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Chapter 1

Introduction

1.1' Context and Motivation

This thesis is about the use of autonomous agents to solve problems. A problem is defined
by an environment and a task to achieve. For instance, the environment could be a
building with an elevator group and the task could be to control the elevator cars so
as to reduce the passengers’ waiting time {Crites 1996). An autonomous agent is an
entity that has the ability to interact, without human intervention, with dynamic and
unpredictable environments throngh sensing and acting devices. It can sense some aspects
of the environment’s state and influence its dynamics. During this interaction the agent
exhibits a behavior. When tightly coupled with the environment, the agent is said to be
embedded (Kaelbling 1993b), that is, being a part of this environment and having quick
reactions to stimuli.

The classical approach to building embedded autonomous agents has been to program
them. The designer uses his own expertise and a priori knowledge to anticipate all possible
patterns of interaction, or analyzes and models the problem with differential equations. In
the latter case the agent’s controller is derived using methods developed in the field of
control theory. However the increasing complexity of the problems, coming from difficult
tasks or from non-linear, stochastic and unstructured environments, limits the applicability

of such methods, even though adaptive methods to tune certain parameters of the controller

do exist.
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One way of overcoming this difficulty is autonomous programming, that is, making
the agent acquire the necessary skills to achieve the given task from the interaction with
the environment. Such a process is called learning and refers to the ability to meodify
one’'s knowledge according to experience. Apart from freeing the designer from explicitly
programming the agent, learning is useful to maintain the agent’s capability to perform
a task under changing circumstances. Thus learning agents are more flexible, robust and
able to cope with uncertainty and changing environments.

First research on learning focused on supervised learning where a tutor trains a system
using input-output pairs examples. Because such training examples are not always avail-
able, applications of supervised learning methods are restricted to patterns recognition and
classification, and functions approximation. Reinforcement learning (RL} is applicable in
more general and difficult cases. In the reinforcement learning paradigm, an agent learns
how to achieve a given task from its own inferaction with the environment. To do so
it modifies its decision process on the basis of a feedback which is a scalar evaluation of
its current performance. Positive and negative (high and low) values of this scalar corre-
spond to rewards and punishments respectively. Thus the agent sclves the problem when
it behaves in a way that maximizes rewards and minimizes punishments. RL methods
have proven to perform well on simple problems but become impractical to use when the
problem’s complexity increases.

The main motivation of the work presented in this dissertation is to scale up reinforce-

ment learning to complex problems.

1.2 Claims and Proposals

Two closely linked reasons can explain why reinforcement learning fails to solve complex
problems. First the appropriate reinforcement function, that is, the one that makes the
agent solve the problem when rewards are maximized, is not easy to find. So far there has
been no systematic way to design such a function. The second reason is that the number
of situations that the agent may encounter during 1ts interaction with the environment

increases with the complexity of the problem, so the search process is slowed down and
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becomes complicated. This phenomenon is called the curse of dimensionality.
We claim that a good uuderstanding of the difference between a behavior and the
mechanism that produces it, as well as the underlying consequences, will provide useful

insights to overcome the above difficulties. We argue that:

¢ 2 behavior is the description, from an external observer’s point of view, at different
levels of abstraction, of a sequence of actions produced by the agent via its coupling

with the environment;

¢ complex behaviors may be produced by the coordination of several simple sensory-
motor mechanisms interacting with the environment {Braitenberg 1984; Pfeifer and
Scheier 1998);

¢ solving a problem using an embedded agent amounts to designing the corresponding

behavior;

o the design process of a behavior consists in transposing the observer’s point of view

into the agent’s point of view;

Having these arguments in mind, it is now possible to tackle the obstacles that limit the
scalability of reinforcement learning.

Let’s start with the curse of dimensionality. When a problem requires to be solved
in which the agent performs a long sequence of actions, it becomes very hard to discover
such a sequence, especially when the reinforcements are sparse because the exploration
is not guided. One may introduce local reinforcements (given by a teacher) to guide the
exploration or come up with efficient exploration strategies. One may also argue that the
agent does not have the adeguate actions otherwise it would have solved the problem in
few decision steps (Martin 1998). Thus, we propose to add the missing actions to the agent
repertoire by allowing it to learn them. Actually these new actions correspond to skills
that solve parts of the problem. So it is necessary to perform a problem decomposition
in order to identify the needed skills. 1f the skills found are still too difficult to learn, the

corresponding sub-problems are decomposed once again. The resulting agent’s architecture
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15 a hierarchically structured skills set where each skill is learned using previously acquired
anes.

The direct consequence cof this approach is that we will have to design several simple
retnforcement functions (one for each sub-problem) rather than a single global and complex
one. However the necessity to have a means of describing behaviors still remains.

In order to systemize the approach we mentioned above, and manage the overall design
process a methodology is required. lssues that should be raised by such a methodology

concern:
o the analysis of the problem and the specification of the desired behavior;

e the problem decomposition into sub-problems and the learming of the corresponding

skills;
¢ coordination of these skills tc solve the glabal problem.

A methodology that meets these requirements as well as methods to address the above

issues are proposed in this thesis, and constitute our main contribution.

1.3 Organization of the Dissertation

In this thesis we investigate the methodological aspect of hierarchical problem solving using
agents that learn by reinforcement. The next chapter defines the reinforcement learning
problem. It provides a mathematical formulation of the problem and reviews techniques
to solve it. Chapter 3 presents the postman robot problem and describes the testbed used
in this work. In chapter 4 a new agent design methodology is introduced with details of its
components. One particular component of the methodology, the coordination, is addressed
in depth in chapter 5. Both chapters 4 and 5 report and analyze the experimental results
we have obtained. Finally in chapter 6, we summarize the contribution of our work, discuss

some practical issues, and suggest directions for future research.



Chapter 2

Background: Reinforcement Learning

In this chapter we introduce the reinforcement learning problem. We first setup the frame-
work by defining how the agent interacts with the environment and formalize the problem
as the optimal control of a Markov decision process. The solutions are presented from the
credit assignment point of view. Both temporal and structural credit assignment problems

are described and state-of-the-art methods to solve them are reviewed.

2.1 Formulation
2.1.1 Framework

The agent, the environment it interacts with and the task it has to achieve are the com-
ponents that define the reinforcement learning framework (figure 2.1). The interaction
between the agent and the environment is continuous. On one hand the agent’s decision
process selects actions according to the perceived situations of the environment, and on
the other hand these situations evolve under the influence of the actions. Each time the
agent performs an action, it receives a reward. A reward is a scalar value that tells the
agent how well it is fulfilling the given task. To be formal let’s denote x a representation
of the environment’s state as it is perceived by the agent, a the selected action, and r the
received reward. The agent’s decision process is called policy and is a mapping from states
to actions. A learning agent modifies its policy according to its experience and to its goal

which is to maximize the cumulated rewards over time. Such an amount is called return
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Figure 2.1: Reinforcement learning framework

and will be explained later. Because of its flexibility and its abstraction, the reinforcement
learning framework can be used to specify several kinds of problems. Actually, time steps
at which an interaction occurs have to be seen as decision-making steps rather than fixed
ticks of real time, and states and actions may range from low-level interaction devices to

high-level descriptions and decisions.

2.1.2 Markov Decision Processes

A Markov decision process (MDP) consists of a set of states X and a set of actions A
which allow movement from cne state to another. In each state z only a subset of actions
A(z) C A is available. The dynamics of the process is governed by a set of transition
matrices. There is one matrix P(a) for each action a, where each element P, {a} denotes
the probability of transition to state y given z and a. If an action @ is not available in state
x then Py (a) = 0. At the end of each transition a reward r = E(z, a,y) is generated. The
nnmediate evalnation of a transition is generally expressed by the expected reward:

R(z,a) = E[R(z,a,y)]
= Z P {a)R(z,a,y).

yeXN

(2.1)

In tlis thesis we assume that the process is discrete and that both S and A are finite.
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Policy

A policy is a mapping 7t : X — A which associates an action a to each state z. We notice
that a policy not only depends on the state of the process but also on the time step where
the decision is made. Here we will focus on policies that specify actions as a function of a

state only. Such policies are called stationary and are denoted =.
Markov Property

In general the outcome of a process, in terms of states and rewards, at a given time step
depends on the prior sequence of states or past history H, = {z;,a;, Zi-1, Gt-1, ..., To, Go }-
When it is possible to predict the next state and the next expected reward only on the
basis of the current state, then the process is said to have the Markov property or to be

Markovian. Formally the Markov property can be expressed by the following equality:
Pr(zg = 2,700 =7|Hy) = B”“(l"tﬂ = T, Ty = T|Te, ) (2.2)

One can notice the importance of the Markov property in the sense that the decision
is only a function of the current state. The case where an agent has to deal with non-
Markov states, either because it interacts with a non-Markov environment or because of

its incomplete perceptions, will be discussed later.

2.1.3 Returns and Optimality Criteria

An MDP controlled by a policy 7 generates a sequence of rewards R, = {r1,72,73, ..., Tn, .. }-
To order different policies we can define an optimality criterion on this sequence of rewards.
Roughly speaking an optimal policy optimizes the total amount of rewards generated over

a long run period:
TP+ T +ry 4+t (2.3)

Such a measure of long term reward is called return (Barto et al. 1990). Because of the

stochasticity of the controlled process we will consider the expected value of the return.
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Moreover we introduce the following generic notation for the return:

Zw(t)n] : (2.4)

t=0

where E is the expectation operator when policy # is used, V is the horizon of the return
and w is a weighting factor. Several optimality criteria have been investigated in the
literature (Mahadevan 1996), but all can be expressed in the above form. Here we will

focus on the case where N — oo and w(t) = 7,

where 0 < v < 1, which represents the
expected discounted total reward. The discount factor acts as an attenuator. Hence one
unit of reward received at time ¢ + 7 is equivalent to %" units at time ¢. This optimality
criterion is attractive because of its mathematical properties which make the computation
of the optimal policy more tractable: the return value is finite (because 0 < v < 1 and as

long as the reward function is bounded) and the optimal infinite horizan policy is always

stationary.

2.2 Temporal Credit Assignment

The temporal credit assignment problem (TCA) consists in atiributing credit or blame to
individual actions on the basis of the result of a whole plan of actions and is a concern for
most real decision problems. Indeed some actions may generate low immediate payoff but
can contribute to producing higher rewards in the future. Sometimes several actions have
to be performed before getting a reward: the reward is said to be delayed. In this section
we review dynamic programming (DP) and temporal difference {TD) learning which are
techniques that solve the TCA problem. Although DP algorithms can compute optimal
policies for MDPs, they are not very useful to solve reinforcement learning problems be-
cause an accurate model of the environment is usually not available. However dynamic
programming provides important theoretical foundations for understanding the function

of temporal difference methods.
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2.2.1 Value Functions and Optimal Policies

A widely used approach to deal with delayed rewards is to estimate the worth of a state or
a decision in terms of future expected rewards. Given an optimality criterion we can define

a value function for a policy #, V™ : X — IR as a mapping from states to real values. We

have:

V™(z) = E,

oo
> iz = a:] , (2.5)
t=0

which expresses the expected return when the policy 7 is followed starting from state z.
In the same way we can define a utility function for policy 7, @7 : X x A— IR mapping
state-action pairs to real values. Q" (z, a) expresses the utility to perform action a in state

z and follow policy 7 thereafter:

Qﬂ(l‘: a) = E‘rr

o
Z'Wﬂl'u =I, 0y = a} . (2-6)
t=0

Given two policies m; and mp, we say that m is better than (or an improvement of) m;
if the value function for the first policy is at least equal to that of the second policy, and
is greater for at least one state. Hence the optimal policy 7* is the one which cannot be
improved anymore. Its value function is V*. Many optimal policies may exist but they all
have the same optimal value function V*. Now we will see how such optimal policies can

be induced.

2.2.2 Dynamic Programming

The starting point of dynamic programming comes from equation 2.5 written in a recursive

form:

V™ (z) = Rlz,n(z)) +7 ) _ Pey(m(z))V"(y), (2.7)
yeX
which, for the optimal policy 7*, becomes:

V™ (z) = Rlz,7"(2)) + 7 Pay(n" ())V"(3)- (2.8)

yeX
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As all optimal policies have the same optimal value function V*, and V* > V™ for all

x € X and for all policies #;, we obtain:

V*{z) = max
ag Alr)

R(z,0)+7 Pw(a)v*@)} . (29)

yeX

This equation is known as the Bellman’s optimality equation (or Bellman's equation for

7). When V'~ is known, the optimal policy can be easily derived:

R(z,a) + v Z Pry(a)V(y)

yex

7*(z) = arg max
( ] gaEA(z)

(2.10)

There are several computational techniques to solve the Bellman’s equation. Here we will
limit ourselves to two of them: walue steration and policy iteration. But let’s first see how

the evaluation of a given policy can be computed.

Policy Evaluation

Let’s define V() as the expected return if policy = is followed for n steps only, starting
from state z. For n = 1, the expected return is simply the expected immediate reward,

when action ¢ = 7(z) is performed:
Vi(z) = R(z,a) (2.11)

Assuming that V|7 is known and that the next observed state when a is performed in z is
y with probability F,,(a), we have for all z € X:
Vi(z) = Rlz.a) +7 ) Puy(@)V(y). (2.12)
yeX
Similarly we can determine V7 from Vy7, Vi from V{7, and in the general case V7, from

vr.

Vi (z) = Rz, 7(z)) ++ Z Py (m(z)) Vi (y). (2.13)

for all z € X. After a high number of iterations IV over all states, V7(z) can be considered

as a good approximation of V™ (z) given an arbitrary initial V7 (z).
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Policy Iteration

The policy iteration method consists of two procedurss: the policy evaluation and the
policy improvement. Thus starting from any initial policy mp we will successively evaluaté
it, obtaining V™, improve it, obtaining 7, and so on until the optimal policy 7* is reached
{figure 2.2). Once a policy 7, is evalnated, the result V;, is used to make the improvement.

PE PI PE PE
T V™o s Vo gt V*

Figure 2.2: The policy iteration method build a sequence of policies that converge to 7*. PE
and PI are respectively the policy evaluation and the policy improvement operators.

The following update is applied for all z € X:

Tasa(x)  argmax | R(z,2) +7 D Pa(a)Vy ()| (214

Figure 2.3 shows the policy iteration algorithm.

