








incomplete or inexact data, possibly incorrect answers, low
comprehensibility, and brittleness.

Some of these problematic aspects, however, are strong points of
alternative computational paradigms such as fuzzy logic and neural
networks. The next section gives a very short overview on neural networks
and their use for the representation and processing of knowledge.

14.2.3 Basic Concepts: Neural Networks

In most applications of neural networks, they are used for processing of
elementary data items at a relatively low level in the knowledge pyramid.
Many popular types of neural networks take vectors or other simple, very
regular data structures as input, and produce again relatively simple data
structures as output. Information is stored implicitly through parameters of
the network, most frequently: interconnection weights, and processing of
information is achieved through propagation of activities in the network. The
main activities in a neural network are the storage of information, often
through “learning,” and the recall of the stored information. Usually there is
no explicit generation of new knowledge, although some learning and recall
activities include operations like generalization, or recall of similar items if
there is no exact match. The learning capabilities of neural networks are
often applied to sets of sample data, which the network can use to generate
an internal representation that allows it to select the most suitable response
for new data.

In the following, we will very briefly review a generic model for artificial
neural networks, and then discuss interesting aspects of some types of neural
networks, particularly with respect to the overall theme of representing and
processing knowledge.

14.2.4 Artificial Neural Network

An artificial neural network (ANN) can be viewed as a collection of
neuron-like computational elements with weighted connections between the
elements The nodes perform simple functions like addition, multiplication,
or threshold comparison, while the weighted connections store information.
This storage of information is achieved by learning through the adaptation of
weights in reaction to the presentation of sample data. An individual neuron
receives input either from outside the network, or from other neurons via
interconnections. It sums up the weighted inputs affiliated with incoming
connections, applies the activation function (e.g. threshold or some other
nonlinear function), and then generates a response propagated through the
output. Neurons typically have multiple inputs with positive (excitatory) or







contains no cycles. This limits the capabilities of such networks, but makes
their behaviour computationally manageable, with a guaranteed response
time between the application of an input pattern and the response by the
network.

Feedforward networks are often used in combination with the
backpropagation learning algorithm: For each pair of input pattern and
desired response, the network calculates the current response according to its
configuration of weights, and compares the result against the desired
response. The difference between the two is used to adjust the weights
between the output layer’s nodes, and those of the layer next to it. This can
be taken as an indication of the desired response at that layer, and be applied
in the same way to the weights between that layer and the previous one, and
so on. Although this algorithm can be time-consuming and may require
adjustments of some parameters, it often results in a network that can
produce sensible responses to input patterns close enough to the set of
samples. Feedforward networks are suitable for representing mappings
between sets of individual pairs of input patterns and desired output patterns.

14.2.6 Recurrent Networks

In their most frequent incarnation, recurrent networks are organized in
layers, just like feedforward networks. In addition to the interconnections
directed from the layers close to the input towards the output layers,
recurrent networks also have connections going the other way, e.g. from the
output layer to the closest hidden layer, or from one hidden layer to a
previous one, or to the input layer. Due to their more complex internal
‘structure, recurrent networks are capable of more sophisticated internal
-representation, at the expense of more complicated learning methods, and
retrieval behaviour that is difficult to analyse. Recurrent networks are
capable of capturing relationships between individual input patterns, and can
learn the mapping of sequences of input patterns into sequences of output
patterns. Methods have also been devised to represent graphs in recurrent
networks.

14.2.7 XKnowledge Representation and Neural Networks

Since neural networks typically are used for lower-level data processing
rather than knowledge representation and manipulation tasks, this section
will examine important advantages and problems of neural networks for
such tasks. One of the very basic problems of knowledge representation is to
store large sets of features or sample data. In conventional systems, this is
frequently done through vectors, arrays, or records in databases. This is also




