
© 2024 Terra Science and Education	 1	

Optimization of Neuromorphic Learning Rate Using Neural 
Network Simulation      

Lauren Dahye Park        
Korean Minjok Leadership Academy, 800 Bongwha-ro, Hoengseong-gun, Gangwon-do 25268, Republic of Korea; lauren.dahye@gmail.com   

ABSTRACT: Neuromorphic computers optimized to utilize artificial intelligence are currently receiving much attention. In 
this study, neural network circuit simulations are performed by varying the nonlinearity and learning rate to understand better 
the characteristics of the individual and parallel-connected synaptic devices. The simulation results show that pattern recognition 
accuracy tends to decrease with increasing nonlinearity, while the accuracy is achieved more gradually when the learning rate is 
reduced. By comparing the simulation results with actual experimental results, I find an ideal learning rate and investigate how to 
optimize neuromorphic computers. These findings will help design new neuromorphic computers to determine the appropriate 
learning rate.  
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�   Introduction
The human brain can store massive amounts of information 

and efficiently process complex ideas. It also uses little ener-
gy and generates nearly no heat.1 For these advantages, efforts 
to create special computers that think and learn like humans 
are advancing rapidly.2,3 In particular, neuromorphic comput-
ers, which resemble the human brain, have recently received 
much attention as hardware optimized for artificial intelligence 
(AI).4-9

Current computers are composed of a central processing 
unit (CPU) that performs arithmetic and logic operations and 
a memory element that manages memory. Both of these are 
connected in series, as proposed by von Neumann. The sepa-
ration of processing and memory increases computation speed 
but consumes much energy and generates heat. This paradigm 
raises one question: What should AI hardware look like today? 
This question prompted the development of neuromorphic 
computers.2,3

Furthermore, the human brain differs significantly from 
modern computers. In most circumstances, the human brain 
does not perform arithmetic operations but searches for large 
amounts of data or memories stored in the brain.1 As a result, 
hardware capable of processing enormous amounts of big data 
becomes inefficient when used in a computational method de-
signed for current tasks. People need new types of computers 
that look for solutions in vast data memory, such as the human 
brain and neuromorphic computers.

Biological synapses are necessary for transmitting nervous 
impulses from one neuron to another in the human brain.10,11 

Neurons specialize in transmitting signals to specific target 
cells, and synapses are how they accomplish this. The pre-syn-
aptic neuron comes into close contact with the post-synaptic 
cell at a synapse and carries out the signaling process (Figure 
1A). Synaptic weight is the strength or amplitude of a connec-
tion between two nodes.

On the other hand, a synaptic device, the smallest units that 
comprise a neuromorphic computer, is essentially a memory 
device for storing information. However, unlike a digital mem-
ory device that stores data in ‘0’ and ‘1’, it is an analog memory 
device that stores data in various values.12 When two voltage 
pulses are applied to a synaptic device, it does not simply show 
two current pulses; it remembers earlier steps, so the second 
current pulse is added to the first and becomes larger. This 
weighting is a learning process (Figure 1B). The same phe-
nomenon occurs at biological synapses. In contrast, a transistor, 
a representative electrical device, only computes and does not 
remember; therefore, it cannot perform the learning process 
(Figure 1C).
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Figure 1: (A) Signal transmission in a biological neuron between pre-synapse 
and post-synapse; (B) Current behavior in a synaptic device in response to 
two voltage pulses; (C) Current behavior in a transistor in response to two 
voltage pulses.
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In this study, I explore the characteristics of synaptic de-
vices and perform neural network simulations based on the 
characteristics of a single synaptic device. In the simulations, I 
systematically change the ‘nonlinearity’, which represents spe-
cific properties of individual synaptic devices, and the ‘learning 
rate’, which determines the degree of correction for error val-
ues, and then tabulate the simulation results. Furthermore, the 
simulation results are applied to a real-world experimental case 
to determine the optimum learning rate. This will help us bet-
ter understand how to optimize neuromorphic computers in 
the future.

