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ARTICLE INFO ABSTRACT 

Received:  03/01/2025 The implementation of artificial intelligence models on edge devices is 

increasingly popular, bringing many values in reducing latency, effectively 

utilizing bandwidth, improving data security, enhancing privacy and 

reducing costs for users. However, this work poses many challenges in 

terms of accuracy, processing speed, hardware resources and model size 

for devices constrained by limited hardware. Binary Neural Network 

(BNN) is proposed as a potential solution to reduce resource requirements 

by using only 1 bit for quantizing. In this study, BNN network is optimized 

by binary quantizing both weights and activation functions with XNOR-

popcout multiplication to optimize BNN network. The results show that 

BNN network model is lighter in memory footprint when deployed on 

hardware with limited computational resources, less computational time 

than conventional BNN network which helps the model execute faster as 

the network architecture becomes less complex, with acceptable accuracy 

on two datasets MNIST and Fashion MNIST. The proposed BNN model 

resul can be deployed on edge devices for IoT applications. 
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1. Introduction 

Artificial Intelligence (AI) is a field within computer science. AI systems are based on the idea of 

human intelligence and are programmed to mimic human learning and problem-solving abilities. Deep 

Neural Networks (DNNs) are increasingly achieving significant breakthroughs in various areas of life. 

However, most deep neural networks today use 32 bits to encode each weight and activation, which 

makes the size of the network model larger, slower, and more power-consuming [1]. This is because 

neural network models are becoming increasingly complex and require increasingly large amounts of 

computational resources in the era of rapid technological development [1], [2]. This poses a great 

challenge for computer systems, especially in applications that require fast and efficient computation. 

Current deep learning neural networks often use 32 bits, 16 bits or 8 bits to encode each weight and 

activation function [2], [3], making the network model larger, slower and more energy consuming. This 

makes developing applications for resource-limited hardware more complicated, requiring more 

optimization techniques [4], [5]. 

One promising network model that is of interest is the Ternary Neural Network (TNN). However, 

TNNs face several problems during training and deployment. First, training TNNs can be difficult 

because optimization in the discrete weight space can be more complex than in real-time networks. 

Second, using only three states (-1, 0, 1) to represent weights and activations can lead to information 

loss, reducing the accuracy of the network [6]. Finally, although TNNs are more memory-efficient than 

real-time networks, they still require a moderate number of computational resources, especially when 

deployed on devices with limited computational resources such as embedded devices. 

Binary Neural Networks (BNNs) have been proposed as a potential solution to reduce resource 

requirements, by quantizing weights to binary values and replacing complex real-world operations with 
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simple binary operations [7], [8]. BNNs encode weights and activations with just 1 bit, which 

significantly reduces the required memory space and improves processing speed [9], [10]. This is 

especially useful in applications that require high performance but are limited by hardware resources, 

such as mobile devices, embedded devices, and IoT systems. 

However, optimizing and applying BNNs effectively is still a problem that needs further research 

and development. The tools supporting BNN development are still in the process of being perfected, 

including specialized optimizers, training metrics, and performance analysis tools. This development 

not only opens up new opportunities for researchers in the field of efficient deep learning, but also 

enables experts to exploit the potential of BNNs in practical applications. 

To address these limitations, the research proposes a solution to build and train neural networks with 

quantized weights and activation functions to 1 bit. This is not only a solution for a lighter neural network 

when deployed on hardware with limited computational resources but also helps the model execute 

faster as the network architecture becomes less complex. The implementation of BNN models not only 

reduces memory footprint but also improves processing speed and saves energy, opening up new 

opportunities for applications in resource-constrained environments. With this potential, BNNs promise 

to contribute to the development of artificial intelligence in diverse and rich fields. 

