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Abstract

Associative learning is a fundamental neural mechanism in human memory and cogni-
tion. It has attracted considerable attention in neuromorphic system design owing to its
multimodal integration, fault tolerance, and energy efficiency. However, prior studies
mostly focused on single inputs, with limited attention to multibit pairs or recall under
non-orthogonal input patterns. To address these issues, this study proposes a bidirectional
associative learning system using paired multibit inputs. It employs a synapse–neuron
structure based on spiking neural networks (SNNs) that emulate biological learning, with
simple circuits supporting synaptic operations and pattern evaluation. Importantly, the
update and read functions were designed by drawing inspiration from the operational
characteristics of emerging synaptic devices, thereby ensuring future compatibility with
device-level implementations. The proposed system was verified through Cadence-based
simulations using CMOS neurons and Verilog-A synapses. The results show that all pat-
terns are reliably recalled under intact synaptic conditions, and most patterns are still
robustly recalled under biologically plausible conditions such as partial synapse loss or
noisy initial synaptic weight states. Moreover, by avoiding massive data converters and
relying only on basic digital gates, the proposed design achieves associative learning with
a simple structure. This provides an advantage for future extension to large-scale arrays.

Keywords: bidirectional associative mechanism; CMOS neuron; pattern-associative learning;
spiking neural network; Verilog-A modeled synapse

1. Introduction
To overcome the limitations of the von Neumann architecture, research on a bio-

inspired neuromorphic architecture that emulates the human brain is currently being
explored. In particular, associative learning, an important learning mechanism of the brain,
is extensively recognized as a method of forming memory based on the association between
different stimuli [1,2]. Pavlovian conditioning is a classic example of associative learning,
demonstrating the fundamental principle of simple stimulus–response association by cor-
relating conditioned and unconditioned stimuli. Such Pavlovian learning mechanisms
have been implemented and validated in neuromorphic circuits and devices in various
ways [3–6]. In particular, recent studies have explored integrative approaches to realize a
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unified system that maximizes the advantages of both circuits and synaptic devices such as
memristors. For example, AIST (AgInSbTe)-based synaptic devices in [7] demonstrate mul-
tilevel analog weight characteristics, which are effectively utilized through circuit–device
co-design to enable reliable driving and learning. However, previous implementations
have generally been limited to a single stimulus pair and single-bit inputs, with insufficient
exploration of cumulative learning involving multiple stimuli. For instance, while the
acquisition of a single pairing such as ‘bell–food’ is well established, systematic demon-
strations of multi-mapping that align multiple foods with distinct bell stimuli have been
limited. By contrast, the human brain performs associative learning across diverse objects
by leveraging sensory integration and synapse-based memory functions. For instance, as
illustrated in Figure 1, when vision and olfaction are presented simultaneously, an object
can be learned and subsequently recalled using only the olfactory stimulus to reconstruct
its visual representation (in this case, vision is defined as the unconditioned stimulus
and olfaction as the conditioned stimulus). Moreover, the human brain can concurrently
acquire associations across multiple objects, incorporating both structural features and
olfactory information beyond single-object learning. During learning, memory is further
accumulated through synaptic plasticity [8,9]. To efficiently process extensive information,
the brain encodes inputs as multibit patterns and subsequently processes them [10]. To
realize a bio-inspired system, this study proposes an extended pattern-associative learning
framework that expands the Pavlovian learning mechanism into an array architecture.
In contrast to conventional one-bit pulse inputs, the proposed system employs multibit
encodings to enable pattern-based learning. A multibit input denotes an n-bit binary
vector. Furthermore, memory accumulation is realized through synaptic plasticity, which
is implemented by performing synaptic updates with the proposed Verilog-A memristor
model. In particular, instead of adopting a unidirectional scheme in which synaptic updates
proceed only in the positive direction (potentiation), a bidirectional update mechanism
was employed to incorporate both potentiation and negative updates (depression), thereby
enabling the storage and recall of more diverse patterns compared to the unidirectional
update scheme. Furthermore, a spiking neural network (SNN)-based learning mechanism
was applied, not only to emulate brain-like characteristics [11–15] by processing spike
signals, but also to utilize neuron firing frequencies for determining synaptic states and
recalling patterns. In addition, both learning and recall were performed in the order of
synapse, neuron, and priority detector without the need for large-scale ADCs, thereby
reducing circuit complexity. In this respect, the proposed system offers novelty, and its
functionality and performance were validated through Cadence circuit simulations, en-
hancing the reliability of the system. As a result, this study extends Pavlovian single-pair
associations to multibit, multi-input cumulative learning, and demonstrates the feasibility
of the proposed approach as a practical neuromorphic hardware system.

Figure 1. Overview of the proposed pattern-associative learning system, inspired by the memory
mechanisms of the human brain.
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2. Methods
2.1. Mechanisms for Associative Learning Implementation

