches were used because they are inexpersiand have a simple
interface (unlike accelerometers, for example). The exacomponent used was part
number P7860 from Dick Smith Electronic It operates safely between 1.2V and
14V DC and between 30mA and 1A and has negligible resistafic&witching occurs
when the switch is between 0 and 10 degrees from horizontats dimensions are
approximately 25 x 6mm and they currently retail for AU$2.78each. They are
traditionally used in alarm systems.

Wood putty was used to mount the tilt switches because it reias shape while

moulding, does not shrink (see Subsection 3.1.5), dries H4albeit over a few weeks),

Initially 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, so stores were often out of stock without
them knowing it.

80.04 Ohms at 1.5V DC.
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Figure 3.5: One of the phototransistors used and its schenratsymbol

and is light, cheap and easy to obtain. The product was SelkeySpecial Putty and
currently retails for AU$8.52 for 400 grams from Mitre 10.

3.3.3 Light Sensors

An array of three phototransistors in parallel is used for sesing light. One is shown
in Figure 3.5. They are situated on the spine of Sulley's uppback and are stitched
in to be almost un-noticeable. They were wired as shown in kige 3.7 with resistors
in parallel; one a (variable) potentiometer, to allow ne agustment of the sensitivity.
The result is that the array is triggered when a certain (adjatable) light level is
obtained. It is currently set to activate in approximately wmputer lab levels of
brightness and deactivate when in shadow.

Phototransistors react quickly to changes in light and and an achieve much
lower resistances than the more common Cd® light dependent resistors, hence
their use. The exact device used [35] is no longer availabler fsale. Its current
varies from 1 nanoamp (dark) to 1 milliamp (1000 millicandals at 5cm) and it
reacts to changes within 7 microseconds. A substitutable dee is the 21945 from
Dick Smith Electronics, which currently retails for AU$2.8.

While the present reading taken from the sensor array is baaan, it still outputs
an analogue value. Adjustment of the potentiometer placesin a range that crosses

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

9A requirement of the parallel port interface and for simplicity. See Section 3.5.
10Cadmium Sulphide - a chemical compound used in their manufaare.
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Figure 3.6: An LED in Sulley's right horn

an ADC!! or read the analogue output directly for more precise measments of

the light levels.

3.4 Feedback

In the hardware sense, feedback is currently quite limited;ontinuing the simple,
boolean trend of all the sensors. Two low-power red LEEswere attached to the
horns, as in Figure 3.6. High-intensity LEDs [10] were usediiially, but were found
to be too delicate. They were stitched in and wired through th body of the doll to
the PCB. These can be controlled independently of each othand the rest of the
circuit, through the PC interface. Other feedback for the snulations is currently
handled by a VDU on a PC.

Output of sound is also possible via the PC sound card. Inddual WAV les can
be bound to an action in the same way as each LED. This would malthe possible

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

11 Analogue-to-Digital Converter. For example the Motorola M C145050 [34].
12| jght Emitting Diodes - small lights emitting a single frequ ency that use signi cantly less
power and generate little heat compared to incandescent gles.
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the two spare wires in the tethering cable could be wired to gpeaker at one end
(to be placed within the toy) and wired to a 1/8th stereo plug (o be plugged into a
sound card speaker out) at the other end. The programming reged to accomplish

this was implemented towards the end of the project.

3.5 Parallel Port Interface

The 17 non-ground pins of the EPE® parallel port standard are used for the com-
puter interface to the hardware. The way in which the pins areised is compatible
with the more recent ECP# standard, but not with the older SPP'® standard. These
standards, some details of their use, along with reasons wtlye SPP standard is
not compatible (and the frustration encountered discoveng the number of devices
restricting themselves to the SPP standard) is discussed 8ection 4.5. This section
covers how the EPP interface is used, with reference to thehsenatic in Figure 3.7

on page 34.

3.5.1 Pin Con guration - Ganged Pins

Pins 2-9 called the parallel port's data pins are ganged This means that their
directions (as inputs or outputs) are not individually contollable; all 8 must either
be inputs or outputs. These pins were set to be inputs for thigroject. All but pin

9 is wired.

Pins 2-4 correspond to the three squeeze sensors; 2 and 3 & gensors in
the torso and pin 4 corresponds to the squeeze sensor in thaswr They
are normally TTL high and go TTL low when the sensor is squeede(via

short-circuit to ground).

Pin 5 corresponds to the light sensor array. In dark conditits, the pin is held
high. When there is enough light the current will increase ahpull the input

towards ground; enough to take it below the switching thresiid to TTL low.

13Extended Parallel Port, introduced in the 1980s, formalisel as a standard in 1994.
M Extended Capabilities Port, standardised in 1994.
5Standard Parallel Port, developed in the 1960s and standariged for the IBM PC in 1981.
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Pins 6-8 are the tilt switches. Whether the pins are high or i@ is arbitrary,

as the orientation of the sensors is not enforced. Howevehet orientation is
consistent and so can be learned. When the tilt changes enbugr the doll is
shaken, a subset of the switches will change their state. Theerence between
a shake and a tilt can be detected, provided the shake is ma@med for a short

period. This is discussed in Section 5.2.2.

3.5.2 Pin Con guration - Output Pins

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

or both?®,

Pins 16 and 17 are used for the LEDs on the horns. Driving the tput high

from software will light the LED. It remains lit until the out put is driven low.

Pins 1 and 14 are wired, but are not used. They can be used foradiner input
or output component, or the wires can be detached and used fan analogue

component, such as a speaker.

3.5.3 Pin Con guration - Other Pins

Pin 10 is the IRQ generator. If enabled it can cause the operayy system to
signal the software on therising edgeof the input to pin 10. That is, when

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

Pins 18-25 are ground pins. Pin 18, only, is used to completeet 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 used in its implementation. A developnmé PCB?’ is soldered
using pin 18 for ground and individual pins for power. It sitsn the lower section of
Sulley's torso.

Individual wires from household telephone cables were ustxconnect the sen-
sors and LEDs placed around the doll to the PCB. Two whole tgdione cables were
soldered to the PCB, which connect to a standard 1284-A 25fpDsub connector,
to be plugged into the parallel port.

The resistor and potentiometer sit on the PCB for adjustinghe sensitivity of the
light sensors. A diode helps protect the circuit (especiglthe LEDs) from backward
current. There is plenty of space remaining on the PCB, and twunused channels

to 1/0 pins that can be used for future development.

YThese are single layer boards that mimic the operation of a WSH solderless breadboard. See
Section 4.2.
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Chapter 4

Hardware Development

This chapter goes into more detail about the hardware aspecbf the project. It
concentrates on the development process along with the ohskes that had to be
overcome. It explains why a lot of other alternative implematations were infeasible

or undesirable.

4.1 Electronic Interface Alternatives

The interface alternatives in this section were all resedred and found to be infeasi-
ble, overly complex or unnecessary. In some cases insu ciefocumentation meant

that experimentation was also required to investigate theehsibility.

4.1.1 Serial Interface

This is the most common interface peripheratsuse for communicating with a PC.
Flavours include PS/2, USB and RS-232. RS-232 is the standafor the IBM

COM port to which mice used to be connected (many modems Htare) and is the
avour that was investigated for this project. PS/2 ports are usually all occupied,
and USB was rejected early because of its burden of complgxiHowever, most of

the reasons for not using RS-232 apply to all serial interfas.

VDUs and printers aside, although these are usually balanag by a keyboard and mouse.

35
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RS-232 is used by Matlab as the interface to communicate wittmany of the
sensors that it supports (such as various measuring devicd3oppler speedometers,
for example). This was promising, and much of the documenian for the standard
was sourced from the Matlab sitt However, the main problem with this interface

and all serial interfaces is clocking

Clocking requires frequency generators, and clock-actied streams of bits to be
sent down a single wire, which requires state information. his was all beyond the
level of engineering | am comfortable with, even if there wersu cient time and
resource$ available to develop the circuitry.

Of course, the logical follow-up action is to see if there is suitable hardware
abstraction of the standard, which someone has developedfdre (with associated

drivers). An example is discussed next.

4.1.2 Dick Smith Analogue Parallel Port Interface

The research group has in its possession an analogue expernitation kit from Dick
Smith Electronics. This kit promised a software interfaced arbitrary analogue
readings from a range of connectors on a separate hardwareide.

There were a number of problems with this solution. Firstlysize; when this
alternative was rst investigated it was still hoped that an untethered toy would
have been possible. The intermediary interface hardware sv#éoo 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 cadicting data and
exporting to a le was bundled. The alternative, reading theoutput direct from the
device, proved to be fruitless, because the protocol was rdicumented.

