
Springer 
Berlin 
Heidelberg 
New York 
Barcelona 
Hong Kong 
London 
Milan 
Paris 
Singapore 
Tokyo 



Flávio Moreira de Oliveira (Ed.)

Advances in

Artificial Intelligence

14th Brazilian Symposium
on Artificial Intelligence, SBIA'98
Porto Alegre, Brazil, November 4-6, 1998

Proceedings

Springer



Series Editors 

Jaime G. Carbonell, Carnegie Mellon University, Pittsburgh, PA, USA 
Jorg Siekmann, University of Saarland, Saarbrücken, Germany 

Volume Editor 

Flávio Moreira de Oliveira 
Instituto de Informática - PUCRS 
Av. I piranga 6681, prédio 30, bloc 4 
90619-900 Porto Alegre- RS, Brazil 
E-mail: flavio@kriti.inf.pucrs.br 

Cataloging-in-Publication Data applied for 

Die Deutsche Bibliothek - CIP-Einheitsaufnahme 

Advances in artificial intelligence : proceedings /14th Brazilian 
Symposium on Artificial Intelligence, SBIA '98, Porto Alegre, Brazíl, 
November 4 - 6, 1998. Flávio Moreira de Oliveira (ed.). - Berlin ; 
Heidelberg ; New York ; Barcelona ; Budapest ; Hong Kong ; 
London; Milan; Paris ; Singapore ; Tokyo : Springer, 1998 

(Lecture notes in computer science ; Vol. 1515 : Lecture notes in 
artificial intelligence) 
ISBN 3-540-65190-X 

CR Subject Classification (1998): 1.2 

ISBN 3-540-65190-X Springer-Verlag Berlin Heidelberg New York 

This work is subject to copyright. Ali rights are reserved, whether the whole or part of the material is 
concerned, specifically the rights of translation, reprinting, re-use of illustrations, recitation, broadcasting, 
reproduction on microfilms or in any other way, and storage in data banks. Duplication of this publication 
or parts thereofis permitted only under the provisions of the German Copyright Law of September 9, I 965, 
in its current version, and permission for use must always be obtained from Springer- Verlag. Violations are 
liable for prosecution under the German Copyright Law. 

© Springcr-Verlag Berlin Heidelberg 1998 
Printed in Germany 

Typesetting: Camera ready by author 
SPIN I 069271 O 06/3142- 5 4 3 2 I O Printed on acid-free pape r 



Preface

The Brazilian Symposium on Artificial Intelligence (SBIA) hás been-organized by the
Interest Group on Artificial Intelligence of the Brazilian Computer Society (SBC) since
1984. In order to promote research in Artificial Intelligence and scientific interaction
among Brazilian AI researchers and practitioners, and with their counterparts
worldwide, it is being organized as an intemational fórum since 1993. The SBIA
proceedings have been published by Springer-Verlag as a part of the Lecture Notes in
Artificial Intelligence (LNAI) series since 1995.

The XIVth SBIA, held in 1998 at the PUCRS Campus in Porto Alegre, hás maintained
the international tradition and standards previously established: 61 papers were
submitted and reviewed by an international program committee, from this number, 26
papers were accepted and are included in this volume.

Of course, organizing an event such as SBIA demands a lot of group effort. We would
like to thank and congratulate ali the program committee members, and the many
reviewers, for their work in reviewing and commenting on the submitted papers. We
would also like to thank the Pontifical Catholic University of Rio Grande do Sul, host
of the XIV SB IA, and the institutions which sponsored it - CNPq, CAPES,
BANRISUL, among others. Last but not least, we want to thank ali the kind people of
the Local Organizing Committee, whose work made the event possible.

Porto Alegre, November 1998
Flávio Moreira de Oliveira
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Abstract This paper proposes and implements a reinforcement leaming

algorithm for an agent that can leam to navigate in an indoor and initially

unknown environment. The agent learns a trajectory between an initial and a

goal state through interactíons with the environment. The environmental

knowledge is encoded in two surfaces: the reward and fhe penalty surfaces.

