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Abstract

In nanoscale technologies, leakage consumption is a major constraint for large sys-
tems while continuous performance increment and area reduction of digital CMOS
integrated circuits. Leakage in digital circuits depends on the different parameters
such as process variations - length, threshold voltage, oxide thickness in a transistor,
input vector applied to the logic gate, supply voltage and temperature variations,
and also width of transistors in a logic gate. Digital circuits are synthesized using
standard cell library. Standard cells are generally pre-characterized in terms of power,
delay, area. This necessitates accurate and efficient models for characterization. Since
process variations, supply and temperature variations were not significant in earlier
technologies. Thus, previous models have used BSIM device equations to only char-
acterize leakage of single NMOS/PMOS transistors. Leakage of a gate is calculated
by scaling the leakage of characterized single NMOS/PMOS transistor on the basis of
either ‘OFF” transistors on a transistor stack or finding out the node voltage at inter-
nal nodes of a gate. Characterization of only two models consumes very less time but
models are neither accurate nor scalable to be used for technologies considering vari-
ations. BSIM device equations are also not sufficient to estimate mean and standard
deviation of leakage. Empirical models such as Exponential Quadratic (EQ), Poly-
nomial Equation (Poly) have been proposed earlier to estimate mean and standard
deviation of leakage for a CMOS gate. Mean and standard deviation from different
CMOS gates can then be statistically added to find out the full chip leakage. These
available methods in literature are fast but result in large error because EQ and Poly
models are second order Taylor expansion of the exact equation that can be fitted
with the SPICE simulated data. These models also results in large characterization
time due to use of separate model for each input vector per gate. Artificial Neural
Network (ANN) based stack models have been proposed to capture non-linearity due

to variations with reduced number of the models. However, the effects of ‘ON’ transis-



tors in ‘OFF’ networks have not been considered accurately, resulting in large error in
leakage estimation. We have proposed Kernel based Support Vector Machine (SVM)
surrogate model to provide estimate of leakage based on transistor stacks. Addition-
ally, improved effective width estimation method is proposed to estimate leakage of
complex gates consisting of parallel transistors or stack of parallel transistors. We
only required 56 models to capture subthreshold and gate tunneling leakage across
20 CMOS gates with 176 input vector combination, achieving error within 1%. Best
kernel with optimum tuning parameters is employed after deliberate exploration to
model each transistor stack. Error driven active learning methodology is proposed to
adaptively select samples only in the large error areas. Our proposed methodology
results in SVM models build up by using quite small number of training samples,

thus reducing model simulation time without suffering the accuracy.

Power gating is one of the leakage optimization techniques, in which extra transistors
are added between supply rail and actual circuit. When circuit is in sleep mode
extra transistors go to cut-off mode, thus reducing total voltage across circuit and
consequently the leakage current. In ground gating case, virtual ground voltage ( Vi)
has been used as a key parameter to exploit trade-off among leakage power saving,
ground bounce noise, delay degradation, etc. Thus, accurate and efficient estimation
of Vg4 is of prime importance in power gating circuits. Previous work results in large
error due to: 1) conservative exponential linear (EL) and 3"¢ order polynomial (Poly3)
leakage model 2) inaccurate assumption for applied voltages at the input of CMOS
gates. We have proposed Kernel based SVM models with accurate consideration of
input voltage conditions to overcome these limitations. Our proposed method results

in less than 1% error in V4 as compared to 10% error as reported in literature.
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Chapter 1

Introduction

The world has witnessed phenomenal growth in semiconductor industry in past few
decades and the increased role of CMOS in digital integrated circuits. In pursuit to
follow Moore’s law [8] scaling has been done by a factor of 0.7 at each technology node
to satisty the triad of power, performance and area. However by relentless scaling of
transistor dimensions, two major concerns have started to invade the VLSI industry.
First is the static power dissipation due to increased leakage current which is produced
when transistor is ‘OFF’. Earlier only dynamic and short circuit power were accounted
in power dissipation of digital circuits. But now by scaling transistor dimension,
supply voltage (V44) need to be scaled to satisfy dynamic and short circuit power
demands. Further threshold voltage (V) has to be reduced to maintain sufficient
gate drive for performance. This V', reduction primarily attributes 7.5x total leakage

increment per generation [9], which results in degraded static power.

Second is the process variation, the deviation from nominal value of a transistor
or circuit parameter. After fabrication, transistor parameters like threshold voltage
(Vin), channel length (L), oxide thickness (7T',,) vary across the chips and within the
chip. This in turn varies the ‘ON’” and ‘OFF’ currents of transistor which finally affects

the power and performance. There are several process and environmental factors on



which leakage depends exponentially. This includes variation in L, Vi, T, V¢ and
temperature (7' ). By including process variation, leakage current can vary about
6.5 from its nominal value [10] . Hence, even small variations in these parameters

leads to large change in leakage current.

1.1 Sources of Leakage Power

Leakage current refers to the current flow through transistor in steady state condition
of a circuit. In bulk-CMOS technologies, several leakage sources those exist in a
transistor as shown in Figure 1.1 but dominant leakage mechanism are:

i). Subthreshold leakage () ii). Gate Tunneling leakage (I yqzc) iii). Band

to Band Tunneling leakage (I grpr)

1.1.1 Subthreshold Leakage

In CMOS logic any of the NMOS or PMOS network will remain ‘OFF’, thus low
resistance path from V44 to ground never exists. To reduce dynamic power dissipation

supply voltage is reduced. Along with it, threshold voltage is also scaled to maintain

I.‘;UB --—I”,
JU

Figure 1.1: Different Leakage Component in NMOS Transistor



sufficient drive strength [11]. This scaling results in non zero current which flows
between drain and source, even when transistor is off. When transistor operates in
weak inversion region (when gate voltage is below V) then charge carriers move by
diffusion process due to longitudinal electric field between drain and source. This
diffusion current is named as sub-threshold leakage (Is, ). This Ig [12] can be

modeled as:

1 -V,
Ty = AemorVas™ (1 _ o707 (1.1)
Here
%% N
A= poClos - (vp) e Se " (12)
and
Vi = Vino — ¥ Vap + Vs (1.3)

Here vp = %

is the thermal voltage, m is the sub-threshold swing coefficient, pq is
the zero bias mobility, W and L are the width and effective length of the transistor
C,. is the gate oxide capacitance, Vo is the zero bias threshold voltage, 7' is the
linearized body coefficient, n represent the effect of Vs on V.

There are many parameters those affect sub-threshold leakage:

1. Drain voltage modulates the width of depletion region that results in low energy
barrier and increased movement of charge carriers, hence I, increases. This is called
Drain Induced Barrier Lowering (DIBL) effect which also degrades V', and attributes
to high leakage.

2. 14, is also affected by applied input vector on logic gate, which is called as stacking
effect. This effect modify the I, by modulating V', through changing body bias
voltage of the transistor and modifying the effective drive strength at gate terminal.
3. Degradation in Vy, due to channel length reduction known as Vy, roll off [12],

which increases I ,.



4. I, is proportional to temperature and V', is inversely proportional to tempera-

ture. So combined effect of these two phenomenon results in high [g,.
5. Transistor size (Width) also affects leakage (increase/decrease). Narrow width
transistor modulates Vy, which in turn changes I, [12].

6. Reduction in oxide thickness attributes to enhanced I,;.

1.1.2 Gate Tunneling Leakage

In nanometer regime, depth of the transistor needs to be scaled in order to maintain
the gate control over drain current to improve the performance of transistor gate oxide
and junction. This scaling raises the electric field which results in direct tunneling
of charge carriers in drain/source overlap region and substrate to the gate through
gate oxide. This is called gate tunneling leakage (/yqte) [13|which can be expressed

as follows.

Lyate = A X E2, ¥ eFor (1.4)

Here, A and B are the parameters related to mass of electrons and barrier height
of conduction band, F,, is the electric field across the gate oxide which depends on
oxide material and gate oxide thickness.

The other phenomenon which contributes to 4. are:

1. Fowler - Nordheim (FM) tunneling which occurs when voltage applied across the
oxide is more than ¢,,.

2. Hot carrier effect in which charge carriers gain sufficient kinetic energy to overcome
the oxide band gap.

Unlikel g5, 1 gate 0ccurs in both conditions, either transistor is ‘ON’ or ‘OFF’. In ‘ON’
state direct tunneling occurs. In ‘OFF’ state, drain potential causes high electric

field across the gate, resulting in tunneling which remains localized at gate-drain
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overlap. This is called Edge Directed Tunneling (EDT) gate leakage [14| and has less

magnitude.

1.1.3 Band to Band Tunneling Leakage

In short channel devices, depletion width majorly contributes to decrease in channel
length. As drain potential rises, depletion width increases which reduces part of the
channel length to be inverted, resulting in lower V. As V', decreases, [, increases.
Drain/Source regions are heavily doped to make smaller depletion region, in order to
reduce DIBL effect. These heavily doped regions create reverse biased PN junction
with the body. A large electric field is produced between the body and drain/source
regions because of different doping concentrations, resulting in a current flow due to
tunneling of charge carriers. This tunneling occurs between the conduction band of
‘n’ region and valence band of ‘p’ region, referred as band to band tunneling (I grpr)
leakage. It’s magnitude is very less compared to [, and Ig4q.. The current density

of Iprpr [12] can be given by:

EV‘IPP efB

JE,

Here A = vfﬂ’g;gg and B = 4—3321* , m* is the effective mass of the electron, £ =

2qNo Ng(Vapp+Vii
8.s'i(]va"l‘]vd)

Uj‘cm%w

Jyp=A (1.5)

) [15] is the electric field across the junction, where N, and N, are
the doping levels of the p and n side, V; is the built in potential, €; is the permittivity

of silicon,V 4y, is the applied reverse bias, £, is the energy band gap.

1.2 Process Variation

Aggressive scaling leads to variations in key MOSFET parameters, and are increas-

ing at an unacceptable level. There are two major sources of variations [16]. First is
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environmental which includes temperature and supply voltage variations, during cir-
cuit functioning. Second is the physical which includes lack of process control during
fabrication and results in permanent variations. Process variations occur due to vari-
ability in process parameters such as dopant concentration, L, W, T, and dielectric
thickness at the time of manufacturing. Process variation can be broadly divided into

two categories [17, 18]:
i) Inter Die Variation ii) Intra Die Variation

Figure 1.2 shows both type of variations.

Within-wafer

Wafer-to-Wafer

Lot-to-Lot

Die-to-die (D2D)
(a)

Within-Die (WID}
(h)

Figure 1.2: Types of Variations (a) Inter Die Variation (b) Intra Die Variation [1]

1.2.1 Inter Die Variation

It includes variation from Die-to-Die (D2D), Wafer-to-Wafer (W2W) and Lot-to-Lot
(L2L). For older technology nodes, this was the major source of variation. Effects
of these variations are same for all devices inside the die, but varies from one die
to another [19]. Due to the impact of these variation, all devices inside a single die

get affected in a similar manner. So their effect can be added by defining a single



parameter to measure the effect of these variations. This variation shifts the mean
value of the parameter for e.g. causing the length of all transistors in a single die to
be smaller or larger than the nominal value [1]. This is called as globally correlated
variation. Let the nominal value of any parameter P is Pyoas and inter die variation
can be modeled as a single parameter, APgjopa. The value of the resulting parameter

after adding inter die variation can be denoted as:

P = Pyoum + APciobal (1.6)

1.2.2 Intra Die Variation

It includes With-In-Die (WID) variations and arises due to the offset created in
fabrication process. In the present and future technology nodes, this is the major
source of variation. Two identically designed devices at two different location in a
single chip (die) can have different parametric variations. Thus, these variations affect
the matched properties of transistors within a chip. These variations are called local
since each transistor gets affected differently, causing some transistors to have larger
length while others to have smaller than the nominal value. They affect the mean
of variation distribution. These variation can be classified into two other types of
variations [20]:

i) Systematic Variation ii) Random Variation

1.2.2.1 Systematic Variation

These variations are layout dependent, therefore deterministic in nature. For example,
variations in transistor length due to lithographic limitation during manufacturing.
This component is defined using distance between the devices in order to find out

correlation between them. This spatial correlation is locally circuit and layout de-



pendent and globally location dependent. Thus spatially close transistors have similar
offset effects. These variations can be modeled by dividing the chip into grids [21].
Transistors within the grid are fully correlated, but as distance between grid increases
correlation decreases. Here, effect of variation is modeled by one parameter per grid.

Thus in the i** grid, process parameter P is given as:

P, = Pyxom + APciopa + APg'patial (1'7>

1.2.2.2 Random Variation

These variations are inherent statistical fluctuations in process parameters such as
oxide thickness, line edge roughness and random dopant fluctuations (IV,) [22]. They
introduce variation between different devices in the same chip or between different
chips. Some of these fluctuations (L) are either spatially correlated while some other
(T'ozy No) have zero correlation [1]. These variations are unpredictable in nature. It
basically includes variations which are either truly random in nature or which can’t
be modeled as systematic variations. Their behavior can be represented in terms of
probability distribution, which may either be implicit (Log-normal or Gaussian distri-
bution) or explicit (using large number of samples from fabrication line measurement).
Here the effect of variation is modeled by one random variable per transistor per pro-
cess parameter. Thus for the £ transistor in the ;¥ logic gate situated in i** grid,

process parameter P is given as:

P; = Pyom + APgiopar + Apépaml + AP

Random

(1.8)

Systematic variations can’t be determined until the layout is complete, so they are
treated as random variations in early stages of design. Due to the aggressive scaling,

Intra Die variation is more significant than Inter Die variation.



1.3 Effect of Environmental Factors, Process Varia-

tion and Input Vectors on Leakage

At transistor level, leakage current manifests itself in various ways and impacts the
entire system. Impact of leakage at every level is affected by environmental factors
such as temperature (T ) and supply voltage (V pp), variation in process parameters
and the applied input vectors [11]. In nanometer technology, leakage component
exponentially depends on Vpp, T, L and T,,. So it is necessary to model the
leakage in the presence of environmental & process variations, for different input

vector combinations.

1.3.1 Environmental Factors Effect

L, of a logic gate depends on environmental factors like 7",V pp.

1. Vpp changes I, significantly due to DIBL effect. As drain potential increases,
depletion width at the drain end also increases which results in low energy barrier for
the charge carriers to travel. This in turn increases I,;. This effect can be modeled

as in [23]:

Vi = Vino —nVbs (1.9)

Here 7 is the DIBL coefficient. Reduction in V;,, either due to channel length re-
duction or by increasing depletion region width, results in increased Ig,;. There is
an exponential relationship which exists between I, and Vpp. A 20% variation in

V pp changes leakage by 2x [24].

2. T is coupled with leakage in a significant manner. T increases leakage power
in a non linear manner, which produces heat and further boosts the temperature.

This consequently increases the leakage in a loop, until generated power balances the
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removed power. Increased T also reduces Vy, which also contributes to increased

leakage. A 30C change in T increases Iy, by 30% [24].

1.3.2 Process Variations Effect

In cutting edge technology effect of process variation on process parameter is in-
creasing. Values of these process parameters are modeled as random variables [21]
which follows probability density function (PDF). These variations turn into upset-
ting the values of performance parameters. Leakage power dissipation of a circuit
no longer remains constant because leakage is exponentially related to process pa-
rameters. Hence, leakage can be modeled as a random variable with log normal
distribution, which varies significantly in the presence of process variations. Leak-
age is mostly sensitive to L, T,, and Vy,. By applying process variations on some
benchmark circuit [25] shows that I, reflects 30% increment than the mean value
considering channel length variation. In 0.18um technology, experimental measure-
ments from manufactured chips shows that 30mV threshold voltage variation results

into 20x variation in leakage [26].

1.3.3 Input Vectors Effect

Biasing conditions or terminal voltages in the form of input vectors affect the leakage
current. The leakage in transistor stack is a function of input pattern and number of
transistors. As source potential increases, decrement in V g5 and V gg reduces leakage.
In a series transistor stack, when two or more transistors are ‘OFF’, source voltage
of lower transistor will be less than the upper transistor. This leads to low V pg,
negative Vg and negative V gg of upper transistor which finally increases V', and
reduces leakage. This is termed as stack effect. In spite of single ‘OFF’ transistor,

stacking of two ‘OFF’ transistors provide less leakage [11]. Stack effect in natural
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stack (exists in logic gates) reduces leakage in static mode by loading a suitable input
vector which maximizes the number of PMOS & NMOS ‘OFF’ transistors [11]. For
all technology nodes, input vector dependent leakage remain same, but different input
combinations yield different leakage. Different input patterns turn ‘OFF’ and ‘ON’
different number of transistors in a stack, which shows variation in resistance between
power lines and produces various leakage values. Any input combination that makes
maximum transistors ‘OFF’ between power lines, produces maximum resistance and
minimum leakage. Thus particular input combination can be used to reduce leakage

in standby mode without any area overhead.

1.4 Motivation

Leakage current in digital circuits should be minimized to keep scaling the transis-
tors in latest technology nodes. But, due to process and environmental variations,
leakage current is not a constant quantity and thus, fabricated IC’s will have differ-
ent value of leakage power consumption. Some IC’s may consume greater leakage
than the allowed limit, reducing the yield of fabricated chips. Leakage is highly non-
linear with respect to variation in process and environmental parameters. Accurate
and efficient models are required to estimate the leakage considering variations for
each input vector applied to the CMOS circuit. Previously proposed models result in
significant error due to the inaccurate assumption of node voltage conditions in the
circuit, without/inaccurate consideration of ‘ON’ transistors in CMOS gates, conser-
vative model assumption relating leakage with variational parameters. The number
of models required to characterize leakage for each input considering input vector
dependence can be very large. Thus, it is earnestly required to reduce the number
of models. These reduced set of models should be able to estimate leakage of all

CMOS gates presented in standard cell library without incurring large error. Pre-
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vious work on number of models reduction results in large error due to inaccurate
extracted models. Function form of leakage in terms of variations can be accurately
represented by machine learning based methods such as Artificial Neural Networks
(ANN), Support Vector Machine (SVM), etc. These are the black box kind of models
and can be used in place of SPICE simulation in sampling based full-chip leakage
estimation techniques. These black box models should be developed with minimum
number of training samples and optimal set of parameters. Thus, effective strategies

are required to build these models.

Power gating is employed for the leakage optimization, but results in delay and energy
increase, ground bounce noise introduction etc. Application of power gating changes
the internal node voltages in CMOS gates. Leakage models for more CMOS gates
in power gated circuits will be different than simple CMOS circuits due to change
in input voltage conditions. Actual node voltage conditions are need to be predicted
at the inputs of CMOS gates for valid analysis of power gating methods. More-
over, the conservative leakage models should not be used for accurate performance
estimation of parameter. Models based on machine learning approaches offer better
choices. Variations in footer transistor (extra transistor added in ground gating case)
parameters results in trade-off with different performance parameters. Any model for
power gated circuits should be inclusive of a function of footer transistor parameters.
Thus, an accurate and efficient methodology may be evolved to analyze power gated

circuits.

1.5 Scope of the Work

In this thesis, we have concentrated on characterizing I, and Iq. for 20 CMOS gate
standard cell library using small number of models yet constraining the leakage error

under tolerable limits (< 1%). We have used kernel based Support Vector Machine
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(SVM) to characterize each leakage model. Each of the leakage model is developed
considering 10% variation assuming Gaussian distribution in L, V;, and T,,, 10%
uniform variation in Vyg and T, whereas W is also uniformly varied between 28nm
to 500nm. These are the black box kind of models and do not provide the equation
relating the input and output parameters. These models can be used in sampling

based full chip leakage estimation methods.

Kernels with their different parameter values largely affect the accuracy and efficiency
of a SVM model. Many kernels have been proposed in the literature [27]. We focus on
commonly used kernels such as Radial Basis Function (RBF), Multi-Layer Perceptron
(MLP), Log, Linear and Poly [27]. For SVM based leakage model, best kernel with
optimal tuning parameter set must be used. We exploit the properties of both grid
search based methods and global optimization methods and use both of them in a
single optimization loop. Active learning method based on dominant sample selection
is used to find out minimal set of samples to train SVM model. It helps in reducing
the model evaluation time by cutting down the number of computations required to
simulate unknown testing samples. Non-dominant samples are further removed to

make model sparse, resulting in extra saving in training samples.

In ground gating case of power gated circuits, virtual ground voltage (V,q) is used
as a parameter to explore trade-off among different performance parameters. We
focus on using SVM based black box models considering the effect of input vectors,
accurate voltage consideration at input of CMOS gates and accurate leakage models
of power gated circuits. These V4 models are generated with respect to the footer
transistor and depend on footer parameters of transistor such as threshold voltage,
sleep signal voltage, width of transistor etc. Separate models for static and dynamic
Vgna are developed, which can further be used for evaluating the merits of power

gating methods.
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1.6 Owur Contribution

e Improved stack based leakage estimation with effective width based methodol-

ogy is developed, resulting in more accurate calculation with fewer models.

e Training samples are actively selected to prepare SVM models with minimum

number of samples, resulting in less complex model and lower runtime.

e Methodology of static virtual ground modeling, while removing the limitations
related to previous models; resulting in more accurate and faster model evalu-

ation.

e We use SVM as a modeling method for leakage characterization and capaci-
tance modeling of CMOS gates in power gated circuits. SVM classifier model

is efficiently used for data generation.

e We also propose a methodology to estimate dynamic characteristics of V4
at virtual ground node, resulting in accurate energy estimation during mode

transition in power gated circuits.

1.7 Thesis Outline

In Chapter 2, we present review of the work in the area of static leakage modeling of
CMOS gates. Advantages and disadvantages of different models are compared with
respect to model characterization time and model runtime. Importance of kernels
and active learning methodology for efficient and accurate development of machine
learning based models is elaborated. We also discuss previous work on modeling

approaches for power gated circuits.
Chapter 3 discusses our proposed transistor stack based methodology for leakage

modeling of CMOS gates. Common stacks are identified for subthreshold and gate
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tunneling leakage of different CMOS gates of a 20 gate standard cell library. Effective
width estimation methodology is presented for the gates comprising parallel transis-
tors or series of parallel transistors. Through various experiments, we show that our
stack based models results in much less error for leakage estimation of gates with

different input vector combinations.

In Chapter 4, kernel based SVM models are proposed for modeling of extracted tran-
sistor stacks in Chapter 3. We use efficient version of SVM i.e. Least Squares SVM,
which takes less runtime than its previous version. Simulation results show that the
SVM models are more accurate than EQ models and scaling based models. Different
kernels are explored and best kernel with optimum tuning parameters are used in each
SVM model using combined grid search based method and global optimization meth-
ods. Training samples are actively selected to prepare SVM models with minimum

number of samples, resulting in less complex model and lower runtime.

In Chapter 5, we elaborate our methodology of static virtual ground modeling while
removing the problems related to previous models. We use SVM as a modeling
method for leakage characterization and capacitance modeling of CMOS gates in
power gated circuit. SVM classifier model is efficiently used for data generation for

reduction of time to generate training samples.

In Chapter 6, we explain our methodology to estimate dynamic characteristics of
Vyna at virtual ground node in power gated circuits. We also develop SVM based
capacitance models for virtual ground node. These capacitance models are used in
addition to leakage models and static Vs model to provide accurate dynamic Vy,q

characteristics.

We conclude in Chapter 7 and various future research directions are discussed in this

area.
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Chapter 2

Leakage Current, Virtual Ground
Voltage Estimation and VLSI

surrogate modeling: A Review

For large System-on-Chip (SoC) designs, leakage contribution is more than 50% of the
total power [28]. Power per unit area has been a threat for possibly leading to ther-
mal runaway. Different floorplans significantly affect the temperature and leakage of
large designs [28]. Supply, temperature and process variations may lead CMOS gates
to operate at different and continuous ranges of voltage, temperature and process
parameters than they have been designed for. Thus, it is necessary to build models
which can provide quick estimation of leakage in any of these unpredictable conditions
with high accuracy. Since the size of standard cell library is becoming very large for
fine grained power and performance optimization in current technology nodes, it is
highly desirable to reduce the number of models to achieve smaller characterization
time. Thus, we analyze the previous leakage modeling approaches in the context of

reduced model characterization time and higher accuracy.
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2.1 Process Variation Aware Leakage Models

Gu et. al. [29] have used BSIM device model equations to estimate subthreshold
leakage (Ig,,) of a transistor stack consisting of one, two and three transistors as

shown in Equation (2.1).

Ig @ Iy I3 =18(nVpp/nVr) : 1.8 : 1 (2.1)

The current I, of transistor stacks with more than three transistors has been as-
sumed to be zero. This model could not provide a method to handle other complex
CMOS gates containing parallel transistors or stacks of parallel transistors such as
AOI22, OAI32. Effects of ‘ON’ transistors in ‘OFF’ Pull down network (PDN) or
Pull up network (PUN) have also not been considered. ‘ON’ transistors have simply
been removed from the ‘OFF’ network and remaining ‘OFF’ transistor’s leakage is

calculated.

Consider a 4 input NAND gate with input ‘1110°, where, bottom 3 NMOS transistors
are ‘ON’ and a single NMOS transistor has ‘0’ input. For ‘1110’ input, NMOS network
will be used to calculate Iy,;,. In this model, I ,; for ‘1110" input has been assumed
to be same as single NMOS transistor with ‘0’ input. For some of the conditions
in Process-Voltage-Temperature-Width ( PVTW ) space, Iy, of 4 input NAND gate
with input ‘1110 will be the same as I, of single NMOS transistor with ‘0’ input
and will be different for other conditions. This assumption of zero I, for more
than three transistors in a stack and neglecting ‘ON’ transistors provide large error
in I,,; estimation as represented in Figure 2.1. Here, 10% Gaussian distribution in
process parameters and 10% Uniform distribution is assumed for supply voltage and
temperature. Width of all transistors is taken as 28nm. Predictive Technology Model
(PTM) in 28nm technology is used to calculate leakage distribution with 20000 Monte

Carlo simulations. Error in percentage is calculated using Equation (2.2), which
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varies from 0 to 220%. Negative sign indicates that the single NMOS transistor

over-estimates the I, of NAND4 gate.

Iea n4— - Iea nl—
Error (%) = < 4] 10 — Tleakn120 5 100% (2.2)
leak,n4—1110
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Figure 2.1: Error in percentage for Iy, of NAND4 gate with ‘1110’ input is modeled
by single NMOS transistor with ‘0’ input.

Chen et. al. [30] have presented the analytical models for I, estimation based on
BSIM device equation. This method first calculates the drain to source (Vpg) of
second transistor from top node of the stack using Equation (2.3). This Vpg is used
to find out Vpg of subsequent transistor (7 > 2) using Equation (2.4). I, of complete

stack is found out by using Vpg, of bottom transistor.

nkT A1 anVDpD

S e P i W 1 9.
Vs, q(1+2n+”y/)ln(A26 o4 1) (2.3)
kT Ai* 9
Vps, = q(r+ 'y’)ln(l * A.le s 1) (2.4)

This model also does not account for the effect of ‘ON’ transistors in ‘OFF’ networks

and is not capable of providing leakage calculation of complex CMOS gates. Run-
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time of the model is also very high due to iterative calculation of Vpg. Method in
[31] first identifies all possible bias conditions of NMOS/PMOS transistors in CMOS
gates. Leakage, I, of NMOS/PMOS transistor with these bias conditions are pre-
characterized and stored in a table. For a given input vector, state of each transistor
is identified in the circuit. Iy, of complete CMOS gate for given input vector is
calculated by adding the width scalable I, of each transistor as shown in Equation

(2.5).

Ionos—Gate = i W (i)1,(S(7)) (2.5)

Here, 1,(S(i)), W (i) are unit width leakage and width of ;™ transistor respectively.
Main disadvantage of this model is the inaccurate assumption of node voltages. This
model assumes the drain and source voltages of transistors at either supply or ground
voltages only, not accounting the stack effect. This assumption results in large error
in leakage estimation of CMOS gates. However, this model accounts for the effect
of ‘ON’ transistors but not accurately. Model proposed in [32] estimates the leakage
of a CMOS gate considering I, gate tunneling (/y4) and band-to-band tunneling
(Iprpr) leakage components. These leakage components have been characterized
by accurate BSIM device equations. NMOS/PMOS transistor is first modeled as
sum of current sources (SCS), then ‘OFF’ stack of a CMOS gate is represented as
an equivalent SCS model and Kirchhoff Current Law (KCL) is applied at internal
nodes to obtain internal node voltages and corresponding leakage components. These
leakage components of each transistor have been used to estimate leakage of complete
CMOS gate. Large runtime is the main disadvantage of this approach due to the

internal node voltage calculation during leakage estimation of CMOS gate.

Lee et. al. 6] first characterized the I, of single unit size transistor (/g ;), then

scaled it according to the actual transistor size (S;) and number of ‘OFF’ transistors
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(k) in the stack. Iy, of a ‘OFF’ stack is given as in Equation (2.6).

Toup i = Toupy * Sk * St (2.6)

Both, Iy, ; and Sy are precharacterized using SPICE simulation for stacks with tran-
sistors having different sizes. ;4. is also modeled through a simple analytical model.
Interaction of Iy, and I .. components is also considered to accurately estimate the
leakage of CMOS gates. Effect of ‘ON’ transistors is still not accurately considered,
resulting in large error. Leakage of CMOS gates with parallel transistors is also con-
sidered. Two parallel transistors with same input are replaced by a single transistor
with effective width as simple summation of both transistor widths. However this is
not true due to lithographic variations in width [33]. When one transistor is ‘OFF’
and another is ‘ON’, ‘OFF’ transistor is simply removed without assuming any leak-
age contribution. Thus, parallel transistor’s leakage is not estimated accurately by
this model. Yang et. al. [7| simplified the model in [6] by replacing stack size and
transistor size with a constant factor (A4) for each input vector of a gate as in Equation

(2.7).

[CMOSfGate = [sub,l * A (27)

In this model, calculation of scaling factor with respect to input applied is not ac-
curate. For example, I, of NAND3 gate with input ‘011" (‘0 is applied to bottom
transistor) and ‘101’ (‘0’ is applied to middle transistor) is calculated using single
NMOS ‘OFF’ transistor, assuming zero drop across ‘ON’ transistors. In fact, ‘ON’
transistor connected to output node will have one threshold voltage drop across it,
reducing the voltage applied to remaining stack. Thus, ‘ON’ transistors should be

taken care of while being removed from the ‘OFF’ networks.

Models presented in [6, 7, 29, 30, 31, 32| first characterize the leakage of single
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NMOS/PMOS ‘OFF’ transistor. Then, these characterized models are used to find
out leakage of complete CMOS gate by either scaling or finding the internal node
voltages. Characterization time of the models is less because of consideration of only
two models. However, these works do not consider process variations. In presence
of process variation, scaling factors will itself be a non-linear parameter, which in-
creases the characterization time to develop leakage models. Calculation of internal
node voltages for the set of process parameters makes the models very slow. The as-
sumptions about ‘ON’ transistors in presence of process variations is also inaccurate,
causing large error in leakage estimation. Mean (1) and standard deviation (o) need
to be calculated to capture the effect of process variations on leakage of a CMOS
gate. For example, effect of length variation (AL) on Iy, can be captured by solving

the expectation integral as in Equation (2.8).

