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ABSTRACT

Neural networks, reinforcement learning systems and evailnary algorithms
are widely used to solve problems in real-world robotics. Wavestigate
learning and adaptation capabilities of agents and show théhe learning time
required in continual learning is shorter than that of learing from scratch
under various learning conditions. We argue that agents ug] appropriate
hybridization of learning and evolutionary algorithms shw better learning
and adaptation capability as compared to agents using learny algorithms
only. We support our argument with experiments, where agesiearn optimal
policies in an arti cial robot world.
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1. INTRODUCTION

1.1 Background

When an infant learns how to go and how to stand, it has no exgit teacher,
but it does have a direct sensori-motor connection to its emenment. From
this connection, the infant receives a wealth of informatio about cause and
e ect, about consequences of actions, and about what to do iorder to
achieve goals. This interaction is a major source of knowlgel about our
environment and ourselves. Learning from interaction is aihdamental idea
underlying nearly all theories of learning and intelligere [14]. It is used
by agents at the individual level. In this work, we investigée agents using
learning from interaction. This type of learning is di erert from supervised
learning, which is learning from examples provided by a kndedgeable ex-
ternal supervisor. Supervised learning is an important typ of learning but
alone it is not adequate for learning from interaction. Morever, it is usually
impractical to obtain examples of desired behavior that arboth correct and
representative of all the situations in which the agent hasot act and learn
[10].

At the population level, it is clear that parents have inheried the infants
the ability to learn and survive. This inherited ability is developed through
evolution. A generation of an organism can only survive or otinue to live
if the population adapts itself to various situations in theenvironment. This
shows that the learning and adaptation capabilities of agésis also a ected
by evolution.

An individual or a population of individuals learn and adaptto a situation
in an environment either from scratch, that is without havirg any knowledge
about the situation, or continually depending on the initid knowledge about
the situation. At individual level, adaptation refers to the maximization of
the satisfaction of the individual in its life time for di er ent situations in the
environment. At population level, adaptation refers to thesurvival of the
individual. In other words, it is the ability of the individu al to have o spring
under new situation.

Natural evolution implies that organisms adapt to their enironment.
Evolution works over many generations, covering much longeeriods than
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those of lifetime learning [8]. How could an individual learto use its eyes if
it hadn't been equipped with eyes through evolution? An orgasm without
any organ of sight might not be able to react to visual stimulibut it could
be the ancestor of a species with eye-like organs. Therefoesolution can
be considered as a process of meta-learning on a generatidaegel. Only
evolutionary adaptations and innovations enable organissnto \optimally"
react to environmental conditions. This involves an impresve potential for
creativity and innovation.

Reinforcement learning [5] is one form of learning from intaction. It is
learning what to do, how to map situations to actions so as to aximize a
numerical reward signal. The learner is not told which acties to take, but
instead must discover by itself which actions yield the moseward by trying
them [14]. Like the infant, an agent using reinforcement leaing learns and
adapts itself through interaction with the environment. In this report, we
use Q-learning [1], which is one form of reinforcement leang, to investigate
the learning and adaptation of agents at individual level.

Evolutionary algorithms are, on the other hand, avors of tre well known
machine learning method called beam search where the machilearning
evaluation metric for the beam is called the " tness functia" and the beam
of the machine learning is referred to as the "population” [2 Like other ma-
chine learning systems, evolutionary algorithms have opaprs that regulate
the size, contents and ordering of the beam (population). Wase genetic al-
gorithms (GA), which are one form of evolutionary algorithns, to investigate
the learning and adaptation of agents at population level.

In this work, we try to answer the following important questons:

1. Is the learning time required by agents shorter in contiral learning in
comparison to learning from scratch at both individual and ppulation
levels, and under various learning conditions?

2. Is it possible to improve the learning and adaptation cagality of
agents by hybridizing learning and evolutionary algorithrs?

We will use agents using Q-learning, hybrid of multi-layer erceptron
(MLP) and genetic algorithm, hybrid of recurrent neural neworks and ge-
netic algorithms and hybrid of Q-learning and genetic algadhm respectively
in answering the above questions. The agents live and opezah an arti cial
robot world.
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1.2 The Robot World (Test Scenario)

A deterministic world of denumerable states is used as a testenario to
investigate the learning and adaption capability of an ageén The agent is
assumed to be a point robot with simpli ed motor actions:left, forward
and right [5]. All actions can be tried in all states. The robot world ad
its state of transitions as a function of the present state ahaction taken,
are shown in gure 1.1. The arrows in the cells show the oriesion of the
point robot when the robot nds itself in these states.

The task of the agent is to reach a given goal state through thghortest
path. For reinforcement learning agents, a reward functiogiven any current
state, next state and action,s;, Si+1 and a, is given by equation (1.1).

8
R =5 1 ?f St+1 = goal state : (1.2)
o1 if St+1 = St

The negative numerical reward in equation (1.1) discouragegents attempt-
ing an action against the world boundary. This action does nahange the
state of the environment. For genetic algorithm, a tness faction given by
equation (1.2) is used.

f(n= " 1.2)

The quantity f represents the tness value of an individual, is a constant
laying in the interval [0; 1), and n is the number of steps taken by the point
robot from a given start state to a given goal state. Equatiofl.2) encourages
those individuals that go from the start state to the goal stée through a
shortest path. Figure 1.2 shows a tness function for = 0:8. The dynamics
of the robot world, which is described by the state transitins table and the
reward function, is not known to the agents a priori.

The robot world is a very highly simpli ed scenario of a real®bot world.
First, it is impossible to think a dimensionless robot or comletely distin-
guishable states. Second, it is not possible to throw the dals of low level
control and deal with only simpli ed motor actions. Even thaugh these as-
sumptions are unrealistic, we base our experiments on artial robot world
due to the following justi able reasons:

1. The experiments have to be carried out for a large number tifnes
for di erent conditions of learning and adaptation experinents. This
requires a lot of time and energy to execute all the experimisnon real
robot until one gets agents with satisfactory behaviors.
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() (b)

(©)

(d)

Fig. 1.1: A two-dimensional robot world (a) The robot world. The point
robot must nd the shortest path from any start state to the gaal
state. (b) The state transitions table that governs the motn of
the point robot. (c) The state ow diagram of the state transk
tions table. The letters at the sides of the transition linesndicate
the robot's motor actionsF, R and L, which stand for forward
right andleft motor actions, respectively. (d) The interpreta-
tion of the robot world. The robot world consists of four pogions.
In each of these positions, the robot can take one of the fouri-o
entations. A robot in state O or a robot in position | with orien-
tation north will bump against the world boundary if it execues a
forward action. In this case, the state of the robot world will not
change. If it executes aight action, then it changes its orientation
to east or goes to state 1.
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Fithess value

20

Number of steps taken

Fig. 1.2: The tness function for = 0:8. The tness value of an individual
gets higher as the number of steps taken by the individual get
smaller.

2. There is a danger of coming up with wrong conclusions withxgeri-
ments on real robots. This is because of the fact that noise @wmrror
makes certain parts of the agent's policy to uctuate.

A more e cient and inexpensive method is, therefore, to run he exper-
iments on an arti cial robot world that needs much less expé@mental e ort
and yet to come up with domain free results with respect to oysroblem at
hand. Of course, for other problems the context dependencetbe behavior
of the robots in real-world conditions are fundamental fortteir solution.

1.3 What to Learn?

In this work, the agent learns on-line through interaction Jth the envi-
ronment either the optimal policy for perceived states or tb model of the
environment. A policy de nes the learning agent's way of bedving at a given
time. It is a mapping from perceived states of the environmero actions to
be taken when in those states. The model of the environment $emething
that mimics the property of the environment. Given a state ad an action,
the model of the environment might predict the resultant nek state and
reward.

By optimal policy, we mean a policy that enables the agent togyfrom a
given start state to a given goal state with minimum number ofctions or
steps. With genetic algorithm, the agent learns directly te optimal policy
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without having to learn the model of the environment. In Q-larning, the
agent learns the model of the environment and saves it in a @dtle [5]. It
can generate the optimal policy for perceived states from ¢hQ-table.

1.4 Experimental Setup

The following test cases are selected for all experimentsathare presented in
this report. Each of the cases shows the level of the knowledgf the agent
about what is going to be learned.

Test Case A

In this test case, we assume that the states of the policy thas going to be
learned are completely contained in the previously learneaptimal policy.
For example, one of the optimal policies from start stat& to goal state 15
contains the states7, 4, 5, 13, 12, 15 The sequences of actions that are
contained in the policy aref right, right, forward, left, leftg.