7 + arbitrary policy
V + arbitrary function
repeat
Policy evaluation
repeat
for each z € X do :
V(o) « Riz, 7(®)) +7 Cyex Penln(@)V ()
end for
until max,ex V7 (z) - V7 (2} <e

Policy improvement
for each z € X do
7{z) + arg max, [R(m, a) + 7y EyEX ny(a)V(y]]
end for
until = is stable

Figure 2.3: The policy iteration algorithm
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Value Iteration

The policy evaluation phase in the policy iteration algorithm needs a lot of computation
and has to be performed after each improvement. Instead of making an improvement after
each policy evaluation, it is possible to make it after only one backup of each state. This
procedure amounts to directly compute the optimal value function using equation 2.9. The

backup operation becomes:

Var(z) = max | R(z.0) +7 3 Pay(@)Va(n))] (2.15)

yeX

for all z € X. The complete value iteration algorithm is given in figure 2.4.

Vy + arbitrary function

Compute optimal value function
repeat
for each z € X do
Vog1(z) ¢ max, [R(:r: a) + 77 Y yex Pry(@)Valy)
end for
until max,ex

Vn+1($) - Vn($)| <€

Compute optimal policy
for each z € X do

7(z) + argmax, [R(:n: a) + 9 yex PIy(a)Vn+1(y)]
end for

Figure 2.4: The value iteration algorithm

Asynchronous Dynamic Programming

The algorithms presented in the previous section are called synchronous dynamic program-
ming algorithms because at each iteration the vahie function is updated for the entire state
space. In the case where the state space is very large, the solution of the MDP becomes
computationally intractable. Asynchronous dynamic programming relaxes this rule and

allows backups to be applied for only a subset of the state set, which may be a singleton
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(Gauss-Seidel DP) and may vary in each iteration. Let X,, C X be the set of states whose
value functions will be backed up during the iteration stage » = 0,1,... The backups are
done as follows:

max, [R(w, @)+ ex Pmy(a)Vn(y)] if x € X,,

_ (2.16)
Va(z) otherwise.

Vari(z) = {

The choice of X, is crucial for the convergence to V*. Ideally each state should be backed

up infinitely, which means that it shonld be contained in all the subsets X,.

Adaptive Real-Time Dynamic Programming

The relaxation introduced by asynchronous DP is very useful when the computation of
the optimal policy occurs while interacting with an unknown process. In this case the
states are backed up as they are encountered. Adaptive real-time dynamic programming
(ARTDP) (Barto et al. 1995) relies on this principle to perform an on-line control of &
process. It involves the estimation of the process’ model, the policy computation, and
the control. Each time a transition is observed the estimate of the transition probabilities

matrixes P(a) is updated:

Pufe) = 223 (2.17)

where n,,(a} is the number of transitions from z to y when a is performed, and nz{a) =
> _yex Mzy(a) is the number of times a was performed in z. The estimation of the immediate
reward R(z,a) is simply updated with the average of the observed immediate reward for
this state-action pair. After an infinite number of updates the estimated model of the
process converges to the true process. At each time step ¢ the optimal value function
is estimated using the current process model estimation and the previous optimal value
function estimation V;‘_l. With an accurate model only one backup would be necessary
and Vt" wonld be equal to V*. However, in the present case snch a model is not available
and there are little variations between two consecntive estimations of the model. For these
reasons active exploration mechanisms have beeu investigated (Barto and Singh 1990) to

speed up the identification phase.
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2.2.3 Temporal Difference Learning

Temporal difference learning (Sutton 1988) methods are concerned with solving a prediction
problem and unlike DP methods, do not need a model of the environment’s dynamics. Such
methods are referred to as direct or model-free methods as opposed to indirect methods like
ARTDP or model-based methods like DP. In this section we present the general principle
behind the prediction of the value function of an MDP and then extend it te the control
problem. Finally we will see how the efficiency of TD methods can be improved with

eligibility traces and review some popular TD algorithms.

Prediction

For a Markov decision process and a policy «, the prediction problem concerns the value
function V™. Let 17”(:1:) be an estimate of V™(z). Given an experience (x,a,r,y) and the
estimates of each of these states, V™(z) and V*(y), it appears , relying on equation 2.7
that 7 + yV7(y) is a better estimate of VV7(z) than V" (x). The temporal difference error
(TD-error)

AV™ =7+ 4V (y) = V"(z) (2.18)

is simply the difference between these two estimates, and is used to update the previous
estimate of V™. The construction of an estimate of V™ directly from the observation of

successive states and rewards is dene using the following update rule:

Vi{z) « V) + aldVT, (2.19)

where 0 < o < 1 is the learning rate. Equation 2.19 is known as the TD(0) equation. Each
time the state z is visited and the above update is applied, the estimate V7™ (z) becomes

closer to V7 (z).
Control

To use TD methods for the control problem, the prediction has to be made on the utility

function @7(x, a) rather than on the value function V™{z). On the other hand we need to
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expand the experience mentioned above by adding & which is the chosen action when y is
observed. At the end of each state-action pair transition {(z,a),, (y, b)), the same update

rule as for V7 (z) is applied to estimate Q"(z, a):
Q"(z,0) « Q7(z,0) + A, (2.20)

where AQ™ = r + 40" (y,b)— Q7 (z,a). We notice that there is a mutual influence between
the policy 7 and the utility function @™. In effect a new update of @™ changes =, which
then modifies @™ and so on until both of them become optimal. Algorithms based on this
update rule are called Sarsa (because of the tuple State, Action, Reward, State, Action) and
was first investigated by Rummery and Niranjan (1994) who called it Modified Q-learning.
Q-learning (Watkins 1989) is another algorithm also based on TD-learning, which directly

estimates the optimal utility function Q*. It uses the following update rule:
Q*(z,0) + Q*(z,0) + aAQ, (2.21)

where

AQ :T—}-fymg,xQ*(y,b) —Q*(z,a). (2.22)
Unlike Sarsa, Q-learning does not need to know the actual action that will be executed
during the next experience; it simply takes greedy action with respect to y and the current
estimate of ¢*. Q-learning is qualified by asynchronous or off-policy algorithm because
it can learn the utility function of a policy (the optimal one) while following another (by
observing the behavior of another agent for instance). The convergence of these algorithms
is guaranteed if all state-action pairs are visited an infinite number of time and the learning
rate is decayed adequately. Moreover the Sarsa algorithm requires that the control policy

converges little by little towards a greedy policy.
Eligibility Traces

One way of improving learning and dealing more efficiently with the temporal credit as-

signment is not only to update the value function of the state which is currently visited,
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but to update those that have led to 1t as well. To do so, we keep a record of the degree
of recency of the visited states: their eligibility traces. Thus the estimate of the value

function is updated for each state according to its eligibility. The update rule is
Vi(z) « V™(z) + aAV™e(z), for each z € X (2.23)

where e(z) is the eligibility of state z. It is updated on-line either by accumulating traces

vAe(z) +1 if z is the current state, ,
elw) & { yAe(r) otherwise (2.24)
or by replacing traces
1 if z is the current state,
elz) { ~he(z) otherwise, (2.25)

where 0 < A < 1 is the trace-decay factor. The difference between these two eligibility
trace mechanisms is emphasized in figure 2.5. Basically accumulating traces takes into
account both the frequency and the recency of the state whereas replacing traces only
considers the recency. Both traces decay exponentially according to A when the state is
no longer visited. Recent work has reported the superiority of replacing traces (Singh and

Sutton 1996}. Prediction algorithms based on the update 2.23 are called TD()) and are &

\ accumulating trace
\v& replacing trace

{ \ I v1siis to a state

Figure 2.5: Evolution of traces according to the state visits.

generalization of TD(0). The way we introduced the eligibility traces is called the backward
view of TD(A) (Sutton and Barto 1998). It is intuitive and can be directly implemented.
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On the other hand, the forward view of TD(A) is a more theoretical view and consists in
making updates using predictions on several forthcoming steps.

Eligibility traces can also be used to enhance the performances of control algorithms
such as Sarsa or Q-learning. However 1t is required to have traces for each state-action pair
and not only for each state. The algorithms resulting from this combination are Sarsa(A)
(Rummery 1995) and Q(}) (Peng and Williams 1996), and are presented in figure 2.6.

The counterpart of the efficiency in the use of eligibility traces is their computational
cost because the value function and the eligibility traces have to be updated for each
state {or state-action pair for the control). However there are some promising results that
overcome this drawback (Cichosz 1995; Wiering and Schmidhuber 1998). The principle
is to update only the states whose traces are above a certain € and ignore the remaining

states.

Exploration

As it was pointed out earlier the convergence of TD control algorithms to an optimal policy
is essentially subject to the requirement to visit all state-action pairs an infinite number
of time. This is obviously not possible in practice because it would take too long before
starting the optimal control. The agent is therefore faced with an interesting trade-oft
between (i) performing actions that will increase its knowledge about the environment (i.e.
visiting new states or consolidating its experience) and {ii) actions that are optimal relative
to its current estimate of the optimal policy. In fact some actions are known to give good
results in a particular situation but some others are not known at all and might produce
better results. This trade-off is called the ezploration-ezploitation dilemma. Methods to

solve this dilemma can be classified into two categories: undirected methods and directed

methods.

Undirected methods, also called ad hoc methods, do not use any knowledge about
the learning process to direct the exploration: they make a random exploration. The
simplest technique to do so is called e-greedy policy. It takes a greedy action by default

and, with probability ¢, a random action. The parameter ¢ is set to 1 in the beginning to
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Qz'a'y+— O and e(z',a') — Oforeachz’ € X and o' € A
Observe z
Choose o according to Q(z, a) and some exploration policy
loop

Perform a, observe r and y

Choose b according to Q(z, b) and some exploration policy

For Q(A) . .
A'Q 1 +ymax.Q(y. c) — @z, a)

AQ « 7+ vmax. Q(y. ¢) — max. Q(z,c)

For Sarsa(A) “
ANQ 1+ vQly,b) — Qz,a)
AD « AO

for each state-action pair (z',a’) do
e(z’, a') — vie(z',a’) )
Q' ad) + Q(z’,a") + aAQe{z’, a')
end for
Q(z.a) & Q(z,a) + alN'Qe(r, a)

For accumulating traces
e(z.a) ¢~ e(z,a) + 1

For replacing traces

e(z,a) « 1

for each o’ € A do
e(z,a') « 0

end for

z+yanda—b
end loop

Figure 2.6: Algorithms of Q(A) and Sarsa()) with either replacing or accumulating traces. For
A = 0 we have Sarsa and one step Q-learning algorithms.
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encourage exploration and is slowly decreased thereafter to ensure exploitation. Another
more sophisticated technique is based on a Boltzmann distribution
(Qlz.a)/T

Tren 7T

where T is the temperature parameter which controls the exploration. With a high tem-

Pla]z) = (2.26)

perature the probabilities are uniform and as T decreases the probability of choosing 7*{z}
become closer to one.

Directed methods {see (Thrun 1992; Wyatt 1997, Wilson 1996) for more details) are
based on an exploration borus which is added to the utility function. It is worth mentioning
tha.t‘ this bonus is simply a random value in the case of indirected methods. As for directed

methods, the bonus is based on one or a combination of the following criteria:

e counter criterion, which takes into account the nurnber of times that a state-action

pair is visited;

e error criterion, which uses the variation of the utility function. The higher the

variation of the utility the more its corresponding state-action pair is preferred;

e recency criterion, which promotes state-action pairs that have been tried the least

recently.

Other techniqﬁes that seem to be powerful and promising are based on the Gittins’ indexes

and are currently investigated by (Meuleau and Bourgine 1998).

2.3 Structural Credit Assignment

The natural and simplest way of representing the estimates of the value and utility functions
is to use a lookup table. Such a table will have a single entry for each state or state-action
pair. This kind of representation is well-suited for simple tasks with small state and
action spaces. However when these spaces become huge, the problem faced goes beyond
the prohibitive amount of memory needed to store values of each entry. Specifically, the

greater the number of situations which the agent has to deal, the smaller the probability
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that the same situation will be faced more than once. Thus the learning process becomes
difficult and the agent needs some generalization ability, which allows it to make a fair
decision in a situation it has never faced before. This is known as the structural credit
assignment problem and is concerned with attributing credit (or blame) to features of the
faced situations in order to generalize across them.

To deal with this problem value (or utility), functions are represented nsing function
approzimators. An ideal function approximator should nse a fixed and limited amount of
resources to represent a function, have good generalization abilities and be parameterizable
to allow on-line estimation of the functicn.

Several generalization methods and function approximaters have been developed and
used in reinforcement learning: methods based on Hamming distance and statistical clus-
tering (Mahadevan and Connell 1992), Cerebellar Model Articulation Controller (CMAC)
{Tham 1995; Santamaria et al. 1997, Benbrahimi and Franklin 1997) and neural ndt-
works (Rummery 1995; Millan 1996). Here we will focus on neural networks and on
multi-layer perceptron (MLP) in particular becanse they are well-suited to implement the
gradient-descent methods (a widely used method for function approximation) using the
errer back-propagation algorithm, and finally because it is the approximater we used in

Olr experiments.

2.3.1 Prediction with Function Approximator

In this section we present the general algorithm that combines both temporal difference
metheds and function approximation techniques. It is based on the gradient-descent ap-
proach and can be used with any functiocn approximator.

Let’s assume we have at our disposal the true values of V™ (the function we want to
approximate) for each z € X. Also let Vp“(a:) = V7(F,z) be the function which approx-
imates V™ where § 1s a parameter vector. It is those parameters that are tuned so that

V7 (x) becomes closer to V™{x} for each z € X. Finding a good approximaticn of V™ using

V7 consists in finding the configuration of p that minimizes the quadratic error over the
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state space:

1

B=33 [V - 1‘/;(3:)]2 . (2.27)

To do so gradient-descent methods progressively reduce the observed error for each step.
The parameter vector is tuned in the oppaosite direction of the gradient of ?p”(z) with
respect

ﬁ — ﬁ— aVﬁE
(2.28)

“F+a|V(e) - @) Vil ()
where o is the learning rate and V; is the gradient operator with respect to §. The learning
rate ¢ weights the strength of the tuning so that only a small step is taken in the improving
direction. If the learning rate is tuned to completely reduce the error on the observed
example then the parameter vector will not converge because it will be destabilized after

-‘:each new update.