—+o00 1 AL2
B[l = / JW,(AL)2 e>1 d(AL) (2.8)

0 oy,

Here, AL is the Gaussian random Variable (RV) with zero mean and ¢% variance.
Analytical solution of Equation (2.8) depends on the functional form of the leakage
representation in terms of random variables. Other parameters such as Vy,, T,, also
affect the leakage of a gate, thus physics based models (BSIM equations) result in a
complex equation to relate leakage as a function of these RV’s. This in turn results
in a highly complex solution in Equation (2.8), making these models unsuitable for
CAD applications. To overcome this problem, empirical models have been proposed.
Empirical models captures the leakage dependency on process parameters by fitting
SPICE simulated data in predefined form such as exponential linear (EL) or exponen-
tial quadratic (EQ) by minimizing the least square error between results of SPICE
and model simulation data. A commonly used EL or EQ model is shown in Equation

(2.9).
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Ly = e (@OL+e20L%) (2.9)
Here, Iy, ¢; and ¢y are constants, obtained by fitting SPICE simulated data. The
variation in length (A L) can be expanded to account the effect of inter-die and intra-
die process variations. Other process parameters like Vy,, T,, can also be included
in the above model by adding more number of terms corresponds to these parame-
ters. EQ model has been used for full chip leakage estimation using sum of random
variables [21], sum of orthogonal polynomials [34], Random gate based method [35]
and Karhunen—Loeve expansion (KLE) based method [36]. If there are M gates and
it" gate has k, inputs, then a total of Zij\i@’“i leakage models are required. The
important issue here is to reduce the number of leakage models required to reduce
characterization efforts without sacrificing accuracy. Another advantage of reducing
the number of models is to reduce the runtime complexity due to the use of reduced
number of leakage components to be added for full chip leakage estimation. For ex-
ample, method in [21] uses the dominant I, and I, concept among various input
vector combinations of CMOS gates, which only adds the leakage of only dominant
components. Due to large variation space, this assumption may provide large error
in leakage estimation. Equivalence concept between different input vectors of CMOS
gates is also used. For example, I, of NAND4 gate with ‘1110’ input, NAND3 with
‘110’, NAND2 with ‘10’ is assumed to be same as INV with ‘0’ input. This assump-
tion also provides inaccurate results in leakage estimation as already illustrated in
Figure 2.1. Thus, reduction in the number of characterized models is very important

for characterization time as well as model evaluation time.

EQ models can provide accuracy for limited number of process parameters with only
Gaussian assumption. As in advanced technology nodes, due to short channel effects

and lithographic limitations, the number of process parameters to be considered are
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increasing and also, these process parameters may assume any distribution other than
Gaussian distribution. Authors in [37] evaluate the accuracy of previously developed
leakage models in [21] [38] [39] using BSIM4 transistor model [33]. State-of-the art
methods denotes the leakage in the EQ and 3" order polynomial (poly3) form as
function of different varying parameters. These forms of the models have been chosen
to simplify the analysis to find out analytical solutions for full chip leakage power.
However, these analytical models were characterized using BSIM3 model [40]. More
advanced BSIM4 model accounts several short channel effects (SCE) and other sec-
ondary effects, which were not considered in BSIM3 models. These physical effects
impose high non-linearity into the model, which result in non-exponential linear be-
havior of leakage current. The average error in mean and standard deviation can go
up to ~20% and ~40% respectively. Recently, BSIM6 model has also been developed
for more advanced technologies [41], which will further increase the non-linearity into
leakage model due to various secondary effects. Hence, traditional EQ and poly3

models can not be used in leakage modeling of CMOS gates.

Quadratic models have also been proposed to analyze the effect of voltage and tem-
perature on leakage [42] but without considering process variations. Equation (2.10)
represents the generalized way of considering voltage and temperature effect as used
in [42]. Authors in [43] simultaneously consider process variations and temperature
effect but do not consider the variations in supply voltage. coefficients related to

temperature variations are assumed as zero.

Leak(AV, AT) = L1 (0,0)% (14+b1 AT+ by AT? +ay AV +ay AV + e, ATAV) (2.10)

These quadratic models are second order Taylor approximations around mean values
of voltage and temperature variations. Previous work in [42, 43] does not simul-

taneously consider variation in the process parameters, voltage and temperature.
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Quadratic models are only valid in sub-space of PVT space. These works also do not
discuss about the reduction in number of models and hence, characterization time

can be be very large to generate models for different input vectors in PVT space.

Recently in [44], a voltage based leakage current estimation method is proposed which
identifies the intermediate node voltages of transistor stacks and scales linearly with
respect to supply voltage. A linear model has been developed for intermediate node
voltage per input vector. Two main disadvantages of this work are as follows - (i) In-
termediate node voltage itself can be highly non-linear function of process parameters
and temperature. Due to short channel effects, scaling models will not be linear also.
Thus, this method does not scales well in presence of process variations. (ii) Total
number of models including intermediate node voltage models and scaling models can
be very large. For example, in this thesis we consider 20 gate standard cell library
for which 176 input vector combinations are possible. Let us assume that if stack in
each gate has average 2 intermediate node voltages then 2 scaling models will also
be required, one for each intermediate node voltage. Total of 176*2 = 352 models
will be required to estimate leakage of complete standard cell library, which would

increase the model characterization time significantly.

On the other side, sampling based methods for full chip leakage estimation techniques
do not rely on precharacterized leakage models, instead use the SPICE simulation to
find out leakage of a gate for a sample generated by any sample generation methodol-
ogy such as Monte Carlo Technique [45]. One of the disadvantages is the requirement
of large number of samples to find out converged p and o of full chip leakage, re-
sulting into large runtime for leakage analysis. Various variance reduction techniques
have been proposed to reduce sample size [46]. Veetil et. al. [47] proposed an efficient
sampling method to reduce the number of samples for full chip leakage estimation
which further reduces the runtime without sacrificing accuracy. The disadvantage

of their approach is that they do not provide any means of reducing the number of
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models to be characterized. Also, it is very difficult to scale the model in PVTW
space. Generally, sampling based methods use SPICE simulation to evaluate samples

which may increase the runtime for full chip leakage estimation.

However, CMOS gate characterization is a one time effort, stack modeling methodol-
ogy helps in increasing the accuracy at the cost of increased characterization time. For
statistical leakage characterization of gates, it is more efficient to characterize different
kinds of stacks instead of characterizing every gate for each input vector. Due to large
process variations in nano-scale technologies and presence of high non-linearity due
to temperature and supply voltage variations, surrogate modeling techniques such as
Neural Network, Support Vector Machine assume greater significance while modeling
non-linear performance parameters. This type of technique requires extensive sam-
ples in order to train the models. However, once the models are trained, these models
provide more accurate results than models based on BSIM and empirical equations.
One of the disadvantages is that these models are slower than empirical equation
based approaches. For fast full chip leakage estimation, same stack model can be

used multiple times, which helps to reduce leakage estimation time [21].

Table 2.1: Comparison of leakage estimation techniques

Reference (P If;ﬁ;liface ) T rodel™ Accuracy® | Runtime”
[29], [30], [48], [31] No Very Low | Very Low | Very High
[32] No Very Low | Very High | Very High
6], |7] No Very Low | Very Low | Very High
[21], [34],]49] Yes Very High High Very Low
[47] No Very High | Very High | Very Low

2] Yes Low Low Low

[44] No Very High | Very High Low

T modei— Model Characterization time,

* Computation Based on total number of models Characterized.

$ Accuracy under PVTW space

# Runtime for benchmark circuits under PVTW space
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In this context, Viraraghavan et. al. |2] have used the neural network to model leak-
age through a stack. The main drawback of this method is in the computation of
scaling factors - only one scaling factor per input vector per gate is used for all PVT
space. This assumption is not valid due to non-linear dependence of leakage power
on PVT parameters. Maximum error in i and o reported is 20% for a gate in 130nm
technology [2]. The error would increase for circuits implemented in latest technology
nodes. Another limitation of model presented in [2] is that it does not use width of
transistors on a stack as a parameter for modeling stacks, allowing leakage calculation
for transistors with fixed set of widths. Neural network suffers from the condition of
being trapped in local minima due to the use of gradient descent algorithm to cal-
culate weights in the trained model. These models also suffer from over learning i.e.
high error for unseen data [27]. Table 2.1 shows comparison of previous methods in
literature with our method w.r.t. scalability of the model, model characterization

time, accuracy and runtime.

2.2 VLSI Surrogate Modeling

The standard transistor-level simulation based techniques consume large time to op-
timize the circuit. From the perspective of highly competitive market, the time to
market for a VLSI product design must be very short. Thus it is not infeasible to
optimize the circuit using these kinds of simulators. Various macromodeling tech-
niques have been developed to replace highly complex models (e.g. SPICE) with less
complex models. But the design process is still dependent on the circuit simulator
(e.g., SPICE) and hence MC simulation is still very time consuming [50]. Metamod-
eling, also known as Surrogate modeling, is an alternative to macromodeling that is
more flexible, easier to simulate and optimize than a macromodel. The types of meta-

model include polynomials, Splines, artificial neural networks (ANN), support vector
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machines (SVM), genetic programming, Kriging methods, and Gaussian processes
[51].

To reduce the optimization time, authors in [51] developed a polynomial surrogate
modeling approach for accurate and fast optimization of oscillator circuits. While
in [52], technology independent polynomial surrogate modeling flow is presented to
optimize different components of a PLL for power. In [53], design parameter space
of OP-AMP circuit is first partitioned into different sub-regions and then low-order

polynomials used to fit each region.

It has been shown that regression based non-linear modeling methods such as Arti-
ficial Neural Networks (ANN) [2] and Support Vector Machine (SVM) [54] are more
accurate than linear regression based techniques e.g. Linear regression with regu-
larization, Logistic regression etc. These linear regression based techniques can not

model non-linear performance parameters such as leakage in PVTW space.

ANN surrogate models used in [55] avoid such creation of separate model for each
sub-region as used in [53|. In [56], Support Vector Machine (SVM) based surrogate
modeling approach is presented to replace expensive circuit simulations. In [57], mi-
crowave components are modeled by a surrogate multivariate mathematical model.
Authors in [58] developed a surrogate modeling approach for statistical wire-length
estimation. In [59], expensive electromagnetic (EM) simulations are replaced a sur-
rogate model developed using ANN and Gaussian processes. Gaussian process is also
used with memetic optimization technique for performance analysis and optimization

of differential amplifiers [60].

Failure probability analysis of robust circuits needs statistical rate event or high-sigma
analysis, which poses many challenges to the statistical analysis based on Monte Carlo
(MC) simulation. Because it may require very large number of transistor-level sim-
ulations to be performed. Statistical blockade method [61], first develops liner SVM

classifier from some SPICE simulated samples. Later this classifier selects most likely-
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to-fail samples out of the samples generated using joint PDF of process parameters.
The samples which have high probability of failure, are only simulated though SPICE.
However, this linear classifier results in high error in case of discontinuous and non-
linear failure regions [62|. Also the efficiency of this approach highly depends on the
classifier accuracy. In case of high-dimensional variation space, a large number of
SPICE simulations are required to develop an accurate classifier, which makes this
method less efficient [63]. In this context, our proposed method in Algorithm 4.1
can be used to optimally select kernel parameters for classifier development. While
Algorithm 4.2 can be used for active selection of samples from high error regions. In
contrast to the work in [61], our aim is to develop accurate model in complete process

variation space, not in tail region only.

In [64, 55|, authors have suggested use of artificial neural network (ANN) to model
performance parameters of several different op amp topologies. A standard two layer
feed forward neural network is used to model each of several op amp performance
parameters. In order to obtain good generalization and accuracy on training and
validation data sets, number of hidden layer neurons was manually adjusted. A hy-
perbolic tangent Sigmoid function [64] and Bayesian regular training [55] have been
used as the transfer function for all hidden layer neurons and a linear transfer function
was used for all output layer neurons. The training pattern set has been used to train
the networks using back propagation algorithm. The generated models are able to
capture non-linear behavior of performance characteristics of op amp with good ac-
curacy. They are quite efficient and provide a substantial saving of time in situations.
However, the methodology has a drawback that a large number of sample points are
required to accurately map the behavior of a circuit. As the dimension of circuit
increases, due to grid sampling, number of sampling point increase exponentially. In
our work, we have developed an algorithm to efficiently select training samples from

process variation space, which highly reduces the model development time.
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Also, traditional perceptron based ANN models suffer from limited model general-
ization ability, generating models that can easily lead to over fitting of data [65]. In
contrast, Support Vector Machine (SVM) is based on structural risk minimization
(SRM), which is superior than Empirical Risk Minimization (ERM) employed by
ANN because SRM minimizes the maximum error in predicting the output, whereas
ERM minimizes the maximum error on training data. Thus, SVM has better ability
to generalize with larger data size [66]. SVM maps input data into high dimensional
feature space to create a optimal separating hyperplane using kernel functions. SVM
uses quadratic programming to solve this problem, instead of gradient based opti-
mization used by traditional Neural Network approaches [67]. Neural Network suffers
with the problem of being trapped in multiple local minima. SVM can be used for
two types of problems i.e. Support Vector Classification (SVC) and Support Vector
Regression (SVR). SVM is the class of kernel-based learning methods which maps the
input data into high dimensional feature space, where each point denotes one feature
of data points. Kernel functions are then operated in feature space by simply evaluat-
ing the inner products between all data pairs instead of computing the coordinates of
data points which makes it computationally cheaper than the computing coordinates
of data points. Kernel trick makes SVM to model highly non-linear relation between

input and output in high dimensional space.

Use of kernels with optimum tuning parameters is very important in building accurate
and efficient SVM models. The methods for finding the optimal SVM kernel tuning
parameters can be classified as heuristic method, grid search method, numerical gra-
dient based optimization and evolutionary search method. Heuristic methods have
been applied for finding optimal tuning parameters in [68]. The solution obtained
using this method can be suboptimal [69]. Another disadvantage of this method is
that efforts required to formulate the equations related to SVM are high and some

approximations are also made to frame equations in the particular format which can
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reduce the accuracy of the solution obtained. Gradient based optimization techniques
such as gradient descent and quasi-newton methods which require the gradient of the
function being optimized and hence, can be trapped in local minimum without con-
verging to the optimal solution. This leads to the use of search based techniques for
kernel parameter optimization. In this direction, Grid search based technique [70] is
simple because it only require a grid in tuning parameter space. At each value of the
grid, model is trained and tested and the values with least error are selected as optimal
tuning parameters. Time and accuracy trade-off depends on the grid density. The
solution obtained using this method can also be suboptimal because derived values of
optimal tuning parameters may not reside in the grid points. The main disadvantage
of this method is to define the grid density so that optimal tuning parameters can be
found. There can be multiple local minima in the tuning parameter range [66]. Evo-
lutionary search methods such as Genetic Algorithm (GA) and Differential Evolution
(DE) assume the optimization problem as a black-box function and optimize it by
iteratively improving the solution without making any assumption about the problem
under consideration. These methods do not require the gradient of fitness function
i.e. problem need not to be differentiable and are best suited for noisy, multi-modal
and multi-dimensional problems. Pandit et. al. [71| have used the GA for finding
the optimal tuning parameters. Differential Evolution has advantages over GA with
respect to solution convergence as it uses advanced mutation and cross-over strategies
[72]. One of the important feature of DE is self-organizing scheme, in which any exist-
ing population vector is changed by calculating the difference of two randomly chosen
population vectors from current population while in traditional methods presumed
probability distribution function decides the change in population vectors. However,
other search based global optimization techniques can be used. GA and DE methods
attempt to search the entire space randomly which may take more time to reach the

optimal solution.
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Active learning is a supervised learning method for selection of new samples in the
input space which are combined with the previous training data-set to further im-
prove accuracy of the model. In Active learning [73], learner has a control over
supplied training data set, which reduces the sample size and increases accuracy.
Learning starts with fewer training samples, further samples are added according to
the requested query to achieve a goal of low error rate with minimum training sam-
ples. Authors in [74]| have used active learning with SVM, based on version space
reduction for text classification. While in [75], active learning is applied to optimize
expected future error. In our methodology, we use active learning process to gener-
ate new training samples around maximum error sample to achieve desired accuracy.
Maricau et. al. [76] uses uncertainty predictor D(.) based on the distance between
input to input, output to output and model to model. Vaylon et. al. [77]| uses the
dominant "alpha’ (o, SVM hyperparameter) of previous model to generate the new
samples. Maricau et. al. [76] uses uncertainty predictor D(.) based on the distance
between input to input, output to output and model to model. Vaylon et. al. [77]
uses the dominant ’alpha’ (cv, SVM hyperparameter) of previous model to generate

new samples.

These SVM models should be developed using a sufficient number of training samples,
generated from transistor to system level models. These kind of models have already
been adopted in various fields of VLSI research such as Power and delay estimation of
using Wavelet Neural Network [78] (2500 training samples are used to prepare mod-
els), Optimal memory technology estimation at each non-volatile memory hierarchy
level through design space exploration [79]| (require 3000 system simulation samples
for accurate and efficient models), Board-level functional diagnosis and repair (80, 81]
(require 1000 board level simulations for efficient and accurate models), Area, power
and performance modeling of Network on chip (NOC) router [82|(Adaptive sampling

method is adopted instead of brute-force Latin Hypercube Sampling to reduce model’s
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training sample size and 1024 samples are used to develop accurate and efficient clock
tree synthesis model using SoC Encounter). In recent years, post-CMOS devices in
hybrid technologies such as Carbon Nanotube FET (CNFET) [83] and Nano-Electro-
Mechanical-System (NEMS) [84] have been used to design the power gated switch to
remove drawbacks of CMOS based power gating methodology. SVM based methodol-
ogy can be a generalized methodology for all hybrid technologies where non-linearity
of the model in terms of the power gating switch parameters can be very high. Thus,
we can say that developing SVM regression based black box models is an important
and emerging area in the VLSI field. In comparison to analytical regression based
models and other non-linear models, SVM model’s accuracy and efficiency also de-
pends on efficient sampling techniques. Authors in [85] argued that ANN and SVM
based models can outperform regression based exponential quadratic leakage models
in terms of the number of training samples with less characterization time and higher
accuracy. However, above mentioned previous work does not focus on reduction of
number of training samples to prepare the model. The number of training samples
directly affect the runtime of models. Thus, we need to develop models with minimum
number of training samples for a given accuracy level. In this direction, authors in
[86] show that the higher number of samples are required to accurately fit a highly
non-linear model. Various sampling methods such brute force sampling, random sam-
pling, Latin-Hypercube sampling etc. have been used to generate a fixed number of
training samples. These training samples are then used to develop regression model.
LHS sampling method is shown to be better than other sampling methods in terms

of accuracy.
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2.3 Models for Virtual Ground Voltage Estimation

With the rapid scaling of MOSFET technologies, the contribution of leakage power to
the total power is increasing. Power gating technique has been applied for reducing
leakage power. Power gating is coarse-grained generalization of MTCMOS technique
in which high threshold transistor is inserted in pull-down and/or pull-up network as
a footer in ground gating case or header in supply gating case or combined gating
case. In ground gating, when the sleep transistor is ‘OFF’ during the standby mode,
the leakage current flowing through logic cluster (I.c) charges the virtual ground
node and reduces the effective V44 to ground voltage across logic cluster. Various
issues such as - performance degradation, ground bounce noise, wake-up energy con-
sumption, data retention, virtual ground (V,,4) or virtual supply voltage etc. are

needed to be considered before applying it to the logic circuits.

Sleep Vsteady,stau{s‘kl eep) Vsteady,state(ACtiVe)
Signal
Vgnd (t)

;I
>

< |
>l |

éleep Mode Active Mode éleep Mode

Figure 2.2: Typical sleep and active mode cycles in ground-gated circuits

Recently, for many variants of power gating technique, V4 has been the basic pa-
rameter to be analyzed. Singh et. al. [87] have represented the leakage current of logic
cluster and footer transistor as a function of V 4,4, then both currents are made equal
to find the exponential linear model of V' y,,4 as a function of design parameters of logic
cluster and footer transistor. Kim et. al. [88] have proposed the intermediate strength
power gating which provides the option of selecting a particular value of V g4 from
the list of many values depending on the power and performance constraints. Sinkar

et. al. [89] have proposed to clamp the V.4 at a specific value under temperature
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variations and reliability constraints for a fixed percentage of leakage reduction with
enhancing the reliability of the circuit. The Vg, calculated in [87, 88, 89] is a static
voltage but it is a dynamic characteristic whose value is increased from lower to higher
steady state value after the circuit is gated. Xu et. al. [4] have estimated the dynamic
V gna during the mode transition which is further used to estimate energy consumed
due to the transition of V4 value, allowing the fine grained optimization of power
gated circuits. Tovinakere et. al. |5, 90, 91] have derived the semiempirical model for
dynamic Vg, estimation. Xu et. al. [4] have used dynamic V,,, characteristics to
obtain a trade-off between energy consumed in wake-up to sleep mode transition and
leakage saving in power gating mode. The consumed energy is highly dependent on
time dependent V,,q characteristics during mode transition. Dynamic characteristics
of Vg will also vary according to the input vector applied to logic cluster and design
parameters of the footer transistor. Thus, we need a fast and accurate methodology

that can estimate V,,q with respect to the variation in these parameters.

In our work, initially we concentrate on static virtual ground voltage estimation,
then model is extended for dynamic V4 estimation. The static V4 estimation is
an important parameter in the case of standby mode of operation of CMOS circuits

in following cases.

1) static V4 model can be used for minimum leakage vector (MLV) estimation to
reduce the leakage power during standby mode [92, 93, 94]. The same problem should
also be solved for power gated circuits because MLV can be different for non-power
gated circuits. Since, leakage will vary according to the design parameters of footer
transistor, so we need a quick exploration of design parameter space for each input

vector.

2) Variation of V4 w.r.t. time in sleep and active mode is shown in Figure 2.2.
Accurate calculation of energy during mode transition require steady state values in

sleep and active mode as starting points. Previous work in [4, 5| generally assumes
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the starting point as Vg4 or 0V in active and sleep mode respectively. Our results
show that the steady state values are a strong function of input vector, number of
gates in the circuit as well as footer transistor parameters. Hence, V4 value can be

largely different than assumed values.

3) In leakage - delay trade-off optimization of power gated circuits [95], V44 value
should be high to achieve high saving in leakage during sleep mode, which requires
minimum width and high threshold footer transistors. But these set of parameters
result in high delay degradation due to increased resistance i.e. drop across footer

transistors. Static V ;,4 models can be used as input to these optimization methods.

4) To mitigate the effect of Negative Bias Temperature Instability (NBTI), ground
gating has been used in sleep mode [95]. When footer transistor goes to ‘OFF’
condition, Vg,4 and internal node voltages of CMOS gates increased up to higher
value ( Viieady,state (Sleep)) as shown in Figure 2.2, thus changes the input voltages of
PMOS transistors to Vg4 value. It reduces the gate to source voltage (V) and thus
drives the PMOS transistors in recovery mode. Any error in Vg, estimation may
result in wrong prediction of trade-off calculation between leakage saving and amount

of NBTT recovery in sleep mode.

Thus, there is clearly a need of developing static Vg, model efficiently and model
should also be highly accurate and fast. One another use of static V 4,4 model is that
it can be used in the derivation of dynamic Vg,; model for enhancing the accuracy
and efficiency of the model. Previous models provides large error in V 4,4 estimation
because of inaccurate leakage models for power gated circuits and assuming inaccurate

voltage conditions at the input of CMOS gates in power gated circuits.
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2.3.1 Previous Vg models incorporating inaccurate leakage

models

To calculate static Vg4, authors in [4, 87] have represented the leakage current of
logic cluster (IL¢) as an Exponential Linear (EL) function of V4 which assumes the
same voltage at the input of equivalent transistor and the virtual ground as shown in
Figure 2.3. Since, the EL behavior of I with respect to Vg4 is not valid rather it
depends upon the type of circuits and their corresponding input vectors which may
result in higher error for leakage modeling of logic cluster and consequently in static

V gnd estimation.

S

Vgnd

Vg
_| [ Wfooter

Figure 2.3: Equivalent circuit for virtual ground (V) model

From Figure 2.3, static V4 can be estimated by equalizing the leakage current of

logic cluster and footer transistor using Equation (2.11).

I1.c(logic — cluster) = I footer (footer — transistor) (2.11)

Replacing I1c(logic — cluster) and I ooter (footer — transistor) in the above equation
as a function of V4,4 gives a equation of V4 as a function of design parameters of

logic cluster and footer transistor. From [96], sub-threshold leakage current of a single
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‘OFF’ transistor can be represented as in Equation (2.12).

J = A_el/mVT(Vg_Vs_VthO_'Y/Vs+7IVds).(1 _ e_Vds/VT) (2‘12)

with A = ILLOC;I%H(VT)2CI.SC—AWh/UVT

Here, Vy, is the threshold voltage at zero body bias, Vp is the thermal voltage,
”y/ is body bias coefficient and 7 is the DIBL coefficient. In [87, 4], for Vs > Vo,
the term (1—e~"#/V7) in Equation (2.12) is neglected. Authors in [87], represented
above equation as a EL function of Vg4, logic cluster and footer transistor design
parameters while in [4], it is denoted only in terms of virtual ground voltage (V 4,q)

as shown in Equation (2.13) and Equation (2.14) respectively.

Touts = 10%10(_‘/th_(77vgnd)/35) (2‘13)

Ty = In.e KN Vona (2.14)

Neglecting the term (1—e~ Y4/ V7) in Equation (2.12) for higher values of Vy, i.e. low
source voltage for fixed drain voltage (V4 in case of logic cluster) causes error in
estimating sub-threshold leakage current of a transistor for comparable values of Vi

and Vrp.

The authors in [90] [5] represent leakage current as a polynomial function of degree

N in terms of V4 as shown in Equation (2.15).

N
Licar = ijvgjnd (2.15)
=0

These type of models can result in very large error in estimating the leakage current
of logic cluster. However, for higher values of N, accuracy is improved but the

complexity will be increased for obtaining the virtual ground voltage equation. Hence,
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traditional EL and poly3 models can not be used in leakage modeling of CMOS gates.

2.3.2 Previous V ,,; models based on inaccurate assumption of

input voltages
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Figure 2.4: Error of previously developed leakage models during mode transition

Figure 2.4 shows the characteristics of logic circuit leakage after power gating is
applied. Previous model in [97] has only considered steady state leakage to calculate
energy saved in power gating. This assumption is only true if idle time is very high
compared to mode transition. Authors in [98] have reduced this error by multiplying
the energy saving in standby mode with a constant factor. But this assumption is not
true due to change in the characteristics of leakage during mode transition depending
on the conditions of circuit. Other models [99, 100| are high level models and do
not consider the effect of circuit topologies and input states. In high performance
circuits, idle time may not be very high compared to number of mode transitions.
More accurate models are required to calculate the overall energy saved by the circuit
in idle time considering the energy consumed by mode transitions. Authors in [4, 5]
model the logic circuit leakage during mode transition considering the effect of input

states and circuit topologies. But these models do not consider the accurate input
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voltage conditions which depends upon the virtual ground voltage. They consider the
input voltage of the circuit as a V 4,4 for the whole voltage range varying from 0V to
V a4, however, it is only true for the lower values of V4,4 in ground gating case. for
higher values of V ,,4, both pull down network (PDN) and pull up network (PUN) are
‘OFF”, resulting in the output voltage of that gate settled in between V44 and V gpq.
This makes the input voltage of other gates different than the V4, thus resulting in

large error Vg,q estimation.
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Chapter 3

Process Variation Aware Leakage
Models: A Transistor Stack Based

Approach

CMOS gate characterization is a one time effort, wherein transistor stack modeling
methodology helps in increasing the accuracy but at the cost of increased character-
ization time. While characterizing statistical leakage of gates, it is more efficient to
characterize different kinds of stacks instead of characterizing every gate for each in-
put vector. Due to significant process variations in UDSM technologies and presence
of high non-linearity due to temperature and supply voltage variations, surrogate
modeling techniques such as Neural Network and Support Vector Machine assume
greater significance, especially for modeling non-linear performance parameters. A
large number of samples are required in order to train such models. However, these
trained models provide more accurate results than models based on BSIM device
equations and empirical equations. One of the disadvantages is that these models
are slower than look up table based approaches. For full chip leakage estimation, a

characterized stack model can be used multiple times, which helps to significantly
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reduce leakage estimation time. In this context. We have extended the leakage model
to include transistor width as an additional parameter. Thus, leakage power of a gate

¢ with an input vector ¥ applied, can be given as follows.

Y? = f/(Wi, GP, LP,, T, Vi) (3.1)

Here, W, GP, LP, T, V43 are defined as width of transistors on stack, global process
parameters, local process parameters, temperature and supply voltage respectively.
The advantage of adding width is that it helps to reduce the number of character-
ized models other than basic stack models. These models need to be developed for
the gates having parallel transistors or series of parallel transistors. We propose an
approach for efficient and accurate estimation of leakage using transistor stacks as it
avoids calculation of scaling factors as reported in [2]. The proposed approach uses a
little bit more number of basic stacks, removing dependency on scaling factors while
computing leakage current. Thus, design efforts get reduced because of not using
scaling factors, and subsequently model characterization time for the stacks is also
reduced. Our approach estimates leakage at any given V,;, T and width of transistors
on a stack. The proposed methodology is a generalized one, which may be applied to
leakage characterization of post-CMOS devices i.e. FINFET, CNTFET and others.

The novel contributions of the proposed methodology are as follows.

e More accurate reduced set of stack based Subthreshold (I,;) and gate tun-
neling leakage (I;q4t) models are developed. Our methodology requires smaller
number of models for leakage characterization of 20 CMOS gate standard cell
library across 176 input vector combinations in a complete Process - Voltage -

Temperature - Width (PVTW) space.

e We combine the parallel transistors under the influence of same input and re-

place it with a single transistor of effective width. Thereafter, the precharac-
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terized basic models can be used, thus, requiring smaller number of models for

the overall leakage calculation of the standard cells as compared to [2].

¢ A novel methodology for Effective width calculation is developed for the parallel
transistors in CMOS gates with and without considering process variations,

resulting into higher accuracy than the previous model [3].

3.1 Stack based Models for Basic CMOS Logic Gates

3.1.1 Subthreshold Leakage Modeling

In this work, we assume maximum stack size of four, as higher order stack increases
the delay of a gate due to increased logical effort. We modify conventions used in [2]

for labeling stack parameters, which is shown as follows.
{stack type}{stack size}{leakage type}/{input to the stack}

Here, stack type indicates whether it is an NMOS stack (n) or a PMOS stack (p).
Stack size represents the number of transistors on a stack. Leakage type denotes the
subthreshold (s) or gate tunneling (g) leakage. Least Significant Bit (LSB) of input
vector is applied to the transistor, which is closest to the output. The conventions
used to model leakage are based on series transistors and input vectors, not parallel
transistors. If any set of parallel transistors is found in a gate, it is first converted into
a stack by combining parallel transistors and then precharacterized stack is used for
this equivalent stack. I, leakage of a ‘OFF’ stack can be calculated by estimating
the current flowing into the ground terminal through NMOS transistors whose source
is connected to the ground [32]. I, of a gate for a given input vector is calculated

from ‘OFF’ network only because ‘ON’ network has ~0V drop across it.

Common stack models for I, estimation are extracted based on the current flowing

from drain to source of transistors in ‘OFF’ PDN or PUN network. Let us consider
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Figure 3.1: 4-input NAND Gate

a four input NAND gate as shown in Figure 3.1. We now illustrate leakage current

estimation using basic stacks under the influence of each possible input vector.

Input vector (0000): In this state, all four NMOS transistors are turned ‘OFF’
while all four PMOS transistors are turned ‘ON’ and treated as short circuits. Thus
to estimate the probability density function (PDF) of the leakage of a NAND4 gate
for the input vector ‘0000’, we need to model a four transistor NMOS stack, which is

referred as n4ds/0 according to conventions used for stack representations.

