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Abstract. This paper describes a new learning by example mechanism and its application for digital circuit design
automation. This mechanism uses finite state machines to represent the inferred models or designs. The resultant
models are easy to be implemented in hardware using current VLSI technologies. Our simulation results show
that it is often possible to infer a well-defined deterministic model or design from just one sequence of examples.
In addition this mechanism is able to handle sequential task involving long-term dependence. This new learning
by example mechanism is used as a design by example system for automatic synthesis of digital circuits. Such
systems have not previously been successfully developed mainly because of the lack of mechanism to implement
them. From artificial neural network research, it seems possible to apply the knowledge gained from learning by
example to form a design by example system. However, one of the problems with neural network approaches is
that the resultant models are very difficult to be implemented in hardware using current VLSI technologies. By
using the mechanism described in this paper, the resultant models are finite state machines that are well suited for
digital designs. Several sequential circuit design examples are simulated and tested. Although our test results show
that such a system is feasible for designing simple circuits or small-scale circuit modules, the feasibility of such a
system for large-scale circuit design remains to be showed. Both the learning mechanism and the design method
show potential and the future research directions are provided.
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1. Introduction

Learning by examples and design by examples have
a lot in common. For learning by examples, a system
must be able to (1) generate a model to describe a given
set of examples, (2) modify the existing model to cap-
ture the information provided by additional examples,
and (3) handle noise or inconsistent information. In de-
sign by example and in particularly for digital circuit
design automation, a system must address the follow-
ing three problems:

(1) The designer provides input/output examples of a
required digital circuit to the system. The system
must be able to generate the circuit design.

(2) The designer can provide additional examples to
refine the design. The system must be able to take
the additional examples and generate a refined
design.

(3) The designer may provide two or more sets of ex-
amples that are not compatible with each other.
The system must be able to inform the designer
that there are incompatible sets of examples.

Such design by example systems has not previously
been successfully developed mainly because of the lack
of a mechanism to implement them. With the knowl-
edge gained from artificial neural network research, it
seems possible to apply the knowledge, such as learn-
ing by example [1–3], to the design by example system.
Learning by example and design by example have sim-
ilar end results. In learning by example, the end result is
a model describing the given examples. In design by ex-
ample, the end result is a design based on the given ex-
amples. However, one of the problems with the artificial
neural network approaches is that the resultant model is
very difficult to implement in hardware using current
VLSI technologies [4–8]. The difficulty is the result
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of analog models used in most neural networks. Most
neural network models require continuous and signed
values for representing weights and internal states (also
called activation values). They also require operations
such as multiplication, summation, and comparison of
the continuous values [9–14]. To efficiently implement
the continuous values and operations, analog circuits
are required.

Researchers face a number of technical challenges
in attempting to use analog VLSI [15–21] and opti-
cal computers for implementing neural networks. Re-
searchers in analog VLSI have to overcome problems
of variation in chip lithography, dopant density, insta-
bility, and imprecision of component parameters [22].
Researchers in optical computing have to overcome
problems of limiting dynamic range, and problems of
interfacing bottleneck between electronic and optical
components. Other attempts to implement neural net-
works in hardware include simulating the analog net-
works in digital computers. Some commercial products
advertised as Neurocomputers are in fact simulators
running in digital computers [10]. It shall be empha-
sized that these simulators do not exploit in hardware
the parallel and distributed computation power of neu-
ral network models [22].

This paper describes a mechanism for forming a
model that is quite different from the neural network
approach. This new mechanism is conceived partially
based on automata and switching theories. By using
this mechanism, the resultant models are finite state ma-
chines. Unlike the neural network approach, the resul-
tant model is very easy (can be directly translated) to be
implemented in hardware using current VLSI technolo-
gies. In addition, the system developed in this investi-
gation is trained by using sequences of input/output
examples. Each step in a sequence consists of an input
and an output. The steps in a sequence are ordered in
time. From the sequences of input/output examples, the
system is able to learn to form a sequential circuit or
to capture information of sequential events. Thus, this
new approach is well suited as mechanism for digital
circuit design automation.

Besides easy to be implemented in hardware, the
learning by example system described in this paper has
other unique features comparing to other related sys-
tems. For instance, training the system developed in
this investigation requires a small number of training
sequences or examples. The system is often (see exam-
ple in Section 7) capable of inferring a reasonable finite
state machine from just one sequence of input/output

examples. In addition, the system is able to handle se-
quential tasks that require many states. On the con-
trary, training recurrent neural networks [23, 24] (that
are the type of networks needed to model sequence
of events) requires a very large number of training se-
quences. For example, it requires 2400 to 409,600 se-
quences of examples (epochs) to train a recurrent neural
network to determine whether an input sequence con-
tains an even or odd number of 1’s. The number of
sequences required depends on the length of the input
sequence and the training algorithm used. For an input
sequence having 10 inputs, for instance, all five train-
ing algorithms used in the study by [25, 26] requires
more than 6400 training sequences.

