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Adapting real mabile robots to complex or dynamic
environments is just one of the many challenges
robotics researchers face. The difficulty in such en-
vironments is in developing a simple, quick adaptive
controller that adaptsrobotsto patternsin these envi-
ronments, especially when individual patternsrequire
unique behavior from the robot. Although most stan-
dard evolutionary algorithms attempt to obtain opti-
mal networks for such environments, this is difficult
to attain due to network confusion in adapting and
readapting patterns. We propose a simple adaptive
controller able to learn and remember. It simplifies
environments into ssimple groups of patterns, each of
which the robot can independently learn and mem-
orize. The memory introduced in the controller en-
hances the robot’s ability to track its own experience
and to cope with upcoming events. Experimental re-
sults show that the controller handles general com-
plexity and givestherobot more adaptability, stability,
and autonomy.

Keywords: adaptive controller, learning and memory,
symmetrical neural network, pattern association network
controller

1. Introduction

Real-world robotic environments are complex and
change over time. Behavior optimal at one time may not
be so in the next moment. The challenge of such environ-
ments is in developing an adaptive controller that copes
with patterns usually existing in environments. If individ-
ual patterns required totally different behavior from the
robot, for example, acontroller could find difficulty adapt-
ing and readapting among patterns.

Classical learning algorithms such as genetic algo-
rithms (GA) [1-3] and reinforcement learning (RL) [4—7]
are powerful in adapting robots to local environments, but
do not adapt automatically to changes in the environment
or operate only in a predefined or fixed landscape [8]. To
avoid these drawbacks, researchers have explored com-
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bining learning and memory that copes with rea-world
complexity [9,10]. Despite some success, however, ef-
forts remain limited.

We introduce a quick, adaptive controller with learning
and memory for mobilerobotsin complex, highly change-
able environments. Our proposed model’s novelty liesin
1) simplifying complex environmentsinto simple patterns
and 2) training, storing, and recalling individual patterns
independently through a dynamic memory.

The controller consists of a pulse differentiation learn-
ing agorithm (PDL) and a pattern association network
controller (PAN-C), where the memory takes place.

This paper is organized as follows: Section 2 gives a
brief background on learning a gorithms, then details con-
troller principles. Section 3 reviews the robot and envi-
ronment. Section 4 discusses the experimental setup and
results, and Section 5 presents conclusions and projected
work.

2. Learning and Memory

After summarizing learning algorithms commonly used
to control mobilerobots, we detail our proposed algorithm

(Fig. 1).

2.1. Background

Most learning agorithms used in adaptive robot con-
trollersrely on asingle neural network with a mechanism
for synaptic plasticity. During the robot’s life, the net-
work adjusts weights to learn behavior that meets most of
the patterns repeated in a given environment, i.e., the net-
work shapes itself to fit within introduced patterns [16].
These algorithms tend to ignore pattern complexity in en-
vironments and attempt to deal with problems asawhole.
In highly complex situations, uncorrelated patterns arise
that require behavior totally different from the network to
survive, limiting the success of these algorithms [16].

Most researchers dealing with mobile robots work to
enhance |learning algorithms by either presenting a hierar-
chical network topology [17], by developing new synap-
tic plasticity [18], or by attaching memory [19]. These
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Fig. 1. Proposed controller.

Fig. 2. Two-layer symmetrical neural network.

approaches attempt to maintain trained patterns aslong as
possible to increase network stability [16].

Thenovel controller we propose breaks problems down
into parts, or patterns, to be dealt with independently. Our
controller uses 1) symmetrical neural networks (SNN)
with PDL for synaptic plasticity (Section 2.2) and 2) a
PAN-C, which takes into account the degree of correla-
tion between environmental patterns so that the robot can
create networks online to ensure its stability and that are
generated based on the robot’s infrared (IR) sensors dur-
ing navigation and adjusted by the network’s final behav-
ior (Section 2.3).