Input vectors (1000 / 0100 / 0010): In this case, the top most transistor, MN4
has its gate connected to ground voltage and one of the other 3 NMOS transistors
has gate connected to Vyy. Three PMOS transistors are fully turned ‘ON’; thus the
L, is to be calculated from NMOS ‘OFF’ network. Similarly, one NMOS transistor
that has its gate connected to V4 behaves as a short circuit and can be removed from
the NMOS stack. Thus, to predict the leakage for this set of input combinations, 3
transistor NMOS stack is modeled with all inputs grounded i.e. we need to model
an n3s/0 stack. Note that the same n3s/0 model will be used to predict the leakage
of a NAND3 gate with input ‘000’. However the width of the transistors on the 3
transistor stack is thrice the unit width while the width of the transistors on four

input gate is four times the unit width. Thus, we need to scale the currents by
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an appropriate factor to account for this width difference. But our experiments in
Section 3.2.1 show that we do not need to calculate the scaling factors because the
mean (p) and standard deviation (o) calculated from the n3s/0 stack is almost same

as 1 and o of nds/2, nds/4, nds/8 stack in complete PVTW space.

In ‘ON’ PUN network for all three input vectors, one PMOS transistor is ‘OFF’ and
appears in parallel with three ‘ON’ PMOS transistors. These ‘ON’ transistors make
drain and source voltage equal, resulting in drain to source voltage (Vy) to zero.
However, PUN consists of ‘OFF’ transistor but zero Vg results in zero I, across

‘OFF’ transistors also. Same analysis is applicable for other input vectors also except

‘11117

Input vector (0001): Here, again I, is to be calculated from NMOS ‘OFF’ net-
work. As the gate of the top most transistor MN4 is connected to Vg4, the drop
across this transistor is high. MN4 transistor will have one threshold voltage (Vi)
drop across it, making Vx = V43 — V4. This transistor can not be treated as a short
circuit and voltage drop across it must be accounted in Iy, estimation for this input
vector. Hence, we need to model a four transistor NMOS stack with the gate of top

most transistor connected to V4 which is modeled as n4s/1 stack.

Input vectors (1100 / 1010 / 0110): Here also, the Iy, is calculated from NMOS
‘OFF’ network. In the ‘OFF’ network two transistors with the gates connected to
V4q can be treated as short circuit which reduces the NMOS stack to 2 transistors
and can be modeled as n2s/0 stack to predict the NAND4 leakage for these input
vector combinations. Our simulation results show that the error is under tolerable
limits, which does not effect much average error in p and o if we do not scale the
Ly, of n2s/0 stack for accounting for the width difference of the 2 transistor NMOS
stack and the NAND4 gate. Here again note that the same n2s/0 model will be used
to predict the leakage for the NAND3 gate with input ‘100’ and NAND2 gate with
input ‘00’.
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Input vectors (1001 / 0101 / 0011): Asin the ‘0001’ case, the top most transistor
can not be removed from the stack to find equivalent stack, while other ‘ON’ transistor
can be treated as a short circuit and can be removed from the stack.We need to develop
n3s/1 model. This model is also used for Iy,;, modeling of NAND3 gate with ‘001’
input.

Input vectors (0111 / 1011 / 1101): For I, calculation of these input vector
combinations n2s/1 model can be used but the DIBL effect due to change in drain to
source voltage of the transistor whose gate is grounded, is different in all three cases
and hence there is a significant deviation in the PDF predicted by the n2s/1 model.
In [2], n2s/1 model is used and scaling factors are also calculated for accounting the
width difference in lower and higher order stack. The error in predicting the p and
o using this model is very high. Thus, We need a separate model for each of these

three input vectors.

Input vectors (1110): In this case, the bottom three transistors MN1, MN2 and
MN3 can not be considered as short circuits due to the voltage drop across these
transistors and hence, the I, will be predicted by a separate model i.e. nds/14 with
less error in our case compared to I, calculation using model nls/0 with scaling

factor in [2].

Input vectors (1111): In this case, MN1-MN4 are ‘ON’. [, is determined by
‘OFF’ network i.e. parallel PMOS transistors for which we only need one model i.e.

pls/1 model, which can be reused for all 4 PMOS transistors.

To analyze the inaccuracy of models in [2]|, we calculate I, of NAND4, NAND3
and NAND2 gate for the inputs ‘11107, ‘110°, and ‘10’ by simulating 20000 Monte
Carlo samples taken considering 10% variation in process parameters with Vg =
1V, T = 27°C and W = 28nm. In our framework, we represent these models as
nds/14, n3s/6 and n2s/2. I, of these models is compared with leakage of single

NMOS transistor with ‘0’ input i.e. nls/0 model. Figure 3.2 shows the correlation
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curve between the SPICE leakage i.e. nds/14, n3s/6 and n2s/2 and modeled leakage
i.e. nls/0. The error of modeling nds/14, n3s/6, n2s/2 by nls/0 can vary from
minimum 0.01% to maximum 59.97%, 51.22% and 34.78% respectively. This error is
due to the drop across the ‘ON’ transistors, which affects I, in two ways: 1) nls/0
model over-estimate the drain-to-source voltage of the ‘OFF’ transistor, 2) Drain
Induced Barrier Lowering (DIBL) effect also changes the Vy, of the ‘OFF’ transistor.
One of the important observations can be made here is that the error is higher for
higher leakage samples. In our methodology, we remove the ‘ON’ transistors from
the ‘OFF’ network if and only if I, of the stack falls into low leakage region. Our
Proposed methodology gives less than < 0.5% error in 1 and o of the I, of basic gates
i.,e. NAND4, NAND3, NAND2, NOR4, NOR3, NOR2 obtained using our extracted

models among basic gates of the considered 20 CMOS gates standard cell library.

1
n4s/14 - nls/0
20.8 o n3s/6 - nls/0
; * n2s/2 - nl1s/0
206 Accurate model [e)
< line
g o ° ;
EJ) 04 Low Error o O£ 2 *
o Samples ﬁ ] X High Error
0. @ Samples
0 0.2 0.4 0.6 0.8 1
Model Leakage (A) x10~°

Figure 3.2: Correlation between SPICE and model subthreshold leakage using
methodology in [2]

3.1.1.1 Gate Tunneling Leakage Modeling

Authors in [32, 33, 101] model the direct I, flowing from bulk and source/drain

overlap region to gate of MOSFET. The direct I .. can be represented as follows.
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N
e (0o
Tyate = W.L.A, (Tox) exp Vo (3.2)
ox T_oz
o 3/ 2
Here, A, = %, = %, Jpr is the direct tunneling current density, V,,

is the potential drop across the gate oxide, ¢,; is the barrier height of the tunneling
electron, m* is the effective mass of an electron in the conduction band of silicon and
Ty is the oxide thickness. Three important components of Iy, in a scaled MOSFET
device are: 1) gate to source/drain overlap region current (I,q/4) due to potential
difference ( Vyq4/4s) across overlapped region; 2) Gate to channel current (/. ), part of
which goes to source (I ) and rest goes to drain ([, ); and 3) Gate to substrate
leakage current ( ;). Out of the three components, contribution of I,y is highest
to the total I .. while Iy, has the lowest contribution. Iy, is found to be several orders

lower than other components, thus neglected in ;4. estimation of CMOS gates.

To calculate gate tunneling leakage, we generate the gate tunneling leakage values
from SPICE tool using the parameters IGCMOD and IGBMOD in the device model.
Since, the contribution of Iy, to the total 4. is very less thus I, is neglected by simply
turning ‘OFF’ IGBMOD model parameter in the device model. Gate-to-source and
gate-to-drain tunneling current is modeled for each basic model shown in Figure 3.3.
These currents are modeled as voltage dependent current sources depending on the

potential difference across the the terminals.

Figure 3.3 shows the basic I, conditions which can exist in CMOS gates. However,
depending on the location of the transistor on the stack and process parameters, their
source and drain voltages can be changed. To accurately capture ;. of a CMOS
gate, a highly non-linear model is required to scale I of a transistor shown in
Figure 3.3. Our method is based on the identification of dominant [q. transistors

and breaking a higher order stack into smaller stacks across all gates with their input
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vectors and using a common set of Iy, models. I, of each transistor is calculated
based on the current flowing across gate terminal from source and drain terminals in

PDN and PUN network. Both ‘ON’ and ‘OFF’ networks contribute to the Igq..

Authors in [102] proposed dual dielectric - dual thickness (DKDT) approach to reduce
the Iy in combinational circuits. This work relies on Iy, characterization of CMOS
gates for different dielectric materials having different 7Tp,, which requires very large
characterization time. Linear change in Iy, is also observed for different values of
thickness and dielectric constant (/). This linear change can be easily incorporated
in our framework of reduced set of models trough surrogate modeling by simply
including K and T,, during model characterization, without requiring much extra

training samples.

Now, we explain our /., models extraction methodology using NAND4 gate shown
in Figure 3.1. LSB of a input vector is always applied to the transistor nearest with

output node. Same conventions are used here to represent models as for I, models.

nlgl/0 nlg2/1 plgl/lplg2/0
1

1 /0 1
e
oA G o
0 0 \0 \1
@ ® ©

Figure 3.3: Basic Ij4 models for single transistor

Both PDN and PUN network contribute to I of a gate. Thus, voltage conditions
at different terminals of all transistors need to be analyzed. In all input vectors
except ‘11117 of NAND4 gate, only ‘ON’ PMOS transistors will contribute to the
Iyate because ‘OFF’ transistors i.e. input = logic ‘1’ will have the same voltage i.e.

logic ‘17 at all terminals. The ‘ON’ transistors have same terminal conditions as in

Figure 3.3.(d) and thus, do not require any new model.

Input vector (0000): In PDN, Only MN4 transistor has the significant leakage
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Table 3.1: Models for estimation of Iy, and I, of AND type basic CMOS gates
with respect to each input vector

NAND4 NAND3

Input I Lyate Input I Lyate

(DCBA) sub PDN PUN | (DCBA) | s PDN PUN
0000 n4s/0 nlgl/0 plg2/0 000 n3s/0 nlgl/0 plg2/0
0001 n4s/1 ndg/1 plg2/0 001 n3s/1 n3g/1 plg2/0
0010 | n3s/0 ndg/2 plg2/0 | 010 | n2s/0 n3g/2 plg2/0
0011 | n3s/1 ndg/3 plg2/0 | 011 | n3s/3 n3g/3 plg2/0
0100 n3s/0 ndg/4 plg2/0 100 n2s/0 | nlgl/0, nlg2/1 | plg2/0
0101 n3s/1 ndg/5 plg2/0 101 n3s/5 | n2g/1, nlg2/1 | plg2/0
0110 n2s/0 ndg/6 plg2/0 110 n3s/4 | nlgl/0, nlg2/1 | plg2/0
0111 nds/7 ndg/7 plg2/0 111 pls/1 nlg2/1 plgl/1
1000 n3s/0 | nlgl/0, nlg2/1 | plg2/0 NAND2
1001 | n3s/1 | n3g/L, nlg2/1 | plg2/0 | 00 | n2s/0 nlgl/0 plg2/0
1010 n2s/0 | n3g/2,nlg2/1 | plg2/0 01 n2s/1 n2g/1 plg2/0
1011 n4s/11 | n3g/3, nlg2/1 | plg2/0 10 n2s/2 | nlgl/0, nlg2/1 | plg2/0
1100 ns2/0 | nlgl/0, nlg2/1 | plg2/0 11 pls/1 nlg2/1 plgl/1
1101 ns4/13 | n2g/1, nlg2/1 | plg2/0 INV
1110 | n4/14 | nlgl/0, nlg2/1 | plg2/0 0 n1/0 nlgl/0 plg2/0
1111 pl/1 nlg2/1 plgl/1 1 pl/1 nlg2/1 plgl/1

*We do not use separate columns for PDN and PUN under I,; column because either PUN or
PDN is used for I,,; estimation

flowing from Vy4 (output node) to input which is same as [, of the transistor
shown in Figure 3.3.(a). Drain voltage of other transistors is very less, gives almost
negligible current across drain and gate terminal. Thus, we do not need any Iy,
model other than basic models for this input vector and nlgl/0 model is enough to
calculate Iy, for NMOS stack applied with this input vector. Here, we conclude
that the in any NMOS stack with all ‘OFF’ transistors, Iy will be due to the only
transistor, which is connected to the output node. Same is true for PMOS stack with

all ‘OFF’ transistors.

Input vectors (0001/0011/0111): In ‘OFF’ PDN for ‘0001’ input, MN3 transistor
has the significant leakage whose drain and source voltages are significantly different

than in Figure 3.3.(a). We denote this new leakage model as ndg/1. Similarly, new
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models ndg/3 and ndg/7 are required for ‘0011’ and ‘0111’ inputs respectively. This
is due to the different threshold voltage drop across ‘ON’ transistors in presence of
process variations. Previous work in [6] and [7] neglects the [ .. of ‘ON’ transistors
in these input vectors. We observe that this assumption results in high error for I 4.

estimation.

Input vectors (0010/0100): In this case, same leakage is observed across MN4
transistor as in the case of ‘0000’ input. New leakage models are required to calculate
gate leakage of MN3 and MN2 transistor for ‘0010” and ‘0100’ inputs and models are
represented as ndg/2 and ndg/4 respectively. Here also the methodology in [6] and

[7] neglect the I,q of ‘ON’ transistor resulting in high error.

Input vector (1000/1100/1110): For ‘1000’ input, transistor MN1 is ‘ON’ which
makes it’s drain and source terminal connected to ground. It’s Iy will be same
as transistor in Figure 3.3.(b). Iy of top three transistors in PDN is same as
NAND3 gate with ‘000" input. In NAND3 gate with ‘000" only top transistor will
have significant I, as in the case of NAND4 gate with ‘0000” input. Same conditions
are also applicable to ‘1100" and ‘1110° inputs. We can remove ‘ON’ transistors
starting from the bottom until an ‘OFF’ transistor comes. Drop across removed ‘ON’
transistors in ‘OFF’ PDN do not affect gate leakage very much. Thus, No extra model

is required in all three cases.

Input vectors (1001/1010/1011): As in previous case, the bottom transistor
has significant Iy, for all three input vectors. But the top three transistors will have
different I 4 and require different models named as n3g/1, n3g/2, n3g/3 respectively.
n3g/1, n3g/2, n3g/3 models are also used for .. estimation of NMOS stack of

NAND3 gate with ‘001°, ‘010" and ‘011" inputs respectively.

Input vector (1101): Bottom two transistors have same conditions as in the case of
‘1100’ input but requires one extra model due to top two transistors as n2g/1. n2g/1

model is also used for I 4. estimation of NMOS stack of NAND2 gate with ‘01" input.
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Input vector (0101/0110): In each case, two transistors contribute to the I,u.
and impose significant change in drain and source voltage in comparison to basic gate
leakage model conditions. We jointly model ;4 of two transistors into single model
for each input vector. Thus, two new models are required and named as ndg/5, ndg/6

for input ‘0101 and ‘0110’ respectively.

Input vectors (1111): In this case, all 4 PMOS transistors are ‘OFF” and contribute
to I, using model of transistor as in Figure 3.3.(c). The ‘ON’ PDN’s [ ;. can be
estimated using model nlg2/1 because inputs are applied with logic ‘1’ and source,

drain terminals are at logic ‘0’.

Similarly, I, for other CMOS gates can be modeled. Table 3.1 shows the list of

models used in I, and I modeling of AND type basic CMOS gates.

3.1.2 Complex Logic Gates consisting parallel or Stack of Par-

allel transistors

For these type of complex logic gates, we replace the parallel transistors of different
widths with a single transistor of equivalent width. Since our models are function of
width also, there is no need to characterize any new model. Next, we develop the
analytical equations to calculate effective width of the transistor with and without

process variation.

3.1.2.1 Effective width calculation of parallel transistors of same input

without considering process variations

The possible node voltages and process parameter conditions in the absence of process
variations is shown in Figure 3.4.(a). The I, of a transistor can be represented as

follows.
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Figure 3.4: Effective width estimation of parallel transistors with same inputs

w Vs — Vin Vis
Isu = om_v2 ML L 1— - .
b = inCor Vi eap { o } { exp { v H (3.3)

From (3.3), it can be observed that I, is directly proportional to the width of
transistor. But in actual, this width is effective width which is calculated according
to BSIM4 device equations. The effective width can be represented in terms of drawn

width W grqwn as follows.

W Tawn
Wepp = Jf]F + XW — 2dW (3.4)

AW = dW' + DWG Vyses; + DWB (w/gbs ~Vhsers — \/¢_> (3.5)

WL WWw WWL

W' = WINT + S + somwn + Twinggvinn (3.6)

Here,, NF =Number of device fingers, XW =Parameter to account channel width
offset due to mask/etch effect, DWG, DWB =To account for the contribution of
both gate and substrate effect. WINT, WL, WW, WWL, WLN, WWN =
Model parameters to describe the dependence of dW on device geometry. WINT is
calculated in the traditional manner from which ‘delta W’ is extracted. (from the

intercept of straight lines on a 1/ Rgs~W grqun plot)
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In general,

WL=WW =WWL=0, WLN =WWN =1 (3.7)

putting values from Equation (3.7) in Equation (3.6), we get
dW' = WINT (3.8)
dWZMUNT+DWG%WH+DWB<¢@??;§—¢@) (3.9)

Since, in our model we are not considering the gate and substrate effects, the param-

eters related to gate and substrate effects can be assumed to be zero, i.e.

DWG =DWB =0 (3.10)

putting values from Equation (3.10) to Equation (3.9),
dW = WINT (3.11)

putting Equation (3.11) into Equation (3.4), we get,

W rTawn
Wepr = ﬁF + XW — 2WINT (3.12)

In our case, the number of fingers, NI =1 and XW =0, final value of W, can be
represented as:

Wesr = Warawn — 2WINT (3.13)

Now consider the two transistors MN1 and MN2 as shown in Figure 3.4 having width
Wiand W, with same potential at all terminals and being same other parameters

ie. L, Vi, T, are also equal. These transistors can be replaced by a single transistor
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with equivalent width as Wegui. drawn,Which can be calculated as follows.

Wequinerr = Wierr + Waers (3.14)

Wegui.drawn — 2WINT = Wi grawn — 2WINT (3.15)
+Wa drawn — 2WINT

Wequi.,drawn - Wl,drawn + W2,d'raum —2.WINT (316>

which can be generalized for N parallel transistors as follows:

Wequi.,drawn - Wl,drawn + WZ,drawn “+ e —2.NWINT
(3.17)
LOWINT  N=2.3,...m
= Wl,drawn + WZ,drawn + = 2(N - 1)W[NT
(3.18)

Equation (3.18) represents the final equivalent drawn width that is to be used in sim-
ulations for the case of N parallel transistors. The factor 2.(N — ). WINT must be
subtracted from the sum of drawn widths. In our simulations WINT = 5nm. For ex-
ample, if there are two transistors having widths W; = W5 = 50nm, then these tran-
sistors can be replaced by a single transistor of width 90nm (50nm + 50nm — 2 x Snm).
Igate 1s also directly proportional to the effective width of transistor. Same effective

width formula is also applicable for I .. calculation of parallel transistors applied

with same inputs.

3.1.2.2 Effective width calculation of parallel transistors of same input in

presence of process variations

In presence of process variations, we can not use effective width formula directly

because both parallel transistors can have different process parameters as shown in
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Figure 3.4.(b). Instead, we first compute the change in width required to change
the current of transistor by same amount as process parameter changes. Then,
effective width is calculated using the modified widths of the parallel transistors.
This change in width is calculated for both Iy, and Ij.. Let us assume the tuples
(Limeans Vinmeans Toxmean)s (Lmean DLy Vinmean+ AV iny Tozmeant AT or) represent
the nominal values and a sample of process parameters of transistor respectively. W,
and (W, +AW) denote the actual width and modified width (W,,,4). The change in
the width (AW) can be calculated by equating the current flowing due to the param-
eters (Waet, Lineant DL, Vinmeant AV ih, Towmeant+OT op) and (Waet+AW, Lyean,
Vinmeans Tozmean). We represent these currents as [ sub/gate,act AN I gup rgate,mod- FOT

Lo, AW can be calculated as:

Isub,act = [sub,mod (319)

Wact Vgs_(v;th,mean""A‘/th) _ _&
A. i—y R [ o 1 —exp|—32

(Wac +AW) stv ,mean V s
A et T2 exp [—g n’;f.t ] [1 — exp [—Vit]

mean

|- 3.20
} (3.20)

Here A = punCop V2

A Wact j-€Tp [Vgs_vth”"“”] .exp [—_AV“L} [1 —exp [—VL” =

(Lmean+AL nVi nVi Vi (3‘21)
A' (W‘Z:n—:ﬁW) ‘/thxp [Vqs_‘:‘z,mean] |:1 _ exp [_%] :|
(Wact + AW) Wact _A‘/th
= . .22
Lmean (Lmean + AL) “ 77‘/;/ (3 )
AW Lmean _A‘/th
1 = . 3.23
* Wact (Lmean + AL) “rp |: nn‘/t :| ( )
Lmean _A‘/;fh
AW = Wy | ——2 —1 3.24
" Coean + L) { e } } (324)
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Here, 7 is subthreshold swing factor and n=1 is used in Equation (3.24), V; is the
thermal voltage and is given by kT /q whose value at room temperature is 26mV.
Equation (3.24) denotes the change in width required due to change in Vy, and length
of the transistor. AV}, is the change in the width due to multiple effects such as
Channel Dopants (N.), L and T,,. Across three effects, Vi,change (AViy, 1/7,,) due
to L and T,, also depends upon the drain-to-source voltage (V) of the transistor as

shown in Figure 3.5.
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Figure 3.5: Effect of variation in length and oxide thickness on threshold voltage
(different drain-to-source voltage)

The variation in process parameters changes Vy, of the corresponding transistor and
can not be predicted. Thus, AV, 17, can not be accurately calculated and gives
error in AW estimation. This problem can be somewhat solved by assuming the
mean value of Vy, for all samples of process parameters. However, this problem will
occur for a very less number of input vectors and does not affect the average error
across all input vectors of a CMOS gate. Function Vi, 1/7,, is captured by fitting
the data samples by Latin Hypercube Sampling method and curve fitting toolbox in
MATLAB. The fitting function is given as follows.

Vint,, = [(Tow, Vbs) = A1 + B1.Vps + C1.7T,, (3.25)
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Vine = f(L,Vps) = As + By Vps + Co. L + Dy.Vis + Ey.Vps.L (3.26)

Both fitted models in Equation (3.25) and Equation (3.26) give sufficient accuracy
and greater than 0.999 correlation coefficient is obtained with respect to actual curve.
Figure 3.6 shows the regression models to represent the effects of L, Vy, and Vpg on
Vin of the transistor. The change in threshold voltage, AV, /7, , can be calculated

by subtracting Vy, at nominal process parameters from the modified Vy,.

. | 0.5 Length (m)
Tox (m) 0 VDS (V) 4.

5 0 VoV

Figure 3.6: Regression models obtained through curve fitting showing the effect of
To:zca L and Vds on Vth-

The 4. model in (3.2) is very complex and does not suit for our framework for
effective width estimation. First, we develop an accurate and simple regression based
analytical model of [y, for all major components in terms of transistor terminal

voltages and process parameters as shown in Equation (3.27).

Igate = a-WL-‘/gs/ds-exp [6"/9(1/98 + V-Toz} (327>

Here, o, 8 and + are fitting coefficients and are obtained through curve fitting, Vg,
is the voltage across oxide depending upon gate to source or gate to drain voltage.

Vi, is not included in the model because it does not affect the Iyq.. T and Vg, also do
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not affect the I . and hence, not included in the model. Equation (3.2) also indicate
that Ijq. is the function of W, L, V,, and T,,. Our model is more accurate than the
model developed in [6] for complete process variation space and Vi, ranging from 0V
to Vg for fixed Vy,. Figure 3.7 shows the regression model obtained through curve
fitting in MATLAB for fixed width, length and correlation of model simulated data

with the SPICE data.
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Figure 3.7: (Top) Regression model showing the proposed I .. model, (Bottom)
Correlation curve between Iy, obtained from SPICE and fitting model

Authors in [6] model the I, as shown in Equation (3.28), which is only accurate for

higher values of Vi, 4s.
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Lyate = a.W.L.exp [5.‘/9(1/98 + ’y.Tox] (3.28)

The error in previous model for low V45 can be easily observed. For example, if
Vgasgs is zero, then leakage should be zero due to zero potential difference across
oxide but Equation (3.28) will give some leakage. Iy for lower Vgasgs values is
very important for the case of transistors with higher width values and may give
comparable leakage as the case of minimum width transistors with higher Vg

values.

Authors in [103] proposed a methodology to optimize I 4. in datapath circuits. A
bottom-up approach is developed for the Characterization of functional units such as
adder, multiplier, shifter, register etc. First I .. of the NAND gate is characterized
using analog simulation and then this characterized data is used to develop analytical

model for each functional unit as shown in Equation (3.29).

Lyare = Aexp(—Top /o) + B (3.29)

This analytical model includes only T, as a variable parameter and did not consider
the dependency of I;u. on L and W of transistors. This models also suffers from
the large error in [yq estimation at lower V4,4, values. This work only considered
the NAND as a component in each functional unit, thus did not consider realistic
characterization scenario. The proposed methodology relies on characterization of a
gate for each input vector, thus requires very large time to characterize a complete
library.

Now, expression to calculate the change in the width (AW) for I 4. can be derived

as similar to process adopted for Ig,.

]gate,act = Igate,mod (330)
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CY'VVaci&(Lme(m + AL).GJ]]) [6"/;]d/gs + 7‘(Tom,mean + AToz)] -

(3.31)

. (Waet + AW). Linean-€xp [B-Vyajgs + 7. Tosmean]
&'WGCt'(Lmea” + AL)e:cp [ﬁ-‘/gd/gs + V-Tox,mean] -€Tp [VATOJE] = (3 32>

a.(WaCt - AW)-LmeanEl’p [ﬁ-‘/gd/gs + V'Toz,mean}

-(Lmean + AL) AW
: N, =1 ‘
L e[ Al =14 5 (3.33)
. Lmean AL

AW = W ( 7 i ).exp [v.AT,,] — 1 (3.34)

Table 3.2: Iy, and Iy, Models for 2-input XOR gate with respect to all input vectors

Input I,

(BA) | GI1 G2 G3

00 | nls/0 p2s/2 nls/0

01 | pls/1 | n2s/2, n2s/1 | nls/0

10 | nls/0 | n2s/2, n2s/1 | pls/1

11 | pls/1 p2s/1 pls/1
Input Igate
(BA) G1 G2 G3

PDN | PUN PDN \ PUN PDN | PUN

00 nlgl/0 | plg2/0 nlgl/0, nlg2/1 p2g/2 nlgl/0 | plg2/0
01 nlg2/1 | plgl/1 | n2g/1, nlgl/0, nlg2/1 plg2/0 nlgl/0 | plg2/0
10 nlgl/0 | plg2/0 | n2g/1, nlgl/0, nlg2/1 plg2/0 nlg2/1 | plgl/1
11 nlg2/1 | plgl/1 nlgl/0, nlg2/1 plg2/0, plgl/1 | nlg2/1 | plgl/1

*We do not use separate columns for PDN and PUN under I,,; column because

either PUN or PDN is used for I, estimation
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Figure 3.8: 2-input XOR gate

3.1.2.3 Subthreshold Leakage Modeling of Complex logic gates consisting

parallel or stack of parallel transistors.

Consider a 2-input XOR gate as shown in Figure 3.8. Let us examine the input
vectors to check whether the new stack models are required or not and how effective
width can be used in model reduction for stacks consisting of parallel transistors. It
should be noted that we do not use any conventions to label parallel transistor stack
because each parallel transistor stack is converted to its equivalent stack for each

input vector.

Input Vectors (00/11) : When the input vectors ‘00’/‘11" are applied, NMOS
network of part 2 is ‘ON’ due to either {MN2, MN3} or {MN4, MN5} are ‘ON’.
For input ‘00", {MP4, MP5} are ‘OFF’ and {MP2, MP3} are ‘ON’. Based on the
explanation given in Section 3.1.2.1 and 3.1.2.2, parallel transistors with same inputs
are merged into single transistor and equivalent stack is formed. Now, I, can be
estimated using basic stack model i.e. p2s/2. Since in presence of process variations,
we do not know the values of intermediate node voltage ‘X’ for different values of
process parameters. Thus, accurate Vy, change can not be evaluated. However, the
effect of unknown values at ‘X’ can be suppressed by assuming the mean node voltage

calculated at mean values of process parameters. I; and I3 both can be estimated
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using nls/0 model due to turning ‘ON’ of PDN in both inverters. In case of input
‘117, {MP4, MP5} are ‘ON’” and {MP2, MP3} are ‘OFF’. I, is estimated using stack
model p2s/1. Node voltage at ‘X’ can be assumed to be V4, because ‘ON’ MP4
and MP5 transistors connect the ‘X’ at approximately equal to Vg4. I, I3 can be
estimated using pls/1 model. So, no extra Iy, model needed to be characterized for

these input vectors in comparison of the methodology in [2].

Input Vectors (01/10) : When ‘BA = 01’, PUN will be ‘ON’ because MP2 and
MPS5 transistors are in ‘ON’ condition. Output node Y’ is connected to the Vyg. L
of PDN (1) can be calculated by summing leakage of two separate stacks: 1) n2s/2
model formed by MN2 and MN3 transistors, 2) n2s/1 model formed by MN4 and
MNS5 transistors. I; and I3 can be estimated using pls/1 (MP1 transistor is ‘OFF’)
and nls/0 (MNG6 transistor is ‘OFF’) models respectively. I, for input ‘BA = 10’
will be same as ‘01’ input case due to the symmetry in terms of stacks used for I,

estimation.

3.1.2.4 Gate tunneling Leakage Modeling of Complex logic gates contain-

ing parallel or stack of parallel transistors.

Consider an example of 2-input XOR gate as shown in Figure 3.8.(b) to analyze ;4.
estimation of CMOS gates having parallel transistors for each input vector. /g4, flows

across both PDN and PUN.

Input Vector (00) : For this input, PDN of gate G2 consist of two stacks where each
stack is similar as the PDN of 2-input NAND with inputs ‘00" and ‘11’. Corresponding
I4qate models are provided in Table 3.1. Inputs ‘BA = 00" and ‘BbAb = 11’ form the
condition of parallel transistor with same inputs in PUN of gate G2. To calculate Iy,
of PUN of G2, first Effective width needs to be calculated using Equation (3.34) then
basic model p2g/2 can be used for equivalent stack formed after combining parallel

transistors. This p2g/2 model is characterized for 2-input NOR gate as similar to
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n2g/1 model for 2-input NAND gate. I, of PDN for gate G1/G2 is calculated
using nlgl/0 model due to MN1/MN6 transistor while plg2/0 model is used for
PUN due to MP1/MP6 transistor.

Input Vector (11) : I, for PDN of gate G2 will be same as for input ‘00’ because
of the same stacks. Inputs ‘BbAb = 00’ turn on the PMOS transistors MP4 and
MP5 in PUN of G2, which connects the node ‘X’ to Vy;. Terminal voltages of all
four transistors in PUN (MP2, MP3, MP4, MP5) are perfectly defined and will be
same for all process parameters i.e. Vy = 1, Vy = 0. Parallel transistors share same
model due to same terminal voltage conditions. Iy, of MP4(MP5) and MP2(MP3)
transistors can be estimated using plg2/0 and plgl/1 model respectively. Models

nlg2/1 and plgl/1 are used for both gates G1 and G2.

