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Abstract

This paper shows how the new field of
quantum computing can be applied to the
creation of neural network circuits. Quantum
computing is capable of processing huge
numbers of quantum states simultaneously, in
parallel, (“quantum parallelism”). In theory,
QC ought to be able to process all possible
points in a 2N search space (of N bit bit-
strings). If N is large, 2N is gigantic, making a
systematic search with a classical computer
impossible. This paper presents an extended
example of a simple QC algorithm applied to
the generation of neural network circuits.

1.  Introduction

The prime research interest of the first author is
“artificial brains”. For the past decade or more, he
has been attempting to evolve large numbers of
neural network circuit modules, each with its own
function, and then interconnecting them according
to the designs of human “BAs” (Brain Architects)
to build “artificial brains”. Until recently, this
work had to be done in specialized “evolvable
hardware” machines such as the “CBM” [3], that
evolved modules in a few seconds each,
compared to several hours on a PC.

The impetus for the work presented in this paper
originated in the following way. The first author
was reading the references of a quantum
computing text and happened to notice one
concerned with “quantum arithmetic” (i.e. how to
use quantum computing algorithms to perform
addition, subtraction, multiplication (repeated
addition), etc [9]). Since the classical computing
algorithms used to evolve his neural networks
involved only arithmetic, it suddenly occurred to

him that it might be possible to “evolve” neural
networks quantum mechanically.

However, it soon became clear that the fitness
values of all possible 2N bit string
“chromosomes” used in the evolution of N (qu)bit
chromosomes could be measured simultaneously,
due to the superposition of states inherent in the
formulation of quantum mechanics.

This paper presents an extension to a simple
quantum neural network generation algorithm
already published in [13]. Limited space (5 pages)
precludes an introduction to this earlier work. See
[13] for a web version of this earlier paper,
otherwise this paper will not make much sense.

2.    A Quantum 1-Bit Signaling, 2-Bit
Weight Neural Net Model,  “QNN-2”

This section extends the work published in [13],
to a 1-bit signaling, 2-bits weight quantum neural
network model, called “QNN-2”.
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The signal values (NS1 and NS2) (see [13] for an
explanation of these terms), the external signal



(Ext or EXS) and the desired target behavior (i.e.
the minimum number of zeros) are the same as in
the basic neural net model (“QNN”) of [13]. The
complexity of the model is increased by giving
the weights 2-bit values, and using a more
complex threshold circuit. The weights are
labeled W11, W22, W12, W21 = {0,1,2,3} and
the threshold value is greater or equal to 8.

The neural net calculations are as shown in the
circuits.
Figure 1 shows the Qnet circuits for the
calculation of W11*NS1 and W21*NS2.
Similarly we can calculate W22*NS2 and
W12*NS1 (where W11, W22, W21 and W21
represent the weights of the neural net that are
prepared in a superposed state using Hadamard
gates). The superimposed weights represent the
whole search space of all possible chromosomes
in genetic algorithm terms.

Figure 2 shows the calculation of W11*NS1 +
W21*NS2 from W11*NS1 and W21*NS2, given
as inputs. The composite gate (which has two +
signs in the middle is a two bit adder, which takes
two 2-bit numbers and one 0 bit to give the sum
of the two 2 bit numbers. Its construction can be
seen in [9].

Hence from the calculations of Figure 2 we get
W11*NS1 + W21*NS2 --- (1) and similarly we
can calculate W22*NS2 + W12*NS1 --- (2).

After calculating the scalar product, we add the
external signal Ext to equation (1) shown above
to obtain the intermediate value for calculating
NS1 for the next clock tick. Figure 3 gives
W11*NS1 + W21*NS2 + Ext. Similarly we can
calculate W22*NS2 + W12*NS1 + Ext for the
second neuron. The logic used in Figure 3 is to
first add the Ext to the least significant bit and if
any carry results to add it to the next significant
bit, and so on, until the carry propagates to the
most significant bit to give the output.

Figure 4 shows the threshold calculation. After
computing the output signal (e.g., at neuron 1,
W11*NS1 + W21*NS2 + Ext) we decide whether
the neuron will fire or not by comparing the
output signals we have just calculated at each
neuron with a threshold value (>= 8, in this case).
By a threshold value we mean that if the output
signal value (four bits) of the neuron is greater
than or equal to the threshold value (8, in this
case), the neuron fires and outputs a 1 (which
clears the accumulated sum), otherwise a 0 is

output, and the current sum is accumulated at that
neuron. It will be combined with the output signal
of the neuron at the next clock tick, and if that
accumulated sum is greater than or equal to 8, the
neuron fires and clears the accumulated sum. For
each neuron, one Figure 8 circuit is needed for
each calculation and for each clock tick. The
accumulated sum at each neuron is carried to the
next clock tick based on the truth table shown in
Figure 5.