fairly easy with neural networks through the use of vectors; for more
complex records, it becomes more complicated. Neural networks have two
important advantages over conventional methods: They typically have a very
quick, fixed response time, and are capable of generalization: if no vector
can be found that exactly matches the given input, the closest one is
automatically chosen. Another very basic task in knowledge representation
is relating features to specific entities, e.g. by associating descriptors like
name, height, hair colour, eye colour, etc. to individual persons. In
conventional systems, this can be achieved fairly easily through records,
objects, terms or other representation methods that provide internal structure
to entities. Processing such information and knowledge becomes more
difficult, essentially requiring variable binding and unification for more
complex tasks. Neural networks capable of capturing this internal structure,
and performing appropriate operations on the stored structures, have been
around for quite a while, frequently under the term connectionist networks.
The guiding principle behind them is to map the structure of an entity to be
represented onto a set of nodes with appropriate connections, effectively
mirroring the original structure in the network. Processing is then performed
by the propagation of activation through the network. Such networks can
emulate many of the operations performed by conventional, symbol-oriented
approaches, and have some advantages due to their massively parallel mode
of operation. On the other hand, the typical symbol manipulation operations
would require a reconfiguration of the network on the fly, and the
development of leaming algorithms for such networks is a major challenge.
From a graph-based perspective, many knowledge representation and
manipulation tasks can be viewed as the mapping of a general graph onto a
network with a fixed topology and size. Storing and retrieving the graph,
together with operations on the stored structures are the main challenges
here. Some approaches have been devised, mainly based on recurrent
networks, to fold graphs into a network and subsequently unfold them; these
efforts are still in an experimental stage. If successful, however, they offer
very interesting application such as fast retrieval based on structural
similarity, similarity-based graph matching, or “sloppy” unification of
complex structures.

14.3  INTEGRATION OF SYMBOL-ORIENTED AND
SUB-SYMBOLIC SYSTEMS

A combination of different approaches to knowledge representation and
processing, with expert systems as example of symbol-oriented system and
neural networks as examples of sub-symbolic systems, appears very



promising due to the duality of the approaches: Symbol-oriented systems
proceed in a methodical, precise, formal, but sometimes brittle and slow
manner, whereas neural networks are faster, generality- and similarity-
oriented, and employ relatively robust, but not necessarily precise
operations. In the following we will discuss some approaches to the
integration of symbol-oriented with sub-symbolic knowledge representation
and processing methods: stand-alone, transformational, loose coupling, tight
coupling, and full integration.

14.3.1 Stand-Alone

Independent components based on different methods are at the core of
this approach. The use of pre-existing components, either in software or
hardware, offers a simple implementation, especially in the most extreme
case with no direct interaction between the components. Redundancy to
provide a backup in case of failure, validation where one component is used
to confirm the other's results, or the utilization of prototypes as quick proof
of the conceptual approach are reasons to choose this integration method. It
profits from the different capabilities, such as learning and generalization for
neural networks, and deduction and explanation for expert systems.
Although it may be considered a degenerate case of integration, obvious
benefits like simplicity, ease of development, independence, and redundancy
can overcome the limitations, which include the lack of transfer of
information between the components, multiple maintenance (especially if the
same knowledge is represented in multiple components), no mutual balance
of the underlying methods, and the possible lack of consistency.

14.3.2 Transformational

The transformational approach utilizes the conversion between a
conventional representation scheme, such as the rules of an expert system, or
the graph of a semantic network, to a neural network and vice versa. This
transformation must maintain the essential properties of the source
representation in the target representation. The conversion of a collection of
facts and rules in the knowledge base of an expert system into a neural
network establishes prior knowledge in the network. This can help making
the leaming task easier, and is often used to fine-tune the rules and facts in a
knowledge base with a set of samples representative for the domain under
consideration. The transformation into a neural network can also offer
advantages in the response time of the system, the adaptability through the
learning algorithm of the network, and higher robustness due to its
generalization capabilities.



The transformation of a neural network into a set of rules and facts can be
used to generate a more explicit, symbol-oriented representation, and is
usually referred to as rule extraction. This is appropriate when a collection
of sample cases is available to be used for the training of a neural network,
but a more explicit representation is desirable, e.g. for reasoning or
explanation purposes. The idea here is to maintain the learning and
generalization capabilities of the neural network, while also employing the
higher-level manipulation methods of symbol-oriented knowledge
representation schemes. It can be applied to data-intensive problems, where
neural networks serve as the first filtering and generalization step, but a more
explicit representation is required for the documentation and verification of
knowledge. It is also used as an analysis tool for neural networks, providing
a justification and explanation of their hidden contents via the translation
into rules that are more amenable to human inspection.