Finally, the kit is old and obscure. No support nor developnmé community could
be found for assistance in using the kit. However, resourcisind and experience

gained while experimenting with this kit assisted developent of the nal solution.

2Matlab: Overview of the Serial Port http://www.mathworks.com/access/helpdesk/help/
techdoc/matlab_external/ch_seri3.shtml
30scilloscopes, multimeters, frequency generators, cortiler chips, etc.
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4.1.3 PDA (PocketPC, iPac, Zaurus, etc)

A PDA was considered early on as an alternative to recent wiess technology that
was o ered from a third party (See Subsection 4.1.4). PDAs arsmall enough and
light enough to be put into the toy, and they can execute sopsiicated programs.
The primary candidate was the Toshiba PocketPC. It has embeléd wireless capa-
bility, as well as high delity sound input and output.

The main problem with the PocketPC (and all PDAs) was interfaing the hard-
ware. The PocketPC has an adaptor that gives it USB. Third pdres have developed
USB to RS-232 adaptorsthat are available for sale with drivers for the PocketP€.
However, serial data communication was found to be undedila (Subsection 4.1.1).

There are also parallel port adaptors, but because of the sdrnature of the
USB port, much of the processing is done by the drivers. The aptors discoverefl
do not provide drivers for embedded platforms. There are alsPCMCIA parallel
port adaptors’, but the PocketPC does not have a PCMCIA slot. Finally, there
is a Compact Flash (CF) card that provides a parallel port conector and drivers
for the PocketPCE. However, there were no speci cations published and an erhto
the manufacturer revealed that the adapter only supportedite SPP parallel port
standard, which did not meet the needs of this project (see @®n 4.5).

PDAs were nally abandoned as a feasible solution. Howeveby adopting a
standard interface (IEEE1284 EPP) future development maynclude a PDA, if a
suitable adapter is found.

Other general purpose embedded platforms such as the TIN|[@hich includes a
Java Virtual Machine, were also considered. However, thesere found to have very
low-level interfaces to peripherals and so were not invegéited further. Miniature,

fanless PCs [13] were found to be too heavy (still) as well asopibitively expensive.

“e.g. Aten USB to DB9 Serial Adapter http://www.cdw.com/shop/products/default.aspx?
EDC=325871

SUSB to Serial solution for e740http://www.pc-counselor.com/u2s.htm

6e.g. D-Link DSB-P36 http://www.cdw.com/shop/products/default.aspx?EDC=1 70856

‘e.g. SPP-100 PCMCIA-EPP adapter http://www.linuxjournal.com/bg/product.php?
product_id=955

8NextwareHouse 501-00A-X Parallel Port Compact Flash Cardhttp://www.datadrive4all.
com/prod.cfm/11592/NextwareHouse/501-00A-X
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There is also the issue of providing power to be considered.

4.1.4 Microcontroller

The initial momentum for this project was as a proof of concegfor some recent
developments in wireless technology. Unfortunately, delement in this direction
did not proceed. However, to the extent of the speci cationshat were provided,
the interface chosen is compatible.

Generally speaking, a microcontroller is the only cost-edaive implementation,
should the project eventually progress to a Smart Toy. A genie microcontroller
can be reprogrammed to support many control functions. Hower, those available
are 8-bit and do not have the ability to handle oating point numbers intrinsically.
This would make adapting standard learning algorithms di cult.

An alternative would be for the microcontroller to perform mly two functions:
collect sensor readings and send a packet containing thermeo® wireless connection.
This is within the capabilities of the available microcontollers. However, achieving
this is beyond my own engineering expertise and the resouscavailable. Assistance
was not readily forthcoming.

Although the microcontroller alternative was abandoned, evelopment progressed
with a microcontroller in mind. A standard hardware interface was used and the
software architecture was developed in a modular fashionjttveasily adaptable in-
terfaces for hardware inputs and outputs. The software ardiecture is discussed in
Section 5.2.2.

4.2 Breadboards

For developing the circuit shown in Figure 3.7 on page 34, alderless WISH bread-
board was used, as shown in Figure 4.1 before and after experntation. Four
busses run the (horizontal) length of the board two at the vey top and two at the

very bottom. The other holes are electrically connected vgcally in sets of ve.
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(a) Before Development (b) After Development

Figure 4.1: A solderless WISH breadboard.

This allowed development of the circuit without soldering.A parallel port ribbon
cable was connected, then components were interchanged &adous circuit designs

were tested before deciding on the nal design.

4.3 Gates and Debouncing

Pragmatics delayed the decision of which interface to use.s/Asuch, initial devel-
opment was designed to handle contact debouncing, which ispaoblem for most
digital circuits using mechanical switches.

If the client software was interrupt-driven, whenever a mioswitch or tilt switch
changed state, there would be many triggers with alternatop high/low readings.
This is a result of the contacts not connecting cleanly The EPP standard supports
an interrupt request on pin 10. If a switch was connected to th, either directly or
indirectly, it would have to be debounced.

Switch debouncing for interrupts was tested using NAND gate[39] and the
circuit in Figure 4.2. It was found to be e ective. Remnants 6 the circuit are
visible on the right of Figure 4.1. The parallel port librarydiscussed in Section 6.1
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 sleep state, for example.

9f the voltage is su cient, you'll see sparks. Five volts, fr om alkaline batteries, is su cient.
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Figure 4.2: Switch debouncing circuit (NAND latch)

4.4 The Operation

Once the nal circuit had settled, a PCB breadboard was usedotprovide a smaller
and lighter, yet more robust circuit. This was soldered by mat home (Figure 4.3).
Wires through the doll for the various sensors all make theway via the PCB to
the parallel port.

Once the circuit was soldered, Sulley was operated upon. Thst cut (Figure
4.4) was very traumatic for us both. Sulley became very de ad afterwards (Figure

4.5). Before | nally put him back together again (Figure 3.1on page 25).

4.5 More on the Parallel Port Interface

This section brie y summarises the relevant information cotained in [16,17,20,45],
which (as a whole, at least) provide a thorough users guide tbe PC parallel port.

It will explain why some of the decisions mentioned previolyshad to be made.

45.1 Standards

The Centronics Standard Parallel Port (SPP) was developed ithe mid-1960s as an
8-bit unidirectional host-to-printer connection and became widely used. It beose
a de factostandard with the introduction of the IBM PC in 1981, de ning a 25-pin
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Figure 4.3: Soldering the PCB

Figure 4.4: The rst cut
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Figure 4.5: Removing the stu ng

DSub connector with 8 unidirectional data lines, four conwl lines, ve status lines®
and interface timings.

The IBM PS/2 computer introduced a bidirectional port (refared to as Type 1)
in 1987, which allowed the 8 data lines to be used as inputs, thtiis not an industry
standard. The Enhanced Parallel Port (EPP), introduced by Xcom/Zenith and
Intel in 19911, allowed asymmetric bidirectional transfers. The Extendi Capabil-
ities Port (ECP), introduced by Microsoft and Hewlett Packad in 19922, added
symmetric bidirectional transfer and DMA capabilities.

The number of inputs required for this project means that thelata lines need to
be used as inputs, so an EPP-compatible interface is requdrteMost printers restrict
themselves to the SPP protocol parallel Zip drives and scawers, for example, do
not. Unfortunately, most of the development in adapters fohandhelds was geared

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

0These ve lines are from the peripheral to the host.

1The 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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Hence, the toy currently remains tethered to a PC, and not t&ing to a PDA.

4.5.2 Low-level circuitry details

In order to implement the low-level interface to the paralleport, it was necessary to
know low-level details of the standard. These include the pes of gates used, power
provided, TTL switching levels and power sinking capabilies. Without considering
these details, the implemented circuit may malfunction orhe parallel port itself
may become damaged.

Most importantly, the gates of the 74LS374 octal latcK oat high and need to
be pulled low. It is not enough to present a low voltage on the pin in ordeto get
a low reading. Without a separate power source, this meares connection needs
to be made from the pin to the parallel port ground*, which makes basic digital
circuitry slightly harder. This is overcome by a more direceapproach to the circuit
that avoids using my own TTL. Hence the switching level§ were not an issue for
all but the light sensors.

Other important gures were the power capacities. The stanard output pins
are able to source up to 2.5mA and maintain a voltage of 2.5V wh set high . This
is su cient current to power most small LEDs. Input pins shoud be able to sink

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

45.3 Other details

Other parallel port details such as addressing, naming, rsters, timings and pin
inversions were able to be avoided, thanks to the parallel gdibrary used. These

details are in [45].

13This is what the pins were originally driven by. The standard does not specify an exact chip,
but most implementations should be compatible.

TTL gates do not like doing this only very little power is sou rced (otherwise, there would be
no way to present a high output with two low inputs on a NAN D gate, for example).