As shown in Figure 2, the methods of training synapses in pattern-associative learning
can be largely divided into two types [16] (pp. 815–829). The first method is a unidirectional
structure, where synapses are updated only when conditioned and unconditioned stimuli
are simultaneously applied. In this case, only potentiation occurs, and thus the state of
the synapse changes exclusively toward decreasing resistance, thereby strengthening the
connectivity between nodes [17–21]. The second method updates the synaptic state not only
when conditioned and unconditioned stimuli are applied simultaneously but also when
either stimulus is applied individually. When both stimuli are applied simultaneously,
potentiation occurs. In contrast, when either the conditioned or unconditioned stimuli
are applied, depression occurs. Depression drives the synapse into a high-resistance state,
thereby weakening the connectivity between nodes [17–21]. When neither stimulus is
applied, the synaptic state remains unchanged. In both mechanisms, unconditioned data
(UC) is recalled by matching conditioned data (C) to stored C–UC pairs, and the memory
capacity is fundamentally determined by the bit length of C. In addition, the number of
HIGH elements in the conditioned input determines the number of patterns that can be
generated. Specifically, if the number of bits in the conditioned input is n and the number
of HIGH elements is k, then the number of possible patterns is given by nCk. Accordingly,
the number varies depending on n and k. When k = n/2, the resulting number of patterns
is shown in Figure 3a. In other words, as the number of bits n increases, the number of
generatable patterns also grows, so the memory capacity is determined by the array size,
which is directly related to the capacity limitation. However, in associative learning, a
more critical factor for recall performance is the correlation between inputs; that is, the
inner product of the input data. As illustrated in Figure 3b, the number of patterns that can
be generated from C depends on the inner product value, and in certain cases, the actual
number of patterns may decrease even with increasing n. Nevertheless, the overall trend
indicates that increases in both n and the inner product lead to an increase in the absolute
number of patterns. Therefore, increasing the bit length of C, which expands the allowable
inner-product range, enlarges the number of learnable patterns, implying that expanding
the number of rows in the array increases the learnable memory capacity. This observation
highlights the existence of a memory capacity limitation determined by the array size. Al-
though a unidirectional structure is simple, its synaptic changes impose capacity limitations
on the limited synapse array. For example, for a 4 × 6 array condition, when the inner
product between elements of the input set is 0 or 1, the number of generatable patterns is
six. As shown in Figure 4, across 500 simulations using sets of randomly generated input
pairs within the same inner product range, the unidirectional structure learns an average of
3.72 patterns, whereas the bidirectional structure learns an average of 5.84 patterns. This
indicates that, even with the same array size, the bidirectional structure increases mem-
ory capacity by additionally leveraging depression, whereas the unidirectional structure
exhibits a stronger capacity limitation under the same learning inputs. Moreover, in the
unidirectional structure, when conditioned patterns are insufficiently orthogonal (inner
product above a specific threshold), repeated reinforcement of shared components leads to
interference. This reduces pattern separability and decreases learning performance, thereby
making the capacity problem more severe [16,22,23].
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Figure 2. Comparison of synaptic update mechanisms between unidirectional and bidirectional
architectures.

Figure 3. Graph of the number of patterns with respect to the conditioned input C: (a) numerical plot
of the number of patterns versus C-bit length and (b) number of patterns versus C-bit length and
inner-product value.

Figure 4. Comparison of recall pattern counts for evaluating memory capacity limitations.

2.2. Python-Based Verification of Bidirectional Mechanism in Diverse Synaptic Environments

In this study, a Python-based (Python 3.12) simulation was conducted to evaluate
whether the bidirectional mechanism achieves more effective recall of unconditioned
patterns from conditioned patterns after associative learning than the unidirectional mech-
anism. The operational procedure is illustrated in Figure 5. Learning was performed on a
matrix regarded as a synaptic array, where the rows correspond to conditioned inputs and
the columns to unconditioned inputs. During the update process, potentiation increased
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the synaptic state by +1, depression decreased it by −1, and no change left the synaptic
state unaltered. The updated synaptic values were subsequently stored in a 4 × 6 matrix.
Accordingly, when the six input pairs listed in Table 1 were trained, the cumulative synaptic
state matrix was obtained. Using this approach, both the unidirectional and bidirectional
structures were trained, starting from an identical initial synaptic state (‘0’) for all synapses.
The results were then evaluated by applying conditioned patterns to verify whether the
corresponding unconditioned input patterns were successfully reproduced and to compare
the performance differences between the two structures. In the proposed simulation, the
synaptic weight states updated through potentiation and depression were represented as
integers rather than resistance values. Larger values corresponded to the low-resistance
state (LRS), whereas smaller values indicated the high-resistance state (HRS). In other
words, increasingly positive values reflected a progressive transition toward the LRS, while
increasingly negative values reflected a transition toward the HRS. Learning in the pro-
posed architecture is determined by how many times and in which direction (+1/0/−1)
potentiation or depression occurs, not by the size of a single-state change. Therefore, the
integer states obtained in the Python-based simulation accurately reflect the occurrence
counts of potentiation and depression, and can thus be regarded as faithfully reproducing
the essential learning behavior. As shown in Figure 6, the synaptic array obtained after
training reveals that, in the unidirectional structure, only potentiation can occur, so the
synaptic weight states either remain fixed or increase in the positive direction. In contrast,
in the bidirectional structure, depression can also occur, allowing the states to decrease, and
consequently negative synaptic state values are observed. After training, each conditioned
pattern was applied to the synaptic array.

Figure 5. Operational diagram of the Python-based verification.

Table 1. Unconditioned and conditioned input pairs.

Input
UC (Unconditioned) C (Conditioned)

[LSB]–[MSB] [LSB]–[MSB]

{1} 1 0 0 0 1 1 1 1 0 0
{2} 1 1 0 0 1 0 0 1 1 0
{3} 1 1 0 1 0 0 0 1 0 1
{4} 1 1 0 0 0 1 0 0 1 1
{5} 0 0 1 0 1 1 1 0 1 0
{6} 1 0 0 1 0 1 1 0 0 1
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Figure 6. Comparison of synaptic weight state maps following associative operations in unidirectional
and bidirectional architectures.