The fomier deals primarily with planning to reach the goal whilst the latter
deals mainly with reaction to avoid obstacles. Temporal difference leaming is

lhe chosen strategy to construct both surfaces. The proposed algorifhm is

tested for different environments and types of obstacles. The simulatíon

results suggest that the agent is able to reach a target fi-om any point within

the environment, avoiding local minimum points. Furthermore, lhe agent can

improve an initial solution, employing a variable leaming rate, through

múltiplo visits to the spatial positions.

l Introduction

The motivation of this work is to propose and implement an agent that leams a task,
without help from a tutor, in a limited and initially unknown environment. The

agent is also capable of improving its performance to accompUsh lhe task as time

passes. Such a task is concluded when the agent reaches an initially unknown goal

state. This problem is defined by Koening and Simmons [8] as a goal-directed
reinforcement leaming problem (GDRLP) and it can be divided in two stages. The

goal-directed exploration problem (GDEP) involves the exploration of the state

space to determine at least one viable path between the initial and the target states.

The second phase uses the knowledge previously acquired to find the optimal or
sub-optimal path.

Reinforcement leaming (RL) is characterized by an agent that extracts knowledge

from its environment through trial-and-error [6] [11]. In this research, leaming is

accomplished through a KL raethod that takes into consideration two distinct

appraisals for the agent state: lhe reward and penalty evaluations. On one hand, a

reward surface, modified whenever the agent reaches the target, indicates paths the

agent can follow to reach the target. On the other hand, the penalty surface,

modified whenever the agent reaches an obstacle, is set up in a way that lhe agent
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can get rid of obstacles on its way. Thus, the reward surface deals basically with 
planning [12] [14] whilst the penalty surface deals rnainly with reactive behavior [4] 
[13]. The cornposition of the two surfaces guides the agent decisions avoiding the 
occurrence of any local rninirnurn. The two surfaces are constructed ernploying 
temporal difference (TD) as the RL learning strategy. 

The tests consist in sirnulating a point robot within an indoor environrnent. 
Initially the robot does not have any inforrnation about environrnent and about the 
goal state. Hence, the rnain objective of this work is to propose an algorithrn that 
allows the robot to reach the target frorn any position within the environrnent 
through an efficient path. The tests involve obstacles with different leveis of 
cornplexity. The results suggest that the target is reached frorn any position within 
the environment and the chosen path is irnproved during the second stage of the 
problem solution. Despite the final trajectory is better than that one initially 
generated, the final path is not necessary the very best one. Moreover, the 
improvernent takes very long to be reached. 

This paper is structured as follows. The next section presents the task of this 
work. Section 3 introduces the RL algorithrn used. The exploration stage is treated 
in Section 4 and the improvement of the resulting paths is discussed in Section 5. 
Finally, Section 6 presents the conclusions. 

2 Navigation in an Indoor InitiaUy Unknown Enviromnent 

The proposed environment is based on the physical structure of our laboratory: a 
room divided into two compartrnents with a single passage between thern (Figure 
l.a). In this figure, the circles represent initial training states and the "X" represents 
a particular target. After the 1earning phase, the robot should reach the target from 
any point within the environrnent. The algorithm was also tested for different shapes 
of obstacles irnrnersed into a single-roorn in order to evaluate how well the 
algorithrn generalizes its achievements. These tests are based on the experiments 
proposed by Donnart and Meyer [5] and Millán [9]. The different environrnents are 
the following: a free room, a roorn with a barrier, a roorn with an U obstacle anda 
labyrinth. 

(a) (b) 

Fig. 1. (a) Sketch of the chosen environment. (b) A particular state (in black) and its 
neighborhood: circles represent states and arrows are possible actions 
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Ali simulated environments are taken as a discrete and limited space state in

which each state hás eight neighbor states (Figure l.b). An agent action is a
movement from a given state to one of its neighbors.