Systems based on a transformational approach can usually be developed
quickly, assuming that the source and target representations are already used
in a component of the system. What is needed then is only a transformation
from one representation to another one. In comparison with two standalone
systems, knowledge maintenance is necessary only for one system, although
the two components implementing the neural network and the symbol-
oriented representation themselves still remain. A transformation-based
system also offers a choice of development as well as operation: Depending
on the most critical factors, knowledge acquisition can be performed via
learning from samples by the network, or the formulation of rules by
humans, and the system can operate based on fast and robust responses from
the neural network, or on the methodical, explicit, but often much slower
reasoning from the symbol-oriented component.

The methods available for the transformation between neural networks
and symbol-oriented approaches are still in their infancy, and no fully
automated transformations applicable to general problems are available. It is
often necessary to develop specific approaches for new domains or major
modifications to a system. The conservation of equivalence for the
transformation between such different knowledge representation and
manipulation methods is a major fundamental problem, especially when
combined with operational limitations.

14.3.3 Loose Coupling

In the transformational approach, the whole body of knowledge
represented in the system is converted from one knowledge representation
scheme into another. In many circumstances, this approach may not be
appropriate or impractical, and the exchange of smaller pieces of knowledge



between specific components may be more desirable. This is often referred
to as loose coupling between components; communication via files, pre-
/post-processing, and the use of front or back ends for special tasks are
practical examples. This can be done in a sequential way, where one
component’s output constitutes the input for the next one, or through co-
processing, where several components are active simultaneously and
exchange information when needed. This interaction and cooperation can be
applied to data refinement, problem solving, or decision-making. Another
domain is user interface design, with the goal of more flexible user
interactions through speech processing, handwriting recognition, or user
modelling.

Similarly to transformational approaches, loosely coupled systems are
often easy to develop since they tend to rely on existing components, with a
relatively straightforward system design and implementation. Additional
work is needed to establish a protocol for the exchange of knowledge
between components, and to synchronize the activities of the individual
components. Loosely coupled systems may also exhibit some redundancy
across their components, and can incur high communication costs.

14.3.4 Tight Coupling

Instead of exchanging individual knowledge items through message
passing or similar mechanisms, tightly coupled systems establish
communication via shared memory. In this scheme, memory-resident data
structures of one component are directly accessible to other components,
allowing quick interaction between components. With respect to knowledge
processing, such systems are often referred to as blackboard architectures
with communication via shared data structures stored in a commonly
accessible memory area, the blackboard. In this approach, components
exchange information directly. It is used for independent components or
agents that constitute cooperating systems, or for embedded systems where
components of one kind are embedded inside a system of another kind.

Tightly coupled systems often offer great design flexibility and robust
integration while achieving a reduced communication overhead, thus leading
to higher performance than loosely coupled systems. Sometimes it is
possible to develop a system that conceptually uses loose coupling at the
design level, but implements the exchange of information through shared
memory for performance reasons. On the other hand, they typically have an
increased complexity with higher interdependence among the components,
and are more difficult to develop.




14.3.5 Full Integration

In all of the above approaches, the different components of the system
may use their own internal representation scheme, and they exchange
knowledge in different ways. A fully integrated system relies on a shared
knowledge representation for all of its components. It often exhibits a dual
nature, enabling symbolic and sub-symbolic interpretation of represented
items, and the corresponding operations for storage, retrieval, and
manipulation. In such a system, communication is performed implicitly via a
shared representation mechanism. From a knowledge representation
perspective, there may be no separate components for the storage,
manipulation, and retrieval of knowledge, and the distinction between
symbol-oriented and sub-symbolic methods becomes superfluous.

Such fully integrated systems often have increased capabilities in
comparison with the other approaches. There is no redundancy due to
replication of features or functions, and in principle, high performance is
achievable through the efficient shared representation. These systems are
also prone to high complexity, exaggerated by the lack of methods and tools
for the design, implementation, validation and verification. The lack of
redundancy may also cause lower fault tolerance.

143.6 ES + NN Hybrids

The use of hybrid systems at this time is still rather limited, and mostly
constrained to research and experimental settings. The most frequently used
configuration is an architecture with expert system and neural network
components, and the transformational technique of rule extraction as the
basis of knowledge sharing between the components. Such systems offer the
mutual benefits of enhanced capabilities and operational characteristics,
usually with the goal of better performance and higher fault tolerance. Thus,
systems can be designed that combine the strengths of the two approaches,
while their deficiencies are overcome by the other technique.

