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Abstract: Machine Learning has achieved substantial 

development in numerous applications like image processing, 

pattern recognition, approximate computing etc. This paper 

interlinks supervised machine learning algorithm and VLSI 

architectures to train a neural network as exact and approximate 

5:2 compressors. Probabilistic pruning type of approximation 

technique has been employed on the exact 5:2 compressor. This 

approximation technique on compressors reduces the power 

consumption with variation in the outputs without affecting the 

error limit. The simulation of 5:2 compressors and training of 

neural network using machine learning algorithm has been done 

using Spectre simulator of Cadence Design Systems at 45nm 

CMOS technology node and Keras library with TensorFlow 

background respectively. 

Index Terms: Accuracy, Classification, Machine Learning, 

Neural Network. 

I. INTRODUCTION 

Artificial Intelligence (AI), Machine Learning (ML) and 

Deep Learning (DL) have been the exciting areas of interest 

from past few years which can be applied to various fields. 

These three are the subsets of one another i.e. ML is subset of 

AI and DL is subset of ML. Thus, machine learning 

algorithms and techniques can be employed in DL 

applications and vice versa is not applicable. The algorithms 

utilized in ML applications trains the neural network (NN) 

using huge amount of data to perform particular task. The 

data fed to the NN is used to make decisions while passing 

through the three layers namely input layer, hidden layer and 

output layer. Different applications of the above three are 

categorized as depicted in Fig. 1.  

High speed arithmetic circuits are the essential components 

to perform basic computations like addition and 

multiplication where these are the repeated operations that 

are carried out in Very Large Scale Integration (VLSI) 

systems and digital signal processors. Hence, compressors 

evolved into a significant element in the architectures of 

almost all the multipliers. As the need for low power and 

higher performance are in demand in the portable devices, 

mobile gadgets and so on, approximate computing has been 
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into rapid advancement in many applications like digital 

image processing, multimedia, machine learning, deep 

learning, etc., where small loss in accuracy is acceptable. 

 
Fig. 1: Applications of  Neural Networks 

This research work deals with the ML application that 

examines the proposed approximate 5:2 compressor circuit. 

One of the classification algorithms of ML called supervised 

learning is employed to apply it to approximate 5:2 

compressors. The subsequent sections of this paper are 

organized as follows. Section II discloses the work that was 

done previously in terms of different compressors, 

approximation techniques employed, error analysis, 

challenges in approximations and machine learning. The 

intention of the approximations on compressors and applying 

machine learning algorithm to these compressors is given in 

section III. Framework of training a neural network that can 

be applied to any application in shown in section IV. The 

analysis of the proposed work and simulations are 

demonstrated in sections V and VI respectively with 

conclusions in section VII. 

II. RELATED WORK 

The authors of [1] proposed 4:2 and 5:2 compressors using 

XOR-XNOR and 2x1 multiplexer circuits. In [2], Chang et.al 

presents XOR-XNOR circuits with different number of 

transistors and they have been employed in 4:2 and 5:2 

compressors to operate them at ultra low supply voltages. 

Paper [3] discloses decimal compressors to handle decimal 

multipliers. The principal objective of the arrangement is to 

concentrate on compressors which are one of the 

fundamental elements of multiplier circuits that are being 

extensively used in high speed systems.  
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The authors of [4] proposed a new 5:2 compressor which 