Assuming that the previously learned optimal policy is thispolicy, any
policy with start state ssae 27, 4, 5, 13, 12, 15 and goal statesyy, = 15
can be considered as a test policy, since it is known from Beln optimality
equation [5, 14] that an optimal policy withsg,x 2 f 7, 4, 5, 13, 12, 15
and goal state 15 has its states completely contained in onétbe optimal
policies with start state 7 and goal state 15.

Test Case B

Here it is assumed that the previously learned optimal polcand the policy
which is going to be learned have common states. A policy witstates 3,

0, 1, 5, 4, 7 generated by sequence of actiorfgight, right, forward, left,
left g and a policy with states2, 1, 5, 13, 12, 15generated by actiond left,
forward, forward, left, leftg are good examples of policies having common
statesf 1, 5g.

Test Case C

The previously learned optimal policy and the policy whichs going to be
learned have no common states. Examples of optimal policiekich have no
common states ardl, 5, 13, 9, 8, 11generated by actiond forward, forward,
forward, left, leftg and 15, 7, 3, 0 generated by actiond forward, forward,
rightg.
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For all the experiments in this report, the start and goal steesf 7, 15g, f 3,
11g and f 15, Og are selected for the previously learned optimal policy for
the test case A, B and C, respectively, and the start and goalages f 5, 159,
f7, 15gandfl, 11g are selected for the optimal policy which is going to be
learned for the test case A, B and C, respectively.
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2. INTRODUCTION TO
REINFORCEMENT LEARNING AND
GENETIC ALGORITHM

2.1 Reinforcement Learning

Reinforcement learning is a type of machine learning that ebles machines
and software agents to automatically determine the ideal Ibavior within a
speci ¢ context, in order to maximize their performance. A gneral signal
measuring the quality of an action taken by an agent, calledeward, is fed
back to the learning algorithm. In other words, it is gettingan agent to act
optimally in its environment so as to maximize its rewards.

2.1.1 The Agent-Environment Interface

Reinforcement learning is one form of learning from interéion to achieve a
certain prede ned goal. The learner and decision maker is ltezd the agent.
The thing it interacts with, comprising everything outsidethe agent, is called
the environment. The agent interacts with the environment entinuously by
selecting actions and the environment responds to those axts and presents
the agent with a new situation. The environment also gives se to rewards,
special numerical values that the agent tries to maximize ey time.

Figure 2.1 shows the agent-environment interaction. The cent states,
actions and rewards are represented I3y, a; and r; respectively and the next
states and rewards on the next time step are represented by; and r.; .

The agent and environment interact at each of a sequence odiete time
steps,t = 0;1;2;3; .! At each time stept, the agent perceives a state of
the environment. Depending on the state perceived, the ageexecutes an
action and receives a corresponding reward.

At each time step, the agent tries to build a mapping from the tates
to probabilities of selecting each possible action. This rpping, which is

1 The ideas for the discrete time can be extended to the continaus-time case.



10 2. Introduction to Reinforcement Learning and Genetic Aligam

Fig. 2.1: The agent-environment interaction.

denoted by ¢, is called the agent's policy where (s;a) is the probability
that &y = a and s; = s. In reinforcement learning, the agent's goal is to
maximize the reward it receives in the long run.

2.1.2 Returns

Assume that we have an agent that receives a sequence of relgadenoted
by ris1;ri+2;rie3; , after time stept. The return, Ry, is de ned as some
speci ¢ function of the reward sequence. In reinforcemengdrning the ob-
jective of an agent is to maximize the expected return. In sipiest case, the
return is the sum of the rewards:

Rt = risg + g + g + +ry; (2.1)

whereT is the nal time step. This is suitable for applications in whch there
is a natural notion of nal time step. The agent-environmentinteraction
breaks into subsequences which are called episodes (t)ialBach trial ends
in a special state called the terminal state, followed by a set to a standard
starting state or to a sample from a standard distribution ofstarting states.

In many cases, however, the agent-environment interactiaoes not break
naturally into distinct trials, but goes on continually without limit. For
example, a control process of a robot with a long life span. €ke are called
continuing tasks. For such tasks, the agent tries to maximethe expected
discounted return:

2 * k
Ri=T@ + Feo + g + = M+ k+1 s (2.2)
k=0
where is a parameter, O 1, called the discount rate. It determines
the present value of the future rewards: a reward receivédtime steps in the
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future is worth only * ! times what it would be worth if it were received
immediately. If =0, the agent tries to maximize the immediate rewards:
its objective in this case is to learn how to choos& so as to maximize only
re+1. If  approaches 1, the objective takes future rewards into acagumore

strongly: the agent becomes more farsighted.

2.1.3 Markov Decision Process

In order to de ne the Markov property for a reinforcement leaning prob-
lem, we assume that we have a nite number of states and rewardlues.
The dynamics of an environment can be de ned by specifying ¢hcomplete
probability distribution:

Pfswi = S%rw = rjS;agre S 1,8 1;0t 15 71;So; 80; (2.3)

for all s°r, and all possible values of the past events; a;;ri; ;ri;So; ao.
If the environment's response at + 1 depends only on the state and action
representations att, then the environment's dynamics can be de ned by
specifying only

Pfsui = SGres = ris;ag; (2.4)

for all s®r;s; and a;. We say, a state signal has Markov property and a
Markov state, if and only if equation (2.3) is equal to equatin (2.4) for all
s®r and histories,s;; a;ry;  ;ri;So; ag. A reinforcement learning task that
satis es the Markov property is called a Markov decision proess or MDP. If
the state and action spaces are nite, then it is called niteMarkov decision
process ( nite MDP). A particular nite MDP is de ned by its s tate and
action sets and by the one-step dynamics of the environmentor a given
state and action,s and a, the probability of each possible next states® is

2o= Pfsu = sYs; = s;a = ag: (2.5)
Equation (2.5) shows the state transition probabilities. he expected value
of the next reward given any current state and actions and a together with
any next state, s°, is

3,= Efrpajsi= s;a = a;S41 = SU: (2.6)

The quantities given by equation (2.5) and (2.6) completelgpecify the dy-
namics of a nite MDP. Since the point robot and the environmat have a
nite number of actions and states, all experiments in this eport assume a
nite MDP process [14, 9, 5].
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2.1.4 Value Functions

Most of reinforcement learning algorithms are based on estating value
functions. The functions can be functions of states or funicins of state-
action pairs. They estimate how good it is for an agent to be ia given state
or how good it is to perform a given action in a given state. Th&otion
\how good" is de ned in terms of the expected return. The rewads the
agent expect to receive depend on what actions it will take. Rlat means,
value functions are de ned with respect to particular polies.

The value of a states under a policy , which is de ned by V (s), is the
expected return when starting ins and following thereafter. For MDPs, it
is given as

( )
. R .
V ()= E fRyjsi=sg=E “res1iSt= S (2.7)
k=0

where E is the expected value given that the agent follows policy. V
is usually called the state-value function for policy . The value of taking
action a in state s under a policy , denotedQ (s;a), is the expected return
starting from s, taking action a, and thereafter following policy .

( )
*
Q (s;d=E fRyjss=s;a=ag=E “rekais = S;a = a
k=0
(2.8)
The value functions used in reinforcement learning and dynac program-
ming satisfy particular recursive relationships. For any plicy and state
s, the following consistency condition holds between the v of s and the
value of its possible successor states.

V() =E Lgtiss sg o
= E n k=0 krt+k+1jst =S o
= E Mg+ + ﬁ:o hkrt+ k+2 ) St 3 oi
= a (S; a) s0 PSSO Rgs°+ E ﬁ:o krt+k+2jst+1 = s°
V() = 4 (558 oP&[R&e+ V(S

(2.9)

Similarly, it is possible to write the recursive relationsip for the action-
value function.



2.1. Reinforcement Learning 13

Q (ssa = E fRisi=sia=ag o
= E | ko "fprajs=sia=a .
= E rugyt - ';1rt+k+2jst:s;a¢:a o (2.10)
= P& Rio+ E I%:O krt+ k2)Ste1 = S

s0 PSSO[RSSO-F \ (Scb]:

, Q (s;a)

Equations (2.9) and (2.10) are the Bellman equations fov¥ (s) and
Q (s;a) respectively. Figure 2.2 shows the backup diagrams f&f and
Q . They show the relationship between state value or action \ge of the
current state and state values or action values of its sucses states [5].

(a) (b)
Fig. 2.2: Backup diagrams for (a)V and (b) Q .