In the case of TD learning, the value we want to approach with 17;(:::) after an experience

<Z,0,T,Y>, 18T+ 'yvp“(y). Hence the update rules for the parameter vector are
§p+eAlre (2.29)

where /_\T;;f 1s the TD error 7 —i—fyﬁf(g) — T;;“(z), « is the learning rate and € is the eligibility
trace vector. In the tabular case eligibility traces were assigned to each state. In the present

case they are assigned to each component of the parameter vector. Their update is
€ yAE+ V;V (z) (2.30)

where € has an initial value of zero.
The equations presented here can be extended to estimate the utility function @"(z,a)
in the same way as for the tabular case. In the next section we briefly introduce neural

networks, and then we show how they can be used with the above update rules.

2.3.2 Neural networks

Artificial neural networks (ANN), also known as connectionist networks, are mathematical

and computational models inspired from human nervous cells. Their basic components
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are simple processing units (also called neurons or perceptrons) interconnected by weighted
synaptic links. Each unit receives signals from other units or external sources and processes

them. The result of processing is either used as input to other units or as output of the

network.
Architecture

Back-propagation

4

—
o
o = b
Input L 2 z | Output
e i ; - T: - = T
= 5 =
£ S 3
Activation

Figure 2.7: Multi-layer perceptron network.

As we said above, we will only consider multi-layer perceptron (MLP) networks. In
such networks, units are organized in layers: units interacting with the outside are in the
input or output layers, and all other units belong to the hidden layers (figure 2.7). When
the units are connected in a forward way (from the input to the output layer) we have a
feed- forward network. Sometimes certain units in the hidden or output layers are fed back

to previous layers and give a recurrent network.
Activation

The activation in the network is computed by propagating the units activation from the
input to the output. The connexion between two units is defined by a weight wfj which

determines the effect that activation a!”

; ! of unit 7 has on unit ¢ (figure 2.8). The activation

of & unit 4 (its output) is calculated in the following manner,

al = F(s?), (2.31)
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layer g — 1 layer ¢

o wi, o

ij
Figure 2.8: A connexion between 1units of consecutive layers. The index of the layers decreases
from the output to the input.

where g indexes the layer, F is an activation function and s! the weighted sum of the unit’s

inputs plus a bias &{,
sT= > wlal™ +of. (2.32)
‘ 3

The activation function F has to be non-linear and is usually either sigmoidal, semi-linear

or tangential. However a sigmoid activation function is very often used

1
T l4ens

F(s) (2.33)

Back-Propagation

The priuciple of the back-propagation method is to propagate the error, namely the differ-
ence between the desired output and the actual output, from the output to the iuput units
so as to know the error of each unit. It consists in using a gradient-descent technique to

minimize the quadratic error
1 s
B=ld-ap (2.34)

where d is the desired output vector and @ is the actual output vector of the network. To
do so the gradient OE/0w]; is computed by decomposing it into two terms which will be
separately evaluated

0E _ OF 05!

Owl, s Owf;

(2.35)
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The second term can be directly calculated

Os? ) - ; -
=5y (Z 1+bs) = (236

i i \ %

and the first term which is the error ef on the unit ¢ of the layer ¢ is decomposed once
again to give:

9E  OE ! N
_@:@83?. (23()

1

el =
1

As al = F(s!) we immediately deduce
dal ,
Soo (D). (2.38)

g i
Js;

For the calculation of 8E/da! we have to consider two distinct cases in which whether

layer ¢ is or is not the output layer. If it is then

o
and the error of an output unit is
= (d— oD F (), (2.40)

Wkhen the layer ¢ is not the output layer, the gradient dE/da] is derived from the errors

of forward layers

OF -y oE asTt
dal — 9sitt Oaf
DI
k

and the error of an non-output unit is

el = (Z gg“wﬁjl) F'(s). (2.42)

k

(2.41)

Finally each weight of the synaptic links is corrected as follows

wy; + wi; + agla]. (2.43)

ij
where £7 corresponds either to the one of equation 2.40 or 2.42. At this stage it is straight-
forward to notice how the gradient-descent method for value function prediction presented

in section 2.3.1 can be easily implemented with neural networks. Figure 2.9 presents the

connectionist version of Sarsa(A).
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Initialize «J with small random values and € to zero
Observe z
Choose a according to Qy{z, a) and some exploration policy
loop
Perform a, observe r and y
Choose b according to @, (y,b) and some exploration policy

AQw —r+ 7Qw(y:b) - Qw(.'L',G,)
€ & YAE+ VR (T, a)
W W+ aAQyE

- z+yanda+b
end loop

Figure 2.9: Algorithm of Sarsa{}) with a connectionist function approximator.

2.3.3 Connectionist Reinforcement Learning

To repreéent the utility with MLP networks {called in this case @-nets), one has to carefully
define a certain number of issues.

Basically Q-nets take as inputs a state z and an action a and produce their utility
@{z,a) as an output. So the first issue concerns the use of a single network whose inputs
encode both the state and the action or a set of |A| distinct networks whose inputs encode
only the state. The monolithic case may give fair results when the action space is continuous
but is not efficient to deal with domains with discrete actions. This limitation comes from
the fact that the network has, in this case, to model a highly non-linear function because
for the same state different actions (usually having a similar representation) may have very
different utility functions. Moreover this architecture does not support the use of eligibility
traces. The distributed architecture, also called OAON (One Action One Networks) (Lin
1992} associates one network to each action to reduce the interferences between actions
and is sultable for use with eligibility traces.

The second issue concerns non-Markov states. Recall that a Markov state 1s necessary
and sufficient to make the right decision and to predict the next state for a given action

in a given state. When the agent does not have a Markov state it faces the hidden state
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problem. To cope with this problem the agent has to build an internal Markov state using
history information. Recurrent neural networks, construct such a history in a compact
way: units in the hidden layer are fed back to a part of the input layer called contert, the
rest of the input layer is devoted to the state (figure 2.10). These networks are known as
Elman networks and have been used by Lin (1992) to solve several non-Markov tasks.

The last issue vefers to the specifications of each of the three layers.

Input units

Qutput unit

Hidden units

Context units

Figure 2.10: An Elman network as used by Lin (1992).

The Input Pattern

The input vector of the neural network is a representation in terms of features coding of
the state to be evaluated. It is called the input pattern. The design of this vector is
very important and has a great impact on the learning and generalization abilities of the
network. The choice of the features requires a good knowledge of the task domain and
their coding depends on their nature.

As far as the features allow it, the most simple and efficient way of representing them is
a binary coding. If a feature has a finite and small number of possible values, for instance
such as a lift’s location in a building, then cone input unit is associated with each of them.

The unit is 'on’ when the feature has the corresponding value and 'off’ otherwise.
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When the feature is a real value, such as a robot’s sensor reading, it can be either
scaled in the range [0, 1] (to avoid units overshooting) and represented with a single unit,
or spread over several units. The latter choice is a coarse coding technique and is useful
when different responses are needed for different ranges of the value we want to code or
also when we need more accuracy. The coarse coding technique is used in conjunction with
binary features, radial basis functions (RBF) or sigmoid functions. For more details about
these techniques see (Sutton and Barto 1998) for the first two methods and (Rummery
1995) for the third one!.

The Hidden Layer(s)

The number of hidden layers as well as the number of units in each layer are the factors
that define the degree of freedom of a neural network. Hence the more complicated the
function, the more numerons hidden layers and units. In an MLP a single hidden layer
is usually sufficient but there is no systematic means of determining the exact number of
hidden units. However it has been reported by Rummery (1995) that, in reinforcement
learning applications, the final performance of the system is no more affected beyond a
certain number of hidden units. Only the convergence time and the computational cost
become high. Therefore a possible strategy to find the ideal number of hidden units would
be to start with a small number of hidden units and to increase it up to the point where

no improvement can be observed.
The Output Layer

The output of the network, when it is used to approximate a utility function, is a real
value. 1t can be either encoded by several sigmoidal output units using the technique
of overlapping Gaussian ranges {Pomerlean 1991) or by a single nnit. In the latter the
activation function of this unit may be either linear or sigmoidal. However with a linear
function the output value is not bonnded, therefore a high error may be back-propagated

and thereby makes the units overshot. If a sigmoid function is utilized, the output value is

A brief description of the coarse coding technique using sigmoid function is given in section 4.4.2.
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within the range [0, 1] so the immediate reinforcement has also to be within this range. In
practice either we have an idea about the variation range of the reinforcement, so we can
scale it, ar we use a very small learning rate which will slow-down the learning process.
To overcome this handicap Benbrahim and Franklin (1997) developed a method called Self
Scaling Reinforcement (SSR) which self scales the reinforcement signal according to the

minima and the maxima ohserved.

2.4 Summary

This chapter has set up the foundations of reinforcement learning and has overviewed re-
lated existing methods and algorithms. Let's recall that reinforcement [earning has to be
viewed as a class of problems or as an adaptive control paradigm rather than a particular
learning technique. RL has become very popular in the field of intelligent autonomous
agents and has attracted researchers from other disciplines like statistics, psychology and
artificial intelligence. RL is becoming increasingly mature because, on one hand its the-
oretical aspects (link with dynamic programming, choice of optimality criteria, analysis
of various algorithms’ behavior, function approximators) are intensively investigated and
on the other hand the number of practical applications is continuously growing. Exam-
ples of such applications are: elevator control {Crites 1996), TD-Gammon (Tesauro 1995),
dynamic channel allocation in cellular telephone system (Singh and Bertsekas 1997) and
job-shop scheduling (Zhang and Dietterich 1995). The efforts are currently focused on scal-
ing up reinforcement learning to large, complex and partially observable problems. They
involve issues such as centinuous state and action spaces, representation, hierarchical con-
trol and task decomposition, and methodologies for general application of RL. The [ast

two issues constitute the central theme of this thesis.



Chapter 3

The Postman Robot Problem

In this thesis the postman robot problem is used, as an application framework for the
methodology we will introduce, and as a testbed for our experiments. In this chapter we
describe the postman robot task as well as the robot and the particular setups that we

have used.

3.1 The Postman Robot Task

The postman-robot is given a set of parallel and conflicting objectives and must satisfy
them as best as it can. The robot acts in an office environment composed of offices,
a batteries’ charger and a mailbox. I{s task is to collect letters from the offices and post
themn in the mailbox. While achieving its postman’s task as efficiently as possible the robot

has to avoid collisions with obstacles and recharge its batteries to prevent break-downs.

3.2 The robot

The physical robot is a Nomad 200 mobile platform (figure 3.1}. It has 16 infrared sen-
sors for ranges less than 40 centimeters, 16 sonar sensors for ranges between 40 and 650
centimeters, and 20 tactile sensors to detect contact with objects. It is also equipped with
wheel encoders and a compass to compute its current location and orientation relative to
its initial ones. Finally, it has three wheels controlled together by two motors which make

it translate and rotate. A third motor controls the turret rotation.
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Figure 3.1: The Nomad 200 robot
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3.3 The Environment

The postman robot’s decisions are mainly driven by the letters flow, as well as by the

batteries’ level. In this section we describe their dynamics and relative assumptions.

3.3.1 Assumptions

We define an atomic action that the robot can perform as a steering of Af degree followed
by a translation of Ad centimeters. Thus the set of available actions is constituted of
several pairs a; = (Af;, Ad;). The interval between the end of the execution of two actions
deﬁnés the duration of an interaction cycle and corresponds to one time step.

In addition the following assumptions are made about the robot capabilities:

o The robot can sense the number of letters it holds, its batteries’ level and the number

of letters in each office;

e The robot gets the letters once it is in an office, posts the letters once it is near the
mailbox, and recharges its batteries once it is near the charger (because it does not

have any grasping or recharging devices).

3.3.2 Dynamics

Let’s denote z,(t) the number of letters that the robot holds, z;;() the number of letters
in each office ¢, and z,(¢) the batteries’ level, at a given time step ¢. The evolution of these

parameters are governed by the following equations:

o Letters in an office 7

Ty (t) + §(t)
Igi(t + 1) =
0,if the robot picks up the letters from office 4

where £(¢) is the incoming letters in office ¢ at time step ¢.

e Letters transported by the robot:

z,(t) + zu(t), if the robot picks up the letters from office i
T(t 4+ 1) =
0, if the robot posts the letters it holds.
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o Batteries’ level:

.’L‘b(t) — The
Ib(t + 1) =
100%, if the robot recharges its batteries

where z;. 15 the batteries’ consumption rate for one time step.

3.3.3 Testbed

The particular environment we used for our experiments is composed of three offices, one
mailbox and one charger {figure 3.2). Its size is approximatively 13m x 13m. Letter
arrivals in each office are either periodic (i.e n letters each p time steps) or foilow a Poisson

distribution. Table 3.1 shows the letters flow patterns that were used.

Periodic Poisson
(letters/period) | (mean letters/time steps)

Office 1 1/40 3/100

Office 2 1/30 5/100

Office 3 1720 77100

Table 3.1: The letter arrivals patterns for each office.

To carry out the experiments we had at our disposal the Nomad 200 development
host which simulates the robot’s sensors and cinematics and we wrote a program which
simulates the letters arrival and the batteries’ dynamics (figure 3.2). Although the robot’s
simulator is realistic it is time consuming. For example, it takes about 30 seconds to maove
from cne office to another when the simulator is run on a Sun Ultra 1 station. To speed up
the simulation process, we have proceeded in the following manner. When the navigation’s
behaviors were learned {using the Nomad 200 simulator) we measured the number of time
steps needed to move from one place to another. These measures are used to define a grid
simulator which is then coupled to the letters flow and batteries simulator.

Thus we can test and validate the coordination of these elementary behaviers much
faster, while still being able to reuse the learned cocrdination with the robot’s simulator.

As our navigation algorithms rely on the odometry (see section 4.5.1), we were unable
to reuse them on the real robot because of the dnft. We are currently developing other

navigation behaviors based on beacons’ detection.
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3.4 Summary

We have chosen the postman robot task because it provides an opportunity to apply
reinforcement learning to build both reactive {navigation, obstacle avoidance) and planning
(collecting and posting letters efficiently) skills of the robot. It is an instance of a more
general task involving the coordination of concurrent and interfering behaviors and is
analogous to the optimal foraging problem which is usually faced by animals (Stephens
and Krebs 1986). Let’s add by the way that a postman robot is currently running in a
building of Carnegie Mellon University and that its design and implementation has involved

about 10 persons (Stmmons et al. 1997).



