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Abstract

Intelligent agents are becoming increasingly imgairin our society. We currently have
house cleaning robots, computer-controlled oppaientideo games, unmanned aerial
combat vehicles, entertainment robots, and autonsregplorers in outer space. But there
are many problems with the current generation wfligent agents. Most of these problems
stem from the fact that they are designed for g@gcific problems. Each intelligent agent
has limited adaptability to new tasks; if condisarhange slightly, the agent may quickly
become confused. Additionally, a huge engineegiifigrt is required to design an agent for
each new task. Ideally, we would have a reusadeigl purpose agent design. Such a
general purpose agent would be able to adapt tegohg environments and would be easy to
train to handle new tasks. To implement this agesign, we can use ideas from the field of
reinforcement learning, an approach with strongheaiiatical foundations and intriguing
biological implications. The available reinforcemhéearning algorithms are powerful
because of their generality: agents simply recaigealar reward value representing success
or failure. Additionally, these algorithms candmmbined with other powerful ideas (e.g.

planning from a learned internal model).

This thesis provides a step towards the goal oéggmpurpose agents. It discusses a detailed
agent design and provides a concrete software mggiéation of these ideas. It covers the
components necessary for such a general purposg atgting with a minimal design and
proceeding to develop a more powerful learning itgcture. The final design uses temporal
difference learning, radial basis functions, plagniuncertainty estimations, and curiosity.
The main contributions of this thesis are: a n@eghbination of temporal difference

learning with planning, uncertainty, and curios#ygiscussion of correlations between
theoretical reinforcement learning and reward pseirgy in biological brains; a practical

Open Source implementation of general purposearmafment learning agents; and
experimental results showing learning performanteeaveral tasks, including two physical

control problems.



1 Introduction

Intelligent agentstoday are primitive compared to human intelligenbevertheless, they
are finding uses everywhere. They help diagnoseadies, they aid in making stock market
predictions, they provide entertainment as physiglabts and as opponents in video games,
they perform dangerous military operations, theydb@a household chores, they detect credit

card fraud, they explore other planets, and thegtract automobiles.

Machine intelligence is probably one of the mogpamant technologies to develop. In
general, any human endeavor that could benefit xdditional brain power will benefit
from improved machine intelligence. On a grandesdaaving agents with human-like
intelligence would amplify our progress in any stiic field. On a more personal level, we
could replace the user interfaces on our persamapaters with intelligent assistants that

manage menial tasks for us.

The major problem with current intelligent agerst$hat they lack flexibility. They are
usually designed to operate under certain conditiona specific purpose. This fact
prevents them from adapting to new environmerttglsb makes the design process

laborious because each agent is usually createdgooatch.

A fairly new approach is that of creating agentketrn from direct interaction with their
environments. No knowledge is bestowed from thentig creators; everything must be
learned through firsthand experience. This kindge#nt must go through a developmental
phase where it spends most of its time exploriegrring about its world’s predictable
properties. One of the major hypotheses of this@grh is that these agents will be more
adaptable and effective at solving complex problekVe argue here that reinforcement

learning is a practical way to design and implentkisttype of agent.

! The term “agent” is used here to describe any intelligen¢isyshcluding robots, animals, and humans.



Reinforcement learning is the problem of chooshgdptimal action in a given situation in
order to maximize future rewards (Sutton & Bart®98). Figure 1 shows the general
situation with a set of abstract objects represgritie agent and its environment. The agent
performs an action which usually has some effedherenvironment. Based on that action,
the environment provides the agent with new sensquyts (i.e. an observation) and a
reward signal. Positive reward signals positiveiynforce the actions that led to the
rewarding situation, making them more likely todeformed in the future. Similarly,

negative reward signals make the recent actiosdiledy to be performed.

Environment <
Observation
|:| Action
] [ ]
L]
[] » Reinforcement
Y Learning

Reward

- > Agent

Figure 1: A typical reinforcement learning setup, including a environment that provides observations

and rewards and an agent that responds with actions.

Reinforcement learning is a trial-and-error proceBse only way for an agent to improve its
performance is to take an action and experienceethdting reward (or lack thereof). This
approach is very general. Almost any problem aaexpressed as a reinforcement learning
problem as long as the goal can be representedada reward value. Thus, algorithms
designed to solve reinforcement learning problerasapplicable to a wide variety of tasks.



When trying to solve reinforcement learning prolbdeia few major problems arise. If an
agent receives a reward after a long sequencdiohachow does it know which actions to
reinforce? For example, say we are training atdagll over on command, and we reward
him only when successfully finishing the task. Twog must learn to reinforce the initial
action of lying down even though he does not rezaiveward until after rolling over and
standing up again. Another problem is that of kimgwvhen to try new actions and when to

choose the one that has been most successful pasite

Fortunately, a set of powerful reinforcement leagnalgorithms already exist. They can
successfully deal with the problems mentioned alamgemore. Combined with other
techniques (e.g. function approximation, planninigg, core algorithms can scale to more
complicated problem domains. However, even withttiols that are available, it is not yet

clear which ones are best and how they should mbiced.

This thesis presents a summary of some of theitligts available for solving reinforcement
learning problems and shows how they can be cordhl@ffectively to create a general
purpose solution. The ideas discussed here alenmemted as an Open Source software

library (Vervehttp://verve-agents.sourceforge )n@ésigned to give application developers a

useful tool for creating intelligent learning agent his library can be applied to simple

simulated agents in discrete grid worlds and tbnazots acting in the physical world.

There are existing reinforcement learning softwaots (RL Toolkit
http://rlai.cs.ualberta.ca/RLAI/RLtoolkit/RLtoolKit0.htm| Reinforcement Learning

Toolbox http://www.igi.tugraz.at/ril-toolbox/general/oveew.html PIQLE

http://www.lifl.fr/~decomite/pigle/index.htmlavailable that provide general frameworks for

experimenting with different algorithms. Other®@GEALSA

http://www.cs.indiana.edu/~gasser/Salaee useful for teaching the concepts of
reinforcement learning without having to write seadte. There is still a need for an “out-of-

the-box” solution for non-researchers. Many depets could use a general purpose



learning tool without needing to understand theaulythg complexity. This should help

promote the use of reinforcement learning algorghmmore diverse applications.

The rest of this chapter describes some of thlnitork that motivated this research and
ends with a discussion of how this research appdi¢ésaiman computer interaction. The next
chapter will discuss reinforcement learning in moegail, covering some of the specific
challenges involved. Chapter 3 presents sevetiaiksting connections between theoretical
reinforcement learning and biological brains. Gkag introduces the Verve software
library implementation and shows how it is desigtethckle the challenges in chapter 2.
Chapter 5 goes through a series of experimentsabVerve’s effectiveness. Chapter 6

ends the thesis with a summary, a list of contrdm#, and several areas of future work.

Initial Work

The author’s early research, mainly inspired bykasarch as Reil & Husbands (2002), dealt
with physically simulated humanoid robots (see Feg?). These agents used artificial neural
networks to transform sensory inputs (joint angtegjontinuous motor outputs (desired joint
angles). The muscles were simple PD (proportidealative) controllers that applied
muscle forces in order to achieve the desired pmgfles. Open Dynamics Engine (ODE

http://www.ode.orywas used to simulate physics.

The training phase for these humanoids used aigeaigorithm to optimize motor control
performance. The process started with a populatisandom neural network controllers.
Each member of the population was evaluated omengask and assigned a fitness value
for its performance. For example, for the tasktahding up without falling, higher fitness
was given for maintaining a high average head heigffter all members were evaluated, the
worst members were discarded, and the best onesajed new offspring using genetic
crossover and mutations. This entire sequenceagssgd through a long series of

generations until a certain level of fitness wasiexed.



Figure 2: Physically simulated humanoid robots learning tastand and jump.

After successfully getting simulated humanoidstémd and jump, the author used the
neuroevolution algorithm NEAT (Stanley & Miikkulaan, 2002; The NeuroEvolution of
Augmenting Topologies (NEAT) Users Pauép://www.cs.utexas.edu/users/kstanlay
evolve controllers for biped walking (see Figure BJEAT has three major advantages over
the simpler method used for the standing and jugfasks: 1) it uses a principled method of

genetic crossover — it keeps track of similar gend®lp splice genomes in appropriate
places, 2) it uses speciation to protect new manatuntil they are ready to compete with the
rest of the population, and 3) it starts from aimad neural network (inputs and outputs
only) and slowly adds complexity.



Figure 3: A physically simulated biped learning to walk.

After getting mediocre results with the walking &il$, the author began to question whether
genetic algorithms were the best way to solve motoitrol tasks. After all, it is unlikely
that such a process is behind motor learning througthe lifetime of an animal. One of the
major problems with evolutionary methods in genesdhat learning does not proceed
incrementally but only at the end of each trialedlly, agents should learn continuously
throughout their lifetimes. At this point the aathbegan studying reward-based learning in
biological brains to gain insight into how animatsd humans achieve goals. Instead of
trying to evolve the whole neural network structfrem scratch, it seemed more efficient to
incorporate existing knowledge about the structdrgiological brains. Soon after, the
author came upon the recently-discovered connebgbtmween biological reward processing
(in dopamine neuron activity) and temporal diffaretearning. This naturally led to further

study of the foundations of reinforcement learning.

! The best agents could take five steps before falling over.



Intelligent Agents and HCI

Human Computer Interaction (HCI) is the study & hteraction between humans and
computers. The overall goal is to increase théuilrsess of computer technology by
applying it to new problems and by making it lesmbersome to use. Ideally, computers
would be able to read our thoughts and aid us wtthequiring much of our attention.
Obviously, we are currently very far from this go&Vhat we need is more intelligent
computers that can adapt to us and learn our inte)thowever subtle they may be. We
need agents that understand natural language dinglany user-specific nuances) and,
given simple commands, can achieve complex gogtss would enable user interfaces

much more powerful than the ones we have now.

In order to develop such intelligent, adaptable ugerfaces, we must continue to make
advances in machine intelligence. Specifically,nuest develop agents that acquire broad
skill sets which they can use to solve wide vaggedf tasks. With this goal in mind, the
work described in this thesis is a part of the fiation for future intelligent, interactive

devices and adaptable interfaces.



2 Reinforcement Learning Challenges

Reinforcement learning, as we have already disdgsesents us with several challenges.
One challenge described earlier is known as thepteal credit assignment” problem, i.e.
deciding which of a sequence of previous actiodddea reward. A related problem is the
“structural credit assignment problem,” the probleihknowing which internal parts of the
agent need to be reinforced. This chapter higtdigese and other challenges we face when
designing general purpose reinforcement learnimegiy Some of these challenges are
fundamental to the basic functioning of a reinfoneat learner, while others help make the
core algorithms more practical (i.e. scaleableatgée state spaces). We will not cover all
possible aspects of the various issues and algwsijtive will focus on the most pertinent

information for the goals of this thesis. For mor®rmation, see Barto & Sutton (1998).

Note that the reward signal does not speledwto make adjustments to improve behavior; it
is simply a coarse performance evaluation (i.ecasg or failure). Essentially,
reinforcements received after performing an acdtanease the probability that the action
will be repeated. According to Thorndike (1911244): “Of several responses made to the
same situation, those which are accompanied oelgidsllowed by satisfaction to the
animal will, other things being equal, be more firmonnected with the situation, so that,
when it recurs, they will be more likely to recthipse which are accompanied or closely
followed by discomfort to the animal will, otherinigs being equal, have their connections
with that situation weakened, so that, when it rectihey will be less likely to occur. The
greater the satisfaction or discomfort, the gretiterstrengthening or weakening of the
bond.” This statement, known as Thorndike’s “LaviEffect,” was one of the early attempts

to explain how reinforcing events affect behavior.



Two of the main internal components of most reicéonent learning agents are: MNadue
functionwhich maps states to value estimations, andd@liay which maps states to

actions. Figure 4 shows a simple agent design with tkesgponents.

Reinforcement Learning Agent
Policy

Obsgrvation D (Gtr:':i:l:)
(t|Ea|t) > D > I:I
= O
=

? NS
(Reward) C;mp ie
time t u
] ) Training ‘

Signals

Figure 4: The internals of an initial agent design. The min features are the value function and the
policy. Based on the given observation, the policy choosasaction, and the value function estimates the

value of the current situation. A prediction error is computd and used to train the value function and

policy.

This agent can sense the state of its environmeatits policy to choose actions, and
reinforce actions using the primary reward signéiroughout the chapter we will
continually add new components to this design.

! Having the value function and policy in separate memougtires is sometimes called an “actor-critic”
architecture: the policy is an “actor” that continually perform&ast and the value function is a “critic” that

reinforces the actor using prediction errors.



