
 

 

    
  

  

 

 

  
 

   
      
    

       
     

   
  

 

COMMON SOURCE AMPLIFIER BASED MACHINE LEARNING ASSISTED 
IMAGE CLASSIFICATION 

by 

Akshay Jayaraj 
05/9/2019 

A thesis submitted to the 
Faculty of the Graduate School of the 

University at Buffalo, The State University 
of New York in partial fulfilment of the 

requirements for the degree of 

Master of Science 
Electrical Engineering 



 

  
  

 

  

                        

             

           

         

    

Acknowledgment 

I would like to thank my advisor Dr. Arindam Sanyal for his constant support and guidance 

throughout the research process. Also, I would like to extend my gratitude to my committee member Dr. 

Jun Choi for his suggestions and inputs. I would also like to thank my family and friends for their constant 

encouragement and support in helping me complete the thesis. 

ii 



 

  
  

 

   

  

     

    

   

      

                      

                       

                     

    

     

         

    

    

         

    

    

    

     

                   

                              

                               

                         

     

                            

                             

                              

                              

TABLE OF CONTENTS 

ACKNOWLEDGEMENTS…………………………………………………………………………ii 

LIST OF FIGURES………………………………………………………………………………... v 

LIST OF TABLES………………………………………………………………………………….vii 

ABSTRACT...................................................................................................................................... viii 

CHAPTER 1 INTRODUCTION .................................................................................................... 01 

1.1 Motivation and background…………………………………................................... 02 

1.2 Thesis contribution ................................................................................................... 03 

1.3 Thesis organization………………………………………………………………… 03 

CHAPTER 2 LITERATURE REVIEW.......................................................................................... 04 

2.1 Introduction…………………………........................................................................05 

2.2 Previous works on linear regression based classifiers.............................................. 05 

2.2.1 Clocked comparator based classifier …...……..............................................06 

2.2.2 In memory computation based classifier. …………......................................07 

2.3 Previous work on Matrix multiplier based classifiers ……………………………...07 

2.3.1 Switched capacitor matrix multiplier…………….........................................07 

2.3.2 Matrix Multiplier in ADC…………………………......................................11 

CHAPTER 3 ARTIFICIAL NEURAL NETWORK ......................................................................12 

3.1 Introduction…………………………........................................................................13 

3.2 Neural Networks...…………..………........................................................................13 

3.2.1 Biological neural network…..…….................................................................13 

3.2.2 Artificial neural network ….…..………..…...................................................14 

3.3. Types of Artificial Neural Network...........................................................................15 

3.4 Neural Network Training ………..............................................................................17 

3.4.1 Feed Forward Network…..………..…............................................................17 

3.4.2 Activation Function….…..………..…............................................................17 

3.4.3 Softmax……… ………..………..…...............................................................18 

3.4.4 Backpropagation ………..………..…............................................................19 

iii 



 

  
  

                               

       

    

                     

     

               

                   

                

                    

                      

                

                

                  

                    

 

   

     

    

    

                    

                        

                           

      

  

  
  

 

 

 

3.4.5 Gradient Decent ………..………..….............................................................19 

CHAPTER 4 ARTIFICIAL NEURAL NETWORK IMPLEMENTATION AND DESIGN ........21 

4.1 Introduction…………………………........................................................................21 

4.2. MNIST dataset……..……………………………………………………………….21 

4.2 Design flow……….. …………………………………….…………………………22 

4.4 Activation function Extraction ……………………….…………………………….23 

4.5 Choice of hidden neuron ……………………….………………………………….23 

4.6 Training Algorithm ……………. ….........................................................................24 

4.7 Proposed architecture…………………………………………………………..…..24 

4.8 Input Translation………………….. …………..…………………………………..25 

4.9 Hidden Layer ……………...….………………….………………………………..26 

4.10 Output layer……………….......…...........................................................................27 

4.11 Argmax…………………...……………………………………………………......28 

4.12 Full Chip layout………………….. …………..…………………………………...29 

CHAPTER 5 SIMULATION RESULTS.……...............................................................................30 

5.1 Introduction………………………….......................................................................30 

5.2 Mismatch……….….……………………………………………………………….30 

5.3 Noise……….….……………………………………………………………………31 

5.4 Confusion Matrix…………………………………………………………………...32 

5.5 Precision and Recall ……………………………………………………………...33 

5.6 Comparison Table ……………………………………………………………...34 

CHAPTER 6 CONCLUSION AND FUTURE WORK..................................................................35 

REFERENCES .................................................................................................................................36 

iv 

https://Mismatch���.�.������������������������.30


 

  
  

  

                      

      

      

         

        

        

        

       

       

           

       

      

       

        

       

        

       

     

        

        

     

     

LIST OF FIGURES 

Number Page 

Figure 1.1 AI and IoT [16].………………………………..........................................................01 

