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Summary. Neuroevolution refers to the design of artificial neural networks using
evolutionary algorithms. It has been one of the promising application areas for evolu-
tionary computation, as neural network design is still being done by human experts
and automating the design process by evolutionary approaches will benefit devel-
oping intelligent systems and understanding “real” neural networks. The core issue
in neuroevolution is to build an efficient, problem-independent encoding scheme to
represent repetitive and recurrent modules in networks. In this chapter, we have
presented our descriptive encoding language based on genetic programming and
showed experimental results supporting our argument that high-level descriptive lan-
guages are a viable and efficient method for development of effective neural network
applications.

1 Introduction

Most development of neural networks today is based upon manual design. A
person knowledgeable about the specific application area specifies a network
architecture and activation dynamics, and then selects a learning method to
train the network via connection weight changes. While there do exist non-
evolutionary methods for automatic incremental network construction [32],
these generally presume a specific architecture, do not automatically dis-
cover network modules appropriate for specific training data, and have not
enjoyed widespread use. This state of affairs is perhaps not surprising, given
that the general space of possible neural networks is so large and complex
that automatically searching it for an optimal network architecture may in
general be computationally intractable or at least impractical for complex
applications [6, 33].

Neuroevolution refers to the design of artificial neural networks using evo-
lutionary algorithms, and it has attracted much research because (1) successful
approaches will facilitate wide-spread use of intelligent systems based on arti-
ficial neural networks; and (2) it will shed lights on our understanding of
how “real” neural networks have been evolved [21,45]. Recent successes using
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evolutionary computation methods as design/creativity tools in electronics,
architecture, music, robotics, and other fields [3, 5, 30] suggest that creative
evolutionary systems could have a major impact on the effectiveness and
efficiency of designing neural networks. This hypothesis is supported by an
increasing number of neuroevolutionary methods that search through a space
of weights and/or architectures without substantial human intervention, try-
ing to obtain an optimal network for a given task (reviewed in [2, 42, 43, 51]).
Specifically, evolutionary algorithms have been successfully applied to many
aspects of neural network design, including connection weights, learning rules,
activation dynamics, and network architectures.

Evolution of connection weights in a fixed network architecture
has been done successfully since the earliest stages of neuroevolution
(e.g., [13, 14, 35, 46]). With either binary or real representations, all weights
are encoded into a chromosome, then appropriate weights are searched for
using genetic operations and selection. A problem in encoding all weights is
that it may not be efficient in a large scaled network, with dense connectiv-
ity. A hybrid training approach that combines an evolutionary algorithm for
global search with other local learning algorithms (e.g., backpropagation) for
the fine tuning of weights has also been successful in many cases (e.g., [1,4,51]).

In many experiments, learning rules and activation dynamics have been
predefined by the neural network designer and remain fixed throughout the
evolution process. But if there is little knowledge about the problem domain,
it is reasonable to include them as a part of evolution, since a small change
in parameters or learning/activation rules can lead to quite different perfor-
mance by the network. Encoding learning parameters into chromosomes can
be considered as a first step towards the evolution of learning rules. In [22], the
learning rate as well as the network architecture were encoded and evolved at
the same time. Recently, Abraham encoded learning parameters and activa-
tion functions (e.g., sigmoid, tanh, logistic, and so on) and tried to evolve an
optimal network for three time series [1]. Another interesting approach related
to the learning rule is to use evolutionary algorithms to discover new learning
rules. Chalmers assumed that a learning rule must be some linear combination
of local information, and tried to find the needed coefficients using a genetic
algorithm [10]. In [38], genetic programming was used instead of a standard
genetic algorithm, since symbolic learning rules as well as their coefficients
can be evolved within genetic programming.

Finally, there has been substantial interest in evolving neural network
architectures (structures). There are roughly two different schemes that have
been used to encode an architecture: direct and indirect encoding schemes.
With the direct encoding scheme, connection information is explicitly specified
in a connectivity matrix [33,34]. It is simple and all possible network architec-
tures within a fixed matrix size can be represented. However, for a large neural
network, searching for the optimal architecture with a direct encoding scheme
can be impractical since the size of the space increases exponentially with the
network size. On the other hand, only some essential features of the network
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architecture are specified with an indirect encoding scheme [9, 20, 29, 47]. For
example, a network is represented by the size of each neuron block and their
connections to the other blocks [22]. But this approach assumes that other fea-
tures are predefined (e.g., all linked blocks are assumed to be fully connected
in this example), so it searches a limited space.

Many previous studies involving evolution of neural networks start with
randomly generated network architectures, undertake evolution without any
specific bounds on the range of structures permitted, and/or are limited to an
evolutionary process that occurs on a single level (e.g., only at the level of num-
bers of individual nodes and their connections, versus only at the higher level
of whole network layers and their interconnecting pathways). In this chapter
we describe our recent work developing a non-procedural language to specify
the initial networks and the search space, and to permute virtually any aspects
of neural networks to be evolved [25, 26]. This is done by using a high-level
descriptive language that represents modules/layers and inter-layer connec-
tions (rather than individual neurons and their connections) in a hierarchical
fashion that can be processed by genetic programming methods [3,30], and in
this way our approach permits the designer to incorporate domain knowledge
efficiently. This domain knowledge can greatly restrict the size of the space
that the evolutionary process must search, thereby making the evolutionary
process much more computationally tractable in specific applications without
significantly restricting its applicability in general. Our system does not a pri-
ori restrict whether architecture, layer sizes, learning method, etc. form the
focus of evolution as many previous approaches have done, but instead allows
the user to specify explicitly which aspects of networks are to evolve, and
permits the simultaneous evolution of both intra-modular and inter-modular
connections.