15A high is measured between 2.4V and 5.0V. A low between @V and 0.8V. Between 0.8V
and 2.4V, itis not speci ed. However, each implementation will have a roughly consistent switching
point.



Chapter 5

Software Design

This chapter discusses the requirements, functionality @ndesign of the software
implemented for this project. It contains information to ug¢ and extend the archi-
tecture and a rationale behind it. Implementation details ee in Chapter 6. Salient

parts of the API are found in the appendices.

5.1 Requirements =) Features

The software requirements fall into four categories: the hdware interface, learn-
ing, the Sulley interface (RL model) and applications. Thesbecame the top-level
modules for the implementation and will be described in detlaseparately. Note
that the requirements that follow in this chapter are all imgemented (unless stated

otherwise), so they are also features.

5.2 Hardware Interface

5.2.1 Requirements

The hardware interface hides details of the hardware inteate from the client. The
goal is to provide a clean API to theprotocol used to communicate with the hardware
(Sulley). The protocol and interface are described in the fowing section. 1t is

implemented inclass ParaMon It needs to:

44
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Set and read the parallel port data registers

Interpret these registers to enumerate inputs (sensors) dmprocess outputs
(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 settles on a new va)

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

5.2.2 Sensor Abstraction

Sensor abstraction is accomplished using a wrapper arourigbtparallel port interface
used by the hardware. Pins are enumerated from 1 to 17. The awpretation of the
pins is handled by the Sulley interface. Further abstractio is not used because, in
most cases, knowledge of the semantics of each pin is not rieggh the learning
algorithms operate by looking at the state as a whole. The APfior the hardware
interface is in the appendix.

The hardware is polled at regular intervals to determine nobnly the current
state of a sensor, but also to detect patterns in state charngeFor example, if the
user shakesthe toy, tilt sensors will begin to uctuate. This will be picked up and
reported to the client as a measure of how volatile the sensi in recent history.
At a smaller scale, this also takes care afebouncingthe inputs (see Section 4.3).

The client can register functions to be called whenever théage of a pin changes
(callbacks). There is no limit to the number of functions foreach pin. This allows
the polling to be abstracted. The client can be informed whean input becomes
volatile, appears to be regularlychanging (e.g. shaking), or becomes stable active
or inactive.

At any time (including from a callback) the user can manuallyset the state of
any pin. If this is an output pin, the corresponding hardwardge.g. an LED) will be
activated or deactivated, depending on the state speci edyithe client. Callbacks (if

there are any) for the activated pin will also be triggered wén 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 bdt states).

5.3 Learning

5.3.1 Requirements

Machine learning libraries are widely used and implementedHowever, in this case,
initial development was geared towards a learning implemgtion that could run
on a microcontroller. Such an implementation would requireninimal and nely
adjustable state (i.e. memory usage), as well as workaroudor the plethora of
limitations one tends to nd on a microcontroller. For exampe, addressing and lack
of a oating point type (or even multi-byte types).

Additional work (and necessary code in exibility and inelgnce) would be re-
quired to satisfy the requirements of a microcontroller imgmentation. When it
was found to be unlikely that a microcontroller would be avédable to even test the
code on, this requirement was abandoned. Subsequent seagclfior existing, free

learning packages did not yield a solution that meets the floling requirements:
Runs on a PDA

for example, it is unlikely that Matlab, the closest to meetng the other

requirements, will run on an embedded platform in the near fure
Provide a consistent, high-level (abstract) interface to lalearners that:

recognises that learning is simply function estimation, foa domain and

range ofarbitrary types

standardises the presentation of training examples and fation inputs so

that generic batching algorithms can be written that work fo all learners
provides a exible, object oriented approach to implementig new learners

the interface is implemented in

class GenericEstimator <DOMAIN, RANGEigure 5.1(b))
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Estimator

t+ est()
t+ est()
[+ operator()()
t+ learn()
t learn()

[+ ~GenericEstimator()

## dimension

i class_count
* num_hiddens
j# pinputs
phiddens

# poutputs

- Network()
- operator=()

GenericEstimator< DOMAIN, RANGE >

+ est()

+ est()

+ operator()()

+ learn()

+ learn()

+ ~GenericEstimator()

LayeredNetwork
B num_hidden_layers RBFNetwork
# more_hiddens
+ LayeredNetwork() + RBFNetwork()
+ LayeredNetwork() t+ RBFNetwork()
# init()

(a) Neural Network Inheritance Heirarchy

lest
I

Classifier< DOMAIN >

+ Classifier()

+ classify()

+ operator()()

+ prob_classify()
+ learn()

+ learn()

+ ~Classifier()

# toClass()

# fromClass()

(b) Classi er Collaboration Diagram

Figure 5.1: Classes from the Learning module

Provide an adapter interface for reinforcement learning

in some cases, this is simply a cache of recent (non-train)ngput values,

their associated (estimated) outputs and a method of deterniming a target

from these values from which to train

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

more recent (complex) learning algorithms, however, reqei 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 extension to the estimator, with the latter problen being solved

in an ad-hoc manner for the individual learning algorithmsmplemented

(POMLearner, GradLearner in Figure 5.4(a))

Provide an adapter fornon-deterministic reinforcement learning via classi ca-

tion
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the non-determinism is intended to make learning morin and present
the full scope of possible action during early training (i.ewithout getting

stuck in a sub-optimal pattern)

it is a formalisation of what is sometimes dealt with by addig noise to

the training data, whereas here the non-determinism is pralbilistic

the implementation is an adapter to the learning wrapper, in

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

Support training of the unique characteristics of the data bing used for rein-

forcement learning in this project

this was rst introduced in Subsection 1.2.3 of the motivatbhn and is one

of the main contributions of this thesis
the training needs to:
work for an in nite supply of examples, whose validity expies over
time
work in the context of interactivity; that is:
wait for user input before knowing a target to adapt the learar

attempt to be entertaining (i.e. not completely predictabé and

explore all possible actions)

continue to work and adaptif the user changes their mind (i.e.

changes the reward function)

work for discrete training examples, which cannot be autontiaally

generated

work for the reasonably unsophisticated (boolean) inputsfdhe sen-

SOrs

a generic framework is implemented iolass Trainer <DOMAIN, RANGE>

environment-speci ¢ models are implemented as part of theuiey inter-

face
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The following requirements apply to the implementation of aconcrete instance of
the high level interface a Neural Network. Here the emphasiis on elegance,
exibility and extensibility, without obfuscating the sim ple cases other libraries (such

as Anni¢") handle well. It needs to:
Allow adjustment of parameters at the neuron level

some of the latest training algorithms, such as the Vario-algorithm [36],
require the adjustment of parameters in individual neurongreviously
thought to be e ective as constants across all neurons (orlaleurons in

a layer)
this also allows greater exibility for network construction

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

to be used for each neuron

a polymorphic approach allows semantics not just paramete to be

customised at the neuron level

this is implemented in the inheritance hierarchy fromclass Neuron,

shown in Figure 5.2

Automate, or simplify, the construction of diverse neurongnd their incorpo-

ration into a network

an extensible hierarchy using the factory design pattern laws the net-
work constructor itself to ignore exactly what type of neuras are being

used

when diverse neurons are not required, defaults are provaléat can be

used in a simpli ed manner by the client

LAnnie - Arti cial Neural Network Library http://annie.sourceforge.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 functionpointer) is becoming widely used.
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Neuron

output()
backPass()

LayerNeuron
#inputs
- InputNeuron # ngghts
BiasNeuron -v # prevWeights
I+ InputNeuron() #ins_sz
l+ BiasNeuron() k+ set() #func
t+ output() t+ get() # column
t out() H+ output() I+ LayerNeuron()
i+ out() I+ setTransferFunc()
I+ output()
i+ backPass()
HiddenNeuron OutputNeuron
- oweights
i+ HiddenNeuron() i+ OutputNeuron()
[+ error() [+ error()
I+ setWeight() i+ setWeight()
t out() t out()

RBFNeuron

+ RBFNeuron()
H output()
t+ backPass()

Figure 5.2: Neuron Inheritance Hierarchy (extensible)

this is implemented in the inheritance hierarchy from classdleuronFac-

tory, show in Figure 5.3

when a new type of neuron is developed, a corresponding fagtcan be

inserted at the same place in the hierarchy

this allows a client to use the new neurons without modifyinghe

neural network construction code

Provide an implementation of the neural network itself ¢lass Network)

the current implementation uses gradient descent back-ppagation
RBF neurons use the RBF training rule

the Network interface and the RBF constructor are shown in gure 5.1(a)
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Figure 5.3: Inheritance for the default, template Neuron fetories implemented

Note that LayerNeuron is abstract, and just represents the common parts of
hidden and output neurons, so there is no corresponding faot for it

5.3.2 Learning Interface

There are a lot of requirements and the focus is on exibilitand extensibility rather
than e ciency. The result is a general tool for reinforcemenlearning (as well as
learning in general), which can (hopefully) adapt to futureresearch developments,
without drastic changes to client code.