1.1. A Simple Design Example

Consider the design of a sequential circuit to recognize
the input/output sequence provided in Fig. 1. The se-
quence shows that at step 0, given input 0, the circuit is
required to produce output 0. At step 1, given input 1,
the circuit is required to produce output 1. At step 2,
given input 0, the circuit is required to produce out-
put 1, and so on. Or, consider the design of a circuit to
determine the parity of a communication bit stream—
to determine whether there is even or odd number of
ones in the bit stream. Given such a requirement, a de-
signer, using the traditional design method [27], needs
to spend time drawing a transition diagram, setting up a
state table, minimizing the states, and then translating
the minimal state table to circuits. Using recent de-
sign methods, such as hardware descriptive language
(VHDL) [28], the designer still needs to write a pro-
gram to define the circuit. Either going through the tra-
ditional design method or using a hardware descriptive
language method requires intuitive and labor-intensive
processes.

By using the proposed design by example sys-
tem, to design a circuit to determine the parity of a
communication bit stream outlined above, a designer
simply provides, to our design automation system, in-
put/output examples such as the ones shown in Fig. 1.

Figure 1. Input/output examples.
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Figure 2. Integrated digital design automation system.

Our design automation system will provide, to the de-
signer, the resultant design in terms of finite state ma-
chine that can then be translated to VHDL. The VHDL
can then be provided to simulation and verification sys-
tem and to layout and fabrication systems as outlined in
Fig. 2, in which the Design Automation depicts only the
input/output of the design automation system. Such an
integrated digital design automation system is of cen-
tral importance to meet the high demands for custom
built IC and Application Specific IC (ASIC) [29], and
to reduce the time-to-market that typically may take
one to two years.

1.2. Organization

This paper is organized into nine sections. Section 1,
this section, describes the motivations for proposing
a new learning mechanism for learning by example
systems and its application as design by example sys-
tems for digital design automation. Section 2 further
compares this work with other related AI approaches.
Section 3 defines formally the representations for the
training data or design examples and the inferred

models or designs. Section 4 provides a construc-
tive mechanism for creating a new models or design.
Section 5 shows mechanism for modifying an exist-
ing model or for refining an existing design. Section 6
discusses a mechanism for handling inconsistent infor-
mation that may result from noise or from designer
providing contradictory design examples. Section 7
provides several simple designs and training examples
and their simulation results. Section 8 provides perfor-
mance analysis for the proposed learning mechanism
and digital design automation system. And, Section 9
gives the conclusions and future research directions.

2. Background

Other related AI approaches, described below, have
their limitations and are not suitable for digital de-
sign automation. For example, several systems, out-
lined below, restrict their training data to special for-
mats and their examples are not in time order. Thus
they are not able to learn to form sequential circuits
or to capture information of sequential events. For in-
stance, the system described by Porat [30] requires the
training data to be arranged into strict lexicographic or-
der before being given to the system. The system also
restricts the output to only one bit representing accep-
tance (denoted by +) or rejection (denoted by −). For
example, using a and b as inputs, some strict lexico-
graphic ordered examples are: −a, +b, +aa, and −ab.
Another system restricts the training data to only out-
put sequences. For example, using the sample output
sequence shown in Fig. 3(b), the method reported in
Rouvellou [31] is able to generate the state diagram
shown in Fig. 3(a).

Another system [32] restricts the training data to
input sequences and their associated classes. An input

Figure 3. Learning from output sequence [31].
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Figure 4. Building a state diagram form input sequences and their classes.

sequence and its associated class is represented by
((i1,i2,i3, . . . ), c) where i1,i2,i3, . . . is the input se-
quence and c is the associated class. For example, a set
of the training data is shown in Fig. 4. By using the
training data, the method reported in Biermann [32]
is able to construct the state diagram shown in Fig. 4.
To construct the state diagram, the method reported
in Biermann requires that several inputs be associated
with one output. On the other hand, the system de-
veloped in this investigation allows each input to be
associated with an output.

Some other systems can only learn from reward or
punishment information [33–35]. The systems are first
given a set of possible actions. They initially choose
an action at random. During training, the trainers tell
the systems whether the action is favorable. Then
the systems update the likelihood for producing the
action.

The system developed in this investigation does not
pass computational burden to its teacher. It does not
ask questions. On the contrary, several systems that
pass the computational burden to their teachers have
been reported in [36–40]. Those systems require their
teachers to compute functions, such as, whether two
sets of the training data are equivalent. For exam-
ple, Angluin [37] provided an algorithm to infer a
regular set that is described by a deterministic finite
state acceptor. The algorithm uses a teacher that can
answer membership queries as to whether an exam-
ple is a member of the regular set. The teacher also
provides counter-examples if the algorithm makes an
incorrect guess. Ibarra [39] addressed the same prob-
lem but only allowed the teacher to answer equiva-
lency queries. Marron [40] addressed the problem by
using one initial example followed by membership
queries.

The system developed in this investigation does not
perform experiments on its environment. It learns from
training data provided by a teacher. On the contrary,
the system developed by Rivest [36] requires exper-
iments to be performed on its environment. It also
requires a teacher to determine the equivalency be-
tween the experiments. Performing experiments on the
environment is similar to performing experiments on
an unknown machine. Thus, the task for the learn-
ing system is similar to that of machine identification
[41–43].