2 Descriptive Encoding Methodology

We refer to our encoding scheme as a descriptive encoding since it enables
users to describe the target space of neural networks that are to be consid-
ered in a natural, non-procedural and human-readable format. A user writes a
text file like the ones shown later in this paper to specify sets of modules (lay-
ers) with appropriate properties, their range of legal evolvable property values,
and allowable inter-module connectivity (“pathways”). This input description
does not specify individual neurons, connections, nor their weights.1 The spec-
ification of legal property values affects the range of valid genetic operations.
In other words, a description file specifies the initial population and environ-
ment variables, and restricts the space to be searched by genetic operators
during evolution.
1 Individual neurons, connections and weights can be specified by creating layers/

modules containing single neurons, but this does not take advantage of the
language’s ability to compactly describe large scale networks.
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Fig. 1. The iterative three-step development, learning, and evolution procedure used
in our system. The input description file (upper left) is a human-written specification
of the class of neural networks to be evolved (the space to be searched) by the
evolutionary process; the output description file (lower right) is a human-readable
specification of the best specific networks obtained

The evolutionary process in our system involves an initialization step plus
a repeated cycle of three stages, as shown in Fig. 1. First, the text descrip-
tion file prepared by the user is parsed and an initial random population of
chromosomes (genotypes) is created within the search space represented by
the description (leftmost part of Fig. 1). During the development stage, a new
population of realized networks (phenotypes) is created or “grown” from the
genotype population. Each phenotype network has actual and specific individ-
ual nodes, connection weights, and biases. The learning stage involves training
each phenotype network, assuming that the user specifies one or more learn-
ing rules in the description file, making use of an input/output pattern file
that contains training data. As evolutionary computation is often considered
to be less effective for local, fine tuning tasks [17, 51], we adopt neural net-
work training methods to adjust connection weights. After the training stage,
each individual network is evaluated according to user-defined fitness crite-
ria and genetic operators are applied to the genotypes. Fitness criteria may
reflect both network performance (e.g., mean squared error) and a penalty
for a large network (e.g., total number of nodes), or other measures. The end
result of an evolutionary run consists of two things. First, an output descrip-
tion is produced (see Fig. 1, bottom right). This file uses the same syntax as
the input description file to specify the most fit specific network architectures
discovered by the evolutionary process. Second, another file gives a table of
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all the weights found by the final learning process using these specific network
architectures.

2.1 Language Description

The basic unit of our encoding is a module that we call a layer, which is
defined as an array of network nodes that share common properties. In other
words, individual neurons are not the atomic unit of evolution, but sets of neu-
rons are. The description of a layer/module starts with an identifier LAYER,
which is followed by an optional layer name and a list of properties. Prop-
erties of a layer can be categorized into three groups: structure (e.g., BIAS,
SIZE, NUM LAYER), dynamics (e.g., ACT RULE, ACT INIT, ACT MIN,
ACT MAX), and connectivity (e.g., CONNECT, CONNECT RADIUS, CON-
NECT INIT, LEARN RULE). The order of declared properties in a layer
description does not matter in general. Individual properties can be desig-
nated to be evolvable within some range, or to be fixed. Each property has its
own default value for simplicity: if some properties are missing in the descrip-
tion file, they will be replaced with the default values during the initialization
stage and considered as being constant throughout the evolutionary process
(i.e., the chromosome is in fact more strict than the description; it requires
all default, fixed, and evolvable properties to be present in some form). Layer
properties used in this article are illustrated in Table 1. The meaning of each
property is fairly straightforward, but the [CONNECT RADIUS r] property
with 0.0 ≤ r ≤ 1.0 needs more explanation. It defines the range of the con-
nectivity from each node in a source layer to the nodes in a target layer.
For example, if r = 0.0, each node in the source layer is connected to just

Table 1. Example module/layer properties

Property What it specifies about a module/layer

BIAS Whether to use bias units and their initial value ranges
if so

SIZE Number of nodes in the current layer
NUM LAYER Number of layers of this type

ACT RULE Activation rule for nodes in the layer
ACT INIT Initial activation value for nodes
ACT MIN Minimum activation value
ACT MAX Maximum activation value

CONNECT Direction of connections starting from this layer
CONNECT RADIUS Range of connectivity from 0.0 to 1.0 (see text)
CONNECT INIT Initial (range of) weights in the current connections
LEARN RULE Learning rule for the current connections
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a single node in the matching position of the target layer. If r is a positive
fraction less than one, each source node connects to the matching destination
layer node and its neighbor nodes out to a fraction r of the radius of the
target layer; thus, if r = 1.0, the source and target layers are fully connected.
While these connectivity properties are basically intended to specify connec-
tions between two layers (i.e., an inter-modular connection), intra-modular
connections such as self-connectivity can also be designated using the same
properties. For example, one can specify that each node in a layer named
layer1 connects to itself by using a combination of [CONNECT layer1] and
[CONNECT RADIUS 0.0]. The user can also change the default value of each
property for a specific problem domain by declaring and modifying property
values in the evolutionary part of a description file, which will be explained
later.

Figure 2a illustrates part of an input description file written in our lan-
guage for evolving a recurrent network. Each semantic block, enclosed in
brackets [ ], starts with a type identifier followed by an optional name and a
list of properties about which the user is concerned in the given problem. A
network may contain other (sub)networks and/or layers recursively, and a net-
work type identifier (SEQUENCE, PARALLEL, or COLLECTION) indicates
the conceptual arrangement of the sub-networks contained in this network. If
a network module starts with the SEQUENCE identifier, the sub-networks
contained in this module are considered to be arranged in a sequential man-
ner (e.g., like a typical feed-forward neural network). Using the PARALLEL
identifier declares that the sub-networks are to be arranged in parallel, and the
COLLECTION identifier indicates that an arbitrary mixture of sequential and
parallel layers may be used and evolved. The COLLECTION identifier is espe-
cially useful when there is little knowledge about the appropriate relationships

[SEQUENCE Net
  [LAYER Input  [SIZE 20] [CONNECT Hidden]
         [LEARN_RULE [EVOLVE bp rprop]]
  [LAYER Hidden [SIZE [EVOLVE 1 20]]
         [CONNECT Output]
         [LEARN_RULE [EVOLVE bp rprop]]
  [LAYER Output [SIZE 5]
         [CONNECT [EVOLVE Context]]
         [CONNECT_RADIUS 0.0]]
  [COLLECTION Contexts
    [LAYER Context
         [NUM_LAYER [EVOLVE 1 5]] [SIZE 5]
         [CONNECT [EVOLVE Context Hidden]]]
  ]
]

(b)(a)

Input

Output

Hidden ?
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?
?
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Input ContextsHidden Output
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... ...
...