The design chosen allows a variety of algorithms that vary wdely in their imple-
mentation to be adopted to the same task. At the highest leved GenericEstimator
(Figure 5.1(b)) allows a client to learn a function from an abpitrary domain to an
arbitrary range. It is the shell of the black boxfor a neural network, for example.
Training examples are presented in succession and an estilma of the function
output can be requested, given the function input.

A decoupledTrainer hierarchy is in development for more sophisticated trainm
However, for this project, established training methods cid not be used due to the
interactive nature of the input. For this reason, developm& of this aspect was not
pursued.

Speci ¢ implementations will most likely restrict the doman and range to types
that their algorithm supports. For example, a neural netwdk will learn a function
f:R™! R". The client needs to know the type to present the examples. thbugh,
for many types there are implicit conversions. Otherwisehe client can use their

own types and write their own conversion operators.
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The Classi er adapter®, also shown in 5.1(b), adapts estimators for use in classi-
cation. It adapts a GenericEstimator from some arbitrary domain,A, to a vector
of reals to learn a functiong: A ! f 1;2;:::;ng, wheren is the number of classes.
A simple probability distribution is used to determine the ¢tass by maximum likeli-
hood. There is also the capability to report a variety of stastical measures, as well
as a query for the underlying evidence.

For the non-deterministic learning used in the game simulains, a class can be
chosen probabilistically. This is useful because it gives &lement of unpredictability
to the user and allows all possible actions to be explored. rfexample, the user might
not know they wish the toy to do a particular thing in a particular environment,

unless all actions possible have been performed in that emnment.

5.3.3 Neural Networks

The neural network implementation is also designed to be déxle and extensible. It
is a departure from the traditional implementations of neual networks implemented
using matrix operations (in the mathematical sense). This auld remove the ex-
ibility of fully customising a neural network. Instead, mos of the calculations are
deferred to the neurons themselves, which can be construtten an ad-hoc basis.
More details about the implementation will be described in &tion 6.2.

Three neural network templates are implemented, as shown $l1(a). The de-
fault Network implements a backpropagation (Hop eld) neural network wih a single
hidden layer. It ts into the learning interface by extending the functionality of an
Estimator in the function domainR" ! R™.

LayeredNetworls provide backpropagation networks with multiple layers. Tese
networks were not used for this project. This is because thegquire a large amount
of data to train and, for our purposes, would be prone to extree over- tting due
to their large number of free parameters.

Radial basis function networks were also implementedRBFNetwork). The net-

work itself is merely a constructor theRBFNeuron (Figure 5.2) does the interesting

3That is, an instance of the adapter design pattern.
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work. These networks are well suited to the needs of this pexjt due to their ability
to train on relatively few examples. However, their suitallity for classi cation and,
perhaps, non sensical data (that is, where small changes tate may have vastly
di erent actions) has not been determined.

To create a network, a client can specify thewumber of neurons in each layer
and a set of factories to generate thieatures of neurons for each layer. The default
factories provide neurons with sigmoid transfer functionsmomentum, a constant
learning rate and a few other defaults. With the default factries, a client need only
specify the number of neurons in each layer.

A client can derive the relevant class in the factory hierahy (Figure 5.3) to
provide neurons with customised parameters and semantidsor full customisation,

a client can inherit from the network itself.

5.4 Sulley Interface

5.4.1 Requirements

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

needs to abstract the following functionality:
A central controller to coordinate state (class SulleyBase )

the controller is derived for inputs via either the hardwaranterface (par-

allel port) or through the keyboard
the latter is provided for debugging and initial simulatiors to exper-
iment with collaboration

a similarly implemented derivation could provide a virtud Sulley,

with Al (future work)

the inputs provide one part of the information fed into the larning

algorithms

The state is the environment used as part of the reinforcement learning

algorithms
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the inputs and feedback from the simulatiocontinuously update the

environment

the environment is then used as the input to the learning algithms
A way of informing whether a behaviour wagjoodor bad (class SulleyLearner )

this hooks into the reinforcement learning algorithms via erived classes

this information and the current state is used to derive aeward function
A way of triggering actions, based on the current statec{ass SulleyActor )

this hooks into the various applications (e.g. games) via deed classes
(Figure 5.4(b))

An architecture for the coordination of these components

it needs to leverage the functionality provided by the learers for the
unsophisticated inputs (and state held within theSulley) to maximise
the e ectiveness of the estimated output in order to triggerparticular

actions

5.4.2 Reinforcement Learning

Reinforcement learning aspects of the project that were natble to be generalised
(i.e. to the generic architectures) were encapsulated ingtSulley classes. There are
three hierarchies.

Classes deriving fronBulleyBaserepresent the environment (state and percepts)
available to a Sulley agent. There are currently two leavesone monitors percepts
from the hardware interface and parallel port, the other moitors the keyboard for
percepts.

A Sulley agent can have any number o$ulleyActors which represent the ac-
tions that can be performed by the agent. This is the second driarchy. For the
experiments in Section 7.3, &ulleyMazeis derived from SulleyActor to represent

the turning functions (see Section 7.3 for an explanation).
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SulleylLearner SulleyBase
+ printAction
+delay # gtate
+ max_window 4 cache
+ num_outputs # actions
, unning I+ SulleyBase()
# S_ulley I+ ~SulleyBase()
# size I+ getState()
# ptr I+ addAction()
# window I+ good()
I+ good()
SulleyLearner() - bad()
output() b bad()
lastGood() I+ act()

lastBad()

I+ stateString()

I+ startLearning()

~SulleyLearner
run() y 0 —SulIeyBaie()

SulleyLearner()

| sulley

|
SulleyActor
POMLearner SulleyGradLearner # sulley
- pommap - nn_sem i+ SulleyActor()
- lastp - learners | SulleyActor()
- lastx - last_output A
- learn_rate I+ SulleyGradLearner() |
I+ output()
 oteadn 0| flastGood
! output() - lastBad) I
I Ioaustt%uatg() - getNet() SulleyMaze()
i getNet() # learn() actionInfo()
# run() operator()()

(a) Sulley Reinforcement Learners (b) MazeSulley Collaboration Diagram

Figure 5.4: Classes from the Sulley interface

Note: In SulleyGradLearner learners is a collection ofEstimators

When an action is added, a learner for that action is also reqad. A learner
can correspond to more than one action, a single action canveamultiple learners,
and di erent learners are permitted to produce di erent acions when presented
with identical state. This is the nal hierarchy, individual learners from the generic
interfaces are adapted for reinforcement learning.

The SulleyLearner base class implements most of the functionality for infer-
ring the learning rule based on the observable state (refem@ng an instance of
SulleyBase) and reward. Reward can be applied through thealmer, through the
SulleyBase to all learners or through the SulleyBase to andividual learner. For
this project, choices for reward are deliberately restried to begood or bad (or no

reward).

POMLearner implements the modi ed Q-learning algorithm discussed in Section
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6.3.2. SulleyGradLearner adapts neural network-style @. function estimation)
learners to reinforcement learning tasks. For the latter jtis also possible to begin
training the network in a separate thread. However, concuent, non-interactive

training in the background was found to be detrimental in inial tests.

5.5 Applications

In the context of a Smart Toy, this project looked at games ashe main application.
Many feasible games were not explored in depth due to time &iraints and are
discussed in future work. The game developed in full is primty for the evaluations
in Section 7.3. However, the requirements that follow are deable to have for any

game.

5.5.1 Requirements

To assist the qualitative evaluation of the fun factor of te toy, and demonstrate
the functionality of the hardware, some games are require&xactly what the games

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

Try to be fun
Use the reinforcement learning techniques and interfacechitecture e ectively

Allow the reinforcement learning techniques to be evaluate

While not done for this project due to time constraints, the gmes in a nal Smart

Toy should also:
Use only the inputs and outputs of the Smart Toy (i.e. don't us a VDU)

a VDU is currently used because of the limitations of the cuent 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 same way as one of the LEDS)

Other possible game features are discussed in future worke¢8on 9.2)

5.5.2 Maze Simulation

The maze simulation, and the encapsulated actions (turningis implemented as
a subclass of SulleyActor. This is the manner by which all afipations can be
implemented. The simulation starts by randomly generatinga maze and placing a
goal at the end of the longest path through the maze. More abbthe simulation
is discussed in subsection 7.3.4, along with a walkthrougli ibks operation in the

context of the experiments.