By using homing sequences together with experi-
ments, Rivest [36] and Schapire [44] provided a method
that does not require a means of resetting an unknown
machine to an initial state. They used a notion called
diversity, that is, equivalence between experiments or
tests. Their notion of diversity can be viewed as equiv-
alency between states, that is, two states are equivalent
if every test produces the same value for both states.
Their experiments can then be viewed as a distinguish-
ing experiment described in Kohavi [43]. Their sys-
tem was later implemented by Mozer [45] using neural
networks.

3. Representing Training Data
and Inferred Models

Before describing the mechanism for inferring a model
or a design from examples, it is necessary to decide
how to specify training data or examples and how to
represent the inferred models or designs. This paper
proposes to use input/output sequences to specify train-
ing data or examples and to use Finite State Machines
to represent the inferred models, which are defined as
follows.
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3.1. Training Data or Design Examples

An example or a sample is specified by an input and
an output, a stimulus and a response, or a condition
and an action. A sequence of examples is an ordered
set of examples. The order is important to capture our
dynamic physical world since one example or sample
may depend on some previous example. In terms of
machine learning, a sequence of example is a training
data set (an epoch). For our formulation, a sequence of
example is specified by an input/output sequence.

Definition 1. Let I be a non-empty set of inputs and
O be a non-empty set of outputs. An input sequence
is defined to be (x0, x1, . . . , xm) ∈ I m . An output se-
quence is defined to be (y0, y1, . . . , ym) ∈ Om . And,
an input/output sequence is defined to be ((x0, y0),
(x1, y1), . . . , (xm , ym)) ∈ (I × O)m .

For k > 0, the output yk corresponding to the input xk

may also depend on the previous output yk−1, i.e. per-
haps there exists a function F with yk = F(xk , yk−1).
There are special cases that are less complex than this.
One special case is when an example does not depend
on any previous examples, that is, there exists a function
f with, yk = f (xk). Another special case is when all the
inputs are equal; in this case only the output sequence
is of concern. For instance, when repeatedly tossing a
coin, we are only concerned with the outcomes that are
the yk .

3.2. Knowledge Presentation and Inferred Models
or Designs

This paper proposes to use finite state machines as mod-
els to describe sequences of examples. Finite state ma-
chines are particularly well suited for capturing the in-
formation of a dynamic system. In this investigation,
they not only serve as compact ways to describe the
given sequences of examples, but also serve as general
statements that can be used to predict future outcomes,
or as a design based on the given examples.

Definition 2. A finite state machine is defined to be
a 6-tuple, (I , O , S, s0, δ, λ), where I , O , and S
are non-empty sets, s0 ∈ S, δ : I × S → ρ(S), and λ :
I × S → O.

Here ρ(S) = {A | A ⊆ S} is the power set of S. The
sets I , O , and S are interpreted as the set of inputs,

the set of outputs, and the set of states, respectively.
The state s0, called the initial state, is defined as the
starting state of the machine. The functions δ and λ

are called the state transition function and the output
function, respectively. They are usually defined by a
table (called a state table) having each input in I as a
column and each state in S as a row.

In general, this definition of a finite state machine
is a non-deterministic finite state machine since, for
i ∈ I and s ∈ S, the next state δ(i, s), is defined up to
an element in the power set of S. One special case is
when δ(i, s) = S that specifies the next state can be any
state in S including the present state s. Another case
is when, for a state t ∈ S, δ(i, s) = {t}, which specifies
one single next state. If for all i ∈ I and for all s ∈ S,
the δ(i, s) specifies only one single next state, then the
finite state machine is a deterministic.

A deterministic finite state machine will produce one
output sequence when given an input sequence. A non-
deterministic finite state machine may produce many
output sequences when given an input sequence. The
finite state machine starts at its initial state s0, when
given an input i ∈ I , it produces an output o ∈ O and
o = λ(i, s0); it goes to next state T ∈ ρ(S) and T =
δ(i, s0). For each state t ∈ T, it now starts at t ; when
given an input j ∈ I , it produces an output p ∈ O and
p = λ(i, t); it goes to next state U ∈ ρ(S) and U =
δ(i, t), and so on.

4. Mechanism for Creating a New Model
or Design

Based on the formulations provided in the previous
section, a sequence of examples is specified by an in-
put/output sequence and the inferred model or design
is presented by a finite state machine. Thus, the process
to create a new model involves generating a finite state
machine based on a given input/output sequence. The
process of creating a new model also involves a process
to minimize the complexity of the finite state machine
by minimizing the number of states to form a minimal
finite state machine.

The proposed process for creating a new model con-
sists of six steps as outlined in Fig. 5. The first step
converts an input/output sequence to an incompletely
specified state table that represents a non-deterministic
finite state machine. The resultant finite state machine
captures the information of the input/output sequence.
When this finite state machine is given the same input
sequence it will generate the same output sequence.
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Figure 5. Steps for creating new model.

