
https://doi.org/10.20965/jaciii.2023.p0044

Research Paper:

Dynamic Pattern Recognition Model Based on Neural Network
Response to Signal Fluctuation

Hirotaka Doho∗, Haruhiko Nishimura∗∗, and Sou Nobukawa∗∗∗

∗Faculty of Education, Kochi University
2-5-1 Akebono-cho, Kochi 780-8520, Japan

E-mail: doho@kochi-u.ac.jp
∗∗Graduate School of Applied Informatics, University of Hyogo

7-1-28 Minatojima-Minami-cho, Chuo-ku, Kobe, Hyogo 650-0047, Japan
∗∗∗Department of Computer Science, Chiba Institute of Technology

2-17-1 Tsudanuma, Narashino, Chiba 275-0016, Japan
[Received July 21, 2020; accepted August 10, 2022]

We have proposed a model of dynamic retrieval in as-
sociative memory based on temporal input/output cor-
relations under a stimulus-response open scheme of
neural networks. This mechanism is different from
that of the conventional stationary Hopfield model in
which the input signal is used only as information for
the initial state of the network. Building upon the fun-
damental properties of the proposed model, in this pa-
per, we newly evaluate the dependence of identifica-
tion performance on the signal fluctuation level and
on the number of stored patterns by introducing an
accuracy rate for known (stored) and unknown (non-
stored) patterns, based on the network correlation to
the input signal with fluctuation. The results indicate
that the dynamic scheme of network response to a fluc-
tuating signal leads to increased efficacy and useful-
ness.
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1. Introduction

Associative memory neural networks, which were pro-
posed by Hopfield [1,2], introduced the concept of an en-
ergy function to neural networks, where the target pat-
tern to be memorized is set at a local equilibrium state of
the energy function. Furthermore, with a focus on its sta-
bility, the neural network systems have been applied not
only to associative memory, but also to combinatorial op-
timization and other problems, and their use as engineer-
ing models has advanced considerably [3–7]. However,
in this model, interaction with the outside of the network
is limited to the acquisition of external information at the
initial state, after which the network behaves as a closed
system where state transitions follow a relaxation process
of convergence toward a low-energy equilibrium point
(point attractor). Then its applicable problems are lim-
ited as a model framework of memorization and retrieval.

In order to make a system behavior dynamic, stochastic
neural networks and chaotic neural networks have been
applied remaining the system closed [7–9]. However, a
more realistic model can be obtained if the network is re-
garded as an open dynamic system in which external in-
formation operates on the network state in the form of a
persistent input signal [10–14].

A mechanism for identification and discrimination of
pattern information by using a dynamic memory model
based on this extension has been proposed [15]. Specifi-
cally, external information, which is used to initialize the
network state in the conventional model, is directly added
over time to the internal state of the network as an exter-
nal input term in the input-output system, and the effect
of this term on the network is taken as a change in the
internal state of each neuron. Therefore, the external in-
put not only contains pattern information, but also has a
certain signal strength, and the time series of pattern infor-
mation can be added a certain fluctuation. Also, it is pos-
sible to realize the process of signal recognition by using
input-output temporal correlation to evaluate the dynamic
difference in the network response for the external input
(input signal) corresponding to stored and non-stored pat-
terns.

Thus far, aiming to construct the above-mentioned pro-
cess of signal discrimination, we have investigated the
fundamental properties of dynamic responsiveness of net-
works by starting with the dependence of the input-output
temporal correlation on the signal strength and the switch-
ing interval of the signal fluctuation, as well as the influ-
ence of different settings for the basin of memory attrac-
tion [15, 16]. This scheme proposes a method to identify
whether the input pattern is known or not, only by exter-
nal observation of the input/output signal without directly
accessing the internal dynamical structure of the neural
network system such as the energy function. In this paper,
we investigate the discrimination accuracy for stored and
non-stored patterns depending on the fluctuation level of
the input signal as well as on the number of stored patterns
in detail. Consequently, we demonstrate the effectiveness
of the dynamic discrimination model based on the differ-
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ences in responsiveness of the neural network to signal
fluctuation. We believe that this extension of the Hopfield
model, a closed system, to an open system is the first step
in introducing it to signal processing and identification in
machine learning and artificial intelligence systems.