2. Methodology 

2.1. Artificial Neural network (ANN) 

ANNs are composed of basic computational units, called neurons, arranged and interconnected in a 

multilayer network structure. Each neuron in the network receives input signals from other neurons and 

then performs processing through a characteristic activation function. The results of this process are then 

passed on to neurons in the next layers of the network. This network structure allows ANNs to learn and 

adapt from data by adjusting the connection weights between neurons [11], [12]. Neurons receive inputs, 

xi, from other neurons or from input data, each input is multiplied by a corresponding weight. These 

weights, 𝑤𝑖 are parameters learned during the training of the network, reflecting the degree of connection 

between neurons. In addition, each neuron has a bias value, which is a fixed parameter. Mathematically, 

the output of the above neuron is represented as follows: 

𝑜 = 𝑓(∑ 𝑤𝑖𝑥𝑖 +  bias𝑛
𝑖=1 ) (1) 

Training a neural network is a complex and important process, in which the weights 𝑤𝑖 and bias are 

adjusted during the learning process. The most common method for adjusting these parameters is the 

backpropagation algorithm. This algorithm works by calculating the gradient of the loss function with 

respect to the weights wi and bias, and then adjusting them in a way that reduces the error between the 

predicted value and the actual value. Thanks to its ability to learn and adapt from data, ANNs have 

become a powerful tool and are widely used in many different fields. In image processing, ANNs are 

used to detect and classify objects, improve image quality, and perform tasks such as face recognition. 

In speech recognition, ANNs help convert audio to text, distinguish between different voices, and even 

perform automatic translation. In data prediction, ANNs are applied to predict market trends, diagnose 

diseases, and forecast weather [13], [14]. 

2.2. Quantizing weights and activation functions 

Quantizing weights and activation functions is the process of reducing the amount of memory stored 

for each weight (float32) to smaller data types such as 16-bit, 8-bit, 4-bit, 2-bit and 1-bit, in order to 

reduce the memory footprint and computational complexity of the neural network. In a neural network, 

weights and activations are the main parameters stored in memory. Typically, these values are 

represented as 32-bit floating-point numbers (float32) to ensure high precision, but this results in a large 

memory footprint. For example, the ResNet-50 architecture with approximately 26 million weights 

would require 168 MB of memory if using 32-bit values [15]. 

Quantization reduces the precision of these parameters by converting from 32-bit values to lower-

precision values, such as 8-bit. This process not only reduces the model size but also improves network 

mailto:jte@hcmute.edu.vn


 

 

ISSN: 2615-9740 

JOURNAL OF TECHNICAL EDUCATION SCIENCE 
Ho Chi Minh City University of Technology and Engineering 

Website: https://jte.edu.vn 
Email: jte@hcmute.edu.vn 

 

 

JTE, Volume 21, Issue 01, 02/2026 14 
 

latency and energy consumption. Integer operations require less computational resources than floating-

point operations, resulting in improved processing speed and energy savings. 

There are two main quantization methods: post-training quantization and training-while-training 

quantization. Post-training quantization is a technique in which the neural network is trained entirely 

with real number computations and then quantized. Meanwhile, training-while-training quantization 

performs quantization during the training process, which helps to reduce quantization errors and 

maintain higher accuracy [7], [8]. 

2.3. Sign function 

Basically, to implement binary connections in artificial neural networks, while training the neural 

network, the weights and/or activation functions are quantized to 1-bit states (0 and 1 or -1 and 1). In 

most cases, they are usually quantized to -1 and 1. The sign function commonly used for quantization is 

as follows: 

𝑥𝑏 = 𝑠𝑖𝑔𝑛(𝑥) = {
+1, 𝑥 ≥ 0   
−1, 𝑂𝑡ℎ𝑒𝑟𝑠

 
(2) 

This approach is to quantize the weights and activation functions to a predetermined threshold 

(usually 0). Because the backpropagation process through the sign function requires calculating the 

gradient for the sign function. However, most of the derivatives of the sign function are usually zero or 

undefined, so it is impossible to backpropagate through the derivative of the sign because the values of 

the weights and biases of the model will not be updated, leading to the model not being learned. To 

solve that problem, the method used is STE (Straight-Through Estimator) [16]. This method is used to 

approximate the derivative of a function. It can be seen that when applying the STE method, the 

derivative of the sign has a value of 1 in the range from -1 to 1. Then, when updating the weights, the 

gradient of the sign will update the weights and biases in the range from -1 to 1 [16]. 