The following describes, as a theorem, the first step for
constructing a finite state machine from the information
provided by an input/output sequence.

Theorem 1. Given an input/output sequence (xk,yk),

for k = 0, 1, . . . , m, there exists a finite state machine
(I, O, S, s0, δ, λ) that will produce the output sequence
(yk) when given the input sequence (xk).

Proof: This proof is constructive. Let I be the set of
distinct entries in (xk), O be the set of distinct entries
in (yk) and also let O contain the symbol ‘∗’, and let S
be {0, 1, . . . , m}.

The function δ is defined as, for ∀i ∈ I, ∀s ∈ S,

δ(i, s) :=
{

s + 1, if i = xs and 0 ≤ s ≤ m − 1

S, otherwise

The output function λ is defined as, for ∀i ∈ I, ∀s ∈ S,

λ(i, s) =
{

ys, if i = xs and 0 ≤ s ≤ m
∗, otherwise

The initial state s0 is assigned to state 0. Starting at state
0, when given the input x0, based on the definition of
λ(x0, 0), the finite state machine will produce y0. Based
on the definition of δ(x0, 0), it will go to state 1. At
state 1, when given x1, it will produce y1, and goes to
state 2, and so on to the last state m. ✷

The rest of the steps for creating a new model or
design, steps 2 to 6 (Fig. 5), are used as mechanisms
for generalization and as mechanisms for creating a
simple and compact model. These involve minimiz-
ing the number of states in the non-deterministic finite
state machine. To do so, step 2 will partition the states
into compatible classes. Step 3 will analyze the com-
patible classes and find maximal compatibility classes.
Step 4 will derive subsets of the maximal compatibil-
ity classes and determine which classes have special
property called prime. The prime compatibility classes

are then used in step 5 to form a minimal closed cover
that insure that the resulting minimized finite state ma-
chine will remain able to reproduce the same output
sequence when given the same input sequence. And,
step 6 used the result of step 5 to form a minimal finite
state machine. Details of these steps for minimizing the
number of states in the finite state machine are referred
to other publications by the author and others [46–48].

5. Mechanism for Modifying an Existing Model
or Design

The previous section described the proposed processes
for creating a new model. This section will describe
how to modify the model to incorporate the new in-
formation provided by a new sequence of examples. It
also describes how to check whether a model is con-
sistent with the new sequence of examples. The pro-
cess outlined in Fig. 6 is developed in this investigation
for both updating a model and checking consistency.
The process incorporates new information into a model
by adding new input symbols, defining previously un-
specified outputs, and removing possible next states.
Checking consistency insures that the updated model
will remain consistent with previous examples.

5.1. Checking Consistency

To determine what to do with the new sequence of
examples, our learning by example system must have a
method to compare the new examples with the existing
models. The new examples come to the learning system
in the form of input/output sequences, while the system
stores its models in the form of finite state machines
(defined by state tables). Thus, we propose a method
for comparing an input/output sequence with a finite
state machine.

The proposed method for checking consistency is
outlined in Fig. 6. The following provides explanations
and definitions. The stored finite state machines can
be deterministic or non-deterministic. A deterministic
finite state machine produces one output sequence in re-
sponding to one input sequence. A non-deterministic fi-
nite state machine, on the other hand, can produce many
output sequences in responding to one input sequence.

Definition 3. A finite state machine is consistent with
an input/output sequence if in responding to the in-
put sequence, the finite state machine produces at least
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Figure 6. Updating a model and checking consistency.

one output sequence that is functionally equivalent to
the given output sequence, and produces no output se-
quence that is not functionally equivalent to the given
output sequence.

Definition 4. An output sequence (p(k)), for k = 0,
1, . . . , m is functionally equivalent to another output
sequence (q(t)), for t = 0, 1, . . . , n if m = n and for k =
0, 1, . . . , m, each output p(k) is functionally equivalent
to output q(k).

Definition 5. An output c is functionally equivalent
to an output d (denoted as c ≈ d) if c = ∗ or d = ∗ or
c = d.

If the output c is represented by as a string of characters
cp for p = 0, 1, . . . , m, and the output d is represented
by a string of characters dq for q = 0, 1, . . . , n, then
c = d when m = n and for all p, cp = ? or dp = ?
or cp = dp. Where ‘∗’ denotes an unspecified output
or called “don’t care” in digital design automation, and
‘?’ denotes a “don’t care” character or a “don’t care” bit
that is particularly useful for digital design automation.

Based on the above definitions, our learning by ex-
ample system will try to modify a model to make the
model consistent with the new examples, while insure
that the updated model will remain consistent with the
previous examples.

5.2. Adding New Input Symbols

To allow our model to expand its scope, to generalize,
or to cover more instances, an input symbol is added
to the set I of the finite state machine when the input
is in the input sequence but it is not in I . The process
for adding new an input is illustrated by an example.

