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ABSTRACT 

 

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

nonlinear activation function is presented in this work. A shallow ANN is designed in 65nm 

CMOS to perform binary classification on breast cancer dataset and identify each patient data as 

either benign or malignant. Use of common-source amplifier structure simplifies the ANN and 

results in only 39fJ/classification at 0.8V power supply and core area of only 240um2. The 

classifier is trained using MATLAB and validated using Spectre simulations. 
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I. Introduction 

 

  With the push from cloud computation and pull from Internet of Things, the era of post-cloud 

will arrive soon. There will be a huge quantity of data generated by things that are immersed in 

our daily life, it is predicted that by 2019, data produced by people, machines and things will 

reach 500 zettabytes, as estimated by Cisco Global Cloud Index. However, the global data center 

IP traffic will only reach 10.4 zettabytes by this time, so it is obvious that the computation 

capability of cloud is far less than the emerging need from devices, machines and things. When it 

comes into the case where many IoT applications require fast response time or some involve 

private data, and the case where a large quantity of data being a heavy load for networks thus it 

will be inefficient or even impossible for cloud computing to support it. 

  With such challenges approaching together with the arriving of the era of IoT, a key solution 

that has been envisioned by people is edge computing. Edge computing refers to the enabling 

technologies making computation being able to be performed at the edge of the network, the 

edge can be defined as any computing and network resources along the path between data 

sources and cloud data center, a smart phone, a security camera, a car, all of this can act as the 

edge of IoT. For example, in the case of autonomous driving, more than one Gigabyte data can 

be generated by the car every second and it require on-time processing for the vehicle to make 

right driving operations. Performing the intelligent image processing on cloud will lead to an 

exceeding long response time which is not acceptable for the vehicle, and the stability of network 

has not been included. The data needs to be processed by local edge devices for shorter response 

time. Many applications have this demand for edge computing while the power and area 

consuming can be a challenge for us to address. And the circuit we introduce in this article is 

also targeted to overcome this difficulty in a certain application. 

   Artificial intelligence (AI) and machine learning algorithms are used in a wide variety of 

applications including medical diagnostic systems. While AI algorithms have traditionally been 

developed and tested on graphics processing units (GPUs), there have been recent efforts to 

implement AI classification algorithms using analog integrated circuits [1] – [5]. Compared to 

GPUs, energy consumed by custom analog AI circuits are several orders lower in magnitude, 

thus holding the potential for integration of AI circuits into future internet-of-things 

(IoT) devices. However, existing analog AI circuits have so far demonstrated only multiply-and-

add capabilities [2] – [4] or implemented a sub-circuit, such as linear regression [5], [6]. 

   In this work, we report a complete analog artificial neural network (ANN) classifier that 

detects benign or malignant breast cancer on the popular Wisconsin breast cancer dataset 

(WBCD) [7]. The WBCD has 9 attributes corresponding to biopsy results on 699 patients and is 

grouped into two classes: benign (458 patients) and malignant (241 patients). We use an ANN 

with 1 hidden layer and common-source (CS) amplifier based nonlinear activation function to 

implement the complete ANN classifier in 65nm CMOS technology. The proposed binary 
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classifier consumes only 39fJ/classification which is several orders better than the gender 

detection system [3] with 655nJ/classification. The rest of this paper is organized as follows: the 

concepts of artificial neural network and how people fit the model parameters (also indicated as 

training the network) using certain algorithm is discussed in Section II. The circuit design of the 

proposed classifier is presented in Section III. Simulation results and how we do the layout of the 

circuit are presented in Section IV. Section V is conclusion. 

 

 

II   Basic knowledge of artificial neural network 

 

   As the circuit we build is based on the mathematical model of neural network, here we shall 

introduce the concepts and equations of it before we explain the architecture of circuit in next 

chapter. The class of learning methods that is called neural network was developed separately in 

statistics and artificial intelligence as well as other fields. The central idea is to extract linear 

combinations of the inputs as derived features, and then model the target as a nonlinear function 

of these features. We first discuss the projection pursuit model which raised in the domain of 

semiparametric statistics and smoothing. And then we will learn the relationship of neural 

network and projection pursuit model and how we derive it. 