...
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Fig. 2. (a) The first part of a description file specifies the network structure in
a top-down hierarchical fashion (other information in the description file, such as
details of the evolutionary process, is not shown). (b) A schematic illustration of the
corresponding class of recurrent networks that are described in (a). Question marks
indicate architecture aspects that are considered evolvable. (c) Part of the tree-like
structure corresponding to the genotype depicted in (a). Each rectangle, oval, and
hexagon designates a network, layer, and property, respectively
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between the layers being evolved. As described earlier, we define a layer as a
set (sometimes one or two dimensional, depending on the problem) of nodes
that share similar properties, and it is the basic module of our network rep-
resentation scheme. For example, the description in Fig. 2a indicates that a
sequence of four types of layers are to be used: input, hidden, output, and con-
text layers, as pictured in Fig. 2b. Properties fill in the details of the network
architecture (e.g., layer size and connectivity) and in general specify other
network features including learning rules and activation dynamics.

Most previous neuroevolution research has focused a priori on some lim-
ited number of network features (e.g., network weights, number of nodes in
the hidden layer) assuming that the other features are fixed, and this situation
has impeded past neuroevolutionary models from being used more widely in
different environments. To overcome this limitation, we let users decide which
fixed properties are necessary to solve their problems, and which other fac-
tors should be evolved, from a set of supported properties that span many
aspects of neural networks. Unspecified properties are replaced with default
values and are treated as being fixed after initialization. So, for example, in
the description of Fig. 2a, the input layer has a fixed, user-assigned number of
20 nodes and is connected to the hidden layer, while the single hidden layer
has an evolvable SIZE within the range 1–20 nodes. The EVOLVE attribute
indicates that the hidden layer’s size will be randomly selected initially and
is to be modified within the specified range during the evolution process.
Note that the learning rules to be used for connections originating from both
input and hidden layers are also declared as an evolvable property (in this
case, a choice between two variants of backpropagation). The description in
Fig. 2a also indicates that one to five context layers are to be included in the
network; this is the main architectural aspect that is to be evolved in this
example. These context layers are to be ordered arbitrarily, all contain five
neurons, and they evolve to have zero or more inter-layer output connections
to either other context layers or to the hidden layer (Fig. 2b). Finally, the out-
put layer evolves to propagate its output to one or more of the context layers,
where the CONNECT RADIUS property defines one-to-one connectivity in
this case. Since the number of layers in the context network may vary from
1 to 5 (i.e., LAYER context has an evolvable NUM LAYER property), this
output connectivity can be linked to any of these layers that were selected
in a random manner during the evolution process. Figure 2b depicts the cor-
responding search space schematically for the description file of Fig. 2a, and
the details of each individual genotype (shown as question marks in the pic-
ture) will be assigned within this space at the initialization step and forced
to remain within this space during the evolution process. Note that since
the genotype structure is a tree, as shown in Fig. 2c, fairly standard tree-
manipulation genetic operators as used in GP [3,30] can be easily applied to
them with our approach.

The remainder of the description file consists of information about train-
ing and evolution processes (not shown in Fig. 2a). A training block specifies
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the file name where training data is located and the maximum number of
training epochs. Default property values may also be designated here, like
the LEARN RULE to be used. In other words, when a property value is
specified in this block, the default value of that property is changed accord-
ingly and affects all layers which have that property. An evolution block can
also be present and specifies parameters affecting fitness criteria, selection
method, type and rate of genetic operations, and other population information
(illustrated later).

3 Evaluation Results

While the approach to evolutionary design of neural networks described above
may seem plausible, it remains to actually establish that the combination of
search space restriction via a high-level language, developmental encoding,
modular network organization, and integrated use of evolution and network
learning can be used effectively in practice. Although our system is intended
ultimately to evolve any aspect of neural networks, here we focus on evolving
network architectures, evaluating our system on two different problems in
which the task is to discover an architecture that both solves the problem
and also sheds light on the modular nature of the solution, as a first step
in establishing such effectiveness. Our goal is simply to show that when one
uses a high-level descriptive language (with all of its benefits as outlined in
the Introduction), it is still possible to discover interesting neural network
solutions to problems using evolutionary computation methods. While we do
not claim that these results are specifically due to our language, we believe
our language facilitates the specification of search spaces, supports analysis of
initial conditions and final results, makes the tasks much more efficient for the
human investigator, and encourages the emergence of modularity in network
solutions (via the use of built-in cost functions).

3.1 Module Formation in a Feed-Forward Network

Many animal nervous systems have parallel, almost structurally independent
sensory, reflex, and even cognitive systems, a fact that is sometimes cited as
contributing to their information processing abilities. For example, biologi-
cal auditory and visual systems run in parallel and are largely independent
during their early stages [27], the same is true for segmental monosynaptic
reflexes in different regions of the spinal cord [27], and the cerebral cortex is
composed of regional modules with interconnecting pathways [36]. Presum-
ably evolution has discovered that such partitioning of neural networks into
parallel multi-modular pathways is both an effective and an efficient way to
support parallel processing when interactions between modules are not neces-
sary. However, the factors driving the evolution of modular brain architectures
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Table 2. Training data for a 2-partition problem

Input Output Input Output Input Output Input Output

0 0 0 0 0 0 0 1 0 0 1 0 1 0 0 0 1 0 1 1 0 0 0 0
0 0 0 1 0 1 0 1 0 1 1 1 1 0 0 1 1 1 1 1 0 1 0 1
0 0 1 0 0 1 0 1 1 0 1 1 1 0 1 0 1 1 1 1 1 0 0 1
0 0 1 1 0 0 0 1 1 1 1 0 1 0 1 1 1 0 1 1 1 1 0 0

having components interconnected by distinct pathways have long been uncer-
tain and currently remain a very active area of discussion and investigation
in the neurosciences [8, 15, 28, 48].

