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Abstract

Support Vector Machines (SVM) have been used for creating fast and efficient models for quickly predicting the per-
formance parameters of analog circuits. These models have proved to be not only effective and fast but accurate also for
performance estimation. Kernels are an integral part of SVM to obtain an optimized and accurate model. The most com-
monly used kernels are RBF, polynomial, spline, multilayer perceptron. In this paper, many other kernels are explored,
some of which are less popular, while others are modified compositions of the some of the standard kernels. These kernel
functions are tested on different analog circuits to check for their robustness and for improved performance they provide.
SPICE has been used for generation of learning data. Least Square SVM toolbox interfaced with MATLAB was used for
regression. Models containing modified compositions of kernels were found to be more accurate and having lower mean
square error than those containing standard kernels.
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1. Introduction

An analog system is typically characterized by a set
of performance parameters used to quantify the prop-
erties of the circuit. During analog synthesis, macro-
model of an analog circuit helps in efficient design
space exploration to obtain optimally sized circuit.
Given a fixed topology, circuit sizing is the process
of determining numerical values for all components
in the circuit such that the circuit conforms to a set
of performance constraints. Performance parameters
of various design instances needs to be evaluated to
reach a suitable solution. Generally, SPICE is used to
obtain performance parameter from circuit simulation,
however it is quite time consuming. An efficient and
faster way is to use macromodel, which approximates
the relationship between the device sizes and perfor-
mance parameters. Support vector machine (SVM) re-
gression offers solution for such performance macro-
modelling. The SVM models can be trained using data
generated directly from SPICE. These SVM models
are build around suitable kernel functions as regres-
sion fucntions and are able to provide SPICE level ac-
curacy. Extraction of data for use with support vector
machine is although expensive yet affordable, as it is
a one time cost per topology. Once the models are de-
veloped, execution times for performance evaluation
are very small, leading to a considerable reduction in
synthesis time. While directly employing SPICE dur-
ing synthesis, any topology can be readily handled.
Thus Support vector machines require an extraction
step which is specific to each topology. SVMs are
black box models and are unable to reveal even qual-
itative aspects of system behavior. However, they can
be used to readily model hyperdimensional and non-
linear functionality. Support vector machines are typ-
ically trainied with a discrete set of data points called
training data set. A second set of discrete data points,
not present in the training data set, is used to validate
the SVM model of the system.

The rest of the paper is organized as follows. We
discuss previous work reported in literature in Section
2. We present our proposal for efficient kernel func-
tions and experimental setup for model validation in
Section 3. Results are presented in Section 4. We con-
clude in Section 5.

2. Previous Work

2.1. ε-Support vector regression

Our work is based on the theory from [1]
[2]. Suppose we are given a training data

{(x1, y1), ...(xl, yl)} ⊂ RN×R, whereRN represents
input space. By a certain nonlinear mapping φ, the
training pattern xt is mapped into some feature space,
in which a linear function is defined as follows.

f(x) =< ω, φ(x) > +b with ω ∈ RN , b ∈ R (1)

In ε-SVR, the goal is to find a function f(x) that has at
most ε deviation from the actually obtained targets yi

for all the training data, and at the same time, is as flat
as possible. One way to ensure this is by requiring:

minimize
1
2
‖ ω ‖2 +C

l∑
i=1

(ξ + ξ∗)

subject to

 yi− < ω, φ(xi) > −b ≤ ε+ ξ
< ω, φ(xi) > +b− yi ≤ ε+ ξ∗

ξi, ξ
∗
i ≥ 0

(2)

The constant C > 0 determines the trade off between
the flatness and the amount up to which deviations
larger than ε are tolerated. By using Lagrange mul-
tiplier techniques and k(x, x′) =< φ(x), φ(x′) > in-
stead of φ(.) explicitly, the optimization problem of
(2) leads to the following dual optimization problem.

maximize
1
2

l∑
i,j=1

(αi − α∗i )(αj − α∗j )k(xi, xj)

−ε
l∑

i=1

(αi + α∗i ) +
l∑

i=1

yi(αi − α∗i ) (3)

subject to
{ ∑l

i=1(αi − α∗i ) = 0
αi, α

∗
i ∈ [0, C]

The decision function takes the form

f(x) =
l∑

i=1

(αi − α∗i )k(xi, x) + b (4)

The function k(x, x′)corresponds to a dot product in
some feature space.