Figure 2.1 Clocked Comparator Circuit [1] ................................................................................04 

Figure 2.2 Setup of MNIST Classifier [1] ………………....……..............................................06 

Figure 2.3 SRAM Setup [5] ……................................................................................................06 

Figure 2.4 Capacitive Multipliers [2] ...…………......................................................................08 

Figure 2.5 Capacitive classifier working [12] …....…………………………………………....09 

Figure 2.6 ADC multiplier circuit [3].........................................................................................10 

Figure 3.5 Recurrent Neural Network [19].……………………………………………………16 

Figure 3.10 Example of a gradient [15]…...………………………………………….…………20 

Figure 4.3 Design flowchart …………….…………………………………………………….22 

Figure 2.7 MMADC classifier [3] …………..............................................................................11 

Figure 3.1 Three Stages of Biological Neural Network ……….................................................13 

Figure 3.2 A Biological Neuron …………….............................................................................14 

Figure 3.3 Multilayer Artificial Neural Network[17]..................................................................15 

Figure 3.4 Convolutional Neural Network[18].……..................................................................16 

Figure 3.6 Feed forward Network function …………………………………............................18 

Figure 3.7 Sigmoid (left) and Tanh (Right) Activation Function ……………………………...18 

Figure 3.8 Softmax function [14]……... ……………................................................................19 

Figure 3.9 Backpropagation …………………………..……………………………………….19 

Figure 4.1 Snapshot of MNIST dataset ………………………..................................................21 

Figure 4.2 Image resize……………....………………………………………….……………..22 

v 



 

  
  

     

       

       

     

     

        

      

       

      

     

    

      

     

 

 

 

 

 

 

 

 

 

Figure 4.4 Activation function extraction ……………………………………………………..23 

Figure 4.5 Choice of hidden layer ………………..…………………………………………....24 

Figure 4.6 Training Algorithm ………………………..……………………………………....25 

Figure 4.7 Proposed Architecture…………………. …………………………………………..25 

Figure 4.8 Hidden layer ………………..……………………………………………………....26 

Figure 4.9 Layout of hidden layer ……….…………………………………………………….27 

Figure 4.10 Softmax layer …………………………….………………………………………...27 

Figure 4.10 Layout of Softmax layer ………………….……………………………………….......27 

Figure 4.11 Argmax layout …………………….………………………………………………..28 

Figure 4.12 Full chip layout…………………………………………………………………..….29 

Figure 5.1 Mismatch histogram…………………………………….…………………………..30 

Figure 5.2 Noise histogram………………………….…………………………………….…....30 

Figure 5.3 Confusion Matrix …………………………………………………………………...32 

vi 



 

  
  

  

                      

      

        

 

 

LIST OF TABLES 

Number Page 

Table 5.1 Precision and Recall.… ………………………..........................................................33 

Table 5.2 Comparison with state of the art.................................................................................34 

vii 



 

  
  

 
          

           

       

               

            

      

  

Abstract 
An analog artificial neural network (ANN) classifier using a common-source 

amplifier based nonlinear activation function is presented in this thesis. A shallow ANN is 

designed using transistor level circuits and a multinomial (10 classes) classification accuracy 

of 0.82 is achieved on the MNIST dataset which consists of handwritten images of digits from 

0-9. Use of common-source amplifier structure simplifies the ANN and results in 5X lower 

energy consumption than existing analog classifiers. The classifier performance is validated 

using Spectre and Matlab simulations. 
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Chapter 1. Introduction 

With emergence of internet-of-things (IoT), there is a growing need to impart intelligence to sensor 

devices for enabling real-time inference and decision making ability. A machine learning classifier 

embedded inside an IoT sensor can also reduce bandwidth requirements by only transmitting classifier 

outcomes rather than raw sensor data. However, digital implementation of machine learning classifier on-

chip far exceeds the power budget of typical IoT sensors [1]. This has resulted in interest in analog machine 

learning classifiers [1]–[5]. Classifiers embedded in IoT sensors are usually trained offline and the weights 

are provided to an on-chip artificial neural network (ANN) for classification at the sensor node. 

Figure 1.1: AI and IOT 

This thesis reports a shallow ANN consisting of an input layer, a hidden layer and an output layer 

that performs multinomial (10 classes) classification on MNIST dataset using nonlinear activation 
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function. We use common-source amplifiers for implementing nonlinear activation functions which 

results in simulated energy consumption of 100pJ/classification. 