3 Using TD to Acquire Knowledge about the Enviromnent

The navigaüon problem can be viewed as a decision tree in which each node

corresponds to a possible state s. The search in this tree is heuristically guided by

the evaluations for any possible action a the agent can take from the state s. The

agent hás to leam how to evaluate the actions from scrateh in autonomous way using

only environmental feedback. Hence, RL is a suitable approach to solve GDRLP.

In RL, the agent receives a reinforcement signal r from its environment that

quantifies the instantaneous contribution of a particular action in the state s to reach

lhe goal state. Then, the evaluation of a state í under a policy Tl, denoted by V (s),

estimates the total expected retum starting the process from such a state and

following that mentioned policy [11]. The learning process takes into consideration

three types of situations: free states, obstacle states, and goal state. A free state is

defined as a state in which the agent does not reach the goal (goal state) or an

obstacle (obstacle state). Thus, Araújo and Braga [l] proposed the following

definition for the reinforcement signal:

r(Sf,a,s^)=-

+1, goal state;
-l, obstacle state;

0. freestate.

(l)

This representation is derived from the two most common types of

representations found in the literature: the goal-reward representation [10] and the

action-penalty representation [3]. The former indicates the states to guide lhe agent

towards lhe goal. Consequently, it is a very sparse representation because, very
often, there is only a single target. The latter is less sparse than the first

representation because lhe occurrence of obstacles is much more common than the

presence of goals. Even though, this representation does not direct the agent towards

the target.

The leaming strategy for solving this GDRLP is the temporal difference (TD) as

used by Barto et al. [2]. This technique is characterized for being incrementai and

for declining a model of worid. The chosen leaming rule is the following [l l]:

(2)&VV(St) = a[r^y +7Vn (s^)-VV (.si)}

where: Vt(,s,) is the evaluation of the state s; áV"(s,) is the updating value of lhe

evaluaüon of the state s,; s, is the state at ume f; r i is the feedback from lhe

environment at time í+1; a is the leaming rate (O < a < l); y is the discount factor

(0<y<l).
The agent leams the navigation task accumulatíng knowledge into two surfaces:

a reward and a penalty one. The reward surface does not explicitly roap obstacles, it
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is modified following the identification of the goal in the environment. The penalty 
surface holds information that indicates the proximity between the agent and any 
obstacle. The composition of both surfaces guides the robot towards the target. The 
leaming algorithm is shown in Figure 2. 

lnitialize with zeros ali states in both surfaces; 
Repeat 

Take the agent to the initial position; 
Repeat 

Select an action a according to lhe policy K, 

Execute the action a and take lhe agent to its new state St+t; 

lf the new state is an obstacle 
Update the penalty evaluation for s1 according to (2). 

Store lhe current state in the current trajectory; 
While the agent does not find an obstacle o r a target; 
lf lhe new state is a target 

Update lhe reward evaluation for the whole memorized trajectory 
according to (2); 
Delete the las! trajectory from the agent memory. 

While the agent does not find the target for a pre-determined number of times. 

Fig. 2. The leaming algorithm in procedural English. 

The agent policy n is inspired in the potential field methods [7]: 

'" In 85% of the attempts the algorithm chooses the action with larger combined 
value (reward + penalty); 

'" In 10% of the attempts the algorithm chooses the action that takes the agent to 
the opposite state with the largest penalty; 

.. In 5% of the attempts the algorithm chooses the action with the largest reward. 

The timing to update each one of the surfaces ís different. The penalty surface is 
modified whenever the agent changes its state and the algorithm takes into 
consideration only the current state and its successor. The changes follow every 
single visit to a particular state. The reward surface is updated whenever the target is 
encountered. The modification ínvolves ali the states the agent visited to reach the 
goal. This trajectory is stored by the agent while it tries to reach the goal. 

The algorithm above was implemented in MATLAB® where the graphic user 
interface (GUI) permitted to visualize some behaviors of the agent. The two next 
sections give the details about the results obtained in the two stages of GDRLP. 