2.4. Optimizing Operations with XNOR-Popcount 
Table 1. XNOR-Popcount operation 

Inputs Weights Outputs 

0 (-1) 0 (-1) 1 (+1) 

0 (-1) 1 (+1) 0 (-1) 

1 (+1) 0 (-1) 0 (-1) 

1 (+1) 1 (+1) 1 (+1) 

In order to replace and optimize matrix operations such as multiplication and addition in traditional 

32-bit neural networks, the proposed XNOR-popcount will optimize the computation time by up to 58 

times [17]. The operation of XNOR is shown in Table 1. XNOR-Popcount has great potential to replace 

traditional matrix multiplication, saving memory and reducing execution time. Figure 1 presents a 

matrix multiplication replaced by XNOR-Popcount. As seen in the Figure 1, XNOR-Popcount is 

implemented through an XNOR operation for 4 bits, then the result is calculated using the Popcount 

operation. 

 

  (a) 

 

     (b) 

Figure 1. A matrix multiplication replaced by XNOR-Popcount.  

(a) normal multiplication (b) XNOR popcount multiplication. 
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3. Binary neural network (BNN) 

Binary neural networks are a special form of neural networks that use binary values (-1 and 1) for 

both weights and/or activations. This significantly reduces computation and memory requirements 

compared to networks that use floating-point values, making BNNs suitable for resource-constrained 

devices and applications and real-time applications [18], [19]. 

The architecture of BNNs is similar to that of traditional neural networks, with the main difference 

being in the representation of weights and activations. Weights in BNNs are binarized, which reduces 

storage requirements and increases the efficiency of matrix multiplications. For example, a floating-

point weight matrix might be represented as {-0.5, 0.8, -1.2}, while a binary weight matrix would be    

{-1, 1, -1}. The activations in BNNs are also binarized, which simplifies the calculations in the network. 

Instead of floating point values, binary activations will only have the value 1. Binarization typically uses 

sign functions for the weights and for the activation functions. In backpropagation, the derivatives are 

calculated relative to the actual values of the weights, while in forward propagation binary values are 

used. 

To train binary neural networks, special techniques such as STE and Batch Normalization have been 

developed to address the challenges of binary quantization [16]. STE approximates the derivative during 

backpropagation, allowing binary weights to be trained by bypassing the problem of the unknown 

derivative of the sign function. Batch normalization improves the stability and performance of BNNs 

by normalizing the input to each layer, minimizing the impact of quantization, and accelerating 

convergence.  

To train a BNN model, we cannot use conventional methods because the model loss will be very 

high, leading to difficulty in convergence and greatly reducing the accuracy. The method commonly 

used to train BNN is backpropagation through STE. This method is presented through the Algorithm 1 

described below: 

Algorithm 1: Updating weights for Binary Neural Network 

1: Input: Training dataset D(x, y), Learning rate 𝜂, Number of iteration epochs, Number of layer L, Number 

of sample S 

2: Initiating weights W randomly  

3: for i=1 to epochs do: 

4:   for (x, y) ∈ D do: 

5:    for i=1 to L do: 

6:     𝑥𝑏𝑖  = 𝑠𝑖𝑔𝑛 (𝑥𝑖), 𝑊𝑏𝑖
= 𝑠𝑖𝑔𝑛 (𝑊𝑖) 

7:     𝑧𝑖 = 𝑥𝑏𝑖
∙𝑊𝑏𝑖

 

8:     𝑎𝑖  = 𝑓 (𝑧𝑖) 