While MNIST dataset has images with 28x28 pixels, it is not feasible to provide 784 external 

inputs to a chip due to limitations imposed by pad size. The input images are resized to 5x5 pixels to 

ensure that inputs can be provided to an on-chip classifier. [1] resizes MNIST input to 47 pixels and [5] 

resizes MNIST input to 82 pixels. While accuracy of our classifier is limited by input resizing which is a 

lossy process, the classification accuracy can be improved if an image sensor array is integrated with the 

classifier such that inputs to the ANN do not have to come from outside. In addition, the purpose of this 

work is to show the feasibility of a complete on-chip analog classifier and MNIST dataset is chosen as a 

vehicle for this demonstration to perform fair comparison with existing works. Selecting another dataset 

with inputs having lower number of pixels will significantly improve classification accuracy of the 

proposed system. Even with the inputs resized to 25 pixels, if the sensor data is to be transmitted directly, 

the transmitter will need to send out 250 bits every cycle assuming the analog sensor data is quantized to 

10-bit. In contrast, with the proposed on-chip classifier, the transmitter needs to send out only 4-bit digital 

data every cycle which reduces transmission bandwidth by approximately a factor of 60. 

1.1 Motivation and background 

Analog machine-learning classifiers reported so far in the literature has implemented either only 

multiply-and-add operations or binary classification using linear regression. [2] presented a switched-

capacitor based matrix-multiplier which achieved 0.85 classification accuracy on images from Cifer-10 

database. [3] embedded a matrix multiplier inside an analog to digital converter (ADC) and achieved 0.83 

classification accuracy on a gender detection system while consuming 655nJ/classification. [4] embedded 

a multiply-and-add circuit inside a ADC and achieved 0.87 classification accuracy on MNIST dataset, 
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while [1], [5] presented binary classifiers with modified Adaboost [6] and achieved 0.9 classification 

accuracy on MNIST dataset. [5] has reported the lowest energy consumption of 534pJ/classification. All 

the previous classifiers reported in the literature use post processing which voids the purpose of designing 

a low power classifier for IoT. The proposed architecture provides end to end classification and requires 

no post processing. 

1.2 Thesis contribution 

The thesis presents a novel implementation of an analog artificial neural network (ANN) classifier 

using a common-source amplifier based nonlinear activation function. A shallow ANN is designed using 

transistor level circuits and a multinomial (10 classes) classification accuracy of 0.82 is achieved on the 

MNIST dataset which consists of handwritten images of digits from 0-9. Use of common-source amplifier 

structure simplifies the ANN and results in 5X lower energy consumption than existing analog classifiers. 

The classifier performance is validated using Spectre and Matlab simulations. 

1.3 Thesis organization 

Rest of the thesis is organized as follows. Chapter 2 deals with literature review which gives 

insights about several previous works on this topic. Chapter 3 provides an overview of artificial neural 

networks in general and some important factors that affect the training of the network. The details about 

the design and layout of the proposed architecture is given in chapter 4. This is followed by chapter 5 in 

which simulation results are discussed and evaluated. The conclusion and some possible future work is 

described in chapter 6. 
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Chapter 2. Literature review 

2.1 Introduction 

The literature review discusses briefly about the previous works of analog image classifiers. It 

consists of two parts (a) works which have dealt with linear regression based classification and (b) a 

section which presents about the works that present matrix multipliers that can perform classification. 

2.2 Previous works based on linear regression 

Linear regression is one of the most commonly used machine learning technique for image 

classification. It is especially powerful for binary classification. 

2.2.1 Clocked Comparators Based Classifier [1] 

This classifier uses clocked comparators to perform a weak classification and uses adaboost to 

infer the data. This adaboosting is done off chip. 

Circuit Design: 

Figure 2.1: Clocked Comparator Circuit 
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The clocked-comparator structure implements a linear classifier, which corresponds to taking the 

inner product between a feature vector x to be classified and a weight vector w (derived from offline 

training), and then performs a sign thresholding. Figure 2.1 shows the clocked comparator circuit. It 

consists of 48 configurable branches, are assumed to be driven by the analog sensor-input signals . Each 

branch consists of two sets of NFETs is binary weighted (i.e., 1x, 2x, 4x, 8x, ...), and their gate voltages 

are digitally configurable to ground or the analog sensor input. The currents from the two sets of NFETs 

is treated as differential signal, the total branch current corresponds to signed multiplication between the 

analog sensor input and a value corresponding to the gate configurations also known as weights. The sets 

of NFETs from all branches are then connected to the positive and negative summing nodes (VP/VN ), 

respectively, for current accumulation. With VP/VN previously pre-charged, raising EN causes the 

accumulated branch currents to discharge the node capacitances CP/CN, which triggers comparison by a 

regenerative stage, thus implementing classification. The analog sensor inputs are assumed to be 

continuous-time signals, the gate configurations are loaded via a shift register once after classifier training. 

Classifier Setup: 

Figure 2.2 shows details of the experimental setup. The MNIST image is resized to 81 and 48 

features are extracted using fisher’s criterion for feature selection. Reducing the number of image-pixel 

features takes the classification performance of a boosted linear classifier from 96% to 90% . To evaluate 

classification performance, 5-fold cross-validation of training and testing is performed, by feeding the 

pixel features to the prototype IC via 16-b DACs. Addition operation required for boosting and all-versus-

all voting are performed off chip using the decision from the 1-b comparator-based classifier. 
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Figure 2.2 Setup of MNIST Classifier 

2.2.2 SRAM Based Classifier [5] 

This paper presents a machine-learning classifier where the computation is performed within a 

standard 6T SRAM array. This classifier used linear regression followed by off chip Ada boost. 