 

II.I   projection pursuit regression model (PPR) 

 

  In many situations we can always assume the input is a vector X with p components, and a 

target Y. let Let 𝜔𝑚 , m = 1, 2, …. , M, be unit p-vectors of unknown parameters. The projection 

pursuit regression (PPR) model has the form 

f(X) =  ∑ 𝑔𝑚(𝜔𝑚
𝑇

𝑀

𝑚=1

𝑋) 

 

This is an additive model, but in the derived features 𝑉𝑚 =  𝜔𝑚
𝑇 𝑋 rather than the inputs 

themselves. The functions 𝑔𝑚 are unspecified and are estimated along with the directions 𝜔𝑚  

using some flexible smoothing method. The function 𝑔𝑚 is called a ridge function, it varies only 

in the direction defined by the vector 𝜔𝑚 . The scalar variable 𝑉𝑚 =  𝜔𝑚
𝑇 𝑋  is the projection of X 

onto the unit vector 𝜔𝑚  , and we seek 𝜔𝑚   so that the model fits well, hence the name 

“projection pursuit”. Figure 2.1 shows some examples of ridge functions. In the example on the 

left ω = (1/√2)(1,1)𝑇, so that the function only varies in the direction 𝑋1+ 𝑋2 . In the example 

on the right, ω = (1,0). 
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Figure 2.1   perspective plots of two ridge functions. 

 

Left: g(V) =
1

[1+exp(−5(𝑉−0.5))]
 , where V = (𝑋1 + 𝑋2)/√2 

 

Right: g(V) = (𝑉 + 0.1) sin (
1

𝑉

3
+0.1

) , 𝑤ℎ𝑒𝑟𝑒 𝑉 =  𝑋1 

 

 

 

 

  The PPR model is very general since the operation of forming nonlinear functions of linear 

combinations generates a large class of models. For example, the product X1 ·X2  can be written 

as [( 𝑋1+ 𝑋2)2 − ( 𝑋1− 𝑋2)2 ]/4 , and higher-order products can be represented similarly. In 

fact, if M is taken arbitrarily large, for appropriate choice of 𝑔𝑚 the PPR model can approximate 

any continuous function in Rp arbitrarily well. Such a class of models is called a universal 

approximator. However this generality comes at a price. Interpretation of the fitted model is 

usually difficult because each input enters into the model in a complex and multifaceted way. As 

a result the PPR model is most useful for prediction, and not very useful for producing an 

understandable model for data.  

  How do people fit a PPR model, given training data (𝑥1, 𝑦𝑖), i = 1,2, … , N?  Conceptually we 

can always achieve this by defining an error function that measure the difference between model 

output and corresponding real target, and minimizing it to fit the model. 

Error(X) =  ∑ [𝑦𝑖 − 𝑔𝑚(𝜔𝑚
𝑇

𝑁

𝑚=1

𝑋)]2 

  For the extreme simple case where M = 1, given the direction vector, then we have a one-

dimensional smoothing problem, and we can apply any scatterplot smoother to obtain an 

estimate of 𝑔𝑚. 

   On the other hand, given 𝑔  , we want to minimize the error function over ω . A Gauss- 

Newton search method can be used to do this task.  
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  The two steps of estimation, are iterated until convergence. With more than one term in the PPR 

model, the model is built in a forward stage-wise manner, adding a pair (𝑔𝑚, 𝜔𝑚) at each stage. 

The model building stops when the next term does not appreciably improve the fit of the model. 

Cross-validation can also be used to determine M.  

  The projection pursuit regression model has not been widely used in the field of statistics, 

perhaps because at the time of its introduction (1981), its computational demands exceeded the 

capabilities of most readily available computers. But it does represent an important intellectual 

advance, one that has blossomed in its reincarnation in the field of neural networks. 

 

II.II   artificial neural network (ANN) model 

 

  The term neural network has evolved to encompass a large class of models and learning 

methods. A neural network is a two-stage regression or classification model, typically 

represented by a network diagram as in Figure 2.1. The network applies both to regression or 

classification. For regression typically K = 1 and there is only one output unit 𝑌1 at the top. 

However, these networks can handle multiple quantitative responses in a seamless fashion, so we 

will deal with the general case. 

 

 
 

Figure 2.1   typical neural network diagram 
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Figure 2.2   a schematic graph of  a single neuron 

 

  For K-class classification, there are K units at the top, with the kth unit modeling the probability 

of class k. There are K target measurements 𝑌𝑘, k = 1,2, … , K, each being coded as a positive 

number within 0-1 for the kth class. 

