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ABSTRACT  

Ternary neural network with three values of the weight (-1, 0, +1) is an effective solution for 

artificial intelligence applications in edge computing due to their energy efficiency, which is 

achieved through their deployment on memristor crossbars. However, the implementation on a 

memristor crossbar often has problems related to programming energy and defects. Therefore, 

this paper proposes a training method that uses both weight pruning and defect-aware training 

to optimize the number of programming pulses while maintaining a high recognition rate for 

the network. By using this method, at a 20% defect rate and 80% sparsity, the network achieves 

a 95% recognition rate on MNIST and 90% on CIFAR-10, compared to only 73.7% and 60.4% 

without using defect-aware training. At the same sparsity, the number of programming pulses, 

which is indicative of programming energy, is reduced by 49.1% compared to 20% sparsity. 
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1. INTRODUCTION 

Nowadays, neural networks are used in many fields, particularly excelling in natural language 

processing, image recognition, and object classification (Aidi et al., 2025), (Alaa et al., 2024), 

(Mohammed et al., 2022), (Pouyanfar et al., 2018), (Shrestha and Mahmood, 2019). Their 

widespread use in various applications demonstrates the need for more powerful and efficient 

computing systems. Standard computing systems based on CMOS technology used to be able 

to meet these needs (Bohr and Young, 2017). However, CMOS scaling, the process of shrinking 

the dimensions of transistors to increase performance and reduce costs, is becoming 

increasingly difficult due to several physical and engineering limitations. Moreover, the 

drawbacks in the Von Neumann architecture, especially the memory bottleneck that happens 

when data is constantly moving between memory and processing units (Linn et al., 2012), 

(Wright et al., 2013), (Indiveri and Liu, 2015), (Sebastian et al., 2019).  Due to the two blocks 

being separated from each other, the frequent and mass memory access can increase power 

consumption dramatically (Hu et al., 2018). To solve these problems, memristors become a 

promising solution for realizing the neural networks on hardware (Jo et al., 2010). Memristors 

were first introduced in 1971 by Leon Chua and demonstrated how they work in 2008 (Strukov 

et al., 2008). Memristors are non-volatile devices and can change their resistance levels. 

Therefore, memristors can store the differential states (Truong et al., 2016), (Song et al., 2017), 

(Pham et al., 2019).  Memristor crossbars also can be made in a 3D layer that looks like the way 

neurons are arranged in the brain (Adam et al., 2017), (Chakrabarti et al., 2017), (Wang et al., 

2020), (Lin et al., 2020). Besides, the integration of CMOS devices on the same wafer with 

back-end-of-line (BEOL) processes enables the development of compact and expandable 

designs (Sheng et al., 2019), (Graves et al., 2020). Because of these characteristics, memristor 

crossbars are highly effective at speeding up neural network calculations. Specifically, Ternary 

neural network (TNN), with their simplified weight structure of -1, 0, and +1. Compared to 

Binary neural network (BNN), TNN adds a zero-weight state, allowing the network to 

effectively pruning unimportant weights, a key factor in reducing programming energy and 

improving fault tolerance in memristor crossbars (Pham et al. 2018). Meanwhile, quantized 

neural network (QNN) requires high-precision programming, which is difficult under hardware 

fault conditions (Song et al. 2017). In contrast, TNN only require two resistance levels high 

resistance state (HRS) or low resistance state (LRS), thereby saving significant energy. With 

their balanced combination of high accuracy, hardware simplicity, and resilience to defects, 

TNNs is an efficient solution for low-power computing systems (Alemdar et al., 2017).  
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As shown in Fig. 1(a), the TNN structure includes input neurons, hidden neurons, and output 

neurons, all of which are illustrated as circles. Here, the input neurons are denoted as X1, X2,..., 