Inspired by such modular neurobiological organization, and as a first test
problem for our descriptive encoding system, we examined whether an evo-
lutionary process could discover the existence and details of n independent
neural pathways between subsets of input and output units that are implied
by training data. We call such problems n-partition problems. Table 2 gives an
example when n = 2 of a 2-partition problem. The goal is to evolve a minimal
neural network architecture that can learn the given mapping from four input
units to two output units, all of which are assumed to be standard logistic
neurons in this case. The data in Table 2 implicitly represent a 2-partition
problem in that the correct value of the first output depends only on the
values of the first two input units (leftmost columns in the table), while the
correct value of the second output depends only on the values of the remain-
ing two input units. Thus, two parallel independent pathways from inputs to
outputs are implied, and in this specific example each output is arranged to
be the exclusive-or function of its corresponding inputs. A human designer
would recognize from this information both that hidden units are necessary
to solve the problem (since exclusive-or is not linearly separable), and that
two separate parallel hidden layers are a natural minimal architecture. Of
course, given just the training data in Table 2 and not knowing a priori the
input/output relationships, such a design would not be evident in advance to
an evolutionary algorithm, nor most likely to a person, and the question being
asked here is whether an evolutionary process would discover it when given a
suitable descriptive encoding.

The description file that we used to evolve an architecture to solve the
2-partition problem of Table 2 is shown in Fig. 3a. It specifies the initial archi-
tecture for the 2-partition problem, in which only the number of input and
output nodes are fixed while other aspects, such as inter-layer connectivity
and hidden layers’ structure as shown in Fig. 3b, are randomly created during
initialization and evolve. In this example we separate the input neurons into
groups that form the basis for the distinct pathways, but note that the learn-
ing algorithm makes no use of this fact. The descriptive encoding also specifies
the boundaries of the search space, indicating that there can be 0–10 hidden
layers organized in any possible interconnecting architecture and the number
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[SEQUENCE Dual_xor
  [PARALLEL Input
    [LAYER in  [NUM_LAYER 2][SIZE 2]
               [CONNECT     [EVOLVE Hidden Output]]]]
  [COLLECTION Hidden
    [LAYER hid [NUM_LAYER   [EVOLVE 0 10]]
               [SIZE        [EVOLVE 1  5]]
               [CONNECT     [EVOLVE Hidden Output]]]]
  [PARALLEL Output
    [LAYER out [NUM_LAYER 2][SIZE 1]]]]
[TRAINING
  [TRAIN_DATA “./inout_pattern.txt”] [MAX_TRAIN 100]
  [LEARN_RULE rprop]]
[EVOLUTION
  [FITNESS WEIGHTED_SUM
    [MSE:0.5 TOT_NODE:0.2 TOT_CONN:0.2]]
  [SELECTION TOURNAMENT] [TOURNAMENT_POOL 3] [ELITISM 0]
  [MUTATION_PROB 0.7]    [CROSSOVER_PROB 0.0]
  [MAX_GENERATION 50]    [MAX_POPULATION 50]]

in1

in2

out1

out2

?

?

??

?

?

??

?

Hidden

?

(b)(a)

Fig. 3. (a) The initial network description and (b) a sketch of the space of networks
to be searched for the 2-partition problem of Table 2

of nodes (SIZE property) in each hidden layer may vary from 1 to 5. The
NUM LAYER and SIZE properties in the hidden structure and all CON-
NECT properties are declared as evolvable (indicated by question marks in
Fig. 3b), so these properties and only these properties can be modified by
genetic operators during evolution.

As explained earlier, a descriptive encoding generally provides additional
information about the training and evolutionary processes to be used, and we
illustrate that here. This user-defined information follows the network part of
the description (Fig. 3a, top), setting various parameter values to control the
training and evolutionary procedure. In this case, each phenotype network
is to be trained for 100 epochs with the designated input/output pattern
file that encodes the information from Table 2. The default learning rule is
defined as a variant of backpropagation (RPROP [41]). Note that there is no
issue of generalization in learning the boolean function here since all inputs
and the correct outputs for them are given a priori. The EVOLUTION part
of the description (Fig. 3a, bottom) indicates that a weighted sum method
of three criteria to be used: mean squared error (MSE, e), total number of
network nodes (n), and total number of layer-to-layer connections (c). MSE
reflects the output performance of the network, and the other two criteria are
adopted as penalties for larger networks. These three criteria are reciprocally
normalized and then weighted with coefficients assigned in the description
file. More specifically, the fitness value of the ith network, Fitnessi that is
described here is

Fitnessi =w1

(
emax − ei

emax − emin

)
+ w2

(
nmax − ni

nmax − nmin

)
+ w3

(
cmax − ci

cmax − cmin

)
,

(1)
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where xmin(xmax) denotes the minimum (maximum) value of criterion x
among the population, and the coefficients w1, w2, and w3 are empirically
defined as 0.5, 0.2, and 0.2, respectively. In words, the fitness of an individ-
ual neural network is increased by lower error (a behavioral criterion), or by
fewer nodes and/or connections (structural criteria). An implicit hypothesis
represented in the fitness function is that minimizing the latter two structural
costs may lead to fewer modules and independent pathways between them in
evolved networks. Note that the EVOLUTION part of the description (Fig. 3a)
specifies the coefficients in the fitness function above, and it also specifies tour-
nament selection with a pool size of 3 as the selection method, a mutation rate
of 0.7, and that no crossover and no elitism are to be used. Operators in this
case can mutate layer size and direction of an existing inter-layer connection,
and can add or delete a new layer or connection.