Circuit Design: 

Figure 2.3 SRAM Setup 

The design of a single 6T SRAM is discussed literature. The system in Fig 2.3 operates in two 

modes: SRAM Mode and Classify Mode. In SRAM Mode, the system behaves as a standard SRAM, 

enabling read/write of the classifier model (derived from training) into bit cells. A binary linear classifier 
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is simply based on taking the inner product between an input feature vector � and a weight vector �, and 

then sign thresholding: ����(�.�) is performed. In Classify Mode, the system implements a very weak 

form of linear classifier in every column, here the elements of � are restricted to be +/-1, voltages 

corresponding to the elements of �. This pulls a current modulated by its WL voltage or BLB, depending 

on its stored state. This leads to multiplication by +/-1. The bit-cell currents column then add together, as 

in an inner product, BL or BLB. Finally, a comparator provides sign of the differential signal. 

Classifier Working: 

MNIST digit classification is demonstrated by employing 45 binary classifiers between all pairs of digits, 

and performing all-vs.-all (AVA) voting. 128 classifiers are tested at a time for the boosting iterations 

required in Error- Adaptive Classifier Boosting. The energy of each system for 10-way digit classification, 

taking into account the differences in iterations is 5.3pJ for MAC, 0.42pJ for adder, and 0.12pJ per SRAM 

bit access. 

2.3 Previous works Multiplier based Classifiers 

2.3.1 Switched-Capacitor Matrix Multiplier [2] 

This work presents a 64-cycle programmable passive Switched-Capacitor Matrix Multiplier 

(SCMM) shown in Fig 2.3 with codesigned bitline-less memory. The design exploits 300aF unit fringe 

capacitors for high speed and low energy charge-domain processing and contains the input DAC, multiply-

and-accumulate SAR ADC, and local memory. This classifier performs “part” of a CNN architecture. 

Circuit Design: 

The design consists of charge-recycling DAC, multiply-and accumulate SAR, and local memory. 

It involves 64 cycles of multiply and accumulate and one 6b digitization phase for one operation. Phases 
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φ1 and φ2 illustrate how an inner product is computed using the sampling capacitive- DAC ΣCS[i] at cycle 

time i. Sampling of the input DAC VDACIN[i] takes place during the φ1 phase. The sampled charge at a 

time i, is given by φ’1[2] [i]ΣCS[i]VDACIN[i] , where the sign φ’1[2] is a XOR operation of the two sign bits 

from the input DAC and the multiply-and-accumulate SAR. During φ2, this charge is passively transferred 

to CASAR, which contains the sum of multiplied accumulations at an given point in time. CASAR capacitance 

is much larger than CStotal[i] in order to store add the multiplied results. For every cycle, 2.7% residue 

charge of the multiplied charge is transferable and presents a signal-independent and correctable gain 

error. The input DAC during φ2 pre-enables VDACIN[i+1] by either recharging the input’s cap-DAC to 

VDD or discharging the previous cycle’s charge using φ2 refresh. This charge QINPUT[i+1] generates 

VDACIN[i+1] = QINPUT[i+1]/(CDAC,total +ΣCS[i+1]) where the input cap-DAC is 35x larger than CS,total[i] such 

that VDACIN[i+1] is independent of ΣCS[i+1] at 6b. When two adjacent input words share common bit codes 

(e.g. MSB=1 for time i and i+1), the corresponding bit capacitor’s remaining charge from the previous 

cycle is recycled for the next input. 

Figure 2.4 Capacitive Multiplier 
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Classifier Working: 

Figure 2.5 Capacitive Classifier working 

Here a matrix multiplication is performed on an input image using the MAC architecture. The 

matrix-vector operations are processed 1GHz in non-overlapping regions of the image with a stride equal 

to the filter width and height of size 8 and output dimension smaller than its input dimension is produced. 

Three filters are applied per color channel, and the resulting activations of size 4x4x9 are digitized and 

pipelined to the remaining two layers in the digital domain. This front-end layer and digital layers are co 

trained together in floating point using real images from the Cifar-10 database. The accuracy after the 

digital layer is 86% accuracy. The analog MAC layer yields 85% with 11x energy savings and 21x lower 

A/D conversions by performing the multiply-and-accumulates in the analog domain. 
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2.3.2 Matrix Multiplication ADC (MMADC) [3] 

MMADC modifies the feedback of a SAR-ADC to perform multiplication. This classifier 

is used to differentiate between faces of men and women. 

