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ABSTACT: A new model of symmetric neural networks is presented, where each neuron
- takes one of the quantized values (e.g. integers) rather than just a binary values
(i.e. 0 or 1) or continuous values (i.e. real numbers). By applying this model to. .
combinatorial optimization problems which take integers as solutions, the number:of

neurons and connections between neurons,

and computation time decrease greatly as’
compared with the traditional counting method ‘®.

Therefore, it is possible to get

:better solutions in the same total computation time. The simulation of Hitchcock

problem is made to show these advantages

[t is also illustrated, by the simulation,

that some fluctuation coming from this quantization makes it possible to get better
or best solution more easily. This fluctuation suggests an effective way to escape

from the local minimum.

1.. Introduction

The symmetric neural networks, so
called Hopfield networks, have been widely
applied to the. combinatorial optimization
problems such as travelling salesman prob-
lem . Though neurons in symmetric neural
networks take binary values.‘’ or continu-
ous values *’, the final values neurons
converge are supposed to be binary ¥ ®,
Hence one makes efforts to design neural
networks to represent and solve the target
problems by using these binary values/neu-
rons. In the previous paper ‘*’, we pro-
posed a new method suitable to combinato-
rial optimization problems which take real
numbers or very large integers as solu-
tions. On the other hand, in combinatorial
optimization problems taking integers as
solutions such as Hitchcock problems,
these integers are usually represented by
the number of (binary) neurons finally
fired, which is called as the counting
method ® . However, it generally requires
a large number of neurons and connections
between neurons, which also causes . a large
amount of memorics and computation time.

In this paper, a new model of the
neuron..is presented, which is suitable to
combinatorial optimization problems taking
integers as solutions. :These neurons take
one of the quantized values (e.g integers)
rather than just a binary values (i.e., 0
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or 1) or continuous values (i.e. real num-
bers). These neurons are called as "quan-
tum neurons”, and the method representing
integers of the solution by quantum neu-
rons are called as "quantum method”. By
applying quantum method to combinatorial
problems which take integers as solutions,
it makes the number of neurons and connec-
tions, and computation time decrease
greatly as compared with the traditional
counting method. Therefore it is possible

to get better solutions in the same total

computation time. The simulation of
Hitchcock problem is made to.show these
advantages. It is also illustrated, by the
simulation, that some fluctuation coming
from this quantization makes it possible
to get better or best solution more easily.
This fluctuation siuggests an effective way
to escape from the local minima.

2. Symmetric Neural Networks with ‘
Quantum Neurons (QSNN)

In the symmetric neural networks

~ for any two of neurons, say neuron i and

j, there can be two connections from i to
j and from j to i, of which weights, w;:
and w.;, are equal, that is, wi.;=w;:. The
symmetric neural networks with quantum
neurons, abbreviated as QSNN, are the sym-
metric neural networks where each neuron,
for example, neuron k, takes one of inte-
ger values in (ms, mgt1, -=«, Mx—1, Mi}. At



each time one of the values of neurons is
updated as follows:

1 if 2]ijXj+hk+WI(K/2 >0
and xx <Mx

if 2w X the-wee /2 <0
and Xk >«

Axg -1

0 otherwise

and all the values of other neurons are
not updated, that is, Ax;=0 for all j#k,
where Xix is the value of neuron k, Axg is
the value to be added to the current value
of neuron k, wx; is the weight of connec-
tion from neuron j to k, hx is the thresh-
old of neuron k, and wxx#0 in general.
Thus QSNN is asynchronous model and each
neuron is updated in turn. Note that we
can generalize the values neuron takes to
be any quantized values, however, in the
above definition the values are restricted
to be integers, for simplicity.

Same as an ordinary networks which
take binary or continuous values®, the
energy of QSNN is defined as:

E - 1/2 EijWKJXIXj - 21}1()({

Now the next theorem holds as same
as ordinary symmetric neural networks

[THEOREM] QSNN converges to a local
minimum of energy function E.