Xm, the hidden neurons (H1, H2, ..., Hn), and the output neurons (Y1, Y2, ..., Yp). Where m, n 

and p are the number of input neurons, hidden neurons, and output neurons, respectively. W1,1
1  

is the weight that connects input neuron X1 to hidden neuron H1 in the first layer. Wm,n
1  connects 

Xm to Hn. Similarly, W1,1
2  connects hidden neuron H1 to output neuron Y1 in the second layer, 

and Wn,p
2  connects Hn to Yp. Here, the input neurons are multiplied with the weights in the first 

layer and then use an activation function to calculate the values of hidden neurons. Next, the 

values of the output neurons are calculated by multiplying the hidden neurons and the weights 

in the second layer. Finally, compare the values of all the neurons and select the one with the 

highest value. Fig. 1(b) shows the implementation of TNN using the memristor crossbar. In the 

figure, the input neurons X1, X2,..., Xm are voltage inputs that range from 0 to 1V. The weights 

of the TNN are shown by the memristor cells in the crossbar. Each cell can be in a high 

resistance state (HRS) or a low resistance state (LRS), which are shown by open and solid 

circles, respectively. The memristor crossbar is divided into positive and negative crossbars to 

show the three weight values: -1, 0, and +1. A weight of -1 is represented by HRS-LRS pair, 0 

means HRS-HRS pair, and +1 means LRS-HRS pair. The currents of the first column of the 

positive and negative memristor crossbar are denoted as I1+
1 and I1−

1 , respectively. Then the 

current of I1+
1 − I1−

1  is transferred to the activation circuits A1 to obtain the output of the hidden 

  
Fig. 1. (a) The ternary neural network architecture, (b) the realization of the neural 

network using the memristor crossbar. 
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neuron H1. The outputs of H2 to Hn are obtained from activation circuits A2 to A𝑛. After that, 

these outputs are fed into the second memristor crossbar, which shows the weights of the second 

layer. A current-to-voltage circuit C1 is responsible for converting the currents I1+
2 − I1−

2  into 

voltage signals, which provide the value of output neuron Y1. This process is repeated for other 

output neurons.  

In memristor crossbars, programming pulses are the electrical signals applied to modify the 

resistance state of memristor cells, such as switching from HRS to LRS or vice versa. The total 

number of these pulses directly influences the energy required to program the weights. As 

previous work, two programming schemes are proposed to program the value of the memristor 

(HRS or LRS) (Pham et al., 2019). In which, Fig. 2(a) shows a coarse programming scheme, 

which is just needs 3 pulses. This scheme is less accurate but uses less energy. While Fig. 2(b) 

shows a fine programming scheme, which uses 30 pulses to get better accuracy but uses more 

energy. For balancing energy efficiency and accuracy of the memristor value, coarse 

programming is applied for HRS state and fine programming is used for LRS state. This is 

because LRS state has a bigger effect on current flow in the crossbar. So, if the number of HRS 

cell in the crossbar is increased, the number of programming pulses for the crossbar is 

decreased. As shown in Fig. 2(c), the relationship between the sparsity of trainable weights and 

normalized programming pulses is evaluated. At 0% sparsity, it means that all weights are non-

 
Fig. 2. (a) Coarse programming scheme, (b) fine programming scheme, (c) the simulation of 

normalized programming pulses for varying the sparsity of trainable weights. 
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zero (-1 or +1), yielding an HRS:LRS ratio of 50:50 due to the representation of -1 (HRS-LRS) 

and +1 (LRS-HRS). At this point, the highest normalized programming pulse is 100%. When 

the sparsity is 20%, it means that 20% of the weights are 0 (HRS-HRS), which gives an 

HRS:LRS ratio of 60:40, the normalized programming pulses reduce to 83.6%. Similarly, at 

80% sparsity, HRS:LRS ratio is 90:10, the normalized programming pulses is 34.5%. 