Circuit Design: 

The MMADC uses a passive circuits in the negative feedback loop to perform multiplication. The 

Conversion is achieved by using a clocked capacitive DAC (capDAC) within a discrete-time negative 

feedback loop. The comparator provides high gain ,and the overall transfer function is one , thus yielding 

to a digital code equivalent to the sampled analog input. The MMADC extends the SAR architecture by 

adding a passive Feedback Divider (FB-Divider) block Fig 2.5, which introduces a gain of following the 

capDAC. The FB-Divider causes attenuation through a configurable capacitive voltage divider. Thus, the 

overall transfer function yielding to a digital code equivalent to the sampled analog input multiplied by 

(1/b), a number larger than one. Thus multiplication is achieved passively through capacitors. 

Figure 2.6 ADC Multiplier Circuit 

10 



 

  
  

   

 

    

            

       

           

           

         

        

 

 

 

 

 

 

 

 

 

Classifier Working: 

Figure 2.7 MMADC classifier 

The essence of multiplication was discussed above. Now the facial image data aligned and sized 

to 160x120 pixels is serialized and given to the classifier. Feature extraction corresponds to principal 

component analysis (PCA) applied to the 19,200-dimensional image-pixel vector. The first 200 principal 

components are referred to as projections onto eigen faces, and correspond to the feature vector used for 

classification. Thus, feature extraction can be formulated into a 200x19200 matrix. This data is given to 

the weak classifiers and weighted voting is done similar to [1],[5]. 

11 



 

  
  

      

          

            

     

 

    

          

           

          

           

                

          

        

          

        

             

                

           

 

 

Chapter 3. The Artificial Neural Network 
The theory of machine learning and ANN’s are already discussed in in many standard textbooks [11-12]. 

However this chapter will briefly go over some basic concepts that were involved in building the model 

for the actual circuit implementation. 

3.1 Introduction 

Historically Artificial neural networks attempts of modeling the most basic function of human brains. 

Though the computers are fast and precise they lack the ability to make human like decisions. Humans 

learn from examples and experiences and perform certain nonlinear functions to get to a conclusion. 

The basic functionality of artificial neural networks are derived from abstraction of the human 

brain/neurons. Hence the organization of the artificial neural system is very similar to the one of biological 

neurons. Understanding of biological neuron is still not very comprehensive however the basic 

functionality that leads to learning is implemented in artificial neural networks. 

Artificial neural networks are highly parallel distributed computing models. The Neurons are massively 

connected with weights, which dynamically changes during network learning. Even though ANN’s are 

not exact replica of biological. This section briefly covers biological aspect of neural networks and 

introduces the readers to certain key concepts that are involved in training a neural network. It’s important 

to understand the biological neural network in order to appreciate the working of the ANN’s. 

12 



 

  
  

   

      
 

               

              

            

            

           

   

 

         

            

               

               

               

         

         

3.2 Neural Networks 

3.2.1 Biological Neural Network 

A human neural system consists of three stages: receptors, a neural engine, and effectors. The 

receptors receive the stimuli either internally or from the external world, this information is then passed 

onto neurons in a form of electrical/chemical impulses. The neural system makes a decision and the 

effectors translates the decision to the outer environment. The neural network then processes the inputs 

then makes proper decision of outputs. Figure 3.1 shows the bidirectional communication between stages 

for feedback.[11] 

Figure 3.1: Three Stages of Biological Neural Network 

The fundamental element of the neural network is called a neuron. As shown in Figure 3.2, a 

neuron consists of three parts: dendrites, soma, and axon. Dendrites are the tree-like structure that receives 

the signal from surrounding neurons. Axon is a thin wire like structure that transmits the signal from one 

neuron to others. At the end of axon, the contact to the other dendrites is made through a synapse. The 

inter-neuronal communication is usually made possible through chemical diffusion or electrical impulses. 

A neuron fires an electrical impulse only if certain condition is met [11]. 

13 



 

  
  

 

      

            

             

        

 

      
 

           

       

            

   

Figure 3.2: A Biological Neuron 

The incoming impulse signal from each synapse to the neuron is either helping or hindering , only 

if the helping signal is greater than a hindering signal a neuron fires. We assign a positive weight to helping 

signal and negative weight to a hindering signal. 

3.2.2 Artificial Neural Network 

The structure of artificial neural networks is based on our understanding of biological neural 

systems. The highly parallel processing is achieved using dense and weighted interconnects to simple 

processing unit. Neural networks have great potential in performing complex tasks such as speech and 

image recognition. 

14 



 

  
  

 

       

           

           

            

           

             

                 

             

           

      

           

              

       

Figure 3.3: Multilayer Artificial Neural Network [17] 

Fig 3.3, is a model of an ANN with two hidden layers. In this case each hidden layer has four 

neuron. The circles can be considered as a dendrite which receives information from there neurons through 

an axon interconnect. These interconnects are weighted and the output of a hidden unit is a function of 

sum of all products of weight and the input. 