�   Methods
When an external voltage pulse is applied continuously 

(multiple stimuli) in a single synaptic device, the post-synap-
tic current flowing through the synaptic device continues to 
increase (Figure 2A; red line). This memory process can be 
erased using a negative voltage pulse (Figure 2A; blue line). 
The linearity of the red and blue lines reflects the quality of a 
single synaptic device. The parameter ‘nonlinearity’ is defined 
as how much it deviates from the linear characteristic.

By connecting these synaptic devices in parallel, one can 
build a neuromorphic computer that learns to recognize au-
thentic images. The ‘learning rate’, or the rate at which errors 
are subtracted from the expected output, can control the accu-
racy and speed at which this is learned.2,3 The algorithm can 
be optimized to find the optimal global minimum by adjusting 
the learning rate (Figure 2B, left).

A high learning rate will quickly identify where the loss 
function’s change rate is zero, but it is more likely to locate a 
local minimum, which is not the ideal answer. On the other 
hand, a low learning rate will look closely at the rate of change 
of the loss function; while it is more likely to find the point 
where the rate of change is zero, it is also more likely to see 

the global minimum, which is the genuine optimal solution 
(Figure 2B, right).

These two parameters, nonlinearity and learning rate, affect 
the accuracy, which is how well a simulation of handwritten 
digit recognition matches the actual digits. In the simulation, 
a parallel synaptic device learns approximately 3800 images of 
the digits 0 through 9 at 8 x 8 pixels. It delivers a probability of 
how accurately it can recognize the digits when presented with 
around 1700 new images of the digits.

To run a simulation, I used nonlinearity and learning rate as 
input parameters and examined how much accuracy changed. 
The simulations were carried out using the open-source code 
CrossSim.13-16 CrossSim consists of a long and complex code, 
and I updated the code that determines nonlinearity and 
learning rate, among other parameters.

First, I ran simulations with four different nonlinearity 
values (0.0, 0.5, 1.0, and 2.0) to represent the properties of a 
single synaptic device and three different learning rates (0.1, 
0.5, and 0.9). Here, nonlinearity means that the closer to 0, the 
more linear the single synaptic device is, and the larger the val-
ue, the more nonlinear it is. The learning rate implies that the 
lower the learning rate, the greater the recognition accuracy 
after several learning rounds, whereas the higher the learning 
rate, the lower the recognition accuracy.

In particular, the lower the nonlinearity of the device, the 
more linear the change in current weight and the more con-
stant the rate of change. Therefore, it will reach a higher 
recognition rate with a shorter learning period more efficiently, 
even if a high learning rate is used.

In this study, systematic simulations were performed to 
determine the optimal learning rate by only changing the 
nonlinearity while keeping all other parameters constant. The 
number of learning processes, or epoch number, was set to a 
reasonably large value, 40.

�   Result and Discussion 
1. Simulation results:
Figure 3 shows simulation results when the nonlinearity and 

learning rate are varied. In each of the 12 graphs, the learning 
rate increases as one moves to the right, and the nonlinearity 
rises as one moves down.

The x-axis is the epoch number, and the y-axis is the ac-
curacy. These graphs show the accuracy achieved in a few 
training processes while recognizing handwritten digits in an 
8 x 8 array. The epoch number denotes the number of training 
processes, and the accuracy denotes the recognition accuracy.

For example, in the three graphs in the first row, the non-
linearity is fixed at the smallest value of 0.0. This is based on 
the assumption that a single synaptic device behaves linear-
ly. The final accuracy values as a function of learning rate are 
95.725%, 96.939%, and 95.993% due to the excellent device 
characteristics. These results are above 95%, and it isn’t easy to 
notice a substantial difference. However, the number of epochs 
required to achieve the final accuracy varies. When the learn-
ing rate is 0.1, the final accuracy is reached relatively slowly 
and gradually; however, when the learning rate is 0.5, the final 
accuracy is reached quickly at a smaller epoch number. This 
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Figure 2: (A) Linear features of increasing (red line) and decreasing (blue 
line) post-synaptic current in a single synaptic device; (B) Schematics of 
the learning process of a neural network circuit based on synaptic devices 
connected in parallel. Procedure for determining the global minimum (left), 
local minima, and global minimum (right).
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trend is considerably more apparent for a learning rate of 0.9, 
as the final accuracy is obtained immediately at a smaller ep-
och number. Thus, the final accuracy is rapidly obtained at a 
smaller epoch when the learning rate increases.