Compared to the 20% sparsity, normalized programming pulses of 80% sparsity is lower than 

49.1%. When the sparsity is 100%, it means that all weights are 0, the normalized programming 

pulses is 18.18%. However, in this case, the network is unable to train. From this, increasing 

sparsity of trainable weights in the network, the number of programming pulses is decreased, 

but need to consider the performance of the network.  

One more problem in memristor crossbars is the defects which are caused by fabrication 

processes. These defects, commonly known as stuck-at-faults, occur when cells become 

permanently stuck in either the High Resistance State (HRS) or Low Resistance State (LRS), 

even when programming pulses are applied. For example, the percentages of defective cells are 

10% and 4% for LRS and HRS, respectively. Despite their energy and performance advantages, 

memristor crossbars remain vulnerable to these fabrication-induced reliability issues (Yeo et 

al., 2019). Due to defects, the performance of the network can degrade significantly. To address 

the impact of defective cells, a defect-aware training approach is employed. Unlike redundancy 

or error correction code (ECC) techniques that rely on additional hardware or coding overhead, 

defect-aware training uses a defect map to retrain the network without modifying the hardware. 

In addition, the proposed method combines the defect-aware training with pruning technique to 

remove unimportant weights by setting them to zero. This increases the number of HRS cells, 

which reduces the number of required programming pulses and thus lowers the programming 

energy. Together, these techniques provide a scalable and energy-efficient solution for 

deploying networks on memristor crossbars.  

The remainder of the paper is structured as follows: in section 2, the materials and methods are 

explained in more detail. The result is tested and discussed for MNIST dataset (Modified 

National Institute of Standards and Technology database) and CIFAR-10 dataset (Canadian 

Institute For Advanced Research), shown in section 3 (Deng et al., 2012), (Krizhevsky et al., 

2025). Finally, section 4 is the conclusions.  

2. METHODOLOGY 

2.1. Materials 

Fig. 3 shows the current–voltage behavior of the fabricated memristor and its Verilog-A model, 

measured using a Keithley-4200 system (Truong et al., 2016). In Fig. 3, the HRS/LRS ratio is 
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100, with the black line representing the Verilog-A behavioral model and the red line showing 

the measured data. This model was used for circuit simulations of the memristor-CMOS hybrid 

circuit in this paper. The subfigure displays a cross-sectional view of the memristor, which has 

a film structure consisting of a Pt/laalo3/Nb-doped srtio3 stacked layer and a microscope image 

of the memristor crossbar size 10x10 cells measurement (Jang et al., 2018). 

 

2.2. Pruning Weight and Defect aware training 

Fig. 4(a) shows a 5×5 crossbar array, which is a part of the Ternary neural network. The weights 

(W) can be 0, -1, or +1. Here, W = 0 is denoted as an open circle, W = +1 as a solid square, and 

W = -1 as a solid triangle. Some of the weights in the TNN have defects, which means they are 

stuck at some fixed value (0, -1, or +1) and cannot be changed during programming. Defects 

are shown with red stars on top of the corresponding shapes.  

Fig. 4(b) shows a defect map based on Fig. 4(a), indicating the location and value of defective 

weights.  Squares with red borders show where the weights are defective, which shows what 

kind of defect (stuck at 0, -1, or +1). Open squares without values indicate non-defective or 

trainable weights, which can be changed during programming.  

Fig. 4(c) shows a 5×5 crossbar array that was mapped from Fig. 4(b). The values of the defective 

weights are kept, and they are shown by squares with red borders. In Fig. 4(c), the trainable 

weights have the least impact on error of the network are chosen for pruning and assigned a 

value of 0, as depicted by the open squares with the value 0 inside.  The remaining weights are 

trainable weights that are employed to recover the performance of network by alleviating the 

effects of pruned and defective weights.  

A flowchart describes how to train a TNN using the pruning and defect-aware training method 

as shown in Fig. 5. The first step is to train the TNN without the information of the 

defective weights. The defect map is then determined by direct measurements on the memristor 

crossbars. In the defect map, defect positions and defect types, which can be either 0, -1, or +1. 