2.2. Learning Units
2.2.1. Symmetrical Neural Network

A two-layer symmetrical neural network (SNN) repre-
sents sensorimotor connections (Fig. 2) [2, 11]. IR sen-
sory neurons IR1-1R4 represent the input layer and di-
rectly contact motor neurons M and Mg in the out-
put layer. For simplicity, we call synaptic connections
from sensory neurons to the left/right motor neurons
the left/right synaptic connection (LSC)/(RC). LSC
and RSC are programmed to hold symmetrical synaptic
weights in reverse, i.e, LSC from (IR31-IR4) is a copy
of RSC (IRs-IR1). The advantage of such symmetrical
connection is that changes in synaptic weight on one side
cause similar changes on the other, so both sides evolved
simultaneously, speeding up adaptation [11].
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2.2.2. Pulse Differentiation Learning

Pulse differentiation learning (PDL) is a synaptic plas-
ticity model we developed and introduced to the SNN
(Fig. 1). PDL updates synaptic weights based on current
and ashort past history of robot sensory values (%), (%1,
Xi—2). We believe that these values impact on what the
robot’s next time step (%..1) Situation will be. A gradu-
aly increase in the robot’s sensory values near the side
of awall over time, for example, could lead to a collision
with that wall. To avoid this, a certain synaptic weight
should be modified, e.g., by increasing motor speed on the
wall side and decreasing it on the opposite side, so that the
robot will turn away from it [12]. PDL is programmed to
gradually increase or decrease synaptic weights based on
acceleration or deceleration of the short sensor history as
follows:

W+oa :%>0
W—-—a %<0

where %; is the short history of sensor i [X= (% —X%-1) —
(%—1—%—2)], and the update rate (o« = 0.25). The synap-
tic weight rangeis [—15,+15].

To demonstrate robot network behavior, we calculate
motor neuron output to robot motors as follows:

n/2 n
M=) (IRw)— Y (Rw) . ... .(2
i=1 i=(n/2)+1
n/2 n
MR:—ZURi-Wn—i-ﬁ-l)‘F 2 (IR.Wn-i+1) (3)
i=1 i=(n/2)+1

where M| represents the left motor, Mg the right motor, n
the number of neuronsin the input layer, and w; synaptic
weight.

To evaluate network performance in obstacle avoid-
ance, we introduce a fitness function (®) (Eq. (4)). @
measures the robot’s ability to navigate in environments
as far away as possible from obstacles within a specific
period = 6 seconds. Higher fitness results from high mo-
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Fig. 3. Pattern association network controller (PAN-C). Tree
memory represents BPR. Each limb ends up by a node that
refers to an address or group of addresses in memory space.

tor values and low sensor activity.
® =Y ((IRmex — I R).Distance traveled) /time . (4)

where | Rpax iS @ constant representing the maximum IR
sensor value (I Rmax = 3800) and IR, the current sensor
value.

2.3. Pattern Association Network Controller

The memory-based pattern association network con-
troller (PAN-C) abstracts patterns from the environment
based on sensory input sets, arranges them, and stores
them in a binary pattern registry (BPR) (Fig. 3). Each
of these sefs represents a pattern or a group of similar
patterns, each connected to a particular set of synaptic
weights created and stored in memory space (MS). These
sets are trained independently in the environment to attain
optimal behavior for corresponding patterns.

The controller we propose operates as follows (Fig. 4):

1. Therobot identifiesthe current pattern by its sensory
input value set.

2. If a pattern was experienced previoudly, i.e., isin
memory space MS, the PAN-C recallsits correspond-
ing set of synaptic weights and appliesit directly to
the network.

3. Therobot trains the network using PDL.

4. Memory saves new fitness values and deletes the un-
trained network.

5. Since similar sets of synaptic weights lead to simi-
lar network behavior, clustering with athreshold (6)
runs offline to cluster similar patterns stored in MS.
Networks with higher fitness survive.

6. If thecurrent pattern isnew to therobot, i.e., does not
existin MS, anew addressisreserved in MSholding
aset of synaptic weight specific to this pattern, which
then will be run on the network. Go to Step 3.

(1) The binary pattern registry (BPR) is binary tree
memory at the top of MS (Fig. 3), inspired by previous
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Fig. 4. Controller performance. Dotted line: PAN-C.

work [13]. It contains 4 digits, each representing an IR
sensory value. The BPR is programmed to i) search MS
for sets of synaptic weights suitable to the current pattern,
ii) locate space in MS for new incoming patterns, and iii)
cluster similar patterns.