2. Modeling

2.1. Dynamic Memorization Model and Signal
Discrimination Mechanism

We consider N neurons {Xi} indexed by i = 1,2, . . . ,N
connected with synaptic weight wi j between neurons i and
j (if i = j then wi j = 0). In conventional static memory
models based on associative memory neural networks [1],
external information is used as the initial network state
X(0) ∈ R

N at t = 0, and subsequently the temporal devel-
opment for each neuron is given by

Xi(t +1) = f (hi(t)) . . . . . . . . . . . (1)

and

hi(t) =
N

∑
j=1

wi jXj(t)−θi. . . . . . . . . . (2)

Here, f (y) = tanh(y/2ε), neuron value Xi is defined as
Xi ∈ [−1,1], and θi is the threshold. The dynamics (sta-
bility) of discrete-time and continuous-state network dy-
namics is explained in detail in references [17, 18].

We extend this static memory model into a form that
includes the capability to interact with its outside. Specif-
ically, the contribution from external signals is in the form
of external force terms {Si} (i = 1, . . . ,N) added to the in-
ternal state in Eq. (1) as follows:

Xi(t +1) = f (hi(t)+Si(t)). . . . . . . . . (3)

In contrast to static memory models, which behave as
closed systems, {Si(t)} and {Xi(t +1)} have a mutual re-
lation in the forms of input and output.

The following equation is the energy function of the
network state X∈ R

N .

E(X) =−1
2

N

∑
i, j=1

wi jXiXj +
N

∑
i=1

θiXi. . . . . . (4)

Here, j is also the index of N neurons ( j = 1,2, . . . ,N). If
we take wi j = w ji, then

∂ E(X)

∂ Xi
=−

N

∑
j=1

wi jXj(t)+θi =−hi(t) . . . (5)

and Eq. (3) becomes

Xi(t +1) = f
(
−∂ E(X)

∂ Xi
+Si(t)

)
. . . . . . (6)

In a system depending on external input, E(X) is not an
energy function in a strict sense. However, we refer to it as
an energy function for its analogy with the static memory
model.

At this stage, the following properties are revealed
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Fig. 1. Scheme of dynamic associative model.

upon extending the static model to an input/output sys-
tem. When an input signal is applied, the network is in-
fluenced both by the force Si(t) of the input signal and the
attractive force −∂ E(X)/∂ Xi associated with the gradient
of the energy function corresponding to the network state,
and the behavior of the network depends on the competi-
tion between these two factors. In other words, as shown
in Fig. 1, if a signal that is similar to a stored (memorized)
pattern is applied, the network state is led into the vicin-
ity of a corresponding local equilibrium state, where the
influence of the input signal is weakened due to the large
gradient of the energy function. On the other hand, if the
applied input signal does not resemble any of the memo-
rized patterns, the gradient of the energy function in the
state into which the network is led is small, and the influ-
ence of the input signal becomes dominant. This differ-
ence is reflected in the changes in the network state over
time in response to the input signal. In addition, it is ex-
pected that changes in the network state will be even more
pronounced if fluctuation (noise fluctuating within a given
interval) is assigned to the signal. Our dynamic mem-
ory model is capable of distinguishing between stored and
non-stored pattern signals by focusing on such changes in
the responsiveness of the network.

2.2. Learning Rule for Pattern Memorization
Pattern memorization is done by embedding of station-

ary patterns into conventional static memory models. Let
μ be the index of stored patterns and M be the total num-
ber of stored patterns (μ = 1, . . . ,M). It is known that the
necessary and sufficient condition for a pattern Rμ with
components ξ μ

i (i = 1, . . . ,N) to match a local equilib-
rium of the network (i.e., {Xi(t + 1)} = {Xi(t)} = {ξ μ

i })
is that the following holds [4]:

∀i = 1,2, . . . ,N, κ > 0 satisfying

γμ
i ≡ ξ μ

i

N

∑
j=1

wi jξ
μ
j > κ. . . . . . . . . . (7)

By introducing the positive parameter κ , a basin of attrac-
tion is created with a locally stable {ξ μ

i }, and the network
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Fig. 2. Examples of random patterns (white and black pixels
represent ξi =−1 and +1, respectively).

state {Xi(t)} eventually becomes {ξ μ
i }, even if the mem-

orized pattern {ξ μ
i } is somewhat displaced.

