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Abstract: The use of in-memory computing is a promising strategy with the potential to circumvent the von Neumann bottleneck 
and improve the overall performance of contemporary computer systems. In this study, the design and analysis of an innovative 
XNOR-SRAM cell for use in in-memory computing applications is presented. The performance of the suggested cell is assessed 
using crucial parameters such as cell ratio (CR), pull-up ratio (PR), static noise margin (SNM), write margin (WM), and read 
margin(RM)MA. Simulation and optimization of the proposed cell are carried out with the assistance of LTSPICE and the 
HSPICE tool . According to the findings, the XNOR-SRAM cell has greater performance when compared to the traditional 6T 
SRAM cell. This paves the way for the XNOR-SRAM cell to become a viable choice for in-memory computing. 
Keywords: XNOR-SRAM, in-memory computing, LTSPICE, HSPICE, cell ratio, pull-up ratio, static noise margin, write 
margin, read margin, 6T SRAM 
 

I.      INTRODUCTION 
The need for alternative computing paradigms has been brought about by the fast expansion of data-intensive applications as well as 
the growing need for computing that is more energy efficient. In-memory computing is a technique that shows promise for resolving 
this issue since it allows data processing to take place inside the memory array, which cuts down on the amount of data travel and, as 
a result, the related energy expenditures. The creation of specialised memory cells that are capable of effectively performing both 
storage and computation activities is one of the main enablers that is necessary for in-memory computing to become a reality. 
In this article, we discuss the design and analysis of an XNOR-SRAM cell that has been customised for use in computing tasks that 
take place in memory. The commonly used 6T SRAM cell serves as the foundation for our proposed cell, to which we have added an 
XNOR logic gate in order to facilitate in-situ bitwise operations. We do simulations and optimisations of the XNOR-SRAM cell 
using the HSPICE tool, which enables precise characterization of the cell's electrical properties and performance parameters. 
In order to determine how well our suggested cell would work, we will analyse many important metrics, including cell ratio (CR), 
pull-up ratio (PR), static noise margin (SNM), write margin (WM), and read margin (RM). These characteristics are very important 
when it comes to evaluating the memory cell's level of stability, dependability, and energy efficiency. We emphasise the advantages 
of our approach for applications that need computation to be done in memory by comparing the performance of an XNOR-SRAM 
cell to that of a normal 6T SRAM cell. 
In recent years, there has been a meteoric rise in the number of data-intensive applications, such as artificial intelligence, machine 
learning, and big data analytics. As a result, there has been an equally meteoric rise in the demand for high-performance computing 
systems that are also energy-efficient. The classic von Neumann architecture, which compartmentalizes processing and memory units, 
has become a bottleneck for these applications. This is essentially the result of the energy costs and the delay that are involved with 
the transit of data between the processor and the memory. In-memory computing is an alternative computing paradigm that provides a 
possible solution to this problem. It does this by allowing data processing to take place inside the memory array itself, which in turn 
reduces the requirement for data transportation and the energy expenditures that are associated with it. 
In-memory computing is dependent on specialised memory cells that are able to effectively carry out a variety of computing and 
storage-related operations. For in-memory computing, researchers have investigated a number of different memory technologies, 
including resistive random access memory (ReRAM), phase-change memory (PCM), and spin-transfer torque magnetic random 
access memory (STT-MRAM). Yet, there are obstacles to overcome in terms of dependability, scalability, and the complexity of 
manufacturing using these technologies. SRAM, or static random access memory, is a memory technology that has been around for 
quite some time. It has low access latency, high speed operation, and mature manufacturing techniques, all of which make it a good 
choice for in-memory computing applications. 
It is vital to create memory cells that can effectively perform logic operations while maintaining their storage capacity in order to 
support in-memory computing utilising SRAM. This can only be accomplished by designing memory cells.  
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Bitwise operations are the essential building blocks for a variety of computer activities, including arithmetic and bitwise 
manipulation. Examples of bitwise operations are AND, OR, and XNOR. In particular, the XNOR operation is a very important 
component of several applications, including binary neural networks and the computation of the Hamming distance. The performance 
of in-memory computing systems may be considerably improved by incorporating the XNOR function inside the SRAM cell. 
Our work in this area is centred on the design and study of an XNOR-SRAM cell that is adapted for usage in computing applications 
that take place in memory. Bitwise operations may be performed more effectively with the help of the suggested cell, which is 
modelled after the standard 6T SRAM cell and includes an XNOR logic gate. We demonstrate the advantages of our proposed 
XNOR-SRAM cell in comparison to the conventional 6T SRAM cell by analysing key parameters such as cell ratio, pull-up ratio, 
static noise margin, write margin, and read margin. This paves the way for in-memory computing systems that are more efficient and 
save more energy. 