  Derived features 𝑍𝑚 are created from linear combinations of the inputs, and then in the output 

layer the target 𝑇𝑘 is modeled as a function of linear combinations of the 𝑍𝑚 , 

𝑍𝑚 =  𝜎(𝑏𝑚 +  𝛼𝑚
𝑇 𝑋), 𝑚 = 1, . . .  , M, 

 

𝑇𝑘 =  𝛽0𝑘 +  𝛽𝑘
𝑇𝑍  , 𝑘 = 1, . . .  , K, 

𝑓𝑘(𝑋) =  𝑔𝑘(𝑇), 𝑘 = 1, … , 𝐾, 
 

Where Z = (𝑍1, 𝑍2, … , 𝑍𝑀), 𝑎𝑛𝑑 𝑇 = (𝑇1, 𝑇2, … , 𝑇𝐾). 

  The activation function 𝜎(𝑣) is usually chosen to be the sigmoid 𝜎(𝑣) = 1/(1 + 𝑒−𝑣) as it is 

shown in figure 2.3 , this artificial activation function is designed as this so when combination 

scaling vector 𝛼𝑚
𝑇  is modified by a slight value, the output will also get a slight change. Assume 

the input (𝑏𝑚 +  𝛼𝑚
𝑇 𝑋) is a large positive number, then 𝜎(𝑣) = 1/(1 + 𝑒−𝑣) ≈ 1, and when the 

input is a large negative number, 𝜎(𝑣) = 1/(1 + 𝑒−𝑣) ≈ 0 , only when input take some value 

not large enough the output will change corresponding to the input. And for this activation 

function, it’s not important to perform exactly as the equation we give above but the shape of it 

accounts. In real situation when we use a different activation function the most significant 

change is the partial derivative of the activation function and it leads to different speed of 

optimizing the error function. 
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Figure 2.3   the plot shows sigmoid function 𝜎(𝑣) = 1/(1 + 𝑒−𝑠𝑣) where s is the parameter 

controls the activation rate of it, s = 1 for red curve, s = 0.5 for blue curve, s = 10 for purple 

curve 

 

  The output function 𝑔𝑘(𝑇) allows a final transformation of  the vector of outputs T. For 

regression we typically choose the identity function 𝑔𝑘(𝑇) =  𝑇𝐾 . But here we shall introduce a 

normalized function called softmax function  

𝑔𝑘(𝑇) =  
exp (𝑇𝑘)

∑ exp (𝑇𝑙)
𝐾
𝑙=1

 

   

One can notice that the sum of all 𝑔𝑘(𝑇) equals exactly to one, and whatever the integer the 

index k takes, 𝑔𝑘(𝑇) is always positive, thus it can be taken as the possibility the output lies in 

category-k, this softmax function makes the meaning of final output more clearly. 

  The units in the middle of the network compute the derived features 𝑍𝑚, are called hidden 

neurons because the values 𝑍𝑚 are not directly observed. Generally there can be more hidden 

layers, increasing the number of layers and hidden neurons yield a higher accuracy theoretically 

toward a general classification task, modern convolutional neural network can have more than 

thousand hidden layers and more than million neurons, however for some tasks not that complex, 

simply increasing the number of hidden layers some time cant get you a better result. 

  Notice that if σ is the identity function, then the entire model collapses to a linear model since 

the multiplication of the matrix of each layer is still a single matrix. Hence a neural network can 

be thought of as a nonlinear generalization of the linear model, both for regression and 

classification. By introducing the nonlinear transformation σ, it greatly enlarges the class of 

linear models.  

Notice that the neural network model with one hidden layer has exactly the same form as the 

projection pursuit model described above. The difference is that the PPR model uses 

nonparametric functions 𝑔𝑚(𝑣) while the neural network uses a far simpler function based on 

𝜎(𝑣) , with three free parameters in its argument.  
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The name “neural networks” derives from the fact that they were first developed as models for 

human brain. Each unit represents a neuron, and the connections represent synapses. In early 

models, the neurons activate when the signal passed to that unit exceeded a certain threshold. In 

our modern model, this corresponds to use of a nonlinear activation function and its smoother for 

optimization.  

 

 

II. III                   fitting neural network 

   

   The neural network model has parameters need to be fitted, 𝛼𝑚
𝑇  , its element often called 

weights, can be fitted by optimizing the error function similar with that we defined in the chapter 

of PPR model. For each hidden layer neuron, we need a vector 𝛼𝑚  with p elements to generate 

the output, and we have M neurons, so totally we need a M × p matrix to represent all the 

weights, and similarly we need a K × M matrix to form the weights for output layer. 