A different trend is shown for nonlinearity values above 0.0. 
Suppose the learning rate is changed to 0.1, 0.5, and 0.9 when 
the nonlinearity is 0.5. In that case, the final accuracy decreases 
slightly as the learning rate increases to 94.658%, 93.656%, 
and 92.376%, but not significantly. The nonlinearity of 0.5 
reaches the final accuracy faster than the nonlinearity of 0.0.

When nonlinearity becomes 1.0, the final accuracies are 
93.100%, 90.874%, and 88.759% for learning rates of 0.1, 0.5, 
and 0.9, respectively, much lower than when nonlinearity is 
0.5.

When the nonlinearity is increased to 2.0, the accuracy de-
creases as the learning rate increases. When the learning rate 
is increased to 0.1, 0.5, and 0.9, the final accuracy decreases 
significantly to 89.093%, 79.355%, and 63.606%, respective-
ly. Nonlinearity 2.0 means that the characteristics of single 
synaptic devices could be better. When these devices are con-
nected to perform neuromorphic computations, a slight 
change in the learning rate can cause a significant difference in 
image recognition accuracy. When the characteristics of a sin-
gle synaptic device are poor, the learning rate must be reduced. 
However, this takes a long time, and the accuracy is increased 
by examining all local minima and obtaining the correct global 
minimum. In other words, to recognize accurate images quick-
ly, a single synaptic device with strong linearity is required.

2. Analysis of simulation results:
I examine a few cases from the overall calculation results. If 

I zoom in on the calculation results when the learning rate is 
0.5, and the nonlinearity increases, I can see that the overall ac-
curacy decreases significantly (Figure 4). It is noted that when 
the performance of individual synaptic devices decreases, the 
pattern recognition algorithm cannot improve the accuracy 
beyond a specific value, even with a low learning rate.

Suppose the accuracy is calculated with an increasing learn-
ing rate when the nonlinearity is 0.5. In that case, the final 
accuracy is not significantly different, but as the learning rate 
increases, the final accuracy is reached faster at a smaller ep-
och number (Figure 5). Once the performance of individual 
synaptic devices has been determined, it becomes important 
to decide how efficient the pattern recognition learning rate 
is. Because it is only sometimes necessary to learn at a low 
learning rate, selecting a relatively high learning rate becomes 
more important.

Table 1 describes all of these findings and displays the be-
haviors in nonlinearity and learning rate. Furthermore, once 
the nonlinearity of individual synaptic devices is identified, the 
ideal learning rate can be found quickly.

Figure 3: (A)-(L) Simulation results of accuracy as a function of epoch 
number, with varying nonlinearity and learning rate. In each graph, the 
learning rate increases to the right, whereas nonlinearity increases to the 
downward.

Figure 5: Simulation results of accuracy for the nonlinearity of 0.5, with 
varying learning rates of (A) 0.1, (B) 0.5, and (C) 0.9.

Figure 4: Simulation results of accuracy for the learning rate of 0.5, with 
varying nonlinearity of (A) 0.0, (B) 0.5, (C) 1.0, and (D) 2.0.
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Table 1 shows that when the nonlinearity is 0.5, there is no 
significant difference in accuracy between learning rates of 0.1 
and 0.5. Figure 5A-B, on the other hand, illustrates that the 
number of epochs required to achieve the final accuracy is sub-
stantially smaller.

Therefore, in this study, we simulated the accuracy when the 
learning rate is 0.5 and the nonlinearity is 0.37 (Figure 7). This 
result was compared to that shown in Ref. 20. Our simulated 
accuracy is 94.1%, almost similar to the value of 94.7% in pre-
vious work.6 The maximum accuracy value can be attained at a 
smaller epoch number.

In the opposite case, accuracy was also simulated with a 
learning rate of 0.9 to examine whether it decreased signifi-
cantly, as shown in Table 1 (Figure 8, red). As a result, the 
maximum accuracy was reached quickly, but the value was re-
duced to 92.9%.