2.1.5 Optimal Value Functions

A policy is better than or equal to a policy °if its expected return is
greater than or equal to that of °for all states. In other words, 0
ifand only if V (s) V °(s)and Q (s;a) Q °(s;a) for all states and
state-action pairs. There is at least one policy that is be#ér than or equal to
all other policies. This policy is the optimal policy. Althaugh there may be
more than one optimal policy, we denote all optimal policiesy  since they
share the same optimal state value function, denoted By , and action-value
function, denoted byQ . The optimal state-value function is given by

V (s)=maxV (s); (2.11)
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for all states. Optimal policies share also the same optimalction-value
function, which is given by

Q (s;a =max Q (s;a); (2.12)

for all states and actions. It is possible to write equation§2.11) and (2.12)
in recursive form using equations (2.9) and (2.10) as givery b

X
V (s)=max P& [R%,+ V (9] (2.13)

ssO LF ¥ss0
50

X
Q (58 = P& Rio+ maxQ (s%@) : (2.14)
a

s0

The Bellman optimality equation (2.13) has a unique solutio indepen-
dent of the policy for a nite MDP problem. Actually, the Bell man optimality
equation is a system of equations. If the dynamics of the enehment are
known (RZ, and P&.), then one can use one of the variety of methods of
solving systems of nonlinear equations to solve the systerhemuations.

For V , itis relatively easy to determine an optimal policy. For eeh state
s, there will be one or more actions at which the maximum is atiaed in the
Bellman optimality equation. Any policy that assigns nonzeo probability
only to these actions is an optimal policy. This is similar toa one-step
search. If we have the optimal state value functionV , then the actions
that appear best after a one-step will be optimal actions. Imther words,
any policy that is greedy with respect to the optimal value faction V is an
optimal policy.

Choosing optimal actions forQ is still easier. The agent does not have
to do a one-step-ahead search: for any staseit can simply nd any action
that maximizes Q (s;a). In other words, the agent does not need to know
anything about the environment's dynamics in order to genate an optimal

policy [9].

2.2 Dynamic Programming

If one has a perfect model of the environment as a Markov deois process
(MDP), one uses a collection of algorithms referred to as dgmic program-
ming [14]. We can apply dynamic programming to obtain the opmal value
functions V. and Q , which satisfy the Bellman optimality equations, and
then the optimal policies.
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2.2.1 Policy Evaluation

The process of computing the state-value functiow for an arbitrary policy

is called policy evaluation. It is known that the Bellman eqation (2.9) is
a system of simultaneous linear equations. Its solution igraight forward,
and can be found by one of the standard methods of solving a ®m® of
simultaneous linear equations.

The solution can also be found by generating a sequence of apgimate
value functionsVy; V1; Vo; . The initial approximation, Vy, is chosen arbi-
trarily (except that the terminal state, if any, must be given value 0), and
each successive approximation is obtained by using the Belin equation for
V as an update rule:

X X
Vis1 (8) = (s;8)  PR[RAc+ Vi (s9]: (2.15)
a g0
It can be shown thatV, ! V ask ! 1 . Figure 2.3 gives a complete

algorithm for iterative policy evaluation.

Input , the policy to be evaluated.
Initialize V (s) = 0 for all the states.
Repeat
0
For each states:
v V( P
V (s) a (58 oP&[Rie+ V (9]
max( ;jv V()

untii - < (a small positive number)
Output V.V

Fig. 2.3: Iterative policy evaluation (taken from [14]).

2.2.2 Policy Improvement

Given a policy , it is possible to nd a better policy °such thatV ° V.
This can be obtained by choosing deterministically an actioat a particular
state or by considering changes at all states and to all posk actions, se-
lecting at each state the action that appears best according Q (s;a). A
policy Cis greedy with respect to if

%(s) = arg mgxX P2, [R&,+ V (s9]: (2.16)

ss0 L ¥ ss0
50
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In equation (2.16), arg max denotes the value ofa at which the expression
that follows is maximized. The greedy policy takes the actiothat looks best
in the short term; after one step of lookahead according td . The greedy
policy is as good as, or better than, the original policy.

The process of making a new policy that improves on an origihpolicy,
by making it greedy or nearly greedy with respect to the valuéunction of
the original policy, is called policy improvement.

2.2.3 Policy Iteration

We can start from a policy, , and improve it usingV to yield a better
policy, ° We can then computeV ° and improve it again to yield an even
better policy, % As a result of this repeating process, we can obtain a
sequence of monotonically improving policies and value fctions:

| E

o!5 vl F oy 1t 0 !

vV

where!® denotes a policy evaluation and ' denotes a policy improvement.
Each policy is guaranteed to be a strict improvement over thprevious one
(unless it is already optimal). For a nite MDP, this processmust converge to
an optimal policy and optimal value function in a nite number of iterations.
This way of nding an optimal policy is called policy iteration [14]. Figure
2.4 shows the algorithm for policy iteration.

2.2.4 Value lteration

The value iteration algorithm follows from the recursive fom of the Bellman
optimal state value function (2.13). The equation that goven the value
iteration is given by

X
Vier (s) =max  Pgo[Rio+ Vi (s9]: (2.17)
s0
The sequencd Vg converges to the optimal state valué/ . Value iter-
ation e ectively combines both policy evaluation and polig improvement.
The algorithm is shown in gure 2.5.

2.3 Monte Carlo Methods

Monte Carlo methods are suitable for learning from experiee, which does
not require prior knowledge of the environment's dynamicsThese methods
solve the reinforcement learning problem based on averagisample returns.
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1. Initialization
V (s) and (s) arbitrarily for all s.

2. Policy Evaluation
Repeat
0
For each states:
v  V( P
V(s) a (518 wP&I[RIe+ V (9]
max( ;jv V()

until < (a small positive number)

3. Policy Improvement
policy-stable  true
For each states:
b (s) b
(s) argmaxy «P&o[Rie+ V (s
if b6 (s), then policy-stable false
If policy-stable, then stop; else go to 2

Fig. 2.4: Policy iteration for V (taken from [14]).

There are two types of Monte Carlo methods that can be applieth
estimatingV (s) or Q (s;a): The every-visit MC method and the rst-visit
MC method. The every-visit MC Method estimatesV (s) as the average
of returns following all visits to s in a set of episodes or trials.Q (s;a)
is estimated as the average return following all visits to t (s;a) pair in
a set of episodes. On the other hand, the rst-visit MC methodaverages
just the return following the rst-visit to s in estimatingV (s) and averages
the rst-visit to the ( s;a) pair in estimating Q (s;a). In this work, we use
the rst-visit MC method for estimating V (s) or Q (s;a). Both methods
converge toV (s) or Q (s;a) as the number of visits tos, or (s; @) pair goes
to in nity.

If the model of the environment is not available, then it is btter to esti-
mate the action values than the state values. With a model, ate values are
su cient to determine a policy. It is not possible to use stat values to deter-
mine a policy without having the model of the environment. Tlerefore, one
estimates action values, which do not require the model of ¢henvironment
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Initialize V arbitrarily for all the states

Repeat
0
For each states:
v V(s b b
V(s) maxy, , (5;@) P&[Ric+ V (s9]
max( ;jv V()
untii - < (a small positive number)

Output a determg'nistic policy, , such that
(s)=argmax, P& [R%.+ V (s9)

Fig. 2.5: Value iteration (taken from [14]).

in determining a policy.

For a deterministic policy, , one will observe returns only for one of the
actions for each state in following . That is the Monte Carlo estimate of
the other actions will not improve with experience. This is &eries problem
since the purpose of learning action values is to help in cteliog among the
actions available in each state. This implies that one needis estimate values
of all actions from each state, not the one we currently favorTo solve this
problem, one can start each episode at a state-action paig that every such
pair has a nonzero probability of being selected at a start. his guarantees
that all state-action pairs will be visited an in nite number of times in the
limit of an in nite number of episodes. This assumption is déed \exploring
starts".

For learning directly from real interactions with an enviramment, the as-
sumption of exploring starts can not be in general relied upo In this case,
it is better to use stochastic policies with nonzero probality of selecting
all actions. Figure 2.6 shows an algorithm for Monte Carlo ntieod with
exploring starts.

2.3.1 Recursive Implementation

Monte Carlo methods can be implemented recursively, on an ispde-by-
episode basis. This implementation enables Monte Carlo netds to process
each new return recursively with no increase in computatioar memory as
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Initialize for all states s and actionsa:
Q(s;a)  arbitrary
(s) arbitrary
Returns (s;a) empty list.

Repeat forever:
(a) Generate an episode using exploring starts and
(b) For each pairs, a appearing in the episode:
R  return following the rst occurrence ofs, a
Append R to Returns (s; a)
Q(s;a) averageReturns (s;a))
(c) For eachs in the episode:
(s) argmax Q(s;a)

Fig. 2.6: A Monte Carlo algorithm with exploring starts (taken from [14]).

the number of episodes increases. Suppose that we want to lempent a
weighted average, in which each returiR,, is weighted byw,, and we want
to compute p
r=1 Wk Ry
Qn(s;8) = A== (2.18)
k=1 Wk
It is possible to write equation (2.18) in the form given by egation (2.19),

Wn+1 Rn + Qn (S, a) .