[proof]
AE(t)=

E(t+At) - B(t)
- 1/2 lejw“(x&Axl) (XJ""AXI)
- Zhi{x+Axo)
+ 1/2 Z(ZJWiniX] + 2;}11Xx
- 1/2 EiZjW”(X(AXﬂ'XIAX(

+AXKAX1) - Y hiAx
1/2 TiAX (2 w42 W%y

+2]WIJAXJ) - ¥ hiAx,
YA (2 weyx; + by

+ 1/2 EJW(jAXj)
(0w =wg)

Here we can assume that only one neuron,
say neuron Xk, updates its value, that is,
Axe#0, and Ax;=0 for all j#k. Hence,
in this case, by denoting AE as AE, we
have

AE = “Axe (3 Wi Xy+hetWex A xi/2)
Since, by the definition of QSNN, it is
impossible for ¥ jwy;X;+hetwisx AXy/2 and
Ax¢ to take the opposite sign, we can say

AE=0.
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Hence the energy function always decreases
and finally converges to one of the local
minima. [Q.E.D.]

3. Simulations

For combinatorial optimization
problems with integers as solutions such
as Hitchcock problem, the counting method
‘®  yhich represents integers of the so-
lution by the number of neurons finally
fired, is used. The quantum method cer-
tainly requires less:number of neurons and
connections than the counting method.
Therefore, it is possible to reduce the
computation time, and is expected to get
good solutions in the same total computa-
tion time. Here we examine these by simula
tions of Hitchcock problem.

(1) Hitchcock Problem

Hitchcock problem is a combinato-
rial optimization problem with integers as
solution. Formally stated as

AZ (2 yx0ym80)° + BZJ(ZiXH_dI)Z +
CXijciyx1y; — min

where s; is the number of products suppli-
er i (i=1,+-,m) has, and d, is the number
of products consumer j (j=1,---,n) demands
¢y is the unit cost of transportation
from supplier i to consumer j. Hitchcock
problem is to find a flow xi; of products
from supplier i to consumer j. A, B and C
are weights of these constraints to be
satisfied.

Now, our simulations are made for
the same Hitchcock problem as Takeda and
Goodman ‘®’, where the number of suppliers
and consumers are 4 and 5 respectively, i.
e., m=4 and n=5, and the minimum trans-
portation cost is 38. Two kinds of simula-
tions are made, one is by the traditional
counting method of binary neurons (BSNN) -
and another by the quantum method (QSNN).
Each flow x:; is represented by one neuron
in the quantum method, and by T neurons in
the counting method since max{s., d:} =1.
Except for this, followings are same in
two cases. The weights of constraints are
set as A=B=80 and C=0.23. The initial
values of neurons are determined by using
random number. Five hundred simulations
are made by the counting method, and 5000
by quantum method. The simulation results
are shown in Table 1.



(2) Simulation Results

We first notice that it takes near
11 hours to make 500 simulations by the
counting method, but only about 5.5 hours
to make 5000 simulations by the quantum
method. Thus, as average time per simula-
tion also shows, the quantum method takes
only 1/20 simulation time of the counting
method. In either cases, the average
transportation cost obtained, and the rate
of obtaining solutions, which satisfy
first two constraints,
Hence we can say that there is no great
differences in quality of the solutions
obtained by these two methods. However the
least transportation cost obtained in-
these methods is 41 or 44 respectively.
The quantum method seems superior to the
counting method. This superiority comes
from 10 times trials of simulations (note
that, as mentioned above, even 20 times
trials are possible in the same computa-
tion time), and the possibility of 10 or
20 times trials comes from the less compu-
tation time of quantum method.

4. Fluctuation

We have shown that the quantum

is superior to the counting method
sense that it is possible to get
solutions in the same total compu-
tation time. However, even the quantum
mnethod in the simulations above could not
get the best solution (cost=38). In gener-
al, one of the faults of symmetric neural
network, including QSNN, is to be caught
in a trap of the local minimum of energy
function and not to get the best solution
in many cases. So, there have been many
trials to get better or best solutions by
giving stochastic characteristies to the
state transition of neurons such as
Boltzmann machine. However, in general,
these models are not practical because
they require a large amount of computation
time.

method
in the
better

In this chapter we show, by simu-
lation, that some fluctuation, which natu-
rally comes from quntization, make it pos-
sible to get better solutions or best so-
lution more easily.

