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Abstract

This chapter presents an evolutionary method for creating an artificial neural
network based controller for an autonomous land vehicle. Previous studies which
have used evolutionary procedures to evolve artificial neural networks have been
constrained to small problems by extremely high computational costs. In this
chapter, methods for reducing the computational burden are explored. Previous
connectionist based approaches to this task are discussed. The evolutionary
algorithrm used in this study, Population-Based Incremental Learning (PBIL), is
a variant of the traditional genetic algorithm. It is described in detail in this
chapter. The results indicate that the evolutionary algorithm is able to generalize
{0 unseen situations better than the standard method of error backpropagation; an
improvement of approximately 18% is achieved on this task. The networks
evolved are efficient; they use only approximately half of the possible
connections. However, the evolutionary algorithm may require considerably more
computational resources on large problems,
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1.1 Overview

In this chapter, evolutionary optimization methods are used to improve the
generalization capabilities of fi -forward artificial neural nhetworks. Many of the
previous studies involving evolutionary optimization techniques applied to

This chapter presents a study of evolutionary optimization on a "real-world"
problem, that of autonomous navigation of Carnegie Mellon's NAVLAB system.
In contrast to the other problems addressed by similar methods in recently
published literature, this problem has a large number of pixel based inputs and

The feasibility of using evolutionary algorithms for network topology discovery
and weight optimization js discussed throughout the chapter. Methods for
avoiding the high computational costs associated with these procedures are
presented. Nonetheless, evolutionary algorithms remain more computationally

expensive than training by standard error backpropagation, Because of this

evolutionary algorithms lies in their ability to perform global search; they
provide a mechanism which is more resistant to local optima than standard
backpropagation. In determining whether an evolutionary approach is appropriate
for a particular application, the conflicting needs for accuracy and speed must be
taken into careful consideration,

The next section very briefly reviews the fundamental concepts of ANNs. This
material will be familiar to the reader who has had an introduction to ANNs.

Population-Based Incremental Learning [4]). Section 1.5 gives the details of the
task. Section 1.6 gives the implementation and results. Finally, Sections 1.7 and
1.8 close the chapter with conclusions and suggestions for future research.

1.2 Introduction to Artificial Neural Networks
An Artificial Neural Netwark (ANN) is composed of many small computing

sigmoidal activation function, input valyes will be mapped to a point in (0,1)
and for the hyperbolic tangent activation function, the input will be mapped to a

as the output of the network, or used as input to another neuron, In the study
presented in this chapter, hyperbolic tangent activations were used.
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i 1.1: The artificial neuron works as follows: the summation of A_o )
:_o%“.mhwo?&m__a * activation) values is v..:.::.o@m__ ._6 activation ?:men: in
the neuron. In the above shown case, this is a sigmoid. The output o
neuron, which can be fed to other neurons, is the value 8:.5.& from .".:oo
activation function. The x's can either be other neurons or inputs from
outside world. .

ifici networks are generally composed of many of Eo.z_.ma shown in
Wﬂcﬁ_w_ _.”oh_m..w_sois in _.._.m.__Mo 1.2. For a neuron to retum a particular ..vamumo
for a given set of inputs, the weights .on .=.o connections can be m difi .m
"Training” a neural network refers to Eon_m@:.m :.o io_m_._a of the connections
produce the individual output vector associated with each input vector.

i is composed of three layers, the input _nxs.. the !&m: _36._. and
ﬁﬁ.ﬂwbﬂﬂn woniww__ the layers of units are connections containing io_mrn.w.
These weights serve to propagate signals 53:«: the network. Amoo:__.._m:ﬁ :m
Typically, the network is trained using a technique which can be ﬂ:m ﬂoo s
gradient descent in the connection weight space. Once the =m:§_=. .sn._ cn
trained, given any set of inputs and outputs which are m:nmn_n_:.w. M,__S_ ar ©
those on which it was trained, it will be able to reproduce _.__o. associat _.ao__a.v: :
by propagating the input signal forward through each connection until the ou pul

layer is reached. Weighted Connections

Inputs

Neurons
Input Layer Hidden Layer Output Layer

i h of the connections
i 1.2: A fully connected three layer ANN is m__oi.? msn. .
Figure o»_w change its weight independently during training.
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examined, including architectures with more hidden units and different output
representations. Although the output representation was found to have a large
impact on the effectiveness of the network, other features of the network
architecture were found to yield approximately equivalent results [15]{16]. In the
study presented here, the output representation examined is the one currently used
in the ALVINN system, a distributed representation of 30 units.