Chapter 6

Software Implementation

This chapter discusses some implementation details of thefsvare component of
the system. It covers the software libraries and algorithmthat 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 APis left for the

appendices.

6.1 Parallel Port Interface

The ParaMon class is a wrapper around Elson's PARAPIN library [16]. Theilbrary,
written in C, provides a pin-level interface for getting andsetting the parallel port

registers. A wrapper for the library was required for a numbyeof reasons:

It gives an object-oriented interface to the hardware

it encapsulates the polling execution thread, allowing @nts to be noti ed

with callbacks

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

determined

the result is that it gives the boolean sensors a third state changing

a more granular scale of the volatility is also possible, bag on changes
in recent history (if the pin is in either of the changingor volatile states)
58
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6.1.1 Hardware Interface Con guration Parameters

This subsection describes the adjustable parameters in tierface that a ect the
experiments. The default settings (the settings used for éhexperiments) are in

brackets.

VOL_WINDOW (3) This is the size of a volatility block used to determine the
stability of a particular pin. A block is volatile if the values are not all equal.

Increasing this value makes the interface less sensitiveydaincreases latency.

HIST_LEN (9) This is the amount of history kept. The rst three blocks ae
used to determine whether a pin is/olatile or changing (see Section 5.2.2),
so it must be at least three times VOL_WINDOW. If it is more, a longer
history is kept for each pin, and the range of the (granularyolatility function

is increased. Increasing it does not e ect the latency.

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

call is also made if the pin settles back to its old state.

micropoll (20000 s) This is the polling interval. It was discussed in 5.2.2.

6.1.2 General Notes

Initialisation of the PARAPIN library must be done while the e ective UID of the
process is root. If the program is setuid and owned by root, drthe real UID is root,
then this is automatic. This initialisation occurs in a staic initialiser associated with

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

6.2 Generic Learning Algorithms (GD and RBF)

Although Gradient Descent and Radial Basis Function neurahetwork algorithms
and data structures were fully implemented for this projectthe interesting aspect

is the designof the implementation. It was the design that allowed the tdmiques
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| sulley.cc | | sulleylearn.cc |

| sulley.cc | | sulleylearn.cc | \ /

| sulleylearn.h | | neural.cc|

N/

| sulleylearn.h | | neural.cc | neural.h

/
| factories.h | | neurons.cc |

| neural.h | | training.h |

\ |neurons.h | | nnfunc.cc |

learn_base.h

(a) Generic learning (b) Neural Network learning

Figure 6.1: Files that directly or indirectly include learnng functions

to be easily incorporated into the reinforcement strategge This was discussed in
Section 5.3.

An indication of source-code dependencies for the learnifrgmework is shown
in Figure 6.1. This should give some indication of architeate interdependencies.
For more detail, refer to the API in the appendix. For detailson how the GD NN
was implemented refer to Baird [22] and Sima et al. [44]. Forethils on the RBF
network, refer to Orr [37, 38].

6.3 Reinforcement Techniques

This section discusses how the learning and reinforcemerthniques were leveraged

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

6.3.1 Reward Model ( good Sulley,bad Sulley)

One of the most crucial elements of any RL technique is the omept of reward.
Without some way of calculating reward, there is no way to dermine which actions

are bene cial. Many RL techniques are designed to work withontinuous reward
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functions. However, for this project we do not want some kindf dial® for the user
to operate to indicate how the toy is performing. Not only wold this be impractical
on a doll and violate one of the design goals (see Subsectioh.@), but it is unlikely
that the user could reliably and consistently distinguish btween di erent levels of
goodness .

For this implementation, a tri-state reward system was ch@&n. That is, the
reward is one ofgood bad or indi erent 2. By modifying learning parameters, it is
also possible to learn using onlgood and indi erent . However, a larger degree of
non-determinism is required (even after lengthy training)which may frustrate the

user.

6.3.2 Modied Q-learning

The Q-learning algorithm discussed in Subsection 2.1.3 was medi in the following
ways:

Rather than choose the optimal action, the action is chosengbabilistically. The
probability of choosing an action from a particular state issqual to the quotient of
the Q-value corresponding to that action and the sum of alQ-values for that state.
This allows multiple actions to be learned for a single state

Rather than use the value to explore the state space, an upper limit on the
Q-values is imposed. Any increase of ®-value that goes beyond this limit is
distributed evenly over the other actions for that state. Tk limit is derived from
the current sum of Q-values in that state. This always keeps a proportion of the
actions available as alternatives, and serves the user withportion of variety. It
allows the user to see what actions are available, should thdecide to change their
reward function.

For the reward itself, the value ofr is simply set to1:0 for a good reward, and

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

1A button to say look at the dial now would probably also be needed so that learning is not
led astray. It would be needed because it is unlikely that a usr would be conscientious enough to
update the dial after every action.

20r, equivalently, ignore, don't care, not training , etc.
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a reward of0:0 (regular Q-learning will still alter Q-values if the reward is0:0). It
is also possible to reduce the learning rate and apply a ney&t reward in the latter
case, to simulate some kind of decay. This would be espegialiseful if the bad
percept was removed. However, I'm not satis ed thatlecayis actually something a
Smart Toy should do, so this was not investigated further.

An experiment was designed to test these modi cations. Therpcedure, results

and analysis are in the sections that follow.

6.3.3 Applying to Neural Networks

From a client's perspective, a neural network is essentigla function estimator. All
that remains to do, then, is formulate a bijective mapping fom the environment
I action function domain to the R" ! R™ function domain of a neural network.
With the interfaces provided by the generic learning framewk implemented for
this project, this was trivial to do.

Actions were enumerated, and the state representation wasgsented as-is to the
Classi er ADT to determine the optimal action. For training a good reward, the
output dimension corresponding to the chosen action k0, and the rest are0:0.
For training a bad reward, the chosen action i€:0 and the rest are%.

Thorough evaluation of this architecture was not carried au There are some
observations of its use in Section 8.3. Early testing deteined that, for gradient
descent, a single hidden layer of 4-5 neurons, a learningeaif 0.1 and a momentum
of 0.9 was e ective when the state was small (as it was for theadi ed Q-learning
experiments). For RBF networks, a learning rate of 0.4 and aumber of RBF

neurons equal to the dimension of the input state gave pronmg learning trends.

6.4 Tools

For random numbers, Jenkins' ISAAC random number generatowas used [26].
Nothing about it makes it particularly suited for this project. However getting a

random number from it is about ve times faster thanx = ax + b mod p, three
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cstddef stdlib.h sys/time.h

nnfunc.h random/ccisaac.h

vector iostream

map .

maze/maze.h

valarray cc++/thread.h string

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

sulleymaze.h

neural/neural.h

| sulleylearn.h | sulleyi

S

sulley.cc

Figure 6.2: Include dependency for Sulley.cen@in())

times faster than RC4, and it is cryptographically secure wh no bias’. The C++
version adapted by Quinn Tyler Jackson was extended by me feome additional
functionality.

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

elegant pthread wrapper.

6.5 Source Structure

The entire system is implemented in C/C++. To convey some ovall structure of
the implementation, an include dependency graph for the sgsn is shown in Figure

6.2. For details, refer to the appendix.

3So why not use it?

4GNU Common C++ http://www.gnu.org/software/commonc++/CommonC++.htm |

SAnyone 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.



Chapter 7

Experiments and Results

This chapter introduces the method used to test and evaluatéhe system. It dis-

cusses the experimental procedure and presents observasi@and results.

7.1 Testing the Hardware (Sensors)

This was relatively straightforward. The Sulley doll was conected to a PC running
Linux and all the sensors were tested while the program wasmuing. The hard-
ware monitor running in debug mode prints a message stderr whenever an input
changes. A simple client was written that allows individuapins to be set manually

via the keyboard in order to test the feedback.

7.1.1 Tilt Sensors

Tilt sensors were tested by slowly tilting the doll on all itsaxes and by shaking
the doll. Rotating the doll along all horizontal axes causedpeci c pairs of the tilt
sensors to alter their value. No obvious correspondence Wween a left/right tilt (or

a forward/backward tilt) and a single sensor could be determed. However, this

is not a problem as the aim was always ttearn this correspondence through RL.
The vertical axis, yaw', caused no change, as expected an electronic compass or

similar would be required to detect this movement.

10riginally an aviation term for turning an aircraft while re maining in the horizontal plane (i.e.
not tilting).

64
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7.1.2 Light Sensor Array

The light sensor was adjusted (using the potentiometer) uittthe sensor waslow

when in direct light and high when in shadow. The lighting for testing was a
computer lab with good uorescent lighting. This level of Ighting or above (e.g.
sunlight) should keep the sensor at theow value. Repeated experiments on di erent
days were conducted and the sensor was found to consistergly high when placed
in shadow, either by a hand or by inverting the toy so that the ensors were not in
direct light.