Qe (8;8) = " . (2.19)
anl +1
P . : :
whereW, = = }_; wx. Rewriting equation (2.19), we obtain
Wh+
Quaa (58 = Qu(sid+ = Ro Qu(sidl:  (220)
n+

Equation (2.20) is an update rule for an action value functio. In similar
fashion, it is also possible to write an update rule for a statvalue function

iven b
g y Woet

Vi (8)= Vo () + ——[Rnsa - Vo ()] (2.21)

n+1

The quotient w,.; =W,+1 can be considered as a step-size or learning rate,
which is usually denoted by . Replacingwy+; =W,+1 by in equations (2.21)
and (2.20), one obtains the recursive forms of the Monte Carimethods for

V (s) and Q (s; &), which are given by

Vi1 (8) = Va(S)+  [Rava Vh(s)] and (2.22)
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Qni1 (58 = Qn(s;ad)+ [Rusx  Qn(s;a)]: (2.23)

2.4 Genetic Algorithms

Genetic algorithms are computational models inspired by maral evolution.
They encode a potential solution of a given problem on a singgthromosome-
like data structure and apply genetic operators to these sictures so as to
preserve critical information.

A genetic algorithm (GA) starts with a population of chromo®mes which
are randomly generated. Chromosomes are then evaluated ahdy are given
reproductive opportunities according to the result of theievaluations. Those
chromosomes which represent a better solution to the targgtroblem are
given more chances to reproduce than those chromosomes Wwhiepresent
poorer solutions [3].

A chromosome is made up of genes. The values that can be assuiiog
a gene are called alleles. Genes code a speci c property omponent of a
solution.

Genetic algorithms use two separated spaces: the searchcgand so-
lution space. The search space is a space of coded solutiortht® problem
and the solution space is the space of actual solutions. Caldsolutions, or
genotypes must be mapped onto actual solutions, or phenosgp before the
quality of tness of each solution can be evaluated.

2.4.1 The Algorithm

A simplest form of GA, the canonical or simple GA, is summared in g-
ure 2.7. A typical genetic algorithm starts with a population of randomly
generated chromosomes. Each chromosome is decoded, one tne, its
tness is evaluated, and three genetic operators, crossovenutation and re-
production are applied followed by selection to generate a&ew population.
This process is repeated until a desired individual is founar until the best
tness value in the population stops increasing, or until a pede ned number
of generations have been produced.

2.4.2 Genetic Operators

Genetic algorithm uses its operators to nd the best solutio in the search
space. Crossover and mutation operators maintain the vatian between
individuals so that children do not become identical copiesf their parents.
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Fig. 2.7: The simple genetic algorithm.

This variation between individuals helps the population tdkeep on improving
from generation to generation.

Crossover Operators

These operators are used to exchange genetic material besawewo chro-
mosomes. They are used to exploit the genetic material comad in the
population of the chromosomes. The most common types of csoser op-
erators are 1-point and 2-point crossover operators. With-fioint crossover



22 2. Introduction to Reinforcement Learning and Genetic Aligam

operator, a crossover point is chosen randomly along the onnosomes and
everything either before the crossover point or after the ossover point is
exchanged between the chromosomes. With 2-point crossoegrerator, two

crossover points are chosen along the chromosomes and eang between

the crossover points, or everything before the rst crossey point and after

the second crossover point is exchanged. Figure 2.8 showareples of the
1-point and 2-point crossovers.

"HEY%&*+,$-.-/-.%*! ! 1 | 1 ! 1

"#$%&*+,$-.-/-.%*0

+,123*+,$-.-/-.%*!

+,123%+ $-.-/-.%*0 Lo e ! ! ! L

A#5 465

Fig. 2.8: 1-point (a) and 2-point (b) crossover operators. The arrowshow
crossover points.

Mutation Operators

Mutation operators are used to introduce a new genetic matef into chro-
mosomes. They help the genetic algorithm not to converge tosaib-optimal
solution. They are used by the genetic algorithm to explorene search space.
For binary chromosomes, the mutation operator ips bits cotained in the
genes of chromosomes. For chromosomes containing genesemat of real
values, mutation is performed by adding normally distribuéd random num-
bers with expectation value 0. Figure 2.9 shows the e ect of umation oper-
ator on binary chromosomes.

Reproduction Operators

These operators are straightforward. They select an inddwal, copy it and
place the copy into the mating pool.
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"#3%E&*+,$-.-/-.% ! ! !

+,012*+,%-.-/-.% I I ! !

Fig. 2.9: E ect of mutation operator for binary chromosomes. The unde
lined bits show bits that are ipped.

2.4.3 The Selection Algorithm

Selection is a consequence of competition between indivadisiin a population.

This competition results from an overproduction of individials which can
withstand the competition of varying degrees. The search f@an optimal

solution is directed by the \survival of the ttest" princip le. This principle

comes into play when we decide which chromosomes can join tmating

pool and hence be parents for the next generation. This deois process is
controlled by selection operators.

Fitness-Proportional Selection

Fitness-proportional selection speci es probabilitiesof individuals to be
given a chance of passing o spring into the next generationAn individ-
ual i is given a probability of

p=pP (2.24)

for being able to pass on traits. The valud is the tness value of an in-
dividual. Following Holland [7], tness-proportional seection has been the
tool of choice for a long time in the GA community. It has been éavily crit-
icized in recent times for attaching di erential probabilities to the absolute
value of tness. Early remedies for this situation were intoduced through
tness scaling, a method by which absolute tness were madetadapt to
the population average.

Truncation or (; ) Selection

This is the second most popular method of selection. A numberof parents
are allowed to breed o spring, out of which the best are used as parents
for the next generation. A variant of the (; ) selection is ( + ) selection
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where, in addition to o spring, the parents participate in the selection pro-
cess. The truncation selection methods are not dependent time absolute
tness values of individuals in the population. The best will always be the
best, regardless of the absolute tness di erences betweamdividuals.

Tournament Selection

This type of selection is not based on competition within théull generation
but in a subset of the population. A number of individuals, cked the tour-
nament size is selected randomly, and a selective competiti takes place.
The better individuals in the tournament are then allowed toreplace those
of the worse individuals. The tournament size is used to caut the selection
pressure. A small tournament size causes a low selectiongs@re and a large
tournament size causes high selection pressure.

Tournament selection has recently become a mainstream methfor se-
lection, mainly because it does not require centralized tess comparison
between all individuals. This not only accelerates evoluin considerably,
but also provides an easy way to parallelize the algorithm J.2

Ranking Selection

Ranking selection is based on the tness order, into which #hindividuals can
be sorted. The selection probability is assigned to individhls as a function
of their rank in the population. Mainly, linear and exponenial ranking are
used. For linear ranking, the probability is a linear functon of the rank,

1 N i1
pi = N p+p P N 1 (2.25)
where p =N is the probability of the worst individual being selected, ad

p" =N is the probability of the best individual being selected, ah
p +p =2 (2.26)
should hold in order for the population size to stay constant

For exponential ranking, the probability can be computed ugsg a selec-
tion bias constantc,

N (2.27)

with 0 <c< 1.



2.5. Finding an Optimal Policy in an Arti cial Robot World 25

2.5 Finding an Optimal Policy in an Arti cial Robot
World

In this section, we want to illustrate the concepts that are pesented in this
chapter taking as an example the test scenario discussed actson 1.2. We
make the following assumptions before we start to nd the optnal policy:

1. The point robot (the agent) has a prede ned goal state. Inar case we
take state 15 as the goal state.

2. The optimal policy is determined o -line. That is, the dynamics of the
environment is known a priori to the agent.

The dynamics of the environment in which the agent live and arate
are determined using equations (2.5) and (2.6). For our tesicenario, the
dynamics of the environment is given by equation (2.28).

( 0 :
. _ 1 if s%is a valid next state

7 0 otherwise
8
>0 ifsy =¢° (2.28)
= 1 ?f Si+1 = goal state
1 ifsy =5

We can apply the optimal Bellman equations to solve for the ajnal
state-value functionV or the optimal action-value functionQ . The optimal
Bellman system of equations for the goal state 15 is

8
2V (3 left
V.0 = max_ V (1) right
- 1+ V (0) forward
8
2V (0) left
V (1) = max_ V (2) right
Vv (5) forward : (2.29)
8
2V (14) left

V (15) = max _ V (12) right
-V (7) forward

In equation (2.29), is the discounting factor. Itis set to 0.8 for this example.
The words left, right and forward show the possible motor aains of the point
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robot. The equation has a unique solution that is independénf a particular
optimal policy. If one tries to apply exhaustive search for nding all policies
which result in the same optimal state value function, one sto solve 3° =
43046721 systems of simultaneous equations to get the 32imgai policies.
Assuming that we need & to solve one system of simultaneous equations,
we need about 43 seconds to solve all systems of simultaneegsiations
in order to nd all optimal policies. For a backgammon game,dr example,
which has about 18° states, it would take millions of years on today's fastest
computers to solve the Bellman equation fo¥ [14]. In general, we can use
dynamic programming methods (either value iteration or pady iteration) to
solve MDPs with millions of states using today's computers.