1.3.1 Training ALVINN

To train ALVINN, the network is presented with road images as input and the
corresponding correct steering direction as the desired output. The correct steering
direction is the steering direction the human driver of the NAVLAB has chosen.
The weights in the network are altered using the backpropagation algorithm so
that the network's output more closely corresponds to the target output. Training
is currently done on-line with an onboard Sun SPARC-10 workstation.

Several modifications to the standard backpropagation algorithm are used to train
ALVINN. First, the weight change "momentum"” factor is steadily increased
during training. Second, the learning rate constant for each weight is scaled by
the fan-in of the unit to which the weight projects. Third, a large amount of
neighbor weight smoothing is used between the input and hidden layers.
Neighbor weight smoothing is a technique to constrain weights which are
spatially close to each other, in terms of their connections to the units in the
input retina, to similar values. This is a method of preserving spatial information
in the context of the backpropagation algorithm.

In its current implementation, ALVINN is trained to produce a Gaussian
distribution of activation centered around the appropriate steering direction.
However, this steering direction may fall between the directions represented by
two output units. A Gaussian approximation is used to interpolate the correct
output activation levels of each output unit. Using the Gaussian approximations,
the desired output activation levels for the units successively farther to the left
and the right of the correct steering direction will fall off rapidly on either side of
the two most active units. A representative training example is shown below, in
Figure 1.5. The 15x16 input retina displays a typical road input scene for the
network. The target output is also shown. This corresponds to the steering
direction the driver of the NAVLAB chose during the test drive made to gather the
training images. Also shown is the output of an untrained network. Later in the
chapter, trained outputs will be shown for comparison.

One of the problems associated with this training is that the human driver will
normally steer the vehicle correctly down the center of the road (or lane).
Therefore, the network will never be presented with situations in which it must
recover from errors, such as being slightly off the correct portion of the road. In
order to compensate for this lack of real training data, the images are shifted by
various amounts relative to the road's center. The shifting mechanism maintains
the correct perspective, to ensure that the shifted images are realistic. The correct
steering direction is determined by the amount of shift introduced into the
images. The network is trained on the original and shifted images.
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Figure 1.5: Input image, target and actual outputs before training.

1.4 The Evolutionary Approach . o .
The majority of approaches in which evolutionary _uz_.n_v_mm. are .:m& in
conjunction with neural network training can be broadly m:g:.aum- into two
groups. The first concentrates on formulating the problem of finding the
connection weights of a predefined artificial neural =o:«oqx E.n-:ﬁo.a_.n as a
search problem. Traditionally backpropagation, or one of its many variants, .__nm
been used to train the weights of the connections. However, backpropagation is a
method of gradient descent through the weights space, and can therefore get stuck
in local minima. Evolutionary algorithms (EAs) are _:oz.o%. of global mo.»_,n?
and are less susceptible to local minima. Finding the appropriate set of weights
in a neural network can be formulated as parameter optimization problem to
which EAs can be applied in a straightforward manner. A 3.=n=. more
comprehensive overview of evolutionary algorithms, and their applications to
parameter optimization tasks, can be found in (3] [9].

The second method for applying EAs endeavors to find the appropriate structure
of the network for the particular task; the number of _»wo_.m, the connectivity,
etc., are defined through the search process. The inmm_zm can either be determined
using backpropagation to train the networks specified by the search, or can
simultaneously be found while searching for the network .ouo_.owv.. The 327&
explored in this chapter is a variant of the latter approach, and will co.%mnav& in
much greater detail in the following sections. The advantage to this method is
that if there is very little knowledge of the structure of the problem, and therefore
no knowledge, other than the number of inputs and outputs needs that need 1o be
incorporated into the network, the structure of the network does not need to be
predefined in detail.

Given the possibility of backpropagation falling into a local minima, ~.==_ the
potential lack of knowledge regarding the appropriate neural network mﬂn::nﬂ:_.w
to use, using EAs appears to be a good alternative. However, the largest
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drawback of EAs, and the one which has made them prohibitive for many "reg)
world" learning applications, jg their enormoys Computationa| burden. A5 EAs do
not explicitly yse gradient informatiop (as cmnwvwo_ummm:o: does), large amounts
of time may be spent Searching before an acceptable solutjop is found,

Previoys work has beep done to measure the wommmE:Q of o<o_=:o=mQ
approaches on Standard neyry) network benchmark probiems, such a5 the encoder

has concentrated op Solving a “search and collection task* of simulated ants hag
i , With n<o_==.o=mﬁ< Programming,