7.1.3 Squeeze Sensors

The squeeze sensors were all tested before being insertéd the doll, as well as
afterwards. The testing before insertion was to ensure thdhe packages did not
obstruct the action of the microswitch and that they requirel an appropriate level
of pressure to activate. The results were satisfactory athree switches responded
to light pressure and were able to reset themselves.

Once inserted into the doll, the wrist squeeze sensor conigd to maintain its
responsiveness. However, the squeeze sensors in the torsee Viurther from the
surface of the doll. This made them harder to reach by human hds, and the stu ng
was too soft to transfer enough pressure from a cuddle. This an unfortunate
consequence of using plushtoy a more rigid doll would be able to have sensors
close to the surface around the torso.

However, the sensors were still able to be activated. Genthrobing with ngers
to discover the package caused activation, as did a (very)gtit squeeze of the torso
in the appropriate location. There were no problems with thewitches remaining
activated after a squeeze. That is, they always deactivateghen the pressure was

released.

7.2 Testing the Hardware Interface

The history window size and poll interval of the hardware maitor had to be tweaked.

Although these parameters are not spectacular in their ownght, sensible values
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still needed to be chosen. If the values are inappropriatehd user experience will

be adversely a ected.

7.2.1 Polling Interval

A large poll interval increases the latency between physicactivation and triggering
of callbacks in the software. Poll intervals below about 20snhave no e ect because
of system call overhead and process scheduling.

In my tests, latency was found to be most undesirable. When was too high,
a sensor could be squeezed at normal speed and only ever begexfjasvolatile in
the software. For this reason, a value of 20ms was chosen foe tpoll interval to try
and minimise the latency. Below this and the latency (now snilx was inconsistent

due to process scheduling.

7.2.2 Window Size

A window size that is too large means inputs will take a while d&fore they are
reported as stable. A window size that is too small means thahputs may be
reported as changing value twice, when the user only intendi¢o change it once.
There is a tradeo .

The window size was decided informally. Again latency was assue the longer
a smooth activation is volatile, the higher the latency. A hstory of the nine most
recent values is kept, and analysed in groups of three. If thalues in the most
recent three are not all equal, the value is reported aolatile; unless the values
either of the other two groups of three are also volatile, in wch case the value is
reported aschanging

The value is also reported ashangingif the values in the most recent group
are all equal, but do not match the most common value in the o#r two groups.
There are other cases to ensure that a changing sensor does nctuate between

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

stable! volatile! stable
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wherestableis either high or low for each instance (in isolation). This@n guration
was found to successfully distinguish normal transitionssuch as a gradual tilt or

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

7.3 Learning Experiments

Performance of the individual learners has been widely resehed [37,44], so the be-
haviour of these particular implementations was not invegjated for normal training,
beyond determining that the implementations actually work What was investigated
was how the learners behave for the unique applications ofishproject.

Still, the number of facets of a Smart Toy that can be evaluatkis enormous.
This project focused on a single area for evaluation. Otheppsibilities are discussed
in future work. First | will present the motivation for choosing the aspect that was

evaluated.

7.3.1 Motivation

The ultimate evaluation goal of a Smart Toy would essentiallbe to determine is it
fun? 2. When Intel and Mattel combined forces to delve into the SmaToy market,

this was their rst of their ten golden rules for a worthy toy [9]:

Fun is synonymous with toys. Unless a toy delivers well on fumothing
else matters. There currently is no IEEE standard that prowdes an ob-
jective and scienti c measure for fun, but focus testing gually provides

a good idea.

Direct evaluation of the fun metric is beyond the scope ofhtis project. Instead,
this paper looks into evaluating some aspects of what will emtually (hopefully) help
a Smart Toy to becomefun. Speci cally, is the learninge ective. Before going any
further, it remains to attempt to de ne exactly what | mean by e ective learning,

in the context of fun.

20thers may argue that the real evaluation criterion would be will this make money? . For the
sake of research, this aspect will be put aside for now.
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Figure 7.1: AFurby after being taught a lesson

To begin, an example: theFurby. My sister got a Furby a few of years ago. A
Furby is not fun. It's irritating. If it didn't have a go to sl eep percept, it would
have been quickly adopted as an expensive, hairy cricket balith ears. In fact, it
looks like someone beat me to it (Figure 7.1). From my own expence, what made
it so irritating was the frustration involved with getting it to learn.

The packaging promised a toy that would learn to talk, and lea actions that you
could teach it. In practice, it responded to xed sequencesf inputs such as touch
this, prod that, ip me, ip me, ip me, cover my eyes, to prod uce xed responses

usually an utterance in Furbish®. However, thelonger 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 prolonged and tedious learning wathe main source of
frustration. It is unlikely that the toy actually learned at all [40].

So the evaluations conducted in this project focused on winer the learning was
fast. In this way, the focus of thefun becomes nohow you teach the toy, but what
you can teach it. In other words, a child should not su er angstrying to determine
how to teach the toy, but instead be able to explore what it camlo.

However, it is not enough to simply learn a policy early and &k to it. It is also

necessary to adapt to a new policy, should the user change wam train the toy

3The language of a Furby, whose vocabulary includes phrasesish as ah-may koh koh (pet
me more), noo-loo (happy), mee mee a-tay (very hungry) and dah doo-ay wah (big fun).
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di erently. A useful consequence of this type of evaluatiomns a demonstration that
the learning actually works. That is, a correspondence beten the state and the

next action will be shown.

7.3.2 Challenges

The challenges the learners themselves faced have alreadgib discussed in Section
5.3. This subsection addresses challenges particular tosgmging a meaningful ex-
periment to evaluate the reinforcement learning taking plkee. In many cases these
challenges are consequences of the challenges already imead.

The rst thing to consider is some way of conveying thestate The number
of states goes up exponentially with the number of sensors oth physical and
simulated and the history that is kept (e.g. the lastn actions taken, or the lastm
values of all sensors). For this experiment, the number ofgdinct states was reduced
to four in order to highlight salient features of the evaluabn. For these four states,
three possible actions were allowed by the Sulley agent.

It is also necessary to convey a decision being made, whileaiparticular state.
To accomplish this, for every decision made during the simation, the toy is told
whether it was good or bad. This is not necessary in order to miinue making
decisions, but allows decisions to be highlighted as well mslicating at what points
training occurred.

The discrete nature of the data was found not to make plots thare clear when
a lot of changes are occurring. To aid the visualisation of éhtraining progressa
corresponding plot with points estimated (badly) with a beier curve is also shown.
The bezier plots have little quantitative merit they primarily serve to make the

corresponding lines in the distinct plot easier to trace.

7.3.3 Plots

The passage of time is crucial to this kind of evaluation. The is chosen for the
horizontal axis. Whenever the time is an integral numberthe action that has been

decided (for the current state) is carried out. In terms of ral time, this occurred
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every 10 seconds for this simulation. Non-integral time vaés increase by 0.1 units
whenever the state changes, or when a reward/punishment isvgn. This always
occurred fewer than nine times in any ten second interval fohis simulation. These
increases are purely for the information visualisation.

The individual plots each correspond to a particular state. When the state
changes, data is plotted on a dierent plot. That is, only evats that occurred
in the state corresponding to a particular plot are shown intat plot. All plots
correspond to the same simulation, conducted at the same t&m 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 instances whereaining occurred. Solid
vertical lines demarcate instances where the toy was tolddhit was good . Broken
vertical lines demarcate instances where the toy was tolddhit was bad . Because
training occurs at least once for each time increment, thenkes also show at what
times the simulation was in a particular state.

The plotted lines each correspond to a single action that Say can take. The
solid line is turn left , the dashed line is turn right and the dotted line is continue
forwards . The vertical axis corresponds to the probabilt that a particular action

will be taken in the state corresponding to that plot at a paricular time.

7.3.4 Maze Simulation

To encourage training in a realistic scenario, a simple games formulated. It had
to be simple in order to cope with the reduced state and limitechoice of actions.
The choice was a maze, whose corresponding semantics (iLlening corners) gave
names to the actions that could be taken.

The maze is displayed as text. The maze at the end of the simtian 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 maze by the agent while traing
was conducted concurrently. If the agent had to backtrack ttough the maze (i.e.

after reaching a dead end) it would be marked with a. . The numbers were



7.3. Learning Experiments 71

Figure 7.2: The maze explored during the experiment

(numbers are placed all® intervals; $ is the goal and the starting point is
middle-left)

inserted manually to show the progress of the agent, each megponding to ten
time intervals in the plots.

