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Abstract—The term formal method refers to the use of
techniques from formal logic and discrete math in the
specification, design, and construction of computer systems
and software. These techniques enable the formalization of
software for development and testing so that it may be verified
and validated in a more thorough way. Although not
specifically identified in the literature as a verification and
validation (V&V) formal method technique, neural network
rule extraction fits the basic definition by using techniques
from formal logic to formalize neural network software so that
it may be examined more completely. This paper identifies
several areas where rule extraction can be an effective tool for
the V&YV of neural networks.

I. INTRODUCTION

One example of an adaptive neural network used in a
safety- and mission-critical system comes from the
Intelligent Flight Control (IFC) program. This program is a
collaborative effort of the NASA Dryden Flight Research
Center, the NASA Ames Research Center, Boeing Phantom
Works, and the Institute for Scientific Research, Inc. (ISR).
This program seeks to flight-demonstrate, on board an F-15
aircraft, a research flight control system that can adapt to
accommodate changing aerodynamic conditions, including
loss of aircraft surfaces or improper surface control. The
first two generations of the IFC system have utilized neural
networks. Since this experiment is flown with a human
pilot, the system is both safety- and mission-critical.

Safety- and mission-critical uses of neural networks are
not limited to flight control systems. Neural networks are
used in vehicle health monitoring, power generation and
transmission control systems, fault detection and
identification in industrial processes, and medical diagnosis
systems [1]. They have the potential for use in space
exploration as part of a decision and control process for
planetary rovers or for improving autonomous systems.
Yet while neural networks are slowly being used in a few
fields requiring high assurance, the limitations associated
with their certification restricts their widespread
acceptance.

Consider the IFC program’s use of an adaptive neural
network. Since the flight control system is a research, and
not commercial, system, the certification process to approve
the adaptive neural network is not as rigorous as it would be
for Federal Aviation Administration (FAA) approval.

Existing NASA standards, documentation and testing
procedures, and a physical isolation of the neural network
software from critical aircraft systems have thus far been
enough to qualify as adequate assurance. However, as
these adaptive control systems show promise, it is hoped
such systems can eventually be given greater roles and
eventually adopted in commercial airliners to improve their
safety. The FAA review procedures for adaptive system
use in a civilian aircraft will likely be very stringent and
inhibit their use.

Developers in general of neural network systems have
been cautious about expanding their use into safety- and
mission-critical domains due to the complexities and
uncertainties associated with these complex, adaptive
software systems [2]. Since adaptive neural networks are
beginning to be used within high-assurance systems, like
the IFC program, the NASA Independent Verification and
Validation (IV&V) facility has encouraged research in the
area of neural network V&V to answer the question: How
can we be sure that any system that includes neural network
technology is going to behave in a known, consistent and
correct manner?

Common formal method techniques like model
checking and theorem proving appear unable to completely
address the V&V requirements of neural networks. Model
checking starts from an initial state and repeatedly applies
the transition relation to search all reachable states for a
property violation, while remembering explored states to
avoid looping [3]. Model checking seems less applicable
when the state space is infinite or extremely large, a
possibility with an adaptive neural network. In [4], the idea
of using model checking to verify properties of recurrent
neural networks is discussed. The system presented in that
paper, by the author's own conclusion, was clearly
undecidable and therefore could not be automated.

Theorem proving is the use of logical induction over the
execution steps of the program to prove system
requirements. System requirements are translated into
complex mathematical equations and solved by verification
experts to prove the system is accurate [5]. Like model
checking, theorem proving in the traditional sense does not
seem to be applied to adaptive neural networks.  Rather
than an approach where the proof of requirements is done
by logical induction over the structure of the program, the
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approaches for adaptive neural networks deal with proving
convergence and stability. Lyapunov or stochastic methods
can be used and take the place of theorem proving for
neural networks.

