
Sub-micron Parameter Scaling for Analog Design 

Using Neural Networks 

A.A. Bagheri-Soulla 

School of Engineering, Shahed University 

Tehran, IRAN  

ali.soulla@gmail.com 

M.B. Ghaznavi-Ghoushchi 

School of Engineering, Shahed University 

Tehran, IRAN  

ghaznavi AT shahed.ac.ir

 

 
Abstract—In present work we aimed to develop a NN 

based approach to translate the design parameter from a 

submicron technology to a long channel one. The 

proposed approach is able to find the superseded design 

parameters in 1.2�m technology using the input 

information, which are design parameters of Gain, Phase 

Margin, Unity Gain Bandwidth and Power in TCMS 

0.18�m. The training data are obtained by various 

simulations in the HSPICE design environment with 

TSMC 0.18�m process nominal parameters. The neural 

network structure is developed and trained in the C++ 

based program. To observe the utility of proposed neural 

network model it is tested through at least 50 samples. 

Experimental results show validity of our approach in 

less than 0.5db error for gain, less than 1 degree phase 

error for phase margin, 0.1db for unity gain bandwidth 

and 0.05db for power. 

analog design; sub-micron design; neural networks; 

parameter scaling. 

I.  INTRODUCTION 

We have scaling theory on how we can scale down 
a MOS transistor’s parameters. Submicron transistor’s 
model has more parameter and should be more 
accurate. Some of the transistor’s parameter is variable 
in higher level model and they affect the design 
parameter like gain, phase margin, unity gain 
bandwidth and power. So how we can relate design 
parameter for example in an Op-amp in two different 
technologies when we scale down or scale up a design. 

Sub-micron transistor’s model has more parameter 
and is more accurate. For example we can achieve an 
acceptable result from level 1 simulation model for a 
transistor whit 2�m channel length but level 1 
simulation result is not acceptable at all for a 0.18�m 
transistor. While level 49 or higher levels (like level 54) 
are most suitable for 0.18�m and smaller feature sizes. 
Level 1 model has about 8 parameters for a simulation, 
LAMBDA and some of important parameters are 
constant but in higher level e.g. Level 3 we have about 
20 parameters and we have some variable parameters 
like LAMBDA. Here some problems arise for example 
in equation (1) the gain of a two stage op-amp written it 
in basic parameter as possible. If we accept gain 
equation is true (it has not enough accuracy to be used 

in submicron region). What will happen for gain in 
scaling, while lambda, mobility and currents come with 
complicated relations?  
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There is some approach to scale down an analog 
circuit with circuit optimization techniques but these 
techniques need to write circuit’s equations and they 
need optimization techniques that are complicated by 
them self [8].  There has been a large research effort in 
the field of analog synthesis tools [9-11]. These tools 
aid to design circuits interactively by using special 
libraries that include circuit topology, design rules, 
macro-models, etc. they want to use a topology in some 
different technology with their library  data. 

 So we want to relate design parameter in an analog 
design like op-amp in two different technologies when 
we scale down or scale up a design. 

For this purpose we select a two stage op-amp 
illustrated in Figure 1.  

 
 

 
Figure 1.  Figure 1: Two stage op-amp [7] 
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II. SCALING 

There are three types of scaling: 
• Full Scaling (Constant Electrical Field): Ideal 

model dimensions and voltage scale together by the 
same factor S [1]. 

• Fixed Voltage Scaling: Most common model until 
recently only dimensions scale and voltages remain 
constant [1]. 

• General Scaling: voltages and dimensions scale 
with different factors [1]. 

Because of lack in other scaling technique, we used 
general scaling in our work. Full scaling can not be 
used because voltage can not be scale as same as 
technology and fixed voltage is not acceptable because 
supply voltage and threshold voltage of each 
technology is defined. Table 1 contains scaling relations 
[1]. 

TABLE I.  SCALING EQUATIONS [1] 

 

III. THE MULTI LAYER PERCEPTRON NEURAL 

NETWORKS 

Multilayer Perceptron (MLP) is the most common 
neural network model, consisting of successive linear 
transformations followed by processing with non-linear 
activation functions. MLP represents a generalization of 
the single layer perceptron, which is only capable to 
construct linear decision boundaries and simple logic 
functions. However, by cascading perceptrons in layers 
complex decision boundaries and arbitrary Boolean 
expressions can be implemented. MLP is also capable 
to implement nonlinear transformations for function 
approximations. [2-3]. 