Two-level clustering is applied simultaneously by the
BPR to control robot memory and give more freedom.
Level 1 is applied to MS, operating each period (t = 1.6
seconds) or whenever MSgetsfull. Networkswith similar
synaptic weights after training are clustered (6 = +/ — 3).
Frequently called synaptic weightswith the highest fitness
survive.

Level 2 appliesto the BPRitself, clustering similar net-
works using one-step hamming distance for sensory input
sets[14].

(2) Memory space (MS) is where the robot stores its
experience (Fig. 3). Thesize of MSisinitially defined by
afixed number of 16 dlots, but its capacity isuncertain due
to the clustering we use. One slot in memory addresses a
variable number of similar patterns.

3. Robot and Environment

To test controller feasibility, we used the differentia
wheeled mobile robot e-Puck (Fig. 5A), originally devel-
oped for educational purposes [15]. Of the robot’s many
sensory input devices, we used only the four front IR sen-
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Fig. 5. (A) e-Puck sensory input and motor output locations. (B) Complex environment layout combining three environments (B1,

Bo, and B3).

sors and two wheel motors, since they were sufficient for
the robot to manage simple navigation and obstacle avoid-
ance.

A unique complex design environment requiring dif-
ferent behavior from robots (Fig. 5B) combines three
environments — a simple wide area, a section with
different-shaped obstacles, and a set of narrow corridors
(Fig. 5B123). We divided the environment in two using
two removable gates — one containing the simple wide
area and the other the remaining areas. Note that remov-
ing gates provided a complex environment requiring dif-
ferent skills from the robot (Fig. 5B).

Our task wasto determine the robot’s ability to navigate
quickly and consistently in a complex environment.

4. Experimental Results

4.1. Evolution with a Classic Genetic Algorithm

Experiment 1 examined the robot’s ability to evolve in
acomplex environment (Fig. 5B), using aclassic GA.
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A simple GA program was run on the robot for 60 min,
with the GA designed to handle 16 individuals per gen-
eration. Each individual coded a set of synaptic weights
applied directly to the network and trained by the robot in
the environment for 6 seconds. Two-point crossover and
one mutation were used to build new generations. To eval-
uate individual, the fitness function (®) was calculated
each 6 seconds (EQ. (4)).

Behavior fluctuated between adaptations to each pat-
tern (Fig. 6). Initially, the robot tried to adapt its network
towide area A, but when it entered tunnel areas B and C,
the fitness value suddenly decreased, requiring readapta-
tion, and vice versa when the robot |eft the tunnel area.

We repeated this experiment with different setups.
Gates to the tunnel were closed and the robot started
evolving within the wide area for 30 min, then we re-
moved gates and continued the training another 30 min.
This scenario was repeated 3 times.

In average behavior for the three runs (Fig. 9, thin line),
the robot determined the best individua in the wide area
within less than 30 min, but after gates were removed and
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Fig. 6. Single e-Puck run evolved by standard GA in complex environment.

Fig. 7. Networks activity in robot MS during complex environment navigation. Each point represents time when a network was

activated.

the robot was moved to the tunnel area, the best individual
found failed to survive because the new pattern required
totaly different behavior from the robot. Extra training
was therefore required for the robot to fit within the new
situation.

We thus concluded most classic known evolutionary al-
gorithms, e.g., GAs, were inappropriate for complexity
problems, and such algorithms would make it difficult to
achieve an optimal network.

4.2. Adaptation with Proposed Controller

Experiment 2 examined the controller’s ability to deal
with complex environments (Fig. 5B).

In ascenario similar to experiment 1, the robot wasini-
tialized in the wide area (Fig. 5B) with gates to the tunnel
areaclosed and left to move around for 30 min. At theini-
tial time, the robot found 5 patterns based on the set of IR
sensor values and corresponding networkswere registered
sequentialy in MS. These 5 networks were then clustered
into 2 (Fig. 7). The robot adapted to navigating smoothly
in the wide area, avoiding obstacles within a very short
time.
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Fig. 8. Fina patterns found in environment. Black circles
indicate activated IR sensory input.