2.2. Mercer kernel

The Mercer theorem provides the conditions to be
a support vector kernel [1, 2].

Theorem 1 Suppose k εL∞ (RN×RN ) such that the
integral operator Tk : L2(RN ) → Tk : L2(RN )

Tkf(.) :=
∫

RN

k(., x)f(x)dµ(x) (5)

is positive. Let ψj ∈ L2(RN ) be the eigen func-
tion of Tk associated with eigenvalue λj 6= 0 and
normalized such that ‖ ψj ‖L2 = 1 and let ψ̄j

denote the complex conjugate. Then
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1. (λj(Tk))j ∈ li

2. ψj ∈ L∞(RN ) and supj ‖ ψj ‖L∞≤ ∞

3. k(x, x′) =
∑

j λj
¯ψj(x)ψj(x′)

holds for almost all(x, x′), where the series converges
absolutely and uniformly for almost all (x, x′).

A kernel satisfying the conditions of this theorem is
called a Mercer kernel. This theorem means that if∫

RN×RN

k(x, x′)f(x)f(x′)dxdx′ ≥ 0 for all f ∈ L2(x)

holds k(x, x′)can be written as a dot product in some
feature space. From this condition the simple rules for
composition of kernels can be concluded, which also
satisfy Mercer’s condition.

Corollary 1 (Linear combinations of kernels): Let
k1(x, x′), k2(x, x′) be Mercer kernels and
c1, c2 ≥ 0,then

k(x, x′) = c1k1(x, x′) + c2k2(x, x′) (6)

is also called a Mercer kernel. Moreover, the
product of two Mercer kernels is a Mercer kernel,
which can be proven on the basis of the equiva-
lent definition of Mercer kernel. This proof can
be seen in [3]. Similarly, it has been proposed
earlier in [5] that we can modify the kernel func-
tions by multiplying it by a positive factor, adding
bias, or taking exponential of the kernel. The new
kernel obtained is also a Mercer Kernel. Mer-
cer condition needs to be satisfied for keeping the
problem convex and hence obtaining a unique so-
lution. These important modifications are as fol-
lows.

k(x, x′) = αk(x, x′) where α > 0 (7)
k(x, x′) = a ∗ exp(k(x, x′)) where a > 0 (8)

We also discuss about two kernels here, as
they have procided with good results for analog
design- Power kernel [7] given by:

k(x, x′) = − ‖ x− x′ ‖β (9)

and Log kernel [8] given by:

k(x, x′) = −log(1+ ‖ x− x′ ‖β) (10)

where the kernels are conditionally positive
definit for 0 < β ≤ 1. All the kernels discussed
above, satisfy the Mercer’s condition, which is a
necessary condition for the problem to be con-
vex, and hence giving a unique and optimal so-
lution. We compare proposed composite kernels

with RBF kernel all along the further discussion.
as we have apply modifications on RBF kernel.
Similar modifications can be carried out for other
standard kernels, based on the application. An
RBF kernel is given by:

K(x, xj) = e−γ|x−xi|2 (11)

2.3. Related Work

Performance macromodeling mainly falls into three
categories- knowledge based approaches, symbolic
analysis and various regression techniques. Knowl-
edge based methods [11] rely on manual derivation
of mathematical equations by expert designers. Sym-
bolic analysis methods generate these equation auto-
matically. However, in both cases the performance pa-
rameters are not necessarily the direct function of con-
trollable design parameters, rather they are dependant
on the small signal parameters. Regression techniques
have gained more and more research interest lately, as
they use the least amount of knowledge about the cir-
cuit topology and are therefore more general. Exam-
ples include various neural networks [15], fitting ap-
proach to generate symbolic equations [20] and least
squares support vector machines [19]. Performance
feasibility models are useful in topology selection. Ex-
amples of these work are shown in [18].