Temporal Credit Assignment

While an agent is interacting with its environmardyally rewards are received
discontinuously. The agent might move through hedsl of different states, receiving zero
reward, before finally reaching its goal state vehiéreceives a positive reward signal.
Without a sophisticated way to process rewardsag@nt can only reinforce actions taken

immediately before receiving the reward.

Imagine a rat running through a maze to find a se@eward. The rat's primary reward is
very discontinuous (ignoring the effects of chessell gradients leading to the goal). The
rat never benefits from this food reward untilgtuwally reaches the goal and eats the cheese.
The rat still solves the task effectively, so itshdo more than just reinforce the actions
taken immediately before finding the cheese. Agiis is the temporal credit assignment
problem. After a long sequence of actions, howsdbe rat know which ones contributed to

getting the reward (i.e. which ones should be pasit reinforced)?

A more fundamental question is: How does an ageowkwhich states are more valuable
than others when the reward is actually only presea single state? One answer is that the
agent muslkearn the value of each state through direct experieddere is usually more
“value” in being close to the reward than beingdamay, both spatially and temporally. This
information is not present in the environment; ishbe learned. Thus, an effective
intermediate step in solving a reinforcement laagriask is to learn a “value function.” A
value function (more specifically, a state valuediion') is a mapping of states to values.
Given some state, the value function returns teadlly estimated) value associated with

being in that state. It transforms the discontimiprimary reward into a continuous internal

! Another type of value function is an “action value functidwttrepresents the value of taking an action in a
specific state. The Q learning approach, for example, uses ameahi@ function. Here, we will only focus
on state value functions. It is unclear that action valuetifums have any definite advantage over state value

functions.



signal. Itis helpful to think of the agent playing thet-or-cold” game, where the rewards
are “hot.” The learned value function tells themigwhether it is in a hot or cold state. At

first the value function might be wildly inaccurabait it should improve through experience.

Two main questions arise at this point: 1) how dbesagent learn an accurate value
function?, and 2) once the value function is ledriw should the agent use it?

It is important to define what we mean by the “@lof a state. The usual meaning is the
expected sum of future rewards, i.e. how much réwaa can expect to receive from this
state forward. Thus, the value of a state is ¢fard received at that state plus the sum of
rewards that can be expected after that point. r@ajer problem with this approach is that
the future sum of rewards could be infinitely larg&/e can alleviate this by discounting

rewards received farther into the future.

Assuming we have a complete model of the envirorirtiedluding state transitions and
rewards), we can search through all possible statdsompute the value of each. Starting
at an initial state, we iterate through every palssaction and compute the next states. From
each of those states, we iterate through evenylpessction and compute the next states...
(This type of exhaustive branching is similar tmhmost computer chess programs operate.)
Whenever we find a reward, we “backup” its valu@tevious states. This effectively

spreads out the value from the reward to the stedéetng up to it.

! Rather than giving the agent rewards discontinuougly fero reward everywhere, and a +1 reward when the
task is completed successfully), it is possible to use #incmus reward function. For example, the agent could
receive a reward inversely proportional to its distance ome goal. This can be advantageous in some cases
because it provides much more information early in the leguprincess. Right from the start, the agent
experiences a reward gradient at every step. However, itttadune an unwanted bias in nontrivial problems
that leads the agent to locally optimal solutions. Iregalrit is safer to provide sparse rewards and force the

agent to learn the value of every state on its own.



But what if we do not have a complete model ofegheironment? This is a valid concern.
Most of the time we assume the agent has no ititialvledge of its environment. Another
method for learning a value function is by takimgnples from actual experience. Without
any prior knowledge of its environment, an agemticéeract with it directly, keeping track

of the average rewards received after being in statb.

The first method described above is called dyngrogramming. It has a strong
mathematical foundation, but it requires a full rabdf the environment, making it
impractical for agents operating in new territofjhe second method is the Monte Carlo
approach. It does not require any kind of envirentrmodel, but it is difficult to use

incrementally (usually all learning updates ocduha end of a long sequence of events).

A fairly new method which has some of the benefftdynamic programming and Monte
Carlo methods is called temporal difference leaynitt does not require an environment
modef, and it can perform incremental updates at evietg step, so it has advantages over
both dynamic programming and Monte Carlo metholisese are necessary requirements in
most on-line learning scenarios where the agertsstath no knowledge of the world.
“Temporal difference” refers to the fact that tleabis to learn to predict the difference in
value between successive time steps. Agents tesingoral difference learn an estimate
from an estimate; they “bootstrap” the learninggeiss by starting with an initial (usually
random) estimated value function and incrementailyrove its accuracy based on the

previous estimate.

We will now derive the basic equation for one-dtapporal difference learning (i.e. TD(0)).

Our initial assumption is the following:

V(S) =i+ + e+ ...

! Although temporal difference learning does not requireraironment model, there is nothing preventing
this. It is possible to use a learned environment madeltemporal difference to improve learning

performance (i.e. “planning”, discussed in detail later).



whereV(s) is the value of the current state. We assuntethleavalue of the current statg,

is equal to the current rewardg, plus the rewards received at all times after tim€&o avoid
the possibility of an infinite sum of future rewardve discount future rewards exponentially
with a discounting constant, This makes the value of immediate rewards grehés the
current value of rewards received later (i.e. “onthe hand is worth two in the bush”). The
following reflects this change:

- 2 3
V(St) Sre+ Mg+ T+ Tzt ...

We can simplify these ideas to get the followingiio

V() =re+ V(S+1)

In other words...

O=r+ V(s+1)- V()

Of course, this assumes that the value functios 80mpletely accurate. This will not
always be true. When the value estimation is notect, we have the following scenario:

t=re+ V(su1) - Us)

where . is the temporal difference (TD) error. This enpositive when the reward is
higher than expected, and it is negative whendheard is lower than expected. Essentially,
the TD error provides the agent with more informafieedback than the primary reward

signal itself.

The TD error value can be used to update the fahmion to make it more accurate in the

future. The following update equation shows theibalea:



V(St) V(St) + value t

where yaueiS the value function learning rate. This equatipdates the value of the current
state using the current prediction error. WhenTibeerror is zero (implying a perfect value

estimation), no changes occur.

Now that we know how to learn the value functioe, @an use it to reinforce actions. More
importantly, we can reinforce actions performeeé\arystep, not just when receiving
rewards. This is achieved by using the same teahpdference error used to train the value
function. If the agent takes an action, and thieieng TD error is positive, the value of the
new state is higher than expected, so we positinehforce that action. Similarly, we
negatively reinforce actions that result in negafivediction errors. To “reinforce an

action,” we simply adjust the action selection @doility of the previous action in the
direction of the error. For example, if things eéetter than expected, the positive TD error

increases the previous action’s selection prokgbili

Over time the agent’s estimated value function polcty grow closer to the ideal value
function and policy. Interestingly, the two compais depend on each other: the value of a
state is dependent upon the actions being chosdrtha policy’s actions are reinforced

based on the value function’s estimates.

Structural Credit Assignment

Now that we knowvhento reinforce actions, how do we know which onesetaforce?
Which structural parts of the agent’s value funti@md policy should be affected when there

is a non-zero prediction error? This is knownhas“structural credit assignment” problem.

The naive approach is to update the value of tbeiqus state and reinforce the previously
chosen action, i.e. the 1-step TD(0) method intcedun the previous section. However, we
can do better. Each value estimation and actiorusa a separagdigibility trace, e, whose

purpose is to track structural components (e.gneotion weights in a neural network) that



are eligible for modification. They increase whika corresponding value estimation or
action is used, and they decrease exponentialliytove (see Figure 5). The assumption is
that state value estimations and actions perforjodrior to a non-zero temporal

difference error were most likely to contributethat error.

-
o

Eligibility Trace Value

o

0 I I I
t t+1 t++2 t+3 t+4
Time Step

Figure 5: A single eligibility trace decaying over time.

Figure 6 presents a different view, showing thelewf eligibility traces from several
previous value estimations and actions at the ntutm@e. This figure helps to show how
much the previous value estimations and actionsldhme affected. Those that occurred just

prior to a TD error will be affected more.
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Figure 6: Eligibility traces at time t for several previousvalue estimations and actions, assuming states

are not revisited.



Each eligibility trace is updated on every timegyst&he traces for the current value
estimation and action are increased (e.g. set égual All other traces are exponentially

decreased as follows:

&(s) &(s)

where is a decay constant that ranges from 0 to 1. Wiizerrors occur, they are applied
to state values and actions in proportion to tekgibility traces. We use the same TD error
( ) equation as before, but the value function updgteation now includes eligibility traces.

The following shows the new value function update:

V(St) V(St) +  value te(st)

Temporal difference learning with eligibility trexes called TD(). Theoretically, eligibility
traces provide a link between temporal differemaning and Monte Carlo methods. When
= 0 we get the simple one-step TD(0) rule, but approaches 1, TDJ becomes more
similar to Monte Carlo learning since it keeps kra€ all previous states and actions. TD(1),
however, is more general than Monte Carlo becdwsbws incremental learning. The
main result we achieve by using eligibility traceshat we can perform structural credit
assignment more effectively by targeting specsicuctural) parts of the value function and

policy when performing updates.

Exploration vs. Exploitation

Imagine this situation: you are invited annuallyattend a banquet, and each year you must
decide which meal you want. You are always givendhoice of eating chicken, beef, or
creme de rate de chevre avec la boue. You ustiadigse chicken because it tastes great
every time. Once in a while you choose beef, twiairisky choice because sometimes it is
not cooked well enough. Ymeverchoose créme de rate de chévre avec la boue leecaus
you have no idea what it is, but it might actudléya better choice than chicken. Do you stay

with your current favorite, or do you risk tryingreething new?



This is an example of the exploration vs. expl@tatdilemma. An agent can take
exploratory actions with the hope of finding someghbetter than its current best solution, or
it can simply exploit its current policy and newsr new actions. Exploring is certainly a

risk that could lead to good or bad results.

There is a definite tradeoff here because bothogapbn and exploitation are necessary at
times. Early in the learning process the agentisiée explore to find out which actions are
ideal in different situations. Even “mature” ageneed to explore if they live in constantly-
changing environments. Exploitation is equallyees$isl; an agent that always takes
exploratory (i.e. random) actions will never impeovOften it is important to use the current

best policy.

Currently there are only a few standard solutienhits problem. One is the-greedy”
method. Most of the time, the agent chooses & kown action (according to its learned
policy). Every once in a while (with probability, it instead chooses a random action.
Another method is the “softmax” action selectiortimoel. Instead of choosing from among
all actions equally during an exploratory movefs@ix methods assign each action a
different probability of being chosen at each stéthe best actions are given higher
probabilities than poor actions. These probabgittecome the parameters that are adjusted

during policy learning.

Large State Spaces

The methods we have covered up to this point s@lwvdorcement learning problems
effectively, but in order for them to be practigateal situations, they need compact state
representations. The simplest methods assumedbhtstate is represented as a single entry
in atable. This is obviously impractical for atgeaperating in large, continuous state
spaces. A robot with only 10 continuous sens@sh®ne discretized into 10 different
values, would require a table of'f@inique entries (i.e. states). There are way tapym

states in this case for the agent to test and ateakach one individually.



The solution to this problem is to represent statese compactly with function
approximation. Instead of keeping track of eaciogjum state separately, we seek to find a
function that approximates the state space witinalsyumber of adjustable parameters.

The number of parameters is usually much smalkam the number of unique states. The
downside is that each state is never representettlgxsince we are onlgpproximatingthe
state space. Function approximation also allowegsdization to unseen data. This feature
is important because an agent in a continuous @mwient will probably never experience
the same exact state twice. Using an approxinetetibn of the state space, it can sample a

few states and generalize about the rest.

It is important to note that temporal differencarl@ng with linear function approximation

will provably converge to the optimal solution(Convergence is still questionable with
nonlinear function approximation, such as backpgapan with multilayer neural networks.)
Also, there is only one optimal solution in theslam case, so we need not worry about
converging to local maxima. For these reasons iNdogus our discussion on linear
representations. With this in mind, now the b@sablem is to represent the state space in a
linear form. To illustrate this problem we willsguss a few examples that use discrete
inputs. Later we cover methods that handle contisunputs.

To provide an accurate value estimation, at firappears that all we need to do is learn a
linear combination of the sensory inputs. Say aeeha robot living in a cold climate that
enjoys hot cocoa and being indoors where it is wafims robot has two sensors: one that
detects the presence of hot cocoa, and one trettdethether the robot is indoors. Figure 7

shows a simple neural network representing thistrslyalue function.

! The convergence proofs do have a few other requirementsasursting a learning rate that decreases over
time (here we will use a constant learning rate and not vednoyt achieving the exact optimal solution) and

other assumptions that do not affect the discussionsrhésis.