Chapter 4
The Methodology

This chapter introduces a methodology to solve problems using reinforcement learning.
We begin this chapter by justifying the need of a methodology in reinforcement learning.
An interaction model between the agent and the environment is then presented and some
important notions like agent or behavior are clarified. Then we describe the Hierarchical
Problem Solving (HPS)' methodology as well as its associated methods, and apply it to the
postman robot problem. Finally we report the experiments we carried out and the results

we obtained.

4.1 A Methodology for Reinforcement Learning

Problem solving using embedded reinforcement learning agenis has become very attrac-
tive because the level of abstraction at which the designer intervenes is raised (i.e. the
agent is told what to do using the reinforcement function and not how to do it) and little
programming effort is required (most of the work is done by autonomons training).
Nevertheless and despite its mathematical foundations, reinforcement learning cannot
be used as it is to make the agents solve complex problems. Such a limitation is essentially
due to the huge search space the agent has to deal with and to the difficuity in finding
the adeguate reinforcement function. One way to solve complex problems is to adopt a
divide-and-conguer approach: (1) breaking down the initial problem into sub-problems
with small state spaces and simple reinforcement functions, (2) solving each sub-problem,

{3) combining the solutions of each sub-problem to solve the original problem.
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The above procedure is recognized to give fair results and has been widely applied
in reinforcement learning (see (Mahadevan and Connell 1992; Lin 1993, Kalmar et al.
1998; Dietterich 1997) for instance). However only experienced designers can overcome the
tricks that may appear during its use. In this chapter we introduce a methodology which
integrates this procedure and helps the designer to build efficient control architectures for
reinforcement learning agents.

The objective of a methodology, in any engineering field, is to provide helpful guidelines
to engineers during the design process. Its role is of great importance because it not only
ensures the quality of the final product but also optimizes the use of available resources,
the tasks' allocation over several persons as well as the management of the whole process.
The different stages in a general engineering methodelegy are shown in figure 4.1. The

next two sections review attempts to determine principles for the agent’s design process.

Define the problem

Implement, test Engineering
and validate Design
the solution Process

Analyze the
problem

Make the
design choices

Figure 4.1: A general engineering methodology.

4.1.1 Pfeifer’s Design Principles

By setting up the foundations for autonomous agents’ design principles, Pfeifer (1996)
wanted to provide new insights in understanding intelligence. His main argument is that

the best way to understand intelligence is to build autonomous agents. Another major
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purpose is that the agent’s design relies on the intuitions of experienced designers and
that this know-how is often left implicit in most scientific publications. Thus the design
principles aim at making this knowledge explicit and provide guidance on how to build
autonomous agents.

The design principles which were proposed are clustered into two classes. The first class
15 called task environment and concerns the definition of the ecological niche in which the
agent will evolve, as well as the task it has to achieve and the behaviors it has to exhibit.
The second class is devoted to the design of the agent itself and is constituted of seven
principles which include issues such as agent morphology and control architecture. We

review these principles as they were summarized in (Pfeifer and Scheier 1998):

1. The complete agent principle. The kind of agents of interest are the complete

agents, i.e. agents that are autonomous, self-sufficient, embodied and situated.

2. The principle of parallel, loosely coupled processes. Intelligence is emergent
from an agent-environment interaction based on a large number of coupled processes
that run in parallel, loosely coupled processes that run asynchronously and are con-

nected to the sensory-motor apparatus.

3. The principle of sensary-motor coordination. All intelligent behavior (e.g. per-
ception, categorization, memory) is to be conceived as a sensory-motor coordination

which serves to structure the input.

4. The principle of cheap designs. Designs must be parsimonious, and exploit the

physics and the constraints of the ecological niche.

5. The redundancy principle. Sensory systems must be designed based on different

sensory channels with information overlap.

6. The principle of ecological balance. The “complexity” of the agent has to
match the complexity of the task environment. ln particular given a certain task
environment, there has to be a match in the complexity of sensors, motor system,

and neural substrate.
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7. The value principle. This principle states that the agent has to be equipped with
a value system and a mechanisms for self-supervised learning employing principles of

self-organization.

These design principles were successfully applied to build "Sahabot*, a mobile robot

whose behavior is inspired from the desert ant’s behavior.

4.1.2 The BAT Methodology

The need for a principled approach to developing learning autonomous agents, also moti-
vates the efforts of Dorigo and Colombetti (1998) to define a new technological discipline
called Behavior Engineering. Behavior Engineering aims at providing a methodology, a
repertoire of models and a set of tools supporting all the phases of the agent development
process. The methodology they proposed, called Behavior Analysis and training (BAT)
{Colombetti et al. 1996), is based on the experience acquired during their past research,
and covers several issues in the building process of autonomous robots such as specification,

design, training, and assessment. The BAT methodology comprises the following stages:

1. The informal (i.e. in natural language) description of the agent and its environment

as well as the requirements of the desired behavior.

2. The analysis of the behavior and its decomposition into simple behaviors. The in-
teraction between these behaviors is then defined using some operators (independent
sum, combination, suppression, sequence). The result of this stage is a structured

behavior.

3. The specification of the robot components including in particular the sensors and the
effectors, the controller architecture, the reinforcement function for each elementary
behavior, the training strategy, and sometimes the extensions that should be added to
the environment. A set of generic control architectures based on Behavioral Modules

(BM) is provided to implement the structured behavior.

4. The design, the implementation and the verification of the control architecture.



The Methodology 39

5. The robot’s training until the desired behavior is learned.

6. The validation of the learning process and the observed behavior.

This methodology assumes that the robot’s apparatus and the environment are pre-
defined, and the BMs are endowed with a well-chosen reinforcement learning mechanism
which was in most cases a Learning Classifier System (LCS). The feasibility of this method-

ology was demonstrated through three practical examples.

4.1.3 Discussion

The two approaches presented above constitute the main and, to the best of cur knowledge,
the only attempts to define a principled and systematic means to designing autonomous
agents. Both of them were developed within and especially for the robotics field. However
some remarks can me made about them.

Pfeifers’ design principles provide a set of recommendations and advice to respect,
rather than guidelines to follow. Also they do not deal with the testing and the evaluation
issues, and timidly address the learning aspect. However the difference between a behavior
and the mechanism which produces it by interaction with the environment has been clearly
stated and highlighted (this point will be detailed in the next section).

The BAT methodology explicitly guides the designer during all the stages and defines
the expected result at the end of each of them. Learning is considered as an integrated
part of the methodology and the role of the trainer to make the learning process eflicient is
stressed. However we regret a certain lack of formalism in the specification phase and that
the decomposition process heavily relies on the designer’s intuition and past experience.

In conclusion, we can point out that these approaches are (or may be) complementary
in the sense that the first one addresses the scientific part while the second one addresses

the engineering part in the design of autonomous agents.
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4.2 Agent-Environment Interaction Model

At this stage it is worth clarifying the notion of behavior which is usually encountered
in agent applications and robotics in particular. A behavior is the description from the
observer’s point of view, at different levels of abstraction, of a sequence of actions produced
by the agent via its coupling with the environment. In simple words, an agent’s behavior
can also be defined as the resuit of the interaction between the agent’s sensory-motor loops

and the environment. In this section, we describe this interaction within the reinforcement

Observer’s
point of view

Y

Environment

Y

—J Execution Perception pe—

Reinforcement |-

Revision

|

Decision

|

Agent’s
point of view

Sensory-motor loop

Figure 4.2: Agent-environment interaction model in a reinforcement learning framework.

learning framework, in more depth than in chapter 2. As shown in figure 4.2 the agent’s
behavior is modeled as a coupling of two dynamical systems: the agent, constituted here
by a single sensory-motor loop and the environment. We also distinguish between the

different points of view:

e the agent’s point of view, which takes into account the internal mechanism that

generates commands according to perceptions;
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¢ the external observer’s point of view, which considers the environment, including the

agent because it is embedded in it.

This distinction allows us to emphasize the following points:

o the difference between the environment’s state s and the agent’s perception y, as well
as between the command a that the agent executes and the action u that actually
influences the environment. In robotics, for example, the agent may have an obstacle
in front of it and only gets sonar or infrared readings. The observer knows that this
measure is correlated with the distance to the obstacle but a priori not the agent.
In the same context, the agent may send the motors a command corresponding to
a certain number of wheel turns which makes it move in the environment, but this
movement is not perceived as such by the agent. Moreover the same number of wheel
turns may result in different movements according to the distance to the obstacle and

to possible slipping;

e the agent’s decision is taken according to the internal state «, which has to be Markov.
This state is made Markov by the revision (or reconstruction) process which ranges

from the identity function up to the most sophisticated knowledge revision process;

e the reinforcement signal which previously came from the task {figure 2.1) is now a
part of the agent. More precisely, it is a part of the agent’s a priori knowledge given

by the designer: the philogenetical tnheritance.

o complex behaviors may be produced by simple mechanisms through their interaction
with the environment (Braitenberg 1984; Pfeifer and Scheier 1998). Hence the be-
havior’s design process would be a projection from the problem’s domain (observer’s

point of view) to the co-domain (robot’s point of view).

From now on, we will use the term behavior to describe an agent solving a problem.
Also, problem decomposition and sub-problem will be replaced by behavior decomposition
and sub-behavior. Thus a behavior is constituted by a hierarchy of sub-behaviors just as

if we had a hierarchy of agents in which each agent is solving a sub-problem. In addition,
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these changes will place stress on the design of an interaction rather than that of an isolated

agent.

4.3 The HPS Methodology

The Hierarchical Problem Solving (HPS) methodology we propose aims at providing a sys-
tematic approach in the use of embedded reinforcement learning agents to solve problems.
[t focuses on the agent’s design and more specifically on the hierarchical aspect of the
control architecture. The methodology assumes that the environment, the agent and its
interaction devices, as well as the problem to solve are predefined.

The HPS methodology will guide the designer by telling him how to:

e formally specify the agent’s behavior;
¢ decompose the global behavior into a hierarchy of sub-behaviors;

e produce elementary behaviors of the hierarchy, i.e. behaviors of the lowest level,

using reinforcement learning sensory-motor loops;

e coordinate the sensory-motor loops at a given level of the hierarchy to get the behavior

of the upper level;

e evaluate and validate the global behavior.

Figure 4.3 gives an overview of the different stages of the methodology. We notice that:

e the controller’'s design is iterative, that is, the results of the glcbal behavior’s evalua-
tion can be used to correct the specifications. The cycle is repeated until the expected

behavior 1s observed:

e the analysis process is top-down and from the observer’s point of view while the

design process is bottom-up and from the robot’s point of view;
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¢ the distinction between the different points of view allows us to identify which parts
have to be treated by the designer and which have to be learned by the robot. Hence

we can easily combine engineering and evolution.

Observer's point of view Robot's peint of view

Evaluation and validation
of the behavior

¥ :
Problem and agent Formal specification
definition of the behavior
Y

Decomposition into
a hierarchy of behaviors

)

Coordination of the
sensory-motor loops

!
Production of

»| elementary behaviors
of the hierarchy

Figure 4.3: Overview of the HPS methodology

4.3.1 Specification

The specification stage has an important role in the HPS methodology. On one hand all
the next stages rely on it, and on the other hand it provides the assessment stage with
a useful reference matching. The dynamics of the interaction between the agent and the
environment was formalized as an MDP. Thus a behavior will be represented by a particular
trajectory in the MDP's state space.

By associating with each possible trajectory, a quality criterion we then have a means of
specifying the desired behavior. The quality criterion can be expressed as the combination
of an objective function and some constraints on the trajectory. The objective function
largely depends on the nature of the problem and represents a measure of the system’s
performance such as the letters collected or the fuel consnmption or more generally the
squared deviation from an optifna] value. It is expressed as an integral on the trajectory

generated by a control policy 7, for a horizon N:

J(r) = /D Flz(t), t) dt. (4.1)



The Methodology 44

The constraints set C = {z € X | ¢1(z) = 0,...,pa(z) = 0} reflects the aspects of the
trajectory which are undesirable. So the goal is to optimize the objective function while
at the same time satistying the constraints. The constraints are enforced by augmenting

the objective function as follows
J(m Ay = J{x) + —/0I Zz\i(m(t),t).tpi(a:(t),t) di
= [ V0.0 + Ml 060(a(6,0] 42)

= /N F(z(t), A, t) dt
0

where the anxiliary function F{x,A) is called Hamiltonian function and A; are the La-
grange multipliers. They are computed using the exterior penalties method (Minoux 1986):
Ai(z) = 0 if the constraint ¢;(z) = 0 is satisfled and A;(z) = A, otherwise. The positive
constant A,; weights the strength of the penalty.

At the end of this stage the desired behavior is specified.

4.3.2 Decomposition

Human designers are usually skillful in decompesing a cominplex task. However with a
systematic approach they can perform better decompositions.

To decompose the main behavior into a hierarchy of sub-behaviors we propose a graph-
ical based approach. The first step in the decomposition procedure is to graphically repre-
sent I as a function of time steps or decision steps. The next step consists in identifying
the positive contributions of the agent to optimize this function as well as the associated de-
cision making {or behaviors selection). These contributions usually appear as falling edges
in the case of a minimization. Of course between two falling edges other decisions could
have been made except that they do not have a positive contribution or their contribution
does not appear because of the nature of the function and the kind of representation.

The surface corresponding to the integral we have to minimize is decomposed into a
series of rectangles whaose sides are respectively the distance between two falling edges and

the value of the function when the second falling edge occurs (figure 4.4). We notice that
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the sum of the rectangles’ surface is not exactly equal to the integral of ' but to the actual
measure of the agent’s contribution. This measure concerns aspects of the environment
that are controllable by the agent and allows us to compare the performances of two agents.
For example, in the postman robot problem, the robot can choose in which office to go
but cannot act on the letters’ flow. In effect, while the robot is moving towards a given
place, the number of letters in standby in the offices as well as the batteries’ level evolve
independently of the robot destination. They are actually affected when the destination
is reached, that is, when the execution of the robot decision is completed. The surface of
each rectangle can be minimized by reducing one of its two sides. The processes consisting
in minimizing each of these sides correspond to two concurrent behaviors.