The values of defective weights are fixed. Therefore, they cannot be changed during training. 

 
Fig. 3. The current-voltage behavior of the fabricated memristor and its Verilog-A model. 
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Next, for the non-defective weights, they are ranked based on their importance, which is 

evaluated by using the gradient squared sum. This metric shows how much each weight 

contributes to the loss function over time by accumulating the square of gradients across 

training steps. Compared to magnitude-based pruning, which removes weights with small 

absolute values, the gradient-based method provides a more informed decision. Based on this, 

the weights with the lowest importance scores are gradually set to zero until the total sparsity 

reaches the desired target. Then, the accuracy and sparsity are checked. If they meet the specific 

target, finish the process. If they are unsatisfied, the training continues by using the defect map 

to change the weights that are non-defective.  

 

Fig. 4. (a) A TNN crossbar with defects, (b) defect map includes locations and type of defects 

information, (c) pruned weights and defect map method. 

 

Fig. 5. A flowchart of the training process using the pruning and defect-aware training method. 
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2.3. Memristor crossbar circuit for implementing the ternary neural network 

Fig. 6(a) shows a memristor crossbar composed of CMOS and memristors. Here, X1, X2, etc., 

represent input voltages. Two columns are used in the crossbar to calculate both positive and 

negative weights, which are denoted as (+) and (−) symbol. M1+
1  And M1−

1 Are memristors for 

positive and negative columns, respectively. Here, ternary weights are used in Fig. 6(a). For the 

weight = 0, both memristors on positive and negative columns are HRS. For the weight = 1, the  

positive and negative cells are LRS and HRS, respectively. If the positive and negative columns 

have HRS and LRS, the weight can be −1, respectively. Here, the ratio of HRS/LRS = 100, 

with HRS = 100 kΩ and LRS = 1 kΩ. Here, the low ratio such as HRS/LRS = 10 reduces to the 

performance of the network (Pham et al., 2019). I1+
1  And I1−

1  Represent positive and negative 

column currents. The current I1+
1 −  I1−

1  Is then transferred to the activation function circuit A1, 

as shown in Fig. 6(b). The outputs of the activation function circuits are H1, H2 Etc., which 

represent output voltages of hidden neurons. The column control block selects the column 

containing the memristor to be programmed. In the Fig. 6(a), parasitic resistances such as RS, 

RN, and RW are considered. Here, RS, RN, and RW represent source resistance, neuron 

resistance, and line resistance, respectively. The parasitic resistances can affect to the 

performance of the network. To overcome it, the correction circuit can be included in the 

memristor crossbar for compensating the nonideal effects (Nguyen et al., 2021). Fig. 6(b) shows 

the relu activation function circuit. In the activation circuit, OP1 Acts as a current-to-voltage 

converter, OP2 Is an inverting amplifier. Here, VCc = 1V, R1 = 1kΩ and R2 = R3 = 100 kΩ. Fig. 

6(c) shows the current-voltage characteristic of the relu activation function circuit. The 

minimum voltage is 0V, and the maximum voltage is 1V.  

 
Fig. 6. (a) The schematic of memristor crossbar, (b) the ReLU activation function circuit, (c) 

the input current – output voltage curve of the ReLU activation function circuit. 
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3. RESULTS AND DISCUSSION 

For recognizing the MNIST dataset, this assumes that the neural network has 784 input neurons, 

100 hidden neurons, and 10 output neurons. The 784 × 100 and 100 × 10 crossbars are used to 

set up the network. Fig. 7(a) shows the relationship between the recognition rate and the sparsity 

of the trainable weights. Here, assume that there are no defective weights in the network, so 

100% of the weights is the trainable weights. In addition, the parasitic resistances RS = 1KΩ, 