9:    end for 

10:   #Update weights 

11:   for j = L to 1 do: 

12:    if j = L do: 

13:     loss = 
1

𝑁
∑ ∑ (𝑎𝑗𝑘𝑞

−𝑆
𝑞=1

𝑁
𝑘=1 𝑦𝑗𝑘𝑞

)2 

14:     
∂l𝑜𝑠𝑠

∂𝑊𝑗
=

∂loss

∂𝑎𝑗

∂𝑎𝑗

∂𝑧𝑗

∂𝑧𝑗

∂𝑊𝑗
=

2

𝑁
∑ (𝑎𝑗𝑘

− 𝑦
𝑗𝑘

) ∗ 𝑎𝑗−1
𝑁
𝑘=1  

15:     Let δ𝑗 = 
∂loss

∂𝑧𝑗
 

16:      ∆W𝑏𝑗
=  η

∂loss

∂𝑊𝑗
 

16:     W𝑏𝑗 = 𝑠𝑖𝑔𝑛 (W𝑏𝑗 - ∆W𝑏𝑗
) 

17:    else do: 
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18:     δ𝑗 =  ∑ δ𝑗+1𝐾
𝑊𝐾,𝑗

𝐾
𝐾=1   

19:     
∂l𝑜𝑠𝑠

∂𝑊𝑗
 = δ𝑗 ∗  𝑎𝑗−1  

20:     ∆W𝑏𝑗
=  η

∂loss

∂𝑊𝑗
 

21:     W𝑏𝑗 = 𝑠𝑖𝑔𝑛 (W𝑏𝑗 - ∆W𝑏𝑗
) 

22:    end if 

23:    end for 

24:  end for 

25: end for 

The Algorithm 1 shows that quantizes all weights and inputs during training. The output is also 

quantized to 2 values +1 and -1. The algorithm 1 is designed to train a BNN using a STE for handling 

non-differentiable operations, specifically the sign function. Initially, the weights of the network are 

randomly initialized. The training proceeds over multiple epochs, with each epoch iterating over the 

dataset. In each iteration, both the inputs and the weights are binarized using the sign function, 

converting continuous values into binary ±1 values. A forward pass is then performed to compute the 

network’s output. The mean squared error (MSE) loss is calculated by comparing the predicted output 

with the true labels. During the backward pass, the gradient of the loss with respect to the output is 

computed, and backpropagation is applied to update the weights. However, since the sign function is 

non-differentiable, the STE approximates the gradient by treating the sign function as an identity 

function for the purpose of backpropagation, allowing the gradients to propagate through the binary 

weights. Finally, the updated weights are re-binarized using the sign function to maintain the binary 

constraint, and the process continues until the network is trained over the specified number of epochs. 

This approach enables the efficient training of binary neural networks, suitable for resource-constrained 

environments. 

The Algorithm 2 outlines a process for efficiently implementing BNN using compressed binary 

representations for both input data and model weights. First, the test dataset, with inputs and weights 

quantized to ±1, is compressed by packing these binary values into 32-bit unsigned integer vectors, using 

the sign function and bit-shifting to map each input and weight to a distinct bit position. The binary 

weight vectors are then similarly compressed for efficient storage and computation. During inference, 

the model performs a bitwise XNOR operation between the compressed input and weight vectors to 

compute their similarity, followed by a popcount operation to count the number of matching bits. The 

final output is derived from the popcount, scaled and adjusted to produce the model's prediction. This 

approach significantly reduces memory usage and computation time, making it ideal for resource-

constrained environments, particularly in hardware implementations of binary neural networks. 

When executing the model using XNOR-Popcount presented in Algorithm 2 with all binary values 

of 0 and 1, the model executes quickly, but in return the accuracy is not as high as desired. When 

executing the network, the bit compression technique will be applied as shown in the Algorithm 2: 

Algorithm 2: Running BNN based on XNOR Popcount 

1:Require: unsigned int 32 vectors V, test dataset D(x, y) has been quantized to +1 or -1, trained weights Wb , 

number of layers L. 