We ran a total of 50 simulations with the fixed population size (50) and
the fixed number of generations of 50. Between simulations, the only changes
are the initial architectures plus the initial value of connection weights that
are assigned randomly in the range from −1.0 to 1.0, as used in [40]. For all
runs, each final generation contained near-optimal networks that both solved
the 2-partition problem (i.e., MSE ∼ 0.0) and had a small number of nodes
and connections. Converged networks can be categorized into two groups iden-
tified by their connectivity pattern as depicted in Fig. 4. The first group of
networks, found during 44% of the runs, showed a dual independent pathway
where each input pair has their own hidden layer and a direct connection
to the corresponding output node (Fig. 4a and 4b). Ignoring the dotted line
connections which have near zero weight values shown in Fig. 4a, this is an
optimal network for the 2-partition problem in terms of the total number of
network nodes and connections. In the second group of networks, found dur-
ing 52% of the runs, input layers share a single hidden layer, without having
direct connections to the corresponding output nodes. Such solutions require

in1

in2

out1

out2

(b)(a)

[SEQUENCE Dual_xor
   [PARALLEL Input
      [LAYER in1 [SIZE 2]
                 [CONNECT h1 out1 out2]]
      [LAYER in2 [SIZE 2][CONNECT h2 out2]
   ]
   [PARALLEL Hidden
      [LAYER h1 [SIZE 1][CONNECT out1]]
      [LAYER h2 [SIZE 1][CONNECT out2]]
   ]
   [PARALLEL Output
      [LAYER out1 [SIZE 1]]
      [LAYER out2 [SIZE 2]]
   ]
]

(c)

in1

in2

out1

out2

Fig. 4. Typical network architectures found during evolution for the 2-partition
problem are depicted. Dotted lines show connectivity with near-zero weights. (a)
Final output description file having two independent pathways. (b) Conceptual
network architecture described by (a). (c) Dual pathway network without direct
input-to-output connections. Implicit hidden sub-layers are indicated by dotted ovals
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four hidden nodes, rather than two, to be an optimal network. Inspection of
the connection weights shows that this model implicitly captures/discovers
two distinct pathways embedded in the explicit hidden layer as illustrated in
Fig. 4c (near zero weight connections that do not affect the performance are
pruned). This type of network is also an acceptable near-optimal solution in
terms of the number of connections needed for XOR problems and is some-
times used to illustrate layered solutions to single XOR problems in textbooks
(e.g., [23]). The remaining 4% of the runs did not converge on just one type
of network as described above, but both types are found in the final popula-
tion. Thus, the evolutionary process generally discovered that “minimal cost”
solutions to this problem involve independent pathways. While the networks
considered here are very simple relative to real neurobiological systems, the
frequent emergence of distinct and largely independent pathways rather than
more amorphous connectivity during simulated evolution raises the issue of
whether parsimony pressures may be an underrecognized factor in evolution-
ary morphogenesis, as outlined at the beginning of this section (see [45] for
further discussion).

Without changing the evolutionary part of the description file, we tested
n-partition problems for n = 2, 3, 4, or 5 (the latter requires 22n = 1,024
patterns for training). A typical input/output description file and network
structure for n = 5 are illustrated in Fig. 5. Table 3 summarizes the exper-
imental results. Minimum hidden nodes is the smallest number of hidden
nodes found during an experiment, and numbers in the parentheses show the
theoretically minimum number of nodes possible In an n-partition problem

[SEQUENCE 5_xor
  [PARALLEL Input
    [LAYER in1 [SIZE 2][CONNECT h1 out1]]
    [LAYER in2 [SIZE 2][CONNECT h1]]
    [LAYER in3 [SIZE 2][CONNECT h2]]
    [LAYER in4 [SIZE 2][CONNECT h3 out4]]
    [LAYER in5 [SIZE 2][CONNECT h4 out5]]]
[PARALLEL Hidden1

    [LAYER h1  [SIZE 5][CONNECT out1 out2]]
    [PARALLEL Hidden2
      [LAYER h2  [SIZE 2][CONNECT out3]]
      [LAYER h3  [SIZE 1][CONNECT out4]]
      [LAYER h4  [SIZE 1][CONNECT out5]]]]
  [PARALLEL Output
    [LAYER out1 [SIZE 1]]
    [LAYER out2 [SIZE 1]]
    [LAYER out3 [SIZE 1]]
    [LAYER out4 [SIZE 1]]
    [LAYER out5 [SIZE 1]]]]

(a)

in1

in2

in3

in4

in5

out1

out2

out3

out4

out5

(c)

[SEQUENCE 5_xor
  [PARALLEL Input
    [LAYER in
      [NUM_LAYER 5]
      [SIZE      2]
      [CONNECT
        [EVOLVE Hidden Output]]]
  [COLLECTION Hidden
    [LAYER h
      [NUM_LAYER [EVOLVE 0 10]]
      [SIZE [EVOLVE 1  5]]
      [CONNECT

[EVOLVE Hidden Output]]]]
  [PARALLEL Output
    [LAYER out
      [NUM_LAYER 5]
      [SIZE      1]]]
]

(b)

Fig. 5. A typical example of a final evolved network for the 5 XOR partition prob-
lem. (a) Initial network description. Properties to be evolved are in bold font. (b)
Final description file produced as output by the system. All EVOLVE properties
have been replaced by the specific choices in bold font. Only SIZE and CONNECT
properties are shown. (c) Depicted network architecture. Connections that have
near-zero weights are pruned
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Table 3. Parallel n-partition problem results

# of Minimum Minimum Minimum Fully connected Average
N

patterns hidden nodes connections MSE MSE time

2 16 2 (2) 7 (6) 0.00000 0.20823 2,250
3 64 4 (3) 9 (9) 0.00021 0.20710 2,848
4 256 5 (4) 14 (12) 0.00073 0.22224 3,471
5 1,024 9 (5) 19 (15) 0.00236 0.20821 6,273

involving exclusive-OR relations, at least n hidden nodes are necessary even
if direct connections from input to output are allowed. The Minimum connec-
tions column shows the minimum number of layer-to-layer connections found
in the best individual. Again assuming direct connectivity from input to out-
put and without increasing the number of hidden nodes, the best possible
number of connections in an n-partition problem is 3n (e.g., input to output,
input to the corresponding hidden layer, hidden to output). For each n par-
tition problem, we also compared the best MSE results gathered from each
evolutionary simulation with that of standard fully connected, single hidden
layer backpropagation networks.