Unlike an algorithmic systems, which has instructions to perform specific operation , the artificial 

neural network needs to be trained. This training involves update of network parameters in a way that it 

learns to give a particular output for a given input. Network topology, type of neural model, and learning 

rules are the key factors to consider in designing a neural network. 

3.3 Types of Neural Networks 

A Network topology is chosen solely based on the application. As already stated the theory 

involved in all the different networks are covered in [11-12].Here we will discuss the aspects of 

the networks that have been or can be implemented in circuits. 
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Convolutional Neural Network: 

Figure 3.4: Convolutional Neural Network [18] 

A CNN arranges neurons into a three dimensions vector. A CNN consists of Convolutional Layer, 

Pooling Layer, and Fully-Connected layer. These networks are used to perform complex image 

classification. In [2] matrix multiplication classifier some convolutional layer filtering is implemented. 

The fully connected net is a flavor of two stage ANN in implemented in this thesis. In chapter 4 we will 

go over how this can be implemented. 

Recurrent Neural Networks: 

Figure 3.5: Recurrent Neural Network [19] 
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Recurrent neural networks are used in natural language processing and datasets which contain time 

dependent information. Here the function of tanh and sigmoid of a given input is added and multiplied. In 

chapter 4 we will go over the implementation of the activation function in circuits. 

3.4 Neural Network Training 
Network training can be done in two ways 1. Supervised Learning, 2. Unsupervised Learning. In 

supervised learning the network in is trained with known outputs. In unsupervised learning the training is 

done without prior knowledge of the output [11-12]. For this analog classifier we implement artificial 

neural network with single hidden layer. Fig 3.3. 

3.4.1 Feedforward Network Function 
In the forward path input (Xn) is multiplied with the weight (Wn) and the is added to all the other 

node-weight products. This sum of products is added to the bias (b). This is then passed to a function 

called as activation function. 

Figure 3.6: Feed forward Network function 
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3.4.2 Activation Function 

Figure 3.7: Sigmoid (left) and Tanh (Right) Activation Function 

Activation function dictates the performance of a neural network. A wrong choice of activation 

function will an adverse impact in a network convergence. From Fig 3.6 we can see that the property of 

mosfet’s drain-source voltage vs gate-source voltage of a common source amplifier. This property of 

mosfet is exploited in the design the classifier. 

3.4.3 Softmax 
In a dataset softmax is given by the ratio of the element with respect to the sum of all other elements 

in dataset. This is important because the output of a forward propagation algorithm can be from a very 

low to high values. In circuits we are limited by the supply voltage at which we can operate a mos 

transistor. Thus use of this function is extremely critical in our training. 
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Figure 3.8: Softmax function [14] 

3.4.4 Back Propagation 
Our goal with backpropagation is to update each of the weights in the network so that they cause 

the actual output to be closer the target output, thereby minimizing the error for each output neuron and 

the network as a whole. 

Figure 3.9: Backpropagation 
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In figure 3.7 � is the derivative of feedforward network. Error is calculated by taking the difference of 

expected output to the output of the feedforward function. 

3.4.5 Gradient Decent 

Figure 3.10: Example of a gradient [15] 

Gradient Descent(GD) is a very popular optimization technique in Machine Learning and Deep 

Learning and it can be used with most, if not all, of the learning algorithms. A gradient is basically the 

slope of a function; the degree of change of a parameter with the amount of change in another parameter. 

Mathematically, it can be described as the partial derivatives of a set of parameters with respect to its 

inputs. The more the gradient, the steeper the slope. Gradient Descent is a convex function. We use 

stochastic gradient decent in our training which is a flavor of GD, where a few samples are selected 

randomly instead of the whole data set for each iteration. 
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Chapter 4. ANN Circuit Implementation 

4.1 Introduction 

While section 3 gave an overview of the theory behind training an neural network. We will apply 

the concepts and build a fully connected artificial neural network with common source amplifiers that can 

classify handwritten images also shown in [10]. 

4.2 The MNIST Dataset 

MNIST dataset is used because it is commonly available and image is a popular modality for IoT 

sensors. The MNIST dataset is a large handwritten dataset used for widely for training and testing neural 

networks. The database consists of 60000 Training Images and 10000 Testing Images. The dataset is 

centered 28x28 pixel image obtained by normalization of 20x20 NIST data. This 28x28 image is further 

resized to a 5x5 image using MATLAB. 

Figure 4.1: Snapshot of MNIST dataset 
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28x28 image 5x5 image 

resize 

Figure 4.2: Image resize 

Fig. 4.2 shows an example of the resizing operation used to convert 28x28 input image into a 5x5 

image. Even though downsizing the input image introduces loss, the input shape is retained which allows 

the classifier to perform predictions with good accuracy. The image is resized due to the pad area 

limitations in building a prototype. 