Hot Cocoa
[0 or1] W«

Value Estimation =
Sum of Weighted Inputs

Robot Indoors
[0or1]

Figure 7: A linear value function approximation for a task with independent inputs.

In this case the presence of either inpaivgaysgood. The values of all possible states are:
no hot cocoa, robot not indoors: value = 0.0; nbdocoa, robot indoors: value = 1.0; hot
cocoa, robot not indoors: value = 1.0; hot cocobot indoors: value = 2.0. The neural
network can represent this value function eagNpw imagine a different robot that also
lives in a cold climate. This robot has two seasone that detects whether a fire alarm is
sounding, and one that detects whether the robotigors. It is good to be indoors unless
the fire alarm is sounding. In this case the valuene input depends on the presence of the

other. See Figure 8.

Fire Alarm
[0or1] W< .
Value Estimation =
Sum of Weighted Inputs
_ 1
N -

Robot Indoors
[0or1]

Figure 8: A linear value function approximation for a task with dependent inputs. The weights are not

shown here because this value function is impossible to repess with a linear neural network.



For this example a set of possible state valueddamer no fire alarm and robot not indoors:
value = 0.0; no fire alarm and robot indoors: vatuk O; fire alarm and robot not indoors:
value = 1.0; fire alarm and robot indoors: valu@.6. There is no way to represent this value
function linearly. Nevertheless, it is essential to use a lineartioation of sensory inputs

to assure convergence. What we need is an intéateestate representation that combines
sensory inputs into a set of more complex featuregure 9 shows this visually. Note that
only one feature is active at once. This enaldaming updates to be localized in the neural

network to a small set of connections.

No Fire Alarm and
Robot Not Indoors
[0 or1]

No Fire Alarm and
Robot Indoors

[0or1] Value Estimation =

Sum of Weighted Inputs
Fire Alarm and
Robot Not Indoors
[0or1]

Fire Alarm and
Robot Indoors
[0 or1]

Figure 9: Linear function approximation with unique complex features. Only one feature can be active

at once.

If all inputs are discrete values, as in these gtasy we can simply enumerate all possible
combinations of inputs into an exhaustive listedtlires. In some cases we will have
continuous input values (e.g. readings from theretens, accelerometers, cameras, etc.).

These continuous inputs could simply be discretingula finite set of inputs and handled as

! This problem is known as the XOR problem which is isgilole to solve with linear neural networks.



described above. However, this method does ndoixpe benefits of function

approximation (e.g. it does not generalize to unstates).

We can use radial basis functions (RBFs) to appraté continuous state spaces. This
method uses a set of (usually Gaussian-shaped®@<tmapproximate a function in any
number of dimensions. Each RBF is given a positiahe input space. It responds to input
data points based on its Euclidean distance frenpthints. The activation function for

Gaussian RBFs is the following:

wherea is the activation level (between 0 andil} the input data point,is the RBF's

center position, andis the RBF’s “width” (i.e. the distance of onersfard deviation from

the center). The quantity in the numerator ofakpgonent represents the Euclidean distance
from the RBF center to the input data point, whiohld be in a space of any number of
dimensions. The collective effect of an array 8HR is demonstrated in Figure 10. A
single continuous value, even in 1-dimensional spean be represented with an array of
RBFs.

! In biological systems this is similar to populatiomlicm: a given quantity is encoded in the combination of
activation levels from a population of neurons.
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Figure 10: An array of radial basis functions in 2-dinmensional space representing an input data point.
Each RBF here is a separate circle with a diameter proportionab the RBF'’s activation level. (The more

distant RBFs would actually have a near zero diameter.)

When representing a continuous value, only a few&RBear the value are active (similar to
the discrete representation in Figure 9 where glesifeature is active at once). This allows
localized learning which is important for learnwgh function approximation. With other
methods, changing a single parameter could affiecéntire approximation.

In the general case we can create an array of RBfEsombines all sensory inputs into a
single, massive state representation. Any giventpo this space would represent a unique
combination of sensory inputs, approximated bytaEBBFs in close proximity. Every
RBF in this array is essentially a complex feafiarg. a feature for a car-driving agent could
represent “steering angle = 0.3 deg, velocity = &®shr, 12 liters of fuel left, 58 km to the
next gas station, 103 m following distance fromd¢heahead”). If we had some knowledge
of the task being performed, we could hand-destgituires to fit the task. We may not need
to combineall sensory inputs; we could just combine those ttreahaghly dependent (as
described in the examples above), in which cage theuld be separate RBF arrays. Since
we are designing a general purpose system, thistian option: we must combine all
sensory inputs. The main drawback of this appraatiat the runtime performance suffers.
Computing the RBF state representation grows sl@xponentially with the number of

inputs being combined because the total numbeBé#fsRs equal t&", wherek is a constant,



andn is the number of inputs. It might help to staitwthe exhaustive representation and
later remove those RBFs representing input comibinsithat rarely get uséd

Figure 11 shows our agent design with an additiomadule that processes sensory input
data into a more effective RBF state representatibalso makes explicit the use of TD
errors to train the value function and policy.

Reinforcement Learning Agent

State Policy
Representation D (t\i::;l:rt‘)

L1 P O

Observation
(time t)

0000
Y

Value Estimated

Function ) Value
D L]

Reward
(time t)

Compute
L] ) TD Error <

Figure 11: An agent that processes incoming observationstinan internal state representation which
provides more informative features. This agent uses linearaural networks to represent the value
function and policy. The prediction error has been replaced wit a more specific "TD error” signal

which trains the neural networks.

! This may be what occurs in biological brain: we starttit many more connections than we need, and we

lose connections that rarely get used.



Efficient Learning from a Few Trials

Ideally, a reinforcement learning agent shouldlile & learn its value function and policy
from very few trials. For this to be possible, #yent must efficiently use any knowledge

acquired through direct interaction with its enwinoent.

The idea here has roots in dynamic programmingréhmgorcement learning method that
assumes a complete model of the environment, imdustate transitions and reward
receipt). With an internal model of the externatieonment, the agent can test different
actions against the model and learn from the erpeatitcomes without having to interact

with the real world. This process goes by manyewrncluding “planning,” “imagining,”
and “using simulated experiences.” All of thegen® convey the same intriguing idea: that

an agent can perform simulated scenarios withiméstal model of the environment.

Of course a general purpose agent will have n@irkibhowledge of its environment. It must
learn the model through experience. Grzeszczukzopeulos, & Hinton (1998) trained
neural networks to predict the motion of physidajeats. By replacing traditional dynamics
simulation with a trained neural network, they wabd¢e to reduce the computational
requirements necessary for animating digital cltara@and objects. The underlying concept
is interesting because it shows that it is posgiblearn predictive models of continuous

physical environments.

Figure 12 shows a diagram of a new component waddag to the agent design. This
“predictive model” takes a state and action astimma outputs a state and reward. Based on
the input state and proposed action, it tries &aljgt the next state and reward signal. The
actual next state and reward are used to generedecppon errors which train the predictors.

It also outputs an uncertainty value concernin@iiggictions. The uncertainty estimator

tries to predict the combined mean squared errtrebbservation and reward predictors; it

is then trained using the actual mean squared.error
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Figure 12: A predictive model that predicts the next observatiomnd reward based on the current
observation and action. This model trains itself by amputing prediction errors between the actual and

predicted values. This also maintains an uncertainty estiate for its own predictions.

We now have an agent design with two main companémé existing reinforcement
learning component and the predictive model. bubtef taking observations and rewards
directly from the environment as usual, the reioéonent learning component now gets this
information from the predictive model. The valuadtion and policy performance are thus

entirely dependent upon the accuracy of the priedichodel.

This agent has two modes of operation: model lagrmode and planning mode. Model

learning, shown in Figure 13, trains the predictivedel only. The predictive model



constantly tries to predict the current observatind reward based on the previous
observation and action. Its performance is imptddwe computing prediction errors from the

actual current observation and reward.

Agent in Model Learning Mode
Action t=t+1
(time t-1) <
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Figure 13: An agent learning an internal predictive model. t this mode the agent only trains the

predictive model, not the reinforcement learning component.

Planning mode, shown in Figure 14, trains the cgogment learning component using the
predicted information. Essentially, the predictmedel can replace the actual environment
for the purpose of reinforcement learning. Thievas the agent to think through long
sequences of hypothetical interactions with theldyamproving its value function and

policy from simulated experience. Entire “planningjectories” proceed by continually
feeding actions back into the predictive modele Thcertainty estimation is used to
determine the length of these sequences: whentairdgrabout the predictions rises above a
certain threshold, the agent stops planning: tlsene point in planning when uncertainty is

too high.



Agent in Planning Mode
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Figure 14: An agent in planning mode. Here, the agent isdining its reinforcement learning component
by using the predictive model’s predictions. This can iterately step through long planning trajectories
in the agent's "imagined" environment. Note that this pocess occurs without any interaction with the

actual environment. Planning sequences end when the predant uncertainty is too high.

Interestingly, we now have three components legraimd interacting concurrently: the value
function, the policy, and the predictive model.ck@art’s performance indirectly depends

on the others.

There is one more issue to consider before fingsbur discussion on predictive models. We
cannot assume that the agent will learn an accaratiel just by going about its usual
business. We must provide an intrinsic drivingcéothat makes the agemantto improve

its model. This is the issue of curiosity. A cws$ agent is motivated to seek new situations
and improve its predictions about the world.

One fairly simple model of curiosity is describ@dSingh, Barto, & Chentanez (2005). In
this model the agents are given rewards for eneoungt novel states, which can be
implemented assuming “novel states” means “poorehpredictions.” When the model



prediction errors are high, we simply give the agesmall reward proportional to the
prediction errors. Over time the rewards will d=se as the predictions improve (i.e. the
agent gets bored). This model is interesting feaninformation theory standpoint: since
information is proportional to uncertainty, the aggiss drawn to situations containing high

amounts of information.

We can add a curiosity reward component to our aggegiving it an extra reward
proportional to the predictive model’s uncertaiagtimation. When the agent is planning,
and it comes across a hypothetical situation wigh kincertainty, it will receive a curiosity
reward, driving it to explore that situation in tteal environment. Figure 15 shows an

updated diagram with curiosity rewards.
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Figure 15: A "curious" planning agent. This agent is gien small "curiosity rewards" for encountering
novel situations (as determined by prediction uncertaintyyvhich drive the agent to explore unfamiliar
states.

Schmidhuber recently proposed a more advanced nobdetiosity (Schmidhuber, 2005)
that fixes a problem with simple models like the @escribed above. The problem can be



illustrated with the following example: if a rob@hcounters a television showing a static
signal, it will stare at the screen forever. Taedom sensory inputs are constantly new, so it
will keep receiving curiosity rewards. In Schmitheu's model, curiosity rewards are
proportional to the decrease in prediction errddst only must an agent experience a new
situation, it must improve its predictions aboudtthituation over time to receive the reward.
Thus, the agent will only be rewarded in situatitret actually contain predictable
information (i.e. it is rewarding to learn). Inghhesis we use the simpler curiosity model

only. Future work will test the benefits of Schimidber's method.

Since the curiosity reward system operates usiegdme mechanism as other rewards, the
agent will learn to seek out these curiosity rewgust as it seeks out normal external
rewards. This will help keep the agent’s modelaipd even in changing environments. It
will be intrinsically driven to improve its prediohs about the world, so it should learn to
explore periodically those situations that chargerost. In summary, curiosity can be

viewed an internal drive whose purpose is to imprihe predictive model's accuracy.

Summary

In this chapter we have described some of the mygmirtant challenges and tradeoffs that
need to be addressed when designing a generabnegnient learner. The following list

summarizes these issues:

Agents must be able to solve the temporal credigament problem to be able to
reinforce the appropriate actions. We can soligelf learning: 1) a value function
that estimates the value of each state, and 2)i@y/bat chooses the best action to
perform at each state. Both of these are traisetyuemporal difference learning.
Agents must be able to solve the structural ciestgnment problem. They should
know which specific structural parts (namely, rédcealue estimations and actions)
should be eligible for modification. Exponentiatlgcaying eligibility traces are an

effective solution.



Agents should find an appropriate balance betwegploiing previous knowledge
and taking exploratory actions. The softmax acselection method handles this by
maintaining a probability distribution of actiorsgelect in each state.

Agents should be able to operate within environsenth large amounts of sensory
input. Rather than maintaining a table of everggilae input combination, we can
use function approximation with radial basis fuoos to generate a more compact
state representation that generalizes to unsetas st@ihis also lets us represent the
value function and policy as a linear combinatibthe sensory inputs, which is
necessary for temporal difference learning converge

Agents should use knowledge gained from direct egpee efficiently. By learning
an internal predictive model about the environmaggnts can “simulate reality” by
imagining various situations. This allows themnprove their value functions and
policies without having to interact with the enviroent repeatedly. Furthermore,
agents with intrinsic curiosity rewards will bed¥n to improve their predictive

models.