14.4 CONCLUDING REMARKS AND OUTLOOK

Expert systems offer a comprehensible knowledge representation, with tools
and methods for explanation to humans, and formal methods for validation
and verification. Their separation of knowledge and inference engine makes
modifications of the stored knowledge relatively easy, although consistency
and coherence can become problematic for large collections. Commercial
tools are available for development and implementation, and a reasonably



large body of experience has been established. On the other hand, knowledge
acquisition often constitutes a bottleneck for expert systems, and may require
the use of domain experts and knowledge engineers with high costs and
limited availability. In addition to the problems associated with the
complexity of large systems in general, expert systems also have difficulties
with common-sense knowledge, learning, and brittleness.

Neural networks can be helpful with knowledge acquisition due to their
capability to learn from examples. In some situations, their generalization
capability allows the design of more robust systems, assuming that the set of
samples presented to the network for learning is representative for the
application problem as a whole. For many types of networks, the generation
of a response to a query requires one sweep of activation from the input
layer through hidden layers to the output layer, leading to a very short,
constant response time. This can be a major performance advantage over a
rule-based system with its deliberate reasoning with an indeterminate
response time. Neural networks suffer from an incomprehensible
representation, requiring elaborate analysis methods and visualization tools
to offer some insight into their internal representation of knowledge. To
obtain an explanation of why a particular response was generated is even
more difficult. The most commonly used types of neural networks have very
limited reasoning capabilities, essentially restricted to generalization.
Although elaborate inference mechanisms can be constructed from neural
components, they are not commonly used at this time.

The synergy between expert systems as representatives of symbol-
oriented and neural networks as representatives of sub-symbolic approaches
relies on their complementary features: Expert systems work. from a logical,
symbolic, explicit basis, while neural networks rely on numeric, associative,
and implicit operations. One frequently used approach is to enhance
knowledge acquisition for expert systems through neural networks, e.g. by
using collections of samples representing the problem domain. This is also
used for the modification of knowledge through the adaptation of sets of
facts and rules to a statistical basis. A collection of facts and rules
established with the help of an expert, for example, can be augmented by
combining it with a neural network that was trained with a representative set
of actual problem cases from the same domain. The same techniques of rule
extraction are sometimes used for the investigation and explanation of the
internal representation of knowledge in neural networks. Other approaches
have used neural networks to learn heuristics for problem solving, essentially
enabling learning from experience. In this case, important aspects of
decisions during the problem-solving process are learned by a neural
network, and applied when a similar situation occurs. In the other direction,



prior knowledge in the form or rules can be used for "priming" neural
networks, leading to faster learning and better generalization.

Many problems could benefit from the combination of symbol-oriented
and sub-symbolic methods for representation and processing of knowledge.
Since the two approaches are complementary with respect to their
computational properties, the design and development of hybrid systems
combining both seems promising from a conceptual perspective. To date,
most applications of such hybrid systems are still experimental in their
nature, but there is a growing interest outside the research community.
Depending on the underlying representational structures, a loose or tight
coupling between the individual components can be achieved. Examples of
domains and applications where hybrid systems seem suitable are molecular
biology, retrieval and organization of structured documents (such as texts,
drawings and diagrams), or component-based software systems. Respective
examples of entities to be represented and manipulated are molecular
structures, hyperlinked documents containing knowledge in various formats,
handwritten characters or natural language constructs.

It is clear that substantial work is needed before hybrid systems will be
widely used in practical applications. Whereas symbol-oriented methods and
technologies have been in use for quite a while, mainly in the form of expert
systems, the use of neural networks for knowledge-related tasks does not
have a rich history. Thus, in addition to the technical problems of integrating
different components, some fundamental methods to improve the knowledge
representation and manipulation capabilities of neural networks must be
investigated more deeply. This includes the evaluation of different
approaches to represent and process structured knowledge with neural
networks, especially concerning expressiveness, complexity, leaming
methods, and performance. Such networks should be capable of representing
general graphs, with (approximate) graph matching as one of the very
essential manipulation methods. From a more practical perspective, the
identification and selection of candidates for a test suite enabling meaningful
comparisons between different approaches is very important.