 
II.      PREVIOUS WORK 

In recent years, due to the rising need for high-performance and energy-efficient computing systems, researchers have been to 
investigating in-memory computing solutions that potentially circumvent the von Neumann barrier. As a direct consequence of this, a 
number of research on the design and optimisation of SRAM cells for in-memory computing applications have been made public and 
published. 
1) Yin (2020) presented the XNOR-SRAM, which incorporated an XNOR gate into the standard 6T SRAM cell to allow in-memory 

computation for binary and ternary deep neural networks. This was accomplished by integrating an XNOR gate into the ordinary 
6T SRAM cell. In comparison to conventional SRAM design, the XNOR-SRAM cell was shown to provide considerable energy 
savings while simultaneously reducing latency.  

2) Chen et al. (2019) investigated the feasibility of using SRAM cells for usage as analogue dot-product engines in deep learning 
accelerators for in-memory computing. The authors suggested a mixed-signal SRAM array that could conduct dot-product 
calculations while the array was being read. This would result in considerable savings in both energy and space. 

3) Zhang et al. offered an in-memory computing solution based on a 7T SRAM cell that had a built-in dual-port XOR gate. The 
architecture supported simultaneous read and write operations and permitted fast in-situ bitwise calculations. Read and write 
operations were also supported simultaneously. As compared to traditional SRAM cells, the authors showed that their design 
achieved superior performance and energy efficiency. 

4) In-memory computing was studied by Li et al. (2021), who looked at the possibility of designing an 8T SRAM cell with built-in 
logic capabilities. AND, OR, and NOT operations were made possible by the suggested cell, which also shown possibilities for 
high-performance computing applications that were also energy efficient. 

5) Song et al. (2019) examined resistive memory crossbars for binary deep neural network in-memory computation. They presented 
a resistive random-access memory (RRAM) architecture for efficient in-situ processing, conserving energy and space. 

6) Wang et al. (2020) presented a variation-tolerant in-memory computing architecture for energy-efficient deep learning 
accelerators. They increased energy efficiency and resilience by making the mixed-signal SRAM array-based dot-product engine 
more resistant to process fluctuations. 

7) Guo et al. (2019) demonstrated a high-performance, energy-efficient 8T SRAM cell for in-memory computation. Compared to 
typical SRAM cells, the suggested cell design increased stability, read/write performance, and power consumption. 

8) Park et al. (2019) reported an in-memory computing 10T SRAM cell with a latch. They could read and write simultaneously, 
improving performance and power consumption. 

9) Liu et al. (2020) investigated ferroelectric FET-based nonvolatile SRAM for low-power edge AI. They suggested a nonvolatile 
SRAM-based in-memory computing architecture that saved energy and enhanced process robustness. 

10) Shafiee et al. (2016) created ISAAC, a convolutional neural network accelerator using crossbar analogue arithmetic. The 
suggested design used memristor crossbars for energy-efficient computing, outperforming digital accelerators. 

11) Li et al. (2018) proposed a multilayer memristor neural network with efficient and self-adaptive learning. Memristive devices for 
neural network in-memory computing enhanced energy efficiency and learning. 

12) Narayanan et al. (2020) studied learning using compound synaptic devices for dense crossbar neural networks. A new synaptic 
device enabled effective learning in crossbar arrays, improving deep learning accelerator performance and energy efficiency. 

13) Zhang et al. (2021) presented a high-density 6T SRAM cell with built-in logic for in-memory computing in advanced FinFET 
technology. The concept outperformed traditional SRAM cells in performance and energy efficiency while retaining a high 
density for large-scale applications. 
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14) Sengupta et al. (2019) contrasted biology-inspired and digital-in-memory mixed-signal neuromorphic accelerators. Their work 
shed light on in-memory computer architectural trade-offs and deep learning and AI applications. 

15) Tang et al. (2019) proposed a high-performance and energy-efficient 8T SRAM cell for ternary in-memory computing. In-
memory computing using ternary SRAM cells enhanced performance, stability, and energy economy. 

16) Chen et al. (2018) developed a supply-voltage-scalable in-memory deep learning architecture. By dynamically adjusting supply 
voltage depending on workload, the suggested design saved energy. 

17) Ankit et al. (2019) suggested multi-ported nonvolatile memory for in-memory computing, MAGIC. Memristive devices 
improved performance and energy efficiency for a variety of computer applications. 

18) Mittal et al. (2019) reviewed GPU energy efficiency analysis and optimisation strategies. Their work suggested ways to improve 
GPU energy efficiency for deep learning and AI applications. 

19) Kang and Park (2020) presented a low-power edge AI 8T SRAM cell with a built-in binary/ternary processing unit. Their design 
showed that incorporating binary and ternary processing units into SRAM cells might boost edge AI performance and energy 
efficiency. 

20) Xia et al. (2018) developed a 9T SRAM cell for ternary content-addressable memory. For ternary in-memory computing, the 
suggested cell architecture has great performance and low power consumption. 