We have applied the value iteration algorithm (dynamic progamming)
and found an optimal state value function shown in table 2.1ni only 20
iterations, for an absolute error of 10%°. From the table, it is possible to get
all the 32 optimal policies by using a one-step search. Forample, for state
0 the optimal action is right since the action right will movethe point robot
to state 1, which is a valid next state with the largest state a&lue. A state
value of a state measures \how good" it is for an agent to be irhat state.
From the result obtained, we see that the state value of stat® is worst for
the goal state 15. This means that no matter which starting dmon the agent
takes from this state, it needs the largest number of steps t@ach the goal
state as compared to starting from other states. One can alsee that it is
best for an agent to be in the states 11, 12 or 14, since the ageeeds to
execute only one optimal action (minimum number of actionsfo reach the
goal state.

"0 (1.13778) | "% (1.42222) | "2 (2.77778) | "® (2.22222)

I 1(1.42222)[ 1 5 (1.77778)| | B (2.22222)[ ! 9 (1.77778)
3(0.91022)] 7 (1.13778)] T (2.22222)] L (2.77778)

# (1.13778) | #5 (1.42222) | #4 (2.77778) | #9 (2.22222)

Tab. 2.1: The optimal state value for the goal state 15.

We can also solve equation (2.29) using genetic algorithm. chromosome
containing 16 genes is de ned, where a gene codes an actiohjclv moves
a point robot to the next state having the maximum state value In other
words, a chromosome codes directly a policy and we want to usegenetic
algorithm to search for an optimal policy. An example of a clumosome
coding a system of simultaneous equations (policy) is showm gure 2.10.
The index of a gene along the chromosome is the same as the egponding
state in the robot world.
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| [HSESH | |

Fig. 2.10: A chromosome coding a system of simultaneous equations. Aige
can take a value of 0, 1 or 2 representing an equation corregpling
to left, right and forward motor actions respectively of thepoint
robot.

In order to nd a system of simultaneous equations whose saion is an
optimal state value function, we have to de ne a tness funabn evaluating an
equation. We can use equation (1.2) for evaluating a systenfi imultaneous
equations in such a way that the equation is used repeatedigrfeach starting
state. The tness function evaluating an equation is thus gien as

f=" (2.30)

s=0

where ng represents the number of steps taken by the point robot from a
starting state s. Table 2.2 shows the parameters of the genetic algorithm
used in nding the system of simultaneous equations, whoselstion is the
optimal state value function.

Number of individuals 50

Crossover probability 0.2

Mutation probability per gene | 0.05

Selection method Truncation selection
Number of generations 50

Tab. 2.2: Parameters of genetic algorithm used.

We have run the algorithm and found the best system of simulteeous
equations (policy) after 11 generations. The best system sfmultaneous
equations found by the genetic algorithm is given by equati(2.31).

V (0)
VvV (1)

V (1) right
VvV (5)forward

(2.31)

V (15) Vo (14)left



28 2. Introduction to Reinforcement Learning and Genetic Aligam

ol Fitness value of the best individual i

Average fitness value of the population

Fithess value

1 I I I I I I I I I
0 5 10 15 20 25 30 35 40 45 50

Generation

Fig. 2.11: A genetic algorithm run for nding the best system of simultaneous
equations. The best equation is found after the 1 generation.

The solution of equation (2.31) is the same as the solution und by
applying value iteration algorithm, which is shown in table2.1. As compared
to the value iteration algorithm, the genetic algorithm is fower since it has
solved 50 11 =550 equations before it obtained an equation whose satut
is the optimal state value function.

The Monte Carlo algorithm with exploring starts shown in gure 2.6 is
also used to nd the optimal action values. The algorithm neded about
10000 iterations to get the action values, from which one cagenerate one
of the optimal policies for the goal state 15. As compared tché genetic
algorithm used, Monte Carlo methods needed much longer tinte get the
optimal action values.

From this example, one can conclude that it is possible to s@l the Bell-
man optimality equations in di erent ways. If the dynamics d the envi-
ronment is known a priori, then dynamic programming can be sl to get
the solution faster than genetic algorithms or Monte Carlo mthods. Ge-
netic algorithms and Monte Carlo methods does not necesdgrrequire the
knowledge of the dynamics of the environment a priori. Genietalgorithm
can directly search for the optimal policy in the space of pigies. But Monte
Carlo methods can estimate the action values (model of the \@ronment)
from experience. One can then generate the optimal policyon the es-



2.5. Finding an Optimal Policy in an Arti cial Robot World 29

timated actions values. For an environment with a very larggnumber of
states such as backgammon, it is only possible to solve thetiopal Bellman
equation approximately in a given limited time.
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3. LEARNING AND ADAPTATION AT
INDIVIDUAL LEVEL

3.1 Introduction

Organisms, for example human beings, are always learningdaadapting to
their environment in their life time. Much of the learning isdone through
direct interactions with the environment. Consider a perso who can not
ride a bicycle. Let us say that this person wants to learn howot ride a
bicycle. The rst thing he does is he asks about how to ride a tycle. But
only telling him about how to ride a bicycle will not help him to ride the
bicycle at the rst trial. The only way to learn to ride a bicycle is, therefore,
to try and have a real experience with the bicycle. This persohas to do a
lot of trials before he learns how to ride a bicycle. Of courséhe number of
trials made is dependent on the individual. Each of the trial made by the
person, whether it is successful or not, can be evaluated Hyet person since
he knows how well he has ridden the bicycle. Assuming that tHa@cycle is
the environment and the person is the agent, the notion \how &ll" is the
reward the person receives from the environment after hagma trial. Each
of the trials is made up of a sequence of actions that are exes by the
person in riding the bicycle. The state of the bicycle can behe tilt angle
and speed of the bicycle relative to the ground. Depending dhe reward
received and the state of the bicycle, the person has to exezwsequence
of actions to keep the bicycle upright and moving forward wit a certain
speed. In this chapter, we use Q-learning, which is one frorfireinforcement
learning, to investigate the learning and adaptation capality of agents that
learn through interaction with the environment and from exgrience.

The following assumptions are made for experiments in thikhapter and
the following chapters.

1. The agent uses learning from interaction. That is, it usean action-
perception cycle.

2. The agent does not know the dynamics of the environment aipri.
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Moreover, the agent tries to learn an optimal policy or the mdel of
the environment only for perceived states.

3.2 Q-Learning

Q-learning is an on-line learning method, in which the agenearns from
experience to act optimally in a given environment. The agérearns the
model of the environment and saves it in the action-value funtion (Q-table).
The agent uses the action-value function to generate the aptal policy for
a given start and goal state.

Q-learning has the properties of both dynamic programmingra Monte
Carlo methods. It bases itself on the recursive implemeniah of the Monte
Carlo method and uses the optimal Bellman equation to updatthe action-
value of the current state. This can be shown as follows: Thesgursive
implementation of the Monte Carlo method can be written as

#
R
Q(s;a)  Q(sa)+ “reker  Q(sua) ; (3.1)
k=0
which is equivalent to
% #
Q(s;a) Qsua)+  rup + “resz  Q(sua) : (3.2)
k=0

With on-line learning, the agent can not receive all revgardslt can only re-
ceive the current reward for the current action. The term ﬁzo Kf s ks IS the
return for gle next state and action. That iSQ (Sy+1; &+1) = 1og Ttz
Replacing -y  rieks2 by Q(St1;@w1), We get equation ( 3.3).

Q(s;a) Q(sa)+ [rer+ Q (Stersas1) Q(sta)l (3.3)

If we want equation (3.3) to converge to the optimal action-alue function,
Q , then we have to select the maximum value of the action-valseof the
next state. This follows directly from the optimal Bellman guation for Q ,

Q(St+15@41) = Max Q(S+1; @) : (34)
Using equation (3.4), we obtain an equation for the Q-learng algorithm,

Q(st;a) Q(s;a)+  rwat+ maxQ(swi;a) Q(ssa) @ (3.9)

For a right convergence to the optimal action-value functio, the agent has
to update its action-vale function for all state-action pais for the perceived
states. In other words, the agent has to explore its envirorent and at the
same time exploit what it has learned so far [1].
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3.3 Exploration and Exploitation

With reinforcement learning, specially with on-line reinbrcement learning,
there is a problem of exploration and exploitation. On the om hand, the
agent wants to explore the environment so as to nd the optimasolution.
On the other hand, the agent wants to minimize the cost of leamg by
exploiting the environment.