The network consists of a set of sensory units 
(source nodes) that constitute the input layer, one or 
more hidden layers of computation nodes, and an 
output layer. Each layer computes the activation 
function of a weighted sum of the layer's inputs. The 
input signal propagates through the network in a 
forward direction, on a layer-by layer basis. The 
learning algorithm for multilayer perceptrons can be 

expressed using generalized Delta Rule and gradient 
descent since they have non-linear activation functions 
[4]. In the general form of an MLP network, the xi 

inputs are fed into the first layer of xh,l hidden units. The 
input units are simply 'fan-out' units: no processing 
takes place in these units. The activation of a hidden 
unit (neuron j) is a function fj of the weighted inputs 
plus a bias, as given in equation (2). 

( ) ( )pj j ji pi j j pj

i

x f w x f yθ= + =�     (2) 

Where wji is the weight of input i to neuron j, xpj is 
input i, that is, output i from the previous layer, for 
input pattern p and �j is the threshold value. The output 
of the hidden units is distributed over the next layer of 
xh,2 hidden units until the last layer of hidden units, of 
which the outputs are fed into a layer of xo output units 
[5]. 

 

IV. DEVELOPMENT OF NEURAL NETWORK MODEL 

To find the most appropriate model for different 
design parameter values, op-amp has to be simulated in 
a large region of transistors channel width and other 
variable parameters. The variable parameters for 

simulations are 1 8 ,..., , ,C biasW W C I . In our 

simulation we assumed 
61/CR gm= [7]. Adding the 

output value Gain, Phase Margin, Unity Gain 
Bandwidth and Power of the simulations. A program in 
C++ generates net-lists in HSPICE format with random 
value for variable parameters and then calls HSPICE 
and simulates the circuit with HSPICE. Then the output 
value gain, phase margin, unity gain and power from 
HSPICE output are extracted. In the next step, program 
scales up the same net-list and do simulation for new 
net-list. The variable parameter and output value are 
captured and saved in this step too. 

Random values are generated around a core of a 
feasible design with a deviation. For example we have 
feasible design in this design parameters 

are 1 2 6 1 ,..., 12.3W W m W mµ µ= = = .We took 

these value as core parameters and with respect to their 
value we generate random value, random generation 

range for 6W  is from 2�m to about 25�m but this 

range for 
1W is limited to 0.4�m to 2.5�m.The test data 

were obtained randomly in the same range and they 
were different from the training data. Over 1000 data 
points were obtained from HSPICE simulations. The 
simulation of the neural network was performed in the 
C++ based program. 50 randomly made test data were 
applied for testing. The NN applied structure is shown 
in figure 2.  
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Figure 2.  NN structure used for training process 

Generated samples format are as below: gain is in 
db, phase margin is in degree, unity gain and power are 
in 10log(x) format. Figure 3 shows error of network for 
50 of test data. The result shows our approach can 
estimate an acceptable result for scaled circuit design 
parameters. In table 2 we illustrate a complete net-list 
parameter values in 0.18�m and in table 3 we shows 
design parameter in 0.18�m that HSPICE calculate 
them and scaled circuit design parameter that HSPICE 
calculate and our model output value. 
 

TABLE II.  NET-LIST VARIABLE VALUES. 

Parameter Value 

W1=W2 1.44um 

W3=W4 3.26um 

W5 0.58um 

W6 6.34um 

W7 6.20um 

W8 0.97um 

L1=…=L8 0.18um 

Cc 0.015pF 

Rc 39560.66 

Ibias 0.601uA 

 

TABLE III.  DESIGN PARAMETER VALUE 

 0.18�m 

HSPICE 

1.2�m 

HSPICE 

1.2�m 

NN output 

Gain 1.89E+01 2.69E+01 2.793E+01 

PM 5.12E+01 8.16E+01 8.162E+01 

Unity GB 6.90E+01 6.19E+01 6.088E+01 

Power -5.53E+01 -5.16E+01 -5.07E+01 

 

 

Figure 3.  error of NN for test data 

V. CONCLUSION 

The test results prove that the proposed neural 
network model can decide scaled circuit parameter 
accurately. In the applications of analog circuit design 
we need a translator that can find the appropriate design 
parameter in long channel from sub-micron one if we 
want to use low level model in our work. These 
parameters must be determined by the designer with his 
experience and knowledge. That is a very important 
step forward for complex analog design process. 
Adding new input parameters to the neural network 
structure and obtaining more training data, the model 
can produce more accurate results in a wider range, 
which can make the model an important tool for 
designers during the analog integrated circuit design 
process. 
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