SRAM cells with integrated logic functions and in-memory computing architectures are being developed to improve deep learning 
and AI system performance, energy efficiency, and scalability. These research show that innovative SRAM cell designs and in-
memory computing architectures may overcome von Neumann architectural restrictions and meet rising application computational 
needs. 
 

III.      PROPOSED WORK 
A cutting-edge architecture for XNOR-SRAM [1]  that facilitates effective computation in memory for binary and ternary deep neural 
networks. SRAM memory arrays and bitwise XNOR operations are included into the architecture to facilitate in-memory computation 
and data storage respectively. As compared to other types of SRAM architectures, the XNOR-SRAM has been shown to produce 
considerable energy savings while also reducing latency. 
In this particular implementation, the XNOR-SRAM cell is made up of a regular 6T SRAM cell as well as an extra XNOR gate that is 
responsible for carrying out bitwise XNOR operations. The 6T SRAM cell consists of two cross-coupled inverters that create a latch 
as well as two access transistors that link the cell to the bitlines. Together, these components make up the latch. The XNOR gate is 
linked to the SRAM cell's internal nodes, and the output of the XNOR operation is saved in an output buffer. The SRAM cell is an 
example of a static random access memory (SRAM). 
The XNOR-SRAM is responsible for carrying out bitwise XNOR operations on two input operands while the in-memory computing 
process is being carried out. These operands are stored in two SRAM memory arrays. The inputs are accessed one row at a time, and 
the XNOR operation is carried out between the bits of the input operands that correspond to the accessible rows. The output buffers 
are merged to generate the final output, which is comprised of the output buffers plus the results of each XNOR operation that was 
performed. 
A "pseudo-ternary" encoding approach is used by the XNOR-SRAM in order to provide support for ternary deep neural networks. 
With this encoding, the ternary values "-1, 0," and "1" are represented as the three binary values "01, 00," which makes it possible to 
execute ternary operations using binary XNOR gates. Since it makes use of this encoding approach, the XNOR-SRAM is able to 
handle binary and ternary deep neural networks in an effective manner while incurring a small amount of cost. 
So, XNOR-SRAM [1] is an innovative and effective architecture that combines SRAM memory arrays with bitwise XNOR 
operations for in-memory computing in binary and ternary deep neural networks. This kind of computing may be done on a much 
smaller scale than traditional approaches.  
In comparison to traditional SRAM designs, this architecture provides considerable energy savings and decreased latency; hence, it 
has the potential to become a viable option for the development of future in-memory computing systems. Figure 1 shows the XNOR 
SRAM Circuit Diagram. 
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Fig. 1 SRAM XNOR 

 
Calculating a number of different performance measures is required in order to conduct an analysis of the XNOR-SRAM cell that has 
been suggested. These measurements provide insights into the consistency, dependability, and energy efficiency of the memory cell, 
all of which are essential for applications that run in-memory computation. Calculating important performance measures such as cell 
ratio (CR), pull-up ratio (PR), static noise margin (SNM), write margin (WM), and read margin are covered in this portion of the 
article (RM). 

 
A. Cell Ratio (CR) 
The cell ratio is the ratio of the width of the pull-down transistor, which is denoted by the value Wn, to the width of the access 
transistor, which is denoted by Wa. The cell's stability during read and write operations is determined, in large part, by the critical 
parameter known as CR. A greater CR will guarantee that the functioning is steady, but it may also result in a bigger cell size and an 
increased need for power. 

CR = Wn / Wa 
 

B. Pull Up Ratio: 
The pull-up ratio of an SRAM cell is the ratio of the width of the pull-up transistor, denoted by Wp, to the width of the pull-down 
transistor, denoted by Wn. When assessing the driving capabilities and performance of the cell during read and write operations, the 
PR is an important metric to take into consideration. A greater PR will guarantee a lower leakage current and will improve the noise 
immunity, but it may also result in slower access times. 
PR = Wp / Wn 
 
C. SNM (stands for static noise margin): 
The static noise margin of an SRAM cell is a measurement of the cell's immunity to noise while it is doing a read operation. It is 
determined by conducting an investigation into the voltage transfer characteristics (VTC) of the cross-coupled inverters included 
inside the SRAM cell. The SNM is commonly depicted as the least square size that may be inscribed between the VTC curves of the 
two inverters. This is because the VTC curves of the two inverters are parallel to one another. A greater SNM is indicative of 
improved cell stability and better noise immunity. 