There are a lot of methods that balance the exploration and ejoitation.
The simplest and most popular form of balancing the explorain and ex-
ploitation is the so called -greedy-action selection method. In this method,
an action is selected greedily most of the time. But every oadn a while with
small probability , an action is selected at random, uniformly, independently
of the action-value estimates.

The other popular action selection mechanism is the softmaaction se-
lection method. The probability of executing an action is dermined by a
graded function of the estimated values. The greedy actios still given the
highest selection probability. But all the others are ranké and weighted
according to their value estimates. The Boltzmann distribtion is used to
calculate the action selection probability. Let A be a set oéll actions. The
probability of executing an actiona 2 A is given by the following equation,

e Qsia)=

P(a)= P o QG-

(3.6)

a®2A
where is a positive parameter called temperature. High temperatas cause
the action to be nearly equiprobable. Low temperatures cagisa greater dif-
ference in selection probability for actions that di er in their value estimates.

3.4 Experiments and Results

The experiments are done for all test cases mentioned in seat1.4. Table

3.1 shows the parameter of the Q-learning algorithm used. iFbalancing

the exploration and exploitation of the environment, we hag used a simple
-greedy-action selection method. The reward function gimeby equation

(1.1) is used to evaluate the actions executed by the agent.

[T ]

Tab. 3.1: Parameters of the Q-learning algorithm.
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Test Case A

In this test case, the states of the policy which is going to bkearned are
completely contained in the previously learned optimal paly.

40 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
Start state =5 Goal state = 15 Start state =5 Goal state = 15
Learning from scratch Continual Learning

w
o
w
o

Number of Actions
N
o

Number of Actions
N
o

-
o
[any
o

0 ‘ ‘ ' ‘ 0 ‘ : ‘ ‘
20 40 60 80 100 20 40 60 80 100
Trials Trials
(a) (b)
15 15
(]
=10
<
>
Qs
o
2 o
<
5
Forward
Right
Actions Left 0 Trials Actions Left 0 Trials
() (d)

Fig. 3.1: Learning from scratch and continual learning. (a) Averageumber
of actions taken versus trials in learning from scratch. (bAver-
age number of action taken versus trials in continual learng. (c)
Average action values for each state in learning from scrétc (d)
Average action values for each state in continual learning.

From gure 3.1, one can see that the agent does not need to leahe new
optimal policy in continual learning. This is due to the factthat the states
of the new optimal policy are completely contained in the prgously learned
optimal policy. One can also see that action values, that repsent the learned
model of the environment, remain the same in the continual dening.
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Test Case B

In test case B, the previously learned optimal policy and theptimal policy
that is going to be learned have some states in common.

‘ ‘ ‘ ‘ 40 ‘ ‘ ‘ ‘
Start state = 7 Goal state = 15 Start state = 7 Goal state = 15
Learning from scratch Continual Learning

Number of Actions
N w
S o

Number of Actions
N
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N
o
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20 40 60 80 100 20 40 60 80 100
Trials Trials
(a) (b)
15 15
(O]
=10
<
>
Qs
©
g of
<
5
Forward
100 100
Right 50 Right
Actions Left 0 Trials Actions Left 0 Trials
(c) (d)

Fig. 3.2: Learning from scratch and continual learning. (a) Averageumber
of actions taken versus trials in learning from scratch. (bAver-
age number of action taken versus trials in continual learng. (c)
Average action values for each state in learning from scréaic (d)
Average action values for each state in continual learning.

Figure 3.2 shows that the learning time required by the agetim continual
learning is shorter than that required in learning from scrigch. The action
values are adjusted by learning the action values for the nesptimal policy
in the continual learning accordingly.
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Test Case C

Here, the previously learned optimal policy and the optimapolicy that is
going to be learned have no states in common.

40 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
V Start state =1 Goal state = 11 Start state =1 Goal state = 11
Learning from scratch Continual Learning

w

o
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N
o

Number of Actions
N
o

N
o

20 40 60 80 100 20 40 60 80 100
Trials Trials

() (b)

Right

50

Left 0

Actions Trials Actions

(©) (d)

Fig. 3.3: Learning from scratch and continual learning. (a) Averageumber
of actions taken versus trials in learning from scratch. (bAver-
age number of action taken versus trials in continual learng. (c)
Average action values for each state in learning from scréitc (d)
Average action values for each state in continual learning.

Trials

As can bee seen in the gure 3.3, even though the previouslyataed
optimal policy and the optimal policy that is going to be leaned have no
common states, the learning time in continual learning is siter than the
learning time in learning from scratch. This is possible dut the fact that
the agent has collected experience about other states, wnere not contained
in the previously learned policy, while learning it.

From the experiments, we have concluded that the learningrtie in con-
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tinual learning is shorter than the learning time in learnirg from scratch at
an individual level and under di erent learning conditions Moreover, the
di erent test cases suggest how we may bias (put prior knowdge to) agents
that learn from experience. If we bias an agent in such a waydhthe states
of the policy that is going to be learned are completely contaed in the op-
timal bias policy, then there is nothing left for the agent tolearn and the
bias is strong. If the bias policy and the policy that is goindo be learned
have no common states, a relatively large amount of informian is left for
the agent to learn. This shows that the amount of informatiorthat is going
to be learned depends on the number of common states betweble pptimal
bias policy and the policy that is going to be learned. The mercommon
states the optimal bias policy and the policy that is going tde learned have,
the less information is left for the agent to learn.
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4. LEARNING AND ADAPTATION AT
POPULATION LEVEL

4.1 Introduction

Populations of organisms have been adapting to their partitar environ-
mental conditions through evolutionary selection (survial of the ttest) and
variability among them. Those members of organisms with spiec advanta-
geous abilities and features are able to cope with their emonmental condi-
tions. From the principles of adaptation in nature, we can dve a number of
concepts and strategies for solving learning tasks and déy optimization
problems for arti cially intelligent systems [8]. An exampe of optimization
problem that can be solved using the principles of evolutiols a model based
object recognition system.

In this chapter, we investigate learning and adaptation at ppulation
level, where the population is made up of neural networks. Ehneural net-
works are used to represent the optimal policy (control) thiais going to be
learned. The purpose of the genetic algorithm is to searchrfine best neural
network (policy or controller) that controls the point robot in the arti cial
robot world. We use multi-layer perceptrons (MLP) and recurent neural
networks for our experiments. The genetic algorithm searek for the best
neural network by directly determining the synaptic weighs of the networks.

According to [10], the majority of experiments in evolutioary robotics
have resorted to neural networks for the control system of agwvolving robot
due to the following justi able reasons:

1. Neural networks provide a straightforward mapping betwen sensors
and motors. That is, they can represent the policy (controlto be
learned. They can accommodate continuous (analog) or diste in-
put signals and provide either continuous or discrete motooutputs,
depending on the transfer function chosen. For example, theeural
networks used in experiments run in this chapter have disdeeinput
(states) and outputs (motor actions).
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2. Neural networks o er a relatively smooth search space. @iual changes
to the parameters de ning a neural network (synaptic weight, archi-
tecture, etc) will often correspond to gradual changes ofstbehavior.

3. Neural networks provide various levels of granularity. @e can apply
arti cial evolution to the lowest level speci cation of a neural network,
such as the connection strengths, or to higher levels, such the coor-
dination of prede ned modules composed of prede ned sub-ferks.

4. Neural networks allow di erent levels of adaptation. Forexample, the
blueprint of a network architecture may be evolved, its actal struc-
ture may develop during the initial stage of the robot \life; and its
connection strengths may adapt in real time while the robotnteracts
with the environment.

5. Neural networks are robust to noise. Since their units afgased upon
a sum of several weighted signals, oscillations in the indial values
of these signals do not drastically a ect the behavior of theetwork.
This is very useful property for physical robots with noisy ensors that
interact with noisy environments.

6. Neural networks can be a biologically plausible metaphaf mecha-
nisms that support adaptive behavior. They are a natural chioe for
understanding biological phenomena from an evolutionarygpspective.

It was, however, suggested by some authors that evolution oéural net-
works is made di cult by the problem of \competing conventions"[12]. This
is the case where the mapping between genotype and phenotyigemany
to one. In addition, crossover among competing conventiomsay produce
o spring with very low tness since they have duplicated stuctures. But
experimental studies have shown that in practice this is noa problem. In
general, it is wise to use small crossover rate when evolvingural networks
[10].