gives glitchless output with increase in the speed of 

operation. A new 5:2 compressor with 58 transistors is 

discussed in [5]. In this paper, new design approaches have 

been investigated for low power 5-2 compressor circuits that 

acquire adequate drivability at ultra low voltages based on the 

progressive CMOS process technology. A 5:2 compressor 

with a 4:2 and 3:2 compressors was proposed in [6] and it is 

placed in a multiplier. In [7], a 5:2 compressor with 

probabilistic pruning type of approximation was proposed 

which has been used in this paper. Different challenges and 

opportunities in using approximate computing was given in 

[8]. Approximations have been implemented in [9-10] on 

existing 4:2 compressor to reduce the power consumption 

and the approximated compressor is placed in Dadda 

multiplier. Finally, this is used in image processing 

applications. In [11], the author proposed a compressor and 

an algorithm to explain the usage of proposed compressor in 

a multiplier which has been applied to image filtering and 

adaptive least mean squares filtering. Approximations can be 

applied to any digital circuit in various ways like probabilistic 

pruning and inexact logic minimization, where the authors of 

[12] used the latter technique in data path elements. When 

approximations are implemented in any architecture, the 

difference in output bits of exact and approximate circuits can 

be calculated using the equations given in [13-14]. Peter.A 

et.al of [15] has given approaches and challenges of ML in 

design automation i.e ML applications to VLSI designs. The 

authors of [16]  have given a methodology for the design of 

hardware using approximations. Automation in approximate 

circuits using gate level pruning is shown in [17].  In [18], the 

author explained that the chip design process is common for 

all the applications. Hence, if this data process is made 

common then chip designing can be made automated. The 

implementation of basic component of deep neural network 

was performed using logarithmic number systems in [19].  

III. PROBLEM STATEMENT AND SOLUTION 

Low Power and low energy consumption of the VLSI 

architecture is the primary concern from decades with a little 

compromise in the accuracy. Hence approximations are to be 

implemented on 5:2 compressors with the intention to reduce 

the circuitry of partial product reduction stage of a multiplier. 

These approximations were performed in the literature on 

various architectures with impreciseness in the circuits 

output.  

At present, the main intention of this research work is to 

lower the error rate and improve the accuracy of the 

approximate 5:2 compressor. For this, approximations in the 

form of pruning of XNOR2 terminal has been applied on the 

exact 5:2 compressor which is based on XOR-XNOR and 

2x1 multiplexer circuits.  

The transistor count and in turn the size of the circuitry is 

decreasing in 5:2 compressor with the removal of XNOR2 

terminal. If there are different approximate 5:2 compressors 

with different number of errors then machine learning 

algorithm should choose the approximate compressor which 

has less error rate such that selected compressor can be 

placed directly in a multiplier to reduce the power 

consumption of it. This approach of approximating 5:2 

compressors is applied to machine learning applications to 

train to select an ideal approximate compressor which has 

less error rate.  

IV. FRAME WORK 

Fig. 2. displays the flow to train a neural network which can 

be applied to any application. To find the accuracies of 

approximate 5:2 compressors, Supervised Learning (SL) 

technique is considered. This classification algorithm 

consists of two parts namely data pre-processing and building 

Artificial Neural Networks (ANN). 

 
Fig. 2. Framework to train a Neural Network 

In supervised learning, independent variables (inputs) are 

used to predict the dependent (output) variables. To predict 

the output variables, the critical inputs that are required for 

prediction are to be identified called encoding the data. Here 

the input variables are Cin1, Cin2, X1, X2, X3, X4, X5 and the 

output is ‘Sum’. Only Sum output is considered since it is 

generated only if all the input variables are utilized in the 

compressor operation i.e. to predict the Sum output all seven 

inputs are required. In this ML application, to split the dataset 

into training set and test set, encoding of data is not required 

since all the inputs are critical to obtain the ‘Sum’ output. The 

final step in part one is feature scaling which has to be done to 

perform parallel computations such that one independent 

variable does not dominate the other. 

The second part of the classification algorithm is creating 

ANN for which the Keras library and its packages are to be 

imported; this builds ANN based on TensorFlow.  The 

sequential and dense modules are required for initializing and 

building the ANN respectively.  
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Initializing ANN is defining it as a sequence of layers and 

building ANN is adding input and the hidden layers which 

are done in five steps using stochastic gradient descent. 

a) Initialize the weights randomly closer to smaller numbers. 

b) The first observation row goes into neural network and 

each feature goes into input node. The number of nodes 

present is nothing but number of independent variables i.e. 