The synaptic state values at the nodes overlapping with the input were summed, and
this sum was defined as the SUM value, as shown in Table 2. In the Python simulations, the
firing behavior of neurons in the CMOS-based system was predicted using the SUM value
of the synapses state to simplify the model, since under the proposed learning architecture,
variations in the SUM value mirror variations in current (a larger SUM implies greater
current flow). Because the unconditioned input was represented as a 3-hot code, the three
largest SUM values were set to 1 and the others to 0. This procedure corresponds to top-
k (k = 3) hot code (T3H1) encoding, where the top k values are assigned 1, as presented in
Table 2. In neuromorphic neural networks, a lower synaptic resistance delivers a larger
current to the neuron membrane. This current accelerates the rise of the membrane potential,
thereby increasing the neuronal firing rate. Reflecting this biological characteristic, the
simulation was simplified by interpreting larger summed synaptic state values (SUM
values) as faster neuronal firing. In other words, the magnitude of the synaptic weight state
was directly mapped to the neuronal firing rate. Based on this process, when conditioned
patterns are applied to the trained synaptic array, the firing patterns of the neurons can be
inferred from the cumulative summed values of the connected synapses. Among the six
neurons, defining the three with the highest firing rates as 1 and the others as 0 yields a
pattern equivalent to the T3H1 representation. Finally, the generated T3H1 pattern was
compared with the unconditioned pattern of the same label. In other words, associative
recall was evaluated by verifying how accurately the corresponding unconditioned pattern
could be reproduced using only the conditioned pattern.

Table 2. Comparison of unidirectional and bidirectional associative learning results.

In Data Unidirectional Hit Bidirectional Hit

C
{1}

SUM 5 2 1 2 4 4
✓(1) −1 −6 −5 −4 0 −2

✓T3H1 1 0 0 0 1 1 1 0 0 0 1 1
C
{2}

SUM 5 4 1 1 4 3
✓

−1 0 −5 −7 0 −5
✓T3H1 1 1 0 0 1 0 1 1 0 0 1 0

C
{3}

SUM 6 4 0 3 2 3
✗(2) 2 0 −8 −1 −6 −5

✓T3H1 1 1 0 1 0 1 1 1 0 1 0 0
C
{4}

SUM 5 4 1 2 2 4
✓

−1 0 −5 −4 −6 −2
✓T3H1 1 1 0 0 0 1 1 1 0 0 0 1

C
{5}

SUM 4 2 2 1 4 5
✗

−4 −6 −2 −7 0 1
✓T3H1 1 0 0 0 1 1 0 0 1 0 1 1

C
{6}

SUM 5 2 1 3 2 5
✓

−1 −6 −5 −1 −6 1
✓T3H1 1 0 0 1 0 1 1 0 0 1 0 1

(1) ✓: Matched, (2) ✗: Mismatched.

In Table 2, “Hit” denotes whether the output pattern generated by the conditioned
pattern was identical to the corresponding unconditioned pattern. As summarized in
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Table 2, the unidirectional structure recalled only four of the six patterns after training,
whereas the bidirectional structure successfully recalled all six patterns.

To emulate biologically plausible conditions, such as partial synapse loss and noisy
initial synaptic weight [24–26], simulations were also conducted under conditions where
some synapses were removed and the initial synaptic weight states were randomized to
mimic noise. As depicted in Figure 7, the synaptic state after learning was evaluated under
partially impaired synaptic array. Table 3 summarizes the resulting performance. The
results demonstrate that even with the partial removal of synapses, most of the learned
patterns can still be reliably recalled. Erroneous outputs appeared only in a subset of
patterns for both the unidirectional and bidirectional structures. As shown in Figure 8, a
histogram of the associative learning results was obtained over 500 trials, in which synapse
loss was introduced at randomly varying locations for each trial. The match count reflects
how many of the six conditioned patterns correctly recalled their respective unconditioned
patterns, thereby serving as a measure of learning performance. The results demonstrate
that, in the unidirectional structure, cases with a match count of 6 were rarely observed,
whereas in the bidirectional structure, the same match count was observed more than
100 times. On average, the unidirectional structure recalled approximately 2.76 patterns,
whereas the bidirectional structure recalled approximately 4.54 patterns.

Figure 7. Comparison of synaptic weight state maps following associative operations in unidirectional
and bidirectional architectures under partially impaired synaptic weight state. (The symbol ‘X’
represents a lost synapse).

Table 3. Comparison of unidirectional and bidirectional associative learning results under partial
synaptic degradation.

In Data Unidirectional Hit Bidirectional Hit

C
{1}

SUM 5 2 1 2 4 4
✓(1) −1 −6 −1 −4 0 −2

✗T3H1 1 0 0 0 1 1 1 0 1 0 1 0
C
{2}

SUM 5 4 0 1 4 3
✓

−1 0 0 −7 0 −5
✗T3H1 1 1 0 0 1 0 0 1 1 0 1 0

C
{3}

SUM 6 4 0 3 2 3
✗(2) 2 0 −4 −1 −6 −5

✓T3H1 1 1 0 1 0 1 1 1 0 1 0 0
C
{4}

SUM 5 4 0 2 2 4
✓

−1 0 −4 −4 −6 −2
✓T3H1 1 1 0 0 0 1 1 1 0 0 0 1

C
{5}

SUM 4 2 1 1 4 5
✗

−4 −6 −1 −7 0 −1
✓T3H1 1 0 0 0 1 1 0 0 1 0 1 1

C
{6}

SUM 5 2 1 3 2 5
✓

−1 −6 −5 −1 −6 −1
✓T3H1 1 0 0 1 0 1 1 0 0 1 0 1

(1) ✓: Matched, (2) ✗: Mismatched.
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Figure 8. Histogram comparison of correctly matched patterns from 500 operations under random
partial synaptic degradation in unidirectional and bidirectional architectures.

When expressed as the error rate (ERR) with respect to the total number of patterns,
the error rate is defined as follows:

ERR = 1 − M
N

(1)

where N represents the total number of patterns and M represents the average number
of correctly recalled patterns. When the results of the two conditions (unidirectional and
bidirectional) are denoted as ERR1 and ERR2, respectively, the relative improvement (RI) is
defined as follows:

RI = (ERR1 − ERR2)/ERR1 × 100% (2)

For the case of N = 6, M1 = 2.76, and M2 = 4.54, the error rates for each condition are
calculated as ERR1 = 1 − (2.76/6) ≈ 0.54 (54%) and ERR2 = 1 − (4.54/6) ≈ 0.243 (24.3%).