In this regard, γμ
i is referred to as the stability level of

memorization. κ which is the lower limit of γμ
i is referred

to as the attraction basin parameter.
Diederich and Opper [19] proposed a sequential learn-

ing rule (referred to as the iterative learning rule below)
which slowly changes the connection weights in accor-
dance with

wnew
i j = wold

i j +δ wμ
i j

(
δ wμ

i j =
c
N

ξ μ
i ξ μ

j

)
. . (8)

until Eq. (7) is fulfilled with respect to M given memo-
rized patterns, and its convergence has been proved. Here,
c is a coefficient assigned in the process of memoriza-
tion. By using this method, non-orthogonal pattern groups
which are mutually correlated similarly to ordinary char-
acter patterns can also be represented in the network as lo-
cal equilibrium states. If the objects of memorization are
orthogonal pattern groups, this learning rule is reduced to
the well-known Hebb rule [20].

3. Simulation Setup

3.1. Generation of Pattern Data and Stored
Patterns

In the experiments, the number of neurons constitut-
ing the network was set to 156 (N = 156), the neuron
threshold was taken as {θi} = 0, and the slope of the
input/output function was taken as ε = 0.015. In terms
of pattern information, we prepared 50 random patterns
(R1,R2, . . . ,R50) composed of 12×13 (= 156) unit struc-
tures, as shown in Fig. 2. In these patterns, half of the
units were ξi = 1 and the other half were ξi =−1, and the
overlap qμν ≡ (1/N)∑N

i=1 ξ μ
i ξ ν

i between R1,R2, . . . ,R50

was distributed in [−0.24,0.26].
With R1, . . . ,R20 taken as stored pattern targets, Fig. 3

presents the count distribution of the stability γμ
i (156×

20 = 3120) after memorization (interval width Δγμ
i =

0.05) conducted under the condition of 2.0 < γμ
i ≤ 3.0

of the iterative learning rule and the coefficient assigned
in the process of memorization c = 0.5 explained in Sec-
tion 2.2.

Figure 4 presents the energy value E calculated for the
state of each pattern on the basis of post-memorization

Fig. 3. Distribution of stability level after iterative learning
for R1, . . . ,R20 under the condition of 2.0 < γμ

i ≤ 3.0 and
c = 0.5 (c is introduced in Eq. (8)).

Fig. 4. Comparison of the energy function values be-
tween stored patterns R1, . . . ,R20 and non-stored patterns
R21, . . . ,R40.

connection weights {wi j}. Although the energy of
all 20 patterns R1, . . . ,R20 memorized in the network
is low (around −200), the energy for the 20 patterns
R21, . . . ,R40 which were not memorized (referred to as
non-stored patterns below) is around 0 (±15). Consid-
ering Eq. (7) in regard to Eq. (4), the energy correspond-
ing to each of the pattern states {ξ μ

i } becomes E(μ) =

−(1/2)∑N
i, j wi jξ μ

i ξ μ
j =−(1/2)∑N

i=1 γμ
i , and by using the

fact that the mean value of γμ
i for stored patterns is about

2.5 from Fig. 3, we obtain E(μ) � −(1/2)×N × 2.5 =
−(1/2)×156×2.5=−195.

3.2. Method for Evaluating Network Response
We prepare input signals by assigning a certain fluctu-

ation to a pattern. Details about the procedure for gener-
ating fluctuation are given below. Several of the 156 el-
ements constituting pattern Rμ (the elements are denoted
as {ξ μ

i }) are extracted at random and inverted (1 → −1,
−1 → 1). The number of extracted elements in this case
is determined in accordance with a set fluctuation level.
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The fluctuation level (FL) indicates the maximum allowed
number of extracted elements:

FL =
2h
N
, . . . . . . . . . . . . . . . (9)

where h is the maximum allowed number of extracted
elements. FL = 1 corresponds to 78 elements (half of
the total number N), while FL = 0 corresponds to 0 el-
ements. For example, if FL = 0.4, the number of in-
verted elements is in the range of 0 to 31 since (N/2)×
0.4 = 78 × 0.4 � 31. By randomly inverting the tar-
get elements within each switching time interval (TI), we
make an information train {ξ μ

i }TI
FL

that is maintained over
time. Time interval TI is set to be constant. For ex-
ample, {ξ μ

i }TI
FL=0.4 = [{ξ μ

i(0.04)}→ {ξ μ
i(0.16)}→ {ξ μ

i(0)}→
{ξ μ

i(0.28)} → ·· · ], given with a change in the fluctuation

value z at each TI . Here, z for each {ξ μ
i(z)} is the fluctu-

ation randomly set during each TI within the range 0 to
0.4, and when the number of inversions is a, a is given
as a = argmina′∈N{|a′ −78z|}. The input signals are con-
structed as

{Si}TI = s{ξ μ
i }TI

FL
. . . . . . . . . . . . (10)

by multiplying the above-mentioned input information
{ξ μ

i }TI
FL

with a parameter s (referred to as signal strength).
In performing quantitative evaluation of the net-

work response to these input signals, the input sig-
nal at each moment, as well as the corresponding
network state, are regarded as N-dimensional vectors,
and the following temporal correlations are introduced
between these two vectors [14]. If the vectors for
the input signal {Si(t)} and its corresponding network
state {Xi(t)} (referred to as network output below) are
denoted as S(t) = (S1(t),S2(t), . . . ,SN(t)) and X(t) =
(X1(t),X2(t), . . . ,XN(t)), the temporal correlation r is de-
fined as

r =
C
(
S̃(t),X(t +1)

)
√

C
(
S̃(t), S̃(t)

) ·√C(X(t +1),X(t +1))
. . . (11)

Here, C(Y,Z) = (Y−Y) · (Z−Z), Y and Z indicate aver-
aging Y and Z over time, and S̃ = S/s. r is in the interval
between −1 and +1, and in case the value is closer to +1,
it is considered that the network output follows the fluc-
tuating input signal well. By using r, the network respon-
siveness in the dynamic memory model can be evaluated
by varying the signal strength s.

4. Simulation Results

4.1. Input Pattern Signals and Network Response
First, we conducted an analysis with respect to stored

pattern signals and non-stored pattern signals by setting
FL = 0.4 and TI = 1. Fig. 5 contains a three-dimensional
representation of the temporal changes of the input infor-
mation S̃(t) = {ξ 1

i (t)}FL , {ξ 34
i (t)}FL when R1 is used as a

stored pattern and R34 is used as a non-stored pattern, by

Fig. 5. Time series of stored pattern input signal (SPS) and
non-stored pattern input ones (NSPS) with the same fluctu-
ation FL = 0.4, shown by the energy function and the over-
laps m.

using the following overlaps between the input patterns
with and without fluctuation

mμ
I (t) =

1
N

N

∑
i=1

S̃i(t)ξ μ
i =

1
N

S̃(t) ·ξξξ μ . . . . (12)

and the corresponding energy E(S̃(t)). The projection
onto the m-t plane corresponds to the time series m1

I (t)
and m34

I (t) of Eq. (12). The respective overlaps corre-
sponding to the patterns R1 and R34 in S̃(t) coincides each
other (m1

I (t)=m34
I (t)), because the method for generating

fluctuation is the same. Nevertheless, there is a remark-
able difference between the energy value corresponding
to a stored pattern (R1) and that for a non-stored pat-
tern (R34). Namely, the energy for a non-stored pattern
is around 0, whereas that for a stored pattern takes a value
in the wide interval between −200 and −80. The fact that
such a difference exists between the two patterns even
though the fluctuation level is the same is attributed to
the different gradient of the energy function as shown in
Fig. 1 in Section 2.1. This can also be confirmed from
Fig. 6, which shows the relation between the overlaps mμ

I
and the energy E of the input information for each pat-
tern. Since there are multiple input information states
with the same values of mμ , the corresponding energy
values become zoned. The case of FL = 0.4 with z = 0
to 0.4 corresponds to a gradient difference in the interval
of 0.6 < mμ < 1.0.