4.3 Design Flow 

Figure 4.3: Design flowchart 
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One slice of hidden neuron and output neuron are designed in transistor level and their transfer 

curves for different widths of input transistors are extracted using Spectre simulations. The extracted 

transfer curves are imported in Matlab for training the ANN. The MNIST dataset is split randomly into 

60,000 training data and 10,000 testing data. After the training is completed, the weights for hidden layer 

and output layer are imported into Spectre netlists for transistor level simulation. 

4.4 Activation Function Extraction 

0 0.2 0.4 0.6 0.8 1 
Vg 

0 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 
V s

d 

Vdd 

Vsd 

Vg 

Figure 4.4: Activation function extraction 

Fig. 4.4 shows a CS amplifier with PMOS diode load and the plot of drain-source voltage of the 

PMOS load versus input voltage. The transfer function has a similar shape as activation functions 

commonly used in machine learning literature, such as tanh and softmax. In contrast to prior CMOS 

implementation of activation functions [7], the proposed implementation uses only 2 transistors and has a 

much lower hardware cost which is an enabling factor for building a complete ANN classifier. 
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4.5 Choice of Hidden Neurons 
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Figure 4.5: Choice of hidden layer 

For this design, we have selected 28 hidden neurons which correspond to hidden layer power of 

0.4mW. Even though increasing the number of hidden layers increase the accuracy it increases the power 

and also increases the area. Since the loss of accuracy is solely due to the resizing of images, increasing 

the number of hidden layers is not a good option. 

4.6 Training Algorithm 

Fig 4.6 shows the pseudo-code snippet for training the ANN in matlab based on parameters 

extracted from Spectre simulations. The ANN weights are updated as the network iterates through each 

input from the training set. The weights are updated using the well-known stochastic gradient descent [8] 

operating point 
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which computes derivative of error (mean squared error for our case) with respect to current weights and 

calculates new weights based on the learning rate, derivative of error and current weights. 

Figure 4.6: Training Algorithm 

4.7 Proposed Architecture 

Input Hidden Layer Output Layer 

Figure 4.7: Proposed Architecture 
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The core arithmetic operation that an on-chip classifier needs to perform is given by f (P(WiXj) 

where f(.) can be linear or non-linear function (activation function), Wi is the weight vector and Xi is the 

input vector. 

4.8 Input Translation 

Each input is attenuated to limit the input swing from 0 to 0.4V such that the input transistors in 

the hidden layer never go into linear region. All the pixels of a particular image are parallelly fed to the 

classifier as piecewise linear signals. The outputs from the hidden layer are sent to the output layer. 

4.9 The Hidden Layer 

VDD 

VP[j] VM[j] 

W1,jW2,jWN,j 
W3,j W7,j WN-1,j 

x[N] x[2] x[1] x[3] x[7] x[N-1] 

Figure 4.8: Hidden layer 

The hidden layer weights are quantized to 3-bits (4-bits with sign). The output of the hidden neuron 

is given by the difference between drain-to-source voltages of the PMOS loads in the two halves. For each 

voltage input a corresponding current flows through each transistor. The sum of this currents flows from 

Vdd to ground through the pmos load. This current is converted as voltage. This implements a multiplier 

and an adder in current mode.[14] Fig 4.7 is the layout of a single hidden layer. 
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Figure 4.9: Layout of hidden layer 

4.10 Output Layer 

VDD 

Pk 

VP[1] 

U1,jU2,jUM,j 

VM[2]VP[M] VM[3] VP[7] VM[M-1] 

U3,j U7,j UM-1,j 

Figure 4.10: Softmax layer 

Each output neuron performs softmax function. The output layer weights are quantized to 7-bits 

(8-bits with sign) during ANN training to keep the ANN area small. The output layer has 10 neurons and 

the predicted output digit is the label associated with the output neuron with the highest value. This 

architecture is a modified differential architecture with weighted pmos transistors as inputs. 
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Figure 4.11: Layout of Softmax layer 

4.11 Argmax 

The outputs of output/softmax layer is in analog domain. Since reading parallel analog voltage is 

difficult due to the port requirement. This is converted to digital domain using comparators followed by 

9:1 AND gate. The comparator compare a single output with all the other outputs. Only is the value is 

high the 9:1 AND gate gives a high. 

Figure 4.11: Argmax layer 
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4.12 Full Chip Layout 

Figure 4.12: Full chip layout 
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Chapter 5. Simulation Results 

5.1 Introduction 

The ANN network trained using Matlab is simulated in Spectre. The test set contains 10,000 

images. The average classification accuracy over the 10 classes is 0.82. These results have also been 

presented in [10]. 