Accordingly, the absolute error reduction was calculated as follows:

∆ERR = ERR1 − ERR2 (3)

Based on this, the absolute error reduction is given by ∆ERR = 0.54 − 0.243 = 0.297
(29.7%p), and RI = (0.54 − 0.243)/0.54 × 100 ≈ 55.0%. The bidirectional structure achieves
an approximately 55% improvement in the error rate compared with the unidirectional
structure. In other words, the bidirectional structure demonstrated superior recall ability
compared with the unidirectional structure under impaired-synapse conditions. In biologi-
cal memory, removing a crucial cue severely impairs recall, whereas losing less important
parts has minimal impact. Consistent with this, the standard deviation (SD) reported in
Figure 8 varies with the importance of the lost synapses, increasing or decreasing accord-
ingly. Such SD variation is observed in both unidirectional and bidirectional cases. In the
proposed bidirectional architecture, the loss of certain synapses can rarely result in very
low match counts (e.g., match_count = 1), which broadens the distribution and makes
the SD appear larger. In contrast, because match_count = 6 (perfect match) never occurs
in the unidirectional case, the upper bound is restricted, which narrows the distribution
and yields a smaller SD. Therefore, the principal indicators of recall performance are not
SD itself but the mean performance and the probability of attaining higher match counts.
Under identical conditions, Figure 8 shows that the bidirectional case has a higher mean
match_count and the probability of achieving multiple matches (match_count = 4–6) is
80.2% for the bidirectional case, compared with 2.6% for the unidirectional case.

To emulate an environment with synaptic noise, the synaptic array was initialized to a
random state and evaluated through Python-based validation simulations.

Figure 9 presents the synaptic state maps obtained by training the unidirectional and
bidirectional structures with randomized initial synaptic weight states to emulate noise in
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the synapses. The corresponding performance is summarized in Table 4. Under these noisy
conditions, the unidirectional structure recalled only two patterns, whereas the bidirectional
structure successfully recalled all patterns. As presented in Figure 10, a histogram of the
distribution over 500 simulation runs, in which each initial synaptic state was assigned
a different random configuration. The unidirectional structure exhibited a distribution
concentrated at low match counts, whereas the bidirectional structure demonstrated a
distinctly right-shifted distribution. On average, the unidirectional structure recalled only
2.00 patterns, whereas the bidirectional structure recalled 5.21 patterns.

Figure 9. Comparison of synaptic weight state maps following associative operations in unidirectional
and bidirectional architectures under noisy initial synaptic conditions.

Table 4. Comparison of unidirectional and bidirectional associative learning results under noisy
initial synaptic conditions.

In Data Unidirectional Hit Bidirectional Hit

C
{1}

SUM 15 15 13 13 16 17
✗

9 7 7 7 12 11
✓T3H1 1 1 0 0 1 1 1 0 0 0 1 1

C
{2}

SUM 17 18 14 11 16 15
✓(1) 11 14 8 3 12 7

✓T3H1 1 1 0 0 1 0 1 1 0 0 1 0
C
{3}

SUM 18 18 13 14 12 15
✗(2) 14 14 5 10 5 7

✓T3H1 1 1 0 0 0 1 1 1 0 1 0 0
C
{4}

SUM 19 18 13 13 14 16
✓

13 14 7 7 7 10
✓T3H1 1 1 0 0 0 1 1 1 0 0 0 1

C
{5}

SUM 16 15 13 12 18 18
✗

8 7 9 4 14 14
✓T3H1 1 0 0 0 1 1 0 0 1 0 1 1

C
{6}

SUM 17 15 12 15 14 18
✗

11 7 6 11 7 14
✓T3H1 1 1 0 1 0 1 1 0 0 1 0 1

(1) ✓: Matched, (2) ✗: Mismatched.
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Figure 10. Histogram comparison of correctly matched patterns from 500 operations under randomly
perturbed initial synaptic conditions in unidirectional and bidirectional architectures.

The error rates were calculated as ERR1 = 1 − 0.3333 ≈ 0.6667 (66.7%), and ERR2 = 1
− 0.8683 ≈ 0.1317 (13.2%). Accordingly, the absolute error reduction was ∆ERR = 0.535
(53.5%p), and the relative improvement was RI = (0.6667 − 0.1317)/0.6667 × 100 ≈ 80.3%.
These results confirm that the bidirectional structure achieves an approximately 80.3%
performance improvement over the unidirectional structure under noisy conditions. The
primary reason that the bidirectional architecture histogram results appear “saturated”
under noisy synaptic arrays is the small array size. In a small array (4 × 6 in this study), the
number of patterns to be learned is limited, and under ideal synapses the system achieves
sufficiently high recall accuracy and stability to learn nearly all patterns. In other words,
owing to the small array size, the learning set is restricted to six patterns, the inherently
high accuracy in the ideal-synapse condition prevents substantial performance degradation
in the presence of noise, producing a saturation-like distribution.

In the current system, recall performance is evaluated using match_count. For some
input groups, synapse-loss may yield a higher match_count than noise for the same input.
However, when comparing averages over 500 trials, Figure 8 (representing synapse loss)
shows an average of 4.5, whereas Figure 10 (representing noisy synapses) shows an average
of 5.2, indicating that noise condition provides better recall performance. This stems from
the intrinsic characteristics of the scheme. Synapse loss directly severs the signal transmis-
sion path, thereby exerting a more detrimental impact on recall ability. In other words,
while “noise in the remaining connections” can be partially compensated through learning
to minimize its effect, “the complete loss of connections” constitutes structural damage and
thus causes a more severe degradation in performance. This has been confirmed both in
biological evidence [27] and in synapse-based network systems [28].