The overlaps between the network output X(t) and the
pattern information {ξ μ

i } is given by

mμ
o (t) =

1
N

X(t) ·ξξξ μ
. . . . . . . . . . . (13)

Figure 7 shows mμ
o (t) and E(X(t)) for the network out-

put {Xi(t)} in the case with signal strength s = 2.25, to-
gether with the input information from Fig. 5 (represented
with a broken line). Since the energy displacement in the
case of a non-stored pattern signal is small, the network
output is almost the same as that for the non-stored pat-
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Fig. 6. Slopes of the energy function obtained by changing
the overlap state for stored patterns (SP) and non-stored pat-
terns (NSP).

Fig. 7. Time series of network responses to SPS and NSPS
when s = 2.25.

tern signal (R34) in Fig. 5. On the other hand, the energy
displacement in the case of a stored pattern signal is large,
and the network output does not follow the case of a stored
pattern signal (R1) in Fig. 5. In evaluating the difference
between the two network responses by using the temporal
correlation in Eq. (11), we obtain r = 0.646 in the case of
a stored pattern signal (R1) and r = 0.979 in the case of
non-stored pattern signal (R34).

4.2. Dependence of Network Response on Signal
Strength

Next, we calculated the temporal correlation r for each
time series obtained for different values of s as in the case
of Fig. 7 (up to t = 1000; the step size of s in the simula-

Fig. 8. Dependence of network response on signal strength
when the number of stored patterns M = 20, FL = 0.4 and
TI = 1 under the condition of 2.0 < γμ

i ≤ 3.0 and c = 0.5.

Fig. 9. Dependence of network response on signal strength
when M = 20, FL = 0.1 and TI = 1 under the condition of
2.0 < γμ

i ≤ 3.0 and c = 0.5.

tion was 1/8). The dependence on the signal strength is
shown in Fig. 8 as a plot of each obtained value against s.
In the interval where s is smaller than 2.0, the network
resides in the nearest local equilibrium state (which is far
from the input pattern information) and thus does not re-
flect the input information (r = 0). When the value of s
exceeds 2.0, it becomes possible for the network to escape
the local equilibrium state near the initial state, and it is
led into a state close to the input signal. Also, due to the
difference between the gradients of the energy function
for the network states corresponding to stored and non-
stored signals, the network responses for the two groups
of signals differ considerably. The difference is main-
tained up to about s = 2.5, which indicates that it is pos-
sible to distinguish between stored and non-stored signals
in this interval.

Similarly to Fig. 8, Fig. 9 presents the dependence on
the signal strength for all stored pattern signals (R1, . . . ,
R20) and the same number of non-stored pattern signals
(R21, . . . ,R40), where the fluctuation level FL is set to 0.1.
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Although the variance of the value of r corresponding
to the group of non-stored pattern signals is somewhat
prominent, in the interval 2.0 < s < 2.5, there keeps a
considerable difference between the respective network
responses for stored and non-stored signals, which clearly
indicates that it is possible to distinguish between stored
and non-stored signals in this interval.

5. Evaluation of Pattern Discrimination
Performance

5.1. Discrimination Method and Accuracy
In evaluating the pattern discrimination performance

of the dynamic memory model, we focused on the dif-
ference between the dependence of the temporal corre-
lation r on the signal strength for stored and non-stored
signals as shown in Fig. 9, and we conducted the evalua-
tion by determining whether a signal was stored or non-
stored. Here, taking the dependence of the value of r
corresponding to R1 on s as the basis, we compared the
dependence of r on s with respect to each input signal
(Rn). Since the response curves of the stored patterns are
all very similar, as can be seen from Fig. 9, the choice
of any stored pattern as a basis has little effect on the ex-
perimental results. Specifically, for each s, we calculated
the difference Δr(s) (= rRn(s)− rR1(s)) between the val-
ues of r corresponding to each input signal (Rn) and that
of the SPS R1, after which we determined whether the
signal is stored by checking whether the maximum Δrmax
(= maxs{Δr(s)}) does not exceed a predetermined sig-
nal discrimination threshold Δrth. Subsequently, we used
the results to obtain the following formula for the accu-
racy P, which was regarded as a performance evaluation
index [16].

P =
ns +nns

2M
. . . . . . . . . . . . . . (14)

Here, ns (nns) is the number of stored (non-stored) patterns
identified correctly as stored (non-stored).