The aim of the game is to reach the goal$ towards the centre of the maze.
Standard maze rules apply (e.g. you can't pass through walldf the agent attempts
to turn in a direction that is blocked by a wall, the closest véd direction is chosen,
with preference for a clockwise alteration to the target dection. Play starts at
centre of the left boundary of the maze.

The user (player) attempts to direct the agent by putting thesensors in the state
that they wish to correspond to a particular direction. Howeer, there is initially
no correspondence between a given state and the action chros¢he rst action is
chosen randomly and each action begins with equal probabjliof being chosen (as
seen in the plots a = 0). In order to teach the agent the mapping the user wishes
it to have, the agent must betrained.

Training is accomplished byrewarding the agent when the action chosen matches

that to which the user wishes the current state to correspondIf it does not cor-
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respond, the agent can b@unished The user is always shown the action that the

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

7.3.5 Experiment Script

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

Whenever the agent is going to make a decision that does notri@spond to the
action | want it to perform, | repeatedly punish the agent. Wkenever the agent is
going to make the correct decision | reward it. | reward it exetly once for each
time increment (i.e. for each decision made), but more thame punishment can be
dealt in a single time increment.

From time t = 0 to time t = 40, | try to train tilting left to correspond to
turn left, tilting right to correspond to turn right a nd upright to correspond
to continue forward . | never enter the state inverted inthis time interval.

From time t = 40 to time t = 69, | reverse my policy. That is, tilt right
to turn left, and left to turn right; and invert to continue fo rwards, with upright
corresponding to nothing. This was to demonstrate whethehg algorithm adapts
if the user decides to adopt a new policy.

In Figure 7.3 there is also an anomaly at about = 8. Here, | unintentionally
rewarded a continue forward decision, when | should haveupished it. However,
as shall be discussed in the analysis for tlkeliberatechanges, the algorithm is able

to recover quickly.
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Chapter 8
Analysis

This chapter analyses the experiment from the previous sémh. It also presents an

analysis of the hardware and discusses some general obsama for the system.

8.1 Learning Results Analysis

This section analyses the plots of learning state over timeoim the previous section.
There are no properties of a particular state that distingwsh it from any of the

others. The states are only addressed separately to highiigspeci c examples.

8.1.1 Initial learning ( t< 40)

Here Figures 7.3, 7.4, 7.6 and 7.7 are being considered. Therespondingpercept
states will be referred to adilt left, tilt right, upright and inverted, respectively.
The initial intended actions areturn left, turn right, go forward and unmapped
respectively. The squeeze sensor in the paw was mappedgtmd and one in the
torso to bad Tilt is determined by the three tilt switches.

All actions begin with equal probability of being chosen (thre are three, so 33%
each). Tilt right is the rst state entered (i.e. Sulley is physically tiltingto the right)

Figure 7.4. This state is entered because the rst corner ithe maze (Figure 7.2)

is a turn to the right.

The rst action chosen however, isgo forward This is not what is intended
by the teacher (me). The rst vertical line is broken, so thisindicates that a bad
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reward was given. The probabilities of the actions that it di not just choose are then
increased. Because of thibad reward, go forward now has the lowest probability
for this state while t < 40.

A decision is made again, and this timgo right is chosen. This is correct, so a
good reward is awarded. After the update,go right now has approximately a 57%
chance of being chosen in thélt right state. This is very early learning, so it is
rapid.

Immediately following this decision is a left turn in the mae, 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 second decision is correct, saqyaod reward follows.

After this training, the go left and goright actions are now chosen correctly
(mostly by luck) as the agent navigates the maze with the helpf the teacher. The
exception is at aboutt = 7 where ago forward was rewarded agjood while in tilt
left. This was a mistaké by the teacher. However, subsequent training is able to x
the mistake quickly.

The training for upright is not so lucky. For example, att = 9, two wrong
decisions were punished. However, probability eventuallyins out and go forward
is successfully learned. Thénverted 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, | decide to change my mind about the optimal policy. My worldis
e ectively inverted completely | want tilt left to choosego right, tilt right to
choosego left and inverted to choosego forward Most of the changes occur for
40 t< 55so this range is zoomed in for Figures 7.5 and 7.8.

The script is the same for the old policy, but with di erent targets. Repeated,
bad rewards quickly reduce the probability of the old action beig chosen. Note
that relative probability between unchosen states remains consistentntil one is

targeted.

LOriginally unintentional, although it serves to demonstrate another facet of the learning.
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There is some turmoil while the new policy is being learned. dwever, within
about thirty seconds, the new policy is learned and adoptedhe new target action
for each state is able to be Itered out with the good and bad reards in concert

quite successfully.

8.1.3 Summary

The experiment was an extreme simpli cation of the capabtiies of the learners and
the hardware. This was in order to highlight a single aspectna present detailed
state and decision information in a clear manner.

From the plots and analysis it can be seen that with this simpl example, it is
relatively straightforward to teach an initial policy as wél as change the optimal
policy during training. Policies are learned quickly, andhe agent does not gestuck

choosing any particular action.

8.2 Analysing the Hardware

Some thorough user studies are required to fully analyse ttardware, and some
guestions that need to be asked are included in future work. his section contains
my own experiences while using the interface device.

The tether is de nitely a drawback. It restricts the range of movement and
e ectively tethers you, also, to the computer. A longer cal@d might resolve the
latter problem, but for a true companion that can be carried eound and remains
smart, a wireless or microprocessor solution would be nedde

Despite the frequent polling and small window sizes, latengs still noticeable. It
is most noticeable for reward-giving. However, this is baden immediate feedback
from the click that the microswitch makes when it is depresed. A truly embedded
sensor would not click, and the latency is small, so not knomg exactly when the
sensor itself changed might minimise perception of the latey.

The sensors all worked adequately. However, more sensorghwa ner scale that

do more interesting things are certainly desirable. The ctent forms of interaction
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are quite limited. However, sound may prove to be e ective foa new level of

interaction, so that attention on enhancing the sensors cane delayed.

8.3 Other Observations

Neural network tests were compiled, but time constraints mvented their full explo-
ration and experimentation. However, the testing code outgs an indication of the
training progress at least to con rm that it works.

Gradient descent networks with two or more hidden layers werfound to be
undesirable. Training never settled, and the best that codl be achieved for the
simpli ed problem used in the main experiment, was about a 8@ chance of choosing
the desired action. It is likely that the large number of fregparameters did not suit
the simple model. Perhaps more complex models may be betterted. It was also
hard to get a large number of training examples; so to get thé®®o, repeated training
epochswere carried out in a background thread.

However, the background thread was found to be unsuited to twweorks with a
single hidden layer, so this may also have been a factor in the pooritial per-
formance of networks with more layers. The background traing is undesirable
because standard neural network stopping criteria all attept to minimise the error
for the single best result. This means another abstractiomyer is required to adapt
multiple actions for a single state.

Furthermore, because error isninimised and error values often have no theoret-
ical derivation, it is also hard to prevent the network beconmg stuck With a single
hidden layer trained in the background this was found to be a ajor problem. It
meant that the network was unable to adapt to a new policy, shdd the user change

his/her mind about the reward function.



Chapter 9

Future Work

This chapter discusses the future of the project. It address how aspects of the
hardware can be improved, how new learning techniques migh¢ incorporated and
the various future applications of a Smart Toy. It also propses a range of techniques

that might be used to evaluate the system further in its curret state.

9.1 Hardware

The hardware in its current state is relatively limited froma sensory standpoint.
However, using a plush toy and wanting to maintain itcuddly nature imposes some
restrictions on the hardware development. For example, isiunlikely that motorised

actuators will ever be incorporated except, perhaps, for sth movements such as
the eyes. More sophisticated movement would require rigidhibs, which would be

di cult to hide from the user.

9.1.1 Sound

This extension to the hardware should not be too dicult to accomplish, due to
existing redundancy in the hardware design (i.e. spare wge Adding a speaker
would allow virtually limitless possible actions, which cold all be learned. It also
allows the visual display of a computer to be taken out of thegeiation entirely, and
encourages more natural communication with the user. A migphone and voice

recognition, however, is a bit further o due to the current sate of technology.
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9.1.2 Smart Material and Pervasive Transducers

This was rst touched upon in Section 3.1.6. Current Smart Miterials include
actuators that are able to ex in a fashion similar to that of nuscle, as well as sound
emitters and sound detectors. Incorporation of smart matels and other sensors
that pervadethe toy would keep a plush toy's original function mostly inaict. That
is, there would be no hard sensors that disrupt hugging, norawg the user need ever
be aware that they are actually triggering the toy's sensorsThis adds further to
the mystery of a Smart Toy, and may make it seem even more inliglent.