Many of the studies which haye used evolution a5 the principle learning paradigm
of training artificial neyra| networks have often modelleq evolution through
genetic algorithms [6)[10)] 14). Ic€o<o? genetic algorithms are very
no-:v_zmzo:m:v. expensive for large problems. Ip order to reduce the search
times, a poye] evolutionary search algorithm is used jp this study. The
algorithm, Population Based Incrementa) Learning (PBIL), s based Upon the
mechanisms of 5 generational genetic algorithm apq the weight update rule of
ised iti i

voﬁ::»_ma_::oau defined in 5 binary alphabet. The €xact encodings of the
networks will be described in the next section,

the function Space being explored,

A very basjc observance of genetic algorithm behavior provides the fundamentg]
guidelines for the performance of PBIL. One of the key features ipn the early

Volume 11 g

probability; = (probability; x (1.0-LR)) + (LR x solution Vector;)

probability; is the probability of generating a | in bjt _..859_ i. .
solution Vector; is the value of the ith position in the high evaluation vector.
LR is the learning rate (defined by the user).

The probability vector and the solutionVector are both the length of the encoded
solution,

During the probability vector E&m.o..-rn probability vector is also Bom_o_.m
towards the complement of the vector i_m-_ the lowest n§_.=.»:o=. :os.oﬁr .
move is not made in al| of the bit vomanm. The v_,ogc__:« vector is ﬁo<ﬁ.~
towards the complement of the vector with the lowest evaluation oa_x in t n~ i
positions in which the highest evaluation vector and the lowes; evaluation vector
differ.

i i i tor affects
r of the ulation. In the PBIL m_mozss.l..:o E:B:@: opera
Mnmﬁwmgc::wvﬂwﬁoq directly: each vector position is shified in a random

T e
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gencw;bx.. the Negative awnﬂnu.:n rate, ey Ruch ¢q learn from N‘
les,

:womn».cm examp,

Figure 1.6: The &eneral PRy algorithm fora binary alphahey, The “elitis"
selectign mechanigmy, is not shown,

lin training of the Retworks j¢ N6t possipye. The goal of this Project iy ¢, create
Pre-trained Networkg which Perform well in he Encounterey Situationg, This a5k
] in severa) Ways from the Standarg ALVINN lask. The firsy difference ;4 that

degree of good wgo_,m__.un:.oa. while 5-52..::. IS ot Cruciaf jp Standary
ALVINN lests, ag ALVINN i _,zwacg:w trained 1o adapy ¢, c?..aw..:m Conditiony.

ormsm_.zw lighting Conditions, o?..a%.:w foad-typey, and ...E:EE.. weather
conditiopg, ete. In thjs task, the on-line training not fequireq, the netwark

e e



the solution string lengths ysed in this study are also of fixed size, the number of
bits allocated 10 represent each weight are Pre-specified before the algorithm is
Started. The translation of these bits to weights assumes that the bigs encode a
base-2 number which specifies the value of the weight within a pre-specified
range of possible values. It has been found through empirical testing that

overestimating the number of required bits did no¢ hinder performance, although
1t did increase the search time,

connection wejght were prespecified, this is not a requirement for n<oE:.o=wJ.
Uwcnnacwou. An &.8.3»:.3 method which avoids this limitation, in which the
&ranularity of detal s also evolved in the search process, is described in [14).

2 3 . Connection Present
b Connection Absent
1
1 2 3
.\.\!u 11010 000110 101010
Connection Presence Bit. /
Connection Weight Bits,
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In the experiments attempted in this chapter, the maximat network, a network
which specifies the maximum humber of feed forward connections allowed (this
is user defined), is used a5 the basis of the solution encodings used in PBIL.. This
network employed for this study is similar to the one shown in Figure 1.4, with
30 output unis, 5 hidden units, and a 15x16 input retina, This architecture js the
maximal network, the number of connections ultimately used by the finaj
architecture s determined through the search process.

1.6 Implementation and Results

In an evolutionary approach, the need 1o evaluate each ANN is the source of the
largest time Penalties. Each ANN must be evaluated to determine which network
in the current population h,

squared error on the training set, as these twWo examples are used for adjusting the
probability vector in the PBIL aigorithm. As mentioned before, the cvaluation of
each network is proportional to the sum Squared error between the target and
predicted outputs for each image in the training set. In the experiments presented
in this chapter, the training set size was 1000 images, With this size training set,
evaluating each network is very Computationally expensive. A training method
designed to reduce the computational burden is presented below.