Before we introduce the software implementatiothefideas discussed in this chapter, we

will talk about some correlations with biologicabins. The next chapter reveals some of

the interesting connections already hypothesizégden biology and machine learning,

especially concerning temporal difference learning.



3 Biological Inspiration

Neuroscientific research is an important sourcegight for researchers developing
intelligent agents. One of the most compellingsogs to study biological brains is that they
are the greatest proof-of-concept that intelligemcteially works. An additional benefit of
taking this path is that we can design and testpeaational models which then help

contribute to our general understanding of therbrai

The rest of this chapter reviews neuroscientifseegch using live animals and
computational models to study the brain. The fdear® is on those aspects that may help in

our quest to design general purpose agents.

Reward Prediction

Since our main concern is reinforcement learning start by looking at how the brain
processes rewards. The main result here is teahitibrain dopamine neurons appear to

encode a signal similar to the temporal differeecer.

First of all, from a biological standpoint, whataseward? Cannon & Bseikri (2004) classify
rewards into: 1) those that are hedonic experierares 2) those sensory cues that have an
associated incentive value. The association iegoay 2 must béearnedsince most sensory
cues are initially neutral. Relating these ideasamputational reinforcement learning
algorithms, these two categories seem to corresfmdulect external rewards and states

with high estimated value.

Much of the work done by Wolfram Schultz (Suri &tz, 1998; Schultz, 2000; Schultz &
Dickinson, 2000; Fiorillo, Tobler, & Schultz, 2008¢als with reward processing in animals.
Schultz measured the response of midbrain dopangneons in monkeys as they learned to
predict rewards. At first dopamine is releaseq aviten the reward is received. However,
given some reward-predicting stimulus (say, a thelt sounds 1 second before the reward

onset), over time the dopamine neurons resporttetoetward-predicting stimulus rather than



the reward itself. If the reward is then omittdde dopamine activity drops below baseline at
the time of the predicted reward. These resuistiiking because they closely match the
process of temporal difference learning. In Susé&hultz (1998) the authors also note that
the actor-critic model resembles the structurdneftiasal ganglia: the nigrostriatal dopamine

neurons correspond to the critic, and the striatomesponds to the actor.

For rewards to affect future behavior, they must foe detected and predicted (Schultz,
2000). Dopamine neurons in certain brain areaf ding the substantia nigra, are sensitive
to rewarding sensory events. An interesting fa¢that these rewarding events are sensed
through the same sensory modalities as all othresosg events (i.e. there are no special
“reward sensors”). An association is learned thaps sensory inputs to rewards, enabling
the prediction of future rewards. The learning maitthis association depends on the “reward
prediction error.” A reward occurrence must beasmg for learning to happen; if reward
occurrences always match predicted rewards, notkilegrned. It is noted again here that
this dopamine prediction error signal strongly nekkes the temporal difference learning

algorithm.

Various reward systems in the brain encode sigetdsed to rewards. These signals are an
essential part of goal-directed behavior througii-and-error learning. Schultz &

Dickinson (2000) give a good overview of how brdeern through prediction errors. This
kind of learning allows individuals to “adapt teetpredictive and causal structure of the
environment” (p. 474). Prediction-based learnind behavior can take place over large
time scales; events that occur now may affect hehavthe distant future. The generation
and use of prediction errors “may contribute togbHE-organization of goal-directed
behavior” (p. 495). Notably, attention is propontal to prediction errors. If an event is
surprising, it elicits more attention from an inidival. During exploratory learning, these
surprising events guide individuals to spend mone focused on those situations where

their predictions are inaccurate.



Schultz & Dickinson (2000) also describe severalrbstructures that encode prediction
errors related to rewards, punishment, externawij and behavioral reactions. Dopamine
neurons respond to two types of events: attentidaging and reward-related stimuli.
Norepinephrine neurons respond to reward-predidimguli (i.e. the events signaling that a
reward is imminent), but not to primary rewarddiisisuggests that brains are able to form
chains of reward-predicting stimuli that eventuddigd to primary rewards. Climbing fibers,
stretching from the inferior olive to Purkinje neuns in the cerebellum, output error-driven
teaching signals. This activity constitutes a pteh error in motor performance. Neurons
located in the intermediate layer of superior callus respond to the difference between
current and future eye positions. Active neuronthe striatum respond to reward
unpredictability, encoding a measure of uncertaaftgut the valuation of a particular state.
A distinction is made between the function of twpds of reward systems: those that output
global signals to large neuron populations andetbat influence very select groups. Each
type of system might use a different learning madma to respond to these signals.

The general conclusion of Schultz & Dickinson (2D@that predictions are a fundamental
brain function. The two main purposes of preditgiare 1) to bridge the temporal gap
between event occurrence and future consequeneegifiing advance information that
informs individuals about the future), and 2) hetpto evaluate outcomes by comparing the

actual state with the predicted state (e.g. to anpipredictions by learning from errors).

Although there is much evidence that the neurotréitsr dopamine is used as a reward
signal in the brain (Schultz, 2000), there is rettg strong consensus. The focus of Cannon
& Bseikri (2004) was to question whether dopamsadtually required for hedonic rewards
to be processed in the brain. Dopamine-deficianemwere tested to perform reward-related
behaviors. Even in the absence of dopamine, tbe mere still able to distinguish between
rewarded and unrewarded behaviors, though not hssvaormal mice. This appears to
oppose the idea of dopamine as a reward signalveMer, the authors suggest that the

dopamine-deficient mice may still have had redunetivation or physical or mental ability



to obtain the reward. The conclusion was thattlestill no strong evidence against
dopamine being used as a reward signal.

Dopamine neurons that encode reward predictiomemay simultaneously encode a degree
of uncertainty about predicted rewards (Fiorillopler, and Schultz, 2003). The reward
prediction error would then measure the discrepémtyween the actual reward occurrence
and the predictegdrobability of reward occurrence. The measure of uncertasntyaximal
when the predicted probability of reward occurreisd@.5 and minimal when this probability
is 0.0 or 1.0. The dopamine neurons encode theedexf uncertainty in their sustained
activity; the peak sustained activity occurs attthee of potential reward which is the
moment of greatest uncertainty. The reward prdipaliself is encoded in the neurons’
phasic activity. It is suggested that attentioprigportional to uncertainty — we pay more
attention to uncertain events. Uncertainty miglgrereinforce risk-taking behavior to elicit

exploration.

Suri & Schultz (1998) present results from a corapabhal model (specifically, temporal
difference learning) of dopamine neurons that easadward prediction errors. They
simulate a neural network in an actor-critic aretiitire that learns to map a sequence of
stimuli to appropriate actions. A sequence of &rabters is presented to a neural network.
The task was to map correctly each input charactarspecific output character (i.e. map
each state to a specific action). A reward isik@tkonly after giving correct outputs for all

7 inputs. Each state is represented as a temg@gaknce of input signals. The neural net is
trained by starting from the last character ingbegquence and working backwards so that the
task becomes increasingly more diffi¢ulEligibility traces are used to extend synaptic
modifications beyond the current activation. Thadel quickly learns the entire sequence
using the temporal difference reinforcement sigin&hen the actions are reinforced by the
external reward alone (i.e. without learning a ediunction), performance quickly degrades.

! Experimental results from the same task are given lateisithigsis.



They suggest that after conditioning, reward-pr@acstimuli essentially become rewards

themselves.

It has been mentioned by several authors that beamrd signals are very similar to modern
computational learning models (Schultz, 2000; Mgo& Hyman, & Cohen, 2004). In
Montague, Hyman, & Cohen (2004), the authors compacent findings on dopamine
function with computational theories of reinforcerhiarning. One underlying idea is that
behavioral control is inseparable from the valuati objects and circumstances. (In other
words, value functions are necessary for behaviSpgcifically, the midbrain dopamine
neurons are thought to be a key component in liegténcode reward signals. The way in
which we humans assign values to different situagtis determined by these dopamine
systems. Most notable is the statement that thgatational theory of reinforcement
learning “has informed both the design and integti@en of experiments that probe how the
dopamine system influences sequences of choices ataulit rewards” (p. 760). In terms of
neuroscientific research, reinforcement learnirgatas a framework for connecting the

effects of specific neuromodulatory systems to bigta

Sensory Prediction

It seems necessary that biological brains be algbpeedict sensory information. Given a set
of sensory inputs, the brain can predict what tbddwvill be like after some time. This
ability enables the imagining/planning featured tha discussed in the previous chapter.

We now look at models of how the brain predictssseyinformation.

Sensory prediction entails calculating the discnegabetween actual and predicted sensory
inputs. Rao & Ballard (1999) discussed the idepreflictive coding where unexpected
sensory information is passed to higher levelseatery processing. This paper presents a
model of the visual cortex based on sensory priedictThe model is arranged hierarchically
with higher levels passing predicted inputs to Iolggels and the lower levels sending
prediction errors to higher levels. The predictarrors are computed from the difference

between predicted and actual inputs. These ettierstrain the prediction-generating



components in the higher levels. The authorshsenodel to simulate several extra-
classical receptive-field effects like end-stoppfoglls that have maximal responses to

oriented bars of certain lengths).

Predictive coding models like that of Rao and Bdllare very efficient at transmitting
information. Only the unexpected events travelhghierarchy. This is ideal from an

information theory standpoint since only uncer@nents contain information.

Another example of sensory prediction is describdélanagan, Vetter, Johansson, &
Wolpert (2003). This study gives evidence thai®ean to predict the outcome of our
actions before we learn to control the outcomdfitsehe two parts of motor control being
studied were prediction (i.e. mapping motor comnsaindexpected sensory inputs, a forward
model) and control (i.e. mapping desired outcorndgldé motor commands required to
produce those outcomes, an inverse moddlest subjects were asked to move an object
along a straight line while the object was beirfg@ed by an unpredictable force. The test
subjects’ grip force on the object represented threidiction of its motion, while their hand
trajectories represented their control of the abjdde results showed that subjects learned
to predict (forward model) 7.5 times faster thagytkearned to control (inverse model).

Conclusions

There are already intriguing connections betweeamaseience and machine intelligence
research. In particular, midbrain dopamine neactvity closely resembles the temporal
difference prediction error signal. The establgstiesories of reinforcement learning provide
computational models for further brain researche Brain itself provides inspiration for
new machine learning algorithms. Hopefully theserections will become stronger in the

future and lead to a fuller understanding of imgelhce in general.

! More details about these different models can be fouddritan (1996).



The idea that reward processing in humans can derstood as a temporal difference
learning process has several interesting implioatid=irst, it could help to explain drug
abuse behavior from a computational standpoinerdis evidence that dopamine neurons
encode rewards that differ from a baseline leVishowerful addicting drugs set the baseline
reward level incredibly high, all situations thatrmally provide some level of satisfaction
fall well below baseline. Thus, the only interegtsituations are those that lead to more drug
intake. Second, it may be possible to tap intdoitaén’s reward processing centers to create
extremely adaptive user interfaces for computingads. For example, imagine a personal
computer augmented with biofeedback device meagthie user’'s dopamine neuron firing
rates (noninvasively, ideally). The computer wolsddve its own reinforcement learning
agent whose rewards are proportional to the usepamine level. This would allow the
computer to optimize the interface automatically ithe most satisfying permutation for the
user. Finally, it may seem almost too mechantstithink of the complex human mind as a
machine greedily planning its actions to acquireemewards. However, this view seems
less extreme if we take a broader view of rewandsgeineral. We might include any of the
following: food, sex, drugs, money, feeling lovéekling respected, completing a difficult
task, learning interesting information, feelinge&letc. These various sources of rewards
might converge onto a single processing centeldiyig something similar to the scalar
reward value described in the previous chaptercohclusion, it seems reasonable that the
brain is trying to maximize reward intake by modhfy its behavior with a temporal

difference learning mechanism.

! For most of these it is hard to say if the situaiioa hard-wired, direct reward (like food) or if itadearned

association (like money) that merely implies direct rewards.



4 Implementation

Now we will compile many of the ideas from chafdnto a concrete software
implementation. The goal here is to provide afixattool for use in real applications. Its
main intended users are roboticists and game deeeddhat need an out-of-the-box solution
for their learning tasks. This tool is distribui@sla free, Open Source software library,
which provides several benefits: 1) the “free” aspeill help the software circulate faster
and gain more exposure, and 2) the Open Sourcetsmpables users to study the
implementation details, gaining practical insighttmw reinforcement learning and

curiosity-driven planning work. The current implentation is available online (Verve

http://verve-agents.sourceforge yneAlso included in the library distribution is anray of
test applications (including the ones used in adrapiof this thesis) that validate the library’s

usefulness and provide example source code.