Input Vector (01) : For ‘BA = 01’ input, [y, of the stack in PDN of gate G2
formed by MN2 and MN3 transistors is similar to PDN of 2-input NAND gate with
‘01" input and can be estimated through n2g/1 model. Two models i.e. nlgl/0 and
nlg2/1 for the stack formed by the transistors MN4 and MN5. In PUN, MP3 and
MP4 transistors are ‘ON’ due to ‘Ab = B = 0’ input, which connects the intermediate
node ‘X’ and output node Y’ to V4. Since, transistors MP2 and MP5 have logic high
potential at all terminals, thus do not have any Iy, across these transistor. MP2
and MP5 transistor can be removed from the circuit, independent of their process
parameters. Remaining MP3 and MP4 transistors have same terminal voltages i.e.
‘0’ input at gate, source and drain is connected to ‘1’. I, for both transistor can
be evaluated from plg2/0 model. Gate G1 and G2 conditions are same as inverter
with ‘1’ and ‘0" input respectively. Igq of G1 and G2 is estimated using the models

as used for inverter.

Input Vector (10) : Input ‘10’ is symmetric with ‘01’ in terms of the stack models

used for Jq. calculation. Same models are used as for the case of ‘01’ input.

Table 3.2 shows the I, and I .. models for 2-input XOR gate with respect to all
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input vectors. Models are separated for PDN and PUN of each gate G1, G2, G3 for

each input vector.

Following rules can be derived for the stack models extraction among different gates

of a standard cell library for I, estimation.

1. If the parallel transistors are supplied with same inputs, replace it with single

transistor having equivalent effective width; and rules 3 and 4 are applied.

2. If different inputs are supplied to the parallel transistors, then the ‘OFF’ transis-
tor is removed because the ‘ON’ transistor makes the drain and source voltages
equal, thus, nullifies the effect of ‘OFF’ transistor; and then rules 3 and 4 are

applied.

3. If the number of ‘ON’ transistors are greater than the number of ‘OFF’ transis-
tors, then (i) separate stack model is required per stack type per input vector;
else (ii) the transistors applied with 1/0 input except transistor closest to the
output for NMOS/PMOS stack are removed and then a separate stack with

that input vector is built and modeled for this case.
4. I, due to parallel stacks simply adds up.

vdd vdd vdd Vad vdd
vdd vdd vad

vdd Vdd 1/o_| 1_| 1_| O_IVdd 1/0_| 1_| 1_| 1_| 0‘|

vadg 10 0 agg N4SIO) pasi7  pas/il pas/i3 pas/ia
0 | nis/0 2s/(0/1) [12s/2 3s/(0/1) p3s/3 3s/5 0 1 1‘| Y 0 'y
1 oL M0 °f
0
S IS B .
- = -I 0 -I LI LI 0 _I 0 _I l_l l_l 1 _I

Figure 3.9: Basic NMOS stack models for I,,, estimation

We have added n2s/2 and p2s/1 stack models to the list of basic stacks, as the error

was observed to be high while estimating the leakage of these stacks using lower
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order stacks according to the rules. Commonly used stacks are presented in Figure
3.9, stacks in red representing the extra stack models to be characterized than in [2].
In a similar way, the PMOS stacks can also be derived for the OR-type family of
gates. However, the number of stack models to be characterized are solely dependent
on the type of gates available in the standard cell library. New models are required
to characterize for complex gates consisting series-parallel stacks are listed in Figure
3.10. Using our effective width methodology, basic stack models of Figure 3.9 can
be used. It should be noted that these stack models can only be used for leakage
estimation for the gates having series connection of two parallel transistor pairs. If
we do not combine parallel transistors, then 16 new models are required for leakage
power estimation of XOR2, Majority, AOI22, OAI22 gates. Total 30 models are

required in our methodology compared to 34 models in [2].

o Y o, oL ¥
oL L JPHL P

@) (b) ©) (d)
vad vad Vdd Vad

0 o 0 o 04 oY H
0 0 -0
© ©® )

Figure 3.10: Stacks for complex gates consisting parallel transistors - Without com-
bining parallel transistors with same input

Following rules can be derived for the NMOS stack models extraction among different

gates in a standard cell library for /.. estimation:-

1. a) If parallel transistors are applied with same inputs, first calculate effective

width and replace parallel transistors by a single transistor of effective width.
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Rules 2, 3, 4 can be used for equivalent NMOS stack model depending on the
input conditions. b) If parallel transistors are applied with different inputs,
remove transistors with same voltages at all terminals and then use rules 2, 3,

4 for I;q estimation.

2. If all transistors are in ‘OFF’ condition, then remove ‘OFF’ transistors which are
not connected to output node. Iy4, of the NMOS and PMOS stack is estimated

using nlgl/0 and plgl/1 model respectively.

3. If all transistors are not ‘OFF’ and transistor directly connected to the ground or
V44 is not in ‘ON’ condition. A new stack model is required for /4. estimation

of the corresponding NMOS and PMOS stack.

4. If at least one transistor is ‘OFF” and only one transistor or series of transistors
connected to the ground is ‘ON’, then remove these ‘ON’ transistors from the
NMOS and PMOS stack. Iy, of each removed transistor from NMOS and
PMOS stack is calculated by n1g2/1 and p1g2/0 model respectively. Remaining
NMOS and PMOS stack can be modeled by rules 2,3.

5. If all transistors are ‘ON’ in NMOS and PMOS stack. Each transistor in NMOS

and PMOS stack is modeled by n1g2/1 and plg2/0 model respectively.

6. Iyqe due to parallel stacks simply adds up.

Figure 3.3 shows our /.. models for all possible conditions in single NMOS and
PMOS transistor. Our I .. models for NMOS stacks consisting more than one tran-
sistor in series are shown in Figure 3.11. Similarly, PMOS stack models can also be
derived. Total 26 I, models are required for /., estimation of 20 gates with 176
input vectors. Only complex stacks shown in Figure 3.10.(h) need to use effective
width equation. Thus, for the considered standard cell library we save in character-

ization time of two models i.e. one is shown in Figure 3.10.(h) and another is its
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Figure 3.11: I 4. estimation-Basic NMOS stack Models consisting series combination
of NMOS transistors

PMOS version. But as higher order stacks with parallel transistors are considered,
our methodology will result in significant saving of characterization time of parallel
transistor stacks. Igq. can have greater contribution than I, to the total power in
more advanced technologies and with different input vector applied. We model /g4,

accurately and efficiently which was not considered in [2].

3.2 Accuracy analysis of proposed stack extraction

We have used 28nm Predictive technology model (PTM) model file for all simulations.
Inter-die and Intra-die variations have been considered on three process parameters
L, Vi, and T,, with Gaussian distribution (30 =10%) . supply voltage (0.6 V-1.2V),
temperature (0°C-100°C) and width (28nm-200nm) have been sampled considering

uniform distribution with same percentage of variation.

3.2.1 Validation of assumptions made in extracting leakage
models
We have developed common stack finding methodology across various gates presented

in standard cell library for all possible input patterns. In this methodology, basic

stacks are used for higher order stacks by neglecting some ‘ON’ transistors with the
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loss of some accuracy for I;,; estimation while /g4, for higher order stacks is calculated
by breaking into basic Iy models for single transistor and series connected transistors
. In this section, our aim to justify that the error is under tolerable limits in complete

PVTW space considering assumptions.
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Figure 3.12: Charge Sharing between internal nodes of a 4-input NMOS stack
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Figure 3.13: Percentage error in leakage current when 4-input NMOS stack with
inputs 1100, 1010, 0110 is modeled by 2-input NMOS stack with inputs 00, with
respect to (a) Supply voltage (V') (b) Temperature (C)

Whenever there is switching between the inputs, even though same stack is ‘OFF’
but charge sharing occurs between internal nodes in the stack. Since we are using

same stack model for ‘1100°, ‘1010’, ‘0110’ inputs of 4-input NAND gate, this charge
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sharing affects very less in estimating standby Iy, for these set of inputs. Consider
a 4-input NAND gate as shown in Figure 3.1. First we vary the inputs from ‘1100’
to ‘1010” and then ‘1010’ to ‘0110’. Any transistor in ‘ON’ state can be modeled as a
capacitance and resistance. During input switching time interval, due to internal node
capacitances, there is a peak in the leakage current as shown in Figure 3.12 but as time
passes, the voltage across capacitances saturate and capacitances at internal nodes
can be treated as open circuit. In standby mode, only resistance of a transistor will
affect the accuracy of model due to voltage drop across them. Our first assumption
is that the I ,;, of the 4-input NAND gate with inputs ‘1100’, ‘1010°, ‘0110’ is modeled

with n2s/0 model. The ‘ON’ resistance of a NMOS transistor can be given as follows.

1
Nncox(W/L)(%S - Vth)

Ron(NMOS) = (3.35)

The accuracy of the model is directly governed by the voltage drop across ‘ON’
transistors. In worse case conditions, maximum resistance will have maximum drop
and hence, maximum error in estimating leakage current for higher order stacks using
basic stacks. From (3.35), maximum Roy will be for the minimum value of W and
maximum value of L, Vi and T,,. Now the point is, how this maximum resistance
affects the percentage error (AIp%) in Iy, under complete PVTW space. For this
purpose, AIp% is calculated for all three inputs ‘1100°, ‘1010” and ‘0110’ for varying
Viq and T'. We choose these inputs to show the accuracy of Iy, stack models due to
the fact that the maximum number of ‘ON’ transistors are removed from these input

vectors.

Figure 3.13.(a) shows the error in leakage current for increasing V4 from 0.6V to
1.2V with the step size of 0.1V and T is kept at 25°C. Error is less than 1% across
the modeled range of Vy; for all three inputs. Maximum error is obtained at 1.2V

due to higher drop across ‘ON’ transistors. To evaluate the effect of T', we first kept
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Figure 3.14: PDF curve of actual and model I, for 4-input gate with ‘1100°, ‘1010’,
‘0110" input for W = 28nm, T = 27°C' and V43 =1V and 10000 Monte Carlo Samples

the Vyq value at 1.2V and varied the T from 0°C' to 100°C with the step size of

25°C'. Tt is important to note that the error characteristics is almost flat in this case

i.e. T affects very less to the drop across ‘ON’ transistors. Increasing the T reduces

the drop across the ‘ON’ transistors and hence improves the accuracy of our models.

Out of three inputs, maximum error is for the input which has more number of ‘ON’

transistors near to the output node. Same analysis can also be performed for stacks

consisting of parallel transistors where the error is little bit higher but less than 2%

under complete PVTW space.

Figure 3.14 shows the accurate matching of PDF curve of the actual and model I,,.
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These PDF curves are generated using 10000 Monte Carlo samples assuming Gaussian
Distribution on process parameters using SPICE tool at W = 28nm, T = 27°C' and
Vaga =1V. Error in p and o is negligible between actual and model output. The order
of I, for these input vectors is ~10~?, which lies in low error region marked in Figure
3.2. Experiments show high accuracy of our approach in finding the common stack

models for I, across these input patterns of the gates presented in a standard cell

library.
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Figure 3.15: PDF curve of Actual and model ;4 for PDN of 4-input NAND gate with
‘0000’ input for transistor width MN1-MN4 = 28nm and T = 27°C and Vg =1V
and 10000 Monte Carlo Samples.

Second assumption that we made is that ;4 for PDN of 4-input NAND gate ‘0000’
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input is modeled by nlgl/0 model. All transistors except the one which is connected
to the output node, are removed from the stacks. I from output node to input
of the transistor which is nearest to the output is most significant among all Iy,
components, thus all other components can be neglected. To verify this assumption,
consider PDN of 4-input NAND gate in Figure 3.1 with input ‘0000’ whose PDF curve
for every transistor corresponding to each input and total PDN’s I 4. is plotted in
Figure 3.15. In Figure 3.15, width of all transistors is 28nm, T = 27°C' and V4 =1V
and PDF curves are generated using 10000 Monte Carlo samples assuming Gaussian
Distribution on process parameters using SPICE tool. It shows that the order of I 4.
for removed transistors is very less and this order increases for the transistors which
are nearer to ground voltage. Since, I, of any transistor is directly proportional to
width of that transistor, we now increase the width of removed transistors to 100nm
and 200nm as shown in Figure 3.16 and 3.17 respectively. Still the Iy, of the removed
transistors is very less, which incurs negligible error in I, estimation for PDN of

4-input NAND gate with nlgl/0 model.

Second assumption can be generalized for any NMOS and PMOS stack with all tran-
sistors in ‘OFF’ condition as: if all inputs of any NMOS / PMOS stack are applied
with ‘0/1’, then all transistors other than the transistor connected to the output node
are removed and Iy, of this single transistor is estimated using nlgl /0 and plgl/0 for
NMOS and PMOS stack respectively. To verify this assumption, consider a NAND4,
NAND3, NAND2 gate with all inputs ‘0’. With this assumption, /g4 of NMOS stacks
in three gates must be similar to NMOS transistor of inverter (INV) with ‘0’ input.
Figure 3.18 shows the PDF curve of I for PDN of NAND4, NAND3, NAND2 and
INV. Width of all transistors is 28nm, T = 27°C and V4 3 =1V and PDF curves are
generated using 10000 Monte Carlo samples assuming Gaussian Distribution on pro-
cess parameters using SPICE tool. The PDF curve obtained through nlgl/0 model

accurately matches with actual PDF curves. The error in p and o is also negligible,
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Figure 3.16: PDF curve of Actual and model [;q. for PDN of 4-input NAND gate
with ‘0000 input for transistor width MN1 = 28nm, MN2-MN4 = 100nm and T =
27°C and V43 =1V and 10000 Monte Carlo Samples.

which justifies the validity of this generalized assumption.

Our third assumption is that if any NMOS or PMOS stack is consisting a series of
‘ON’ transistors, starting from ground or V,,, remove these transistors from stack and
each transistor’s .. is estimated using nlg2/1 or plg2/0 model. Remaining stack
is modeled by other Iq. estimation rules. Total Iy, can be calculated by summing

I

gate from all models. To verify this assumption, consider a 4-input NMOS stack

of NAND4 gate shown in Figure 3.1 with input ‘1110°. Total [y, can be obtained

by using nlg2/1 model for each ‘ON’ and nlgl/0 for ‘OFF’ transistor. Figure 3.19
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Figure 3.17: PDF curve of Actual and model [;q. for PDN of 4-input NAND gate
with ‘0000 input for transistor width MN1 = 28nm, MN2-MN4 = 200nm and T =
27°C and Vg3 =1V and 10000 Monte Carlo Samples.

shows accurate matching of PDF curve of actual I, for each transistor with its

corresponding model. PDF curve of total ;4. calculated by summing Iy from all

models also matches with the actual [, with less than 0.01% error in p and o.

It should be noted that we are developing the framework for leakage estimation in idle-
time mode excluding leakage during circuit operation. Runtime leakage is also vector
dependent and changes whenever input vector changes [104]. Authors in [104] show
that the runtime leakage is highly dependent on the switching frequency of inputs.

If switching frequency is less, then the total leakage including runtime and idle-time
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Figure 3.18: PDF curve of [, for PDN of NAND4, NAND3, NAND2 and INV
with all inputs ‘0" for W = 28nm, T = 27°C' and V43 =1V and 10000 Monte Carlo
Samples

converges to idle-time leakage. To include the runtime leakage current component
in this framework, switching between inputs need to be considered but analysis is
moreover same as dynamic power estimation of the circuits. Leakage model selection
framework need to be redeveloped which will require a larger number of models to
include all gates with their inputs switching. A separate analysis is required to account
for runtime leakage component. Our analysis in this thesis is consistent with the
previous work which only characterizes the idle-time leakage using EQ and ANN

based models.

3.2.2 Accuracy of effective width estimation methodology

We proposed a formula in Equation (3.18) to find out the effective width of two
parallel transistors with same input. This formula is only valid for the transistors

with process parameter and terminal voltage conditions as shown in Figure 3.4.(a).
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Figure 3.19: PDF curve of Actual and model [;q. for PDN of 4-input NAND gate
with ‘1110 input for W = 28nm, T = 27°C and V4 =1V and 10000 Monte Carlo
Samples

In Figure 3.20, we compare the error in estimating the I, and I, for an increasing
number of ‘OFF’ parallel NMOS transistors. Even when the number of parallel

transistors is large, our proposed model incurs ~ 0.15% and < 0.01% error compared
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Figure 3.20: Comparison of Error in leakage current between [3] and our approach
for varying number of ‘OFF’ NMOS transistors

to larger than 25% error using model of [3| for 10 parallel ‘OFF’ transistors in I,
and Iy, respectively. In [3], equivalent width is calculated by simply adding the
drawn widths of transistors. Similarly, for PMOS transistors, our model incurs very

less error compared to previous model.

However, this formula is only valid when process variation is not considered. To
calculate effective width even in the presence of process variations, we first calculate
the change in width of transistor for the given change in process parameters such that
same current flows in both cases. Then Equation (3.18) can be applied to calculate
effective width of parallel transistors. In Figure 3.21, we vary the L and T, of single
NMOS ‘OFF”’ transistor within £10% range from mean value and calculated the I,
with changed process parameters with mean width and mean process parameters
with modified width. I, in both cases accurately matches. Correlation between
both cases is >0.999 and mean square error is also very low. Maximum and average
error of 0.82% and 0.40% is incurred by our effective width estimation methodology
for I, calculation of parallel transistors. Similarly, Figure 3.22 validates the high

accuracy of effective width estimation methodology for I .. calculation.
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Figure 3.21: I, estimation- accuracy analysis of effective width estimation method-
ology; T' = 27°C and V43 =1V and 1000 Monte Carlo Samples

3.3 Summary

In this Chapter, we have described the methodology to extract common stack mod-
els used to predict the leakage of gates more accurately and efficiently under full
PVTW space. Our methodology initiates by first characterizing the leakage of basic
stacks and then provides estimate of the leakage in basic gates e.g. NAND4, NANDS3,
NAND2, NOR4, NOR3, NOR2, INV, based on these stacks. Stack models are de-
veloped separately for Iy, and Iy, estimation. For I, stacks are extracted by
carefully removing ‘ON’ transistors from ‘OFF’ PDN or PUN depending on the input
vector combinations. Removal of these ‘ON’ transistors do not affect the actual I,

of a CMOS gate. While for /4., PUN and PDN are broken down into a set of basic
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Figure 3.22: [;q. estimation- accuracy analysis of effective width estimation method-
ology; T' = 27°C and V43 =1V and 1000 Monte Carlo Samples

stack models. For gates, containing parallel transistor stacks, we replace the parallel
transistors having identical inputs with a single transistor of effective width, which
in turn allows us to use precharacterized basic stacks for leakage calculation instead
of generating new models. Analytical equations for effective width calculation are
developed for the parallel transistors in CMOS gates with and without considering
process variations. Only 30 basic stacks are modeled for I, estimation of 7 basic
gates - NAND4, NAND3, NAND2, NOR4, NOR3, NOR2, INV. Further, these mod-
els can also be used to predict the leakage of standard cell library components such
as AND4, AND3, AND2, OR4, OR3, OR2, MUX2x1, D-Flip Flop without the need
of characterizing any new model. The gates consisting parallel or series of parallel

transistors such as XOR2, MAJ GATE, AOI22, OAI22 do not require 16 new stack
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models with the use of effective width computation methodology, which highly re-
duces our model characterization time. Thus, overall 30 stack models are required for
accurately predicting the I, of 20 gates across 176 input combinations. Similarly, 26
models are developed for [;q estimation. All the approximations made in extracting
models incur very small error, thus validating the high accuracy of the proposed stack

extraction methodology.
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Chapter 4

Support Vector Machine Based
Surrogate Models for Leakage

Current Modeling

An enhanced version of SVM i.e. Least Squares-Support Vector Machine (LS-SVM)
has been proposed in |70]. The main advantage of LS-SVM is that it is computa-
tionally efficient while possesses the important properties of SVM. LS-SVM uses the
equality type constraints in the problem formulation, thus the solution is obtained
through solving a set of linear solutions. Therefore, LS-SVM is free of local minima
and also has low computational cost [67]. Thus, LS-SVM is computationally efficient
technique than classical SVM for modeling non-linear relationship between input and

output parameters.

Consider a set of training data samples {(x1,41), (T2, Y2), cceervrenn (zp,yr)} C RY x
R. where RM denotes the input space. x; is the input value and vy, is the the

corresponding target value for £ sample. By using the non-linear mapping ¢, zy, is
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mapped to y; using the following relation as follows.
g(r) =wi () +b withweRY, beR (4.1)

Here, ¢(-): R"—R"™ is the mapping of input space to some high dimensional feature
space (potentially infinite). The approximation error of £ sample can be given as

follows.

er = Yr — Yr(Tk) (4.2)

In LS-SVM, the minimization error is formulated as primal problem.

N
1 1
P: minJ,(w,e)= §wTw + T3 Z e; (4.3)
k=0

with equality constraint as follows.

yp = wl o(x1) + b+ ey k=1,2,3....N (4.4)

Here, v is the regularization parameter. The first term of Equation (4.3) is Ly norm on
regression weights. Second term represents the regression error of all samples. This
problem is nothing but ridge regression cost function formulated in feature space.
When w becomes infinite, it can not be solved. Therefore, dual problem is developed

by constructing Lagrangian as follows.

D: maz,L(w,b, e, ) (4.5)
N

L=J,(w,e)— Z o {wd(zr) + b+ e — yi} (4.6)
k=1

Here, a4’s are the Lagranges multipliers. The conditions for optimality can be given
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as follows.

%:0 - W= Z]kvzl k()

L N
—=0—>Z: OékZO
ob k=1 (47)

oL

bo =0—ap=19e,, k=1,2....N

a—E:0—>wT¢(xk)—|—b—l—ek—yk:0, k=1,2....N

oy,

By eliminatinge, and w through substitution, following solution can be obtained as

follows.
Q+1 1 Q
w/y _ 1" (4.8)
1% 0 b 0
Here, Q = Z7Z and the kernel trick can be applied within o matrix as follows.
Q= <Z5(37k)T¢(55l) (4.9)
le :K(Ik,$l) ...... k,l: 1,2N (410)

The resulting function is weighted linear combination of inner product between the

training points and testing points.
N
ye =Y opK(zp,x) +b (4.11)
k=1

Here, K (x4, x) is the kernel function and ay, and b are solutions of the linear systems.
For a function to be kernel function, it should be positive definite and must satisfy
Mercer condition for the problem to be convex to provide unique and optimum solu-
tion. However, a Mercer kernel can be derived from a set of mercer kernels. A list of

Mercer kernels is given in Table 4.1

We are evaluating the accuracy of our SVM models using commonly used kernels.
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Table 4.1: Mercer kernels, expressions, tuning parameters and their ranges

’ Kernels \ Ezpressions \ Tuning Parameters ‘
Linear x{x 0 <~ <1000
B

RBF e ) 0 <, o <1000

Poly (rizx +t%)? 0<7,t<1000,0<d <5
MLP tanh(s * z}x + t?) 0<7, s, t<1000
Power —||z — z||? 0<~v<1000,0< <2
Log | —log(1 4[|z —]]”) | 0 <~ <1000,0< <2

However, there may exist other kernels which may provide higher accurate and less
complex models than we have considered in this thesis. Adding more number of
kernels increase the characterization time to develop the final models. Thus, choosing
the number of kernels is a trade-off between characterization time, accuracy and
runtime of the models. Furthermore, tuning parameters of a kernel should be selected

carefully for better regression task.

Before elaborating our methodology in Algorithms 4.2 and 4.1, we have described
symbols used in this algorithm with their meaning as shown in Table 4.2. Contribu-

tions of the proposed methodology are as follows.

e SVM regression based approach is adopted for modeling leakage of each stack
as derived in Chapter 3 for such a large PVTW space, which requires less
characterization time and is more accurate than look-up table and analytical

equation based techniques.

e Efficient methodology is developed for finding the best kernel among various
kernels and finding its corresponding optimum tuning parameters locally and
globally in the tuning parameter range. Two way error driven active learning
methodology is also employed that selects the new samples from the input space

for adaptive training of SVM based surrogate models.

e Sparse SVM models are also developed using Support Vector spectrum pruning
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Table 4.2: Symbols used in algorithm 4.1

Symbol

Meaning

Xtrain,initial

Y;tra'in,initial

Initial input and output data to train model

Xtesta thest

Input and output data to evaluate trained model

Erroryeq Required error of trained model to stop algorithm
Yiest.est Estimated output from trained model for X;. ; data
Error.g Error between Yi.s and Yiest est
Best Tune Param Best tuning parameters with minimum error
Train _ SVM . . )
rlrfe%;cl:SVM, Training and testing algorithm from SVM toolbox

Out_ Best Kernel,
Out_Best Tune Param

Best kernel and best tuning parameters

Errorsample Error for one sample of X s
Nsampe No. of current samples to train model
Maz sqmpie Maximum samples to train model
Xerror List of trained samples with maximum error
X dominant List of training samples with maximum « value
Xactive Total samples combining X,..., and Xgominant

Xactive—spice

Samples around X .. for active learning

}/acti'uefspice

SPICE output for samples Xocrive—spice

Xtrainffinal

Total samples after generating active samples

Y;frain—final

SPICE output for samples Xy qin— finai

method, which reduces the number of training samples to prepare regression
model. The resulting model reduces the runtime while negligible increase in the

error.

e A methodology is proposed for efficient selection of Monte Carlo samples for

fast estimation of leakage current of larger CMOS circuits.

e Our stack based methodology can be used for leakage characterization of post

CMOS devices i.e. FinFET, CNTFET based logic gates.

e Proposed models can be used for leakage estimation of CMOS gates for non-
Gaussian process parameter variations and does not require to re-characterize

the models. The proposed methodology removes the inaccurate log-normal
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assumption of leakage with respect to process parameters.

4.1 SVM Kernel Parameter Optimization and Ac-

tive Sample Selection Method

In our methodology, we combine both grid search based technique with genetic al-
gorithm (GA) and differential evolution (DE) to explore the tuning parameter space
in guided manner. It is a two way iterative search method in which search space is
explored locally and globally both. If any good solution is found than the previous
step, then our local grid search technique quickly explores the space near that good
solution. Our global search technique randomly searches in the parameter space to

find better solutions if any solution exists, which is better than the previous step.

F(X)

Input (X) ey

Figure 4.1: Random function F(X) as function of variable X.

To understand the importance of our approach, consider a random function F(X)
as a function of variable X as shown in Figure 4.1. Our aim is to obtain green
sample which gives minimum value of F(X) in minimum possible time. Samples 1,

2 and 3 are the initially generated samples in which sample 3 denotes the minimum
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error sample out of samples 1, 2 and 3. Grid based algorithm may give sample 3 as
minimum error sample for function F(X). In genetic algorithm, next set of samples
are generated randomly with minimum error sample propagated from previous step.
Suppose samples 4, 5 and 6 are generated in next step which are generated randomly
in parameter space of variable X. Still the minimum error sample is sample 3. But
if a local grid is defined at sample 3 then some samples are generated around sample
3. Suppose samples 7, 8, 9 and 10 are generated around sample 3 in conjunction
with randomly generated global samples. Thus in second step, sample 10 is minimum
error sample which is more nearer to global minimum error sample (green circle) than
sample 3. Thus, our algorithm finds best tuning parameters in lesser time than only

grid based algorithm and only genetic algorithm /differential evolution.

In the development process of SVM models, we want to use minimum possible num-
ber of training samples to reduce the runtime of models. Equation (4.11) is used to
evaluate the value of unknown samples. The number of ay values is directly propor-
tional to the number of training samples. These «; values affect the computations
required to evaluate the newly generated samples (i.e. other than training data).
Active learning method is used to generate new samples in next step based on the
error between the developed model with small training data-set and SPICE output.
In our methodology, we use active learning process to generate new training samples
around maximum error sample to achieve desired accuracy. We start training with
fewer samples and only generate two samples around maximum error sample to add

them with previous training data.

Furthermore, authors in [105] suggest to model I, as a exponential linear or quadratic
model form. If we take log of the leakage current, then the exponential linear or
quadratic model can be converted to simple polynomial model with linear or quadratic
terms which is easier to model with less complexity. More terms can also be added

to improve the accuracy of model. Thus, modeling log of leakage allows us to charac-
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terize less number of models with larger number of parameters for larger range in a
single model which consequently reduces the time to develop the models and runtime
for larger CMOS circuits. Errors in modeling using exponential quadratic form is
evaluated in Section 4.3 and compared with our proposed models. We choose log of

leakage current as performance parameter to be modeled using SVM.

Our methodology for selecting the best kernel with its corresponding optimized tuning
parameters is presented in Algorithm 4.1. This algorithm takes input as initial random
training samples, testing samples, kernels list, and kernel tuning parameter ranges in
which kernel parameters need to be optimized. Line 1 to 23 denotes our best kernel
selection method and its corresponding tuning parameters. In line 1, m denotes the
number of kernels available. Lines 2-4 select a kernel from the kernel list and generate
the initial predefined random set of samples t in the tuning parameters range. In line
6-8, SVM model is trained using initial random samples X, qin initiar, OUtPUt Yiest est 18
calculated using trained SVM model and model mean square error (MSE) is calculated

as in Equation (4.12).

n

1
ETTOTest = MSE(Y;&est; Eest,est) = ﬁ Z(Y;fest - Kest,est)z (412>

=1

Line 11 selects the best set of tuning parameters having least error from initial set
of training parameters. Lines 12 and 13 define the search range around previously
found best set of tuning parameters and generate predefined set of samples s; in this
search range. Line 14 generates the s, samples in the whole tuning parameter range,
which is the size of the population (Number of chromosomes) used in GA and DE
based global optimization algorithms and hence, s denotes the effective population
size of each generation of optimization problem. In line 16-19, SVM model is trained,
tested and error is calculated for every set of tuning parameters in sjand s, using

the Equation (4.12). Lines 11-19 are repeated k times for each kernel in kernel list ,
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Algorithm 4.1 Algorithm to find out best kernel and optimal kernel parameters

InPUt: Xtrain,initialv Y;frain,initialv Xtest: Y;festy Tune_Param_Range, E’I"TO’I“T»eq, Ker-
nels_list (RBF, log, linear, poly, MLP, power).

Output: Best Kernel, Best Tune Param.

1. fori=1tom

2. Select Kernel; from Kernels list

3. Tune LSSVM(Kernel;, Tune_Param_ Range)
4. Generate t random sets of Tuning Parameters
5. forn=1tot

6. Train _ LSSVM(X train,initial Ytrain,initial)

7. Yiestest—Test  LSSVM(X.s)

8. Errores <= MSE(Yiest, Yiest.est)

9. end

10. forn=1tok

11. Select Best Tune Param with minimum Error
12. Define search range around Best Tune Param
13. Draw s; random samples in this search range (Grid search Method).
14. Draw s, random samples in the Tune Param Range (Global Search
method).