7. 

c) Forward Propagation: From left to right the neurons are 

activated by the activation function in such a way that the 

higher the values of the activation function is, the more it 

will pass from the nodes on the left to the nodes on the 

right. Rectifier (RELU) and sigmoid functions are chosen 

as activation functions for hidden and output layers 

respectively. 

d) Backward Propagation: The algorithm compares the actual 

result with the predictive result and the error is generated 

which is then back propagated from output side to input 

side and all weights are updated by learning rate parameter 

according to the error that is generated. 

e) Steps ‘a’ to ‘d’ are repeated either after each observation or 

after batch of observations. When the whole training set 

pass through ANN that makes an epoch.  

Now fitting ANN into training set has to be done since only 

ANN has been built without making the connections to the 

training set. The last execution to be done is predicting the test 

set by making the confusion matrix. If the accuracies obtained 

from trained and test sets are equal then that completes 

validation of a model. 

V. PROPOSED WORK 

This research work interrelates VLSI architectures 

particularly compressors and machine learning. The 5:2 

compressor proposed in [7] has been considered for training 

the neural network. Training of neural network (NN) as 

proposed approximate 5:2 compressor has been performed by 

taking the truth table of the approximate 5:2 compressor as 

dataset. The implementation of training part of the NN has 

been made using supervised machine learning algorithm. The 

dataset of approximate 5:2 compressor proposed in [7] has 

been considered as input to train the NN.  Fig. 3 shows the 

neural network as proposed 5:2 compressor with the input as 

truth table. Cin1, Cin2, X1, X2, X3, X4, X5 are the inputs to the 

NN from the truth table and these inputs passes through the 

two hidden layers to get the final output. 

 
Fig. 3: Neural Network as 5:2 compressor 

Since classification algorithm is not suitable for multiple 

binary outputs, only Sum output has been considered for 

execution.   

VI. SIMULATIONS AND DISCUSSIONS 

The execution of ML application to approximate 

compressors has been done using Anaconda Python with 

Jupyter Notebook as Integrated Development Environment 

(IDE). Data pre-processing, the first part of ML application 

(classification problem), has been performed importing 

numpy and pandas libraries and, ANN has been built (second 

part of ML application) importing Keras library with 

TensorFlow backend. 

A. Building Artificial Neural Network 

After data pre-processing and building ANN, training has 

been accomplished in Keras library for 1000 epochs (is a 

round when the whole training set passed through ANN) 

which gives accuracy value for each of the approximate 5:2 

compressor. Lastly, predictions on the test sets has been 

performed using predict classifier of Keras library which 

conveys the probabilities of the incorrect output bits when 

compared with the exact ones. Importing the Confusion 

Matrix (CM) from Scikit-learn library (a machine learning 

library) gives the number of correct and incorrect predictions 

from which accuracy of the test set can be calculated. The 

accuracy evaluation has been performed on the exact and 

proposed 5:2 compressors by providing seven inputs (Cin1, 

Cin2, X1, X2, X3, X4, X5) and Sum output. 

B. Training of Exact 5:2 Compressor as Neural 

Network 

Once the ANN has been fit in to the training set, the accuracy 

of the train set for an exact 5:2 compressor with Sum output is 

obtained as 55.88% for 1000 epochs and by executing Scikit 

library, CM observations are obtained as 

0 14
CM

1 11

 
=  

   
The accuracy of the test set is calculated with eq. (1), 

 

No.of correctpredictions
Accuracy=

Total no.of predictions
                    (1) 

 

No.of correctpredictions 0 11 11= + =  

No.of incorrectpredictions 1 14 15= + =  

 

Total no.of predictions 11 15 26= + =  

 

Thus, accuracy is obtained as 42.307% from eq. (1). For the 

complete validation of a model, train and test set accuracies   

should be equal but here the difference in accuracies between 

them is 13.57%. The accuracy and loss graphs for the exact 

5:2 compressor with sum output in the dataset are shown in 

Fig. 4. and Fig. 5 respectively. 
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Fig. 4 : Train and Test set Accuracy representation of  an 

exact 5:2 compressor 

 

 
Fig. 5 : Train and Test set Loss representation of  an 

exact 5:2 compressor 

 

Evaluation of ANN employing K4 cross validation has 

been performed on the same dataset to make the difference 

between train and test sets much lesser, and obtained the 

trained accuracy as 48.91% after evaluation. Now the 

difference between the train (after evaluation) and test sets 

can be found as 6.603% which is less when compared with 

the previous difference. The accuracy and loss graphs for the 

exact 5:2 compressor with sum output in the dataset after 

evaluation are shown in Fig. 6. and Fig. 7 respectively. 