The following example also illustrates the process
outlined in Fig. 6 for updating a model and checking
consistency. As an example an input/output sequence
(0/11, n/01, 1/?1) is compared to the finite state machine
defined by state table shown in Fig. 7(a). The result of
each step of the comparisons is shown in Fig. 7(b) while
the resulting modified state table is shown in Fig. 7(c).
The steps of the comparison are as follows.

(1) Starting at state 0, the finite state machine receives
an input 0. It produces an output 1? (shown in sequence
(a) in Fig. 7(b)) which is compared with the required
output 11. To make the outputs functionally equivalent,
the produced output 1?, specified the don’t care char-
acter ? to 1, is now specified to 11. Since the next state
is state 1, the finite state machine goes to state 1.

(2) In state 1, the machine receives an input n that is
not in the set I. A new input column is created, which
is labeled n (shown in Fig. 7(c)). All the entries in the
new column are initialized to unspecified next state and
unspecified output; shown as “S, ∗”. The entry at the
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Figure 7. Example for updating a model.

current state that is state 1 is then set to “S, 01” in
which the next state is the set S while the value of the
output is that of the input/output pair “n/01” because
at current state the machine is required to produce an
output 01. The next state S is treated as next states 0 and
next state 1. Thus, there are two possible next states for
the current state. The next state 0 is checked first while
next state 1 is saved in a stack to be checked later. Now
the machine goes to state 0.

(3a) In state 0, the machine receives an input 1. It then
produces an output 00 which is compared to required
output ?1. The first characters of the two outputs can be
functionally equivalent if the don’t care character is set
to 0, but the second characters cannot be functionally
equivalent. Thus, the newly produced output sequence
(shown in sequence (a) in Fig. 7(b)) is not function-
ally equivalent to the required output sequence. So the
required output is restored back to ?1, and the newly
produced output sequence needs to be removed. To do
so, the possible next state 0 that is the result of step (2)
is removed.

(3b) To generate sequence (b) (see Fig. 7(b)), the pro-
cess performs backtracking and finds that in step (2)
there is another possible next state that needed to be
checked. It retrieves from the stack the possible next
state that is state 1. The machine now goes to state 1 in
which it receives input 1 and then produces output 01
which is compared to the required output ?1. These two
outputs are functionally equivalent and the required

output is now specified to 01. This completes sequence
(b). In the figure, the equal sign “=” in the entry in-
dicates that the value of that entry is equal to that on
the left. To complete sequence (b) the process does not
need to regenerate those values that are equal to that
already generated in the sequence (a). Sequence (b) is
functionally equivalent to the required output sequence.
Thus, the possible next state 1 is kept. This competes
the entire search process and the final result is shown
in Fig. 7(c).

The resulting finite state machine has a new input
symbol as shown in Fig. 7(c). The don’t care output
character ? in the original finite state machine is now
specified to 1.

5.3. Defining Previously Unspecified Outputs

When a new sequence of examples contains new or
more specific information, this information will be in-
corporated into existing model. One way to do so is
by defining previously unspecified outputs in the finite
state machine. The proposed method is explained and
illustrated by an example.

To incorporate new information into existing model
requires comparing the new information with informa-
tion contained in the models. In our case this is partially
accomplished by comparing the given output sequence
with the output sequence generated by the finite state
machine. Comparing two output sequences in which
any output may contain don’t care characters or may
be an unspecified output requires a method for com-
paring two outputs and a method for keeping track of
which don’t care character or which unspecified output
has been defined.

An example shown in Fig. 8 will illustrate the
proposed method. There are two output sequences
say sequence O (o1, o2, o3, o4) and sequence P
(p1, p2, p3, p4). To complicate the matter, sequence O
makes up of only three distinct output variables namely
a, b, and c; those values will change as the result of the
comparisons. Sequence O = (a, c, b, c). The initial val-
ues are a = 11?, b = ?10, and c = ∗, where ∗ denotes
an unspecified output, and ? denotes a don’t care char-
acter. Sequence P makes up of only two distinct output
variables namely x and y. The initial values are x = ?10
and y = 1?0. Sequence P = (x, y, x, y).

1. Start the comparison with the first pair, o1 to p1.
Compare o1 (a = 11?) to p1 (x = ?10) resulting in
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Figure 8. Example for comparing two outputs sequences.

that this pair is functionally equivalent and that the
values of a and x are both changed. Now they are
a = 110 and x = 110 as well. The original don’t care
character in a is now specified to 0 while that of x
is specified to 1.

2. Next compare o2 (c = ∗) to p2 (y = 1?0) resulting
in there are functionally equivalent and the value of
c is changed while that of y is unchanged. Now they
are c = 1?0 and y = 1?0; the original unspecified
output c is now specified to the specific value.

3. Next compare o3 (b = ?10) to p3 (x = 110); where
the value of x is the result of the first comparison.
The result of the comparison is that they are func-
tionally equivalent and the value of b is changed.
Now the values are b = 110 and x = 110.

4. Finally compare o4 (c = 1?0) to p4 (y = 1?0) result-
ing that they are functionally equivalent and both the
values of c and y are unchanged.

5. Since all the corresponding pairs of sequence O
and P are functionally equivalent, the final re-
sult is that these two sequences are functionally
equivalent.