Overall, I found that a learning rate of 0.5 is optimal when 
constructing parallel circuits with light-activated synaptic de-
vices. The results of this study will be useful in determining the 
ideal learning rate in a parallel neural network circuit based on 
a single synaptic device with a specified nonlinearity.

�   Conclusion 
I performed neural network circuit simulations with differ-

ent nonlinearity and learning rates to better understand the 

3. Comparison with experimental results:
Humans process more than 70% of their information vi-

sually. On the other hand, traditional synaptic devices use 
electricity as an input and must be coupled to a CMOS camera 
to process visual information. Light-powered synaptic devices 
are significantly more efficient than electricity-powered ones 
because they can automatically compute and store visual infor-
mation, bypassing the intermediate step.17-19

Recently, a new photonic device that utilizes light to erase 
information was introduced based on a silicon nanowire with 
nanopores.20 Current increases when a voltage is applied to the 
device to create a path for current flow, and current decreases 
when light blocks the path. The first process mimics the cre-
ation of memory, whereas the second mimics the erasure of 
memory.

In particular, this work showed the simulation results of 
recognizing handwritten digits using the current weighting 
of the light-actuated synaptic device (Figure 6). The numeric 
case indicates the simulation result of the virtual ideal de-
vice, which shows an accuracy of 95.5% with a learning rate 
of 0.1. The photonic device had a nonlinearity of 0.37, and 
the learning rate was simulated as 0.1. As a result, an accuracy 
of approximately 94.7% was achieved, nearly identical to the 
ideal condition.

However, based on our calculations in Table 1, the nonlin-
earity of the photonic synaptic device, 0.37, is relatively low. 
Therefore, the paper of ref. 20 utilized a number too low for 
the learning rate, 0.1. By optimizing the learning rate, it is 
possible to attain comparable levels of accuracy through rapid 
training.
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Figure 6: Simulated backpropagation training accuracies for 8×8 pixels 
handwritten digit images. The ideal numeric (black) and photonic processes 
(red) graphs are plotted as a function of the training epoch and adapted from 
ref. 20, copyright, 2023.

Figure 7: The simulation accuracy result for the learning rate was 0.5, and 
the nonlinearity was 0.37.

Figure 8: Simulation results of accuracy for the learning rates of 0.5 (black) 
and 0.9 (red). Nonlinearity is fixed at 0.37. The maximum accuracy values are 
94.1% (black) and 92.9 % (red).

Table 1: Simulation results of accuracy for the nonlinearity of (0.0, 0.5, 1.0, 
and 2.0) and learning rate of (0.1, 0.5, and 0.9).
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characteristics of the individual and parallel-connected syn-
aptic devices. The simulation results show that final accuracy 
decreases as nonlinearity increases, whereas final accuracy is 
gradually achieved when the learning rate is reduced.

A lower nonlinearity and learning rate would be desirable, 
but computation time would be too slow if the learning rate 
were too low. Since the nonlinearity of a single synaptic device 
is already determined in many circumstances, it is crucial to 
select a reasonable learning rate. To this end, I created a table 
summarizing image recognition accuracy with various nonlin-
earity and learning rates.

For example, when the learning rate is set at 0.5, and the 
nonlinearity increases, the accuracy decreases dramatically. 
When the performance of individual synaptic devices degrades 
with increasing nonlinearity, even with a modest learning rate, 
the pattern recognition algorithm cannot improve accuracy 
beyond a certain point. Furthermore, when the nonlinearity is 
adjusted to 0.5, and the learning rate is increased, the final ac-
curacy is not much different, but it is attained faster at a lower 
epoch number. Once the performance of individual synaptic 
devices has been assessed, it is necessary to determine how ef-
ficient the learning rate is for pattern recognition.

In particular, the simulation results were utilized to evaluate 
the best learning rate for recently developed light-activated 
synaptic devices.20 By comparing these simulation results to 
actual experimental data, I can determine the optimal learning 
rate and investigate how to optimize neuromorphic computers.

Therefore, these findings will help design new neuromor-
phic computers with appropriate learning rates when all other 
features of a single synaptic device remain fixed.
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