2: Data compression: 

3: for i=1 to len(x)/32 do: 

4: for j=1 to 32 do: 

5: 𝑉𝑖𝑥
= 𝑉𝑖𝑥 | 𝑠𝑔𝑛(𝑥j) ≪ 𝑗 

6: end for 

7: end for 

mailto:jte@hcmute.edu.vn


 

 

ISSN: 2615-9740 

JOURNAL OF TECHNICAL EDUCATION SCIENCE 
Ho Chi Minh City University of Technology and Engineering 

Website: https://jte.edu.vn 
Email: jte@hcmute.edu.vn 

 

 

JTE, Volume 21, Issue 01, 02/2026 17 
 

8: Weight compression: 

9: for i=1 to len(𝑊b)/32 do: 

10: for j=1 to 32 do: 

11: 𝑉𝑖𝑊
= 𝑉𝑖𝑊  |s𝑔𝑛(𝑊𝑏𝑗

) ≪ 𝑗 

12: end for 

13: end for 

14: Implementing model: 

15: for i=1 to len(y) do: 

16:   for j=1 to L do: 

16:    𝑧𝑗 = 𝑋𝑁𝑂𝑅(𝑉𝑥, 𝑉𝑤) 

17:    𝑜𝑗 = 2 ∗ Popcount(𝑧𝑗) − 𝑙𝑒𝑛(𝑧𝑗) 

18:   end for 

19: end for 

Where the sgn (x) function is defined by: 

𝑠𝑔𝑛(𝑥) = 𝑓(𝑥) = {
1, 𝑥 ≥ 0 
0, 𝑂𝑡ℎ𝑒𝑟𝑠

 (3) 

Algorithm 2 above defines a simple bit compression function, in which the binary values +1 and -1 

are converted to two bits 0 and 1 and compressed into unit32 vectors. Then, they are calculated and 

executed via the XNOR-Popcount operation. This not only reduces the network size by approximately 

32 times, but also makes the network execution faster by replacing multiplication and addition with 

XNOR-Popcount. 

4. Experimental results  

The network model is trained with the following hardware: CPU: Intel® Core™ i5 1035-G1CPU @ 

1.00GHz. Memory: 12GB of RAM. GPU: Intel® UHD Graphics. Back to the network model, it is 

trained with 100 epochs, learning rate is 0.1 and batchsize is 200. The network model uses 1 hidden 

layer with 512 neurons to train and evaluate the feed-forward binary network, 1 input layer with 784 

neurons, 1 output layer with 10 neurons. 

 
(a) 

 
(b) 

 
(c) 

Figure 2. (a) 32-bit model Architecture of a 1-hidden-layer network with 512 neurons. (b) BNN based on Binary 

Connect which only weights are quantized to 1 bit. (c)BNN based on XNOR Popout which both weights and 

activations are quantized to 1 bit. 
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Figure 2(a) shows the 32-bit mode architecture using fully connected layer, sigmoid and softmax  

activation which the values are presented in 32 bit floating point. The sigmoid and softmax activation 

are mentioned in above section 2.1 and 2.2. Figure 2(b) shows a binary neural network that only has 

weights quantized to two values +1 and -1. Thus,  the network size is reduced by 32 times, but the 

execution time is only reduced by a fraction or remains unchanged because it still uses addition and 

multiplication operations like a traditional neural network.   

Case study 1: Applying BNN to MNIST dataset 

The MNIST dataset is one of the most popular datasets in the field of machine learning and computer 

vision. It consists of 60,000 labeled training images of size 28x28, containing handwritten characters 

from 0 to 9. The test data consists of 10,000 labeled images of size 28x28. To process the input data and 

train this dataset, the study needs to reshape the image to size 60,000x784, with 784 being the result of 

multiplying 28x28. Therefore, the number of inputs of this dataset will be 784 corresponding to 784 

pixels. The output consists of 10 layers from 0 to 9. Therefore, the number of neurons in the output layer 

is also 10. Here, the threshold for quantizing the pixels is chosen to be 127.5 because the pixels have 

values from 0-255. 