These latter networks have a single fixed hidden layer size of n, which is
the theoretically minimal (optimal) number for each partition problem, initial
weights randomly chosen from −1.0 to 1.0 (same as in the evolutionary simu-
lations), and the MSE results averaged over 50 runs. With all other conditions
set to be the same, post-training errors with the evolved networks are signifi-
cantly less for each problem (p values on t-test were less than 10−5 for each of
the four comparisons). More importantly, the fully connected networks some-
times produced totally wrong answers (i.e., absolute errors in output node
values were more than 0.5), while this problem did not occur with the evolved
networks. This shows the value of searching the architectural space even if
it is believed that a fully connected network can theoretically approximate
any function [12] ( [49, 50] for general discussion). The Average time column
in Table 3 shows the mean time (seconds) needed for a single evolutionary
run. This result shows that our system can identify the partial relationships
between input and output patterns and represent them within an appropriate
modular architecture.

3.2 Learning Word Pronunciations Using Recurrent Networks

Recurrent neural networks have long been of interest for many reasons. For
example, they can learn temporal patterns and produce a sequence of out-
puts, and are widely found in biological nervous systems [27]. They have been
applied in many different areas (e.g., word pronunciation [39], and learning
formal grammars [18]) and several models of recurrent neural networks have
been proposed (see [23]). Here we establish that our high-level descriptive
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Input

Hidden

Output

Delay Input

Hidden

Output

Delay

(a) (b)

Fig. 6. The Elman (a) and Jordan (b) network architectures. Dotted lines show
the backward/recurrent one-to-one connections that essentially represent a copying
of the output at one time step to a delay layer that serves as input at the next time
step

language is sufficiently powerful to support the evolution of recurrent networks
in situations involving multi-objective optimization.

Two well-known, partially recurrent architectures that let one use basic
error backpropagation from feed-forward nets essentially unchanged (because
feedback connection weights are fixed and unlearnable) are often referred to
as Elman networks and Jordan networks. Elman [16] suggested a recurrent
network architecture in which a copy of the contents of the hidden layer (saved
in the delay layer) acts as a part of the input data in the next time step, as
shown in Fig. 6a. Jordan [24] proposed a similar architecture except that the
content of the output layer is fed back to the delay layer where nodes possibly
also have a “decaying” self-connection, as shown in Fig. 6b. These networks
were originally proposed for different purposes: the Elman architecture for
predicting the next element in a temporal sequence of inputs, and the Jordan
architecture for generating a temporal sequence of outputs when given a single
fixed input pattern. However, little is known about how to select the best
recurrent network architecture for a given sequence processing task and, to our
knowledge, no systematic experimental comparison between these different
recurrent neural network architectures has ever been undertaken, except for
some specific application comparisons (e.g., [37]).

In this context, our second problem is to find appropriate recurrent net-
works to produce a sequence of phoneme outputs, given a fixed input of the
corresponding input word pattern. For example, for the word apple, a fixed
pattern of the five letters A P P L E is the input, and the correct output tem-
poral sequence of phonemes would be /ae/, /p/, and /l/, followed by an end of
word signal. This challenging task was originally tackled in [39] using Jordan
networks, and here we expand the size of input data (total of 230, two to six
phoneme words selected randomly from the NetTalk corpus [44]), and focus
on finding the optimal architecture of delay layers and their connectivity.



The Automated Design of Artificial Neural Networks Using EC 33

[SEQUENCE Psg_problem
   [LAYER Input   [SIZE 156] [CONNECT Hidden]]
   [LAYER Hidden  [SIZE  52]
      [[CONNECT DelayH:1] [CONNECT_RADIUS 0.0]
       [LEARN_RULE NONE]]
      [[CONNECT Output]]]
   [SEQUENCE DelayH
      [LAYER [NUM_LAYER [EVOLVE 0 4]] [SIZE 52]
         [[CONNECT FWD] [CONNECT_RADIUS 0.0]
          [LEARN_RULE NONE]]
         [[CONNECT [EVOLVE Hidden Output]]]]]
   [LAYER Output  [SIZE  52]
      [[CONNECT DelayO:1] [CONNECT_RADIUS 0.0]
       [LEARN_RULE NONE]]]
   [SEQUENCE DelayO
      [LAYER [NUM_LAYER [EVOLVE 0 4]] [SIZE 52]
         [[CONNECT FWD] [CONNECT_RADIUS 0.0]
          [LEARN_RULE NONE]]
         [[CONNECT [EVOLVE Hidden Output]]]]]
]

(b)(a)

Input

Hidden

OutputDelayO

DelayH

?

?

?

?

?

? ?

?

?

?

Fig. 7. (a) The network description file for the phoneme sequence generation (psg)
task. FWD, delayH:1, and delayO:1 mean to make a connection to the next layer in
the same network block, to the first layer in the delayH network block, and to the
first layer in the delayO network block, respectively. If such a block does not exist,
the corresponding connectivity properties are ignored. The evolvable properties are
in bold font. (b) A schematic illustration of the space of neural network architectures
corresponding to the description file in (a) that are to be searched for the phoneme
sequence generation problem. Dotted lines designate non-trainable, one-to-one feed-
back connections; solid lines indicate weighted, fully connected pathways trained
by error backpropagation. Note that the Elman and Jordan networks of Fig. 6 are
included within this space as special cases

The question being asked is whether the high-level, modular developmen-
tal approach supported by our language can identify the “best” recurrent
architecture to use, or at least clarify the tradeoffs.