In this investigation, it is required to compare a given
output sequence to many output sequences generated
by a finite state machine. For the purpose of creating
a modified finite state machine that is consistent with
the given input/output sequence, a generated output se-
quence will be removed if it is not functionally equiv-
alent to the given output sequence. The specified don’t
care characters or previously unspecified outputs, as-
sociated with the removed output sequence, will be re-
stored. As described in the last example (Fig. 8) some
of the don’t care characters may be specified to specific
values and some unspecified outputs may be specified.
The results of the specification are kept if the two se-
quences turn out to be functionally equivalent.

5.4. Removing Possible next States

Another way to incorporate new information into ex-
isting model is by removing possible next states in the
finite state machine. The new information helps the
inductive system to distinguish possible outcomes, to
limit the choices of many outcomes, or to eliminate
non-deterministic states. This will restrict the scope of
the model. The model becomes more specific and better
defined.

Removing the next state corresponding to an output
sequence will remove the output sequence. In order to
produce a modified finite state machine that can be con-
sistent with a given input/output sequence, the output
sequence generated by a finite state machine will be
removed if it is not functionally equivalent to the given
output sequence. The proposed process is illustrated by
an example.

As an example the input/output sequence (x/L, y/L,
z/N) is compared to the finite state machine defined
by the state table shown in Fig. 9(a). In responding to
the input sequence (x, y, z), the finite state machine
produces three state sequences and output sequences

Figure 9. Choosing possible states to be removed.
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as shown in Fig. 9(b). Compare the required out-
put sequence (L, L, N) to the three produced out-
put sequences resulting in that output sequence (a) is
functionally equivalent while output sequence (b) and
(c) are not functionally equivalent. Both sequence (b)
and (c) must be removed in order to produce a modi-
fied finite state machine that is consistent with the given
input/output sequence.

There are two possible next states that are responsi-
ble for producing sequence (b): the possible next state 1
of present state 0 and input x, and the possible next
state 0 of present state 1 and input y. Removing any one
of the two possible next states will remove the possi-
bility to produce sequence (b). Similarly there are two
possible next states that are responsible for producing
sequence (c): the possible next state 1 of present state 0
and input x, and the possible next state 2 of present
state 1 and input y. Removing any one of the two pos-
sible next states will remove sequence (c).

To remove both sequence (b) and (c), there are two
choices: (1) remove the possible next state 1 of present
state 0 and input x; that possible next state is responsible
for producing both the sequences, or (2) remove both
possible next states 0 and 2 of present state 1 and input
y. If choice (1) is chosen, then the resulting modified
finite state machine will be consistent with the given
input/output sequence and the modified finite state ma-
chine will remain consistent with those input/output
sequences that are consistent with the original finite
state machine. If choice (2) is chosen, then the resulting
modified finite state machine will not consistent with
those input/output sequences that are consistent with
the original finite state machine. The reason for the later
is that the modified finite state machine will now consist
of an undefined next state (for present state 1 and input
y), in which all possible next states have been removed.

A general rule for choosing which possible next
states to remove is: (1) remove first those next states that
are responsible for as few output sequences as possible;
if the result of (1) is that all the possible next states of
a particular present state and input have been removed,
then (2) restore all those possible next states and then
remove those next states that are responsible for the
whole set of output sequences.

The reason for the general rule is that during the pro-
cess for creating an updated model, it is necessary to
ensure that (1) the updated model is consistent with the
new input/output sequence and (2) the updated model
remains consistent with those original input/output se-
quences that are consistent with the original model.

To ensure these, the updated finite state machine must
have remained at least one next state for every pair of
present states and inputs.

6. Mechanism for Handling Inconsistent
Information

The previous section described how to update an ex-
isting model based on the information provided by
new sequences of examples. This section will describe
methods that will be used when none of the existing
models can be modified to account for the new exam-
ples or when the new examples contradict all existing
models. The proposed method is to use multiple mod-
els. Each model is associated with a confidence factor
called weight.

The proposed method for assigning confidence fac-
tor to each model or design is outlined as shown in
Fig. 10. A number called “weight” is designed to each
model. The weight for a newly created internal model
equals 1 (as outlined in Fig. 10). Whenever the induc-
tive system receives a new input/output sequence, it
will check for consistency of the new sequence against
all the existing models (Step (1) in Fig. 10). If a model
is consistent with the new sequence, then its weight is
increased by one; otherwise its weight is unchanged.
(2) If a model can be modified so that the modified
model is consistent with the new sequence and that
remains consistent with the old sequences, then the
newly modified model is added and its weight is one
plus the weight of the original model. (3) Otherwise, a
completely new model is constructed based on the in-
formation provided by the new input/output sequence,
and its weight is one.

This process uses other processes described earlier.
(1) It detects any inconsistency by using the process
for checking consistency (described in Section 5.1).

Figure 10. Process for assigning weight to each model.
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(2) It incorporates new useful information into the ex-
isting models by using the processes for updating mod-
els (outlined in Section 5). And, (3) it records inconsis-
tent information by using the process for creating new
model (described in Section 4).