 
D. Write Margin (WM): 
Write margin is a measurement that determines how stable the SRAM cell is when it is being written to. It is established by 
conducting an investigation into the disparity that exists between the trip points of the cross-coupled inverters and the bitline voltage. 
A greater write margin means that the cell may be effectively written with a smaller voltage swing on the bitline, which results in 
reduced write power consumption and better write speed. A bigger write margin can be achieved by increasing the bitline voltage 
swing. 
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E. Read Margin (RM):  
The read margin provides a quantitative measure of the SRAM cell's stability during a read operation. Finding the difference between 
the read stability voltage and the half-selected stability voltage is the first step in the calculation process for it. A bigger read margin 
implies that the cell may be read without affecting the data that has been stored. This ensures that read operations are carried out 
accurately. 
We are able to compare the performance of the standard 6T SRAM cell with the proposed XNOR-SRAM cell by calculating these 
performance metrics for both of them. This allows us to illustrate the benefits of the XNOR-SRAM cell for in-memory computing 
applications. 
When it comes to modelling electrical circuits, LTSPICE and HSPICE are commercial simulation tools for integrated circuits (ICs) 
that are quite popular and deliver a high level of accuracy and dependability. HSPICE is able to carry out the following activities 
when employed in the context of developing and assessing the XNOR-SRAM cell for in-memory computing: 

 
F. Circuit Description: 
Initially, the design of the XNOR-SRAM cell is defined by utilising the HSPICE netlist format. This description includes the 
transistors, the XNOR gate, and any additional components that are included inside the cell.  

 
G. Simulation Setup: 
The next step is the definition of the simulation setup, which includes the supply voltage, temperature, and any other relevant 
environmental characteristics. The type of simulation that is used should be determined by the type of analysis that is desired. For 
example, a transient analysis can be used to determine the time-domain response, a DC analysis can determine the voltage transfer 
characteristics (VTC), and an AC analysis can determine the frequency-domain response. 
 
H. The Extraction of Performance Metrics: 
For the purpose of computing the performance measures (CR, PR, SNM, WM, and RM), the HSPICE simulation setup should 
include the definition of relevant measurements and analysis. A DC analysis with variable input and output voltages may be carried 
out, for instance, in order to get the VTC curves that are required for the SNM computation. In a similar manner, one may carry out a 
transient analysis with variable bitline voltages while carrying out a write operation in order to compute the write margin. 
 
I. Optimization: 
Adjusting the widths of the transistors and several other design factors is one way to improve the performance of an XNOR-SRAM 
cell while using HSPICE. This may be done in an iterative manner to determine the optimal balance that should be struck between 
performance, area, and power consumption. The optimisation process may be carried out by hand, by the use of optimisation 
algorithms supplied by the HSPICE tool, or through the execution of external scripts. 
 
J. Comparative analysis and verification: 
In order to illustrate the benefits that the final XNOR-SRAM cell design offers for use in in-memory computing applications, it 
should be validated against the performance metrics that have been set as a goal and compared to the traditional 6T SRAM cell. This 
comparison may be carried out by using the same HSPICE simulation setup for each of the cells in order to guarantee both 
consistency and precision in the findings. 
In conclusion, the HSPICE simulation tool is an essential component in the design, investigation, and enhancement of the XNOR-
SRAM cell for in-memory computing. HSPICE allows designers to reliably examine the performance of the XNOR-SRAM cell and 
illustrate its benefits over standard SRAM architectures by delivering simulation results that are precise and dependable. 

 
IV.      RESULTS 

The simulation is done under 45nm, 90nm and 180nm using HSPICE. The following findings are obtainable after the XNOR-
SRAM cell has been implemented in HSPICE and the performance metrics have been calculated: 
As shown by the greater static noise margin (SNM) values, the XNOR-SRAM cell has superior stability and noise immunity when 
compared to the standard 6T SRAM cell. This is shown by the fact that the SNM values are higher. 
The XNOR-SRAM cell's write margin (WM) and read margin (RM) illustrate its better performance during write and read 
operations, which guarantees dependable and effective in-memory computation. Table 1 Output Results 
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V.      CONCLUSION 
The design, analysis, and optimization of an XNOR-SRAM cell for use in in-memory computing applications were proposed in this 
article. The traditional 6T SRAM cell is the foundation upon which the XNOR-SRAM cell is built. The XNOR-SRAM cell displays 
increased performance in terms of stability, dependability, and energy efficiency, making it a potential option for use in in-memory 
computing systems. 
We were able to precisely assess and improve the XNOR-SRAM cell by making use of the HSPICE simulation tool, which provided 
us with important insights into the electrical properties and performance metrics of the cell. According to the findings, the XNOR-
SRAM cell surpasses the traditional 6T SRAM cell in key performance measures, opening the path for in-memory computing 
systems that are more efficient and save energy. 
Future research directions may include investigating other bitwise operations that can be incorporated into SRAM cells, determining 
the applicability of the XNOR-SRAM cell in a variety of in-memory computing applications such as binary and ternary neural 
networks, and optimizing the cell for a variety of technology nodes and fabrication processes. These are just a few examples of 
possible future research directions. 
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