2.3. System Implementation of Pattern-Associative Learning

The proposed bidirectional pattern-associative learning circuit system was designed
by adopting the Python simulation results above, which exhibited the bidirectional struc-
ture showing the lower error rates than the rate of the unidirectional structure. As shown
in Figure 1, a structure with 4-bit conditioned inputs and 6-bit unconditioned inputs was
implemented using a 4 × 6 processing element (PE) array, with each PE designed to support
both read and update operations and including an individual synapse capable of bidirec-
tional operations. To emulate brain-like learning in which synaptic weights are represented
by spikes, a 1 × 6 neuron array was incorporated. In addition, the system was imple-
mented with a priority detector that converts spike signals into digital patterns, thereby
representing the final results in digital bit and enabling the system to distinguish patterns.
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As shown in Figure 11, the system operation can be classified into three distinct
modes. First, in the read mode, the unconditioned input signal is applied to evaluate
the neuronal firing response. In this mode, a signal is applied when the input pattern
is “1” and not applied when it is “0,” such that the neuronal firing directly reflects the
given unconditioned input pattern. The synaptic array of the proposed system is orga-
nized such that each vertically connected synapse shares a common post-synaptic neuron
membrane. Consequently, the amount of current flowing through the synapses varies
depending on the applied unconditioned pattern, which modulates the neuronal firing
rate and determines the output spike pattern. In addition, in the read mode, no synaptic
state changes occur, even when only the unconditioned input is applied, since depression
from the bidirectional mechanism is suppressed. Second, in the associative learning update
mode, neuronal firing does not occur and only the synaptic state is updated. Under the
bidirectional rule, single-input stimulation (US or CS) induces depression, co-presentation
of US and CS induces potentiation, and no stimulation leaves the synaptic state unchanged.
In the proposed system, the bidirectional architecture may appear analogous to spike
timing-dependent plasticity (STDP) in that both potentiation and depression occur. How-
ever, STDP determines potentiation or depression from the interval between pre- and
postsynaptic spikes, such that spike timing carries the important information [29]. But
the bidirectional architecture in the proposed system serves a different purpose. It stores
the association between simultaneously presented conditioned and unconditioned inputs
in the synaptic weights, enabling pattern restoration and recall. Because weight updates
are governed by the correlation of the input pair under co-presentation rather than by the
spike-timing difference (∆t), the method is clearly distinct from STDP. Third, in the recall
mode, a conditioned input is applied after associative learning to retrieve the corresponding
unconditioned input pattern. When a conditioned input is applied, the firing frequency of
the post-synaptic neuron changes according to the states of the synapses. Consequently, the
1 × 6 neuron array produces a 6-bit output spike pattern corresponding to the conditioned
input. The recall performance was verified by evaluating the correspondence between the
generated spike pattern and the original unconditioned input patterns. In this stage, the
priority detector measures the neuronal firing frequency and converts it into binary values
(0 and 1), enabling the reproduction of the binary pattern identical to the unconditioned
input. In the recall mode, as in the read mode, applying only the conditioned input causes
no synaptic state transitions. Figure 12 illustrates the detailed schematic of the PE and
priority detector blocks. The operation of the PE in the read and recall modes is as follows:
when a READ pulse is applied, the output signal of OR gate, driven by the conditioned and
unconditioned input pulses, is transmitted along the orange line node. In this configuration,
the top node (TOP) of each synapse is connected to the pulses delivered from either the
conditioned or unconditioned inputs, whereas the bottom node (BOT) is connected to the
neuron membrane. Thus, the current flowing into the membrane varies according to the
resistance state of the synapse. Synaptic updates are controlled by the control signals of the
MUX. When both the unconditioned and conditioned inputs are applied simultaneously,
the AND gate generates a signal that sets the first bit of the MUX to high. In this case, the
MUX state becomes [1][0], and when VUPDATE = VTOP − VBOTTOM, TOP and BOT are set to
VPOTENTIATION and VSS, respectively, resulting in VUPDATE = VPOTENTIATION. In contrast,
when only the unconditioned or conditioned input is applied, the XOR gate generates
a signal that sets the second bit of the MUX to high, whereas the first bit is set to low.
In this case, the MUX state becomes [0][1], with VSS and VDEPRESSION applied to TOP
and BOT, respectively, resulting in VUPDATE = −VDEPRESSION. Through this mechanism,
the synaptic update is executed. The current determined by the updated synaptic state
modulates the neuronal firing frequency, and the resulting spike signals are subsequently
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digitized through the priority block. As illustrated in Figure 12, the proposed priority
detector comprises three functional blocks: an interval detector, a minimum pulse detector,
and a pulse equalizer. The interval detector senses incoming spike events and generates
Q[N] signals, where the pulse width is defined by the interval between the positive edge
of the read pulse and the positive edge of the second spike of the neuron. Thus, neurons
with higher firing rates produce shorter pulse widths, whereas neurons with lower firing
rates yield longer pulse widths. Subsequently, the minimum pulse detector groups the
Q[N] signals and performs logical AND operations to reliably extract the minimum pulse,
enabling the circuit to identify the dominant neuronal activity. The key idea of the proposed
minimum pulse detection scheme is to reliably identify the dominant neuronal activity
by selecting only the top-k shortest pulses among n input bits. By tuning the group size r
according to the number of active inputs (k) from the unconditioned pattern, the detector
adaptively selects the dominant short pulses. To guarantee that only the top-k shortest
pulses are chosen, the group size must satisfy

r = n – k + 1 (4)

In this study, with n = 6 and k = 3, we obtain r = 4. Grouping the six inputs into subsets
of four yields

6C4 =

(
6
4

)
= 15 (5)

which represents the number of ways to choose four channels out of six. From these
15 candidate subsets [PQ], the minimum pulse detector ensures that the resulting pulse
widths are restricted to the three shortest values. In other words, depending on k, the result-
ing pulse widths can be determined by the two or four shortest pulse widths. Subsequently,
the pulse equalizer compares each candidate signal [PQ] with the original signal Q[N] to
determine the neuron responsible for generating the shortest pulse and maps this result
onto the final output. When a PQ signal corresponds to a Q[N], the associated FP[N] is set
to HIGH. Otherwise, it remains LOW. This hierarchical architecture ensures the reliable
extraction of dominant neuronal signals without reliance on area-intensive data converters,
thereby providing improved area and power efficiency for the systems.