Other sensors, such as all those contained within an Aibo g&s&ection 2.2.3) can
also be added to the hardware. However, many of the sensorglgrarticularly the
actuators, may impede the plushness of the toy. Increasingeg number and types of
sensor has an obvious benet it nurtures more complex and wolved interaction
between the user and the toy. It also increases the dimensioh the environment
from which inferences can be made, allowing more intricateappings between state

and action.

9.1.3 Wireless Communication

The wireless solution initially proposed for this project w&s not pursued due to time
constraints and an already sizeable scope. This is de nifebomething that should
be pursued in the future. Other projects [27] and my own obsetions have found
a tethered solution to hinder the types of interaction that @cur, as well as the user
satisfaction. A wireless communication device would remewhe need for a tether
and on-board processing.

However, communication should not be limited to that betweea Smart Toy and
its host PC. Collaboration betweenSmart Toys would also be an interesting avenue
to pursue. Such collaboration greatly increases the kind$ applications for which
a Smart Toy can be applied. For example, collaborative game®suld be played
between you, your neighbour and each of your Smart Toys. Fouch an application,
however, a host PC is unlikely to be a suitable arbitrator. Ciaborative games can

happen anywhere, so an ad-hoc communication protocol, and-board processing,



9.2. Applications 85

would also need to be incorporated.

9.1.4 Power

Power consumption is a big problem that needs to be addressékhis is particularly
true for wireless solutions. A particular frustration of the Furby was that you could
spend a few days teaching it, but when the batteries ran out (wch was quite soon
afterwards) anything you taught it would be lost.

A sophisticated solution with a synchronised P& or non-volatile memory, for
example, could be used to solve the memory problem. Howevdrere is still the
issue of powering the mobile device. A battery adds to the vgtit of the toy and
may impede some of the plush toy interactions.

The tethered solution for this project managed to skirt the pwer problem. How-
ever, future developments will need to consider a reliablen-board power source
to be truly wireless and autonomous. Although, at this pointincreased nancial

expense may also become an issue.

9.2 Applications

Games are the primary application for a Smart Toy. Although,because it is es-
sentially still just an HID, there exist a wide variety of nongame applications that
could be applied to the toy. The sensor abstraction should rka this quite easy.

However, games are the primary focus.

9.2.1 Computer-arbitrated games

This is the current game type that has been developed (althgh, the current game
is quite limited). Future computer-arbitrated games couldnvolve the manipulation
of a graphical avatar to enhance the gameplay. However, thigould take the focus

away from a fully autonomous Smart Toy.

LA la the PocketPC's synchronisation with a desktop computer.



9.3. Other Learning Techniques 86

9.2.2 Collaborative games

Communication does not only need to take place via the senspnor does it need to
be between toy and owner. Collaboration between toys and useyreatly expands
the possible game types that could be pursued. For exampleaim games and coop-
erative gameplay could be explored. In such cases the toy istrmerely simulating

a game, but is actively taking part in it.

9.3 Other Learning Technigues

There is a plethora of learning techniques available. Kadibg et al. [29] cover about
thirty, distinct, reinforcement learning approaches in a@ven-year-old survey paper.
Some of the techniques look as though they can be adapted t@throblem at hand in
a relatively straightforward manner. These, or more recennethods, may perform
or extrapolate better than the method implemented for this pject. Exhaustive

experimentation may lead to a breakthrough in Smart Toy learing.

9.3.1 Collaborative Learning

This is where two agents share their knowledge about the wdrto improve each
other's intelligence. While not speci ¢ to smart toys, a vaiation of the concept can
also provide entertainment for the owners of Smart Toys. Clalborative learning
could be achieved by placing two Smart Toys together and allang them to teach
each other concepts they have learned. For example, the staif one toy that has not
yet been mapped could be explored and trained interactivelysing encouragement
from the more advanced Smart Toy. Presumably the other toy iswned by someone
with similar interests and so the learning is of value. If ngtthere is a matter of

retraining.

9.4 More Evaluations

The evaluation in this thesis deliberately focused on a silegaspect. Apart from the

obvious experiments to determine accuracy and stability déture implementations,



9.4. More Evaluations 87

other, broad areas related to Smart Toys need to be considdre

9.4.1 Marketability

Ultimately, the goal of Smart Toy research is to develop a toyo be bought for chil-
dren. Whether a toy is marketable depends on many factors [9)Vhether these fea-
tures are present in an implementation need to be determined attract commercial
interest. These features cover things such as cost, fun, opendedness, educational
content, a perception of advanced technology, innovatiomd the ubiquitous wow

factor.

9.4.2 User Studies with Children

This is also related to the marketability. In order to test met of the marketable
features, children are required. Particularly for the ishis fun aspect. Michaud and
Caron [33] found the children in their informal studies to povide particularly good
insight into attitudes towards Smart Toys. Most notable, wa the habit of young
children to develop an attachment to the authors' outwardlyintelligent electronic

device.

9.4.3 Social and Psychological Aspects

While perhaps not suited for the computer science domain, ¢hne are a large number
of social and psychological implications related to Smartdys; and a number of
guestions that need to be asked. For example, how attachededoa child become
to their toy? If it broke would they be devastated? Does it deact, or perhaps

enhance, socialisation with other children? And so on.



Chapter 10

Conclusions

10.1 Goals Revisited

The broad goal for this project was do develop a Smart Toy. Thecope of such
a project is large, so this thesis concentrates on a few areafsexploration within
the context of a Smart Toy. A hardware prototype based an exisg plush toy was
developed and tested to provide a set of simple, physical sens and actuators. In
order to make it smart, a reinforcement learning model was developed, backed by a
exible set of learning algorithms. The model needs to copeithr all the quirks of
the training data that result from trying to train this toy. |1 t must be able to adapt
the learning rule, should the user decide to change the optahpolicy they wish to

teach.

10.2 Ciritique

The hardware aspects were implemented successfully andfpened adequately in
the early tests. The operation that united the hardware andhe plush toy was a
also successful. The toy retained nearly all of thelushnesghat it began with, and
was able to interact with the user through a combination of irplicit and explicit
sensory functions.

All the complications that arose from trying to interface the low-level hardware

were addressed either with a resolution or a workaround. Wdrever possible, the
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solution was designed to encapsulate any complexities, irder to present an elegant
API to the client. The complications were well documented ahare presented as a
brief survey of current implementation alternatives.

The software was designed with exibility, elegance and eghsibility into the
future as a primary goal. The challenges of Smart Toy learngnare documented and
an architecture that solves many of the problems is presewte An implementation
of the architecture, which uses a modi ed version aD-learning, was developed.

An experiment to test the implementation's ability to learn and adapt quickly
was formulated. A simulated environment was developed in win to conduct the
experiment. The experiment was conducted in controlled cditions, and the results
are presented. An analysis of the results of this experimeist performed, along with
observations from applying neural network-based implemttions to the same task.

The project only scratches the surface of the development ggibilities and ap-
plications of a Smart Toy. A detailed chapter on the future wik is included to

motivate further development.

10.3 Conclusion

This project is an initial investigation and experimentaton of the Smart Toy concept,
using a plush toy. An extensible architecture with initial mplementations and an

evaluation is an important step towards the development of &uly intelligent toy.
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Appendix A

Application Framework and API

There is a lot of source code associated with this project @&t 5000 lines. Hence
so, too, is there a lot of documentation. A verbatim API and réerence manual
generated from the source comes to about 250 pages. The maderesting and
salient parts of the client APl have been ltered out and are appended in the

following order:
class ParaMon -the hardware interface

learnbase.h dearning architecture

class GenericEstimator black box base for function approximation

class Classi er -adapter for classi cation in R" function ranges
neural.h - Neural Network architecture

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

class Neuron Neuron base class and heirarchy
class HiddenNeuron -A hidden neuron at any layer of a Hop eld
network
class OutputNeuron -An output ( nal layer) neuron

class NeuronFactory -The factory design pattern for neurons
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nnfunc.h - utility and transfer functions for neural networks

sulleybase.h Reinforcement learning environment model

SulleyLearner -Base class for reinforcement learners for Sulley

POMLearner - The modi ed Q-learning RL learner

SulleyGradLearner -The ANN RL learner for Sulley



Declaration

The work in this thesis is based on research carried out witthé Smart Internet
Technology Research Group (sitrg) at the University of Sydey. No part of this
thesis has been submitted elsewhere for any other degree aalgcation and it is

all my own work unless referenced to the contrary in the text.

Copyright ¢ 2003 by Trent Heath Apted
The copyright of this thesis rests with the author. No quotéons from it should be

published without the author's prior written consent and irformation derived from

it should be acknowledged .

97