15. s < [s1; s2]

16. forn=1tos

17. Train o LSSVM(X train,initial thrain,initial)

18. Yiestest<—Test  LSSVM( X o)

19. Errores <= MSE(Yiest, Yiest.est)

20. end

21. end

22. Out_Best Tune Param < Best Tune Param

23. end

24. Out_Best Kernel < {Best Kernel, Best Tune Param}
25. end

where k denotes the number of generations in GA or DE. Predefined set of numbers k,
s; and sy must be chosen in such a way that algorithm can find the optimum values of
tuning parameters. Line 22 saves best set of tuning parameters for every kernel and

line 23 saves best kernel with with its optimum tuning parameters. Figure 4.2 shows
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the MSE and time taken in predicting the output for different kernels. This figure is
produced by training and testing the models with 100 and 5000 samples respectively
for 100 set of tuning parameters. For some set of tuning parameters, MSE is lower
but time taken by model is little bit high and vice-versa. Hence, we take into the
effect of both performance parameters by defining the new fitness function in the

global optimization problem as follows.

Fitness — func = wy x MSE + wy x time (4.13)

Here, w; and w, are the weights assigned to both parameters and denotes how much

importance should be given to both parameters.
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Figure 4.2: Comparing error and time - different kernels

Algorithm 4.2 adaptively generate the samples in the input space. This algorithm
takes the best kernel and initial training data samples and provides the final set of
training samples. if error of initially trained SVM model is lesser than the required

value Error,e,, then our algorithm stops otherwise it initiates our active learning
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algorithm which efficiently generates the training samples in the input space. These
samples are added to initial random training sample set to further reduce the Error.g
between model estimated output Yies st and SPICE output Y. for test samples Xy
In line 9, samples from the input space are separated in which error between predicted
and actual output is maximum. The error related to every sample is calculated using

as in Equation (4.14)

Errorsample = ’Y;est - Y;Eest,est’2 (414>

Equation (4.14) automatically takes care of generation of samples in empty area of the
input space and distance between predicted and actual output rather than taking two
different functions for both purpose as in [76]. Line 10 selects the samples from the set
of previous training samples having maximum values of ay weights ( the Lagranges
multipliers). According to Equation (5.22), we can see that these oy weights are
directly proportional to errors e; in the training samples. To further reduce the
error e, samples are generated around the samples having maximum «;, weights. To

further speedup the process, we select s3 and s; number of samples.

Figure 4.3.(a) shows the decreasing values of o and Figure 4.3.(b) shows the MSE
in subsequent iterations which shows that the significant decrement in the error due
to dominant « based active learning method. Figure 4.3.(b) also indicates that the
number of samples taken from the previous step for which dominant « values are
considered, do not effect the MSE. We select 10 samples from the previous step. These
samples are now taken to the SPICE, where s5 samples are generated around each
sample in s3 and s; and corresponding SPICE output is calculated. These samples
are now added to previous training data-set and SVM model is trained, tested and
error is calculated. This process is repeated until estimated error, Error.g is lesser

than the Error,., or number of training samples are exceeded than the maximum
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Algorithm 4.2 Adaptive SVM model learning algorithm

Input: Xy gininitial, Yirain,initial, Best_Kernel, Best Tune_ Param.
Output: Xirin, finats Yirain, final

L. Train _ LSSVM(Xyrain,initiat, Yirain,initial, Best_Kernel)
2.Yestest<— Test  LSSVM(Xcs)

3.Errores < MSE(Yiest, Yiestest)

4. if (Errores < Errorye,)

5. then stop

6. else

7. Errorsample A |Y;‘/est - }/test.est’Q

8. while (Errores > Errorieq || Nsample < MaZsampies)

0. Xerror < Separate samples s3 with maximum error

10. Xdominant < Separate samples s; with maximum « values
11. Xactive %[Xerror; Xdominant]

12. Xactive_spice < Generate samples s5 around Xctipe

13. Yactivefspice — SimUIate_SPICE(Xactive,spice)

14. Xtrain, final < [Xtraininitial; Xactive_ spice]

15. Yirain, final < [Y;Srain,im'tial; Yactive_spice]

16. Train_LSSVM(Xtrain,finalv Y;frain,final)
17. }/test,est%TeSt_LSSVM(Xtest)
18. Erroreg < MSE(Yiest, Yiestest)

]-9 ETTOTest <_|Y;fest - Y;Eest.est|2
20. Xtrain,initml — Xtrain,fmal
21. Y;‘,rain,initial — Y;Erain,final
22. end

number of training samples.

4.2 Sparse SVM using Support Vector (SV) Spec-

trum Pruning Method

Sparseness is an important property of any regression based model, which removes

the non-dominated (outliers) samples from the training data-set used in model prepa-
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Figure 4.3: Dominant « based active learning method (a) Alpha value for different
iterations (b) Mean Square Error (MSE) for different set of samples

ration to reduce the model complexity. With the advantage of high dimensional
complexity reduction of LS-SVM over SVM, it has one major drawback of loss of
sparseness in SVM. In LS-SVM, all training samples take part in computing the un-
known samples as opposed to traditional SVM case. It is due to the simplification of
equations into linear form. To define a generalized sparse regression problem, consider
an output sample ye R™ and a dictionary DeR™*"(the columns of D are referred to

as the atoms), sparse vector z can be given as follows.

P: min ||z |0 st. y=Dzx (4.15)

Here, || x ||o (referred as ¢y—norm) is the cardinality or number of nonzero ele-
ments in training sample vector z. Many algorithms such as Greedy algorithm [106],
Pruning based algorithm |77], Orthogonal Matching Pursuit (OMP) algorithm [107],
Coordinate descent algorithm with non-convex penalties [108] have been proposed
in literature. In this thesis, our main focus is on pruning based algorithm, which
is very simple to apply yet effective in reducing complexity of the regression model.

However, other algorithms can also be used in place of pruning based algorithms.
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Karush-Kuhn-Tucker conditions in Equation (4.8) can be cast into generalized sparse

regression problem as in Equation (4.15).

a
P: min || lo st = (4.16)

Removing an element from vector « is equivalent to removing a sample from the
training samples because number of « values will be as much as the number of training
samples. Thus sparseness in LS-SVM can be imposed by removing the outliers, which
is identified by observing the SV-spectrum (|ay| values). These |ay| values are the
solution of linear equations in LS-SVM formulations and denotes the important of the
training samples in evaluation of unknown samples. Sparse LS-SVM has an advantage
over Artificial Neural Network (ANN), Radial Basis Function (RBF) because deleting
any training sample from the trained network requires Hessian or it’s inverse to be
calculated, which is a more computational complex than solving linear equations.
Equation (5.22)C shows that the ay’s are directly proportional to the error ey of the
model. In Equation (4.11), output for a test sample z; will be more affected by high
values of a. Thus, by simply removing the samples with smaller |ay| values, runtime
of the model can be greatly reduced while incurring a small error in the model. The
algorithm can be described in formal steps below. These steps are performed for best

kernel only.

Step (1) - Load the trained model obtained from algorithm in Figure 4.2.

Step (2) - Prune 2% set of training samples having lower |ay| values in SV-spectrum.
Step (3) - Re-train the model with reduced sample set.

Step (4) - If Error.y < Error,.,, then go to step 1. Else, stop.
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4.3 Results

We have used 28nm Predictive technology model (PTM) model file for all simulations
presented in this Chapter. For model characterization, LS-SVM toolbox is used in
MATLAB (version 2007b). Inter-die and Intra-die variations are considered on three
process parameters L, Vi, and T,, with Gaussian distribution (3¢ =10%) . Va4, T

and W are sampled with uniform distribution.

4.3.1 Accuracy and timing analysis of SVM models

In Table 4.3 and 4.4, we compare our methods and genetic algorithm for finding the
best kernel and its optimal tuning parameters. The values of tuning parameters with
our first method (grid search + GA) and second method (grid search + DE) is exactly
similar but our method is 2x and 3x faster than genetic algorithm respectively,
which means our algorithm searches the tuning parameter space faster than genetic
algorithm. For all stack models, RBF kernel is the best kernel but the value of optimal
tuning parameters is different for different set of models. The best kernel with optimal

tuning parameters highly depends upon the stack type and the input applied.

Table 4.5 and 4.6 Shows the information of some of the SVM and Sparse SVM model
for NMOS and PMOS stacks for I, and Iy calculation. We use maximum 1540
samples for training of SVM model which gives sufficient accuracy of our stack models.
p for testing data of all basic stacks is greater than 0.999 and MSE is also very less.
Our SVM model will require ~4.13 sec. to predict the PDF at any V;; and T value
for 10000 Monte Carlo samples. For SVM model, time required to predict the leakage
is almost same for all stacks which suggests that the model is very less dependent on
inputs applied to the same type of stack model i.e. runtime for n4,/0000 and n4/0001
is approximately same. Now, We apply SV-spectrum pruning algorithm from Section

4.2 to check whether the reduction in the number of training samples in possible.
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Table 4.3: Best kernel and optimal tuning parameters - proposed Grid Search + GA

method

Best GA method Grid Search + GA Speed

Model | Kernel | Tuning Param. | Training | Tuning Param. | Training up
GA/M1 | ~ o? Time (S) | 7 o? Time (S) | (x)

n4s/0 RBF 1000 | 313.08 455.01 1000 | 313.17 220.29 2.07
n3s/0 RBF 1000 | 273.20 454.25 1000 | 273.50 218.33 2.08
n2s/0 RBF 1000 | 211.04 419.06 1000 | 210.37 205.11 2.04
nls/0 RBF 1000 | 173.94 411.83 1000 | 173.69 201.69 2.04
pds/15 RBF | 236.4 | 1000 427.80 | 236.5 | 1000 208.90 2.05
p3s/7 RBF 189.8 | 409.48 421.72 | 190.4 | 409.97 205.33 2.05
p2s/3 RBF 1000 | 408.40 412.78 1000 | 407.64 203.81 2.03
pls/1 RBF | 232.1 | 147.51 374.77 | 231.9 | 147.50 189.58 1.98
ndg/7 RBF 1000 | 213.08 426.37 1000 | 213.08 209.79 2.03
n3g/3 RBF 1000 | 119.07 420.89 1000 | 119.07 201.45 2.09
n2g/1 RBF 1000 | 541.45 395.55 1000 | 541.45 190.56 2.07
nlgl/0 | RBF 1000 | 310.68 389.69 1000 | 310.68 188.50 2.07
plgl/1 | RBF 100.7 | 383.33 369.57 | 100.7 | 383.33 185.45 1.99

Table 4.4: Best kernel and optimal tuning parameters - proposed Grid Search + DE

method

Best Grid Search + DE Speed
Model Tuning Parameters | Training up

kernel |~ o? Time (S) | (x)
n4s/0 | RBF | 1000 313.09 154.54 2.95
n3s/0 | RBF | 1000 273.51 149.10 3.04
n2s/0 | RBF | 1000 210.37 148.30 2.83
nls/0 | RBF | 1000 173.67 145.66 2.83
pds/15 | RBF | 236.5 1000 149.99 2.85
p3s/7 | RBF | 1000 409.97 148.73 2.84
p2s/3 | RBF | 1000 407.64 144.59 2.85
pls/1 | RBF | 231.9 147.50 140.21 2.67
ndg/7 | RBF | 1000 212.05 136.66 3.12
n3g/3 | RBF | 1000 121.01 132.43 3.18
n2g/1 | RBF | 1000 177.35 131.47 3.01
nlgl/0 | RBF | 1000 310.53 125.33 3.11
plgl/1 | RBF | 100.7 383.33 125.01 297

In each step, we remove 2% of the samples from the trained model in SVM case.

Results in Table 4.6 show the reduction in the runtime of the models without loosing
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the accuracy. Here, it can be concluded that with the increased time on finding
the optimal tuning parameters, active learning of the model and developing sparse
regression model, complexity and simulation time of the model can be reduced while
keeping low MSE with respect to SPICE. However, modeling is one time process,
more time on training part can be invested with the advantage of low MSE and low
runtime of the model. Until the number of samples are same, runtime of the model

will be same.

Table 4.5: Evaluating proposed SVM method - NMOS & PMOS stacks in PVTW
space; test samples = 10000. ( T}qin — Model training time, T;,, — Model simulation
time)

Our Method (SVM)

Model | Input | Training | Tirain MSFE Toim
Samples (S) (x1079) p (S)
n4s/0 | 0000 1540 1564.20 8.44 0.9991 | 4.1938
n3s/0 000 1540 1514.30 7.90 0.9992 | 4.1877
n2s/0 00 1540 1504.80 3.80 0.9995 | 4.1870
nls/0 0 1540 1154.40 1.71 0.9997 | 4.1864
pds/15 | 1111 1540 970.049 8.93 0.9990 | 4.2858
p3s/7 111 1540 735.457 7.94 0.9991 | 4.2595
p2s/3 11 1540 672.165 4.09 0.9993 | 4.2504
pls/1 1 1540 485.027 1.97 0.9996 | 4.2476
ndg/7 | 0111 1540 1563.32 5.01 0.9993 | 4.0812
n3g/3 011 1540 1510.93 3.42 0.9995 | 4.0545

n2g/1 | 01 1540 | 1501.46 | 1.23 | 0.9996 | 4.0476
nlgl/0| 0 1540 | 944.79 | 0.12 | 0.9998 | 4.0321
plgl/T| 1 1540 | 265.83 | 0.13 | 0.9998 | 4.0485

Figure 4.4 shows the PDF predicted by our models and SPICE for different V;; and
T (27°C), which illustrates that both SVM and Sparse SVM model predict the PDF

quite accurately and as well as for different 7" values at fixed Vg (1V).
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Table 4.6: Evaluating proposed Sparse SVM method - NMOS & PMOS stacks in
PVTW space; testing samples = 10000. ( Ti4in — Model training time, Ty, —
Model simulation time)

Our Method (Sparse SVM)

Model | Input | Training | Tirain MSE Teim
Samples (S) (x1079) p (S)
n4s/0 | 0000 1310 | 2267.65 | 8.47 | 0.9990 | 2.9666
n3s/0 000 1250 2109.43 791 0.9991 | 2.8217
n2s/0 00 1250 2089.90 3.82 0.9994 | 2.8159
nls/0 0 1220 1445.40 1.73 0.9995 | 2.6579
pds/15 | 1111 1310 1379.75 8.94 0.9990 | 3.1169
p3s/7 111 1280 1034.31 7.97 0.9989 | 2.9151
p2s/3 11 1280 911.10 4.14 0.9991 | 2.9040
pls/1 1 1220 747.79 1.97 | 0.9995 | 2.4909
ndg/7 | 0111 1250 2356.67 5.02 0.9993 | 2.7862
n3g/3 011 1220 2125.56 3.43 0.9995 | 2.6451

n2g/1 01 1220 2095.90 1.25 0.9995 | 2.6338
nlgl/0 0 1190 1449.56 0.12 0.9998 | 2.4854
plgl/1 1 1190 745.89 0.14 0.9998 | 2.4903

4.3.2 Effect of Technology Scaling, Number of Dimensions and

Training samples on Model Runtime

Since we have developed our SVM models using 28nm bulk-CMOS technology. BSIM
models are used to relate process and environmental parameters to leakage current.
Our proposed methodology in this step is technology dependent because the fitting
parameters are extracted using regression data generated in that technology using
SPICE simulations. However the model development process in Figure 4.1 and 4.2 is
technology independent and can be used in any technology node with any underlying
device model i.e. BSIM, PSP etc. In lower technology nodes than 28nm, non-linearity
related to leakage current in PVTW space may be higher which may require more
number of samples than the model in 28nm technology node for the same accuracy. If
the number of samples are increased then the runtime of the model is also increased,

as explained previously. One important advantage of our model is that it does not
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Figure 4.4: Comparison of PDF generated using SPICE and SVM model at different
values of Vy, (top) and T (bottom) for nds/0 stack

presume any kind of underlying model like exponential linear or quadratic model

which is highly required to increase the accuracy of model. Our model is a kind
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of dynamic model whose runtime and accuracy depends upon the training data and
has the ability to model highly non-linear performance parameters in the complete

PVTW space.

* Stack nl (28nm) y = 0.00130*x + 0.1833 g
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Figure 4.5: Effect of training samples on model runtime

Figure 4.5 shows the variation in the runtime of models for 5000 testing samples by
nls/0 and nds/0 stack for increasing value of training samples in different technologies.
Linear curve fitting is used in MATLAB toolbox for both models. Runtime linearly
increases with the increasing number of training samples used to develop the model.
In 28nm technology, runtime difference between the nls/0 and n4s/0 stack models is
little bit higher at the higher value of samples. Runtime complexity for both models
is O(n), however, the runtime of n4s/0 model is little bit higher than nls/0 model due
to the higher number of fitting parameters. Furthermore, in advanced technologies,
complexity is also O(n) but there may be variation in the fitting parameters. This
experiment clearly shows the SVM model’s runtime is mainly dependent on number

of training samples, not on the number of variables and process technology nodes.

Next, we examine the effect of adding width as another dimension to our SVM models
over model in [2| on characterization time, runtime and MSE. Similar effect can be
elaborated on sparse SVM model. The dependence of I, and Iyq. is linear with

respect to width of transistors of a gate. Since we are modeling log of leakage which
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further reduces the non-linearity introduced by width into SVM models.

Table 4.7: Effect of excluding width in LS-SVM model (with respect to same MSE)

Stack | Training | Characterization Runtime (S) MSE
model | Samples Time (S) (10000 samples) | (x107°)
n4s/0 1480 1533.29 3.9106 8.43
n3s/0 1420 1468.21 3.7734 7.90
n2s/0 1420 1450.38 3.7721 3.81
nls/0 1360 1020.72 3.3962 1.70
pds/15 1480 935.042 4.0642 8.93
p3s/7 1480 701.216 4.0548 7.93
p2s/3 1420 580.121 3.8410 4.10
pls/1 1420 415.088 3.8271 1.97

Table 4.8: Effect of excluding width in LS-SVM model (with respect to same number
of samples)

Stack | Training | Characterization Runtime (S) MSE

model | Samples Time (S) (10000 samples) | (x1079)
n4s/0 1540 1560.12 4.1913 8.18e-6
n3s/0 1540 1509.28 4.1876 7.29e-6
n2s/0 1540 1495.80 4.1822 3.20e-6
nls/0 1540 1148.71 4.1790 1.52e-6
pds/15 1540 963.041 4.2799 8.59e-6
p3s/7 1540 729.110 4.2589 7.43e-6
p2s/3 1540 665.180 4.2489 3.80e-6
pls/1 1540 477.076 4.2441 1.71e-6

To evaluate this effect, we conducted two set of experiments. In first case, we
derive the number of samples required to train model for same MSE with width
consideration. Table 4.7 shows that less samples are required which also reduces the
runtime of the model as explained previously. If we do not consider the width in the
model, average 30 seconds are saved for each model. Total time saving for basic stack
models is 18 x30 seconds. If we do not combine parallel transistors, 16 models other
than 18 basic stack models are required for parallel transistor stacks to characterize

whole standard cell library as shown in Figure 3.10, in which each model consist 3
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or 4 transistors. On an average, 1500 seconds for one model and total 16x1500 are
required for parallel transistor stacks. Thus, less characterization time is needed if
width is added to the model. In a similar way, characterization time is also saved for
Iyate models. In Second case, we keep the number of training samples same when
width is considered in the model i.e. 1540 samples. For this case, Table 4.8 shows that
the excluding width in the model affects very less in terms of both characterization
time and runtime of the model but reduces error up to some extent. Finally it can
be concluded that if any parameter that is to be included in the model increases the
number of training samples, then both characterization time and runtime of the model
get affected to a large extent. In our case, we include width as a design parameter
in the models to reduce the number of models to be characterized which ultimately
reduces the characterization time. If the number of training samples are same as
before and after adding width, then runtime is almost same for both cases. We use
sparse LS-SVM to reduce the number of training samples for reducing the simulation

time of models.

4.3.3 Comparison with exponential polynomial models

In this section, we compare the accuracy, number of SPICE simulations required and
memory requirement to save model parameters for our SVM models with the existing

analytical exponential quadratic (EQ) models in [109].

4.3.3.1 Accuracy

In case of EQ models, input - output relation is represented by a presumed form of
the equation and expectation of that equation is calculated to find out p and o of
I, of a gate in presence of process variations. While our SVM models are black-box
kind of models, which do not assume any pre-defined set of equation to establish

the relationship between input and output. For SVM models, we do not consider the
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equations. Hence, i1 and o for a gate are evaluated using efficient sampling techniques.
SVM models are slower than EQ models but provide better accuracy and we will show
that our SVM model outperforms EQ model in presence of process variations. In EQ
model of [109], I, of a gate in terms of process parameters L and Vy, is represented

as follows.

2 2
Ileak —_ C.eA1AL+B1AL +A2A‘/th+B2AVth (417)

For a fair comparison with our model, we add T,, as another dimension in Equation
(4.17). We use same 1540 optimal set of samples to develop EQ model as used in
Table 4.5 to characterize our SVM models. MATLAB Isqcurvfit tool is used to fit
the data in the form of Equation (4.17) and constant terms are determined. To test
both models, 10000 disjoint set of samples are generated in the process variation
space. Iy, of nls/0 and nds/0 stacks are modeled using EQ model for varying value
of standard deviation of process parameters from 5% to 20% with the step size of
2.5% while Vg, T and W of all transistors on a stack are kept at 1V, 25°C' and
28nm. Three variables are required to include global process parameters in the ‘P’
transistor stack model, each corresponding to L, V;, and T,,. Three variables are
required to include spatial component and 3* P variables are required to account for
the random component of local process variations. Thus, nls/0 and n4s/0 model is 9
and 18 dimension model respectively. MSE on testing data is calculated using both

models as shown in Table 4.9.

Results show that the rate of increase of MSE for EQ model for nls/0 stack model is
very large than SVM model as the percentage variation in process parameters increase.
In the next experiment, we keep o at 20% and T is varied from 25°C' to 100°C. MSE
for nls/0 model is increased to 5.4921 and 3.81%*107% at 100°C for EQ and SVM

model respectively. We have also compared our method for higher dimensional n4s/0
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Table 4.9: Mean square error using SVM and EQ model in process variation space

Standard MSE (n1s/0 stack) MSE (n4s/0 stack)
Deviation (o) | EQ Model | SVM Model | EQ Model | SVM Model

5% 0.0166 1.35e-6 1.1032 7.68e-6
7.5% 0.0726 1.49e-6 1.3566 8.0le-6
10% 0.4501 1.71e-6 1.5231 8.44e-6
12.5% 1.1026 2.03e-6 1.9406 9.13e-6
15% 2.8803 2.78e-6 3.1487 9.79¢-6
17.5% 3.0100 3.30e-6 4.5691 1.31e-5
20% 4.0014 3.45e-6 6.3478 2.7le-5

stack model with EQ model. Accuracy of EQ model is further reduced if stacks with
more transistors are used. Similarly, I, was also modeled in the form of EQ model

and found to be highly inaccurate as similar to I,,;, EQ model.

To improve the accuracy of the EQ model for larger variations and higher order
stacks, higher order terms i.e., L7, V3, T2 can be used. However beyond quadratic
terms, the model has a limitation in calculating the expectation of cubic or higher
order terms. This expectation may not converge because cubic or higher terms will
grow faster than decaying of quadratic terms for a particular value of process param-
eters. However, in the case of SVM model, non-linearity of the model is tackled by
increasing the number of training samples, kernel function and its tuning parameters.
Thus, SVM models are more suitable for modeling leakage for larger range of process

variations and larger number of parameters.

4.3.3.2 SPICE simulation and Memory requirement

Consider a four transistor NMOS stack with 3 inter-die parameters (L, Vi, Tos),
3*4 = 12 process parameters to account intra-die random variations and 3 process
parameters to consider intra-die spatial variations. Leakage of this stack is to be
modeled in EQ form as shown in Equation (4.17). EQ model will have a total 18 first

order terms and 171 second order terms. To develop this model with 189 coefficients
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at least 189 SPICE simulations are required. We actually may require some extra
samples i.e. 225 SPICE simulations may be needed to model the leakage accurately
along with 500 disjoint SPICE simulations to check accuracy of the developed model.
Generally, the state-of-art leakage models do not include large range of Vy; and T
in a single model. Thus V;; and T range is divided into multiple regions and model
is developed for each region. Now assume Vg, is divided in steps of 100mV and T
in steps of 25°C', then we need 24 different EQ models in a supply voltage range
of 0.6 - 1.2V and temperature range of 0 - 100°C. This requires 24*225 = 5400
SPICE simulations to model leakage of a four transistor NMOS stack in complete
PVTW space. Our SVM model required a maximum of 1540 SPICE simulations to
cover complete PVTW space in a single model, which is ~ 3.5x less than EQ model.
Sparse model further reduces the number of training samples, results in saving of time
consumed in SPICE simulation. Our model is able to predict leakage at any Vy; and
T, making it voltage and temperature scalable. The important application of voltage
and temperature scalable models can be the use of these models for leakage estimation
during adaptive voltage scaling (AVS) and full-chip thermal analysis. From memory
point of view, each out of 24 EQ models has 189 coefficient. Some memory is needed
to save these coefficients. let us assume each coefficient requires one unit memory;,
thus total 189*%24 = 4536 unit memory is required for the coefficients of all models.
In our SVM models, training procedure generates the model coefficients as ‘a’ and
‘v’ value. Number of o’ values will be same as the number of training samples and
one 'b’ value is generated for each model. Thus, total 154041 = 1541 unit memory
is required which is ~ 2.94x less than EQ model. Finally it can be concluded that
our SVM model outperforms analytical equation based EQ models not only in terms
of accuracy but also SPICE simulation requirement to develop model and memory
space requirement to save model coefficients. This process is to be repeated for 176

input vector combinations of 20 CMOS gate standard cell library for the case of EQ
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models, while our methodology requires this model generation procedure only for 30
times (/g models). Thus, our methodology results in ~ 21x less characterization
time and ~ 17X less memory requirement. It can be concluded that proposed SVM

models require less memory and less characterization time to develop leakage models

in the considered PVTW space.

4.3.4 Comparison with the methods based on scaling the sin-

gle transistor leakage

L and I;q. models presented in [6] and [7] are based on scaling the leakage of single
transistor. Scaling factors are calculated depending on the stack type (NMOS or
PMOS), input applied to the stack and number of transistors in that stack. However,
process, Vyg and T variations are not considered while developing these models. In
our experiments, we show that the models in [6] and |7] are not valid for all CMOS
gates with their input vectors considering variations. These models are based on two
assumptions: 1) Only one scaling factors to scale the leakage of single transistor, 2)
Same scaling factor for different input vectors of a stack. To evaluate the inaccuracy
and efforts made to develop the models presented in [6] and [7], we performed an
experiment in which I, of four transistor NMOS stack is calculated by scaling the
Ly,p, current of single NMOS ‘OFF’ transistor at nominal values of varying parameters.

Scaling factor can be calculated as in Equation (4.18).

Ileak,n4_ 1110

Scaling_ factor(s.f.) = (4.18)

[leak,nl_O

This scaling factor evaluates to approx 0.998. In our first experiment, we assume 10%
variation in global and local process parameters in L, Vy, and Vy,. Figure 4.6 shows
that scaling factor can vary from 0.1 to 25. In our second experiment, we kept the

process parameters at their nominal values, 7" and Vg, is varied in between 0°C' to
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100°C" and 0.9V to 1.2V. Figure 4.6 indicates that scaling factor is varied from 0.1
to 2. These experiments establish that calculation of scaling factors neither provides

accurate result in the presence of process variations nor present good scalable models

at desired T and V.
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Figure 4.6: Scaling factors required for accurate Iy, estimation of NAND4 gate with
input ‘1110’ using single NMOS ‘OFF’ transistor with Process, Vy; and T Variations

Now, consider a NMOS stack of 3-input NAND gate with three input vectors ‘011’,
‘101" and ‘110°. I, for these input vectors is assumed to be same as single transistor
L leakage. Table 4.10.(a) shows the error in I, for these input vectors. Column 2
and 3 in Table 4.10(a) denotes the representation of Iy, models for considered input
vectors. Iy, for the considered input vectors can not be calculated from nls/0 model
due to the very large difference between actual and model output. I, for all three
input vectors is also not same. Thus, all three input vectors require different models
to estimate Iy,;,. In our approach, we use separate models for all three input vectors.
Higher error for these input vectors can also be confirmed from our analysis in Figure
3.2. For some of the samples in process variation space, I, for these input vectors

lies in the high error region of Figure 3.2.
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Table 4.10: Error for modeling (a) I, and (b)

Iyt of NMOS stack of NAND3 gate

using methodology in [6] and [7] in 28nm technology (Vg = 1V, T = 27°C)

]sub
Gate | Input Stack Model SPICEMmA) | [6] [T](nA)
Type j/o j/o
NAND3 | 011 n3s/3 | nls/0 | 2.61/12.73 | 20.06/176.1
NAND3 | 101 n3s/5 | nls/0 | 3.45/18.40 | 20.06/176.1
NAND3 | 110 n3s/6 | nls/0 | 16.99/103.7 | 20.06/176.1
(a)
Lyate (for NMOS stack only)
Gate | Input Stack Model SPICE(pA) [6] [7](pA)
Type w/o w/o
NAND3 | 001 n3g/1 | nlgl/0 | 58.48/48.32 | 163.34/132.71
NAND3 | 010 | n3g/2 | nlgl/0 | 309.43/187.61 | 164.57/133.70
NAND3 | 011 n3g/3 | nlgl/0 | 34.31/30.18 | 163.34/132.71
(b)

Next, consider ;4. of NMOS stack for 3-input NAND gate with input vectors ‘001’,
‘010" and ‘011". Iy, for these input vectors is calculated from nlgl/0 model shown
in Table 4.10(b). Iyq for ‘001’ and ‘011" is derived by scaling nlgl/1 model’s leakage
through same scaling factor, but results in Table 4.10.(b) show that the p and o
estimated through SPICE is completely different for both input vectors, thus same
scaling factor can not be used for both inputs. These input vectors require different
I4qte models for each input vector. While I,4 for ‘010" input is considered as same as
Lyate of n1gl/0 model neglecting the I, of ‘ON’ transistor but our results in Table
4.10.(b) indicate that the differences in p and o estimated through SPICE and the
model are very large. Under consideration of process variation, scaling factor itself
is a non-linear function which require more efforts to characterize the leakage of all
CMOS gates. Another disadvantage is that the CMOS gates with parallel transistors
or stacks of parallel transistors i.e. AOI22, AOI32, OAI22, OAI32 are not considered.

As the size of the standard cells increases, this method will give more error than the
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error for basic CMOS gates. Based on our experiments, it can be concluded that
the I, and Iyq. of single transistor leakage with single scaling factors considered for
different gates in standard cell library give high errors in leakage modeling. Similar to
the EQ models, our SVM model outperforms these kind of models in terms of SPICE

simulation and memory requirement.