Verve is a cross-platform, object-oriented libramytten in C++. It is built as a shared

library (i.e. a “.dllI” file in Windows, or a “.sofile in UNIX). It is organized as a set of
classes, the main one being the Agent class. alpiaisers create an AgentDescriptor
object, which describes the general structure digent, and set its various parameters (e.g.
number of sensors, number of actions, sensor tase/uvhether planning is enabled, etc.).
Then they create an Agent object from the AgentDetsr. Another way to create an Agent

is by loading a saved Agent from an XML file.

Saving and loading Agents to and from XML files ydes several benefits. Potentially long
training sessions (lasting several days) can bedsat/regular intervals to protect against
power failures. Also, once an Agent has reach@elsarable level of proficiency (i.e. has
finished its training phase), it can be storedpi@ctical use. In this case it can be helpful to
disable learning once training is complete. Thes computational resources because the
entire learning system is ignored (only the polgysed), and it enables more repeatable

behavior.



To increase immediate usability, all free paransetese default values that were found
experimentally to be useful in a variety of leaghtasks. Adjusting some parameters
manually may improve learning performance (e.g.eoifrthe experiments in this thesis use
very high policy learning rates), but this effecore noticeable on simpler tasks that do not

require much exploration.

The following is a current list of the library’s foafeatures:

Agents learn to solve reinforcement learning tasag temporal difference learning
with eligibility traces in an actor-critic architiece.

Agents use a dynamically-growing radial basis fiorcstate representation. This
combines sensory inputs into higher-level featares allows generalization to
unseen inputs. The state representation growswigally, allocating resources for
new states as they are experienced.

Agents use a softmax action selection scheme whaihtains separate selection
probabilities for each action.

The library can be used for discrete environmentstoreal-time control in
continuous environments. It is ideal for games iambtics.

Agents can use any number of sensory inputs amhactSensors can be discrete
(e.g. battery power is low, medium, or high) orthamous (e.g. a distance value
returned by a laser rangefinder). Continuous gsrsave a "resolution” setting
which determines their acuity.

Agents learn a predictive model of their environtseghrough experience. This
increases their learning performance by allowirentho learn from simulated
experiences (i.e. planning).

An internal uncertainty estimation automaticallyetenines the length of planning
sequences. (If uncertainty is too high, there'paiat in continuing planning.)
Agents use a model of curiosity which drives themextplore new situations. This

helps them to improve their predictive models.



Once an agent learns a task proficiently (i.esfigs its training phase), learning can
be disabled to save computational resources.

Agents can be saved to and loaded from XML files.

The distribution includes Python bindings (geneatatéth SWIG).

The library is unit tested.

The source code is heavily commented.

The distribution includes the ability to output walfunction data to a text file for
visualization. It also includes a separate appboao generate PNG image files

from value function data for agents with either onéwo sensors.

There are several limitations in the current immatation (which will be addressed in future

work, as described at the end of this thesis). folewing is a list of the major limitations:

Computational space and time requirements growrexquitally with the number of
inputs. This is mainly due to the state represemtahat combines all inputs into a
higher level representation.

Agents learn to select from a finite number of @tsi, but they do not learn
continuous control signals. The action set mugiredefined by the user. Future
implementations will autonomously learn continuacon signals instead of simply
acting as a switching system.

Agents have no temporal state representation,esodéinnot predict future events at

specific times.

Most of the features of this library are designeddlve the problems introduced in chapter
2. The general architecture is same as the orelamd in that chapter. More specifically:
the value function and policy are stored as sepatatia structures (i.e. an actor-critic
architecture) approximated with linear neural neksand are trained through temporal
difference learning; the state representation tesial basis functions to combine sensory
inputs; actions are chosen using a roulette selestheme; the predictive model uses linear
neural networks trained with a delta rule; andagent gets curiosity rewards to help it



improve its predictive model. Agents use disceetd continuous sensors. Discrete sensors
take an index representing one of several distialkttes, and continuous sensors take any

value between -1 and 1.

One interesting detail is that a few free paransesee specified as time constants. This
stems from the fact that Agents are updated intne&! (i.e. each update step takes a time
delta that specifies how much time has elapsec shme previous update). The usual way of
setting a neural network learning rate parameterexample, is by using a constant value
that affects how far each weight is adjugped update A learning rate of 0.1 attempts to
reduce the overall error by 10% per update. Howesrece each update in our case
represents a certain amount of real time, we waatlter let users set how much error is
reducedper second Time constants let us specify how long it tafieseconds) for errors to
be reduced by 63%. For example, a learning rate tionstant of 0.1 s attempts to reduce
errors to 37% of their initial values after 0.Xegardless of size of the Agent update time
delta.

The rest of this chapter covers more specific imigetation details. For more information,

the (heavily commented) source code is availaloimfthe Verve website.

Linear Neural Networks

The neural networks used in Verve are quite simplach one is linear, so there are no
“hidden” layers of neurons. Every neuron’s acimaf(i.e. firing rate, i.e. output) is
computed from its weighted input sum. The follogvegguation shows how this input sum is
computed:

i= WX

t t

wherei is the neuron’s current weighted input sumjs a vector of the current input
connection weights, ank is a vector of the current input activation. Treairon’s

activation value is then computed from this inpunsusing an activation function. Almost



all neural networks in Verve use the linear actorafunctionf(x) = x wherex is the neuron’s
input sum. Only the policy neural network diffed$s neurons use a sigmoid “squashing”
function which constrains the activation to be withh and 1. The following is the typical

sigmoid activation function which is being usedeher

1

f(x)=1+e

The final activation of each neuron is the follogin
I
ye=f( wx)

wherey is the neuron’s current activation, afnd either the linear or sigmoid activation

function.

Temporal Difference Learning

The value function and policy are both representéld linear neural networks. The activity
of the input neurons (in the state representatimmyes from 0 to 1. The value function uses
a single neuron to represent the estimated valés neuron has unbounded activity
because the value estimation should not be boun@led.policy uses a separate neuron for
each action. The activation of each policy neudmtermined by its input connection
weights and the current state, represents itsrasgtection probability. On each update, a
roulette selection scheme chooses the next acéisacbon these probabilities. The chosen
neuron has its activation set to 1, and the ressarto @ We initialize the value function’s
and the policy's weights to small values near zdittis makes the initial value estimation of
each state close to zero, and it ensures thatagdicin has an equal selection probability

initially.

! This is known as a “winner-take-all” method.



We now describe the various update rules in defsslwe described in chapter 2, the TD

error, , is computed as follows:
t=re+ V(s) -MUs)

We then use the TD error to update the connectmighvs in the value function and policy

neural networks:
W Wt &

where is the learning rate for either the value functiorpolicy (depending on which is
being updated), anglis the current eligibility trace of weight This rule basically performs
gradient descent on the weights using the TD erftye learning rates for the value function
and policy, vaweand poiicy, are specified with time constants as follows:

dt

1_ e L value

| =
value Sun

=kh

h

h

policy value
wheredt is the elapsed time between updasesnis a factor dependent on the RBF
resolution (see the section on the RBF state reptagon), vae is the value function

learning time constant, atkds the policy learning multiplier. This multipli@ffects how

long exploratory behavior lasts during trainingeniRember that the policy neurons use the
monotonic sigmoid activation function. This furmectihas a smoothed step-like curve near
= 0, but it outputs values close to 0 or 1 for nmafdts range. A high policy learning
multiplier can quickly polarize the action selectiorobabilities, usually driving one action’s
probability to 1 and the rest to 0. This can bedbieial once the ideal action is known, but if

it happens too early, it can destroy exploration.

The eligibility traces of the value estimation centions are increased as follows:



if x>, X

wherex is the connection’s input neuron activity. Thisreases the traces of the
connections coming out of the active RBF neuroreking their weights eligible for

modification. The eligibility traces of the polisyconnections are increased as follows:
if xy>@q,& xy

wherex is the input neuron activity, aryds the output neuron activity. This rule makes th
selection probability of the current action neuetigible for modification. All traces are

decreased exponentially according to the following:

We use time constants to specify the discount factand the eligibility trace decay

constant, :

dt
g:e td\sc

dt
/ :e [elig

We limit the external reinforcement signal to béaeen -1 and 1. This is to ensure that
users do not try to use the reward magnitude ecaféarning performance. (Instead, they
should adjust the learning time constants.) Highemard magnitudes can give higher initial
TD errors which polarize the policy's action proitiibs more quickly. With that said, it
appears to be most effective to use the full rewange (e.g. from -1 to 1 instead of just O to
1). This seems to produce faster learning.



RBF State Representation

Each radial basis function in the state represienté a separate neuron with activation
proportional to its Euclidean distance from theuihgata point (as described in chapter 2).
The only extra complication here is that we wisltambine discrete input sensors with
continuous ones. We do this by maintaining a sepa®BF array for each possible discrete
input combination. For example, say we have atrolib a discrete sensor that detects
whether it is daytime or nighttime and several sarmius sensors that detect its orientation in
3D space. The robot’'s agent would create two RBd&ya: one representing orientation
during the day, and one representing orientationgiit. In the special case when there are
only discrete sensors, each possible input combimases a separate RBF neuron. These
“discrete RBF” neurons are handled specially: thaye no center position, and they are
maximally active (i.e. activation = 1) when theytofathe discrete input data (otherwise,

activation = 0).

When an agent is created, for each discrete semsens specify the number of distinct
values that sensor can represent. For continulensoss there is a global “resolution”
parameter that determines how many RBFs span @atimgous input dimension. This
value also determines the “width” (distance of stendard deviation from the center) of
each RBF, which is set to 2 / resolution. The Z2hethe range of each continuous input
which varies from -1 to 1. Every continuous serss an additional Boolean “circular”
parameter that specifies whether the sensor istdege circular input range that can jump
instantly from -1 to 1 (e.g. the angle of a wheel).

Thesumparameter, which is used to scale the temportdrdifice and predictive model
learning rates, represents the maximum possibieagicin sum of all RBFs. Thgumis set
to 1 when only discrete sensors are used becalysemmneuron is active at once. It was
determined experimentally (results not shown) seshould be set to 2% when
continuous sensors are used. The purpose oftlussicale the learning rate automatically
with the RBF resolution. For example, it redudeslearning rate when resolution is high
(implying more connections from the RBFs to theuediunction and policy neurons). The



training errors should have the same overall magdeitbut they must apply smaller changes

to each connection when there are more connections.

Using RBFs for our state representation has mangfiis, but it is also computationally
expensive, requiring a number of RBFs that growmaentially with the number of sensory
inputs. To help ease some of this burden, we bacate RBFs on demand. Whenever a
new observation (containing discrete and continwtaig) arrives, the system uses the
discrete data to locate the correct RBF array.nTihactivates the RBFs using the
continuous data. Each RBF’s activation level &ssified as “no activation” if the data point
is beyond four standard deviations from the ceritew activation” if the data point is
between one and four standard deviations, or “higlvation” if the data point is within one
standard deviation. The low and high activatiorFR®urons are stored in a list (to enable a
more efficient training process that trains onlg trecessary connection weights). If no
RBFs have high activation, we assume that the idpt& point is far away from all existing

RBFs. If this happens, we allocate a new RBF amder it on the data point.

Predictive Model

The predictive model uses several distinct “prexicinodules, as diagrammed in chapter 2.
These include the observation predictor, the reyaedictor, and the uncertainty estimator.
Each of these modules uses a separate linear maivedrk trained with a simple delta rule.
The observation predictor is trained from the eb®iween its predicted next observation and
the actual next observation. Similarly, the rewaredictor is trained from the error between
its predicted next reward and the actual next rdwé&inally, the uncertainty estimator,

which tries to estimate the mean squared errdiebbservation and reward predictions, is
trained from the error between its estimated MS&tae actual MSE. Remember that the
predictive model is only trained in model learnmg@de, not in planning mode. On each
update, the agent enters model learning modeitottra predictive model. Then, it starts a

planning sequence which proceeds until uncertasntyo high.



We will start by describing what happens in moéarhing mode. The delta learning rule,
which is a supervised learning rule, makes senspréglictive model learning because the
actual environment provides real experience thatacd as training examples. It must
function differently from the gradient descent ruked for TD learning. The value function
and policy use a single TD error value that modiaé# eligible parameters, but the predictive
model neural network has multiple error signal® tor each output neuron. The delta

learning rule for linear neural networks is thddaling:

W W +h(dt - yt)f((it)x’[

where is the learning ratel is the desired activation of the output neusois, the actual
activation of the output neurofi,is the first derivative of the output neuron’sigation
function,i is the output neuron’s weighted input sum, &mglthe input neuron’s activation.
Since we are using linear activation functionsdiboutput neurons in the predictive model,

the learning rule becomes the following:

W, = W +hpred(dt - yt)xt

pred IS the predictive model’s learning rate. Thigthéag rate is specified with a time

constant:

wheredt is the elapsed time between updasesnis a factor dependent on the RBF
resolution (see the section on the RBF state reptagon), andpcqis the predictive model’s

learning time constant.