Here we define a loss function to represent the deviation of the model and reality. 

Loss(α, β) =  ∑

𝐾

𝑘=1

∑ [𝑦𝑖𝑘 −  𝑓𝑘(

𝑁

𝑚=1

𝑋)]2 

 

The generic approach to minimizing loss function is by gradient descent, or so-called back-

propagation method. The gradient can be easily derived using the chain rule for differentiation. 

This can be computed by a forward and backward sweep over the network, keeping trach only of 

quantities local to each unit. 

   Here are details of the back-propagation for squared error loss function. Here 𝑧𝑚𝑖 is the hidden 

layer output of m-th neuron when the input we use is 𝑥𝑖 , 𝑧𝑚𝑖 =  𝜎(𝑏𝑚 + 𝛼𝑚
𝑇 𝑥𝑖), 𝑚 = 1, . . .  , M, 

and 𝑧𝑖 = (𝑧1𝑖, 𝑧2𝑖, … , 𝑧𝑀𝑖). then we calculate the derivatives of loss function, 

 
∂L

∂𝛽𝑘𝑚
=  −2(𝑦𝑖𝑘 −  𝑓𝑘(𝑥𝑖))𝑔𝑘

′ (𝛽𝑘
𝑇𝑧𝑖) 𝑧𝑚𝑖 

 

∂L

∂𝛼𝑚𝑙
=  − ∑ 2(𝑦𝑖𝑘 −  𝑓𝑘(𝑥𝑖))𝑔𝑘

′ (𝛽𝑘
𝑇𝑧𝑖)𝛽𝑘𝑚 𝜎′

𝐾

𝑘=1

(𝛼𝑚
𝑇 𝑥𝑖) 𝑥𝑖𝑙 

 

Have known these derivatives of weights, the gradient descent update can be performed by doing 

it in an iterative way, in the (r+1)st iteration,  

𝛽𝑘𝑚
𝑟+1 =  𝛽𝑘𝑚

𝑟 −  𝛾𝑟 ∑
𝜕𝐿𝑖

𝜕𝛽𝑘𝑚
𝑟

𝑁

𝑖=1

 

 

𝛼𝑚𝑙
𝑟+1 =  𝛼𝑚𝑙

𝑟 −  𝛾𝑟 ∑
𝜕𝐿𝑖

𝜕𝛼𝑚𝑙
𝑟

𝑁

𝑖=1

 

 

 

where 𝛾𝑟 is the learning rate. 
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   In real programing code realizing this back-propagation method, usually we define other two 

parameters 𝛿𝑘𝑖 and 𝑠𝑚𝑖 to represent the multiplication in that derivative equations as those parts 

is needed to be used repeatedly. It can be written as 
∂𝐿𝑖

∂𝛽𝑘𝑚
=  𝛿𝑘𝑖𝑧𝑚𝑖 

 
∂𝐿𝑖

∂𝛼𝑚𝑙
=  𝑠𝑚𝑖𝑥𝑖𝑙 

 

   The quantities 𝛿𝑘𝑖 and 𝑠𝑚𝑖 are deviations from the current iteration round model at the output 

and hidden layer units, respectively. From their definitions, these errors satisfy 

𝑠𝑚𝑖 =  𝜎′(𝛼𝑚
𝑇 𝑥𝑖) ∑ 𝛽𝑘𝑚

𝐾

𝑘=1

𝛿𝑘𝑖 

    

   Known as the back-propagation equations. Using this, the updates can be implemented with a 

two-round algorithm. In the forward round, the current weights are fixed and the predicted values 

𝑓𝑘(x) are computed. In the backward round, the deviations 𝛿𝑘𝑖 are computed, and then back-

propagated via the equation above to give 𝑠𝑚𝑖 .  

   The advantages of back-propagation are its simple and local nature. In the back-propagation 

algorithm, each hidden unit passes and receives information only to and from units that share a 

connection. Hence it can be implemented efficiently on a parallel architecture computer. 

 

III   implementing ANN classifier circuit using CMOS devices 

 

   The core arithmetic operation that a classifier needs to perform is given by 𝜎(𝑏𝑚 +  𝛼𝑚
𝑇 𝑋). 