4.3.5 Comparison with Artificial Neural Network models

Methodology proposed by authors in [2] reduces the error in I, estimation by de-
veloping extra models. This method does not remove the ‘ON’ transistors which are
directly connected to the output node. For example, consider NAND3 gate with ‘011,
‘101" and ‘110’ input vectors as shown in Table 4.10.(a). Middle, leftmost and all ‘ON’
transistors are removed from ‘011, ‘101" and ‘110’ inputs respectively. But still this
is a simplified assumption and may give large errors in leakage modeling. Since, Jyq.
was not modeled in [2], analysis in Tables 4.11 and 4.12 for ANN model is based on
Iy, only. While, our approach is evaluated based on both I, and Iy4. leakage. For
the purpose, we have implemented the ANN based surrogate models based on the
stacks presented in [2] with 20 neurons in hidden layer for each stack model. Average
30 sec. are required for training of the ANN model for each stack, which is very less
than our method. However, it is for fixed ANN model parameters. Active learning
will also increase the training time in the case of ANN model. Error in p and o for
various stacks is given in Table 4.11. For NAND3 gate with inputs ‘011’ and ‘101,
error in Iy, estimation is reduced with the use of methodology in [2]| compared to
[6] and [7], but assumption made for these input vectors still results in high error
and thus, require a new model for each input vector. Maximum average error in u
and o is 58.6% and around 203.7% respectively, if the leakage current of pds/1 stack
is evaluated using pls/1 stack which clearly indicates that this stack requires a new

stack model i.e. the drop across ‘ON’ transistors can not be ignored.
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Table 4.11: Error for modeling stacks [2]| in 28nm technology (Vg = 1V, T = 27°C)

Stack Scaling factors | SPICE(MnA) [2](nA) % Error
Gate Input Model
Type Ispice/ Inrodel w/o w/o w/o

NAND4 | 1110 | nd4s/12 | nls/0 | 3.5873/3.5893 | 15.20/89.48 | 20.05/176.0 | 31.90/96.7
NAND3 110 n3s/6 | nls/0 | 3.5846/3.5893 | 16.99/103.7 | 20.06/176.1 | 18.06/69.8
NAND3 011 n3s/3 | n2s/1 1.1637/1.3294 2.61/12.73 2.99/16.81 | 14.56/32.05
NAND3 101 n3s/5 | n2s/1 1.3291/1.3294 3.45/18.40 3.55/20.09 2.90/9.18
NAND2 10 n2s/2 | nls/0 | 3.5820/3.5893 | 18.12/127.5 | 20.07/176.2 | 10.76/38.2
NOR4 0001 pds/1 | pls/1 | 2.3873/2.4011 | 15.04/71.70 | 23.86/217.8 | 58.6/203.7
NOR3 001 p3s/1 | pls/1 | 2.3919/2.4011 | 16.37/84.14 | 23.90/218.2 | 45.9/159.3
NOR2 01 p2s/1 | pls/1 | 2.3965/2.4011 | 20.43/136.3 | 23.33/218.5 14.2/60.3

4.3.6 Leakage calculation of a gate using stack models

Leakage of gates for a given input vector can be estimated by breaking down the gates
into characterized stack models. Thus, leakage estimation of a gate can be mapped
to leakage of stack models and can be represented as a linear weighted sum of leakage
of the stacks which are to be used for the given gate with particular input vector.
Suppose, if ‘M’ and ‘N’ number of I, and I .. stacks are characterized. Igp—stack,j
and Iygse—stack; denotes the Iy and Iy, through ;™ and k™ stack. Total leakage of

a gate ‘7’ for given input vector ‘v’ can be given as follows.

M N
]lléak’i = E Isub—stack,j + E ]gate—stack’,j (419)
j=1 k=1

We have calculated the total leakage of each gate in considered standard cell library by
applying all input vector combinations. Table 4.12 and 4.13 compares our method’s
accuracy and runtime with HSPICE simulation and ANN model [2]. The average error
in p and o for total leakage is 0.447% and 0.812% using our SVM model respectively
across 176 input vector combinations for 20 CMOS gates compared to the ANN
model’s 2.6975% and 9.855% for I,,; only. Our SVM model’s average runtime for

calculating p and o is 22.1660 sec. compared to 221.55 sec. using SPICE. SVM and
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Sparse SVM model is on an average ~ 10x and ~ 17x faster than SPICE respectively.
However, the maximum runtime improvement is observed for D-flip flop because it
only requires the single transistor models to predict the leakage power across all
input vector combinations. Sparse SVM further reduces the runtime of the proposed
method with negligible increase in error. Last three rows in Table 4.12 indicates that
total 34 I, stack models need to be characterized by ANN model to calculate the
leakage current of 20 gate standard cell library across 176 input vector combinations
i.e. 4 stack models more than our approach. We also accurately model I, with only

26 models for all possible input vectors of the considered standard cell library.

Finally, it can be concluded that the error in estimating leakage current is very high
using the methodology based on stacks given in [2|, which in completely outperformed
by our proposed method in terms of accuracy. However, the I;,;, models developed
using ANN are found to be faster than our approach but runtime for ANN model
is evaluated only for 20 hidden neuron network model. To improve the accuracy of
the ANN model, number of hidden neurons may be increased at the cost of increased
runtime of ANN model. One biggest advantage of our model using approach is that we
can estimate p and o for other gates containing parallel transistor stacks without any

pre-characterization, whereas ANN model [2]| requires new models to be characterized.

4.3.7 Efficient selection of Monte Carlo samples for Statistical

leakage current estimation of benchmark circuits.

Yield of any analog or digital circuit has to be maximized considering variations in
process parameters. This step requires sufficient samples to be simulated in process
variation space for accurate Probability Distribution Function (PDF) estimation of
performance parameters. Authors in [110] proposed a 2-level Design of Experiments

(DoE) method to select samples for frequency optimization of Voltage Controlled
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Table 4.12: Comparing method in [2| and proposed methodology for error - 28nm
technology (Vg = 1V, T = 27°C, 10000 Monte Carlo samples) (M1— SVM, M2—
Sparse SVM)

ANN Model [2] * Proposed
Gate M1 M2

A% | Lok A% | Do% | Dp% | Dok
NAND4 2.092 11.721 | 0.287 | 1.768 | 0.289 1.769
NAND3 2.249 11.330 | 0.323 | 1.821 | 0.324 1.823
NAND2 2.352 6.911 0.177 | 0.299 | 0.179 0.301
NOR4 5.377 24.991 | 0.638 | 1.794 | 0.640 1.796
NOR3 7.098 24.001 | 0.499 | 1.954 | 0.499 1.957
NOR2 4.499 23.886 | 0.046 | 0.301 | 0.047 0.303
INV 0.017 0.016 0.015 | 0.016 | 0.017 0.017
BUFFER 0.032 0.036 | 0.031 | 0.035 | 0.032 0.037
AND4 0.292 0.296 0.041 | 0.071 | 0.043 0.072
AND3 0.682 1.061 0.051 | 0.075 | 0.053 0.078
AND2 2.919 17.290 | 0.053 | 0.089 | 0.055 0.091
OR4 2.459 6.449 0.080 | 0.164 | 0.082 0.166
OR3 3.676 4.201 0.048 | 0.089 | 0.049 0.091
OR2 7.762 | 24.066 | 0.036 | 0.079 | 0.037 0.080
MUX2x1 0.199 0.349 | 0.197 | 0.350 | 0.199 0.353
XOR2 2.338 8.699 0.485 | 1.158 | 0.489 1.161
MAJ GATE | 4.257 10.923 | 0.430 | 0.150 | 0.434 0.153
AOI22 2.682 9.901 2.635 | 2.692 | 2.638 2.695
OAI22 2.824 10.772 | 2.726 | 3.130 | 2.729 3.133
DFF 0.144 0.202 0.140 | 0.201 | 0.143 0.203
Avg = 2.6975 9.855 0.447 | 0.812 | 0.449 0.814

Proposed Basic I,,, Models = 30, New [, Models = 0,

Iyote Models = 26
2] Basic [, Models — 18, New I,,, Models — 16

*Error for ANN model is evaluated based on I, only.

Oscillator (VCO) circuit. It generates 2" samples, where n is number of variable
parameters. The work in [110] optimizes the analog circuit considering only global
variations in 5 parameters, which only require 2° = 32 samples to be simulated. But
simulations of lower number of samples result in large error in x and o estimation of
performance parameters. In addition, local variations increases the dimensionality of

process variation space, thus simulation time increases exponentially. In digital cir-
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Table 4.13: Comparing method in [2] and proposed methodology for runtime - 28nm
technology (Vg = 1V, T = 27°C, 10000 Monte Carlo samples) (M1— SVM, M2—
Sparse SVM)

Avg. Runtime (S) Speed up (%)

Gate N Proposed Proposed
[SPICE] | [2] M1 M2 /2 M1 | M2

NAND4 221.30 | 3.5478 | 13.7979 | 8.7775 | 62 | 16 | 25
NAND3 195.02 | 3.5403 | 13.5604 | 8.7650 | 55 | 14 | 22
NAND2 171.20 | 3.5370 | 13.2947 | 8.3706 | 48 | 13 | 20
NOR4 217.10 | 3.5487 | 13.9073 | 8.8992 | 61 | 16 | 24
NORS3 191.92 | 3.5130 | 13.6485 | 8.8676 | 54 | 14 | 21
NOR2 172.04 | 3.5088 | 13.3357 | 84776 | 49 | 13 | 20
INV 164.50 | 3.4281 | 12.3076 | 7.6401 | 47 | 13 | 21
BUFFER 173.69 | 7.0077 | 24.5952 | 15.2802 | 24 7 11
AND4 226.20 | 7.0260 | 26.1186 | 16.2525 | 32 8 14
AND3 203.20 | 7.0201 | 25.6075 | 15.8771 | 28 8 13
AND2 176.45 | 7.0179 | 25.1001 | 15.7255 | 25 7 11
OR4 223.96 | 7.0275 | 26.1640 | 16.4803 | 31 8 13
OR3 198.69 | 7.0203 | 25.6180 | 15.9758 | 28 8 12
OR2 175.28 | 7.0176 | 25.1791 | 15.7375 | 24 7 11
MUX2x1 232.24 | 6.9453 | 28.6352 | 17.6180 | 33 8 13
XOR2 242.91 | 10.648 | 35.7112 | 18.5063 | 22 7 13
MAJ GATE | 237.80 | 8.7588 | 37.2854 | 19.3517 | 27 6 12
AOI22 233.21 | 7.2420 | 21.4694 | 13.7053 | 32 | 11 | 17
OAI22 234.42 | 7.3899 | 21.5263 | 13.7551 | 31 | 11 | 17
DFF 539.83 | 10.211 | 26.4578 | 16.7287 | 52 | 20 | 32
Avg = 221.55 | 6.2478 | 22.1660 | 13.5396 | 35 | 10 | 17

*Runtime for ANN model is evaluated based on I,; only.

cuits, due to higher number of transistors on a single IC, larger set of local parameters
are need to be considered. DOE is completely infeasible to analyze the performance
of digital circuits. Thus, efficient MC samples are need to be developed for efficient
analysis of digital circuits. Now we explain our proposed efficient sample selection

methodology, which can fully utilize our reduced set of stack models.

A process parameter P having the value P, for the j™ transistor in the " gate

of k™ grid can be given as follows.
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Pi' _ nom‘i‘APinter +Apiijptra,rand_‘_APZntra,spa (420>

Here, P,,,, is the nominal value of process parameter, AP is the zero mean ran-
dom variable (RV) representing the global component of process variation. AP%’Ltm’lOC“l
denotes random local variation of the 5% transistor in the i gate and A Py rep-
resents the variable related to spatial correlation between same process parameters
of different grids. In our work, we are considering the inter- and indra-die process
variations in the parameters length (L), threshold voltage (V) and oxide thickness
(Tse). The process parameter of j' transistor in i gate of grid k can be represented

as follows.

; it d int
Lin _ Lnom + ALmteT _'_ALZL ra,ran + ALG ra,spa

_ inter intra,rand intra,spa

Vihisic = Vitnom + DV + AV + AV (4.21)
_ inter intra,rand intra,spa

Tovisic = Townom + DTog " + ATZE + AT

For full-chip leakage estimation, we can use equations used in SVM models but it will
be very difficult to obtain the mean and standard deviation in analytical form as shown
in [2]. Thus, we select sampling based methodology for full-chip leakage estimation.
Earlier work based on sampling methods for full-chip leakage estimation use SPICE
simulation. One important advantage of proposed SVM models is that these models
can replace SPICE simulation loop in sampling based full-chip leakage estimation
methods. To further reduce runtime, efficient sample selection based methodologies
are required, which can reuse the previously simulated samples and modifying them
according to the process parameters [47] [111]. In the proposed framework, our main

aim is to use SVM model simulation to the minimum extent possible.

The important advantage of reducing the number of models in our proposed work is

to lower down the runtime complexity due to the use of reduced number of leakage
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components to be added for full chip leakage estimation. For example, method in [21]
uses the dominant Iy, and I, concept among various input vector combinations
of CMOS gates, which only adds the leakage of only dominant components. Due to
large variation space, this assumption may provide large error in leakage estimation.
Equivalence concept between different input vectors of CMOS gates is also used. For
example, Iy, of NAND4 gate with ’1110° input, NAND3 with ’110’, NAND2 with
1110’ is assumed to be same as INV with ’0” input. This assumption also provide in-
accurate results in leakage estimation. Thus, reduction in number of characterization
models is very important for characterization time and runtime complexity reduction.
We exploit the equivalence concept between our stack models. For example, n3s/0
stack model will be used for I, estimation of NAND4 gate with ‘1000’ input and

NAND3 gate with ‘000’ input.

Further advantage of our methodology lies in the selection procedure of Monte Carlo
samples of the individual gate. If we select the same values of process parameters for
different gates, then we only need to run the model once per gate per input vector.
For example, Monte Carlo simulation for two CMOS gates with the same input can be
performed with respect to parameter say, Length (L), then the Monte Carlo samples
for one gate can be used for another gate i.e. the same leakage power values can
be used for both gates. The only thing is to combine different values for joint PDF
calculation. The total leakage under process variation can be determined by randomly
combining the samples i.e. combining the leakage of two gates randomly. Figure 4.7
shows two inverters in two different grids, whose leakage is a function of transistor
length (L). Four different values are selected in the variation range of length. Joint
PDF can be generated by randomly combining these four values from two different
gates, which gives total 16 samples in the process variation space. Joint leakage can
be find out by randomly combining the leakage of both inverters instead of simulating

two inverters for 16 samples, which requires only 4 simulations to generate 16 samples.
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The efficiency of our method comes from saving the simulation time of CMOS gates

in the circuit.

47 (O 2) FTeak - f(L)
00| ©1)

L= (L1, L2, L3, L4)

(1,0 (1,1) (1,2) MC Samples =
{L1,L1}, {L1,L2}, {L4,L2}...{Lx,Ly}]

(2,2) (16 Samples)
(2,0) (2,1)

Figure 4.7: Ilustrating efficient sample selection methodology

To include spatial component of intra-die variation, correlation matrix is generated
by partitioning the overall chip into k£ grids as shown in Figure 4.7. k variables are
required to define the correlation matrix between £ grids. Correlation matrix can be
given as in [112|. We describe our approach for sample selection in following formal

steps.

Step (1) - Apply input vector to the circuit. Get the type of gates and corresponding
input vectors in a grid. A gate type (GT;) represent many gates of CMOS circuit
depending on the type of gates in the standard cell library and input vector applied.
For each G'T}, only one SVM model simulation is required. So, the total number of
gate type can be the number of precharacterized models. This process is applied for

all grids.

Step (2) - Generate samples to consider spatial component of intra-die variation
Py from k- dimensional joint PDF of k normally distributed random variables.
Each sample is a k- dimensional vector and generate separately for each variable.

For example: k- dimensional vector for variable length (L) can be described as -

ALY (AL ALY N Lintraspa) - Similarly samples for Vi, and
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T, can be generated.

Step (3) - Generate Monte Carlo samples from the normal distribution of intra-die
process parameters of every gate type (GT)) to account for random component of

h

intra-die variation. The corresponding sample for j** transistor in " can be repre-

sented as Pi'jmm,mnd: (A Lgutm,mnd7 A‘/tzgzjra,rand’ ATg:fj&”““”d)
Step (4) - Add inter-die process parameters to all samples generated in step (3). This
variable independently generates the sample P for each sample P;]W“’m”d. The
referred sample can be represented now as- P"'”te’#Pime’mnd: (ALinter—l—ALz?tm’m”d,
AVjinter 4 Avtzgm,mnd’ ATinter 4 Angfjfa,rand).

Int .
PP generated in

Step (5) - Add samples to account for spatial component
step (2). Now the sample becomes as- Pi”t”JrP;ftm’mndJrP,fmm’Sp ‘= (AL™er 4+
A L;;Ltra,rand L AL pyrinter | A‘/ggm,mnd n A‘/t'ilztra,spa’ ATinter AT;;:;G’Tand n
AT(;i;LzTa,spa) .

Step (6) - Add the nominal values of process parameters. The overall Monte Carlo
sample for a gate can be represented as- P,wm+Pmte’"+P£~Tltm’m"d+P£"tm’Sp “— (Lnom+

int intra,rand intra,spa int intra,rand intra,spa
AL 4 ALY +ALETS Ve AV 4 AV + AV,

T,

bnom T DT 4 NTpnirerand - NTintrespe),

Step (7) - Repeat steps (2) to (6) for each grid.

Step (8) - Get the values of leakage current of a gate corresponding to its input vector
in each grid k. It should be noted that a gate with same input vector from different
grids have different leakage values due to spatial component of intra-die variation
parameters which does not allow the use of same set of parameters between different
grids.

Step (9) - Replicate each gate type GTj, k, times depending on the type of the
gate and input vector applied. This gives the leakage samples of all gates in a grid
ie. N=Fk; +ka+ks+ .o + k.., Here N = Total gates in a grid. This process

is repeated for each grid.
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Step (10) - Randomly combine the values of leakage power of individual gate from

all the grids to get the final value of leakage power of whole circuit.

We have applied our methodology on ISCAS’85 benchmark circuits. The leakage
current of a circuit is input pattern dependent. However, it is impractical to calculate
leakage for all input patters of a circuit due to the large number of patterns. In
[21], leakage of a circuit is calculated using the average leakage current of a gate and
probability of input vectors of each gate in the circuit. Generally, in some applications,
input vector applied to the circuit is known a priori. For example, in minimum leakage
input vector method for leakage optimization, a specific input vector is applied to
reduce leakage through the circuit in sleep mode. However, in other scenarios, input
vectors are not known at a given time. Also under process variations, it is very difficult
to consider the leakage at particular time instance. Instead, some time-average leakage
based on the signal probability is much useful. This is true at the system level leakage
and power estimation. Thus, average leakage based on input signal probabilities is
calculated to define the leakage of a gate. Effect of input signal probabilities can be
easily accommodated in Equation (4.19). Let probability of appearing input vector
‘v” for a gate ‘¢’ is p. Equation (4.19) can be modified to calculate average leakage

of a gate as follows.

M M
v E v E v
]leak,i - p; * Isub—stack,j + p; * ]gate—stack’,j (422)
=1 j=1

We have generated 50000 input vector combinations for each benchmark circuit and
calculated the probability of input vectors for the gates applied with primary inputs.
Input signal probabilities are propagated through each gate to find out input vector
probabilities for other gates [113]. Equation (4.22) is used to estimate the average
leakage of a gate for each input vector with calculated input vector probabilities. We

have used 10000 samples to evaluate the effect of process variations for each input vec-
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tor. Number of grids for a circuit are selected based on the size of the circuit, as used
in [21]. Table 4.14 shows the error in mean and standard deviation and runtime of our
approach. Our SVM model’s maximum error in y is 1.75% compared to 55.96% and
maximum error in o is 3.80% compared to 70.40% using stack models described in [2].
Maximum runtime improvement is approximately 221 x for C6288 circuit using SVM
model, because this circuit only contains the maximum 2-input gates which requires
less number of stack models to calculate the leakage power. Sparse SVM increases the
maximum runtime efficiency to 323x with negligible increase in the error. Figures
4.8 shows the cumulative density function curve for C6288 benchmark circuit, which
indicates that estimation using our approach is very close to the results of SPICE.
Our approach predicts the accurate p and o values for larger circuit containing the
smaller gates. It should also be noted that runtime improvement is dependent on the
size of the circuit, type of the gates used in the circuit and the input vector applied

at the primary inputs of the circuit.

Table 4.14: Comparing error of proposed method with method in [2| on ISCAS’85
benchmark circuit (Vg = 1V, T = 27°C') (M1—SVM, M2—Sparse SVM)

L o /2] Proposed

Circuit | #Grids/ | SPICE | SPICE | Ap | Ao | M1 M2
Gates (A ) | (nA) | (%) | (%) | Au% | Ack | Au% | Ao
C17 1/6 0.233 0.1442 | 6.56 | 31.77 | 0.16 | 0.46 | 0.18 | 0.47
C432 4/261 4.301 1.9471 | 5.81 | 37.51 | 0.99 1.91 1.02 1.95
€499 4/771 17.095 | 6.4491 | 7.94 | 47.07 | 1.08 | 2.05 | 1.08 | 2.10
C880 4/383 3.892 2.0297 | 1549 | 5041 | 0.79 | 1.65 | 0.80 | 1.67
C1355 4/562 7.521 3.0112 | 15.03 | 48.13 | 0.87 | 1.68 | 0.88 | 1.69
C1908 | 16/972 16.573 | 89716 | 22.89 | 57.35 | 1.24 | 1.99 | 1.24 | 2.02
C2670 | 16/1211 | 25.992 | 10.4977 | 34.77 | 60.71 | 1.34 | 2.15 1.35 | 2.21
C3540 | 16/1705 | 46.820 | 17.0110 | 31.28 | 62.73 | 1.35 | 2.18 | 1.35 | 2.20
C5315 | 16/2351 | 51.0171 | 20.8079 | 38.62 | 65.86 | 1.59 | 2.76 | 1.62 | 2.79
C6288 | 64/2416 | 67.991 | 26.7333 | 55.96 | 67.51 | 1.14 | 2.39 | 1.15 | 2.41
C7552 | 64/3624 | 83.803 | 31.2141 | 45.66 | 70.40 | 1.75 | 3.80 | 1.77 | 3.84
Average 2546 | 54.50 | 1.12 | 2.09 | 1.13 | 2.12
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Table 4.15: Comparing runtime of proposed method with method in [2] on ISCAS’85
benchmark circuit (Vg = 1V, T = 27°C') (M1—SVM, M2—Sparse SVM)

Runtime (Sec.) Speedup (X )
Circuit | #Grids/ Proposed ANN Proposed
Gates SPICE | [ M1 | M2 | Model [2] | M1 | M2
C17 1/6 1920 28.70 | 60.82 | 44.02 67 31 | 43

C432 4/261 17520 | 98.22 | 197.28 | 156.58 178 89 | 112
C499 4/771 34100 | 197.96 | 309.12 | 208.42 172 110 | 164
C880 4/383 30058 | 113.28 | 225.96 | 181.44 265 133 | 166
C1355 4/562 33712 | 141.04 | 253.78 | 195.86 239 132 | 172
C1908 | 16/972 41120 | 347.08 | 501.56 | 299.60 118 82 | 137
C2670 | 16/1211 | 58558 | 425.16 | 738.42 | 551.86 137 79 | 106
C3540 | 16/1705 | 82202 | 498.78 | 953.10 | 662.82 165 86 | 124
Ch315 | 16/2351 | 106396 | 540.96 | 1009.3 | 706.18 197 105 | 151
C6288 | 64/2416 | 130118 | 358.32 | 588.64 | 403.04 363 221 | 323
C7552 | 64/3624 | 190100 | 747.64 | 1499.3 | 1165.7 254 127 | 163

Average 65982 | 317.92 | 576.11 | 415.96 207 114 | 159

4.4 Using Characterized Stack Models for Standard

Cells in other Logic Styles

In this Section, We show that our characterized stack models are enough to estimate
leakage for all input combinations even if the standard cells are implemented with
different logic styles. Stack modeling methodology for leakage estimation saves large
characterization overhead imposed by developing models for every input vector of

each gate.

Figure 4.9 shows the implementation of NAND3 gate in dynamic logic. Next, we only
explain that how our characterized models can be used for I,,; estimation for different
input vector combinations. When CLK is low (precharge phase), output node F will
be charged to supply voltage and thus, I, can be calculated using ‘OFF’ PDN for
different input vector combinations of A, B, C. For these conditions, PDN of dynamic
NAND3 gate can be termed as NAND4 gate in Figure 3.1 and we do not need to

characterize any new model.
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Figure 4.8: Cumulative Density Function (CDF) curve for C6288 Benchmark circuit

When CLK is high (evaluate phase), value at output node depends on value of inputs
A, B, C. If all inputs are at logic ‘0’, then out put node F will be at logic ‘1’, making
both PDN and PUN ‘OFF’. All these conditions do not change the output node
voltage in precharge phase. PUN is ‘OFF’, but can not be used to calculate I,
due to the same drain and source voltage. I, is to be calculated using PDN, which
require same models as in low CLK case. But when CLK is high and ABC = ‘111,
then PDN will be ‘ON’ and output node will be discharged to ground voltage. Stack
model pls/1 can be used to calculate Iy, of PUN i.e. single PMOS ‘OFF’ transistor

for this condition.

Figure 4.10 shows the complementary pass transistor logic (CPL) implementation of
2-input XOR gate as opposed to CMOS implementation in Figure 3.8.(b). Inverters
(INV1 - INV4) are implemented in CMOS style, thus our characterized leakage mod-
els are sufficient for leakage estimation of these inverters. Next, we only explain the

sub threshold leakage (Iy,;) estimation of this gate using remaining transistors.
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CLK]

Figure 4.9: NAND3 gate using Dynamic Logic style

When input AB = ‘00’, NMOS transistors MN2 and MN4 are in ON condition,
while PMOS transistors MN1 and MN3 are in OFF condition. Node ‘X’ discharges
to ground voltage, making PMOS transistor MP2 ‘ON’ and Node ‘Y’ charges to
supply voltage, making PMOS transistor MP1 ‘OFF’. I, of remaining transistors
will be calculated using only ‘OFF’ transistors as follows: i) Bbar to X current in
MNI1 transistor, can be calculated using characterized nls/0 model ii) current flowing
from Y to B in MN3 transistor, can be calculated using characterized nls/0 model
iii) current flowing from supply to ‘X’ in MP1 transistor, can be calculated using

characterized pls/1 model.

For input AB = ‘11°, MN2, MN4 and MP2 ‘OFF’transistors will be used to evaluate
Iy MN2, MN4 transistors only require nls/0 model and pls/1 model is used for

MP2 transistors.

For input AB = ‘01’, MN1, MN3 transistors will be in ‘OFF’ condition. nls/0 model
is sufficient to estimate Iy, for these transistors. While pls/1 model is only needed
for I, estimation of MP2 transistor. Similarly for input ‘10’, single transistor models

are enough to estimate I;.
Gate tunneling leakage can occur in both ‘ON’ and ‘OFF’ transistors. Node ‘X’ and
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‘Y’ are perfect at either supply or ground voltage. Thus, single transistor models as

shown in Figure are enough to estimate /4. for all input vector combinations.

Vdd
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E
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Figure 4.10: 2-input XOR gate in Complementary Pass Transistor Logic (CPL) style

4.5 Stack Models for FinFET Based Standard Cells

In this section, we show that the leakage estimation methodology developed for bulk
CMOS technology is also valid for FinFET based technology. New technology such
as FinFET has been proposed to reduce the problems related with bulk-MOSFET
based technology. Still the leakage is a main concern for these new technologies. It
has been shown that I .. contribution in total leakage for FInFET based logic circuits

is very less. Iy, is a dominant component in FInFET based logic cells [44].

In our methodology, we extract the stack models among basic gates and effective width
estimation methodology is developed in case of parallel transistor gates. Consider a
NAND2 gate in FinFET based logic style in different configurations as shown in
Figure 4.11.

Ly in terms of varying parameters can be describes as [114]:
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Figure 4.11: NAND2 gate configurations (a) Surrounded Gate (SG) mode (b) Low-
Power (LP) mode (c¢) Mixed-Terminal (MT) mode (d) Independent Gate (IG) mode
(e) Variant of IG (IG2) mode

Loy = W, . eao+a1Lg+tz2Tsi+a3Tox+a4¢N/P+a5¢?\,/P+a7Vdd (4 23)
sub — € . .

Here W.g is the effective width, Ly, Ty, Tos, ¢n/p, Vaa are gate length, Fin thickness,
oxide thickness, work function of n/p-FinFET and supply voltage respectively. For

Double Gate FinFET transistor, W.sz for multiple Fin can be written as follows.

W,p = (2HFIN — DELTAW).NFIN (4.24)

Here, HFIN, NFIN are height and number of Fins respectively and DELTAW is the
variation in the height of Fin due to lithographic variations. Generally, variation in
Fin height is assumed to be zero [115] i.e. DELTAW = 0. Now, effective width can

be represented as follows.

W.ss = 2.HFIN.NFIN (4.25)
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Consider two parallel transistors with same terminal voltages and same other param-
eters except HFIN and NFIN, effective width for parallel transistors can be given as
in and both transistors can be replaced by a single transistor of calculated equivalent

effective width.

Weffequi = 2.(HFIN; . NFIN, + HFIN; NFIN,) (4.26)
Vdd
Vdd
MN2
0/1/0 - MP1
Var 1 O| Vv
0/0/1 4 Vo2 l g
MNZI B

T(a) lsn Leakage Models

Ll Ve L 0 1 1
e, 2 unz une 40 wea If_‘l\‘/IPl
0 1 0

e MN1 v ] d v N Vg

g Vv, Ve N

Vp O 0 1 0

0 (b) lyae Leakage Models

Figure 4.12: Stack models for leakage characterization of FinFET based NAND2
gates in Figure 4.11

Aforesaid formula is for effective width estimation without considering process vari-
ations. However in presence of process variation, any variation in process parameter
can be accounted for similar change in HFIN and now Equation (4.26) can be used for
effective width estimation. As can be observed from (4.23), dependence of leakage on
process parameters in FinFET based technology is same as in bulk-MOSFET based
technology. All the advantage described for bulk-MOSFET technology are also appli-
cable here. To develop a single model for same input vector in all three configurations,
leakage must be the function of process parameters, Wz, V44, T, back-gate voltage

(V,). Based on the input vectors and leakage, stack models can be extracted and

127



modeled using SVM with same procedure used for bulk-CMOS gate models. Figure
4.12 shows the common stack based models for leakage estimation of possible NAND2

configurations shown in Figure 4.11.
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Figure 4.13: I, distribution of NAND4 gate with ‘0000’ input for (a) Gaussian and
(b) Uniform parameter variations at Vg = 1V, T = 27°C' and Monte Carlo samples
= 10000
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4.6 Generalized Stack Models to account for Arbi-

trary parameter distributions

In this section, we show that our stack based SVM models are valid for any kind of
parameter variations. Equation based analytical techniques shown in Equation (4.17)
suffers from the large error incurred in leakage prediction of CMOS gates. Apart from

this inaccuracy, two more problems are also associated with these techniques:

e For any change in parameter variation type, model fitting parameters need to
be calculated again. This results in increase in the total model characterization
time. Figure 4.13 shows the large difference between leakage distribution for
Gaussian and uniform parameter variations, which suggests to develop separate

fitting models for each case.

e 1 and o of leakage is predicted by underlying assumption of log-normal distri-
bution of leakage in presence of process variations. However, this assumption is
only true for parameter variations based on the Gaussian distribution. In ad-
vanced technologies with enhanced short channel effects, parameters can vary
in arbitrary manner and different parameters can vary in a different vary. Thus,
log-normal assumption is not valid for arbitrary parameter variations and may
result into large error in leakage estimation of CMOS gates. Figure 4.13.(a)
shows the log-normal assumption of I, is completely valid in case of Gaussian
parameter variations but same log-normal assumption for uniform parameter
variations is not valid and results in large error forl,, leakage prediction as
shown in Figure 4.13(b). However, this ~5% - 10% error is for single gate and

this error can result in large error for full-chip leakage estimation.

Our leakage models are more generalized and can analyze the effect of arbitrary

variations in process parameters, supply and temperature on leakage because in our

129



methodology, leakage of a gate is calculated by simulating samples in PVTW space

using accurate leakage models without any assumption on leakage distribution.