5.2 Mismatch 

Figure 5.1: Mismatch histogram 

It is interesting to assess the effect of mismatches on the classifier accuracy. The transistors are 

sized up to ensure that random mismatch does not exceed 2%. Fig. 5.1 shows the histogram of 

classification accuracy extracted from 10 monte-carlo runs across process and mismatch corners. It can 
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be seen that the classifier has an average accuracy of 0.819 with a standard deviation of 0.02. Thus, the 

classifier accuracy is not affected by random variations in transistor sizes. 

5.3 Noise 

Figure 5.2: Noise histogram 

Fig. 5.2 shows histogram of classifier accuracy as the proposed ANN performs classification 

repeatedly on the same test set in presence of transient noise. The standard deviation of classification 

accuracy is only 0.17m indicating that the proposed ANN has very high signal-to-noise ratio. 
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5.4 Confusion Matrix 
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Figure 5.3: Confusion Matrix 

Fig. 5.3 shows the confusion matrix for the test set. The average classification accuracy over the 

10 classes is 0.82. As shown in the confusion matrix, the accuracy for classifying ‘2’ is the highest at 0.89 

while accuracy for classifying ‘3’ is the lowest at 0.77. Digit ‘3’ has a low classification accuracy because 

it is similar in structure to ‘8’ and ‘5’ and the classifier has incorrectly labeled ‘3’ 7% times each when 

the input is ‘5’ or ‘8’. The classification accuracy is limited by the errors introduced due to resizing of the 

input images and can be improved further if the number of input features can be increased. 
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5.5 Precision and Recall 

Label Precision Recall F1 score Support 

0 0.9122 0.8135 0.86 980 

1 0.91724 0.8076 0.8589 1135 

2 0.7355 0.8764 107998 1032 

2 0.7733 0.7627 0.7679 1010 

4 0.8921 0.8241 0.8567 982 

5 0.7018 0.7825 0.74 892 

6 0.8914 0.8472 0.8688 958 

7 0.8424 0.8507 0.8465 1028 

8 0.5287 0.77 0.6273 974 

9 0.8662 0.7502 0.804 1009 

Table 5.1: Precision and Recall 

While accuracy is a good measure of how effective a classifier is, for multinomial classes with 

uneven distribution, accuracy does not provide the complete picture. We need other metrics like precision, 

recall [9] and f1 score to evaluate the performance of the classifier. Table I presents the precision, recall, 

f1 score and support values for the classifier using 10,000 test data. Considering the class ‘1’, ”precision” 

of class ‘1’ is the ratio of correctly predicted ‘1’s to the total number of images which are predicted as ‘1’ 

by the classifier. ”Recall” for class ‘1’ is the ratio of correctly predicted ‘1’s to the actual number of ‘1’s 

in the dataset. In other words, ”precision” is the ratio of true positive to (true positive + false positive), 

while ”recall” is the ratio of true positive to (true positive + false negative). Thus, a high precision and 
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high recall value indicates that the classifier is performing well. ”f1 score” captures the effect of both false 

positives and false negatives by taking the harmonic mean of precision and recall. The ”support” column 

in Table 5.1 indicates the number of times each class appears in the test dataset. The proposed classifier 

has the lowest f1 score for ‘8’. This observation is consistent with the confusion matrix plot in Fig. 5.3 

and the low f1 score is due to the fact that after reducing the input features, the distinction between ‘3’, 

‘5’ and ‘8’ are reduced. 

5.6 Comparison Table 

[3] [1] [5] This work 

Process(nm) 130 130 130 65 

Architecture ADC Comparator SRAM Amplifier 

Application Gender MNIST MNIST MNIST 

Accuracy 0.83 0.9 0.9 0.82 

Speed (MHz) 0.02 0.2 50 1 

Energy(nJ/ 
Classification) 

655a 0.534a 0.633a 0.1b 

Table 5.2: Comparison with state of the art (a-measured b -simulated) 

Table 5.2 compares our work with state-of-the-art classifiers. All of [1], [3], [5] implements only 

the weak linear regression classifiers on-chip and the boosting is done off-chip to improve accuracy. As 

can be seen from Figure 5.4, the proposed classifier consumes 5X lower energy/classification than state-

of-the-art while achieving comparable classification accuracy as existing analog/mixed-signal classifiers. 

Accuracy of our classifier can be improved if we can accommodate a larger input size. 
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Chapter 6. Conclusion and Future work 

In this thesis, An analog machine learning classifier which uses two-transistor common-source 

amplifier as the basic building block. The popular MNIST dataset with hand written images from 0-9 is 

used to demonstrate the effectiveness of the proposed classifier. The proposed classifier has an accuracy 

of 0.82 and consumes only 100pJ/classification which is 5X better than state of-the-art. This design is 

taped out and the measurement results will be recorded from the prototype. 

In Future, this activation function extraction technique can be used to build complex machine learning 

accelerators on silicon. In this work the weights are fixed and the functionality is restricted to a particular 

dataset. However, this can be made reconfigurable by using digital switches to control the transistor 

weights. 
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