Analog implementation of activation function is more energy and area efficient than digital 

implementation since analog computation leverages the full physical properties of MOS device 

compared to digital implementation which uses MOS device as a switch. We propose to take 

advantage of inherent large-signal nonlinearity of a CS amplifier to implement nonlinear 

activation function for hidden layer and output layer. Instead of designing circuits which closely 

match widely used activation functions like tanh, we use a CS amplifier as shown in Fig to 

approximate tanh and softmax activation functions, thus simplifying the hardware cost greatly 

compared to conventional circuit implementations of these activation functions. In order to get 

good classification accuracy with the proposed approximate activation functions, we design 1 

slice of the hidden and output layer in SPICE, extract their transfer curves and import the data in 

MATLAB to train the complete ANN classifier.  
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Figure 3.1   basic unit implementing 𝜎(𝑏𝑚 + 𝛼𝑚
𝑇 𝑋) operation and its transfer curve 

 

   Figure 3.2 shows the design technique used for the proposed classifier. Figure 3.3 shows the 

pseudo-code snippet used to train the ANN in MATLAB based on parameters extracted from 

SPICE simulations.  

   The ANN weights are updated by back-propagation as the network iterates through each input 

from the training set. We split the WBCD dataset randomly into training set containing 419 data 

and test set containing 280 data. The 9 attributes in the WBCD dataset have integer values 

between 0-10. We scale the attributes to fit them into 0.3V-0.6V range before feeding them to 

the proposed ANN circuit. The ANN weights are initiated to random values at the start of 

training. 

   The weights are updated using the well known stochastic gradient descent algorithm, figure 3.3 

shows the pseudo code of it. 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. After many times of simulation, we found that some 

large input elements play a key role in deciding the hidden-layer output, besides we have 

designed smartly to let the hidden-layer output has a large swing, so it gives us the chance to 

further reduce the number of transistors by simplifying the weight matrix into binary. In another 

word, for this dataset, we found that it’s not the value of a weight element counts but whether it 

exists. Figure 3.4 shows the value of the weight matrix after we set it to be binary. Figure 3.5 

shows the training accuracy versus number of iterations. The ANN takes less than 40 iteration to 

reach high accuracy. 
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Figure 3.4   weight matrix of the circuit 

 

 

 

 
 

Figure 3.5   training accuracy of each iteration 
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Figure 3.6   design flow chart 
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Figure 3.6   pseudo code of back-propagation algorithm 

 

 

   Figure 3.7 shows the transistor level schematic of the proposed classifier. The classifier has 1 

input layer with 9 inputs, 1 hidden layer with 5 hidden neurons and 1 output layer with single 

output neuron. The weights of the hidden layer as well as that of the output layer are encoded in 

the widths of the NMOS transistors in each neuron as shown in Figure 3.1. The input signal is 

scaled into 0.3V - 0.6V and then be fed to the gate of NMOS, a current linearly to the input 

voltage signal is generated since the range of input signal ensures the devices working in 

saturation region. Addition operations in both hidden and output layer are performed in current 

domain. And for the output layer, it’s no need to implement softmax function, since in our case 

only binary output will be generated. The pseudo-differential amplifier in the output layer has a 

large output swing which allows direct classification of the output as ‘0/1’. 

Since the activation functions are based on current mode operations, the proposed classifier is 

immune to charge injection errors unlike switched-capacitor implementations. The relatively 

simple nature of the proposed classifier circuit results in very low power consumption and allows 

classifications to be performed at high speed. As will be shown in Section IV of simulation 

result, the proposed classifier has good immunity against random mismatches and variations in 

power supply voltage. 
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Figure 3.7   schematic of the ANN classifier circuit 

 

 

 

 

 

IV.     circuit layout and simulation result 

 

Figure 4.1 shows layout of the proposed classifier designed in 65nm CMOS technology. The 

entire classifier core occupies an area of16um × 15um. And figure 4.2 shows the layout within 

16-pins pad frame, another voltage buffer sub circuit is used to make the output able to drive 

load.  
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Figure 4.1   layout of the classifier circuit 

 

 
 

Figure 4.2   entire layout 
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   We took 280 samples (40% of the whole dataset) as test set each time, also we generated 

several different test sets by randomly picking samples into the test set each time, the test set we 

got every time has different ratio of benign samples and malignant samples. The average 

accuracy of classification is 96%.  