Now we describe details pertaining to planning modé'planning step” refers to the
complete cycle of selecting an action, using tletiba and the current observation to predict
the next observation and reward, and training ¢ivd@rcement learning component with the
predicted next observation and reward. Each ptenphase consists of a variable-length
sequence of planning steps. These sequences e@awszl as trajectories that start from the
current actual state and following the agent’sgyothrough imaginary space. This
“trajectory sampling” method is conceptually sim@ed it focuses learning on the states

actually experienced

The predictive model maintains an internal estinediiés uncertainty about any given
prediction. The uncertainty here is the mean sguiarror in the observation and reward
predictions. The purpose of this system is to tiedpagent automatically determine the
length of its planning sequences. A particulanpiag sequence will proceed until either 1)
the estimated uncertainty at any given step irsdggience exceeds some threshold, or 2) the
maximum planning sequence length is exceeded.rattmale behind this mechanism is
that there is no sense in continuing a plan ifapent is too uncertain about the outcome. In
the future it might be interesting to useaamtumulateduncertainty value during planning
sequences. Instead of ending a planning sequemee tlie current uncertainty exceeds a
threshold, the sequence would end when an accusduleicertainty value exceeds the
threshold.

The predictive model has two free parameters tifi@ttgplanning: the maximum number of
steps to take during a planning sequence, and éxemam amount of estimated uncertainty
to tolerate before ending a planning sequence. usbecan set each of these parameters

when creating a new Agent.

! Other methods include random sampling from the entire sptce (which is impractical for large state space)
and prioritized sweeping (which is currently only practfoaldiscrete state spaces). See Sutton & Barto (1998)

for more details on these methods.



The last implementation detail here concerns cityio#\s described in chapter 2, curiosity
drives agents to explore novel parts of the siadee. It focuses exploratory behavior on the
states likely to yield the most information. Cuwity is implemented using the same
uncertainty estimations as before. We provideatient with curiosity rewards at each
planning step proportional to the estimated unadstdor the most recent prediction. The
total reward received by the agent is the sumeusual external reward (which is actually a
predicted quantity) and these intrinsic curiosgwards. Since we use the same reward
processing mechanism as usual, this drives thet ég@ards uncertain states. Over time the
agent reduces its uncertainty about these stésesjniosity rewards diminish, causing it to
become "bored" and search for other rewards. Wehaak of the learning process for a
curious agent as a boundary of uncertainty conliynspreading out with curiosity rewards

around the edge.

Code Sample

This section shows source code for a generic Agaiming application. The purpose of this

is to give a tangible example of how Verve Agemtsused in practice.

/I Define an AgentDescriptor.

verve::AgentDescriptor agentDesc;

agentDesc.addDiscreteSensor(4); // 4 possible valu es.
agentDesc.addContinuousSensor();
agentDesc.addContinuousSensor();
agentDesc.setContinuousSensorResolution(10);
agentDesc.setNumOutputs(3); // 3 actions.

/I Create the Agent and an Observation initialized
/I to fit this Agent.

verve::Agent agent(agentDesc);
verve::Observation obs;

obs.init(agent);

/I Set the initial state of the world.
initEnvironment();

/I Loop forever (or until some desired learning
/I performance is achieved).




while (1)
{

verve:real dt = 0.1;

/I Update the Observation based on the current

/I state of the world. Each sensor is

Il accessed via an index.

obs.setDiscreteValue(0, computeDiscretelnput());
obs.setContinuousValue(0, computeContinuousinputO( ));
obs.setContinuousValue(1, computeContinuousinputl( ));

verve::real reward = computeReward();

/l Update the Agent.
unsigned int action = agent.update(reward, obs, dt );

/I Apply the chosen action to the environment.
switch(action)
{
case O:
performAction0();
break;
case 1:
performActionl();
break;
case 2:
performAction2();
break;
default:
break;

}

/I Simulate the environment ahead by 'dt' seconds.
updateEnvironment(dt);

Sometimes the intent of the application is to temnAgent to achieve a certain level of
proficiency for some task, and then use the trafgehnt in some other application. To

accomplish this, the user can simply disable legrmihen training is complete.




Summary

The implementation described in this chapter reprissthe initial version of an ongoing
project. Future versions will add more advancexduiees that aim to remove the current
limitations. Also, testing the Verve agents inaaigty of real applications will help reveal its

strengths and weaknesses and drive further developm

Now that we have a software implementation of @erd design, we can test it in a set of
experiments. The next chapter will describe samt&l results that test the main features in

a variety of learning tasks.



5 Experiments

This chapter provides a set of initial experimengasults. The purpose of these experiments
is to validate Verve’s effectiveness in a varietyasks and to demonstrate some of the

tradeoffs involved in practice.

We start by testing agents in simple discrete envirents with the reinforcement learning
component only (no planning). Then we look at physically simulated control tasks,
again with the reinforcement learning componenyome then show results for planning

agents and for planning agents with curiosity.

Discrete Environment Tasks

The tasks in this section test agents in fairlypdendiscrete environments using only the
reinforcement learning component. Many of the $askolve 1-dimensional or 2-
dimensional discrete grid worlds. We should expeaitning performance to be much slower
in the 2-dimensional environments simply becauseetiare more states to explore.
Although the environments here have discrete stHtessdoes not prevent us from using
continuous sensors. We will perform some of tis&gan this section twice: once using
discrete sensors, and once using continuous senthis will enable a comparison between
the value functions and learning performance withliypes of sensors. Unless noted
otherwise, all experiments in this section useganaupdate step size of 0.1 s ang,ge Of
0.1s.

10-Armed Bandit

The 10-armed bandit task is a fairly standard ceaggment learning problem. Alluding to a
“one-armed bandit” (i.e. a slot machine), a 10-atandit (a specific case of the more
general n-armed bandit) is a hypothetical machiitle %0 levers. Pulling each lever
produces a different amount of reward. There sdadly a single state. From that state, the
agent must learn to choose the single best adtmrp(lling the lever with the biggest

average payoff). In this experiment each levermmreward value is initially set randomly



using a Gaussian distribution with mean 0 and nagal. When each lever is pulled, it
returns a random reward from a Gaussian distribuiging its mean reward value and

variance 1.
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Figure 16: Learning performance on the 10-armed bandit taskising the following parameters: policy

learning multiplier = 100, gsc = 0.3 s, number of runs averaged = 2000.

The results of this experiment are shown aboveagarg 16. Through exploration over time
the agent learns to increase the probability obshtg the action that yields the highest long-
term reward sum.

Sequential Action Learning

This test is adapted from Suri & Schultz (1998heTnajor difference here is that we do not
use a temporal stimulus representation. The aggmesented with an input signal and is
expected to output a corresponding action sighahe correct action is selected, the next
input signal is presented. Reinforcement is t@r@very step except when the agent
correctly chooses the final action in the sequeimcahich case the reinforcement is 1.
Training proceeds in reverse order, starting fromlast input/output pair in the sequence
and working backwards. The agent is trained oh et&p of the sequence for 100 trials.
Over time this training scheme allows the agerassign value to the earliest reward-
predicting stimulus in the sequence. For moreildethout the task, see Suri & Schultz
(1998).
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Figure 17: Learning performance on the sequential actions &k using the following parameters: policy

learning multiplier = 1000, ¢jig = 0.2, gisc= 5.0 S, number of runs averaged = 200.

The results here, shown in Figure 17, are verylaim those in Suri & Schultz (1998). The
agent learns to perform the correct actions 100&ectly after about 30 trials. The learning
curve for each new block of 100 trials is rouglg 8ame, even though the final block (trials
600-700) requires the agent to perform 7 actiomgecty before receiving a reward. The

only way this can be accomplished is by learnirggdbrrect value and action for each state

prior to the reward.

1D Hot Plate

The 1D "hot plate" task involves a robot in a 1-eimsional world with 20 distinct positions.
The center of the world (the hot plate) is pairitulthe robot and gives a -1 reward on each
step, but the extreme edges are safe zones tlaagaward of 1. It has a single sensor that
detects its position in the world and has thremast(move left, move right, or do nothing).
The robot must learn to move to one the edgesiaklgas possible. As soon as the agent
reaches one of the edges, the trial is ended.offehce is measured as the number of steps
taken before reaching the goal (one of the edgegjure 18 plots the learning performance

when using discrete and continuous sensors.
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Figure 18: Learning performance on the 1D hot plate taskising the following parameters: policy
learning multiplier = 10, position input discretization (discrete inputs plot only) = 20, continuous sensor

resolution (continuous inputs plot only) = 10, numbeof runs averaged = 300.

Figure 19 shows a sequence of learned value furectbserved at various points during

training. The value functions at the end of tB@lare nearly optimal.
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Figure 19: Learned value functions observed at the end of tH", 5", 10", and 30" trials of the 1D hot
plate task, tested with discrete and continuous sensor$his agent used the same parameters as in the 1D

hot plate learning performance plot.

1D Signaled Hot Plate

This task is identical to the normal 1D hot platecept that there is only one safe zone.
Furthermore, this safe zone is chosen randomlgdch trial; it could be either on the left or
right side. An input signal informs the robot ohiah side the safe zone is located. The
agent has two sensors, including the discrete eeloaation signal sensor and its position
sensor, and it has the same three actions as tir@ahdD hot plate. The robot must learn to
use this signal to get to the goal as quickly asiiibe. Figure 20 and Figure 21 show the

resulting learning performance and value functions.
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Figure 20: Learning performance on the 1D signaled hot pta task using the following parameters:
policy learning multiplier = 10, signal input discretizaton = 2, position input discretization (discrete
inputs plot only) = 20, continuous sensor resolutiorcontinuous inputs plot only) = 25, number of runs

averaged = 500.

Figure 21: Learned value functions observed at the end of tf&¢, 5" 10", and 80" trials of the 1D
signaled hot plate task, tested with discrete and contious sensors. The two rows in each value function
image correspond to the two signal states (one signalingeward on the left, one signaling a reward on

the right). This agent used the same parameters as in the Eigynaled hot plate learning performance

plot.

2D Hot Plate

The 2D hot plate task is similar to the 1D hot @latsk. This time the robot lives in a square
2D world. All four edges of this world are safenes. The agent has two sensors that detect
the robot's x and y position. It has five actiomsve left, right, up, down, or do nothing.

Figure 22 and Figure 23 show the learning perfogaand value functions.
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Figure 22: Learning performance on the 2D hot plate task sing the following parameters: policy
learning multiplier = 10, position input discretization (for discrete inputs plot only) = 20, continuous

sensor resolution (for continuous inputs plot only) =@, number of runs averaged = 300.
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Figure 23: Learned value functions observed at the end of tf&¢, 10", 50", and 304" trials of the 2D hot

plate task, tested with discrete and continuous sensor$his agent used the same parameters as in the 2D

hot plate learning performance plot.

To gain an understanding of how the dynamic RBé&caliion system works, we can

visualize the RBF positions during learning on 2iiehot plate task. Figure 24 shows RBF



positions from an agent using a full (non-dynanR&F representation. The RBFs are

equally spaced along each dimension.

N NN
NI

0900000000,
000000000,

DCICCICICICLC)
%)OOOOOOOO
4
q

DCICCCICICLC)
90000000
DX
DX

nnnnnnnnn

Figure 24: RBF positions from an agent using a full RB state representation on the 2D hot plate task.

The circle diameters here are meaningless; the actual RBFs overlap thakighbors significantly.

Figure 25 shows results from adding RBFs dynamjicalls the agent explores different
parts of the state space, it adds new RBFs. Eabytall of the states that are actually

experienced (in this case, the whole 2D grid) geeced with RBFs.
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Figure 25: RBF positions observed at the end of thé"510", 53", and 30d trials of the 2D hot plate task
from an agent using a dynamically allocated RBF state represtation. The circle diameters here are

meaningless; the actual RBFs overlap their neighbors sigiantly.

2D Signaled Hot Plate

The 2D signaled hot plate task is a combinatiotheflD signaled hot plate and the 2D hot
plate. The robot lives in a square 2D world witsiragle safe zone at one of the edges. The
safe zone is moved randomly at the start of eagh tA signal indicates where the safe zone
is located. The agent’s inputs are the robot'sdyaposition and discrete the reward

location signal (which could be one of four podgibs). There are five outputs: move left,



right, up, down, or do nothing.

The learning pearfance on this task is shown in Figure 26.