4.2 Experiments and Results

The experiments are run for multi-layer neural networks (MP) and for both
architectures of the recurrent neural networks (Jordan andlman). In the
experiments, the weights of the neural networks are diregtidetermined by
the genetic algorithm.
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4.2.1 Multi-layer Perceptron

In this section, we have used multi-layer perceptrons (MLBgo represent the
optimal policy. A population of MLPs with two layers forms a ppulation of
controllers. The structure of the networks and the number ofiidden units
is xed but the weights are determined directly by the geneti algorithm.
The MLP controls the point robot in the robot world. The genetc algorithm
lets each individual to control the point robot and evaluate and selects an
individual (controller) that moves the point robot from a given start state
to a given goal state with minimal number of steps. It then aplees genetic
operators to generate the next population of MLPs for predeed number of
trials.

Figure 4.1 shows an example of the MLP used in this experimerifable
4.1 shows the encoding of states and actions, which are theuh and output
of the neural network, respectively.

&%t
$*$/.

"#$%#$
*+$ -,
0!

Fig. 4.1: The MLP used in the experiment. The input and output of the
MLP are binary codes of the states and actions.

A tness function given by equation (1.2) is used to evaluatehe indi-
viduals. An example of a chromosome representing an MLP (andividual)
is shown in gure 4.2. The parameters of the neural network a@hgenetic
algorithms are given in table 4.2.

We have run the experiment for all test cases and obtained thesult
shown in gure 4.3. As can be seen in the gure, the populatiomattains a
certain average tness value. The average tness value, wdhi is controlled by
the genetic operators, shows an equilibrium point of two "faes". One of the
forces, which is controlled by selection operator, tries tpull the population
towards the global maximum tness value ( tness value of theébest individ-
ual) and the other force, which is controlled by the crossovend mutation
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| State | Code | [‘Action | Code |

0 000 left 00
E : right 01
14 1110 forward 10
15 1111 don'tcare| 11

(@) (b)

Tab. 4.1: The encoding of the states (a) and actions (b).

‘ Wo1:1 ‘ ‘ Woin ‘ Wo2:1 ‘ ‘ Woa.n ‘ Whi:1 ‘ ‘ Whi:4 ‘ Why: 1 ‘ ‘ Why: 4 ‘

Fig. 4.2: A chromosome encoding an MLPW o0's show the synapses going
to the output units and Wh's show synapses going from input to
hidden units. N is the number of hidden units. In this experiment,
we used two output and four input units, and six hidden nodes.

operators, tries to maintain the variation between individials. The learning
time, which is measured in number of generations, required attaining a
certain average tness value is shorter in continual learng than the learning
time in learning from scratch for all test cases.

4.2.2 The Jordan Recurrent Neural Network

The Jordan neural network shown in gure 4.4 is used in this geriment.
In this neural network, the outputs of the network at previots time step are
fed back to the network as an input. The number of inputs, outpts and
hidden nodes is the same as that of the multi-layer perceptmoused in the
above experiment. The encoding of the states (inputs) and rnay actions
(outputs) is as shown in table 4.1.

The tness function given by equation (1.2) is used to evalua a neural
network. The parameters of the genetic algorithm and the neal network
are shown in table 4.2.

The experiment is run for all test cases and the result shown igure 4.5
is obtained.

From gure 4.5, one can see that the learning time, which is nasured in
generations, in case of learning from scratch is shorter thahe learning time
in continual learning. Moreover, it is clear that the populéion does not need
to learn the new optimal policy in test case A. This result is e same as
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Number of individuals 50

Crossover probability 0.2

Mutation probability per bit 0.05

Selection method Truncation selection
Number of hidden nodes 6

Number of bits per gene coding a synapse3

Number of generations 100

Tab. 4.2: Parameters of the MLPs, Jordan and Elman neural networks and
genetic algorithm used for all the experiments run in this dcrpter.

that obtained for the hybrid of the MLP and genetic algorithm In test case
C, even though the previously learned optimal policy and theolicy that is
going to be learned have no common states, the population hizarned the
new optimal policy in less number of generations in continlidearning than
in learning from scratch.

4.2.3 The Elman Recurrent Neural Network

In this experiment, we have used the same parameters as thdttbe Jordan
neural networks that are shown in table 4.2. The Elman neuradetwork used
in this experiment is shown in gure 4.6. For this network, the activations
of the hidden units at previous time step are fed back to the neork as an
input. Note that the memory units hold a copy of the activations of hidden
units at the previous time step. The same tness function gen by equation
(1.2) is used to evaluate the neural networks. The experimeers run for all
test cases and results shown in gure 4.7 are obtained.

The results shown in gure 4.7 show that the learning time isteorter in
continual learning than in learning from scratch. As can beeen from the
gure, the population does not need to learn the new policy ircontinual
learning for test case A. For test case C, the population hasdrned the new
policy faster in continual learning even though the previcsly learned policy
and the policy that is going to be learned have no common state
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Fig. 4.3: Result obtained for a hybrid of MLPs and genetic algorithm. Te
left column shows from top to down results of learning from satch
for test case A, B, and C, respectively. The right column shahe
corresponding result in continual learning.
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Fig. 4.4: The Jordan neural network used in the experiment.
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Fig. 4.6: The Elman neural network used in the experiment.
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5. HYBRID OF LEARNING AND
EVOLUTIONARY ALGORITHMS

5.1 Introduction: Lamarckism and Darwinism

An ecosystem is populated by living organisms that have thedwn autonomy.
The process of adaptation in these systems is made up of twogskes. The
rst phase is learning that occurs at an individual level andhe second phase
is evolution occurring over successive generations of thepulation. An
individual in a population of organisms performs a sequenag actions that
maximize the reward it receives from the environment. The veard measures
the degree of satisfaction of the individual. In its life tine, the individual
learns and adapts to its environment through interaction. Te process of
learning and adaptation enables the individual to select tse actions which
result in a higher satisfaction from those actions that cagsdanger or pain.
It is clear that an individual is not born blank. That means it does not
learn and adapt to its environment from scratch. The basic stictures of the
brain, which determines the behavior of the individual, as @il as the entire
body, is developed according to the genetic information imited from its
ancestors. The inherited genes in o spring are not exact ces of the genes
in the parents because of the genetic mutation and recombinan.

In evolutionary theory, there are two major ideas that give derent ex-
planations for the motive force of natural evolution and thephenomenon
of genetic inheritance. These ideas are Lamarckism and Damgm. The
Lamarckian theory suggests that the motive of evolution ishe e ect of \in-
heritance of acquired characters." Individuals may undemsome adaptive
changes through interaction with the environment or learmg. These changes
will be somehow be put in their genes and direct evolution. Othe other
hand, the central theory of the Darwinism is \non-random natiral selection
following on random mutation”. Mutation itself has no diredion, but some
individuals with advantageous mutations will have more chace of survival
through natural selection. The Darwinian theory claims tha evolution is
nothing but these commulative processes of natural selemti. In summary,
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while the Lamarckian idea assumes the direct connection beten learning
and adaptation at the individual level and at the populationlevel, the Dar-
winian idea clearly divides them from each other. It is knowrthat the
mainstream of today's evolutionary theory is Darwinism [1]L

The main idea of this chapter is not to compare and contrast #gnLamarck-
ian and Darwinian strategies, but to investigate the learmg and adaptation
capability of agents under both strategies.

5.2 Experiments and Results

A population of reinforcement learning agents using Q-leang and whose
performance is improved by a genetic algorithm are used torfo the hybrid
algorithm. In the experiments, we investigate agents thatse the Lamarckian
strategy and agents that use the Darwinian strategy. For bt agents, the
algorithm starts with genetic algorithm, which initializes the Q-tables of the
agents. The agents learn through interaction in their lifatne and change the
content of the Q-table as they learn about their environmentAt the end of
the life of an agent that uses the Lamarckian strategy, the dected knowledge
which is stored in the Q-table will be written back to the chrenosome which
encodes it. In other words, the current generation will inhdé to the next
generation what it has learned about its environment. Thissi the same as
inheritance of acquired characteristics. For agents usirigarwinian strategy,
the contents of the Q-table will not be written back to the chomosome at
the end of the life of the agent. It means that the next generain will receive
initial values of the Q-table that enables the agents to leara given optimal
policy as fast as possible. One can see clearly that the Q-tabwhich is
modi ed by an agent in its life time is not transferred to the rext generation.

Figure 5.1 shows the Q-table and the chromosome that encodéesand
which is used in this experiment.

States
Actions 0 | 1 | | 14 | 15

left Qoo | Qo1 Qo;14 | Qo:15
right Qo | Qi1 Q14 | Qs
forward Q20 | Q21 Q214 | Q215

‘ QO;O ‘ ‘ Q0;15 ‘ Ql;O ‘ ‘ Q1;15 ‘ QZ;O ‘ ‘ Q2;15 ‘

Fig. 5.1: The Q-table and the chromosome that encodes it.
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The reward function given by equation (1.1) is used for the mgforcement
learning agents, and the tness function given by equation1(2) is used for
the genetic algorithm. The parameters for the genetic algihm and the
reinforcement learning are shown in table 5.1.