Figure 10 presents the accuracy P for each signal dis-
crimination threshold Δrth. The accuracy is 1 (P = 1) for
Δrth in the interval between 0.15 and 0.4, which shows
that stored signals are reliably distinguished from non-
stored ones. The value of P decreases for small values
of Δrth, where Δrmax of the stored signals exceeds Δrth
and they are misinterpreted as non-stored signals, as well
as for large values of Δrth, where Δrmax of the non-stored
signals does not exceed Δrth and they are misinterpreted
as stored signals.

5.2. Dependence of Signal Discrimination
Performance on Fluctuation Level

Similar to the case of FL = 0.1 in Fig. 10, Fig. 11
shows P corresponding to Δrth for each value of FL =
0.1,0.2,0.4,0.6,0.8. The signal discrimination perfor-
mance increases together with the fluctuation level and
reaches a maximum at FL = 0.4. There, the interval of

Fig. 10. Dependence of accuracy rate on discrimination
threshold value when M = 20, FL = 0.1, and TI = 1 under
the condition of 2.0 < γμ

i ≤ 3.0 and c = 0.5.

Fig. 11. Dependence of accuracy on discrimination thresh-
old value for each fluctuation level when M = 20 and TI = 1
under the condition of 2.0 < γμ

i ≤ 3.0 and c = 0.5.

Δrth in which stored signals can be reliably distinguished
from non-stored ones (i.e., P= 1) is 0.15 to 0.7. When the
fluctuation level exceeds 0.4, deterioration in the signal
discrimination performance can be seen at higher thresh-
old values as shown in FL = 0.6 and 0.8. Fig. 12 presents
the interval for Δrth in which the accuracy is 1 (P = 1) for
each fluctuation level. For a wide interval of Δrth = 0.2 to
0.6, the signal discrimination performance is reliable with
FL = 0.3 to 0.7.

The reason why the performance is influenced by the
fluctuation level is that the influence of the gradient of
the energy function is averaged over the space of network
states corresponding to a fluctuation of 0 to FL. Figs. 13
and 14 show the results of a similar evaluation of the de-
pendence on the signal strength as in Fig. 9, with the ex-
ception that the fluctuation level FL is set to 0.4 and 0.8,
respectively. In Figs. 13 and 14, the variance of r corre-
sponding to each non-stored signal decreases, and the dif-
ference in network response for the two groups of stored
and non-stored patterns becomes steadier, compared to
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Fig. 12. Range of perfect discrimination (P = 1) threshold
value versus fluctuation level in M = 20 and TI = 1 under the
condition of 2.0 < γμ

i ≤ 3.0 and c = 0.5.

Fig. 13. Dependence of network response on signal strength
when M = 20, FL = 0.4, and TI = 1 under the condition of
2.0 < γμ

i ≤ 3.0 and c = 0.5.

Fig. 14. Dependence of network response on signal strength
when M = 20, FL = 0.8, and TI = 1 under the condition of
2.0 < γμ

i ≤ 3.0 and c = 0.5.

Fig. 15. Dependence of accuracy on discrimination thresh-
old value for each fluctuation level when M = 25 and TI = 1
under the condition of 2.0 < γμ

i ≤ 3.0 and c = 0.5.

the case in Fig. 9. In this way, the averaging interval in
accordance with FL can be linked to the extraction of the
characteristic gradient relation between stored and non-
stored states.

5.3. Dependence of Signal Discrimination
Performance on the Number of Memorized
Patterns

Next, we evaluate the signal discrimination perfor-
mance with regard to the number of memorized patterns.
When the number of memorized patterns is 25 (M = 25),
we evaluated the accuracy P corresponding to the signal
discrimination threshold Δrth with respect to each value of
FL for all input patterns (stored: R1, . . . ,R25, non-stored:
R26, . . . ,R50); the results are presented in Fig. 15. Com-
pared with the result in the case of M = 20 in Fig. 11,
there is a tendency that the Δrth dependence of the P value
shifts to the higher value side of Δrth, and the deterioration
of the signal discrimination performance against the re-
gion close to P = 1 is small. Furthermore, even when the
fluctuation level exceeded 0.4, there was no sudden dete-
rioration of the signal discrimination performance, and an
upper limit for Δrth which displays high signal discrimi-
nation performance was maintained.