Rather than evaluating each network on the entire training set, for each network
evaluation a small, randomly selected, portion of the training set is ysed to
measure the network’s performance. Although thjs does not provide an exact
indication of the performance of the network on the entire training set, i1 provides
an estimate. The larger the sample size, the more accurate the estimate. The
drawback of using only a subset of the training set for each evaluation is the
potential noise in each evaluation. However, the consequences of this drawback
are reduced as the "survival" of networks throughout a number of consecutive
generations will most likely be an indication of their ability to work welj on
large portions of the training set, In practice, this provides an effective method of
reducing the computational burden, with little loss in generalization ability.
However, this method should not be used if generalization is net crucial. If the
network's capability of memorizing the training set js important, this method
does not perform as wel] [5).

Tests were performed with 1000 training, 100 validation and 800 image test sets.
Training was only guided by the errors the network accrued on the training set.
The validation set was used to gauge which network should be chosen at the end
of the search to test the generalization ability of the network. The generalization
ability is gauged on the 800 image test set. The test set was only used once per
run, to gauge the performance of the single network which had the lowest average
error on the validation sey, All of the resulis are reported in terms of the error on
the test set.

of weights between - | -0 and 1.0. The search was allowed to progress 3000
generations with 30 networks evaluated per generation. To avoid problems with
noise in the network's cvaluation, one fifth 1o one third of the entire training set
(200-333 images) were used to evaluate each network.,

T o o ——




Figure 1 3. (Left) The PBIL der;
image has the Correct general location a5
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Concentrateg changes o Cnsuring that the Correct o_&amn&...oa is made father
than ensuring thye the target output js Matched exactly,
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The majority of the time in the evolutionary search procedure is spent evaluating
the effectiveness of each network. The time to create a new potential solution
vector, including the generation of a new solution vector, and the translation of it
to the structure and weights of the ANN, is very small in comparison, Therefore,
a reduction in the time Spent in the network evaluation portion of the algorithm
has a tremendous impact on the overall speed of learning.

PBIL using Gaussian
Peak Position Error
. M -
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Figure 1.9: Sample input and output using the GPPE esror metric. Images taken
from test set. Images were chosen to show different amounts of GPPE errors:
image A: 0.53, B: 1.16,C: 1.71. Backpropagation, trained with the standard SSE
erTor metric, achieves the following GPPE errors: 0.49, B: 1.70, C: 5.12.

Evolutionary search procedures have the ability to use direct information of error
metrics other than those which can easily be used by backpropagation. This can
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GPPE or SSE error metric was used to guide the evolutionary search. Although
it was not tried in this chapter, perhaps using a combination of both the error
metrics may give more information from which to guide the search, and therefore
to find better solutions. This direction is open for future research.

maximal network is specified. The evolutionary algorithm searches for the
network topology by either maintaining or throwing away possible connections.
The network topologies which are evolved in this study are efficient; they use
approximately only half of the total number of possible connections, This hybrid

approach allows any a prion information regarding the network topology to be

study was very simple. More advanced versions of the algorithm may yield better
results. For example, although the cardinality of the networks encoding was 2,
the PBIL algorithm can also work on alphabets of larger nﬁn_._.n:?.m_.sg using

performance of the algorithm. Fogel e al, have studied evolving neural networks
with real values rather than binary encoded values, and have achieved good resuits
[8].

evaluations.

A promising area for future research is the integration of backpropagation with
evolutionary search procedures. Evolutionary search has the ability to perform

step after the EA is completed. Another benefit for the integration of these two
procedures is potential reduction in the time needed for search by the EA. For
example, backpropagation can be periodically used to locally optimize the best
networks found through search. This makes the goal of the evolutionary search to
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find a good basin of attraction, and let backpropagation optimize the neural
network once a good basin is found. Such an approach is taken by [13].

The long-term future goal, of which this project is a part, is to collect a pool of
the evolved networks which can be installed into the NAVLAB. However, before
this can be done, several issues need to be resolved, one of which is that of
training networks with more than a single road type. The desire to use a small
number of “road specific” networks must be weighed against the potential
performance degradation of networks trained on more than a single road type. The
transition to using evolved networks, whether they are eventually evolved with
single or multiple road types, will not be difficult. The evolved networks use the
same inputs as the ALVINN networks, and their outputs are translated into
steering commands in exactly the same manner as the ALVINN networks already
in use. The results shown here appear promising in their error reduction;
nonetheless, only actual use will determine their true efficacy.
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