RN = 2KΩ and RW = 1Ω are added to verify the network. As shown in Fig. 7(a), the recognition 

rate is high and stable at approximately 95% ± 0.5 as sparsity increases from 0% to 80%. After 

this point, especially at 90% and 100% sparsity, the recognition rate drops significantly. This 

shows the trade-off between the recognition rate and the sparsity, where too much pruning 

makes the performance become worse. Fig. 7(b) shows the ratio of recognition rate to 

normalized programming pulses with varying the trainable weight sparsity. The ratio shows the 

hardware efficiency. The efficiency of this ratio steadily improves as the sparsity increases from 

0% to approximately 80%. This shows that the model can stay very accurate while the number 

of programming pulses is reduced. At 90% sparsity, the ratio keeps high. However, the 

recognition rate at this sparsity is very low. When sparsity reaches 100%, the ratio drops sharply 

because 100% of weights are set to 0. The network is no longer useful, even though the number 

of pulses is low at this point. The peak of the ratio is around 80% sparsity, suggests that this is 

the best sparsity range for balancing recognition rate and hardware savings.  

To show the effect of defect on the performance of the network, Fig. 8 is tested with 10% and 

20% defect. Here, without using the defect-aware-training, the performance of the network 

drops significantly due to the information of defect map is not used in the training. So, the 

recognition rates of 10% and 20% defects are as low as 85.3% and 73.7%, respectively. As 

shown in Fig. 8(a), with the defect-aware-training, the recognition rate is verified with varying 

 
Fig. 7. (a) The simulation of recognition rate for varying the sparsity of trainable weights. 

Here, 100% weights in the network can be trained, (b) the metric of recognition rate and 

normalized programming pulse with varying of the sparsity of trainable weights. 
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the percentage of the trainable weights when defect rate is 10%, which means that 90% of the 

weights of the network can still be programmed. The results indicate that the recognition rate 

is as high as 95% ± 0.5, even when sparsity increases from 0% to about 80% and defect rate is 

10%. The result shows that the defect-aware-training method can recover well the recognition 

rate at defect rate = 10% when comparing the result in Fig. 7(a) at defect rate = 0%. When the 

sparsity is 90%, it drops sharply to around 65%. Finally, when the sparsity is 100%, it almost 

completely decreases to 10%, which means that there are no trainable weights available for 

training. The above results are obtained because gradient-based pruning helps keep important 

weights. These weights can recover the performance of the network when the sparsity is from 

0 to 80%. Meanwhile, with higher sparsity, important weights are also removed, reducing the 

recovery ability of the network, leading to a sharp decrease in recognition rate. Fig. 8(b) shows 

the relationship between the recognition rate and the normalized programming pulses. The ratio 

is highest at about 80% sparsity. This suggests that this level of sparsity is the best for balancing 

energy efficiency and recognition rate. Similarly, Figs. 8(c) and 8(d) show the same results 

when the defect is 20% which means that only 80% of weights can still be trained. Fig. 8(c) 

shows that the recognition rate is still high even when the sparsity is 80%. The efficiency metric 

is still highest at about 80% sparsity, but it is lower than the metric at 10% defect as shown in 

Fig. 8(d).  

 
Fig. 8. (a) The simulation of recognition rate of MNIST dataset for varying sparsity of 

trainable weights with percentage of defect is 10%, (b) the metric of recognition rate and 

normalized programming pulse with varying of sparsity of trainable weights with percentage 

of defect is 10%, (c) the simulation of recognition rate for varying sparsity of trainable 

weights with percentage of defect is 20%, (d) the metric of recognition rate and normalized 

programming pulse with varying of sparsity of trainable weights with percentage of defect  

is 20%. 
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Next, the CIFAR-10 dataset is used to test the performance of the network. Here, CIFAR-10 

dataset has 50,000 training images and 10,000 testing images. The size of the image is 32x32 