Let ABCD represent the 4-bit output of the neural
net (i.e., W11*NS1+ W21*NS2 + Ext value). If
that value is greater than or equal to 8 then NS1
will become 1 as shown in the table.
 When the output of the neural value is greater
than or equal to 8, at the next clock tick, the
accumulated sum value (EFGH) will be zero,
because the neuron fires at this clock tick. If the
neuron outputs a zero without firing, then the
accumulated sum is carried to the next clock tick
until it become greater or equal to 8 (which shows
the identical values of ABCD and EFGH if
ABCD is less than or equal to 7). The fitness
calculation is performed in the same way as in
QNN-1 [13], and the same type of composite
adder can be applied here.
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Figure   1    Weight-Signal
Multiplication Circuits
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Figure 4    The Thresholding Circuit

A B C D NS1 E F G H

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

Fig.  5  Truth Table for Inputs/Outputs
of QNN-2 Circuit



3. Future Work: The Need for
“Quantum Compilers”

The above quantum circuit models for single
quantum bit signaling and double quantum bit
weights are obviously extremely primitive
quantum neural network models. It is obvious that
the next immediate steps will be to devise more
elaborate quantum neural net models, with multi-
qubit signaling and weights, and more elaborate
“fitness definitions”. (Note, by “fitness
definition”, we are no longer thinking in terms of
the usual use of the term within the context of
evolutionary computation, because the whole
point of this paper is to negate the need for an
evolutionary (i.e. sampling) based computational
paradigm. By “fitness definition”, we mean
“performance measure”, “quality measure”, etc.)

But there is a problem when one attempts to
generate quantum neural net circuits that
implement more complex models. This should be
clear from the above two circuit models, namely
the tedium of dealing with individual quantum
bits. An analogy can be made between the
difficulty of dealing with bit level programming
as existed in the 1940s (before the creation of
assembler and compiler translation programs) and
today’s individual quantum bit (qubit) level
quantum computing. The reasoning used to justify
the creation of higher-level classical computing
languages applies to quantum computing as well,
namely it is much easier to write statements in a
high level language and have a translation
program take care of the tedious generation of
qubit level quantum circuitry than it is to have to
think in terms of the qubit level circuits
themselves.

Therefore our research group is thinking seriously
about creating a quantum (neural network
generating) compiler. This will involve the
creation of a high level language appropriate for
the generation of (quantum) neural networks. We
will need to decide the functionality of the
language. How general should such a language
be? Should it be limited to the generation of
single quantum (neural network) circuits or
should it be able to handle multiple (i.e.
interconnected) circuits, leading towards the
creation of artificial “quantum brains”, consisting
of large numbers of interconnected quantum
neural net circuits. Once such decisions are made,
work can begin on writing the compiler whose
output will be the quantum circuits (quantum

networks), with their many quantum bit lines and
quantum operators. Such quantum compilers will
remove the tedium from human “quantum
programmers” of having to generate these
quantum circuits by hand.

Once the quantum compilers generate the
quantum circuits, it would be useful to have
“quantum circuit simulators” to simulate the
behavior of the circuits. Until real quantum
computers (i.e. actual hardware-implemented
quantum computers) become a reality, we will be
limited to simulating the behavior of quantum
circuits. These quantum circuit simulators will
necessarily be much slower, in fact, exponentially
slower, than true-implemented quantum circuits.
Nevertheless, their existence will be useful. We
will be able to simulate complex quantum-neural-
network-based artificial quantum brains.

4.  Conclusions and Speculations

This paper claims that the rise of quantum
computing (QC) will make evolutionary
computation (EC) obsolete, because QC can
calculate the fitness functions of all 2N possible N
qubit (quantum bit) strings simultaneously using
the phenomenon of quantum superposition of
states. Hence the search-space sampling approach
as used by EC will no longer be needed. QC can
measure the performance quality (i.e. the fitness)
of EVERY point (of 2N, in the search space
corresponding to N-bit strings) and
simultaneously, using the superposition principle
of quantum mechanics.

However, is this conclusion warranted? Could
there be a case for a continual need for EC
(sampled) thinking? This section speculates on
such a question.

At any given moment in the future, the then state
of the art quantum computer will be able to
manipulate some finite number N of qubits, hence
any problem that requires the use of search-spaces
with more than 2N search points in the space, will
need a sampling approach to explore the space,
and hence the EC approach will be justified.
However, it is probable that such reasoning will
only remain valid for a decade or two while the
value of N remains fairly small. As QC
technologies improve, the value of N will
probably climb and climb, until possibly reaching
Avogadro’s number (a trillion trillion) and
beyond. If N can reach Avogadro’s number, then



2N will be so astronomically large, it will be
difficult to imagine any problem that will not
succumb to its power.

It is fascinating to speculate on what kinds of
problems might be solvable (or not be solvable)
using such massive computing capacities

(assuming of course that the appropriate quantum
algorithms can be found to solve them, which is
another non trivial issue, since discovering new
quantum algorithms is not an easy matter).
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