   Figure 4.2 shows the post-layout receiver operating characteristic (ROC) curve of the proposed 

classifier. The area under the ROC curve(AUC)is an indicator of the performance of the 

classifier and is 0.989 for our classifier which indicates high accuracy for both two kinds of 

targets no matter how the ratio of positive instances and negative instances changes. 

 

   An ROC (receiver operating characteristic) curve is the graph showing the performance of a 

classification model at all classification thresholds. A ROC curve plots TP rate vs. FP rate at 

different classification thresholds. Lowering the classification threshold classifies more items as 

positive, thus increasing both False Positives and True Positives. And we get the AUC (area 

under the curve of ROC) to estimate the performance of classification. AUC is equal to the 

probability that a classifier will rank a randomly chosen positive instance higher than a randomly 

chosen negative one. Thus a rather high AUC near 1 indicates that the classifier gets a better 

separability. Where TP, TN, FP, and FN denote true positives, true negatives, false positives, and 

false negatives, respectively.  

   True positive (TP): a sample classified to be malignant and it’s correct.  

   True negative (TN): a sample classified to be benign and it’s correct. 

   False positive (FP): a sample classified to be malignant while the true label of it is benign. 

False negative (FN): a sample classified to be benign while the true label of it is malignant. 

 

 
 

Figure 4.3   ROC plot of the test 1 of the proposed classifier 

 

 

Figure 4.4 shows the classifier accuracy and energy versus power supply voltage Vdd, and 

operating frequency. As seen from Figure 4.4, the classifier has an accuracy of 0.964 as long as 

Vdd larger than 0.7V. Once Vdd drops below 0.7V, the accuracy drops to 0.84 at Vdd = 0.6V. 
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The classifier energy reduces with Vdd and the classifier consumes only 39fJ at 0.8V. Figure 4.5 

shows classifier accuracy and energy versus operating frequency. The classifier maintains a high 

accuracy up to frequencies of 400MHz and the accuracy starts reducing as the classifier 

operating frequency exceeds 400MHz. The classifier energy is 39fJ at 300MHz. 

 

 
 

Figure 4.4   accuracy vs Vdd 

 

 
 

Figure 4.5   accuracy vs operating frequency 
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Figure 4.6 shows the histogram of classification accuracy extracted from 50 Monte-Carlo runs 

across process and mismatch corners. It can be seen that the classifier ahs an average accuracy of 

0.96 with a standard deviation of 0.017. Thus the classifier accuracy is not significantly affected 

by random variations in transistor sizes. 

 

 
 

Figure 4.6   accuracy vs Monte-Carlo simulation runs 

   

 

   Table 1 compares our work with existing WBCD classifiers. Most of WBCD classification has 

been done using neural networks implemented using python or Matlab programs on GPU which 

can easily consume several mJ/classification. It can be seen from Table 1 that the proposed 

classifier implemented on CMOS technology can achieve similar classification accuracy as GPU 

based ones while it consumes only 39fJ. 
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V   Conclusion 

 

   In this paper, we have presented an analog machine learning classifier which uses two-

transistor common-source amplifier as the basic building block. We have used the popular 

WBCD dataset for breast cancer which has two classes: benign and malignant depending on the 

values of 9 attributes obtained from biopsy data. The proposed classifier has an accuracy of 0.96 

and consumes only 39fJ/classification which is several orders of magnitude better than existing 

CMOS classifiers. By properly scaling the input signal to the desired range and selecting the size 

of PMOS transistors, we obtain a large output swing for the neurons, this large swing give us the 

opportunity to try simplifying the number of weight NMOS transistors into binary for further 

reducing the power consume of the circuit. And the usage of comparator in the output layer 

makes the final output binary directly, making it perfect to fit with the binary target value of the 

original WBCD dataset. 

   In many edge computing situations, low power computing devices like this work is needed 

very much. Despite that the classification of WBCD dataset is not as complex as the task of 

building automobile system, but it shows the potential of building edge computing devices using 

analog design. In biomedical field, we can build similar devices whose input signal is fed by real 

time always-on sensors, the power advantage will make it perfect to be embedded into wearable 

devices. 

   In this work we train the model offline and fix the parameters in the circuit, this, however, in 

some degree limits the use of the classifier since it can only deal with one dataset once the circuit 

is manufactured. In future we can enlarge the size of circuit and add switches on each weight 

transistor so that we can control model parameters, it means we can use the same circuit to 

perform classification tasks on different dataset, which will make it far more flexible to be used. 
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