The obtained behaviors are then formally specified and decomposed once again. The
procedure is repeated until the behaviors cannot be decomposed anymore or can easily be

produced. At that time we have a hierarchy of sub-behavicrs.

falling edge

AF

Figure 4.4: A graphical representation of the function to optimize.

Mathematical Support

In this section we provide a mathematical support for the graphical-based decompeosition
method presented above. Let’s first introduce the fundamental definition and theorem

(taken from (Minoux 1986)) on which function decomposition methods rely.

Definition We say that a function f is decomposable into f, and fo if f is separabie

(i.e. it can be put into the form f(z,y) = fi(z, f2(y))), and if moreover the function fi
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is monotone non-decreasing relative to its second argument. The following fundamental

result can then be stated:

Theorem Let f be a real function of z and of y = (31, ..., yx). If f is decomposable with

flz.y) = filz, f2(y)) then we have

min f(z,y) = mxiﬂ{fl(-f:myin{fz(y)})}

{z.y)

The minimization of a rectangle surface S ={;.l; can then be written:
min Iyl = min f ({;, min fo(ly)),
(L'],JQ) ll 32

where fi(u,v) = vw.v and fy(z) = x. when {; and {, are both positive.

4.3.3 Sensory-motor Loop’s Design

In this section we present a generic sensory-motor loop (figure 4.5) which allows us to
generate a behavior given its specifications. This stage of the methodology essentially
consists in making design choices and concerns elementary behaviors as well as other sub-
behaviors of the hierarchy.

The core of the sensory-motor loop is the learning system which computes the utility
of each command. The nature of the representation of the utility function depends on the
size of the state space. A simple lookup table is sufficient for small spaces, but a function
approximator such as those presented in section 2.3 is needed for huge spaces.

From the perceptions we have to generate an internal state representation which must
be on the one hand complete enough to allow prediction of future states and rewards
and on the other hand selective, i.e. containing only information which is relevant to the
behavior associated to the sensory-motor loop. Such a representation can also be learned.
as reported by McCallum (1996).

The reinforcement function is an important part of the sensory-motcer loop and a great
care must be taken to ensure that it will lead to the desired behavior. It translates the

agent perceptions’ into a reward value.
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The different exploration strategies were presented in section 2.2.3 so the designer can
choose the most suitable among them.

Finally, as an output, the sensory-motor loop generates signals which activate or inhibit
the commands. The command set may contain atomic commands which directly interact

with the environment or sensory-motor loops in the case of a coordination.

Command
Set

3 Activation/Inhibition

i Utility Action
Perceptions * R State : Function 0 Selection
epresentation ' ¢
P Representation Mechanism
; Exploration
Reinforcement p

Function Policy

Figure 4.5: The proposed generic sensory-motor loop.

The Reinforcement function

To avoid the generation of wrong behaviors we propose to use the function that specifies the
behavior to define the reinforcement function. As the specification function is defined from
the observer’s point of view, the expected behavior will be generated when this function is
optimized. We then define the instantaneous reinforcement as the difference between the

surfaces of two consecutive rectangles:
7(T) = F(z(T — 1), A).Ar_; — F(z(T), A).Ar {4.3)

where T is a decision step and A is the difference, in terms of time steps, between two
decision steps T'—1 and T. The reinforcement function has the form of a gradient and gives
a continuous information on the progress made by the agent. In addition, the learning is
speeded up and the exploration is improved (Mataric 1994). Given that the reinforcement

learning algorithms we use maximize the cumulated discounted reward over an infinite
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horizan, we have:

[a0]

Y AT +1) = A (F(2(0), 1).80 = F(z(1), A).A))
T=0
+ 7 (F(z{1),A). A1 = F(z(2). 4).A)

+

+ 7 (F(z(n), A).An = Flz{n +1),A). A, 41)

+ (7! = ") F(2(1),2)-A)

+ (v = YV F(z(2), A).2, (4.4)

+ (" =D F(z(n), A).A,
+

=7"F(z(0), A)-8o

+(7=1))_4TF((T), A).Ar
= (v= 1) 7 F((T),\).Ar + F(z(0),A).4¢
=0

We notice that maximizing equation 4.4 is equivalent to the initial objective which is to
minimize equation 4.2, because 0 < v < 1 and as far as the value of « is chosen so that v

become negligible.

The Internal State

To build an internal state that meets the completeness and selectiveness properties, the
designer has to consider the following two guidelines. First he has to identify the percep-
tions on which the specification function depends. that 1s. those which make the function

change when they evolve. Then the designer has to check if the instantaneous perceptions
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are sufficient to make efficient decisions. If not, same kind of context or short term memory

has to be added.

4.3.4 Coordination

The next chapter is entirely devoted to this stage of the methodology.

4.3.5 Evaluation and validation

During this stage the designer has to answer the following questions:
. -Is the observed behavior correct 7 |
o If not, why 7
e What are the agent performances ?

Wyatt et al. (1998) argue that a correct approach is to employ multiple forms of evalua-
tions. Thus it is possible to disambiguate the error source and to provide explanations of
why the agent failed or succeeded.

Here we make the distinction between the behavior assessment (Colombetti et al. 1996)
and the evaluation of the agent learning. The former is a qualitative criterion and the latter
is a quantitative criterion. Moreover we add two viewpoints: nternal and ezternal.

To assess a behavior the designer should validate its correctness and its robustness.
This is done from the observer’s point of view. A behavior is correct when the task
assigned to the agent is fulfilled. For example, we will validate the postman-robot if we see
the robot collecting and posting the letters without running ouf of energy. On the other
hand a behavior is robust if it remains correct when structural changes of the environment
occur. Robustness is strongly linked to the adaptiveness property. If the correct behavior
is not generated, then the designer should verify the learning system qualitatively, that is,
determine if the agent is learning or not. A problem during this verification is usnally due

to a programming error in the software architecture.
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[ I’ Qualitative T Quantitative T
| ' i Convergence speed |
| Internal | Is the robot learning ? | Average reward ;
| | !
‘ Correctness Objective function |
External | Rabustness ‘. Constraints violation
j ] Failnre or success rates

Table 4.1: Qutline of the evaluation forms.

If the agent is effectively learning, then it is necessary to check if it 1s learning correctly
with regards to the reinforcement program, i.e. maximizing rewards and minimizing pun-
tshments. This is done from the agent’s point of view. The average of the rewards received
over time steps is a good indicator to use during this checking. This is a nice way to find
ont why the behavior is incorrect. In effect if the agent learns what it is tanght (through
the reinforcement program) and exhibits the wrong behavior then it is surely because it is
learning from an incorrect reinforcement function. Therefore the designer has to correct
it.

Finally it is useful to compare the performances of several agents, architectures or
algorithms. It is possible to evaluate the asymptotic convergence to the optimal behavior
(Kaelbling et al. 1996) regarding two quantitative criteria. The first criterion is the
convergence speed, that is, the necessary time (number of interaction cycles) to reach a
plateau. The second criterion is the quality of the convergence. It is represented by the
value of the reached platean. The metrics that are usnally used for such a comparison are
cumulated deviations from the optimal behavior (if it is known). average reinforcements
received aver time and snccess or failure rates. Figure 4.1 outlines the different forms of

evaluation.

4.4 Case Study

In this study we describe the application of the HPS methodology to solve the postman

robot problem.



Th& Methodology 51

4.4.1 Specification and Decomposition

To fulfill its task, the postman robot has to minimize the number of letters z;; in the offices
as well as the number of letters z, it holds by respectively collecting and then posting

them. The following objective function is derived
Alz,t) =) zult)+ Pz(t), 0<f<1 (4.5)
subject to the constraint on the batteries level x;

o1(z,t) = zpsp, — 25(2) <0, (4.6)

where . is a safety threshold. ‘

The letters carried by the robot may also be seen as a constraint and @ as a Lagrange
multiplier because the functions Y, z;(t) and z,(t) are antagonist: when the former is
minimized the latter is maximized. Hence minimizing > _.z;(t) and z.(t) amounts to
minimizing 3, 24(t) subject to z,.(t) = 0. The value of the Lagrange multiplier § is a
constant between 0 and 1, so that any contribution to minimize either 3, zy(t) or z.(t)
will also minimize f,(z,¢). Moreover it is not necessary to set 3 to zero when the constraint
is satisfied {z.(t) = 0).

The Hamiltonian function

Fi(z, M t) =) zult) + Bz, (8) + M (z,1)-01 (2, 1) (4.7)

is then deduced and represented graphically (figure 4.6).

A falling edge occurs when the robot

e collects letters from an office;

¢ posts the letters it holds;

e recharges its batteries and their level is below the threshold (the penalty is removed).

The two concurrent behaviors that are involved in the minimization process of a rectangle’s

surface are:
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Figure 4.6: The decomposition process of the postman robot problem.

e move to the nearest place providing a positive contribution, for the horizontal side;
« move the place providing the highest contribution, for the vertical side.

For the first behavior the robot has to minimize the traveled distance x4 between two

decision steps T — 1 and T. The corresponding objective function 18

falz. T) = z4(T), {4.8)

subject to providing a positive contribution (a falling edge in the graphics). In effect, the
robot may move to the nearest office but it may not contain any letter. This constraint is

expressed by wa (2, T) = 0 where

0. ifFl(I,/\l,tT—1)—F1(3C,}\1,t]“)>D
w21 (,I:'T) = (49)
1, otherwise.

where ¢ is the time step corresponding to the decision step 7. We obtain

Fgl (I Agg_, T) = Id(T) + Agl(l’, T).QDQI (SL'T) (410)
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The second behavior can be defined as the one maximizing
F22($,T) = fgg(ZII,T) = F1 (ZL‘, /\1,tT - 1) - Fl (I,)\l,t'r) (411)

where {7 is the time step corresponding to the decision step 7.

We notice that Fy; and Fy; only change at the end of a decision and remain constant
the rest of the time. Thus they are represented as a function of T because they depend
on the decision step dependent rather than on the time step. Moreover they concern the
sides of a single rectangle only. 1t is the role of the upper behavior to coordinate them in
order to minimize the sum of rectangles’ surface. This is why a graphical representation
of those behaviors does not provide additional information. However it is obvious that the

behaviors nearest and highest may correspond to one of the following five behaviors
¢ move to an office (3 behaviors);
e move to the mailbox;
e move to the batteries charger;

or more generally to a behavior consisting in moving to a specific place.

Recall from section 3.3.1 that the robot’s atomic cornmands consist of a steering of Ay
degrees followed by a translation of A, centimeters. To reach a given goal the robot has to
minimize its orientation relative to this goal while moving. This mean that the objective

function

fa(t) = z5(t), (4.12)

where 14 is the robot orientation with respect to the goal has to be minimized subject to

the obstacles avoidance constraint
() = {ds — 24) <0, (4.13)

where z,; is the robot’s reading of sensor 7 which indicates the distance to the nearest

obstacle and d; is the nearest safe distance to an obstacle. The performance criterion we
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obtain is
Fy(z, As.t) = zo(t) + > Ai(m.t)puilz.8). (4.14)

The hierarchy of sub-behaviors obtained at the end of this stage is sketched in figure
4.7,

postman

nearest highest

move to move 10 move 1o move {0 move to
office 1 offtce 2 office 3 mailbox charger

Figure 4.7: The hierarchy of sub-behaviors obtained for the postman robot problem.

4.4.2 Sensory-motor Loop’s Design

The design choices that were made for each sensory-motor loop are now described. Each
sub-behavior of the hierarchy will be learned using connexionist reinforcement learning.
A single MLP with a sigmoid function activation and a single output unit was used to
represent the utility functicn of each command. Some components of the perception vector
are represented using a sigmoidal coarse coding as in (Rummnery 1995). Basically such a
coding works as follows. A number of sigmoid functions, one for each input neurcn, are
spread across the input space (figure 4.8). As the sigmoid functions overlap each other,
each input value will be coded by several values in [0,1] corresponding to the value of
each sigmoid function for that input. The input patterns for each network as well as the

reinforcement functions are detailed in the experiments section.
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Concerning the exploration policy, a simple ¢-greedy policy was used. A command is
chosen according to the probability Pla = argmaxaeam) Q(z, a)lz) = 1 — ¢, where € is

decreased from 1 to 0 in N, exploration steps.

1.0

0.5

0.0

input

Figure 4.8: The input real-value x is coarse coded into four values in {0,1] which are 0.05, 0.55,
0.95, 1.0 and constitute a suitable input for a neural network.

4.4.3 Coordination

We used a coordination mechanism in which the sensory-motor loops of a given layer are
treated as simple commands by the upper level. Once they are activated they keep the
control of the agent until they are complete. The control is then returned back to the
sensory-motor loop which activated them. This kind of coordination is called Hierarchical

Q-learning (Lin 1993).

4.4.4 Evaluation and Validation

To judge the effectiveness of the overall behavior we defined the following metrics:

o the average letters in standby in the offices, the average letters carried by the robot
as well as the average batteries level for the external assessment. These values are
updated at each interaction cycle (the lowest temporal resolution) to guarantee a

uniformity in the comparison with other architectures;

¢ the average of the global quality criterion, updated at each decision step, to evaluate

the learning process.
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4.5 Experiments

The postman robot behavior is learned incrementally. With this technique the robot is
first trained to learn elementary behaviors and then to learn the upper behaviors using
previously acquired skills. This process called modular learning is repeated for each level
of the hierarchy. The navigation behaviors are learned separately and preserved using
persistent neural networks. The coordination behaviors are then learned so as to achieve

the global behavior.

4.5.1 Learning to Navigate

Mobile robot navigation towards a goal while avoiding obstacles has been studied in the
reinforcement learning context by Rummery (1995) and Millan (1996). Their work is an
extension of those of Prescott and Mayhew (1992} and Krose and Van Dam (1993} in which
the robot avoids obstacles, not in order to get to a target location, but just to explore the
environment. [t may be seen as an adaptive construction of a potential field (i.e. the
goal generates a potential which pulls the robot towards it, and the cbstacles produce a
potential which repels the robot away) where the potential vector in a given position is
defined by the robot's action with the highest utility in this situation. In classical path
planning (Khatib 1986; Barraquand and Latombe 1991) the potential field is computed
using a priori knowledge about the environment’s configuration.