Log and Power kernels have been discussed in [8],
where it is shown that these kernels satisfy the Mer-
cer’s condition. The authors in [8] have compared
these kernels with RBF and Laplace kernels for image
recognition problem. The log and power kernels have
provided with good results for pattern classification
problems. The modification by composing or mixing
of the kernels have been discussed in [9, 10]. These
modifications were tried out for regression problems,
and were found to be more accurate. These modifica-
tions have also resulted in improved performance.

3. Proposed Work

In this section we compare the kernels described
in the Section 2 alongwith the standard kernels like
RBF and polynomial. The modification shown in eq.
(7) was done on RBF kernel and eq. (8) represents
the modification done on polynomial kernel. RBF
and polynomial kernels are chosen for modifications
as these are most commonly used kernels. The circuits
used in the procedure are described in the next section.
The support vector machine model was trained using
the data generated from HSpice. Previous section de-
scribes the parameters considered for optimization by
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the model constructed with different kernels for speci-
fied performance parameter.

Least Square Support Vector Machine Toolbox [4]
interfaced with MATLAB was used for function es-
timation. Toolbox was trained using the data gener-
ated from HSpice. The toolbox provides the values of
optimized α and bias as output. These values can be
use to estimate the function using eq. (4). As we can
see in eq. (4) the kernel has an important role to play
in function estimation. The toolbox was trained using
RBF, Multiplied RBF, Bias RBF, Log and Power ker-
nels. The model generated was then verified using test
data generated from HSpice. The basis of comparison
of the trained model are mean square error which is
the deviation from Spice and the computation time.

3.1. Experimental Setup

The models constructed using different kernels
were tested on analog and mixed signal circuits. It
was made sure that circuits operate in the feasible de-
sign space. The feasible design space is defined as a
multidimensional space in which every design point
satisfies a set of design constrains. Feasibility macro-
models define the feasible design space, whereas Per-
formance macromodels are mathematical models that
approximate the relationship between controllable de-
sign parameters and performance parameters. The fea-
sible design space for the circuits was obtained after
the application of geometry and functional constraints.
The performance constraints were then applied for the
circuits. The circuits used for analysis are listed below.
Netlists of these circuits were simulated using Hspice
of the Synopsys tool. The outputs from the HSpice in
the form of performance parameters were taken as the
expected benchmark results, while comparing the re-
sults generated by macromodels constructed with dif-
ferent kernels in order to check for their accuracy.

1. Continuous Time Comparator: The circuit dia-
gram is shown in Figure 1. The width of M1, M2,
M3, M4 were taken as design parameters. As we
aim at optimizing W/L ratio, the length is kept
constant as 0.2µm. Their values were swept for
a feasible range to obtain specified performance
parameter which is slew rate. The width of the
transistors were swept in the range shown in Ta-
ble 1.

2. Differential Operational Amplifier: The circuit
diagram is shown in Figure 2. The design vari-
ables chosen are the width of the transistors M1,
M2, M3, M4. The slew rate of the differential

Table 1. Design Parameters- Comparator
Design Parameter Range
W1,W2,W3,W4 40µm to 160µm

W5-W9,W14 200µm
W10,W12 100µm
W11,W13 350µm

L1-L14 1.2µm

opamp has been taken as the performance param-
eter. The design parameters are shown in Table
2.

Table 2. Design Parameters- Differential
Opamp

Design Parameter Range
W1,W2,W3,W4 30µm to 120µm

W5,W10 100µm
W6,W7,W8,W9 50µm

L1-L10 0.2µm

3. Two Stage Opamp: The circuit diagram is shown
in Figure 3. The design parameters are shown in
Table 3, whereas the performance parameters are
shown in Table 4. The performance parameters
shown, need to satisfy constraints based on the
topology selected.

Table 3. Design Parameters- Two Stage
Opamp

Width Range
W1 120µm to 170µm
W2 120µm to 170µm
W3 50µm to 100µm
W4 50µm to 100µm
W5 120µm to 170µm
W6 150µm
W7 120µm to 170µm
W8 2*W3*W7/W5

L1-L8 3µm

Similar operations were carried out for mixer, band-
pass filter and voltage controlled oscillator.