4.7 Summary

We have proposed Support Vector Machine (SVM) regression based surrogate mod-
els to characterize the transistor stacks of CMOS gates simultaneously, accounting
the effects of variations in transistor length (L), threshold voltage (V,), oxide thick-
ness (7,;), supply voltage (0.6 V-1.2V), temperature (0°C-100°C) and width (28nm-
200nm), all scalable at the same time. Efficient methodology is developed by com-
bining grid based techniques and global optimization techniques such as Genetic Al-
gorithm (GA) and Differential Evolution (DE) in order to find out the best kernel
among available kernels along with corresponding optimum kernel tuning parameters
locally as well as globally in the tuning parameter range. Two way error driven active
learning methodology is also employed, which selects the new samples from the input
space for adaptive training of SVM based surrogate models. Sparse SVM models are
also developed using Support Vector spectrum pruning method, which reduces the
number of training samples used to prepare regression model. The resulting model
has reduced the runtime with negligible increase in the error. SVM regression mod-
els generated in our approach have the ability to predict the leakage with maximum
average error of 2.7% in mean (u) and maximum average error of 3.1% in standard
deviation (o), both for OAI22 gate. Our results establish that there is on an average
10x improvement in runtime for estimating the p and o of leakage of a gate within
10000 Monte Carlo simulation loop. We have further developed Sparse SVM models
using Support Vector spectrum pruning method, which reduces the runtime of the
regression models with negligible increase in the error. Runtime efficiency of 17x is

achieved on standard cell library using Sparse SVM models. For ISCAS’85 bench-
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mark circuits, maximum 221X runtime improvement is achieved for C6288 circuit
using our efficient sample selection methodology. Sparse SVM models are further
developed, which improve the runtime efficiency of the model by reducing the num-
ber of training samples required to prepare the model with negligible increase in
the mean and standard deviation error. Our models outperform previously available
models based on either analytical equations or Artificial Neural Network in terms of
accuracy. Our stack based methodology can be used for leakage characterization of
post CMOS devices i.e. FINFET, CNTFET based logic gates. Proposed models can
be used for leakage estimation of CMOS gates for non-Gaussian process parameter
variations and methodology does not require to re-characterize the models. Proposed
methodology removes the inaccurate log-normal assumption on leakage with respect
to process parameters. Proposed models can be conveniently used in sampling based

full-chip leakage estimation methodologies.
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Chapter 5

Surrogate models for Static Virtual

Ground Voltage Estimation

Figure 1.(a) shows the ground gating case, in which footer transistor is inserted be-
tween logic cluster and ground, Similarly, header in supply gating case as shown in

Figure 5.1.(b) and combined gating case in Figure 5.1.(c).

vdd vdd vdd
Sl Signal g
eep Signa 3
Logic Cluster (Vo) O”: £ (Vo) OI (Vvdd)
Virtual Ground Mupply ;
= (Vgnd) (Vvdd) Logic Cluster
Sleep Signal;— £ Logic Cluster (Va) (Vgnd)
(Vo) &La —
(a) (b) (c)

Figure 5.1: Power gating a) Ground gating case b) Supply gating case ¢) Combined
ground and supply gating case

Large error incurred by inaccurate leakage models for power gated circuits can be re-
moved by using machine learning methods such as Support Vector Machine (SVM),
which is a kind of dynamic model without presuming any kind of exponential or poly-

nomial form and can establish an accurate relation of I;¢ in terms of V,4 depending
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Figure 5.2: Input voltages conditions for non-primary inputs in ground gating case

on the complexity of the model. Another problem of inaccurate voltage assumption
at input of CMOS gates is mitigated by using accurate input voltages at the input
of CMOS gates. To explain it, first we classify all CMOS gates in the circuit in two
categories i.e. primary gates and non-primary gates. Primary gates are CMOS gates
in the circuit whose all inputs are supplied by users and inputs of non-primary gates
are outputs of preceding gates. In Figure 5.2, Inv1 is the primary gate which is the
receiving input from primary inputs whereas Inv2 is a non-primary gate whose in-
put is a output of preceding gate 'Invl’. Now suppose Vinl = ‘1’ MP1 is in ‘OFF’
condition but ‘ON’/‘OFF’ condition for MN1 and the input value at 'Inv2’ gate will
depend upon the the value of V,,,. We define V), as the maximum value of V4
for which pull down network (PDN) is ‘ON’ for primary gate (In Figure
5.2, transistor MIN1) and pull up network (PUN) is ‘ON’ for non-primary
gate (In Figure 5.2, transistor MP2). This V), defines the input voltage at non-
primary gate Inv2. For the lower values of V4 than V,, NMOS transistor MN1
is ‘ON’, which makes the Vin2 similar as Vy,q. For Vg, > V,, MN1 is ‘OFF’, i.e.
Vin2 resides at a little bit higher value than V,;. Thus Vin2 can be defined using

Equation (5.1).
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Vond Vina < 'V,
Vin2 = ! ! g (5.1)

Vina + AV Vina > 'V,
Here, AV is defined as the voltage drop across the PDN. Table 5.1 shows the out-
put/input gate voltage of primary/non-primary gate Invl/Inv2 and output of Inv2
gate of the circuit given in Figure 5.2. The difference between V,,; voltage and
Voutl/Vin2 is very less for lower values of Vi, because the PDN is ‘ON’. The drop
across the PDN is very less and hence, can be removed from the circuit. Similarly,
output of the non-primary gate Inv2 is close to the Vg4 for lower V,; values and for
higher values, this difference is high due to ‘OFF’ PUN network. For the calculation
of V,, MN1 and MP2 transistors should be ‘ON’ simultaneously for input Vinl = ‘1".
Transistor MN1 will be ‘ON’ if gate to source voltage (V) is greater than threshold

voltage of the NMOS transistor ( Vi,,). i.e.

Vos(MN1) > Vipy, (5.2)
Vaa — Vand > Vinn (5.3)
Vond < Vaa — Vinn (5.4)

Similarly, the condition for V4 to turn ‘ON” MP2 PMOS transistor can be described
as follows.

Viond < Vaa + Vinp (5.5)

From Equation (5.4) and Equation (5.5), value of V), can be given as

Vy = min(Vaag — Vinns Vaa + Vinp) (5.6)

For Multiple input NAND type gates, if any input is connected to connected to logic
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‘0’, then output of that gate will be logic ‘1" irrespective of the V4 voltage. When all
inputs are at logic ‘1’, V4 voltage will play an important role to turn ‘ON’ the PDN
network. On individual basis, maximum Vy,; for a gate depends upon the leakage

i.e. input vectors of the gate. Leakage of a gate and V4 can be related as follows.

]LC = ]footer (57)

Itooterin terms of V4 can be given as[4].

ff.eKN(Vgnd*Vdd) Vina > 4Vr
[footer = (58)
0 Vgnd < 4Vrp

From Equation (5.7) and Equation (5.8).

[LC — ff.eKN(Vgndfvdd) (59)
/ I
Viona = Vaa + KN-ZOQ(ILfC) (5.10)
f

From Equation (5.10), Vg will be higher for high logic circuit leakage. Generally
leakage of a single gate is not enough to force the Vy,q to cross V,. But, in a circuit,
maximum Vy,q for a gate will be decided by the leakage contribution of other CMOS
gates and can also cross the V, voltage. In a NAND type logic, PDN will be ‘ON’ if
all transistors in a stack are ‘ON’. Every transistor will have different V}, depending
on its location and terminal voltages in the stack. For different gates, V), will also be
different. V, for NAND type gates can be decided by the intersection of the V, value

of all NAND type gates as in Equation (5.11)

Vo.NAND = mm(Vp,IN% Vp.NanD2, VPN AND3: Vo NANDA.--- ) (5. 1 1)
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Similarly, V,, for NOR type gates can be described as in Equation (5.12)

Vp,NOR = mm(‘/;aJNv, Vp.NoR2, VP,NOR3: Vp,N0R4----) (5.12)

From the definition, PDN in NAND and PUN in NOR type gates must be ‘ON’
simultaneously to calculate V,. V, of the complete circuit can be given by Equation

(5.11) and Equation (5.12) as follows.

Vi circuit = min(Ve nanp, Ve NOR) (5.13)

The variation in V};, of different transistors in different CMOS gates makes the calcu-
lation of Vg little bit difficult. For accurate calculation of V), we slowly increase the
Vgna voltage and note the output node voltages of each gate presented in the circuit.
However, V), is one time calculation and will be same for all circuits. Thus, SPICE
simulation can be used to calculate V,. By observing the node voltages in Table 5.1,

V), can be given as 0.7V

Table 5.1: V,ut, /Vin,and Vo, node voltages for circuit in Figure 5.2 for varying Vg

| Vgna (mV) | 200 | 500 | 700 | 800 | 900 |
Vout, /Ving(mV') | 200.01 [ 500.01 | 700.63 | 808.61 | 980.87
Vout, (mV) 1 999.98 | 999.99 [ 999.99 | 999.95 | 992.64

To check whether V), voltage will be the same for larger circuits, we simulate C880
ISCAS’85 benchmark circuit for different values of V4. In Figure 3, we plot the
output node voltages of each gate presented in the circuit for different V,,; values.
For lower V.4, all the output node voltages have their values either at Vs or Vy4.
At Vyg = 0.7V, there are very less values which are different than V,,; but the
difference is very less and can be treated as similar to V,,; But, at Vg = 0.8V,
the nodes with different voltages are in larger number, which significantly affect the

leakage calculation of whole circuit. This can also be verified by observing the tip of
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the bar at V,; value which is highly reduced from 0.7V to 0.8V. V), value in this

case is also 0.7V which is same as the circuit in Figure 5.2. Now, we can say that if

different circuits consist of CMOS gates from same logic library, then the V, value

will be same. One important observation can be made here is that the input gate

voltages of the CMOS gates in any circuit can be predicted only for Vs < V, only.

For Vg4 > V,, we can not use leakage models for CMOS gates due to unknown input

gate voltages.
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Figure 5.3: Fraction of number of CMOS gates presented in C880 ISCAS’85 bench-
mark circuit with output node voltages ranging between 0V to V4 for varying Vg

For different values of sleep transistor parameters, V,,q can be greater than 0.7V.
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We can not use leakage models due to unknown input values at non-primary gates
(Figure 5.3, Vg = 0.8v and 0.9v). Thus, KCL and KVL at V,, node can not be
applied. To accurately predict the leakage of larger CMOS circuits for 0 < Vi,q <
Va4, accurate leakage values of CMOS gates must be used. However, in [4], Equation

(5.14) is used to calculate the leakage of a CMOS gate.

Iy.e KnVod V< Vg — 4Vp
Iy = (5.14)

0 Vna > Vag — 4Vr

Authors in [4] handle above situation by assuming zero leakage for higher V,, values.
This assumption may not be true for larger CMOS circuits because non-primary gates
will be in larger quantity, giving significant leakage of CMOS circuit. Error in leakage
modeling is propagated at higher level as leakage model for large circuits is prepared
from simple CMOS gates. Figure 5.4 shows the leakage of primary and non-primary
gates for two different input patterns with respect to the V,; voltage. The plot
suggests that the leakage of a circuit is still significant at Vi,q > V,(0.7V). Leakage
of the non-primary gates can not be neglected in comparison to primary gates because
their leakage contribution in total circuit leakage can be higher than primary gates as
shown in Figure 5.4.(a). Hence, zero leakage assumption for V4 > V, is a limitation
of the model in [4]. In our methodology, we handle this situation by using leakage

models only for V,; < V, and accurate SPICE simulation for Vy,q > V,,.

Our Contribution

e The leakage is characterized by SVM based regression models, which removes
the inaccurate assumption of exponential linear dependency of leakage current
of CMOS gates as a function of input voltages and V.. This kind of model
is highly desirable because for different values of V4, the input gate voltages

may take any value from 0V to V.
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Figure 5.4: Leakage variation of primary and non-primary gates of C880 ISCAS’85
benchmark circuit as a function of V4

e To develop SVM models, our methodology uses the accurate value of leakage for
all CMOS gates whether it is primary or non-primary for complete input range
varying from 0V < Vg4 < V44 while previous reported models have neglected

the non-primary gates leakage for V, < Vyq < Viyg.

e SVM based regression methodology is used to develop static V,,q models for

higher accuracy and efficient computation.
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e However, computations to generate training data using SPICE simulation for
regression based models may take longer time for larger CMOS circuits. We
develop a Vg, partition based data generation methodology which uses SPICE
simulation for higher values of V,; and our leakage current models with bi-
section search algorithm for lower values of V4. This methodology results in
significant saving of the model generation time. Unlike previous work, accurate

input voltages of CMOS gates are considered for complete range of V4.

e SVM classifier is developed to partition the V, voltage depending as function
of footer transistor parameters, providing the value of footer transistor param-
eters for which SPICE simulation is used (V,,q > V) or our leakage current

models with bisection search algorithm (Algorithm 5.1) are used (Vy,q < V).

e SVM based regression models are developed for capacitance estimation at V4
node i) due to CMOS gates as a function of input voltage and V4 voltage
ii) due to footer transistor as a function of input voltage (V,), width ( Wjsser),

threshold voltage (Vi footer) and Vg voltage.

e Piecewise simulation based methodology is developed for dynamic Vy,q estima-
tion that efficiently uses the pre-developed leakage and static Vy,q models along

with extra capacitance models.

Figure 5.5 shows the flowchart describing our proposed methodology. Steps of the
proposed methodology in ‘Yellow’ boxes are independent of each other and can be
performed parallelly. In Section 5.2, transistor stacks are characterized using regres-
sion based SVM models for leakage estimation of CMOS gates. Section 5.3 elaborates
our equivalent stack identification method based on the input gate voltages and vir-
tual ground voltage. In Section 5.4, Support Vector Classification (SVC) model is

developed which tells us that for which values of input variables i.e. V,, Wyooter,
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Figure 5.5: Proposed methodology for static V, estimation

Vin, footer, our stack based leakage models can be used. Outputs from Sections 5.2, 5.3
and 5.4 are used in Section 5.5 with bisection search algorithm to develop final static
Vgna model. A piecewise simulation based dynamic V,, estimation methodology
is developed which needs the capacitance models to calculate capacitance at virtual
ground node along with leakage models and static V,,; model developed in previous

sections.

5.1 SVM for Classification Problem

SVM can be used for two types of problems i.e. Support Vector Classification (SVC)
and Support Vector Regression (SVR). In our work, we are using SVC for virtual
ground voltage estimation of power gated circuits in terms of footer transistor pa-
rameters. In previous Chapter, we have described SVR formulations to model perfor-
mance parameters. Formulations used for SVC are same as SVR except the values of
performance parameters. In SVR, actual values of performance parameters are used
while in SVC, it will be 4+1/-1. To the best of our knowledge, it is the first time that
we are applying LS-SVM for virtual ground or supply voltage estimation of power

gated circuits. SVC classifies the data into two sets in the multi-dimensional param-
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eter space depending on the constraints (Cy). The feasible design space S C R" can

be defined as in Equation (5.15). Note that z is the vector for all design parameters.

S={r:zeR" C;} (5.15)

Feasible function, y(z), can only take two values {+1,-1} depending on whether z €S,

defined as:
. +1 ifres
y(x) = (5.16)
-1 ifxégs
Now, consider that a set of training data samples {(z1,y1), (T2, Y2), -ervvree.. (g, yk)} C

RN x R. Here, RY denotes the input space. mj is the input value (V,, Woter,
Vih,footer) and yy is the the corresponding target value in the form of +1 and -1 for
k' sample. The objective of SVC is to find a hyper-plane w’z; + b with maximum
separation of 2/ || w || between the data points of +1 and -1 type classes as shown
in Figure 5.6. In high dimensional space, two classes may not be linearly separa-
ble. In LS-SVM classification, this problem is solved using kernel functions. Kernel
functions transfer the original data into another feature space. Linear classification
is applied to transferred input data into feature space. Kernel functions reduces the
complexity in separating two classes and gives better accuracy than Neural network

based approaches.

This problem is solved by formulating an optimization problem as follows.

1
P: minwb= §wTw st yp[wla, + 0] >1 (5.17)

Here, the %wTw term denotes a cost function which is to be minimized for maximizing
the separation. However for the Least-Squares SVC, modification is done on the

target value such that an error variable e is allowed so that misclassifications can be
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Figure 5.6: Linear SVM Classifier : Class C1 ( Vg < V) and C2 ( Vg > V)

tolerated in case of overlapping distributions and following optimization problem is

formulated in the primal weight space for given a training set.

N
. 1 1
P: minJ,(w,e)= inw +75 kz e; (5.18)
This formulation involves a trade-off between the cost function term and sum of
squared errors governed by the trade-off parameter ~.
yelwT d(zy) + 0] = 1 — ey, k=1,2...N (5.19)
To solve primal minimization problem, we construct the dual maximization of Equa-
tion (5.18) using the Lagrangian form.
D: maz,L(w,b, e, ) (5.20)

N
L=J,(w,e)— Z o {yrlw" d(zk) +b] — 1+ ey} (5.21)
Dual problem is developed by constructing Lagrangians - where «;,’s are the Lagranges
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multipliers. The conditions for optimality can be given as:

LO—-w= S k()

oL N
e =0— Z _1 Oy = 0
b k=1 (5.22)

o

aek:0—>04k=7€k,k‘:1,2 ..... N

OL — 0 — yplwT(og) +b) —14ep, k=1,2....N

oy,

By eliminating e, and w through substitution, following solution can be obtained as

follows.
0 T b 0
Y - (5.23)
y Q+1/y| |« 1,
Here, Q) = Z7Z and the kernel trick can be applied within o matrix as:
Q= yruid(ar) " o) (5.24)
le = ykle(ZEk, {L‘l) ...... k, = 1, 2...N (525)
The resulting SVC model will become as follows.
N
Y = Sign [Z apK (xp, ) + b (5.26)
k=1

Here, K (x4, x) is the kernel function and «y, b are solution of the linear systems. For
a function to be kernel function, it should be positive definite and must satisfy the
mercer condition for the problem to be convex and hence, giving unique and optimum

solution.
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5.2 SVM based regression models for leakage current

modeling of CMOS gates in power gated circuits

Stack based models have been proposed for leakage modeling in Chapter 3 of this
thesis but those were based on varying the process parameters for a given input vector
[54]. Since, in power gating case, the inputs of a CMOS gate can take any value out
of 3 values i.e. 0V, 1V and V4. Thus, the number of models required will be very
large for leakage estimation of CMOS logic circuit. To remove this disadvantage from
previous work, we develop stack based models as a continuous function of input gate
voltages, V4. To understand our leakage modeling methodology through stacks,
consider 3-input NMOS stacks as shown in Figure 5.7 with some of their possible
terminal voltage conditions for both primary and non-primary CMOS gates. Stackl,
Stack2, Stack 3 represent primary gate while Stack4, Stackb, Stack6, Stack7 represent
non-primary gate terminal voltage conditions. For non-primary gates, any input can
take V,q as input also. If all possible combinations are considered in discrete sense,
then a large number of models will be required. To remove this disadvantage, we
model subthreshold leakage (/) as a continuous function of input voltages of stack
by increasing the modeling space such that all possible combinations fall into this
space. For example, let us the assume that V,,; = 0.1V for Stack4, then three inputs
1V, 0.1V and 0.1V will be applied to the stack. If I, is modeled as a continuous
function of input voltages where inputs can be varied from 0V to 1V for given V.4 =
0.1V then considered case will fall into modeled space. In our proposed methodology
leakage models can be applied for Vy,q < V), therefore V,,; and input voltages can
take any value between 0V to V,,. We develop a transregional model, which combines
both ‘ON’ and ‘OFF” conditions of transistors of a stack into single model. To develop
this model, input voltages of a stack and Vg, is varied from 0V to V4. Another

advantage of the proposed model is that we do not need to remove ‘ON’ transistors
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from the ‘OFF’ stack. ‘ON’ transistors can have high voltage drop across them in

some cases such as Stack3, Stack4, thus affect the I, significantly.

While developing transregional models, leakage current’s order can go from 10712 to
107% for completely ‘OFF’ and ‘ON’ stack respectively. SVM may not be able to
model this large range and provides error in modeling leakage. Authors in previous
work suggest to model I, current as a exponential linear or quadratic model form.
If we take log of the I, current then the exponential linear or quadratic model can
be converted to simple polynomial model with linear or quadratic terms which is
easier to model with less complexity [2]. More terms can also be added to improve
the accuracy of the model. The larger difference between lowest and highest leakage
is suppressed to 6 to 12 only. This range is easier to model. Thus, modeling log
of leakage allows us to characterize lesser number of models with larger number of
parameters for larger range in a single model which consequently reduces the time to
develop the models and runtime for larger CMOS circuits.

0 SIS LY ML vgnd
O‘I 1‘| O‘I Vgnd'| 1‘| 1‘| Vgnd'|
O—I O—I O‘| Vgnd'| Vgnd'| Vgnd'| Vgnd'|

Vgnd Vgnd Vgnd Vgnd Vgnd Vgnd Vgnd
~ Stackl Stack? Stack3 ~~ Stack4 Stack5 Stack6 Stack7
Primary Gate Non-Primary Gate

Figure 5.7: Possible terminal voltage conditions - NMOS stacks of primary and non-
primary gates

In this work, we assume that the maximum stack-size is 4, as higher order stack will
increase the delay of a gate due to increased logical effort. We have used conventions

for labeling transistor stacks as follows.

{stack type}{stack size}
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Here, stack type indicates whether it is an NMOS stack or a PMOS stack. Stack size

represents the number of transistors on a stack.

nl,f nl n2 n3 n4
vdd
vdd
vdd Vinl‘I
vgnd vdd Viﬂl—l
Vi . Vin1‘| Vin2‘|
9 Vin1 V1t vin2
Vin2‘| Vin3‘|
gnd Vgnd Vin3—|
Vgnd vina 1
Vgnd
Vgnd
() (b) (c) (d) (e)

Figure 5.8: Characterized NMOS stack models in ground gating case

Figure 5.8 shows characterized transistor stacks for AND family of CMOS gates.
Similarly, transistor stacks for OR family of gates can also be described. We model
a transistor stack of each size of NMOS and PMOS type. Models nl to n4 are for
CMOS gates in logic cluster whereas nl,f is for footer transistor, which is different
than model nl1 with respect to the parameters used in the modeling. Now, we explain
the conservative model (Equation (5.30)) used in previous work and thus, leads to
errors in leakage modeling of CMOS gates. Consider a 2-transistor NMOS stack as
shown in Figure 5.8(c). Leakage current for each transistor in terms of input voltages,

Vgna, and width of transistors on stack (Weer) can be modeled as:

Il - fl‘I/Vstack‘ek1 VaatkoVinl+ksV1 Ileak
(5.27)

I, = f2-Wstack-€k4V1+k5Vin2+k6 Vond = [}oan

Dividing Equation (5.27).(a) with Equation (5.27).(b), we get:
m.ekl Vaa+kaVinl+ksV1—-kaV1—k5Vin2—ke Vyng -1 (528)
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Here, m = I, / I,. Intermediate node voltage V'1 can be calculated by solving Equation

(5.28), as represented in Equation (5.29).

V1=PViyu+QVinl+ RVin2+ 5.V, (5.29)

Putting the value of V1 in Equation (5.27), we get [;.q of stack as a function of input

gate voltages and V4 as in Equation (5.30).

Deak = Tieare- Wtagp.€ V=B Vin2=C.-Vona (5.30)
It should be noted that Equation (5.30) is obtained by neglecting the term (1—e~Vas/Vr)
in Equation (2.12) and does not consider the effect of ‘ON’ transistors on ‘OFF’ stack,
which results in ~20% error in leakage estimation of transistor stacks. To reduce this
error, we use SVM based regression models which are better modeling methods for
non-linear mapping of input to output parameters. Simulation data for regression
model is generated from SPICE tool. Figure 5.9 shows the fitted transregional curve
for nl stack given in Figure 5.8(b). This transregional model shows smooth charac-
teristics in the considered input space, which is incorporated into SVM models with
high accuracy. The advantages of using SVM regression models are: 1) accurate and
reduced number of models, 2) consideration of effect of states of CMOS gates and
3) effect of ‘ON’ transistors in ‘OFF’ network. Our SVM based models can also be
used for leakage current estimation of CMOS consisting parallel combination of ‘OFF’
transistors or series of ‘OFF’ stacks. Width of the transistors is also added to the
model for leakage estimation of CMOS gates with parallel transistors i.e. AOI22,
AOI32, OAI22, OAI23. Methodology based on effective widths can be used to com-
bine parallel transistors based on input voltages [116]. In this work, we only consider
simple CMOS gates in logic clusters because most of the gates have simple parallel

structures such as- NAND gates, Buffers, NOR gates, OAI and AOI gates. To the
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best of our knowledge, it is the first attempt to calculate leakage of CMOS gates
in power gated circuits with a very less number of models considering actual node

voltage conditions during circuit simulation.

Leakage Current (A)

: v
0.2

Input Voltage (V)

0.8 l
08 04 o, il
(V) : 0o O

gnd

Figure 5.9: Fitted transregional leakage model for nl stack in Figure 5.8 as function
on input voltages and V.4 voltage

5.3 Finding the equivalent stack models of CMOS

gates

In this Section, we formulate some rules for finding the equivalent stack model of a
CMOS gate on the basis of the type of gate whether it is a primary or non-primary
gate and input to the gate because the input vectors have a significant impact on the
leakage current of a CMOS gate. We have also made following valid assumptions in

extracting stacks of CMOS gates.

e For Vg < V,, one of the network either PDN or PUN is removed. Drop across

the PDN or PUN is very less and causes < 0.1% error in connecting Vyy or
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Vyna to output node of the gate. Thus. the effect of removing PDN or PUN
on leakage is negligible [4]. This follows from the fact that drain to source Iy
is the cause of drop across that network. But, this current is negligible across
‘ON’ network and turns into negligible drop. The validity of our assumption is
confirmed in Figure 5.3, illustrating that all gates in CMOS circuit have their
output either at V4 or Vyq for Vg < 0.7V. This drop is very high for V.4
> 0.7V due to ‘OFF’” both PUN and PDN. We accurately consider this drop

by SPICE simulation in development of models.

We have ignored the gate tunneling current (/y..) in the CMOS gates. Con-
sideration of gate tunneling current will increase the number of models and
characterization time. This assumption does not affect the stack extraction
methodology and V), voltage. However, including it also increase the SPICE
simulation time in a similar manner and still our model has advantages over
SPICE simulation based methodology for data generation. In addition, 4. is
reduced by more than 25x in NMOS and more than 1000x in PMOS by intro-
duction of High-K dielectrics [117]. Iy, is still a dominant leakage component
due to its dependence on temperature and short channel effects. Hence, adding

Iyate is just adding the extra models to our methodology.

In our methodology, while estimating dynamic V4, input vector to the circuit
is assumed to be known and remains constant during mode transition. Power
gating technique is applied in the standby mode only because it causes the loss
in information saved at the output node of CMOS gates. In standby mode,
there is no point of changing the input vectors. Constant input vectors during
the circuit’s mode transition is a valid condition in power gated circuits. Same
condition has been assumed by many previous researchers also [4, 118, 119,

120]. To apply power gating during runtime, some circuitry is required for
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data retention of flip-flops [121]. Runtime power gating approach is completely
different than standby power gating approach where sleep periods are generally
very long. Dynamic V,q model is important which can estimate the time for
which sleep period should be applied such that the energy saved due to power
gating is higher than the energy consumed by the circuit going from wake-up

to sleep mode [4].

Identify Primary and non-primary Gates
In CMOS Logic

No (0]

Primary Gate ??

N
Vgnd < Vp
e

Remove PUN and Connect Output Node
to Vdd

Any input is Logic '0’ NoO
No Do Not Remove PDN and PUN.
Use SPICE Simulation for
Remove PUN and Connect Output Node Yes Leakage Calculation
to vdd

Remove PDN and Connect Output Nodg
to Vgnd

Figure 5.10: Stack extraction - NAND family of gates; depending on the input as well
as Vyna voltage

Primary Gate Non-Primary Gate

ogi><Jp0 oL >t 4L <0
O_I O_I 1_|
o Y o g

Independent of Vgnd Voltage ) Only for Vgnd < Vp

Figure 5.11: Equivalent stack models - different input vectors of 2-input NAND,
ground gated
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A flowchart to extract stack for NAND family of gates is shown in Figure 5.10.
Consider a 2-input NAND gate as shown in Figure 5.11. In our methodology, we
remove either PDN or PUN based on the input voltages and V,,q value. These rules
can be described as follows (The following rules are only for NAND family of gates.

Similarly , rules can be described for NOR family of gates):

1. For any primary gate, if any input to the CMOS gate is at logic ‘0’, then remove
PUN from that CMOS gate and connect output node to the Vy; because logic
‘0’ input will make the PUN ‘ON’. This rule is independent from the value of
Vgna because it does not affect the gate to source voltage of PMOS transistors

in PUN.

2. For any primary gate, if all inputs are at logic ‘1" and if Vi,q is less than V),
remove PDN and connect output node to Vs otherwise don’t remove PUN

and PDN.

3. For any non-primary gate whose all inputs are outputs of preceding gates, re-
move PUN if and only if Vs < V, because PMOS transistor in PUN makes
it ‘ON’ and output node can be connected to Vy; otherwise don’t remove PUN

and PDN.

Above rules can also be applied to parallel ‘OFF’ transistor stacks whether there
is only one ‘OFF’ transistor in each stack or multiple ‘OFF’ transistors with ‘ON’
transistors in a stack as shown in Figure 5.12. Equivalent model can be derived by

summing the currents from all the stacks as represented in Equation (5.31).