Looking at the Figure 3, the model accuracy of the BNN based on XNOR-popcount is no longer as 

smooth as that with 32-bit weights and 32-bit activation function. This happens because the weights are 

immediately quantized after being updated, causing the loss to increase while the accuracy decreases. 

The network model uses those quantized values to continue training. Therefore, it is difficult for the 

network model with binary weights to train smoothly like the 32-bit model did. 

(a) (b) (c)

Figure 3. Training accuracy in MNIST dataset of (a) fully 32-bit connection (b) BNN based on binary 

connection (c) BNN based on XNOR-popcout with threshold=127.5 

Table 2. The accuracy and execution time of the neural models. 

Network model 
# bits of 

weight 

#bits of activation 

function 
Accuracy (%) 

Memory 

footprint (Kb) 

Execution time 

(ms/image) 

BNN based on XNOR-

Popcount (Threshold 

127.5) 

1 1 80.82 51 0.0196 

BNN based on Binary 

connection 
1 32 88.13 51 0.786 

Fully 32-bit connections 32 32 96.55 1587 0.784 

Table 2 compares the performance of three different network models, focusing on their weight and 

activation bit sizes, accuracy, memory footprint, and execution time per image. The BNN based on 

XNOR-Popcount (Threshold 127.5) model uses both 1-bit weights and 1-bit activations, achieving an 

accuracy of 80.82% with a memory footprint of 51 KB and a fast execution time of 0.0196 ms per image. 

This model is highly efficient in terms of memory and speed, but the accuracy is lower compared to the 

other models. The BNN based on Binary connection model, which uses 1-bit weights and 32-bit 

activations, has a higher accuracy of 88.13%, while maintaining a memory footprint of 51 KB. However, 

its execution time per image is significantly higher, at 0.786 ms, due to the larger bit-width for 
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activations. The Fully 32-bit connections model, with both 32-bit weights and activations, achieves the 

highest accuracy of 96.55%, but it requires a much larger memory footprint of 1587 KB and a longer 

execution time of 0.784 ms per image. This demonstrates a trade-off between accuracy, memory usage, 

and execution speed, with the XNOR-Popcount model being the most efficient but less accurate, and 

the fully 32-bit model offering the best accuracy at the cost of higher memory usage and slower 

execution. 

Case study 2: Applying BNN to MNIST Fashion dataset 

Introduced in 2017, Fashion MNIST has quickly become one of the most popular and important 

datasets in the field of machine learning and computer vision. Replacing the classic MNIST dataset, 

Fashion MNIST consists of 70,000 grayscale images of 28x28 pixels, divided into 10 object classes to 

simulate fashion products, including jackets, shoes, bags, and uniforms. The diversity and complexity 

of this dataset requires advanced recognition and classification methods to achieve accurate and reliable 

results. 

Similar to the MNIST dataset, Fashion MNIST has many similarities, so it is also possible to reuse 

the network models designed in Case study 1 for analysis and evaluation. The designed network model 

includes 1 hidden layer with 512 neurons. Accuracy in Figure 4(a) is trained with 32-bits for weights 

and activation functions while Figure 4(b) is trained with 32-bits for activation functions and 1 bits for 

weights. Figure 4(c) and (d) show training accuracy with various thresholds of BNN based on XNOR-

popcount operation.  

  
(a) (b) 

  
(c) (d) 

Figure 4. Training accuracy in Fashion MNIST of (a) fully 32-bit connection (b) BNN based on binary 

connection (c) BNN based on XNOR-popcout with threshold=127.5 (d) BNN based on XNOR-popcout with 

threshold=90. 