After 30 min, we removed gates and continued train-
ing using the whole area. The robot had learned extra
patterns and its networks were sequentially added to MS
(Fig. 7). Each network could cope with one or more be-
haviors in the environment. Network activation relied on
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Fig. 9. PAN-C adaptation (thick line) and GA evolution (thin line). Gates to narrow space were removed after 30 min.

the appearance of the corresponding pattern. Note that
13 patterns were initially generated and clustered into 7
networks. Each network represented a behavior. The lat-
est behaviors in the (Fig. 8) resulted eventually in seven
networks — (A) for straight navigation, (B) for right and
front obstacle avoidance, (C) for left and front obstacle
avoidance, (D) for front obstacle avoidance, (E) for turn-
ing right in a tunnel, (F) for turning left in a tunnel, and
(G) for moving straight in atunnel.

We repeated the above scenario 3 times. In the average
for the 3 runs (Fig. 9, thick line), fitness became highest
very quickly and remained stable even though situations
the robot faced during navigation changed often.

The robot thus found different patterns and learned
them independently, storing corresponding networks in
MS and recalling them as needed.

4.3. Controller vs. GA

As indicated, athough the GA is powerful for gener-
ating autonomous behavior in a mobile robot, its ability
to navigate in complex or dynamic environments is lim-
ited. Behavior optimal in the wide area failed to survive
in the tunnel areg, i.e., fitness became low, engendering
unstable behavior and finding no optimal network to cope
automatically with both environments (Figs. 6 and 9).

Our proposed controller, in contrast, abstracted,
learned, and saved a number of networks in memory
based on IR sensory sets. Each network represented a
behavior, and these networks were recalled and retrained
whenever the corresponding pattern occurred. The robot
thus learned to deal with different patterns independently
instead of dealing with the whole environment as one, and
no longer had to rely on environment complexity. |nstead,
it smplified problem complexity into simple patterns and
dealt with each independently, gaining for itself a high
degree of adaptability, stability, and autonomy.

To reaffirm PAN-C efficiency, we divided the environ-
ment into two equal areas and represented a series of dif-
ferent environments simultaneously in each. We intro-
duced two equally trained robots, one by a GA and the
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other by the PAN-C, into this series of environments for
210 seconds (Fig. 10).
We found that:

1. Regardless of synaptic plasticity used in the network,
it appeared difficult for a single network to maintain
stability and cope rapidly with changesin a series of
different environments. The robot trained by the GA,
for example, kept hitting the wall and reevolved its
network whenever changes occurred in the environ-
ment. The robot appeared to be confused between
adaptations in each situation. In contrast, the robot
trained by the PAN-C was free to switch among acti-
vation of anumber of networksthat it had previously
learned and stored in memory to maintain stability.

2. The robot trained previously by the GA appeared to
try to avoid entering narrow areas or those it had not
previously trained for to avoid losing its fitness, so
the areas it covered were very limited. In contrast,
the robot trained by the PAN-C tried to cover the
whole area by switching between networks and gen-
erating new networks as needed, and invariably did
its best to keep a certain distance from the wall.

5. Conclusion

We have built a ssimple adaptive robot controller that
handles general complexity, smplifying a given environ-
ment into simple patterns, learning these patterns, and
dealing with individual patterns independently.

Patterns are recognized by sets of IR sensory input
and represented by particular networks stored in dynamic
memory space. Networks with similar behavior or close
sensory input sets are clustered in two-level clustering.
Calling and retraining networks depends on the appear-
ance of their corresponding patterns. Networks aretrained
independently in the environment and do not affect other
network behavior.

Experiments 2 and 3 demonstrate the performance of
the proposed controller. Obstacle avoidance and smaooth,
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Fig. 10. (A) Robot behavior when introduced to different environments, using the GA (left)/PAN-C (right). (B) Wall proximity in

robot navigation. 100: Robot collision with wall.

stable navigation occurred more quickly compared to
when a GA was used. Optimal behavior was distributed
among seven networks so that each represented one be-
havior and was switched with the other.

Note that our controller both shortened learning and
generated overall performance stability while minimizing
the number of networks needed to complete atask through
simple clustering.

The work presented here is applicable to a broad range
of tasks and complex environments and provides an at-
tractive alternative for coping efficiently and quickly with
complexity problems.

Although our experiments were simple, however, the
basic of experiments 2 and 3 generally clarifies the effi-
cacy of our proposal.

We now plan to expand sensory input patterns to in-
clude a video camera for fast, stable navigation based on
image processing for areal robot in adynamic office-like
environment. PDL is also to be tested to determine its
compatibility with other network architectures.
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