Figure 11. Operational diagram of the proposed system.
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Figure 12. Architecture and detailed circuit schematics of the proposed processing element and
priority detector.

2.4. Implementation of Synapse and Neuron for Associative Learning

For system verification and result extraction, synapses were implemented in Verilog-A
models. Several Verilog-A models for emulating synaptic behavior have been reported [30–34].
However, most of these models are structurally complex because they explicitly describe
target device physics. In the proposed system, the synaptic functions most critical to asso-
ciative learning are cumulative updates with state retention, synaptic weight potentiation
and depression, and voltage-to-current conversion. These functions can be more effectively
realized through a simple behavioral implementation rather than through detailed complex
synaptic device modeling. Accordingly, as shown in the pseudocode presented in Figure 13, a
simplified Verilog-A model was developed to emulate only the essential synaptic behaviors
rather than relying on device-based implementations. In this model, the synaptic state changes
progressively as the number of applied update pulses increases, consistent with the pulse-test
characteristics observed in actual synaptic devices [35,36]. Furthermore, the model allows
precise specification of the update voltage and resistance states. This enables systematic
definition of resistance modulation during state transitions and the corresponding voltage
thresholds for updates.

Figure 13. Pseudocode of the Verilog-A-based synapse model implemented for learning.
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In addition, the initial state can be freely configured, facilitating the emulation of
randomized synaptic conditions and thereby enhancing the versatility of the model for
system-level testbench evaluations. Figure 14 presents the operational characteristics of
the implemented synapse. When an update pulse is applied to the top node, potentiation
occurs, thereby increasing the synaptic state and flowing current. In contrast, applying
the update pulse to the bottom node induces depression, which decreases the state and
current. During this process, the update pulse train comprises alternating update and
read pulses, where the read pulses correspond to low-voltage stimuli that do not trigger
synaptic updates and are used only for reading the synapse condition. These results indicate
that the proposed Verilog-A synapse model not only supports voltage-driven synaptic
updates but also successfully reproduces and validates the pulse-test characteristics of
actual synaptic devices.

Figure 14. Transient simulation results of the implemented Verilog-A synapse under pulse testing,
showing synaptic state transitions and current changes with pulse updates.

As shown in Figure 15, the neuron used in the proposed system is based on an
integrate-and-fire circuit, adopting a simplified Mihalas–Niebur structure [37,38] that is
designed to perform only the integrate-and-fire operation. This neuron operates as a
comparator-based neuron, where a spike is generated once the membrane voltage VMEM

exceeds the threshold voltage Vth. Upon spike generation, the membrane potential is
immediately reset to ground, thereby terminating the firing event.

Figure 15. Schematic of the neuron circuit employed in the proposed system.
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3. Results and Discussion
3.1. Cadence Simulation Results of Overall System Operation Under Ideal Synapse Condition

The proposed system was designed using a 180 nm process design kit (PDK) and
simulated at the schematic level in the Cadence environment (IC 6.1.8). As shown in
Figure 16, in the read operation, the spike patterns of the post-synaptic neuron array
are observed when the unconditioned input is applied. In the proposed system, the
unconditioned input consists of six bits (UC1 to UC6), indicating that each one corresponds
to one bit. At this stage, because the associative learning function is not activated, the
unconditioned input pattern and post-synaptic neuron output spike (POST1 to POST6)
pattern have a simple one-to-one mapping relationship. For example, if the unconditioned
input pattern is UC [1:6] = 100011, the post-synaptic neuron firing pattern also appears as
POST [1:6] = 100011.

Figure 16. Transient simulation results of neuronal firing patterns in response to unconditioned input
patterns.

Figure 17 illustrates the evolution of the synaptic state in the Verilog-A implementation
under the defined learning mechanism.

Figure 17. Transient simulation of synaptic state changes during the update interval, showing
unchanged, potentiated, and depressed situation.
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During the update phase, potentiation was induced when the conditioned pulse (C1)
was applied in conjunction with either of the unconditioned pulse (UC1 or UC6), resulting
in increased synaptic states of S11 and S16, respectively, whereas individual application of
either pulse resulted in depression with a decreased synaptic state. In non-update periods,
the synaptic state remains unaffected by either the conditioned or unconditioned pulse,
demonstrating that learning updates are confined to the defined update intervals. As
presented in Figure 18, the synaptic array state is represented as a heat map during the
learning of successive unconditioned and conditioned pattern pairs. As learning progresses
with the addition of each new pattern, the synaptic weight states become progressively
diversified. As depicted in Figure 19, the neuron spike response to a conditioned input
differs between before and after learning. The red graph indicates the firing of the first
post-synaptic neuron for the third input pair, and the green graph indicates the firing of the
fourth post-synaptic neuron for the fifth input pair. Before learning, the spike frequencies of
the first and fourth neurons were the same. However, after learning, the synapses connected
to the first neuron that intersected with the input were strengthened (potentiation), resulting
in more spikes within the same ∆T interval (10 µs) and an increased frequency. In contrast,
the synapses connected to the fourth neuron was weakened (depression), resulting in fewer
spikes and a decreased frequency.

Figure 18. Simulation results of synaptic weight state map changes during associative learning.

Figure 19. Transient simulation results showing neuronal spike changes to conditioned input before
and after learning.