(1) Quantum Fluctuation
In the traditional symmetric neu-
ral networks, the state transition of neu-

is also almost same
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ron depends on the sign of X ;Wi X;+hg. On
the other hand, in QSNN, it depends on the
sign of X ,Wu«yXx;+heE0. Swex. Here new
state transition is presented as, in the
case of wxx<0, for ¢ such that 0<c¢<0.3,

1 if EjijXj+hk+cka >0

and xx <Mg
Axe = -1 if 3wk xsthe—cwex <0
and Xx >
0 otherwise
and, in the case of wxx>0, for ¢ such

that 0.5<c¢<1, we can define same as
above

Obviously, any state transition
made in QSNN is also made in these net-
vworks. On the other hand, there can be
state transitions in these networks, which
are impossible in QSNN, and these state
transitions are called "quantum fluctua-—
tion”. And these networks are called as
FQSNN (Symmetric Neural Networks with
Fluctuation to Quantum Neurons).

In general, a light fluctuation (c
%0.5) can not let the network escape from
the local minimum and causes less effects
A heavy fluctuation (0.5%»c¢>0) c¢an not
let the network reach even the local mini-
mum, and diverge, so causes a harm.

(2) Simulations of FQSNN

Five hundred simulations of the
same Hitchcock Probelm above are made by
FQSNN with ¢=1/3 fluctuation. For fair-
ness, any of these simulations of FQSNN
has the same initial values of neurons in
that of QSNN. And, since FQSNN does not
converge in general, we terminate the com-
putation as convergence if the same energy
value lasts for 5 rounds of updates of all
the neurons. If such a condition does not
occur until 50th round of updates, we stop
the computation as no convergence

Also in Table 1, the results of
these simulations are shown. The perform-
ance of FQSNN increases greatly. Though
5000 simulations of QSNN can not get best
solution, 500 simulations of FQSNN get
best solutions 141 times. The average
transportation cost obtained decreases
from 52.9 to 40.9 greatly. These phenomena
suggests that "there exists best solution
near the better solutions.” Moreover, 99%
of these simulations converge and get ap-—
proximate solutions, and the average num-



ber of iterations (computation time) of
the simulation is only less than twice of
that of QSNN. This good convergence of
FQSNN also suggests that "the valley of
energy surface with bad local minimum take
the shape of a pan and the valley with
good/gloval minimum a pot.”

In the ordinary symmetric neural
networks, the solutions depend on the ini-
tial values of all the neurons (sensitivi-
ty of initial values). Hence the choice of
initial values is another target for the
user or designer. These simulations show
that the solutions obtained by FQSNN does
not heavily depend on the initial values
of the neurons. The quantum fluctuation
make also user and designer free from the
choice of initial values.

Thus, FQSNN does not always get
best solutions, however, the simulations
illustrate that it can get better or best
solutions easily in a practical time. Sim-
ulations of many other problems which are
not shown in this paper, also present a
similar performance. Moreover, the quantum

fluctuation is also effective for binary
neurons.
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Table 1: Simulation results of Hitchcock problem

counting method quantum method
BSNN QSNN FQSNN
number of simulations 500 5000 500
number of simulations 500 5000 193
converges
number of simulations 110 (22%) 1194 (24%) 193 (99%)
obtaining solution
least transportation m i1 38
cost obtained (best solution)
number of simulations o
obtaining best solution 0 (0%) 0 (0%) 141 (28.2%)
average trans?ortation 52,9 59. 9 0.9
cost obtained
average number of
iterations / simulation 1.8 6.9 12.6
total time of simulations 10H 44M 58S SH 3$5M 49§ 59M 158
average time / simulation 78S 4.0S 7. 1S
average time / solution 5M 528 16. 95 7. 28
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