4 Solving GDEP 

The objective of the first stage of GDRLP is to explore the workspace to generate 
trajectories, not necessarily the shortest ways, between the initial states and the goal 
statc. The algorithm is tested in tive different environments: layout of our 
laboratory, free room, room with barrier, room with U obstacle and labyrinth. 
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The leaming stage generates surfaces as illustrated in Figures 3.a and 3.b. The

reward surface assigns values between zero and one to each visited state in the

environment. These values represem the proximity to the goal state. The penalty

surface maps the obstacles positions that the agent tried to visit.*The penalty
evaluations range from -l to zero and such values represent the proximity to

obstacles. Note that the reward surface is smoother than the penalty one.

Figure 3.c shows a number of trajectories obtained after initial exploration of the

first environment. Within the explored área, the trajectory generated by the agent is

a viable connection between an initial point and the target but, generally, it is not

the best path. The results shown in Figure 3.c illustrate that certain parts of the

trajectories are repeated for different starting points. Thus, when leaving from a

nontrained initial point, the agent moves along the state space to reach a point that

had been visited during the ü-aüung stage. From that point onwards, lhe robot

follows the trajectory to which that point belongs, the agent stops its movement after

reaching the goal.

~í
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(c)

Fig. 3. (a) A reward surface leamed by the agent. (b) A penalty surfáce leamed by lhe agent.

(c) Trajectories obtained with lhe TD algorithm: the left-hand side shows initial trained
points and the right-hand side initial nontrained points. For ali trajectories lhe goal state is

located at lhe center of lhe left-hand side part of the environment.

Figures 4.c and 4.f show agent patfas in one-room environment with and without

a barrier. The corresponding reward surfaces for visited states in both cases (Figures

4.a and 4-d) are similar, even só the penalty surfaces are significantíy different.

Figure 4.e shows many more details about lhe obstacles than Figure 4.b because in

the first one the agent had to work further to find a viable path.
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Fig. 4. Reward surface, penalty surface and obtained trajectory on a agent in a: (a)-( c) free 
single room; (d)-(f) single room with a barrier. The target is at the uppermost point of the 
path. 

More complex environments are also tested, as presented in Figures 5.a and 5.b. 
Note that the agent has successfully reached the target in both cases. 

(a) (b) 

Fig. S. Two paths found by the agent considering: (a) An U obstacle with the initial position 
inside the U, (b) A labyrinth with the initial position in the right lowest comer o f the figure. 

Based on the proposed algorithm, the agent produces trajectories to reach the 
goal. However, if the evaluations are not updated, the trajectories remain be the 
same ones, and no decrease in the number of visited states occurs. A mechanism to 
suitably modify the reward surface to accomplish the second stage of GDRLP is 
presented in the next section. 

5 Solving tbe Second Stage of GDRLP 

At this point, the agent already has coded into its two surfaces the information that 
allows it to navigate appropriately along the areas visited during the exploration 



137

stage. As mentioned before, the evaluatíon of each state is updated only once. If that

constraint is lifted, the multíple visitatíon originates "isles" in the reward surface

(Figure 6.a). As a consequence, the agent does not have suitable reward evaluation

in the área between isles then the agent is arrested in a loop as sketched in Figure

6.b. The penalty surface, with its local update scheme, does not have significant

change in this extra training.

Fig. 6. (a) "Isles" generated in lhe reward surface. (b) An agent get stuck due to muldple

visitation during lhe training stage.

The trajectory pursued by the agent during the training stage (Figure 7.b)

explains the occurrence of isles in the reward surface. A particular state, visited a

number of times in a same trajectory, hás its evaluatíon roodified proportionally to
the number of visits. Thus, very often this evaluatíon becomes incoherent with those

in the neighborhood presenüng significant differences between them. Hence, one
can conclude that the modifications in the reward surface should become smother in

the current visit than the change in the previous visit in order to avoid surfaces as
showed in Figure 7.a.

Fig. 7. (a) The reward surface for leaming with multiple visitation. (b) The con-esponding

trajectory to reach the goal.

In sum, the constrain of updating just one time the evaluation of each state

guarantees the solutíon of GDEP. However, this restriction does not allow the agent

to alter the learned trajectory in a way to get a better solution. The possible solution

is to adopt a variable leaming rate in the algorithm.