 

 
 

Fig. 6 : Train and Test set Accuracy representation of  an 

exact 5:2 compressor after evaluation 

 

 
Fig. 7 : Train and Test set Loss representation of  an 

exact 5:2 compressor after evaluation 

C. Training of proposed 5:2 Compressor as neural 

network 

a) 

The accuracy of the train set for the proposed 5:2 

compressor with Sum output is obtained as 52.94% for 1000 

epochs confusion matrix observations are obtained as 

10 0
CM

16 0

 
=  

    
Hence accuracy of the test set is found to be 38.46%. The 

accuracy and loss graphs for the proposed 5:2 compressor 

with Sum output in the dataset are shown in Fig.8. and Fig. 9 

respectively 

 
Fig. 8 : Train and Test set Accuracy representation of  the 

proposed 5:2 compressor 

 

 
Fig. 9 : Train and Test set Loss  representation of  the 

proposed 5:2 compressor 
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The difference between the train and test set accuracies is 

high which is14.48%. Thus, evaluation has been performed 

using “K4 Cross Validation” from which the trained accuracy 

is obtained as 46.74% and the difference between evaluated 

train accuracy and test set accuracy is 8.28%. The accuracy 

and loss graphs for the proposed 5:2 compressor with Sum 

output in the dataset after evaluation are shown in Fig. 10 and 

Fig. 11 respectively. 

 
Fig. 10: Train and Test set Accuracy representation of  

the proposed 5:2 compressor after evaluation 

 
Fig. 11: Train and Test set Loss representation of  the 

proposed 5:2 compressor after evaluation 

The mean, variance, difference1 and difference2 of the exact 

and proposed 5:2 compressors are tabulated in Table I, where 

the difference1 indicates the difference between the train 

(before evaluation) and test set accuracies of the exact and 

proposed 5:2 compressors and difference2 indicates the 

difference between the train (after evaluating using K4 cross 

validation) and test set accuracies of the exact and proposed 

5:2 compressors. 

TABLE I: MEAN, VARIANCE AND DIFFERENCES OF 

EXACT AND PROPOSED 5:2 COMPRESSORS 

 

Parameters Exact Proposed 

Mean 0.51 0.47 

Variance 0.154 0.135 

Difference 1 13.57% 14.48% 

Difference 2 6.60% 8.28% 

 

Tuning of parameters has been done on exact and proposed 

5:2 compressors to observe the best batch size, number of 

epochs and the optimizer. The same has been depicted in 

Table II. 

TABLE II: BEST PARAMETERS OF EXACT AND 

PROPOSED 5:2 COMPRESSORS 

 

Best 
Exact Proposed 

Parameters 

Batch Size 32 25 

Epochs 500 100 

Optimizer RMS prop RMS prop 

XIII. CONCLUSIONS 

The principal object of the research work of this paper is to 

relate the approximate compressor circuits to machine 

learning applications. For the proposed approximate 

compressor, the accuracies of the train and test sets are 

approximately equal and, the error rate and transistor count 

was less which confirms that the connection between digital 

logic circuits and machine learning is valid. From this final 

outcome, the advantage that can be achieved is automation of 

approximate digital circuits. For automatic selection of the 

best approximate compressor, reinforcement learning 

algorithm can be used such that the improved approximate 

compressor circuit is placed in arithmetic circuits like 

multipliers where these approximate multipliers can be 

placed in multimedia and image processing applications. 
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