Value function images are not shown here becawselitecome more difficult to visualize

when the state space is more
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Figure 26: Learning performance on the 2D signaled hot pta task using the following parameters:

policy learning multiplier = 10, signal input discretizaton = 4, position input discretization (discrete

inputs plot only) = 20, continuous sensor resolutiorcontinuous inputs plot only) = 25, number of runs

2D Maze #1

averaged = 300.

This task tests an agent in a simple 2D maze emvient (see Figure 27). There is a single

start state and goal state which are always iisdin@e locations. The agent receives -1

reward everywhere except the goal state wheredives a reward of 1. It can sense the

robot’s x and y position, and it

can move lefthtigup, down, or do nothing. This is

essentially the same as the hot plate tasks e’tafhe goal is in a single location, and the

grid contains wall barriers. Figure 28 shows therd’s learning performance.
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Figure 27: The layout of the environment in the 2D maz#1 task.

200

Discrete Inputs

Continuous Inputs
150 =

100

Steps to Goal

50

0 100 200 300 400 500

Trial

Figure 28: Learning performance on the 2D maze #1 task ugj the following parameters: policy learning
multiplier = 1, position input discretization (for discrete inputs plot only) = 10, continuous sensor

resolution (for continuous inputs plot only) = 15, nunber of runs averaged = 50.

Figure 29 shows the agent’s learned value functidndoth the discrete and continuous

cases it is easy to see the structure of the nespe¢ially the wall barrier) in the final value

function images.
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Figure 29: Learned value functions observed at the end of t12%, 5", 13", and 108" trials of the 2D maze
#1 task, tested with discrete and continuous sensors. Tflowing parameters were used: policy
learning multiplier = 1, position input discretization (for the discrete inputs images on the top) = 10,

continuous sensor resolution (for the continuous inputsnages on the bottom) = 15.

2D Maze #2

This is another maze task with a more difficultday(see Figure 30). The main idea we
wish to demonstrate here is the tradeoff betwegh &nd low policy learning rates. Using a
high policy learning rate changes the action siegirobabilities faster which removes
exploratory behavior early. This could be goodhad depending on the difficulty of the

task.
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Figure 30: The layout of the environment in the 2D maz#2 task.

We test an agent in the maze with a high policynieg rate and again with a low policy
learning rate. Figure 31 shows the resulting liegrperformance plot using a high policy
learning rate. A good solution is found earlied &xploratory behavior is removed faster,
leading to better learning performance for thi&tas
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Figure 31: Learning performance on the 2D maze #2 task wita high policy learning rate. The the
following parameters were used: policy learning multiplier =5, position input discretization (for discrete
inputs plot only) = 10, continuous sensor resolutiorfdr continuous inputs plot only) = 15, number of

runs averaged = 50.



Figure 32 show the learning performance when uailgyver policy learning rate. Here, the

agent uses exploratory actions longer, resultirgjawer learning performance on this task.
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Figure 32: Learning performance on the 2D maze #2 task wita low policy learning rate. The the
following parameters were used: policy learning multiplier =0.5, position input discretization (for
discrete inputs plot only) = 10, continuous sensor resolatn (for continuous inputs plot only) = 15,

number of runs average = 50.

Figure 33 compares the value functions of both &gainthe same trial, displaying a more

accurate value function when the agent is alloweekplore longer.

Figure 33: Value functions from the 108 trial of the 2D maze #2 task using discrete sensors. Theage
on the left is from an agent with a high policy learningnultiplier (5). The image on the right is from an
agent with a low policy learning multiplier (0.5). Leaned value functions are more accurate when the

agent is allowed to explore longer.



Physical Control Tasks

We now cover results from two physical control gsill using only the reinforcement
learning component without planning. The agents neust learn to apply appropriate
forces in order to control physically simulatedteyss. The core physics simulation

software used here is Open Dynamics Engine (@@&E//www.ode.oryy To simplify the

process of constructing physically simulated envinents, the author helped develop the

Open Physics Abstraction Layer (OPAttp://opal.sourceforge.net OPAL wraps ODE

with a high-level interface and provides developeith intuitive objects (e.g. solids, joints,
motors, and sensors) and XML serialization. Alijlothe experiments in this section use
very minimal physical environments, OPAL and ODE powerful enough to manage

complex worlds with expansive terrains, ground aimdrehicles, legged robots, etc.

All experiments here were simulated with gravitytse9.81 m/& One of the more
important parameters that must be set when ruraigysics simulation is the duration of
each simulation step (i.e. the simulation step)siddis should always be smaller than the
Verve agent update step size. This is becausagiat will expect the environment to have
changed before each update. If the physics stepagre larger than the agent’s step size,
the agent would choose an action, and its nextreagen would be identical to the previous

one.

Pendulum Swing-Up

The pendulum swing-up task is one of the classntrobproblems used to test learning
systems. The problem is that of getting a fre@hnging pendulum to hold itself upright and
stay balanced (see Figure 34). The agent recaiveward of 1 when the pendulum is within
45 deg of vertical; otherwise, it receives a rewalrel. It has two continuous input sensors:
the pendulum angle, and the pendulum angular uglodli has three actions: apply a
constant torque in one direction, apply a congtangfue in the other direction, or do nothing.
The pendulum is underactuated, so the agent mast te swing it back and forth to build
momentum in order to reach the top. It must sfg@yang force at just the right time (or

apply an opposing force before reaching the top\tmd overshooting the goal. Each trial
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lasts 20 s. At the start of each new trial, thedodum is given a random angle and angular
velocity. This helps the agent experience morihefstate space faster.

Figure 34: A physically simulated pendulum suspendedimidair.

Figure 35 shows the agent’s learning performancehempendulum swing-up task. It reaches
nearly optimal performance in about 60 trials.
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Figure 35: Learning performance on the pendulum swing-updsk using the following parameters:
physics step size = 0.01 s, agent step size = 0.1 sdpkm mass = 1.0 kg, pendulum length = 1.0 m, ODE
solver = "quickstep" (with 20 iterations per step), pendlum angle range = +/- 180 deg, pendulum
angular velocity range = +/- 500 deg/s, pendulum torquange = +/- 2 N-m, continuous sensor resolution

=16, vaue 0.01 s, policy learning multiplier = 2, number of runsaveraged = 10.
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Figure 36 shows the (rather interesting) value tions learned over the course of a single
run. Note that the agent’s continuous sensotiempendulum angle is circular because the
angle can jump directly from -180 to 180 and vieesa. This means that the value function
images would be more realistic if we wrapped theauad a cylinder to join the ends of the

input range.

RL/S /.

Figure 36: Learned value functions observed at the end of tHg", 5", 20", and 100" trials of the

pendulum swing-up task. The horizontal axis in each iege is the pendulum's angle (i.e. the angle
between the pendulum and vertical), whose range is +/- 18@gland wraps directly from -180 to 180. The
vertical axis is the pendulum's angular velocity in deg/g/hich ranges from -500 to 500 deg/s. This agent

used the same parameters as in the pendulum learning performee plot.

Finally, Figure 37 shows the value function andgyheural networks before and after
learning. The connection weights display distispable patterns that correspond to the
actual state space. The center region of the cbieneveights contains mainly positive
connections leading to the value function neurndicating a high value estimation for those

states.
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Figure 37: A visual representation of the pendulum agent'seural networks before (left) and after (right)
learning. The neurons on the left side of each image aredlstate representation. The neurons on the top
right represent the policy's three actions. The neuron on theditom right represents the value function.
Green connections are excitatory (positive); red connectiorege inhibitory (negative). Thicker
connections have a larger weight magnitude.

Cart-Pole/Inverted Pendulum

This task, known as the cart-pole task or the i®gependulum task, is another classic
learning problem. The problem is that of learrimdpalance a pole attached to a cart by
applying forces to the cart alone (see Figure 3Bhe cart position is beyond one end of the
track, or if the pole falls beyond some threshaidle, the agent is given a -1 reward;
otherwise, it is given a reward of 1 on every stihas four continuous input sensors: the
cart position, the cart velocity, the pole angle] ¢he pole angular velocity. It has three
actions: apply a constant force to the left lgbplst a constant force to the right, or do
nothing. A common goal for this task is to achievealancing time of 30 min (1800 s).
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Figure 38: A physically simulated cart with an attachedole situated on a platform.

Figure 39 shows the learning performance of a sitygical run. Once the important parts
of the state space have been fully explored, fslltecome very sparse, leading to a roughly

exponential increase in learning performance.
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Figure 39: Typical learning performance for a single run of the art-pole task using the following
parameters: physics step size = 0.01 s, agent step sif&G5 s, cart mass = 1.0 kg, pole mass = 0.1 kg, pole
length = 1.0 m, coefficient of (static and kinetic) frictiorbetween cart and ground = 0, ODE solver =
"quickstep" (with 20 iterations per step), cart x positionrange = +/- 2.4 m, cart x velocity range = +/- 2.4
m/s, pole angle range = +/- 12 deg, pole angular velocignge = +/- 100 deg/s, cart force range = +/- 10 N,

continuous sensor resolution = 8,4, = 0.001 s, policy learning multiplier = 50.



Planning

We can see the effect of planning by testing agemts 2D maze task with and without
planning. Here we reuse the 2D maze #2 from befdre expected result is that the agents
with planning will learn significantly faster thanose without planning, even though the
planning agents will do no reinforcement learnimgluheir predictive models are accurate
enough to attempt planning sequences. Figure @@ssthe resulting learning performance

from this experiment. The learning performancedgnitely faster with planning enabled.
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Figure 40: Comparison of learning performance on the 2D nee #2 task with and without planning
enabled. This was performed with discrete inputs only. fle following parameters were used: g = 0.0
s, policy learning multiplier = 1, position input discrefization = 10, maximum planning sequence length =

100, number of runs averaged = 50.

Figure 41 shows the actual mean squared errobgreation and reward predictions,
averaged over every step for each trial. Fortdsk it does not take long for the average

MSE to approach zero.
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Figure 41: The predictive model's mean squared error for each tal of the 2D maze #2 task, averaged

over every time step. This was performed with discrete infis only. The following parameters were

used: peq= 0.0 s, policy learning multiplier = 1, position init discretization = 10, maximum planning
sequence length = 100, number of runs averaged = 50.

Figure 42 shows the number of planning steps tékeeach planning sequence. It appears
that the average planning sequence length is riesieps for this task.
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Figure 42: The average number of planning steps taken per timgtep for each trial of the 2D maze #2
task. This was performed with discrete inputs only. Théollowing parameters were used: peq= 0.0 S,
policy learning multiplier = 1, position input discretization = 10, maximum planning sequence length =

100, number of runs averaged = 50.



Planning with Curiosity

Now we demonstrate the usefulness of curiositydaygpming a simple task in a new 2D
grid environment (shown in Figure 43). The envinemt contains two rewards, one larger
than the other. The smaller reward is closer écaifpent's initial position. The two reward
positions and the agent’s initial position are ajs/the same. Performance is measured by
summing the rewards received at each time steph &l lasted exactly 100 time steps.
The intended result is that normal planning ageitgquickly find the small reward but not
spend enough time exploring to find the larger melval he curious agents, on the other

hand, should be more likely to find the larger redhvand attain a larger reward sum.

Figure 43: A 2D grid environment used to test curiosity. Thenain features are the agent's initial

position, a small reward (0.1), and a large reward (1.0)All empty locations yield a reward of -1.0.

Figure 44 compares the learning performance ofrtgnagents with and without curiosity.

The curious agents definitely achieve a higher revgam.



Figure 44: Learning performance on the 2D grid curiosity tak with and without curiosity enabled. This
was performed with discrete inputs only. The followingparameters were used: peq= 0.0 S, policy
learning multiplier = 0.1, position input discretization =10, maximum planning sequence length = 50,

number of runs averaged = 30.

Figure 45 compares the agents’ value functionse Adn-curious agent considers the area
near the small reward more valueable because ndtasxplored far enough to find the large

reward. The curious agent’s value function is monire beneficial for acquiring a larger

reward sum.

Figure 45: Value functions from the 80th trial of the 2D gid curiosity task using discrete sensors. The
left and right images are from an agent with planning alae and an agent with planning and curiosity,
respectively. The agent starts each trial near the upper left coer. Curious agents were able to find a

much larger reward farther from the starting point.



Discussion

In this section we review some of the major resutimn this chapter. We discuss some of

the tradeoffs involved and a few hypotheses.