4. Results

In this section, we present comparison of perfor-
mance the kernels in terms of mean square error and
computation time. Table 7 shows the comparison of
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Figure 1. Continuous Time Comparator

Figure 2. Differential operational Ampli-
fier

Figure 3. Two Stage operational amplifier

Table 4. Performance Parameters- Two
Stage Opamp

Performance Constraint
CMRR >80dB
PSRR >150dB

Phase Margin > 65o

Open Loop Gain >20000
Unity Gain Frequency > 5× 106

Slew Rate > 6× 106V/sec

the performance of the kernels for two stage opera-
tional amplifier. We observe reduction in the error for
Log and Power kernels. Multiplied and Bias Kernels
further decrease the error compared to RBF and poly-
nomial, respectively. The comparison was carried out
for all the performance parameters. The modifications
effected while composing the kernels have resulted in
decreased error for all the performance parameters.
Table 6 shows comparision of computational time of
HSPICE and Macromodels. Similar results are shown
in Table 7, wherein comparison is shown for the slew
rate of comparator and differential opamp circuit. The
results show a larger decrease in the error for multi-
plied and bias kernel. The reason for such a decrease
in error is that RBF kernel fails to estimate an exact
function as shown in Figure 4(a). These plots in Fig-
ure 4 show the extent to which the SVM model has
been trained using different kernel functions. The dots
shows the data patterns and the line shows the func-
tion estimated by the macromodels. As can seen from
the Figure 4 that log and multiplied kernels follow the
data more closely than RBF kernel. As observed in Ta-
ble 8, there is a slight increase in computational time
for log, power, multiplied and bias kernel compared
to conventional kernel. This slight increase in time is
tolerable when the accuracy has risen greatly.

Table 6. Comparing computation times of
HSpice and Macromodels

Performance HSpice (sec) Macromodel (sec)
CMRR 46.89 0.61
PSRR 12.61 0.65
PHM 12.51 0.61
OLG 13.60 0.61
UGF 14.16 0.65

SLEW 12.89 0.63
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Table 5. Mean Square Error- Performance Parameters for Two Stage Opamp
Kernels CMRR OLG Phase Margin PSRR Slew Rate UGF

RBF 1.28 8.99 1.02 0.71 10.52 2.97
Log 0.97 6.08 0.87 0.35 06.69 2.81

Power 0.96 5.07 0.80 0.34 06.59 2.81
Multiplied 0.86 4.75 0.26 5.50 02.79 0.85
Polynomial 1.28 8.99 0.71 10.52 02.97 1.02

Bias 1.15 8.98 1.02 0.70 10.10 2.96

(a) RBF kernel

(b) Log kernel

(c) Multiplied Kernel

Figure 4. HSpice data vs estimated
Function- Comparator Slew Rate

Table 7. Mean Square Error- Slew Rate
Kernels Comparator Differential Opamp

RBF 34.33 106
Log 21.72 70.2

Power 20.86 67.5
Multiplied 7.16 6.06
Polynomial 34.34 106

Bias 10.38 16.59

Table 8. Total Time (training and testing)
in seconds for SVM macromodels

Kernels Comparator Differential Opamp
RBF 0.145 0.139
Log 0.209 0.199

Power 0.172 0.177
Multiplied 0.148 0.142
Polynomial 0.587 0.539

Bias 0.595 0.562

5. Conclusions and Future Work

We have proposed SVM macromodels with effi-
cient kernel functions. These kernel functions have
shown consistency for all the analog circuits. There
has been a reduction in the mean square error for pro-
posed composite kernels. These analog models sup-
posedly replace Spice simulators, consuming very lit-
tle time and are almost as accurate as Spice. Our
further work includes the tuning of kernel parameters
which has been the biggest issue as far as accuracy of
models is concerned. Further extending these efficient
kernels approach to the classification problem in ana-
log domain si also being pursued.
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