If inconsistent information occurs less frequently
than useful information, then the weights of the mod-
els that result from inconsistent information will be
lower than the weights of the good models. The model
having the highest weight is the most favorable model.

7. Training the System and Simple Designs

Five training examples are provided in the following to
illustrate the training and the abilities of the learning
system. The training examples are: a parity checker, an
up-down counter, a sequence detector, a task involving
many states, and a simple code breaker.

The training examples are done on a simulation pro-
gram developed in this investigation to test the learning

Figure 11. A screen shot of the simulation program.

Figure 12. Parity checker: I/O sequence.

Figure 13. Parity checker: Resultant state table.

system. The simulation program is named Archetype.
A screen shot of the program is shown in Fig. 11. As
shown in the figure the program provides five com-
mands to a user.

7.1. A Parity Checker

In this section we will train the system to perform the
task of a parity checker. We will test whether the system
is able to learn the task by using only one sequence of
input/output examples. We specify what we mean by
a parity checker by using the input/output sequence
shown in Fig. 12. At any step k, the parity checker is
required to produce an output 1 for an odd number of
1’s in the input sequence up to k. It produces an output
0, at step k, for an even number of 1’s in the input
sequence up to k.

Processing the input/output sequence (Fig. 12),
Archetype produces the state table (Fig. 13) by using
the process for creating a new internal model described
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Figure 14. Counter: I/O sequence.

Figure 15. Counter: Resultant state table.

in Section 4. As demonstrated, the system is able to
learn the design of the parity checker by using only
one sequence of input/output examples that consists 11
steps. The process requires only 8 nodes in the mini-
mum closed-cover search tree that is provided for eval-
uating the performance of the process (described in
Section 8).

7.2. An Up-Down Counter

In this section we will train the system to perform the
task of an up-down counter. We will test whether the
system is able to learn the task by using only one se-
quence of input/output examples (shown in Fig. 14).

This training example also shows that the system is
able to handle inputs and outputs that are represented
by string of characters (or multiple-bit binary numbers)
having various lengths. It also shows that the system
is able to take don’t care characters. For example, in
two of the outputs, i.e., “Z??o” and “T??ee”, there are
unspecified or don’t care characters each of which is
denoted by a “?”. Don’t care characters or don’t care
bits in a binary number are useful in the design of digital
circuits.

Processing the input/output sequence (Fig. 14),
Archetype produces the state table shown in Fig. 15. As
demonstrated, the system is able to learn the design of a
four-state up-down counter by using only one sequence
of input/output examples, despite some of outputs in
the sequence contains unknown characters.

7.3. A Sequence Detector

In this section we will train the system to perform
the task of a sequence detector. Four sequences of
input/output examples will be used. One of the se-
quences contains errors or “noise” so that it is not con-
sistent with other sequences.

Suppose that we are going to design a sequence de-
tector that detects three consecutive 1’s in an input
sequence and then produces an output 1, otherwise
it produces an output 0. We will do so by providing
examples to the system. The job of the system is to
derive a model of the sequence detector from those
examples.

We provide the first sequence of input/output exam-
ples as shown in Fig. 16. Processing the input/output
sequence, Archetype creates the state table (Fig. 17).
As shown in Fig. 17, there are three possible next
states “s0, s1, s2” for present state “s2” and in-
put “1”. The reason for the three possible next states
is that our examples do not provide sufficient in-
formation for the system to determine a single next
state.

Figure 16. Sequence detector: I/O sequence 1.
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Figure 17. Sequence detector: State table 0.

Figure 18. Sequence detector: I/O sequence 2.

Figure 19. Sequence detector: Result of sequence 2.

To eliminate uncertainty we need more examples.
We provide another set of examples as shown in
Fig. 18. Using the process for “checking consis-
tency and updating internal models” described in
Section 5, Archetype finds that the new set of ex-
amples (Fig. 18) is consistent with the existing state
table (Fig. 17). As shown in Fig. 19, only 22 nodes
are used in the search tree for checking consis-
tency and updating internal models. The number of
nodes used in the search tree is provided for eval-
uating the performance of the process (described in
Section 8).

As shown in Fig. 20, the state table (Fig. 17) is not
changed except that its weight is increased by one,
which is the result of the process described in Section 6.
Although another set of examples is provided, the in-
formation contained in the examples is already there
in the existing model. Thus the state table is not
changed.

Now we provide another set of examples. However,
the examples contain two errors. As shown in Fig. 21,
the output of step 3 should be a 1 not a 0. The output
of step 6 should be a 0 not a 1.

By using the process for checking consistency and
updating internal models, Archetype detects that the
new input/output sequence is not consistent with the

Figure 20. Sequence detector: State table 0 after sequence 2.

Figure 21. Sequence detector: I/O sequence 3.

existing state table (Fig. 20). Archetype records the
inconsistency by using the process for handing in-
consistent information and creates a new state table
to capture the inconsistent information as shown in
Fig. 22.