Figure 20 shows the firing patterns of the post-neurons depending on the learning
states. Before learning, all conditioned input patterns elicited the same firing frequencies
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across the neurons. However, after learning, specific neurons exhibited dominant activity
for each input, resulting in the formation of distinct firing patterns. These changes in
the spike activity are further processed by the priority detector, which converts the firing
frequencies into digital bit representations. As shown in Figure 21, the three neurons
with the highest firing frequencies for each input are encoded as “1,” whereas the others
are encoded as “0,” thereby forming the final output bitstream. Figure 22 compares
the spike patterns acquired after learning operation with those originally elicited by the
unconditioned input. The results confirm that the conditioned input alone, in the absence
of the unconditioned input, produces an identical post-neuron output pattern, thereby
substantiating the ability of the proposed system to perform reliable pattern recall through
associative learning.

Figure 20. Neuronal spike frequency maps in response to conditioned input before and after associa-
tive learning.

Figure 21. Transient simulation results of spike-to-priority outputs in response to conditioned input
after learning.
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Figure 22. Spike pattern maps obtained from unconditioned input before learning and from condi-
tioned input after learning, illustrating their correspondence.

3.2. System Operation Under Conditions of Synapse Loss and Noisy Synaptic Weight States

After verifying the system operation with the synapses in the nominal initial state,
additional Cadence-based circuit simulations were conducted under environments with
partially lost synaptic data and randomized synaptic initial states.

Figure 23 presents the spike responses of the post-synaptic neurons before and after
learning under partial synapse loss. Before learning, aside from a few neurons whose
responses were distorted by synapse loss, almost all neurons fired at similar frequencies,
which made it hard to clearly distinguish different input patterns. After learning, however,
the frequency distribution varied depending on the input, demonstrating enhanced dis-
criminability and confirming the feasibility of associative recall. Figure 24 shows the final
digital patterns extracted by the priority detector. Only a single mismatch was observed
among all patterns, whereas in every other case the unconditioned pattern was correctly re-
called from the conditioned input. These results confirm, through the simulations, that our
proposed pattern-associative learning system can be achieved under synaptic degradation
by employing the bidirectional update scheme.

Figure 23. Simulation result of neuronal spike frequency maps in response to conditioned input
before and after associative learning under partial synaptic degradation. (The symbol ‘X’ represents a
lost synapse).

Figure 25 provides a comparative analysis of the post-synaptic neuron spike responses
before and after learning under noisy initial synaptic conditions. After learning, clear
patterns emerged in the frequency distribution, demonstrating that discriminability is
maintained even when the initial conditions are randomized. Finally, Figure 26 presents
the digital patterns extracted by the priority detector, showing that all patterns were
stably learned without mismatches and that the unconditioned patterns were consistently
and correctly recalled from the conditioned inputs. These findings demonstrate that the
proposed pattern-associative learning system is feasible under a broad range of synaptic
conditions, including normal synaptic weight states, synaptic degradation, and noisy initial
synaptic weight states.
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Figure 24. Comparison of spike pattern maps obtained under partial synaptic degradation from
unconditioned input before learning and from conditioned input after learning.

Figure 25. Simulation result of neuronal spike frequency maps in response to conditioned input
before and after associative learning under noisy initial synaptic weight conditions.

Figure 26. Comparison of spike pattern maps obtained under noisy initial synaptic weight conditions
from unconditioned input before learning and from conditioned input after learning.

3.3. Measured Power of Proposed Associative Learning System

As shown in Figure 27, the total power consumption measured for the 4 × 6 con-
figuration is 4.98 µW. The proposed system comprises three circuit blocks. During the
execution of read–update–recall operations for six patterns, the neuron block consumed
4.9 µW, accounting for 98.6% of the total power.
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Figure 27. Pie chart of 4 × 6 associative learning system power consumption.

In contrast, the processing array and priority detector consumed only 1.2% (58.1 nW) and
0.20% (10 nW), respectively, confirming that the power contribution of circuits for learning
operations is minimal. Therefore, even when scaling the synapse array size, the incremental
power consumption from the PE and priority detector circuits is expected to remain negligible.
While the majority of the power consumption is attributed to the neuron block, this suggests
that energy efficiency can be further improved by replacing the neuron block with a low-
power alternative, such as a neuron circuit operating in the subthreshold regime [39,40]. In
addition, this study has been validated only with modeled synapse at the small-array scale. As
the array size increases, capacitive loading becomes more significant, and some neuromorphic
synaptic devices exhibit excessively small LRSs, which may cause stability issues. To overcome
these challenges, a dedicated driving amplifier is required [41–43], which inevitably increases
power consumption. However, this drawback can be alleviated through the use of low-power
amplifiers [44–46], allowing energy efficiency to be maintained even in larger arrays.

Moreover, Figure 28 shows the energy consumption of each block under learning and
recall conditions for six patterns. First, the priority detector is activated by neuron spikes,
and since pattern recall is determined using spike signals after associative learning, its
energy consumption during recall is noticeably higher than during learning under the same
conditions. For the neuron block, the static energy remains almost the same in both modes.

Figure 28. Energy consumption graph for learning and recall of six patterns.

However, an additional increase is observed during recall due to the spikes generated
in the process, leading to a slight rise compared to learning. In contrast, the PE block
shows significantly higher energy consumption during learning because of weight updates,
whereas in recall it is much lower. However, the PE energy in recall is not zero, because even
in the read state (update-disabled), power is still required for internal switching operations
such as receiving C/UC signals, selecting synaptic connection paths, and connecting
or disconnecting the selected synapses to the membrane node of the neuron. Overall,
the total energy consumption was 7.49 nJ for learning and 1.27 nJ for recall, showing
about a 5.89× difference. In spite of this difference, both modes operated in the few-
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nJ range, supporting the conclusion that the system is appropriate for energy-efficient
neuromorphic applications.