Figure 7 gives the descriptive encoding and a corresponding schematic rep-
resentation of the space of networks that we used for this problem. The fixed
part of the structure is a feed-forward, three layer network consisting of input,
hidden, and output layers (depicted on the right side of Fig. 7b). The size of
the input layer is decided by the maximum length of a word in our training
data and the encoding representation, and the output layer size is 52 since
we use a set of 52 output phonemes, including the end of a word signal. The
number of hidden nodes is arbitrarily set to be the same as the output layer
size. Note that hidden and delay layers may have connections to different
destination layers with different configurations (e.g., CONNECT RADIUS
and LEARN RULE), such that each set of properties for connections has been
separated from the other by using double brackets in the description of Fig. 7a.
As shown here, the space of architectures to be searched by the evolution-
ary process consists of varying numbers of delay layers that receive recurrent
one-to-one feedback connections (dotted arrows) from either the hidden layer
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(delayH) or the output layers (delayO). In either case, 0–4 delay layers may be
evolved, but however many are evolved in each feedback pathway, they must
be organized in a serial fashion, thus representing feedback delays of 0–4 time
steps. Both feedback pathways from output and hidden layers may have zero
layers, which means there are four possible architectures being considered dur-
ing evolution: (1) feed-forward network only without delays; (2) hidden layer
feedback only; (3) output layer feedback only; and (4) both types of feedback.
In addition, for each class where a feedback pathway exists, it may have a vary-
ing amount of delay (1–4 time steps) and may provide feedback to the output
layer, the hidden layer, or both. Each delay layer is sequentially connected
to the adjacent delay layer by a one-to-one, fixed connection of weight 0.5,
which acts as a decaying self-connection. Thus a total of 169 architectures are
considered by the evolutionary process.2

We based fitness criteria on two cost measures or objectives: root mean
squared error (RMSE) for performance, which was adjusted to be compara-
ble with previous results [39], and the total sum of absolute weight values to
penalize larger networks. The latter unbounded measure simply adds together
the absolute values of all weights in the network after training. We used it
rather than the number of nodes and connections as in n-partition prob-
lems, since the latter vary stepwise in this experiment while the summed
weights are a continuous measure. This summed absolute weights measure is
especially useful here as it can potentially discriminate between two different
architectures having the same numbers of node and connections (e.g., Jordan
vs Elman networks). Similar weight minimization fitness criteria have been
used previously evolving neural networks and can be viewed as a “regular-
ization term” that acts indirectly on an evolutionary time scale rather than
directly during the learning process (see [45] for discussion). We adopted a
multi-objective evolutionary algorithm (SPEA [52]) based on these two fit-
ness criteria, which enables one to get a sense of the tradeoffs in performance
and parsimony among the different good architectures found during evolu-
tion. This also illustrates that our system consists of components that can be
expanded or plugged in depending on the specific problem. The population
size was decreased to 25 because of the large computational expense of learn-
ing and evolution, and the archive in which non-dominated individuals are
stored externally in SPEA was set to be the same size as the population. The
maximum number of generations was fixed at 50, and all networks trained for
200 epochs with RPROP, a variant of error backpropagation which has been
shown to be very effective in previous research [39]. For genetic operations,
only mutating the number of layers and their connectivity are allowed, speci-
fied by default and applied within the range of property values designated in
the network description file.

2 No delay: 1, delayH only: 4 delays × 3 directions, delayO only: 4×3, both delays:
(4 × 3) × (4 × 3) = 169.
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Fig. 8. (a) The performance/weights result of networks from all final generations
are depicted. Each point represents one network architecture’s values averaged over
all evolutionary runs (most points are not labeled). The points on the solid line
represent the Pareto optimal set, and the labels on some of these latter points
designate the type of network that they represent. For example, label Hh3Oh1 means
that the network represented by that node has both hidden (H) and output (O)
delay layers, while there are three hidden and one output delay layers, in both cases
connected to the hidden (h) layer (see text). (b)–(d) Example of evolved network
architectures. Evolved layers are shown in bold ovals

We ran a total of 100 runs, randomly changing the initial network architec-
tures and their weights in each run. The results are shown in Fig. 8, averaged
over the same architectures (i.e., each point in Fig. 8 represents a network
having a specific number of hidden and output delays, and a specific layer-to-
layer connectivity, with the RMSE and weight sum averaged over all runs).
In a label “Hc#Oc#” in Fig. 8, # indicates the number of hidden (H) or out-
put (O) delays, and c designates the destination of delay outputs, either to
the hidden (h), output (o), or both (b) layers. For example, “Hh1Ob2” means
that there is one hidden delay layer (connected back to the hidden layer) and
two output delay layers connected back to both hidden and output layer. Fig-
ure 8b–d shows some other examples of evolved network architectures. An
example of the final network descriptions for Elman and Jordan networks is
illustrated in Fig. 9.