The discrete environment tasks without planningegexpected results. In each case more
inputs always yielded longer learning times becaigbe extra time required to explore the
state space. The number of trials required toeaehnear optimal performance seemed to
scale linearly with the number of states in théesspace. If this is indeed true, we can
conclude that the reinforcement learning compoaéote is not sufficient to solve tasks with

much larger state spaces in a practical amounine. t

On all four hot plate tasks the agents with cordursisensors performed as well or better

than those with discrete sensors. This may beuseche RBFs provide the advantage of
generalization. Agents with continuous sensorsaaly have an approximate idea of what
nearby values will be, whereas agents with dis@etesors must learn each state value from
scratch. However, the agents with continuousasrdid significantly worse on the 2D

maze tasks. This could be because it is morecditfto approximate the maze value

functions with RBFs. It might help to increase gdomtinuous sensor resolution, thus
providing more RBFs for approximation. Practicaeaking, for the discrete environment
tasks the situation is somewhat artificial whemgsiontinuous sensors because we are using

RBFs to approximate discontinuous states.

The physical control tasks gave promising resultise agents were able to solve each
problem in a reasonable number of trials even withpdanning enabled. An obvious next

step would be to attempt these tasks with planning.

The results on the 2D maze #2 task showed theteff@hanging the policy learning rate.
High value policy learning rates quickly polaritetaction selection probabilities, leading to
a greedy selection scheme. This can sometimesdxklgecause it can yield near-optimal
learning performance. However, it also greatlyidishes exploration. This is probably



only beneficial on simple tasks. More difficulsks would likely produce more unreliable
the results (the agent might find a good greedytsgwi soon early; otherwise, it might never
find a good solution since it loses exploratoryatt so quickly). Figure 31, Figure 32, and
Figure 33 show the effects of this tradeoff. Téarhing performance is much better with a
high policy learning rate, but the state spaceargly explored (i.e. the learned value function

iS not very accurate).

The results with planning showed that it is indbedeficial. The effect might be even more
pronounced for more complex tasks, especially thiosecannot be solved easily without it.
It is interesting that the average number of plagrsteps per planning sequence never
approached the maximum length of 100. Since thdigtive model’'s mean squared error
quickly approaches zero, why would the agent eagehio end a planning sequence early?
It is probable that the agent never explores (@wtnhas a drive to explore) much of the
state space. The predictive model's MSE staysdiozero because the agent ignores the
unexplored states during actual interactions. pklhning trajectories end as soon as they
reach the unexplored territory, with an averaggedttary length around 25 in this case. If we
performed this same experiment with curiosity eedpthe agent would be driven to explore
the whole state space, so we would expect the g@erajectory length to be higher.

One tradeoff is related to the planning uncertaihtgshold. A higher threshold means that
the agent is willing to perform longer planningéciories through uncertain territory. Using
a lower threshold forces the agent to wait urgilpitedictive model is more accurate for a
given state before attempting to plan at that statefining planning trajectories to familiar
territory. Another tradeoff concerns the maximuamber of planning steps allowed. Short
planning sequences are naturally less computaljoegbensive, but they might yield slower
learning performance. Longer planning sequenceyiedd better learning performance at
first, but they can waste time by planning throstites that are already well-known.

It seems that once the predictive model is faidguaate (yielding long planning trajectories),

a lot of time is wasted planning in states thatadready predictable. This leads us to one of



the more interesting avenues of future research.c@ld design an agent that encapsulates
well-learned action sequences of into higher-lewvetlules (i.e. “motor programs”). This

idea is discussed in more detail in the next chiapte

Adding curiosity rewards slowed learning progrdgghdly, but it yielded a superior final
result. This was due to the agent exploring méitse@nvironment and finding a better
reward. The intrinsic drive to experience newestdbrced the agent to improve its
predictive model which was then used to train thleie function and policy. A tradeoff with
curiosity concerns how much the curiosity rewangssealed compared to actual external
rewards. The issue is similar to that of adjus@rploration by scaling the policy learning
rate. In the case of the policy we are simple std)g the amount of randomness that is
allowed to affect action selection. In the casewfosity, we are adjusting the agent’s drive
to seek new situations. With curiosity rewards gven possible for agents to make long-
term plans to find interesting situations. We dosay that curiosity is a more advanced form

of exploration than simple randomness in the acEaction.

One last tradeoff concerns efficient use of comyanal resources. (This is purely
hypothetical at this point, but it should be easyest.) Is it more efficient to allow planning
(resulting in fewer, more computationally intensivials) or to disable planning and let the
agent learn directly from the environment (resgltim many trials that can be processed
faster)? It would probably be better to disabknping only in simple environments where it
is cheaper to process the environment than it gdoess the agent’s mental model of the
environment. Another factor is whether the agemointrolling a simulated body or an actual
physical robot. For an actual robot it would bedfecial to use planning because it can be

dangerous and expensive to perform trials in taéwerld.



6 Conclusions

This thesis began by discussing the key issuegdvesion designing general purpose
reinforcement learning agents. The result of diésussion was an agent design that
combines temporal difference learning, a radialdfasction state representation, planning
from a learned predictive model, uncertainty estioms to determine the length of planning
sequences, and curiosity rewards proportional tedainty. Several neuroscientific
research papers were then reviewed that provideemions between theoretical
reinforcement learning and biological brains. Afteat we introduced the Open Source
library Verve, a C++ implementation of the agendigeed here. Finally, we demonstrated
results from several experiments that tested lasiforcement learning, planning, and
curiosity. From these initial results, we can dade that: 1) the agent implementation
effectively solved all of the problems presentédplanning does indeed improve learning

performance, and 3) curiosity can help the ageptawe its predictive model.

This chapter briefly reviews the main contributiaighis thesis. It then discusses several

intriguing avenues of future work that could impeahe agent design.

Contributions

In summary, the main contributions of this theses a

a general purpose agent design that combines taigtifierence learning, radial
basis functions, planning, uncertainty, and cutyosi
a discussion of correlations between theoretigafaecement learning and reward

processing in biological brains
a concrete Open Source implementation of the adgsign

experimental results showing learning performancteseveral tasks



It is hoped that these contributions will help sioteeinforcement learning research to new

audiences and add value to the field in general.

Future Work

So far we have described and implemented an agdntnvany powerful features. However,
there are still several ways in which our agentgfess limited. These include the lack of
precise temporal predictions, limited scalabilidyldrge state and action spaces, and the
inability to learn continuous motor signals frormagch. This section outlines future work to
be done, starting with a list of experiments angshing with ideas for more advanced agent

designs.

Experiments

An immediate next step is to attempt more diffide#irning tasks to test the current agent’s
limits. In the discrete environment category them still many options available. We could
try more difficult 2D mazes, predator/prey simwat, card games, board games, etc. The
current implementation is limited when it comeghysical control tasks, the main reason
being that it simply selects actions but cannoegate its own continuous control signals.
Once this problem is alleviated (as described bglax could test the agents on more
complex simulated robotics problems, like makirgglked robots walk or training a robotic

arm to throw a ball.

It would be especially interesting to setup opedeghlearning situations where agents
explore using curiosity rewards alone. Inspirgdingh, Barto, & Chentanez (2005), we
could put a physically simulated robot in a “playgnd” environment with several
interesting objects and observe it playing. Anottlea is a sort of interactive dog training
application where users may reward an agent fothamy they wish. They would focus the

learning process by giving small rewards alongpih to the intended behavior

! The idea of applying such “shaping rewards” in generdideinteractively or algorithmically) could be

detrimental if the rewards inadvertently lead the agentartzally optimal solution.



One final experiment idea is to train an agenteidgyrm robot behaviors in simulation, and
then transfer the experienced agent to a real roblois process is described in detail in Nolfi
& Floreano (2000). It appears to work very well@asg as realistic sensor and actuator noise

is included in the simulation.

Temporal State Representation

The current agents have no temporal state repegantso they cannot predict future events
at specific times. For example, imagine one ofapents in the following classical
conditioning situation. A bell rings consisten#ys before a reward. If the bell rings, and the
agent remains in the same physical state for thezhs, it will not be able to predict when

the reward will occur. Its predictions are deperdgon changing observations from the
external environment. What we need is an augmerdrdept of a “state” that includes not
only the current observation, but an observaticm secific time relative to the present.

Thus, a “state” is no longer solely dependent ugxdernal events.

This new state representation could be implementddmore RBFs. In this case, each time
step in the recent past needs a separate copg sfate representation being used here, i.e.
we would have a “time t” state representation,jmétt - 10 ms” state representation, a “time
t — 20 ms” state representation, etc. Input sgyeahply move from one RBF array to the
next at each step like a scrolling margquehis new system would work naturally with the

existing implementation.

Hierarchical Structures

In general, organizing states and policies hielieatly would help scale the learning process
to larger state and action spaces. It would atlmevagent to focus resources on higher levels
of abstraction without wasting time on well-learrdetails. This section discusses ideas for

implementing hierarchical policies that are learfredh atomic behaviors. Many of the

! This idea is very similar to the coincidence detectors imtiktory system that localize sounds based on

interaural time differences.



ideas here (especially the definition of a “motoygram”) stem from the theory of “options”
(Sutton, Precup, & Singh, 1999).

Let us expand our definition of a policy into a nemnstruct called a “motor program.” A
motor program is a mapping from a state to an actiad it has an initial state that triggers it
and a goal state that stops it. We could constmacarchies of these motor programs. A
high level policy proceeds by sequentially exeaits child policies. Thus, high level
policies are temporally longer than low level onés.the very bottom of the policy

hierarchy is a set of inborn, hard-coded, atomltaveors.

This system would enhance exploration by allowirtg iact on many levels. Exploratory
actions at high levels (e.g. performing a graspelavior), composed of many low-level
actions (e.g. individual finger muscle movementg)uld be necessary to solve high level
tasks. For an agent to solve the task of graspingmpty can with a robotic arm and
dropping it into a recycle bin, it would have tqéxe using actions at the level of grasping

and releasing, not at the level of individual finggovements.

Planning would also be much more effective in saitierarchical system. Instead of
performing a planning trajectory through every I@wvel action in a sequence, the agent
could treat a high level motor program as a sipig@ning step. For example, instead of
planning through every step of a grasping sequeéheegagent would treat “grasp” as a
distinct action. This would vastly improve theiei#ncy of the planning system. Say we
have an agent that is allowed to take 20 planniegssper update. At first it would spend all
20 steps focused on low-level behavior. Oncesitrle several motor programs, however, it

could spend each planning step on a high level npytmgram.

How would agents learn new motor programs fromtsbfa First we must imagine an agent
that has learned an accurate model of its envirahm®nce the agent can perform long
sequences with low uncertainty, it becomes poistlesepeatedly cycle through the same

sequences. Instead, such a well-learned sequkaaklde encapsulated into a motor



program. The extent of this “well-learned” sequeemould be defined as the start and end of
a series of steps observed to give repeatablesestdr time (e.g. utilizing the usual
uncertainty estimations). The predictive modellddhen skip over the low-level actions
when planning and simply jump from the start statthe end state. The process of motor
program learning might continually work on the heghlevel of programs yet constructed,
occasionally refining lower-level programs. It vidunainly focus on the levels of the
hierarchy where unexpected events otc(@when something unexpected happens, the agent

might need to destroy certain parts of the hienagsid relearn them.)

A hierarchy of motor programs might require a hielngcal state representation. Instead of
having all sensory inputs converge onto a singl& RBay, we could use a hierarchy of RBF
arrays. The higher levels combine low level eletmém represent more abstract concepts.
At the very lowest level are the inborn, hard-codedsors that gather information directly
from the environment. Each of these arrays mightdnnected to every array in the level
below and the level above. However, this is prbpabt necessary. In many natural
sensory systems (e.g. vision), the lower partd@tierarchy (i.e. V1) do not need to connect
to the lowest levels of other sensory systems {eegsomatosensory cortex). Only at the
higher levels should the various major sensorytimgerarchies be combined into a single
hierarchy. Still, how do we know which sensory input hiet@ies to combine at which
levels? We could start with all the higher levieldy connected and gradually remove

connections that never get used.

Learning Continuous Motor Outputs

In this thesis we have simplified our discussiomaitor outputs by focusing only on action
selection. We have assumed that there alreadisexeet of actions from which to choose.
This is the standard approach in most reinforcensamhing work. To make reinforcement

! The idea of focusing on certain levels of the hierarchy seermorrespond to a model of attention.
2 The issue of combining various sensory inputs aafeesive, high-level concepts is called the “binding

problem.”



learning agents more general (especially for playsiontrol tasks), we need to let the agent
learn these actions from scratch and choose froongrthem later.

To accomplish this we simply use the idea of hdrmal policies from the previous section.
At the lowest level is a set of atomic polidi¢isat must be hand-designed. These could
include things like PD/PID controllers, time-depentloscillatory signals, etc. The agent
would start by exploring the effects of these piivei policies, eventually building more

complex control signals from various combinations.

L1t is likely that the lowest-level atomic actions in vertebsanight be encoded in the spinal cord.
Furthermore, these “actions” might actually be feedback loopséffaadjust without any higher commands

from the brain.
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