RGB pixels. The ResNet CNN architecture is used for testing the CIFAR-10 dataset. Here, only 

the fully connected layers in the ResNet are implemented with the memristor crossbars. In the 

fully connected layer in ResNet, the number of hidden neurons is 100. The neural network has 

10 output neurons (He et al., 2016). Firstly, without using the defect-aware-training, the 

recognition rates of 10% and 20% defects are as low as 79.8% and 60.4%, respectively. Next, 

with using defect-aware-training, Fig. 9(a) and 9(c) show the recognition rate with varying 

percentages of the trainable weights when defect rates are 10% and 20%, respectively. The 

recognition rate can be recovered to 90% ± 0.6 when the sparsity increases from 0 to 80%. 

When the sparsity is 90% and 100%, it drops significantly. Fig. 9(b) and 9(d) show the 

relationship between the recognition rate and the normalized programming pulses with defect 

rates of 10% and 20%, respectively. The ratios remain highest at approximately 80% sparsity. 

It means that even if the defect rate is up to 20%, the network can obtain the high recognition 

rate and reduce the number of programming pulses or programming energy by using defect-

aware training and the pruning method.  

The results from Fig. 8 and 9 show that an 80% sparsity is optimal for the ternary neural network 

deployed on the memristor crossbar when recognizing the MNIST and CIFAR-10 datasets. At 

 
Fig. 9.  (a) The simulation of recognition rate of CIFAR-10 dataset for varying sparsity of 

trainable weights with percentage of defect is 10%, (b) the metric of recognition rate and 

normalized programming pulse with varying of sparsity of trainable weights with percentage 

of defect is 10%, (c) the simulation of recognition rate for varying sparsity of trainable 

weights with percentage of defect is 20%, (d) the metric of recognition rate and normalized 

programming pulse with varying of sparsity of trainable weights with percentage of defect is 

20%. 
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this sparsity level, the network maintains high recognition rate even in the percentage of defects 

is 10% or 20%. Besides, the normalized programming pulses decrease significantly 49.1% at 

80% sparsity compared to 20% sparsity. However, when the sparsity is larger than 80%, such 

as at 90% and 100%, the recognition rate drops significantly. This indicates that too much 

pruning weights, the network has no more weights to train. Therefore, an 80% sparsity level is 

optimal, suitable for energy-efficient edge computing applications, ensuring both high accuracy 

and optimal hardware efficiency even under defect conditions. 

4. CONCLUSIONS 

The demand for high processing performance and low energy consumption has been a 

significant challenge for traditional hardware architectures in the context of the increasing 

deployment of artificial intelligence systems on edge devices. Ternary neural network with 

three values of weight (-1, 0, and +1) is an effective solution for simplifying computations. 

However, when implemented on a crossbar memristor network - a potential hardware 

architecture for in-memory computing - new challenges arise, such as energy consumption 

during weight programming and the presence of fixed defects during manufacturing.  

This paper has proposed a training method that combines two techniques: (1) weight pruning 

to increase the number of zero-weights, thereby reducing the number of programming pulses, 

and (2) defect-aware training to maintain network performance. By using defect maps, the 

network can identify and ignore defect positions while focusing on retraining important 

weights. The results on the MNIST and CIFAR-10 datasets show that with the sparsity of 

around 80% and the defect rate of 20%, the network still achieves a high recognition rate while 

the number of programmed pulses, which is indicative of programming energy, is reduced by 

more than 49.1% compared to the 20% sparsity. In future work, the proposed method can be 

further evaluated on large-scale memristor crossbars and higher defect rates to assess its 

robustness. Scaling up the network size is expected to improve recognition rates due to 

increased learning capacity, but excessive size in physical crossbars may introduce significant 

parasitic resistances, leading to voltage drops and reduced energy efficiency. Additionally, co-

designing pruning with fault-tolerant architectures, such as reconfigurable or redundant 

crossbars, could enhance both accuracy and hardware reliability.                                                                                                                                                                                      
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