Table 3 compares four different network models. The BNN based on XNOR-Popcount (Threshold 

127.5) and BNN based on XNOR-Popcount (Threshold 90) models both use 1-bit weights and 1-bit 

activations, with the threshold value influencing their accuracy. The first model achieves an accuracy of 

67.16%, while the second, with a threshold of 90, achieves a higher accuracy of 70.99%. Both models 

have a very low memory footprint of 51 KB and very fast execution times (around 0.0196–0.0197 ms 

per image). The BNN based on Binary Connection model, which uses 1-bit weights and 32-bit 

activations, achieves a higher accuracy of 82.74%, but the trade-off is an increased execution time of 
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0.784 ms per image, while the memory footprint remains the same at 51 KB. The Fully 32-bit 

connections model, with 32-bit weights and activations, offers the highest accuracy of 86.77% but comes 

at the cost of a significantly larger memory footprint (1587 KB) and a slightly slower execution time 

(0.785 ms per image). This comparison highlights the trade-offs between accuracy, memory usage, and 

execution speed, with the 32-bit model providing the best accuracy but requiring more resources, while 

the XNOR-Popcount models are faster and more memory-efficient but less accurate. 

Table 3. Comparing neural networks at test dataset 

Network model 
# bits of 

weight 

#bits of activation 

function 

Accuracy 

(%) 

Memory 

footprint (Kb) 

Execution time 

(ms/image) 

BNN based on XNOR- 

Popcount (Threshold 127.5) 
1 1 67.16 51 0.0197 

BNN based on XNOR-Popcount 

(Threshold 90) 
1 1 70.99 51 0.0196 

BNN based on Binary 

Connection 
1 32 82.74 51 0.784 

Fully 32-bit connections 32 32 86.77 1587 0.785 

Through experiments on the Fashion MNIST dataset in both Figure 4 and Table 3, it can be seen that 

in addition to calculating gradients and updating weights for the network model, data preprocessing is 

equally important. It can directly affect the accuracy of the network model and max/2 is not always the 

ideal fixed threshold for quantizing the input of a binary neural network. Similar to the analysis for the 

MNIST dataset, it can be seen that the network model using Binary Connection has reduced the storage 

capacity of the network model by about 32 times, but the execution speed is not faster than the traditional 

network model. The BNN model using XNOR-Popcount not only reduces about 32 times when 

comparing the network model capacity, but also reduces about 40 times when comparing the execution 

time. 

5. Conclusion 

This research analyzes neural network models on the MNIST and Fashion MNIST datasets. This 

research conducted a detailed evaluation of the performance and efficiency of each network model, 

focusing on the binary neural network (BNN) model. The models were compared based on a series of 

key criteria including the number of bits for weights, the number of bits for activation, accuracy, memory 

size, and execution time. This process allowed me to collect detailed data and compare the models 

comprehensively. The analysis results showed that the BNN based on XNOR-popcount model not only 

achieved significant accuracy but also optimized memory size and execution time. This is especially 

important in the context of applications that require fast computation and resource savings. In addition, 

the use of low numbers of bits for weights and activation functions in BNN has proven to be highly 

effective in minimizing the model size without significantly reducing the accuracy. This result confirms 

the potential of the BNN model for application in real-world systems where efficiency and fast 

computation are key factors. Taken together, this study has shown that the BNN network model is a 

potential and effective choice for machine learning applications. 

The next direction of this research includes extending and improving BNN models to apply to more 

complex data sets and various real-world problems. This research intends to further improve other 

optimization techniques to enhance the accuracy and performance of BNN. In addition, integrating BNN 

models into embedded devices and IoT systems is also an important direction, in order to maximize the 

resource-saving ability of this model. Future research will also focus on developing deeper learning 

methods and unsupervised learning techniques to improve the automation and efficiency of BNN.  
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