The leaming rate detennines the size of the step to update the evaluations during

the training stage. It is adopted a variable leaming rate per state that is initially high

and diminishes as function of the number of visits. The decreasing of the leaming

rate should be abrupt to avoid the occurrence of the isles in the reward surface. The

expression used for the leaming rate to update the reward surface is:
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(3) 

where1: a (s) is the learning rate of state s; a I is the minimum value of alllearning 
rates (a I= 0.1); a 2 is the maximum value of alllearning rates (a 2 = 0.9998); k(s) is 
the number of visits to state s in trials that reached the goal. 

The choice of an action is based on a composition of the reward and the penalty. 
Thus, the policy 2 becomes: 

• In 60% of the attempts the algorithm chooses the action with the largest 
combined value (reward + penalty); 

o In 10% of the attempts the algorithm chooses the action that takes the agent to 
the opposite state with the largest penalty; 

• In 5% of the attempts the algorithm chooses the action with the largest reward; 
o In 25% of the attempts the algorithm chooses the action randomly. 
• In case of tie the choice is random. 

The first three components of the policy provides the agent with a tendency to 
follow the growth of reward evaluation and. to avoid the growth of penalty 
evaluation. The fourth component, however, adds a random component to the agent 
behavior to allow variations in the learned paths. The randomness allows to find 
shorter trajectories as long as the number of training cycles3 increases. 

During the training cycles, the penalty surface changes slightly, i.e., the learning 
basically occurs in the reward surface. Following the increase in the number of 
training cycles, the reward surface maps more states and becomes smoother (Figure 
8). 

se se se se 
o o o o o o o o 
(a) (b) (c) (d) 

Fig. 8. A reward surface after: (a) 1 training cycle, (b) 100 training cycles, (c) 1000 training 
cycles and ( d) 5574 training cycles. 

The trajectories in Figure 9 exemplify the improvement of the agent 
performance (Figure 8). During these tests, the policy becomes that one explained in 
Section 3. 

1 The parameters adopted in the leanúng rate calculus are chosen heuristically. 
2 The distribution used in the policy tries an tradeoff between a determinist and a random 

behavior and it was selected heuristically. 
3 In simulations, a training cycle corresponds to the random selection and training of the 

eight initial points anda final state as in Figure !.a. 
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Fig. 9. (a)-(d) Improvement of the agent performance between an initíal point and the goal

state and (e)-(h) Improvement of the agent performance between an initíal point and fhe goal

after l, 100, 1000 and 5574 training cycles. The final point is placed at the left-hand side of
the room.

Figure 10 shows that af ter ten thousand training cycles the trajectories in other

environments are also better then before, however they are not the shortest paths.

n
(a) (b) (c) (d)

Ilg. 10. (a)-(d) Trajectories followed by lhe agent after 10000 stages in the environments
presented in Figures 4 and 5.

6 Conclusions

This paper proposed an agent that uses reinforcement leaming methods to guarantee

its autonomy to navigate in its state space. The reinforcement signa! fi-om lhe

environment is encoded into the rewaid and penalty surfaces to endow the agent

with the ability to plan and to behave reactively. The agent solves GDRLP in which

an exploration stage finds a solution to the proposed task and after that the agent

performance is improved following further training.
The agent perfonnance is assessed using three out of four evaluatíons methods

proposed by Wyatt et al. [15]. The internai estimates of lhe performance, embodied

in the two surfaces, are able to represem the action repercussions. The qualitative

analysis of the robot behavior shows that it improves its perfonnance with further

training. Finally, the quantitative externai analysis of performance results in shorter

paths since when the robot finds its goal for the first time.
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The agent solves GDRLP, even so the time to reach a sub-optimal solution is 
quite long. It is necessary a great amount of training cycles to generate trajectories 
better than the early ones. The authors are working for learning strategies that 
dynamically modify the policy, so the randomness in agent behavior decreases with 
the increase o f visitations to states of the environment. 
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