Figure 16 shows the interval for Δrth in which the accu-
racy is 1 (P = 1) for each fluctuation level. Although dete-
rioration is seen as compared with the case of M = 20, re-
liable signal discrimination performance is maintained in
the interval of FL = 0.3 to 0.7 with the almost same range
of discrimination threshold Δrth. In addition, a thresh-
old width providing perfect discrimination performance is
maintained in about 0.3 even for large values of FL = 0.8
and 0.9.

Figure 17 shows the results of evaluating the differ-
ences in signal discrimination performance with respect
to the number of memorized patterns. Although the signal
discrimination performance deteriorates following the in-
crease in the number of memorized patterns, reliable dis-
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Fig. 16. Range of perfect discrimination (P = 1) threshold
values versus fluctuation level when M = 25 and TI = 1 un-
der the condition of 2.0 < γμ

i ≤ 3.0 and c = 0.5.

Fig. 17. Dependence of accuracy on discrimination thresh-
old value for various numbers of stored patterns when FL =
0.4 and TI = 1 under the condition of 2.0 < γμ

i ≤ 3.0 and
c = 0.5.

crimination performance is maintained in the wide inter-
val of Δrth = 0.25 to 0.7. Fig. 18 shows the interval for
Δrth in which the accuracy with respect to the number of
memorized patterns is 1 (P = 1). If the signal discrimina-
tion threshold Δrth is taken in the interval of 0.25 to 0.7,
for input signals with FL = 0.4, reliable pattern discrimi-
nation performance can be maintained for stored and non-
stored signals regardless of any increase in the number of
stored patterns (up to M = 25).

6. Conclusion

In this paper, we extended the static memory model
based on Hopfield neural networks into a dynamic mem-
ory model capable of interacting with external signals. We
performed a detailed analysis of its performance in terms
of distinguishing between stored and non-stored patterns
by evaluating its accuracy with respect to the number of

Fig. 18. Range of perfect discrimination (P = 1) threshold
value versus the number of stored patterns when FL = 0.4
and TI = 1 under the condition of 2.0< γμ

i ≤ 3.0 and c= 0.5.

memorized patterns, the fluctuation level of the signal
and the signal discrimination threshold. As a result, we
discovered that the network response to stored and non-
stored pattern signals differed considerably with respect
to its dependence on the signal strength, and we con-
firmed that an allowable interval for the signal discrimi-
nation threshold was obtained in which the accuracy was
high (P = 1).

In addition, the allowable interval for the signal dis-
crimination threshold tended to expand if the input pattern
signals were characterized by fluctuation, and by analyz-
ing its dependence on the fluctuation level, we discovered
that reliable signal discrimination (P = 1) was possible
within a wide interval without the need for fine-tuning of
the fluctuation level. Also, although the allowable inter-
val for the signal discrimination threshold tended to be-
come narrower following the increase of the number of
memorized patterns, reliable discrimination performance
(P = 1) was maintained, thus demonstrating the effective-
ness of the proposed model.

Tasks that remain for future research include the explo-
ration of methods for extending the network size in order
to maintain high discrimination performance with respect
to a substantial increase of the number of memorized pat-
terns. Specifically, it is necessary to analyze the relation
between the memorization ratio ((number of memorized
patterns M)/(total number of neurons N)) and the allow-
able interval for the signal discrimination threshold. We
will also apply this model to more practical problems,
such as identification of personal records based on facial
image data. Another future development will be the eval-
uation of the signal discrimination performance under the
chaotic fluctuation emerged in chaotic neural networks.

Finally, it is also interesting to implement our dynamic
scheme in associative memory networks with spiking neu-
rons [21,22]. In this paper, we have proposed this scheme
with the aim of practical information utilization, but we
think that there may be room for examination of the pos-
sibility as a neuroscientific modeling in the actual brain.
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Then, the setting of the discrimination mechanism in the
brain which is compatible with the neuroscientific intu-
ition, which replaces the correlation coefficient between
input and output signals introduced in this study, becomes
an important problem.
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