In our experiments recurrent neural networks, with 2 hidden units were used to learn
the navigation behaviors. A network’s input pattern is a vector of 26 components which
are real numbers in the interval [0,1]. The first 16 components correspond to the inverse
exponential of distance sensors readings, e~%* where & is a weighting factor set to 50 during
the experiments, and d is a combination of infrared and sonar readings so as to provide
measures between 0 and 650 centimeters. The next 8 components are a sigmoid coarse
cocing of the robot’s orientation relative to the goal. The crientation is computed using
odometry. The remaining 2 components represent the input context and are linked to the
output of hidden units. The input context as well as the orientation allow the robot te

differentiate several situations corresponding to the same sensors configuration.
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Three commands which are:

o turn-left (A# = 22.5°, &t = 25¢m)

o turn-right (A8 = —22.5°, At = 25¢m)
o move-forward (A8 = 0°, At = 25¢m)

were available to the robot.
The reinforcement function is calculated from the quality criterion F3(z, Az, t) = zo(t)+
> Asildsi— ), without considering the interval between two decisions because the actions

have the same duration. We have
Tg(t) = Fg(fL‘, Ag,t - 1) — Fg(l', /\3,'{;).

Safety thresholds concern only the nine frontal sensors and define a security zone in front
of the robot (figure 4.9). We notice that safety thresholds are higher in front of the robot
than on its sides. It is simply because the robot can still move even if its sides are near an
obstacle but cannot do so if its front is concerned. The values of the Lagrange multipliers
when the constraints are violated are chosen to give a penalty which is proportional to the
violated surface in the security zone, the overall zone being equivalent to the maximum
robot’s heading deviation from the goal, which is 180 degrees.

The networks’ weights were initialized with random values between -0.1 and 0.1, the
discount factor v was fixed to 0.99, the learning rate @ to 2.0, the eligibility trace factor
A to 0.5 and the exploration parameter N,;, to 1500 steps. As the networks’ output is in
the range [0,1], we scaled the reinforcement sighal between -0.1 and 0.1 to prevent units
from overshooting.

The robot was trained to learn each of the five navigation behaviors in a series of trials,
with each trial starting with the robot placed in a different room and ending when it reaches
the target location. Figure 4.10 shows the robot’s trajectories when it navigates from one
room to another, once it has learned. To evaluate the robot learning performances we
considered the behavior move to the charger. The robot was trained to reach the charger

starting from office 3 only. After learning it was able to find the optimal path leading to
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obstacle

security

zone = e

Figure 4.9: The security zone defined in front of the robot.

the charger starting from office 3 (figure 4.11} and also starting from other rooms (figure
4.12), thus exhibiting generalization abilities. Moreover it reacts efliciently to unexpected
obstacles (figure 4.13). The learning curves of figure 4.14 show that the robot learns how
to move to the charger after 4 trials, corresponding to 6258 steps. However the path found
is not optimal and sometimes not safe either. The reason is that during this trial there is a
residual exploration of 38%. Thereafter, from the 227¢ trial, the path is optimal (between
41 and 44 steps) and safe as we see in figure 4.15 that there are no more penalties after

the 22'* trial. It is worth adding that during this trial the residual exploration was 16%.

4.5.2 Learning the Coordination

In this section, we report the experiments we carried out to coordinate the navigation
behaviors. A grid simulator configured with the distances shown in table 4.2 was used for
this purpose.

As shown in the hierarchy of figure 4.7 two intermediate behaviors, nearest and highest,

as well as the global behavior postman have to be learned. Once again the robot was first
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Figure 4.10: The robot moving from one room to another.

Figure 4.11: The optimal path found between office3 and the charger.
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Figure 4.12: Generalization abilities.

Figure 4.13: Reaction to an unexpected obstacle.
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Figure 4.14: Number of steps needed to reach the charger starting from office3 for each trial.
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Figure 4.15: Average penalties received during each trial.
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Office 1 _

Office 2 39 —

Office 3 62 4] -

Mailbox 34 43 65 -

Charger 40 29 42 4

N
|

Office 1
Office 2
Office 3
Mailbox
Charger

Table 4.2: Steps needed by the robot to move between different places in the environnient.

trained to learn the two intermediate behaviors, which were preserved thereafter, and
trained to learn the global behaviar afterwards. We used feed-forward neural networks to
store the Q-values. The same network architecture was used for the three above behaviors,
as they share the same state space. It is composed of 40 input units, 3 hidden units and
one output unit. All units have a sigmoid activation function. The input pattern is as

follows:

¢ 35 units: each set of 7 units represents a sigmoidal coarse coding of either the number
of letters in each office or the number of letters carried by the robot or the batteries

level;

e 5 units: each of these units represents a possible location of the rabot, i.e. in which

place it is. So exactly cne unit is 'on’ at any decision step.

However the architectures differ in their number of networks and in their reinforcement
functions. The intermediate behaviors needed five networks each: one for each naviga-
tion behavior. The global behavior needed only two networks: one for each intermediate
behavior. The reinforcement function of each behavior is directly computed from the cor-

responding performance criterion, as explained in section 4.3.3.
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The networks’ weights, in each sensory-motor loop, were initialized with a random value
in the range [-0.1,0.1], and the rest of the parameters as follows: v = 0.99, A = 0.5, & = 2.0
and Nz, = 1500. Like in the navigation behaviors the reinforcement function was scaled
between -0.1 and 0.1.

Since we did not have an optimal policy for the postman robot problem we decided to
compare the performance of our hierarchical architecture with those of a flat architecture
(figure 4.16) and of a hand-coded controller. In the flat architecture, the high level behav-
ior (postman) directly controls the navigation behaviors. It uses the same reinforcement
function as the behavior highest does. We tried to use a rule based reinforcement function
but the results were so bad that it would not be fair to compare them with the hierarchical
architecture. So the comparison will be especially made on the architecture rather than
on the behaviors’ specification, because the behaviors were specified in the same way. The
hand-coded controller nses a simple heuristic to choose between the navigation behaviors.
This heuristic consists in moving to the office with the highest amount of letters, posting
the letters when the amount of letters carried by the robot is higher than the mumber of
letters in each office, and recharging the batteries when their level is below the threshold.

Each of these controllers was tested on 50000 decision steps, a decision step correspond-
ing to an elementary behavior selection, and for each letters flow configuration of table 3.1.

The batteries level threshold was set to 60 %.

postman

move o move to move to move to move to
office 1 office 2 office 3 mailbox charger

Figure 4.16: The flat architecture used for the comparison with the hierarchical one.

Tables of figure 4.17 show the obtained results. Recall that a good postman robot is the

one which minimizes both the number of letters in standby in the offices and the carried
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letters, while keeping its batteries level above the fixed threshold. We can see that both
RL systems achieved good performances compared to those of the hand-coded one. The
main reason is that the learning agents implicitly take into account some parameters like
the distance between the rooms and the letters flows. Thus they can anticipate the effect
cf their decisions and move, for example, to the office from which the highest amount of
letters will actually be collected. The hand-coded agent decides to move to an office which
contains the highest amcunt of letters, at the moment where the decision is taken but
not necessarily when it is completed. On the other hand we notice that the hierarchical
architecture outperforms the flat architecture. With the former architecture, there are in
average 11.38 and 10.32 (respectively with periodic and Poisson flow) letters in standby
in the offices less than with the latter architecture, whereas the average letters carried
rises by only 7.56 and 4.23 letters. Moreover a better energy management is achieved
by the hierarchical architecture. As it can be observed in the curves of figure 4.18, the
hierarchical architecture learns a better strategy than the flat one, and does so very quickly,
i.e. it does not behave badly in the beginning. To explain this superiority we argue that the
hierarchical architecture explores a smaller search space in the sense that it coordinates only
two sensory-motor loops which are pre-learned, whereas the flat architecture coordinates
five sensory-motor loops. Another reason is that we were actually solving a Semi-Markov
Decision Problem, that is an MDP where the duration of the actions is not the same. The
hierarchical architecture takes this feature into account and explicitly considers the elapsed

time between two decisions, whereas the flat architecture does not.

4.6 Summary

We have presented a methodology whose objective is to provide helpful guidelines to an-
alyze and design agents capable of solving complex reinforcement learning problems. The
methodology must be seen as a conceptual framework in which a number of methods are
to be defined. The postman robot case study illustrated how the HPS methodology can be
applied. The proposed specification and decomposition methods were successfully tested

and have given good results. The methodology must now be applied to solve other prob-
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Periodic flow

Parameters Hand-coded Flat Hierarchical
architecture | architecture | architecture
Average letters in Office 1 11.72 §.49 6.40
Average letters in Office 2 9.87 9.70 4.76
Average letters in Office 3 15.32 17.17 13.95
Average letters carried 16.59 16.42 23.96
Average battery level 68.95 68.92 72.62
Average quality criterion -46.61 -42.88 -38.18
Poisson distribution flow |
Parameters Hand-coded Flat Hierarchical
architecture | architecture | architecture
Average letters in Office 1 15.52 9.43 8.18
Average letters in Office 2 16.44 13.54 9.72
Average letters in Office 3 20.00 21.97 16.32
Average letters carried 21.09 25.59 29.82
Average battery level 69.78 70.56 77.51
Average quality criterion -62.10 -55.86 -49.80

Figure 4.17: Tables resuming the performance of the coordination methods for different letters
flow configurations.
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Figure 4.18: Average of the quality criterion as a function of decision steps. The top graph
concerns the periodic letters flow and the bottom graph the Poisson distribution letters flow.
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lems in order to be generalized and completed, and some efforts need to be done to improve

our methods or to propose new ones.



Chapter 5

The Coordination Problem

This chapter concerns the coordination problem, that is, how a complex behavior can
be generated by the coordination of several sensory-maotor loops. We first review the
hierarchical methods that have been proposed so far to scale up reinforcement learning.
Then we discuss the properties that a coordination mechanism should have and propose a
new coordination method based on the restless bandits theory. Restless bandits allocation
indexes are an extension of the Gittins indexes and are borrowed from the field of optimal
scheduling. They concern problems involving the sharing of limited resources between
several projects which are being pursued. The performances of the proposed method are
lustrated through the postman rebot problem and compared to those of the Hierarchical

Q-learning (Lin 1993).

5.1 Statement

Consider a collection of sensory-motor loops organized in a hierarchical structure (figure
5.1) in which the sensory-motor loops at a given level have a direct causal influence, in
terms of activation or inhibition, on the sensory-motor loops of the level below. In such a
hierarchy, decision making and learning occur at different levels but the interaction with
the environment can only take place at the lowest level. Finally, each sensory-motor loop
has its own internal state depending on the level at which it intervenes as well as an the
task it has to solve. Generally stated, the coordination problem within a hierarchy of

sensory-motor loops consists in activating at each time step one sensory-motor loop at
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Leveln, Ta
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Leveln, T2
Leveln, T Sn Sz [----1 Su
Level 0, t Primitive commands

Figure 5.1: A hierarchy of sensory-motor loops. The path of active sensory-motor loops on a
given time step is represented in bold.

each level in order to generate the global expected behavior. This is also known as the
action selection problem and concerns the resolution of conflicts which arise when several
actions or behaviors compete to access to limited motor resources. 1t has been studied in

ethology (McFarland 1981) as well as in adaptive behavior (Tyrell 1993).

5.2 Related Work

It has been recognized that the use of hierarchies in reinforcement learning improves the
learning performances. 1t allows a better exploration of the search space, the reuse of
previously learned skills at a given level to acquire new skills at the level above, and speed
up the overall learning process. Although we are especially interested in the selection
device, that is, the mechanism that allows switching between sensory-motor loops, we take
the opportunity to review most of the wark done in hierarchical reinforcement learning.

This work can be roughly grouped into four categories:

1. command and temporal abstraction;
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2. state abstraction (coarsening or aggregation);
3. MDP decomposition (state space partitioning);
4. sub-goals decomposition {modular approaches).

Of course there may be approaches that fall in multiples categories.

5.2.1 Hierarchical Q-Learning

When we think about coordination methods the first idea that comes to mind is to treat
the sensory-motor loops as primitive commands. This approach has been first introduced
by Mahadevan and Connell (1992). In their work a global behavior consisting in box-
pushing was decomposed into elementary sub-behaviors (finder, pusher, unwedger) which
were learned independently using reinforcement learning. A hand-coded arbiter switches
between the sub-behaviors according to their applicability conditions and their precedence.

Lin (1993) went further and proposed a system in which both the sub-behaviors and
the arbiter were learned using Q-learning. The task to be achieved consisted of finding a
batteries’ charger in an office environment and connecting to it. As this task is so difficult
to learn by a monolithic agent, it was decomposed into three sub-behaviors: following
walls on the robot’s left/right hand side, passing a door, docking on the charger. Each
sub-belavior Sb; was learned by a single sensory-motor loop with Q-learning using a local
reinforcement function. These new skills are then used as actions by the arbiter which
learns Q(state, Sb;) with global reinforcement function and state space. A sub-behavior is
selected according to its Q-value and some applicability conditions, and a new decision 1s

made when an active sub-behavior ends or another one becomes applicable.

5.2.2 Feudal Q-Learning

The principle of this approach, proposed by Dayan and Hinton (1993), is to operate a
coarsening at each level of the hierarchy, that is, each state at a given level represents an
aggregation of states at the immediately lower level. The goal state is also abstracted so

that for each level 4, the goal state is the one to which the goal state at the lower level
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i—1 belongs. Given that each level has an assigned manager, the learning procedure works
as follows. The manager of a level 7 being in abstract state Si performs a command C*
which should lead him to state Si. This command becomes a goal for the manager of
the lower level i — I, in the sense that commands have to be executed in order to enter
a state 55! in the aggregation represented by Si. This procedure continues until the
lowest level where a primitive command is executed. An abstract action ends when a new
state is observed at the same level. A manager is then rewarded if he achieves his goal
and punished otherwise. 1f the goal is reached at a given level, its manager delegates the
responsibility to his sub-manager to search within the zone defined by his abstract state.
This; approach was applied to a robot navigation task in 8 x 8 grid without obstacles.