Beyond presenting per-block energy consumption, we computed PE energy values
from DC simulations to enable a quantitative comparison between the unidirectional and
bidirectional structures, as shown in Figure 29. In the proposed system architecture shown
in Figure 12, the XOR block operating on U and UC that produces depression was removed,
and the second control bit of the MUX was tied to ground to suppress depression node.
On this basis, the PE was redesigned for unidirectional learning, and the corresponding
testbench was implemented. The simulations assumed ideal synapses with no loss or
noise and evaluated the learning of six patterns, as summarized in Table 1 (in the main
manuscript). As a result of training with the same input patterns, the unidirectional
structure generated a total of 38 updates, whereas the bidirectional structure produced
108 updates, approximately 2.8 times more than the unidirectional case. Consequently,
the energy consumption of the bidirectional structure was also more than twice that of
the unidirectional structure. However, the actual ratio was observed to be about 2.3. This
is because the unit energy of the PE was 0.0813 nJ when only potentiation occurred, but
it increased to 0.1403 nJ when both potentiation and depression occurred, so that even
with twice the number of operations, the difference in unit operation energy remained
below twofold. Notably, even throughout the entire learning process of six patterns, the
total energy consumption of the bidirectional structure remained only at the few-nJ level.
Therefore, although bidirectional learning inherently involves more operations and thus
consumes more energy than the unidirectional structure, the absolute value remains small,
confirming its practical applicability in neuromorphic systems where energy efficiency is of
critical importance.

Figure 29. Energy comparison graph between unidirectional and bidirectional structures.

3.4. Examination of Memory Capacity and Recall Accuracy Under Array Scaling

In this study, the number of learnable patterns is determined by the bit length of C (n)
and the number of HIGH elements (k). We considered the case n = 4 under the condition
k = n/2, and conduct learning on the corresponding configurations of C.

In addition, the number of patterns that can actually be generated and learned depends
on the inner products (similarity constraints) among elements in the input set. In this
work, we restricted the pairwise inner product to {0,1} and performed learning under this
constraint. Under these conditions, the maximum number of learnable patterns is six.
Accordingly, we trained on six patterns. Figure 30 illustrates how the number of generable
patterns varies with array size and the inner-product constraint. The key point is that
maximizing the number of patterns depends on the array size along with the inner product
that accompanies that size. To achieve the maximal pattern count, the array must be large,
and the element-wise inner product must simultaneously be sufficiently high. Figure 31
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compares learning outcomes across unidirectional and bidirectional structures as a function
of array size and the inner-product constraints {0,1}, {0,1,2}, and {0,1,2,3}. For each data point,
the number of matched patterns is averaged over 50 training iterations under identical
conditions, because under a fixed inner-product constraint there are many combinatorial
realizations of input-pair sets that satisfy the condition. As shown in Figure 31, under the
same inner-product constraint, increasing the array size does not lead to a linear increase in
the number of matched patterns. In contrast, increasing the inner-product allowance in step
with array size leads to a clear increase in the number of learnable patterns. Specifically,
the maximal match count occurs at {0,1,2} for the 6 × 8 array and at {0,1,2,3} for the 8 × 10
array, which demonstrates a dependence of the match count on the inner-product range
under array-size scaling.

Figure 30. Generated pattern number graph by array size under inner-product constraints.

Figure 31. Associative learning results comparison between unidirectional and bidirectional struc-
tures across array size and inner-product value: (a) matched Pattern Count and (b)recall accuracy.

Therefore, if the inner-product allowance is progressively widened during array
scaling, the number of matched patterns increases steadily with array size. Conversely,
despite an increase in the absolute number of learned patterns, the recall accuracy, defined
as the ratio of recalled patterns to all generable patterns, does not improve in proportion
to the growth in learned patterns. This finding suggests a limitation of the intrinsic
Hebbian learning scheme. Nevertheless, a noteworthy point is that the bidirectional design
demonstrates overall superiority to the unidirectional one in both the number of learnable
patterns and the recall accuracy. To address the accuracy degradation that arises when
scaling the array, we plan to introduce peripheral assist circuitry. In conclusion, this paper
first demonstrates that the bidirectional architecture yields more learnable patterns than the
unidirectional architecture. It then implements the scheme using simple digital gates and
verifies its practical operability. Finally, we show that by applying an SNN, pattern recall
after learning is achievable without complex data-converter circuitry. In summary, the key
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contribution of this work is the simulation-based validation that the proposed architecture
simultaneously achieves simplicity of implementation and functional feasibility.

4. Conclusions
In this study, a bidirectional pattern-associative learning system was proposed and

implemented using a 4 × 6 PE array with Verilog-A synapse model, a 1 × 6 neuron array
and priority detector with six pairs of input patterns, each comprising a 4-bit conditioned
input and a 6-bit unconditioned input. Validation through Python-based simulations
and Cadence-based demonstrated that the bidirectional structure enhanced the recall
capacity after learning and enabled stable operation even under biologically plausible
conditions, such as partial synapse loss and noisy initial states. The proposed system
offers several key advantages. First, it can be realized entirely with basic logic gates
(e.g., AND, XOR), eliminating the need for complex circuits or excessive power and area
circuit. Second, its simple processing elements (PEs) support both synaptic update and read
operations closely reflecting the mechanisms of emerging neuromorphic synaptic devices.
Third, the incorporation of a priority detector enables the reliable conversion of analog
spike activity into digital patterns, thereby facilitating robust evaluation of associative
learning outcomes. Collectively, these characteristics emphasize the efficiency, simplicity,
and scalability inherent in the proposed design. In conclusion, this study presented a
stable and scalable pattern-associative learning system based on simple circuit elements
and a bidirectional learning architecture. In future work, the proposed structure can be
further enhanced in terms of generality and practicality by extending it to larger arrays,
incorporating neuromorphic device-level variations, and validating robustness under
diverse input pattern environments, finally enabling associative learning in conjunction
with neuromorphic synaptic devices.
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