We give another set of examples as shown in Fig. 23.
Using the process for checking consistency and updat-
ing internal models, Archetype updates state table 0
(Fig. 20) by removing possible next states “s1, s2”
from the list of possible next states associated with
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Figure 22. Sequence detector: State table 1.

Figure 23. Sequence detector: I/O sequence 4.

present state s2 and input 1. The process for removing
possible next states is described in Section 5.4. The up-
dated state table is shown in Fig. 24. Archetype does
not overwrite the original state table 0. It adds a new
updated version of the state table.

Next it checks state table 1, which is the result of the
set of examples that contains two errors. It finds that the
input/output sequence is not consistent with the state
table 1 (Fig. 22).

As the result of the above four set of examples,
Archetype builds three state tables as shown in Figs. 20,
22 and 24. State table 2 (Fig. 24) has the highest weight,
and is considered as the best model or best design based
on the given examples.

Figure 24. Sequence detector: State table 2.

These set simulations demonstrate that the system
developed in this investigation is able to accept se-
quences of input/output examples for the design of
simple sequential machines. The system allows a de-
signer to provide additional examples to fine tune the
design. It also tolerates infrequent errors made by the
designer.

7.4. Other Simulation Results

The simulation examples for designing a parity
checker, an up-down counter, and a sequence detector,
are described in the previous sections. Their simulation
results together with that of designing a task involving
many states and a simple code breaker are provided in
Figs. 25 and 26.

8. Performance Analysis

The performance of the processes for constructing
a minimal finite state machine from an input/output
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Figure 25. Summary of simulation results for creating new models.

Figure 26. Summary of simulation results for checking and updat-
ing models.

sequence (Section 4) is limited by the step for finding a
minimum closed cover, which has a search space hav-
ing an upper bound of pm nodes, where p is the number
of prime compatibility classes, and m is the number of
classes in the minimum closed cover. Further analysis
of the complexity of inferring general rules from given
data can be found in Gold [49]. To reduce the search
space, the method implemented in this investigation is
to use near-minimal finite state machine whenever a
minimal solution is impractical [50]. A near-minimal
finite state machine is less compact and represents a
less general description comparing to a minimal finite
state machine. However, the learning process remains
sound.

To find a near-minimal finite state machine instead
of a minimum one, the only modification needed is
to skip the process of deriving all prime compatibility
classes (Section 4). The set of all maximum compat-
ibility classes is then used as the prime compatibil-
ity classes for finding a minimum closed cover. Since
the set of all maximum compatibility classes is usually
much smaller than the set of all prime compatibility
classes, the solution greatly reduces the search space.

The process for checking consistency and updating
models (described in Section 5) has a search space

having an upper bound of qk nodes, where q is the num-
ber of incompletely specified next states in a state table,
and k is the number of steps in a given input/output
sequence. A large number of incompletely specified
next states in a state table could result in a very large
number of output sequences that can be generated by
the finite state machine in responding to a given input
sequence.

To solve this problem, two methods are used to
reduce the search space by eliminating branches in
the search trees. The first method is to use a depth-
first search process. The depth-first search process is
stopped as soon as an inconsistency is found. Thus,
not all the output sequences are required to be gener-
ated or compared. The second method is incorporated
in the process for removing possible next states (de-
scribed in Section 5.4). Removing a possible next state
corresponding to an output sequence will remove the
possibility for generating the output sequence. Since a
next state is usually responsible for generating many
output sequences, removing one next state will prevent
many other corresponding output sequences from be-
ing generated.

9. Conclusions and Future Research

This paper describes a new learning by example mech-
anism that is well suited for digital circuit design au-
tomation. The mechanism is conceived partially based
on automata and switching theories. By using the mech-
anism the resultant models are finite state machines that
are easy to be implemented in hardware using current
VLSI technologies. Our simulation results show that it
is often possible to infer a well-defined deterministic
model or design from just one sequence of examples.
In addition this mechanism is able to handle sequential
task involving long-term dependence.

This new learning by example mechanism is used
as a design by example system for digital circuit de-
sign automation. The designer provides input/output
examples of a required digital circuit to the system.
The system is able to generate the circuit design. The
designer can provide additional examples to refine the
design. The system is able to take the additional exam-
ples and generates a refined design. The designer may
provide two or more sets of examples that are not com-
patible with each other. The system is able to inform
the designer that there are incompatible sets of exam-
ples. Several simple sequential circuit design examples
are simulated and tested to determine the feasibility of
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such a system. Although our test results show that such
a system is feasible for designing simple circuits or
small-scale circuit modules, it remains to be shown the
feasibility of such a system for large-scale circuit de-
sign.

Although both the learning mechanism and the de-
sign method show potential, much future work remains.
This work shows that design by example is a feasible
concept for designing small-scale circuit modules. This
concept should be extended either for designing larger-
scale circuits or for other applications. Future work in-
cludes improving the inference mechanism provided
in this paper or creating more effective mechanism for
inferring finite state machines from given examples.
The mechanism provided in the paper may be extended
for inferring timed and hybrid automata [51–54] from
given examples.
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