Several observations can be made from Fig. 8. First, and surprising to us,
feed-forward only networks without delays still remain in the final Pareto
optimal set (upper left). The Pareto optimal set in this context consists of
“non-dominated” neural networks for which no other neural network has been
found during evolution that is better on all of the objective fitness criteria.
Thus, feed-forward networks are included in the Pareto optimal set because of
their quite small weight values, even though their performance is poor relative
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[SEQUENCE Psg_problem
  [LAYER Input  [SIZE 156]
         [CONNECT Hidden]]
  [LAYER Hidden [SIZE  52]
         [[CONNECT DelayH1]]
         [[CONNECT Output]]
  ]
  [SEQUENCE DelayH

[LAYER DelayH1 [SIZE 52]
[CONNECT Hidden]]

  ]
  [LAYER Output [SIZE  52]]
]

(b)

[SEQUENCE Psg_problem
  [LAYER Input   [SIZE 156]
         [CONNECT Hidden]]
  [LAYER Hidden  [SIZE  52]
         [CONNECT Output]]
  [LAYER Output  [SIZE  52]
         [CONNECT DelayO1]]
  [SEQUENCE DelayO

[LAYER DelayO1 [SIZE 52]
           [[CONNECT Hidden]]]
           [[CONNECT DelayO2]]]

[LAYER DelayO2 [SIZE 52]
           [CONNECT Hidden]]]]

Input

Hidden

Output

DelayO2 DelayO1

(a) (c)

Fig. 9. The final network description of (a) an Elman network with single delay
(labeled “Hh1” in the text) and (b) a Jordan-like network with double delays (labeled
“Oh2”). Only SIZE and CONNECT properties are shown. The evolved properties
(including the number of layers) are in bold font. (c) An illustration of the Jordan
network specified in (b). Dotted lines designate fixed, one-to-one connections

to the other types. Following the Pareto optimal front downward, we see that
networks with one or two hidden delay layers connected to the output layer
(labeled “Ho1” and “Ho2”) are the next Pareto-front points (upper left of
Fig. 8). This type of network in which delays are connected to the output layer
does not provide good performance in general. A big increase in performance
occurs however with networks having only hidden delay layers connected to
the hidden layer (bottom left): an Elman network (labeled “Hh1” in Fig. 8 and
depicted in Fig. 9a) performs much better and is on the Pareto front. A Jordan
network (labeled “Oh1”, lower right of “Hh1” in Fig. 8) performs even better
at the cost of increased weights. Finally, networks with increasing numbers
of delay layers that combine hidden and output delays generally performed
progressively better, although at the cost of increasing numbers of weights and
connections (bottom right in Fig. 8). Surprisingly, “Hh1Oh1” on the Pareto
front of Fig. 8 performs better than the original Elman (Hh1) and Jordan
(Oh1) networks with smaller total weight values than the latter, and would be
a very good choice for an architecture for this problem (and one that was not
evident prior to the evolutionary process). Summarizing, the Pareto-optimal
front in Fig. 8 and, more generally, the correlations between architectures and
performance given in Table 4, explicitly lay out the tradeoffs for the human
designer selecting an architecture. From a practical point of view, which Pareto
optimal architecture one would adopt depends on the relative importance one
assigns to error minimization vs network size in a specific application. A very
reasonable choice would be networks such as Hh2Oo1 or Hh2Ob2 (Fig. 8d)
that produce low error by combining features from both Jordan and Elman
networks while still being constrained in size. These results show that our
evolutionary approach using a high-level descriptive language can be applied
effectively in generating and evaluating alternative neural networks even for
complex temporal tasks requiring recurrent networks.
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Table 4. Representative results for the phoneme sequence generation problem

Architecture RMSE Absolute weight sum PCTa

No delay 1.239 11,410.4 23.3
Ho1 1.066 15,711.7 43.2
Ho2 0.869 19,892.6 62.3
Oo1 0.768 28,909.3 70.5
Ob1 0.599 30,502.8 82.1
Hb2 0.531 29,421.4 85.9
Ho1Ob1 0.501 29,243.5 87.5
Hh1 0.328 23,604.5 94.6
Hh2 0.270 27,232.6 96.4
Hh3 0.255 29,250.4 96.7
Oh1 0.232 27,893.6 97.3
Hb3Oo4 0.219 48,989.6 97.6
Hh2Oh1 0.210 27,540.5 97.8
Hh1Oh1 0.191 27,090.4 98.2
Hh1Oo1 0.180 29,290.6 98.4
Hh3Oo1 0.152 32,109.6 98.9
Hh2Oo1 0.107 30,718.3 99.4
Hh3Oo2 0.107 37,946.3 99.4
Hh2Ob2 0.088 40,383.5 99.6
Hh2Ob3 0.062 45,920.2 99.8
Hh3Ob3 0.044 49,589.8 99.9
a PCT = Percentage of phonemes generated completely correctly [39]

4 Discussion

Recent advances in neuroevolutionary methods have repeatedly been success-
ful in creating innovative neural network designs [2,7,11,19,20,31,42,43,51],
but these successes have had little practical influence on the field of neural
computation. We believe this is partially because of a dilemma: the gen-
eral space of neural network architectures and methods is so large that it
is impractical to search efficiently, yet attempting to avoid this problem by
hand-crafting the evolution of neural networks on a case-by-case basis is very
labor intensive and thus also impractical.

In this context, we explored the hypothesis that a high-level descrip-
tive language can be used effectively to support the evolutionary design
of task-specific neural networks. This approach addresses the impracticality
of searching the enormous general space of neural networks by allowing a
designer to easily restrict the search space to architectures and methods that
appear a priori to be relevant to a specific application, greatly reducing the size
of the space that an evolutionary process must search. It also greatly reduces
the time needed to create a network’s design by allowing one to describe the
class of neural networks of interest at a very high level in terms of possi-
ble modules and inter-module pathways, rather than in terms of individual
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neurons and their connections. Filling in the “low level” details of individual
networks in an evolving population is left to an automated developmental
process (the neural networks are “grown” from their genetic encoding) and to
well-established neural learning methods that create connection weights prior
to fitness assessment.

In this chapter, we have presented experimental results suggesting that
evolutionary algorithms can be successfully applied to the automated design of
neural networks, addressing the dilemma stated above using a novel encoding
scheme. We showed that human-readable description files could guide an evo-
lutionary process to produce near-optimal modular solutions to n-partition
problems. We also showed that this approach could not only create effective
recurrent architectures for temporal sequence generation, but that it could
simultaneously indicate the tradeoffs in the costs of architectural features ver-
sus network performance (via multi-objective evolution). All that was needed
to guide the evolutionary processes in both of these applications was short
description files like those illustrated in Figs. 3a and 7a.
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