It has recently been extended by Dietterich (1997) who adds the possibility of hierarchi-
cal learning of the Q-values. The value function of an abstract command (i.e., the snm of
rewards generated by the execution of this abstract commands) is treated as an immediate
reward by the level that selects it, just as the first level does with primitive commands.
The direct consequence of this improvement is the polling ezecution of the hierarchy, that

is, a decision is made at each level at each time step.

5.2.3 Hierarchical Distance to Goal

MDP decomposition methods consist in partitioning the state space into regions and com-
puting an optimal policy for each of them. The resulting policies are then combined to
solve the initial MDP.

In the HDG algorithm (Hierarchical Distance to Goal) proposed by Kaelbling (1993a)
the state space is partitioned so that each region corresponds to a landmark. A landmark
is actually a specific state and a region is composed by states that are closer to a landmark
than to any other one. First a high-level policy that leads to the goal region (i.e. the
region containing the goal state) starting from any other region is learned. It gives the
agent the next region to reach on the route from its current region (i.e. the agent closest’s
landmark) to the goal region. Then for each region, a policy that allows the agent to move

to the neighboring region is learned. Once the agent is in the goal’s region, it learns how
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to reach the goal state. The union of these policies defines the global solution.

The landmarks are given o priori by the designer. However methods to autonomously
find them are currently being investigated.

Similar approaches have been studied by Parr (1998), Dean and Lin (1995) and Hauskrecht
et al. (1998).

5.2.4 W-Learning

In modular approaches, sensory motor loops are used as gating mechanisms whose role is
to control the flow of commands from the bottom to the top of the hierarchy. There is
no temporal or state abstraction. The problem is solved at the lowest level of abstraction
by using suggestions of several experts. Humphrys (1997) and Whitehead et al. (1993)
proposed a two-level architecture in which several modules (sensory-niotor loops) compete
to get the control of the agent. Each module learns how to achieve a sub-goal and maintains
its own Q-values tables. In a given state x observed by the agent, each module M; suggests
a command ¢; it wants to see executed. The module chooses the command according to
its utility Qi(z, ¢;) and strengthens it with a weight W;(z). The agent finds the module
M), with the highest weight
Wilz) = max Wi(z),

and executes the suggested command ¢;. The value of W;(z) may be computed as follows:

o Wi(z) = Q;(z,¢;) called mazimize best happiness by Humphrys (1997), and nearest
neighbor by Whitehead et al. (1993);

o Wi(z) =3, Qi(x,c;) called mazimize collective happiness by Humphrys (1997), and
greatest mass by Whitehead et al. (1993).

A more interesting way to compute W;(z) is to make it express the difference between the
utility Q;(z, ¢;) that a module M; has of being obeyed and the utility Q;(z, cx) of not being
obeyed (actually following the suggestion of niodule My):

Wilr) = Qi(zr, ;) - Qilz, ¢l
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This approach similar to the ours which we introduce in section 5.4.1. The idea is to
minimize the worst unhappiness, that is, perform the command ¢, of the module M that
will most suffer if it is not obeyed:

Wi(z) = ma,xm?x(Qi(x, c) ~ Qi(z, ¢j))-

J

However, the result of the selection is greatly influenced by the order in which the modules’
suggestions are examined, and the same suite of commands is needed for all modules.

To overcome this drawback, Humphrys (1997) proposed the following update rule,
which he called W-learning to estimate W;(z) online, even when the modules do not share

the same set of commands:

Wi(z) & (1~ )Wi(2) + a(Qi(z, &) = (i + 7 max @ (1,0)),

for all ¢ # k where M, is the winning module. We notice that the transition is caused
by the command ¢, and that the error represents the loss of profit of module M;. It is
assumed in this rule that @; is already learned. Therefore if @; and Wi(z) are to be

estimated conjointly, then it is necessary to delay the learning of W;(z).

5.2.5 Coinpositional Q-Learning

Singb (1992) developed an architecture to solve compositional tasks, that is, tasks which
can be expressed as a sequence of sub-tasks. The originality of his approach is that sub-
tasks are not a priori assigned to sensory-motor loops. During the learning phase a reward
is generated only when a sub-task is achieved or when the whole composite task is com-
pleted. A gating function learns to select the sensory-motor loop that will actually perform
its command. The winning sensory-motor loop is the one who has the best estimate of the
Q-values (or has the smallest expected error) of the sub-task that is currently executed.
Because the sensory-motor loop that has produced the least error learns the most (in pro-
portion to the error), the more a sensory-motor loop learns a given sub-task, the more it
improves its Q-values estimate. Thus its probability of being selected for the same sub-task

will increase leading to the emergence of sub-task assignment over sensory-motor loops.
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5.2.6 Macro Q-Learning

Finally, Sutton et al. (1993} studied the case where an MDP has to be solved using abstract
actions (options or macro-actions as they called them). To do so they used SMDP -
learning (Bradtke and Duff 1995; Mahadevan et al. 1997) and introduced the notion of
Termination Improvement. During the execution of a particular option o, launched at time
t from state s; and normally terminating at time ¢ -+ &, 1t is possible to update the utility
values of performing option ¢ (as well as other options whose trajectories are included in
the one of option o) from each state sy (1 <14 < k). Thus, information to make decisions
is available in every state and an ongoing option can be interrupted in any state in favor
of a more promising option. The notion of macro-action interruption is discussed in the

next section.

5.3 The Selection Device

To ensure efficient coordination of sensory-motor loops a number of useful characteristics
are required for the selection device (as reported by Prescott et al. (1999)).

Providing clean switching, that is directly selecting the senscry-motor loop with the
highest activation, constitutes the first property. The second one states that there must
be no interference from sensory-motor loops that are applicable but not selected, in other
words, only the selected sensory-motor loop controls the agent. These two properties can be
implemented by an indezed policy (see the next section). To define the third characteristic
we first need to introduce the notion of preemption. The approaches reviewed in the
previous section can be classified into two categories: those using a command selection
scheme and those using a behavior selection scheme. These two schemes are respectively
preemptive and non-preemptive.

In the behavior selection scheme, the learning process is uniform through the levels of
the hierarchy and the problem is solved at different levels of abstraction. However from the
second level of the hierarchy on, the action selection is replaced by the behavior selection

and the time scale for decision making rises from ¢ to 7} (figure 5.1). This means that once
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a sensory-motor loop is selected it will keep the control of the agent until its completion.
Hence learning will occur only at the termination of this sensory-motor loop. Because a
selected sensory-motor loop cannot be interrupted, this scheme may have some drawbacks
in problems involving the satisfaction of multiple and concurrent objectives. On the other
hand exploration is improved because the state space is covered using big steps (Dietterich
1997). |

In the action selection scheme only one behavior will remain: it is the one which is
produced by the overall system. 1t may be analyzed at various levels as consisting of
streams of actions ranging from reactive to planning operations. At each time step the
system learns and makes decisions at each level of the hierarchy. Therefore any sensory-
motor loops at any levels may interrupt each other. Such a continual interruption leads to
inefficient exploration because it reduces the probability of reaching sensible states.

Let’s illustrate these two schemes by the traditional ethological example of an animal
having to satisfy both hunger and thirst drives. We assume that food and water are in
different locations and that there are several levels of thirst and hunger. Suppose that
the animal is hungry and that this activates the behavior leading it towards the food. If
the thirst level becomes higher than the hunger one and the animal cannot interrupt the
selected behavior it might die of dehydration en-route towards the food. On the other
hand if it can interrupt its behaviors at any time and the levels of thirst and hunger
become alternatively higher and lower one relative to the other, it may die of starvation or
dehydration somewhere between the two locations.

These two approaches seem to be extremist but complementary. To find a compromise
we can either introduce a model of fatigue, which is based on time sharing, to the action
selection scheme or allow the interruption of sensory-motor loops in the behavior selection
scheme. The second method seems to be more natural than the first one but may exhibit
an unstable behavior. In effect, two sensory-motor loops with closed activation degree may
interrupt each other (as explained in the above example), thus generating an oscillation.

This phenomenon is called dithering (Prescott et al. 1999; Redgrave et al. 1999). A way of

1 A sensory-motor loop is completed when it reaches a state which is a goal or in which it is not applicable
anymore.
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overcoming this problem is to add some kind of persistence to the active sensory-motor loop.
It means that to interrupt an active sensory-motor loop, the candidate sensory-motor loop
(i.e. the one with the highest activation degree among the applicable but inactive sensory-
motor loops) must not only have a greater activation degree than the active sensory-motor
loop has but must also exceed it by a given constant w/2. The constant w is the width of
the hysteresis loop representing the behavior switching between active and passive phases
(figure 5.2).

[t has been hypothesized that the selection mechanism of this form is implemented in

the vertebrate brain by the Basal Ganglia (Prescott et al. 1999; Redgrave et al. 1999).

J
active

I-Ic

inactive

Figure 5.2: The hysteresis loop representing the behavior switching between the active and
passive phases. [c is the index of the candidate behavior and w is the width of the hysteresis.

5.4 Indexed Policy

An indexed policy consists in allocating an index to each sensory-moter loop and to activate
the one with the highest index in a winner-take-all manner. Of course indexes which are
computed adaptively and on-line are highly desirable. In hierarchical Q-learning (Lin 1993)

the indexes simply correspond to the Q-values of selecting a seusory-motor loop in a certain
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global state. In W-learning the index is the value of the strength W (z). Here we introduce
another method to compute such indexes, based on the restless bandit theory, which we

call RBI-learning.

5.4.1 The Restless Bandits

The restless bandits are an extension of the multi-armed bandit problem and have been
studied by Whittle (1988), and Weber and Weiss (1989). The initial problem concerns n
projects, the state of a project 7 at time ¢ being denoted by x;(f). At each time step ¢ only
one project has to be operated. If the operated project is ‘z' then it will generate a reward
r;(t) and make a transition z;(t) — z;(t + 1) according to its transition probabilities F;.
The other n — 1 projects remain frozen, i.e. neither produce reward nor change state. A
project is said to be in an active or passive phase depending upon whether it is selected
or not. Gitiins (1989) has shown that an index policy is optimal for this problem. Such
an index is denoted I;(x;) and is a function of the project i as well as its state z;:

Ii(z;) = max B Izglj:n(t)] : (5.1)

™0 B [tho 'Yt]

This index can be interpreted as the maximal value of the reward density relative to

the stopping time 7. The optimal policy will simply be to select the project with the
greatest index. The nice property of such a strategy is that J; only depends on information
concerning project i. The dimensionality of the problem is considerably reduced.

To have a better and intuitive understanding of the Gittins’ indexes, we will examine
the following didactic example provided by Duff?, where for the sake of simplicity the
rewards are deterministic. Imagine several stacks containing numbers, which are rewards,
and suppose that we can see the eniire contents of each stack. Our goal is to pop the stacks
in an order that maximizes the discounted sum of the resulting reward stream. We can
convince ourselves that the optimal strategy involves popping the stack with the highest
reward density:

Tr-1
D: = max &k=0 viri(k)

o T8 (5.2)
T S

2Personal communication
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where r;(k) is the contents of stack ¢ in position k, starting from the top. Stacks with
higher reward density contain high rewards near their top and have to be popped first

because of the discount factor (figure 5.3).

8 6 3
4 12 2
2 9 2
1 0 1
0 0 3
0 0 i
0 0 )
0 0 0
D, =4.05 Dy =884 D3 = 2.07

Figure 5.3: Stacks reward densities for v = 0.9. Notice that the stack to pop is not necessary
the one with the highest value at its top.

Unfortunately this method cannot be directly applied to sclve the coordination preblem
(the projects® being replaced by sensory-motor loops) because the fundamental assumption
(i.e. the unselected projects remain frozen) is not valid anymore. This happens in many
cases and especially in mobile robotics because the states of the sensory-motor loops are
built from the same agent’s perceptions and these perceptions evolve whatever the selected
sensory-motor loop Is.

To treat the restless bandits problem we will introduce the following notation:
e X, is the set of states of project z;

e P.(z,y, k) is the probability that project ¢« moves from state z to state y when 1t 18

in phase k, where k = 1 or 2 for respectively the active or the passive phase;

e 7;.(t) 1s the reward produced at time ¢ by project ¢ in phase %.

3To introduce the theory we will use the term project instead of sensory-motor loop.
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If we want to maximize the discounted sum of reward over an infinite horizon, for a single
project ¢ we just have to solve the following optimality equation
Vi(z) =£I3§E{ﬂk+72 P,-(:c,y,k)%(y)}, (5.3)
YEX;
where V;(z) is the value function of project ¢ in state z. To do so we will compute the

(Q-values

Qulas) = B [ra+ v Q] (54

and then decide to activate or freeze the project according its Q-values.

Consider now the multi-project case. We are éssentially interested in maximizing

E7”Zr,—k(t) (5.5)

subject to 3. 1;(t) = n — 1 where [;(t) = 1 if project ¢ is passive at time ¢t and {;(t) = 0
otherwise (it means that at each time step only one project has to be active). Such a
maximization amounts to maximizing
D08 k() + () Y L() (5.6)
t i i

where v is a Lagrangian multiplier. The new optimality equation to solve becomes

Vi(z) = E_l_%?g{ﬂk +uli+7 Y Plz.y, k)%(y)}= (5.7)
yEX:
or more compactly
V,(S‘I) = max [L,'l, v+ Lig} , (58)
where
Ly =ra+7 Y Plz,y.k)Vi(y). (5.9)
YEX:

Whittle said that v can be seen by an economist as a ‘subsidy for passivity’ tuned at a
level which guaraniees that only one project is active at a time. The index of a project ¢
in state z; is then defined as being the value v;(z;) .of v which makes Ly = v + Lj. It can

be computed by using the Q-values of a project.
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Proposition The index of a project 7 in state z; is:
vi(z:) = Qi(zi, 1) — Qulzi, 2)

Proof Letz = (z),79,..,2;,....T,) be the composite state of the global problem, and let

@{z, k) be the utility of activating project & in state z:
Qz. k) = Qelze, ) + ) _Qilz:.2)
i#k

Let m be the project that maximizes this utility. We have:
Qlz,m) = max Qz,k) = Qz,m) > Qz, k) Vkeln]

This inequality can be written as follows:

Onlm 1) + Qa2 2) + Y Qu(56,2) > Q3 2) + Qulz, D+ Y Qilwi,2)

igk.m izkm

= Qm(Tm 1) + Qulzk. 2) 2 Qm(zm, 2) + Qulze, 1)
= Qmltm, 1) = Qnlzm, 2) > Qulzx, 1) — Qu(zx, 2). QED.