Number of individuals in the population 50
Crossover probability 0.2
Mutation probability per bit 0.05
Selection method Truncation selection
Learning rate of reinforcement learning 0.3
Discount rate of reinforcement learning 0.3
Number of bits coding a Q-value 8

Number of generations 100

Tab. 5.1: The parameters of genetic algorithm and reinforcement leaing.

The experiment is run for all test cases and the results showm gures 5.2
and 5.3 are obtained for learning and adaptation at the popation level. As
can bee seen from the gures, the learning time in continuatarning is shorter
than the learning time in learning from scratch for all test ases and for both
strategies. In test case A, both populations of agents do nogéquire to learn
the new policy at population level. Moreover, there is an immpvement in
learning times in continual learning for both types of popwtion of agents
for test case B and C.

One of the advantages of hybridizing learning and evoluti@my algorithms
is that it enables one to generate e ective initial values fiothe action values
automatically. The determination of the initial values forthe action values
is one of the major problems in the reinforcement learning. @ way to
determine the initial values is to bias the agent with a goalidected built-in
knowledge [6]. But this requires the knowledge of states thare perceived
and the optimal actions at those perceived states. For a reahvironment, it
is di cult to determine the optimal action for a given perceived state.

The other advantage of hybridizing learning and evolutiorng algorithms
is that it is also possible to determine the learning rate andliscounting
factor automatically. This will help agents to adapt to a newsituation with
minimum learning costs.

It is our believe that one can improve the learning and adapten ca-
pability of agents by using both Lamarckian and Darwinian stategies. For
agents which have explored the environment enough or for age which have
lived and operated in a given environment for a long time, itsi advisable to
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use the Lamarckian strategy. For agents which have not expkd the en-
vironment enough or for agents which are in a fast changing \eronment,
it is better if one uses Darwinian strategy for improving thelearning and
adaptation capability of agents.

In comparison with learning and adaptation at population lgel, learn-
ing and adaptation at individual level is not computationaly expensive, but
its learning and adaptation capability depends on the iniil knowledge of
the individual about the situation that is going to be learnél. It has been
shown experimentally in chapter 4 that even though the indiduals in the
population have no learning and adaption capabilities, the is learning and
adaption at population level. Note that the neural networksare used only to
represent a policy or a controller for the point robot. The syaptic weights
of the networks is directly determined by the genetic algaghm. That means
the individuals (the neural networks) have no a capability blearning through
interaction. It is natural, therefore, to think of individu als having learning
and adaptation capabilities and which form a population. Tks will bring us
to the hybrid of learning and evolutionary algorithms. The omputational
complexity of the hybrid of learning and evolutionary algathms is much
higher than both of learning and adaptation at individual ard population
levels. At the expense of this computational complexity, leever, it is possi-
ble to learn and adapt to a more complex situation in the envimment using
an appropriate hybrid of learning and adaptation algorithns.
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test case A, B, and C, respectively. The right column shows ¢h
corresponding result in continual learning.
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For agents having knowledge about the dynamics of the envirment, one can
apply di erent techniques such as exhaustive search, dynaenprogramming,
Monte Carlo methods and genetic algorithms to solve the Batlan optimality
equation of an MDP problem. Methods using dynamic programmg (DP)
can solve the problem very e ciently. Dynamic programming nethods are
guaranteed to nd an optimal policy in polynomial time even tough the
total number of policies isnZ* whereng is the number of states and, is the
number of actions [14]. Moreover, DP can be used to get bothdloptimal
policy and action values at the same time. Genetic algorithencan also be
used to solve a given MDP problem. They do that by directly seahing for
the optimal policy in space of policies. They are much slowas compared to
the computational e ciency of dynamic programming. Monte Garlo methods
are much slower as compared to genetic algorithms but can bsad to nd the
optimal policy. Unlike dynamic programming, one can use getic algorithms
and Monte Carlo methods to nd the optimal policy without a need for the
knowledge of the dynamics of the environment.

Q-learning has the properties of both dynamic programmingra Monte
Carlo methods. It is suitable for learning from interactionat an individual
level. The convergence rate of a Q-learning method to an optal solution
depends on the initial values of the Q-table, on the learningate, on the
discounting factor and on the way the exploration and expltation strategies
are balanced.

From the results of experiments that are presented in this port, one
can conclude that the learning time required in continual rning is shorter
than that required in learning from scratch at both individual and population
levels and under various learning conditions. They also shidhat the learning
time in continual learning depends on the number of states afpolicy, which
is going to be learned, that are contained in the previouslyearned optimal
policy. The more states the two policies have in common, théarter will be
the time required in continual learning. For test case A, wire the states of a
policy are completely contained in the previously learnedptimal policy, the
agent does not need to learn the optimal policy in continuaébrning. Itis also
interesting to see that, even though the two policies have rmmmon states
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(test case C), the time required in continual learning is shiter than the time
required in learning from scratch. The di erent test casesfdhe experiments
show that an agent can use a related knowledge to a new situat, which
is going to be learned, to adapt itself faster and make the lgang time
shorter. Furthermore, the adaptation time required by an agnt to adapt to
a new situation depends on the amount of knowledge it has akidie new
situation.

Hybridization of various learning algorithms with evolutonary algorithms
will give agents two levels of adaptation capabilities. Thest is an individual
level adaptation capability, and the second is a populatiotevel adaptation
capability. The individual level adaptation capability depends on the learning
algorithm used. At population level, the adaptation capality is contained
in the variation between individuals.

With adequate hybridization of learning algorithms and eviutionary
methods (like genetic algorithms, genetic programming andenetic strate-
gies) it is our believe that, one can design better agents \wibetter learning
and adaptation capability for either lower or higher cognite levels.



BIBLIOGRAPHY

[1] Barto A. G., Bradtke S. J. and Singh S. P. Learning to Act usg
Real-Time Dynamic Programming. Department of Computer Science,
University of Massachusetts, Amherst MA 01003.993.

[2] Banzhaf W., Nordin P., Keller R.E. and Francone F.D. Gen& Pro-
gramming. An Introduction on the Automatic Evolution of Computer
Programs and its Applications. Morgan Kaufmann Publishers1998.

[3] Bentley P. J. and Corne D. W. Creative Evolutionary Systms. Morgan
Kaufmann Publishers, Academic Pressl999.

[4] Gerstner W. and Kistler W. Mathematical Formulation of Hebbian
Learning. Laboratory of Computational Neuroscience, EPFL, Lausanne
EPFL and Department of Neuroscience, Ersamus University, diter-
dam, 1994.

[5] Hailu G. Towards Real Learning RobotsInstitute of Computer Science
and Applied Mathematics, Christian Albrechts University oKiel, Ph.D.
Thesis, 1999.

[6] Hailu G. and Sommer G. On amount and quality of bias in reflorcement
learning. In Proceedings of International Conference on Systems, Man
and Cybernetics, San Diego, Californial998.

[7] Holland J.H. Adaptation in Natural and Arti cial System s. University
of Michigan Press, Ann Arbor, Michigan 1975.

[8] Jacob C. lllustrating Evolutionary Computation with Mathematica.
Morgan Kaufmann Publishers, Academic Presd993.

[9] Littman M. L. and Moore A. W. Reinforcement learning: A suvey.
Journal of Arti cial Intelligence Research 4. 237-285 1996.

[10] Nol S. and Floreano D. Evolutionary Robotics: The Biobgy, Intelli-
gence and Technology of Self-Organizing Machine&. Brandford Book,
The MIT Press, 2000.



58 Bibliography

[11] Sasaki T. and Tokoro M. Adaptation toward changing envdonments:
Why Darwinian in nature? In Proceedings of 4th European Conference

on Arti cial Life (ECAL-97) , 1997.
[12] Schaer J.D., Whitley L.D. and Eshelman L.J. Combinaton of genetic
algorithms and neural networks: A survey of the state of thera In

Proceedings of an International Workshop on the Combinatioof Ge-
netic Algorithms and Neural Networks, L.D Whitley and J.D. ha er

(Editors), IEE Press, Los Alamitos, 1992.

[13] Sobol I.M. Die Monte-Carlo-Methode VEB Deutscher Verlag der Wis-
senschaften, Berlin 1968.

[14] Sutton R. S. and Barto A.G. Reinforcement Learning.A Brandford
Book, The MIT Press 1998.

[15] Whitley D. A Genetic Algorithm Tutorial. Technical Report CO 8052,
Computer Science Department, Colorado State University RoCollins,

1993.