A formal approach that seems more suited for neural
network V&V is rule extraction. Rule extraction has been
researched by the neural network scientific community for
at least the past two decades and fits the basic definition for
a formal method because it uses techniques from formal
logic to formalize neural network software so that it may be
examined more completely. In essence, it changes a black
box system into a white box system by translating the
internal knowledge of a neural network into a set of
symbolic rules. These rules have the potential for several
uses in the V&V and certification of neural networks, many
of which are discussed in the following sections.

A. Rule Extraction Overview

By design, neural networks change while training on a
data set. After training, some networks are fixed while
others are allowed to adapt during operation. It is a
challenge to understand how the network will handle
additional input. Testing can give some level of confidence
but may not provide a satisfactory level in safety- or
mission-critical cases.

A solution, rule extraction, is the process of developing
natural language-like syntax that describes the behavior of a
neural network [6]. These techniques can convert the
neural network structure to a prepositional if-then format
offering the possibility of requirements traceability.
Without this representation, it becomes difficult to identify
design aspects of the neural network since the internal
knowledge does not undergo traditional design.

The same techniques used to map rules from the neural
network in rule extraction can also be used in two
additional ways: rule initialization and rule insertion.

Rule initialization [7] is the process of giving a neural
network some pre-system knowledge, possibly through
early training or configuration. A system developer may
have improved confidence if the starting condition of the
neural network is known, which may lead to a constrained
path of adaptation.

Rule insertion [8] is the method of moving symbolic
rules back into a neural network, forcing the knowledge to
incorporate rule modifications or additional rules. A
system developer can use this scheme to exert a condition
or reinforce conditions within an adaptive neural network.
Examples of this include restricting the neural network to a
region of the input space or instructing it to deliberately
forget some data it has already seen.

B. Rule Formats

There are several main rule formats. Rule extraction
algorithms will generate rules of either conjunctive form or

subset selection form, commonly referred to as M-of-N
rules named for the primary rule extraction that makes use
of the form. All rules follow the natural language
syntactical if-then prepositional form.

Conjunctive rules follow the format:

IF condition 1 AND condition 2 AND condition 3
THEN RESULT

Here the RESULT can be of a binary value
(TRUE/FALSE or YES/NO), a classification value
(RED/WHITE/BLUE), or a real number value (0.18).

The condition can be either discrete (flower is RED,
ORANGE or YELLOW) or continuous (0.25 < diameter <
0.6). The rule extraction algorithm will search through the
structure of the network, and/or the contents of a network's
training data, and narrow down values across each input
looking for the antecedents (conditions) that make up the
rules.

Subset rules, or M-of-N rules, follow the format:

IF (M of the following N antecedents are TRUE)
THEN RESULT

Cravin and Shavlik explain that the M-of-N rule format
provides more concise rule sets in contrast to the potentially
lengthy conjunctive rule format [9]. This can be especially
true when a network uses several input parameters.

C. Rule Extraction Categories

Andrews [7] identifies three categories for rule
extraction procedures: decompositional, pedagogical, and
eclectic.

Decompositional rule extraction involves the extraction
of rules from a network in a neuron-by-neuron series of
steps [10]. This process can be tedious and result in large
and complex descriptions. The drawbacks to
decompositional extractions are time and computational
limitations. The advantages of decompositional techniques
are that they do seem to offer the prospect of generating a
complete set of rules for the neural network.

Pedagogical rule extraction [11] is the extraction of a
network description by treating the entire network as a
black box. In this approach, inputs and outputs are matched
to each other and the rule extraction algorithm is a machine-
learner approach. The decompositional approaches can
produce intermediary rules that are defined for internal
connections of a network, possibly between the input layer
and the first hidden layer. Pedagogical approaches do not
result in these intermediary terms. Pedagogical approaches
can be faster than the decompositional, but they are
somewhat less likely to accurately capture all of the valid
rules describing a network's contents.

The eclectic approach is merely the use of those
techniques that incorporate some of a decompositional
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