Figure 5.4 shows the algorithm of RBI-learning.

5.4.2 Discussion

[ntuitively we can see that the index actually reflects the need for a project to be active
with respect to the exploration and exploitation criteria. Actually the value of v increases
if

o Q;(z;.1) increases which means that the project needs to be active {exploitation

phase), or

o :{z;,2) decreases which means that the project does not want to be passive (explo-
ration of the effects of its activation). This condition holds as far as the project is

deteriorating during its passive phase (i.e., receiving negative rewards).
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loop
Observe state z; for each project ¢

for each project 7 do
Liz:) = Qilz:,1) — Qilz:,2)

end for
Activate project k such that [;(z;) = max; I;(z;)

Update Q(;z, 1)
for each project 7 # k do
Update Qi(l‘i, 2)
end for
end loop

Figure 5.4: Algorithm of RBI-learning.

On the other hand the utility to a project of being active or passive can be seen respectively
as activation and inhibition signals. Thus, persistence may be implemented by simply
removing the inhibition signal from the selected sensory-motor loop and keeping it for
others.

Our coordination method may be situated between hierarchical Q-learning and W-
learning. RBI-learning and W-learning are similar because they are both motivated by the
same criterion, which is to reduce the loss of profit when a project (module) is not selected
{(obeyed). However they differ in the sense that RBI-learning supports temporal abstracticn
(like hierarchical Q-learning) whereas W-learning does not. Actually W-learning needs to
perform an update after each execution of a primitive command. In addition RBI-learning

is supported by a strong theory and does not require any pre-learned Q-values.

5.5 Experiments

The coordination method we presented abave is now evaluated and its performances com-

pared to those of Hierarchical Q-learning?. To do so we have followed the HPS methodol-

4We have not made any comparison with W-learning. The reason is that it is not applicable to the
postman robot problem because it does not support temporal abstraction. In effect, the npdate of Q-values
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ogy therefore some results and settings from the previous chapter are reused. We decided
to test these coordination methods on the flat architecture. using the behavior selection
scheme. The network architecture used to implement the Hierarchical Q-learning method
is the same as in the previous chapter. However we view it here. Each of the five neural
networks of the architecture is composed of 40 input units, 3 hidden units and one output

unit. Al units have a sigmoid activation function. The input pattern is as follows:

e 35 units: each set of 7 nnits represents a sigmoidal coarse coding of either the number
of letters in each office or the number of letters carried by the robot or the batteries

level:

e 5 units: each of these units represents a possible location of the robot, i.e. in which

room it is. So exactly one unit is ‘on’ at each decision step.

Recall also that the function to be optimizedis f(z, A, t) = 3, 2u(£)+08z,(£)+A1(Z, ) (Ton —
7,(t)) and the instantaneous reinforcement function is r(t) = f(z. A, t}) — f{z, A, t —1). For
the RBI-learning. the above function is linearly decomposed into five functions: one for

each elementary sensory-motor loop. We obtained:
e fi(z,t) = z;(t) for the sensory-motor corresponding the behavior move to officel;

e fo(z,t) = () for the sensory-motor corresponding the behavior move teo office2;

fa(z,t) = zp3(t) for the sensory-motor corresponding the behavior move to office3;

fa(z.t) = Bz, (t) for the sensory-motor corresponding the behavior move to the mail-

bozx;

fs(z, A t) = A(z,t)(zpn — z4(t)) for the sensory-motor corresponding the behavior

move to the charger.

We used two different network architectures to implement the restless bandits method. In

the first one all the sensory-motor loops share the same state space so it is similar to the one

of primitive commands (robot's movements) would be inefficient because the state space is huge and the
reinforcement is only given when the robot reaches one of the sub-goals (offices, mailbox, charger).
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of Hierarchical Q-learning. In the second architecture, the state space is reduced for each
sensory-motor loop in order to keep only features relevant to the function to be optimized.
Thus, for each sensory-motor loop, we kept features representing the robot location (5
units) and features representing the amount to be optimized (7 units), corresponding for
example to the number of letters carried by the robot for the behavior move to the mailboz.
Hence we obtained networks with 12 input units, 2 hidden units and one output unit.
However, for both architectures we needed two networks for each sensory-motor loop: one
to approximate the Q-values for each phase (passive or active) of the sensory-motor loop.

The networks weights, in each sensory-motor loop, were- initialized with a random value
in the range [-0.1,0.1] and the reinforcement function was scaled between -0.1 and 0.1. The
fest of the parameters was set as follows: v = 0.99, A = 0.5, o = 2.0 and, for Hierarchical
Q-learning N, = 1500. There was no exploration phase for RBI-learning.

Each of these controllers was tested on 50000 decision steps, a decision step correspond-
ing to an elementary behavior selection, and for each letters flow configuration of table 3.1.
The batteries level threshold was set to 60 %.

The results reported in the tables of figure 5.5 show that RBI-learning outperforms
Hierarchical Q-learning. For the Poisson distribution we can see that with the former
method, there are in average 8.75 letters less in standby in the offices than with the latter
method, whereas the average of carried letters increases by only 5.83 letters. For the
periodic flow the carried letters are almost the same whereas the letters in standby drop
by 5.33 letters for the RBI-learning. Moreover a better energy management is achieved by
the restless bandits method. The performances of RBI-learning can be justified by the fact
that the reinforcement function is decomposed and that there is a good balancing between
exploration and exploitation which allows a good strategy to be found very quickly (figure
5.6).

Surprisingly, the RBI-learning with reduced state space did not give the expected re-
sults. We expected that, because of the small search spaces, a better strategy would have

been found or at least the indexes wonld have been learned more quickly. It seems that in
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practice, better performances are to be expected when the state space is the same?.

Periodic flow

]

Parameters Hierarchical | Restless Bandits | Restless Bandits
(J-learning full space reduced space
Average letters in Office 1 8.49 8.88 9.82
Average letters in Office 2 9.70 8.26 16.65
Average letters in Office 3 17.17 12.89 18.47
Average letiers carried 16.42 15.31 16.18
Average battery level 68.92 71.00 71.42
Average quality criterion -42.88 -37.42 -53.06

Poisson distribution flow

Parameters Hierarchical | Restless Bandits | Restless Bandits
(Q-learning full space reduced space
Average letters in Office 1 9.43 7.75 10.15
Average letters in Office 2 13.54 11.21 17.99
Average letters in Office 3 21.97 17.23 21.00
Average letters carried 25.59 31.47 27.82
Average battery level 70.56 72.12 68.17
Average quality criterion -55.86 -52.82 -63.26

Figure 5.5: Tables summarizing the performances of the coordination methods for different
letters flow configurations.

2.6

Summary

In order to solve the coordination problem we have been inspired by the functioning of the

action selection device of natural control systems. We proposed a computational model

based on restless bandits indexes that implements such a device and showed that its per-

formances overcome those of an existing method. However we have used the behavior

selection scheme without interruption in our implementation, because so far, we do not

have a clear idea about how interruption should work. We think that this issue is of great

importance and we will investigate it in our future work.

5Personal communication from John Tsitsiklis
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Chapter 6

Conclusion

6.1 Summary of contributions

The work presented in this thesis was motivated by the need to solve complex problems
using embedded agents learning by reinforcement. We identified and analyzed the reasons
that make standard reinforcement learning methods impractical in complex domains and
proposed some mechanisms to scale up these approaches. Our contributions are summa-
rized as follows.

We set up a new design methodclogy whose aim 1s to systemize the agent's design
process {Faihe and Miller 1997). It provides a canceptual framework to design hierarchical
control architectures for embedded autonomous agents. The objectives of each stage of the
methodology were clearly defined and the distinction was made between what the agent
has to learn and what has to be given a priori by the designer.

Assuming that the solution to the problem corresponds to a particular patiern of in-
teraction between the agent and the envircnment, we established the relationship between
solving a problem and generating a behavior. Then we proposed a way of formally speci-
fying a behavior. To do so we used a quality criterion, composed of an objective function
and a set of constraints. The desired behavior is the one generating a trajectory (in the
interaction space) that optimizes the objective functicn without violating the constraints.
In addition to being both a formal and natural means of defining a behavior, the proposed

method allows us to derive the reinforcement function (as a progress estimator), to learn
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the behavior and to have a good basis for the decomposition process.

A graphical approach was proposed to perform the problem’s decompasition {or behav-
ior's decomposition because to each problem corresponds a set of behaviors that solves it}.
Although this technigne is still partly reliant on the designer’s intuition and experience, it
allows to discover sub-behaviors that would not be identified otherwise.

Concerning the coordination problem, we reviewed the features present in the behavior’s
selection mechanism of natural systems and highly desirable in artificial systems. We
proposed a coordination method based on restless bandits indexes (Faihe and Miiller 1998).
It ex_tends and generalizes W-learning, is completely distributed and has been shown to be
more powerful than Hierarchical Q-learning for the postman robot task.

~ The feasibility of the methodology as well as the performances of the methods were
demonstrated throngh the postman robot problem, which is a non-trivial problem. In
addition we developed and implemented a three-level architecture, which is rarely found

in the reinforcement learning area.

6.2 Practical Issues

The implementation of the postman robot architecture was not straightforward and some-
times resulted in agents that fail to converge to a satisfactory solution. The main difficulty
was finding a good tuning of the parameters, which are the learning rate o, the eligibility
trace factor A, the discount factor 4 and the number of exploration steps Ne,,. Unfortu-
nately there is no scientific method to tune such parameters so they are chosen according
t0 one’s own experience and experiments as well as those reported by other researchers.

We noticed that o and X are closely linked and that the evolution of one of them affects
the value of the other. A bad setting of these parameters results either in a slow convergence
or in a complete failure of the learning process. We decided to measure the performances
of the agent (i.e. the average value of the quality criterion after 50000 decision steps) for
several values of @ and A. The best results were obtained for & = 0.5 and A = 2.0, which
are the values used during our experiments for all the architectures.

The number of exploration steps was easy to find. Starting with a small valne of Nz
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(200 steps), we increased it progressively until 8000 steps and reported the agent’s per-
formance. We noticed that the performance improves while V.., increases, then stabilizes
between 1500 and 4000 steps. and deteriorates thereafter. In effect. if the value of N, is
too low then the agent will be nnable to find a good policy {due to the lack of search) and,
on the other hand a high value will prevent the agent consoclidating its knowledge because
of the random perturbations.

For the discount factor one may wonder whether to discount (y < 1) or not (y = 1).
Discounting is useful for any task that is learned in trials. The navigation tasks, for ex-
ample, are suitable to be learned with discounting because solutions that allow the agent
to reach the goal in very few steps are preferred. The scheduling task {coordination of the
navigation's behaviors) is a continuous task. Therefore a natural and logical optimality
criteria would be the average reward received over time. General results for online learn-
ing using such a criterion are currently under progress (Mahadevan 1994). However we
obtained fair performances with v = 0.99.

Another difficulty we had to face concerns the stability of neural networks. It was
impossible to get a stable network with a linear output unit. even with a very low learning
rate {order of magnitude of 107*). For this reason we used networks with non-linear output
units. Nevertheless we were constrained to scale the reinforcement value between -0.1 and

0.1 to avoid large updates, which may make units blow up.

6.3 Future work

Further research that can be carried out in the direction of the work presented in this dis-
sertation is twofold. It may coucern the extension of the methodology or the improvement
of the proposed methods.

One possible way of extending the methodology would be te automate the processes.
which require extensive human intervention. Such processes are the decomposition of a
behavior into sub-behaviors and the design of sensory-motor loops. We do believe that
animals, which learn by reinforcement {such as birds learning to fly). were born with

all the necessary structures to achieve such a learning. These structures are genetically
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transmitted and evolved through several generations.to fit in their environment. In our
framework we are interested in finding a hierarchy of sub-behaviors with, for each of them,
the reinforcement function as well as the sets of relevant perceptions and commands. It is
possible to do so nsing genetic algorithms but we still need to find out a means of describing
the representation and the dynamics of the agent’s internal structure.

The behavior specification method we proposed may have some drawbacks in case the
agent does not have the ability to sense features that allow frequent updates of the quality
criterion. This problem, particularly arising in robotics, may make the learning system
fail because of the lack of immediate reinforcements. A comman way of adding immediate
reinforcements is to provide the agent with advice. Advice comes from a teacher’s visnal
evaluation of the agent’s performances and may completely bias the learning procedure or
make the agent exhibit unexpected behaviors because it is difficult to put oneself in the
agent’s shoes. Therefore an interesting issue would be to find a way of carefully integrating
such advice in the quality criterion.

A mathematical approach to perform the decomposition is highly desirable in the sense
that it will allow us to understand this process and to antomate it.

The coordination problem has to be investigated within a theoretical framework. The
most suitable one is proposed by Sutton et al. (1998). It consists in solving MDPs using
macro-actions and involves temporal and behavior abstractions as well as macro-actions’
interruption. Interesting directions for investigation concern the state abstraction and the
implementation of a behavior’s persistence. In the latter direction, an important issue
would be to identify states where it is worth interrupting macro-actions in order to avoid
updating and making a new decision in each state of a macro-action’s trajectory.

Finally, an intensive application of the HPS methodology to different problems in dif-

ferent areas would help to find out its weaknesses and overcome them.

6.4 Epilogue

The work presented in this thesis takes place within the general context of learning and

development in artificial creatures. The long-term objective is to find mechanisms that
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allow animats to incrementally develop their iutelligence in a constructivist manner. It
means that they have to discover and develop by themselves the building blocks that will
be used to build more and more complex skills. The main rule is that they can only
learn what s close to what they already know. We had the opportunity to verify this
rule during the implementation of the hierarchical architecture {(section 4.5.2). We were
unable to obtain a stable strategy using what Dorigo and Colombetti (1998) called holistic
learning, that is, learning from scratch all the behaviors of each level at the same time,
even when learning was delayed between the levels (by increasing the number of exploration
steps or reducing the learning rate of upper behaviors). This is why we adopted a modular

learning approach.
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