]stack,eq = Istack1 + Istack’Z + ]stackS + o + ]stackn (531)
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Figure 5.12: Parallel ‘OFF’ transistor stacks in CMOS gates

To apply above stack extraction rules in other technologies, we consider a transmission
gate (TG) based 2-input XNOR gate as shown in Figure 5.13. Power gating scheme
only reduces the subthreshold leakage current flowing from supply to ground. TG
based gates can not be connected directly to power gated footer/header transistor.
Generally, DTCMOS (Dual-threshold CMOS), MTCMOS (Multi-threshold CMOS)
techniques are used to reduce the leakage TG based circuits. However, CMOS gates
in TG based circuits (i.e. inverter in Figure 5.13.(a)) can be connected to power gated
transistor. Now we show that our stack extraction rules can be applied to TG based
circuits. One important observation on the input voltage of CMOS gates which can
be made here is that CMOS gates either have input voltages perfectly 0V /Vy; (In
case of primary gates) or V4 voltage at all inputs. TG based circuits also comes
under this category. To explain this, we first consider 2-input TG based XNOR gate
with two input cases as A=0, B=0 and A=0, B=1. For first case, TG1 is ‘ON’ and
TG2 is in ‘OFF’ condition. Value at intermediate node V, is decided by ‘ON’ TG.
This makes the Vx voltage equal to the value at input ‘B’ i.e. Vx = 0V. Terminal
voltages for both TG’s TG1 and TG2 is shown in Figure 5.13.(b). Iy, of TG1 will be
zero due to TG1’s ‘ON’ condition. TG2’s NMOS and PMOS transistors have terminal
voltages perfectly at 0V /Vy,. Leakage of both transistors in TG2 can be calculated
by our pre-characterized stack based models. For second input case, again TG1 and

TG2 is in ‘ON’ and ‘OFF’ condition respectively. Terminal voltage conditions for
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both TG’s are shown in Figure 5.13.(c). Pre-characterized stack models can also be
used in this case. The input voltage conditions for the inverters Inv1l, Inv2 and Inv3
are same as the primary gates in power gated CMOS gates. Similarly, stack models

can be extracted for other input vectors also.

vdd vdd

rd
A—ml A B—:vZ' B Kzlﬁ TG1 j‘AZOAzoﬁ TG2 b|‘7::1
N4

— — Vx=0 Vx=0
A (b) TG terminal voltages (A=0, B=0)
b vdd x=1 _

a[ Vx| o/ _ 'V/ h A=0 /VX_\{
I Inv3 A l-|¢ TG1 il— A:O—”f\ TG2 ::“_K:l
B Jrez \ 1/ \B 6/

AT N B= B=
(a) TG based XNOR gate (c) TG terminal voltages(A=0, B=1)

Figure 5.13: Transmission Gate (TG) based XNOR with terminal voltages of TG
under different input combinations
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2 0.25/ 10.25/ ~-0ut(Inv3)| g o5/ —Bbar
* Bbar VX
—=Vx ¢ 0Out (Inv3)
Otttk )

L L L 0 L L
0 025 05 07 1 0 025 05 075 1 0 025 05 075 1
Virtual Ground Voltage (V)

Figure 5.14: Node Voltages under different Input conditions of 2-input TG based
XNOR gate

Now we consider case when the inputs of the TG’s are outputs of preceding gates.
Generally, inputs of any TG in the circuit will be from output of the inverter, whose

value will be either at Vs or Vyq for Vy,q < V,. Let’s assume the value at input A
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and Bis 0V and Vg < V), respectively. One of the important properties of TG is
that it will pass any voltage ranging from 0V to V4. This condition puts one of the
transistor either NMOS or PMOS of TG1 in ‘ON’ condition and Vx = V,4. These
transistor’s terminal conditions are same as the NMOS/PMOS transistors of power
gated CMOS inverter with input ‘1’/‘0’. Due to low resistance path provided by TG1,
source and drain voltages of TG1 are same and subthreshold leakage across this TG
will be zero. Input B is the output of the CMOS inverter with input B. According to
the rule 3, output of inverter i.e. B will be connected to Vy,. Terminal conditions of
transistor TG2 are perfectly defined and will be defined as shown in Figure 5.13.(b)
but with Vx = V4. Leakage can be calculated using pre-characterized stack models
in this case also. Figure 5.14 shows the node voltages under different input conditions
of 2-input TG based XNOR gate. Node voltages in the circuit are perfectly defined
for V4 < V), which takes one value from set of three values i.e. 0V, Vyq and V4.
Same V), rule and value is also applicable in TG based circuits. The only discrepancy

is in estimation of the node voltages for Vy,q > V).

Other technologies like Domino logic, Dynamic logic are variants of CMOS logic.
Already developed stack based leakage models can be used to apply power gating
methodology in theses technologies also. Our stack based methodology can be used

for a wide variety of technologies.

5.4 SVM classification for input space partitioning

based on V), value

Before developing SVM classifier (SVC), we first need to check whether SVC is re-
quired or not in the given parameter space because V4 highly depends upon the
leakage i.e. input vector applied to the circuit. This can result in saving of character-

ization time. Singh et. al. [87] developed the first order V,; model as in Equation
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(5.32). This is required because for an applied input vector to the logic circuit and
footer transistor parameters maximum Vy,q is less than V. This step saves in char-

acterization time for V,; model generation.

_‘/g + SSZOQIO(%?SSZ:) + (‘/th,footer - ‘/thc) + n Vdd

Vnd =
gnd 277

(5.32)

Here, V, is footer gate voltage, Vi footer, Weircuit and Vine, Wisorer are threshold
voltage and width of logic circuit and footer transistor respectively, n is the DIBL
coefficient and Sg is the subthreshold slope. In this work, we are only considering
Vys Whooters Ving as design variables. Thus, maximum value of V,; will be for the
lowest value of both Vi, and Wy, and highest value of Vi, . If this maximum value
is greater than V), then only classifier is required. Next, we need to calculate V),
value for which classifier is to be developed. According to our discussion in previous
sections, we can only use our models if and only if V4, < V, and V,, is calculated
by varying V,,q and observing the CMOS gate’s output voltages in the logic circuit.
Vyna 1s varied until output voltages are at either Vyq or Vg,s. However, this is only

a one time process, which will be same for all CMOS circuits.

Since, our aim is to develop a model for V,,; estimation as a function of input voltage,
width and threshold voltage of footer transistor. It will be very costly in terms of
modeling time to generate regression data directly from the SPICE simulation. As
we know, we can use our proposed leakage models for Vg, < V,. But, we do not
know the functional relation between footer transistor parameters and V4. In this
work, we develop a classifier which can separate V,, values either less than V, or
greater than V), in the three dimensional space (input voltage, width and threshold
voltage of footer transistor). The original SVM classification problem can be used
here as follows: First of all, we define the feasible space i.e. Vy,q < V,, for which

we can use our pre-characterized stack based models for data generation to formulate
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regression based models for V,, estimation in terms of footer transistor parameters.
The feasible design space S C RY based on feasible constrained C; can be defined as

in Equation (5.33).

S = {Tfooter : Tfooter € RN, O} Cp = {Vyna < V,} (5.33)

Feasible function, y(Zfeter), can only take two values {+1,-1} denoted as Class C1
(Vgna < V) and Class C2 (V,,q > V) depending on whether zf,t.r € S, defined as in
Equation (5.34).

~ +1 Zf I footer €S
y(z) = (5.34)

—1 Zf T footer ¢ S

5.5 SVM Regression models for Static V,,; Estima-
tion

In the following section, we discuss about the development of SVM regression (SVR)
based surrogate V,,q models using pre-characterized leakage models, SVC and bisec-
tion search algorithm. Our SVR model generation methodology starts with the initial
training data-set which is directly taken from the data used for SVC model with the
actual values of Vg, instead of +1 and -1 as used in SVC model generation. We
can do this without incurring any error in models because SVC and SVR models are
completely independent. This process saves our time for data generation which can
be very high for larger CMOS logic circuits. At this point, the model is trained and
tested on testing data set. Accuracy of the model is calculated based on mean square

error (MSE) between model output Yieq . and actual output Y. using Equation

(5.35).

1
ERRORest = MSE(Y;festa Kest,est) = E Z(Y;est - sz-fest,est)2 (535>

=1
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If the accuracy of the model is less than the desired accuracy, then new samples are
generated around maximum error sample. SVC selects whether our stack models or

SPICE simulation is used for the V,; estimation for these newly generated samples.

Now consider a CMOS logic circuit applied with some input vector. For the case
of Vgng < V,, we separate each gate according to the type and input pattern to a
particular CMOS gate. Suppose m; gates of same gate type (GT) have same input
pattern then leakage current for all those gates can be summed to single lumped
current source and can be represented as m;*GT jeqr. The total leakage current for

the logic cluster can be represented as in Equation (5.36).

I c(logic — cluster) = Z mi.GT} jeak (5.36)
i=1
M1+ Mo+ ooeeinnn. +m, =N

Here, n and N are the total number of CMOS gate types and CMOS gates present in
the logic cluster respectively. The Vy,q estimation problem in static condition can be
defined as to find out the value of V4 for which leakage current of logic cluster and
footer transistor is same. The above problem can be solved using algorithm shown in

Figure 5.1.

Our algorithm 5.1 for V4 estimation in Figure starts with inputs as pre-characterized
stack based leakage current models and maximum virtual ground voltage V, that
can be predicted using our models. Two parameters Vg nign and Vyng i, define
the maximum and minimum value as V), and 0V respectively. Another parameter
Vgnd,stare in line 3 defines the middle value in the search range. In line 4, our SVM
based regression surrogate models of leakage current are used for leakage estimation
of logic cluster and footer transistor which depends on current Vj,qstare value and
difference between logic circuit leakage and footer transistor leakage is calculated in

line 5. AIp gy defines the maximum tolerable limit which can be possible between
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Algorithm 5.1 Bisection search algorithm to find virtual ground voltage value for
Vgnd < Vp

Input: Pre-characterized leakage current models, V,, (Maximum value than can be pre-
dicted using using our leakage current models)

Output: Virtual ground voltage (V,q)
L. Vinanigh= Vp

2. Vyndiow= 0V

3. Vindstart= ( Vondhigh+ Vandiow )/2
4. Estimate I1c, Ifooter= f(vgnd,start)
5.AIp= Irc — Itooter

6. A]D,Maz: €

7.While ( ‘A[D‘ > A[D,Max ) do

8. If (AIp > €) then

9. ‘/gnd,lowz ‘/gnd,start

10. Else

11. ‘/gnd,high: ‘/gnd,start

12. end If

13. ‘/gnd,start= ( thnd,high"_ V;;nd,low )/2
14. Estimate [LC: ]footer: f(‘/gnd,start)
15. AID: ILC - IfooteT

16. end While

17. Vgnd = ‘/gnd,start

difference of logic circuit leakage and footer transistor leakage for a given V4 value.
If Alp is positive and larger than the Alp e, then lower value of Vi, Vind iow is
set to Viyna, stare Otherwise higher value of V4 is set to Vg stare. Now, new Vg start
value is calculated by averaging the new Vynq nign and Vg 0, value. Performing the
steps in lines 9 - 13, reduce the search space half for the next iteration. This process

is repeated until difference in logic circuit and footer leakage is under tolerable limits.
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5.6 Extension of the proposed Static V,; model for
supply gating case

As first step, we need to calculate V), voltage, which can be defined as the value of
virtual supply voltage (V,4q) for which PUN is ‘ON’ for primary gate(In Figure 5.15,
transistor MP1) and PDN is ‘ON’ for non-primary gate(In Figure 5.15, transistor
MN2).

Vinl

Primary gate

Figure 5.15: Input voltages estimation - CMOS gates with non-primary inputs in
supply gating

For Vinl = 0V and V,qq > V,, PMOS transistor MP1 is ‘ON’ which makes the Vin2
similar as V,4q. For Vy,q < V,, MP1is ‘OFF’, i.e. Vin2 resides at the little bit lower

value than V,4q. Thus, Vin2 can be defined using Equation (5.37).

Vidd Vidd >V
Vin2 = (5.37)

Voda — AV Vodda <V

Here, AV is defined as the voltage drop across PUN. To calculate V), we simulate
the circuit shown in Figure 5.15 for different values of V44 and observed the input
and output voltages of each gate in the circuit as shown in Table 5.2. At V, 4= 0.3V,
input of non-primary gate Inv2 is very close to Vy; and Vout2 is very close to ground

voltage. Hence, V), voltage can be given as 0.3V. Same value of V), is obtained by

161



simulating larger circuits as done previously.

Table 5.2: Voui, /Vin, and Vi, node voltages - circuit shown in Figure 5.15 for varying
V;)dd and V;nl = OV

| Vea (mV) | 200 [ 300 | 400 [ 700 | 900 |
Vout, /Viny (mV) [ 197.69 | 299.60 [ 399.89 [ 699.96 | 899.94
Vout,(mV) [ 0.1425 [ 0.0242 | 0.0064 | 0.0038 [ 0.0083

In the second step, SVM regression based leakage models for transistor stacks shown
in Figure 5.8, are also need to be changed in supply gating case. In NMOS stacks of
Figure 5.8, drain voltage of top transistor was at Vy; and source voltage of bottom
transistor was varied according to V.4 voltage. In supply gating case, drain voltage
of top transistor will be varied according to the V, 4, and source voltage of bottom
transistor will be at ground voltage as shown in Figure 5.16. Note that footer tran-
sistor model will be removed because the footer transistor will be converted to header
transistor i.e. PMOS transistor in this case. Similarly PMOS stack models can also

be described.

nl n2 n3 n4
Vvdd Vvdd
Vvdd Vi _|
vvdd inl

Vinl‘l

Vinl‘l Vin2‘|
Vin1 Vit Vinz

_Vin2‘| Vin3‘|
) 1 Vin3‘|

) Vin4‘|

(@) (b) (€) (d)

Figure 5.16: Characterized NMOS stack models in supply gating

In the third step, rules for extracting equivalent stack models for CMOS gates should

be developed based on V,44 and input voltages of CMOS gates.

Consider a 2-input NOR gate as shown in Figure 5.17. These rules can be described
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Figure 5.17: Equivalent stack models - different input vectors of 2-input NOR gate
in supply gating
as follows (The following rules are only for OR family of gates, similarly, rules can be

described for AND family of gates):

1. For any primary gate, if any input to the CMOS gate is at logic ‘1’, then
remove PDN from that CMOS gate and connect output node to the ground

node because logic ‘1’ input will make the PDN ‘ON’.

2. For any primary gate, if all inputs are at logic ‘0’, and if V44 is greater than V),
remove PUN and connect output node to V,44, otherwise don’t remove PUN

and PDN.

3. For any non-primary gate, remove PDN if and only if V,44 > V), because NMOS
transistor in PDN makes it ‘ON’ and output node can be connected to ground

node, otherwise don’t remove PUN and PDN.

In fourth step, SVM regression based methodology can be used to highly accurate
stack models. In supply gating case, we can only use our stack models for V,4q > V),
thus SVC model needs to be developed in the next step. V), value used in this case
will be 0.3V. In final step, final SVM regression based static V44 model is developed

using different models developed in previous steps with bisection search algorithm.
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Vuda 1s to be searched in the range from V), to V4 using bisection search algorithm.
It can be concluded that the accuracy and efficiency of the final static V,4q model
will be of same order as static V,,q model because both cases use same type of stack

models, SVC model and training samples are also same to develop all models.

5.7 Extension and use of ground gating and supply

gating static models in combined gating case

In combined gating case, header and footer transistors are applied simultaneously as
shown in Figure 5.1.(c). To develop the models for V,qq and Vg4, V), values will be
same as the ground gating and supply gating case because we are using the same
type of CMOS gates in this case also. SVM regression based stack models and rules
to find equivalent stack models can be directly taken from both supply and ground

gating cases.

However, SVC model needs to be changed in this case. This is because both the
transistors can take any value from their design parameter space. If PMOS header
transistor is ‘OFF’, then there will be some drop across this transistor and V44 voltage
will be different for the ground gated transistor which will also affect the Vy,q voltage.
Ground voltage will also be different for supply gated transistor. Thus, we need to
develop a classifier model for both Vy,q < V), and V,q¢ > V, and can take header
and footer transistor parameters at the same time and separate the input parameter
space to use our leakage models. Final V.4 and V,4q model should also be developed
in terms of both header and footer transistor parameters. Since the number of input
parameters have been increased, more number of training samples are required which
will increase the model characterization time and runtime. However, the model char-
acterization time will be less compared to SPICE characterization time. In terms of

accuracy, SVM models are better than the analytical models and can handle high

164



dimensional model compared to the analytical models [4] [5].

5.8 Experimental Results

We have used LS-SVM toolbox which is an advanced version of SVM for improving
efficiency of the model. We have used RBF kernel K (x, z;) = exp(||x —zx||*/0?) with
kernel function variable o and regularization parameter v as 1 and 10 respectively.
However, there may exist other kernels which may provide more accurate and less
complex models than we have considered in this Chapter. Adding more number
of kernels increases the characterization time to develop the final models. Thus,
choosing the number of kernels is a trade-off between characterization time, accuracy
and runtime of the models. We compared our results on different CMOS circuits in
28nm technology. Only I, is considered in leakage current estimation of logic circuit
and footer transistor. V,,; model is developed only in terms of Woter), V; and Vi,
of the footer transistor in the range of 28nm - 500nm, 0V - 0.25V and 0.35V - 0.5V
respectively. It should be noted that the maximum value of V; for V,,; model should

be selected for which footer transistor is in ‘OFF’ condition.

5.8.1 Accuracy and Efficiency Evaluation of Leakage models

This section evaluates accuracy and efficiency of proposed leakage current models. In
Figure 5.18, we compare MSE of 4-input NMOS stack model obtained through the
training data generated from different sampling techniques. It shows that the MSE of
adaptively trained model is lower and constant MSE is also achieved well before than
the fixed sampling based models. Our adaptive training methodology is able to reduce
the number of samples to achieve the same MSE as compared to the methodology
in [122]. Table 5.3 shows the accuracy of our characterized stack models in terms

of correlation coefficient and MSE with respect to SPICE output. We compare our
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Figure 5.18: Comparison of different sampling techniques - to train 4-input NMOS
stack model

Table 5.3: Comparing different sampling techniques - trained NMOS stack models
(All data given here is for minimum samples required to reach constant MSE point)

Random Sampling Latin-Hypercube Sampling
Model Tmodel Trun Tmodel Trun
Ng MSE P Ng MSE P
(S) (mS) (5) (mS)
n4 1500 7.12 5.1357e-12 | 0.9925 | 0.3795 | 1200 4.71 4.1770e-12 | 0.9930 | 0.3045
n3 1500 6.32 1.0593e-12 | 0.9967 | 0.3690 | 1250 3.54 9.0554e-13 | 0.9975 | 0.3190
n2 1450 3.87 1.5680e-12 | 0.9970 | 0.3591 | 1100 2.86 9.3728e-13 | 0.9972 | 0.2790
nl 1300 2.71 7.3433e-13 | 0.9989 | 0.3193 1050 1.72 5.3456e-13 | 0.9991 | 0.2663
nl,f 1300 2.83 2.1215e-13 | 0.9987 | 0.3206 | 1100 1.94 2.0331e-13 | 0.9991 | 0.2786
Adaptive Sampling (Li 2010) Adaptive Sampling (Proposed)
Model Tmodel Trun Trmodel Trun
Ng MSE p Ng MSE p
(S) (mS) (8) (mS)
n4 1200 106.26 1.1397e-12 | 0.9995 | 0.3045 | 1000 147.89 1.1414e-12 | 0.9995 | 0.2545
n3 1100 89.32 2.0549e-13 | 0.9995 | 0.2804 850 120.45 2.0798e-13 | 0.9995 | 0.2164
n2 1050 82.34 1.5671e-13 | 0.9996 | 0.2665 700 112.33 1.5690e-13 | 0.9996 | 0.1790
nl 900 70.76 9.3911e-14 | 0.9998 | 0.2291 550 82.78 9.4210e-14 | 0.9998 | 0.1418
nl,f 1000 73.45 1.0112e-13 | 0.9996 | 0.2447 600 88.40 1.0139e-13 | 0.9996 | 0.1543

Ng— Number of training samples, T',,45es— Model Characterization time, p — Cor-
relation coefficient, MSE — Mean Square Error, T',.,,— Model Runtime
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adaptive training method with random sampling, Latin-Hypercube (LHS) sampling in
[86] and adaptive sampling in [122]|. First column under all sampling methods denotes
the number of samples required to reach at constant MSE point. We use 5000 unseen
samples to test each model and this process is repeated for 100 times. Average MSE
and correlation coefficient in 100 trials is represented in Table 5.3. Our adaptive
training method gives same MSE as compared to [122] with less number of training
samples. Our methodology reduces the runtime of the stack models, consequently
reduces the runtime of the overall methodology. In our modeling method, training
time is higher due to training and testing of the models repetitively but the error of
models generated using adaptive sampling is very less compared to other sampling
methods. Model’s training time is higher for higher order stacks and simulation time
of stack model is heavily dependent on number of training samples. If different order
stack models are trained with same number of training samples then simulation time
of models is almost same, which indicates that the simulation time for stack models
is almost independent of the order of stack models. MSE between the output from
the model and log of leakage current is found to be of the order 107, while it is of the
order 107!2 with normal leakage current data. It should also be noted that in Table
5.3, we do not include the information related to PMOS stack models. In case of
PMOS stacks, training time and simulation time is approximately of the same order
because time factor does not depend upon the type of models, instead it depends
only on the number of training samples. In case of PMOS stacks, MSE and p are
also of the same order as in NMOS stacks. As discussed earlier, after neglecting
(1—e~Vas/V7) term in the leakage current equation of a transistor, exponential linear
(EL) form as in Equation (5.30) and polynomial equation of 3"¢ order (poly3) can be

used to calculate leakage of a stack.

Figure 5.19 shows the fitted curve of the EL model in the form of a*exp(b*x) used

in [4] and poly3 model in the form of a-+(b*x)+(c*x?)+(d*x*) used in [5] for Figure
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Figure 5.19: EL model [4], Poly3 model [5] and proposed model’s comparison for
different values of input voltage (Vinl) and virtual ground voltage (V,,q) for single
transistor stack in Figure 5.8.(b). (a) Vinl = 0V and Vg = 0V—1V (b) Vinl =
0.4V and Vyg = 0V—=1V (¢) Vinl = 0.7V and Vg = 0V =1V (d) Vinl = 1V
and Vyg = 0V =1V

5.8.(b). These curves are obtained by curve fitting toolbox in MATLAB. At Vinl
= 0V and V4 varying from 0V to 1V, p with the SPICE data is 0.7217 for EL
model which increases to 0.9486 at Vinl = 0.4V, thereby increasing the accuracy of

the model at middle range of input voltage. But on increasing input voltage further,

accuracy gets reduced. Correlation coefficient at Vinl = 1V is found to be 0.6353.

Correlation coefficient for poly3 model continuously increases from 0.5779 at Vinl

=0V to 0.9345 at Vinl = 1V. As previously described that the input voltage and
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Vyna can take any value from 0V to V4. Our experiments establish that neither
EL model nor poly3 model is able to fit the SPICE data accurately for complete
range of Vinl and Vy,q. Thus, we need models that can calculate leakage for whole
ranges of input voltage and V4. The error incurred using EL model and poly3
model can be larger for higher order stacks shown in Figure 5.8 due to higher number
of varying parameters. To develop highly accurate leakage models, SVM can be
used to accurately model high dimensional non-linear relationship between input and
output parameters. Our experiments justify the use of SVM models over EL and
poly3 models. We require very small number of leakage models in comparison to
previous work in [4, 5|. If there are M gates and " gate has k; inputs, then a total
of Zij\il?)ki (3 values for each input i.e. 0V, Vyq, Vyna) leakage models are required.
The important point here is how to reduce the number of leakage models without
sacrificing the accuracy. Our stack models for CMOS gates are a continuous function
of input voltages, width of transistor and V4. We only require total 9 stack models to
calculate the leakage of both CMOS circuits comprising of NAND4, NAND3, NAND2,
NOR3, NOR2, INV, AOI22, AOI23, OAI22, OAI32 gates and footer transistor.

Here, we do not vary the V', of the transistors in the logic circuit. Typically, this is
the case with all leakage modeling methodologies, i.e. more granularity in model pa-
rameter is obtained at increased characterization time. SVM based regression models
are more suitable for high dimensional modeling rather than analytical techniques
[82]. Adding more parameters of logic circuit like width, threshold voltage only in-
creases the number of samples required to develop final model. It does not change
any step of the proposed methodology. However, the adding of parameters to any
model depends on which kind of parameters are taken into consideration. Suppose
for example, temperature analysis of power gated circuits may require temperature
related parameters to be added into the model. However, SVM based models can

easily handle this non-linearity with the addition of more dimensions to the model.
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Table 5.4: Coefficient values in fitted models of [4] and [5]
4] [5]
a ‘ b a ‘ b ‘ c ‘ d
| 1.231e-8 | -5.586 | 1.258¢-8 | -6.474e-8 [ 1.134e-7 | -6.449¢-8 |

Figure 5.20 shows circuit diagram of C17 ISCAS’85 benchmark circuit and its corre-
sponding stack models for input vector ‘00000’. Equivalent stack models are developed
based on the rules described in Section 5.3. Equivalent stack models are only valid
for Vya < V,, hence we compare our results with SPICE results in this range only.
Figure 5.21 shows the comparison of leakage current of the logic cluster for different
Vyna values using models in [4], [5] and our model. Fitted curve of model in [4] and
[5] is obtained in EL and poly3 form using curve fitting toolbox of MATLAB. It can
be concluded that our model accurately matches with the SPICE output compared
to the large error of model [4] and [5]. Table 5.4 shows the fitting coefficients in the
obtained equations for the models in [4] and [5] and Figure 5.21 shows the fitting
curve. The error in leakage modeling is higher for lower values of V,; which is due to
neglecting (1—e~"4/V7) term in the leakage current equation for model in [4], This
error is larger for the model in [5] in complete range of V4 due to truncated repre-
sentation of the exponential terms with polynomial terms in a predetermined order

of the equation.

Figure 5.20: C17 circuit diagram and its equivalent stack model representation for
input ‘00000’
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Figure 5.21: Comparing EL model [4], Poly3 model [5] and our method for C17 circuit
with input vector ‘00000’

5.8.2 Gate level Static V,;,; Model

In this section, we verify the accuracy and efficiency of our model at gate level. We
performed our experiments on ANDS gate [4]. We compare our results with SPICE
for input vector ‘01001000°. Primary gates G1, G2 and G3 are derived from NAND
family of gates. According to the rules, PUN is removed because at least one input
at logic ‘0" makes PUN conducting. This connects outputs A, B and C to V4. Since
G4 is a non-primary gate and is from OR family of gates, for Vy,q < V,, PDN is
‘ON’; which is completely opposite to the case of NAND family of gates. Equivalent

stack model is presented in Figure 5.22.

Before developing the SVM regression based V,q model, first we need to check
whether SVM classifier is required or not. Maximum V,,; value that can be achieved
for this case is evaluated for minimum value of both gate voltage and width of footer
transistor. For ‘01001000” input vector, maximum Vg4 is 115mV, hence no classifier

is developed for this case. In general, for small gates, maximum V,; value in the
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Figure 5.22: (a) ANDS8 gate (b) Equivalent stack model representation; for input
‘01001000’

design parameter space is less than V). Based on the equivalent stack models, leakage

current can be written as in Equation (5.38).

Licak, aANDS = Licak,c1(n2) + Licak,c2(n3) + Licak,c3(n3) + Lieak,ca(p3) (5.38)

Equivalent stack model gives MSE of 3.34¥107¢ and p of 0.9998 using proposed SVM
model while EL model’s MSE and p are 0.0651 and 0.416 respectively and model
evaluates Vy,q value in 0.053 msec. Although, runtime of EL model is less but SVM
model completely outperforms the EL model in terms of accuracy. Next, regression
data is to be generated for development of final V,; model. Initially, 100 random
samples are generated in the design parameter space to train the SVM model. Then
new samples are generated around maximum error sample. Maximum 350 samples
have been used to train final V,,q model. For every set of design parameters, algo-
rithm in Figure 5.1 is used to find Vg, value. This algorithm estimates Vy,q faster
than SPICE simulation which saves our data generation time. Our method takes
4.34 sec. and SPICE simulation will take 11.32 sec. to generate the final V,; model.
Thus, proposed model takes 3x less characterization time. The model is also compu-
tationally efficient. Simulation time of our Vy,q model is 0.093 msec. while SPICE
simulation takes 28.57 msec. Our model is 307x faster than SPICE and accurately

matches the results with SPICE as shown in Figure 5.23. We do not compare our
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results in terms of mean square error of final V,; model with poly3 model at gate

and circuit level because of the following two reasons.

e Since poly3 models are highly inaccurate and out of 3 roots, one root can be
real and other two roots are imaginary. But for some cases, real root is not in

the range from 0V to V.

e for some cases, all three roots are real and it is very hard to identify the actual

Vyna value, discarding the others.

Thus, we are unable to find the actual mean square error using Poly3 model. For
runtime comparison, Poly3 model equation is solved in MATLAB. Poly3 model takes
0.063 msec. to calculate one Vg4 value, which is higher than EL model and less than

SVM model.

Vgnd (Proposed)

i

0 0.02 0.04 0.06 0.08 0.1 0.12
Vgnd (SPICE)

Figure 5.23: Correlation curve between our ANDS gate V,,; model and SPICE; 5000
test samples
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5.8.3 Circuit level Static V,,; model

To apply power gating at circuit level, several configurations have been proposed
which provides trade-off between parameters such as - area, performance, maximum
switching current. A centralized scheme is proposed in [123] to insert footer tran-
sistors, which suffers from large interconnect resistance between blocks with large
distances. Cluster based approach is proposed to simultaneously reduce dynamic and
leakage power [124]. Distributed footer transistor based approach (DSTN) is devel-
oped, which is compatible with timing-driven placement as well as reduces area for
both footer transistors and wires [125]. To verify circuit level V,,; model, DSTN
method is selected. We evaluate our model on ISCAS’85 benchmark circuits and
compare simulation results with the SPICE results. Figure 5.24 shows the circuit
level DSTN methodology, consisting n number of clusters with n footer transistors.
Each footer can be modeled with one current source Itsptery,. All footer transistors

can be modeled as a single current source /fopter-

Vdd Vdd Vdd Vdd Vdd Vdd
1 1 1 1 1 1
Cluster 1 Cluster 2 |,...[Cluster n Cluster 1 Cluster 2 |seesCluster n
—_—
% Ny ;
— ) g — LI I )
2 ) 2 ooter,1 ooter, |rooter,n
Vdd Vdd Vdd
1T T T
Cluster 1 Cluster 2 |seeeCluster n

I
footer
?

Figure 5.24: Circuit level DSTN method for Static V,, estimation

We verify the proposed static Vg, model on ISCAS’85 benchmark circuits. Maximum

100 training samples for SVC and 350 samples for SVR V4 model are used. Table
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5.5 and 5.6 show the results of proposed final static V.4 model and EL model [4].
In Figure 5.21, leakage from our model for C17 circuit is very small w.r.t. HSPICE
and average error for Vi, model of C17 circuit is 0.14%. For all circuits, error in
Vgna voltage is due to cumulative error of leakage, SVC and SVR models. For larger
circuits, maximum error is always less than 0.8%, 13x lower than the previous work in
[4]. This comparison is based on 5000 test samples across 100 input vectors. Column
2 of Table 5.5 shows time required to develop circuit level Vg4 model, combining the
time of data generation to develop both SVC and SVR models. Total modeling time of
the proposed approach will be the summation of SVC and SVR model generation time.
Proposed stack models with SVC help in reducing time to generate the samples for
SVR model of V4, which significantly reduces total modeling time without degrading

the accuracy.

Table 5.5: Circuit level static Vi,q model results (Model generation time, Error in
Vgna estimation, Model evaluation time) for ISCAS’85 benchmark circuits

Model generation time Error (%) for Vynq estimation
Cireuit # HSPICE Proposed [4] Proposed
Gates | (without | (with SVC) (without SVC) | (with SVC)
SVC) SVC | SVR | ™ | & Miax avg max | avg
C17 6 7.44 3.13 2,57 | 7.01 | 593 | 0.17 0.10 0.25 | 0.14

C432 261 114.21 32.63 | 14.82 | 6.29 | 4.21 | 0.15 0.10 0.22 | 0.11

C880 383 140.81 40.23 | 16.63 | 10.92 | 9.42 | 0.29 0.14 0.43 | 0.26

C1908 972 231.52 66.15 | 14.44 | 6.72 | 4.57 | 0.40 0.22 0.55 | 0.38

C2670 | 1211 359.11 | 102.60 | 23.91 | 11.89 | 10.33 | 0.44 0.27 0.57 | 0.39

C6288 | 2351 527.63 | 125.75 | 25.7 | 10.78 | 9.01 | 0.72 0.58 0.80 | 0.73

C7552 | 3624 766.23 | 218.92 | 38.98 | 13.47 | 12.27 | 0.63 0.41 0.75 | 0.69

SVC and SVR models are trained with different number of samples, therefore runtime
of both the models is different. Testing sample in input space are only simulated
from final SVR V4 model. Thus, runtime of the proposed approach is only decided
by final SVR V4 model. From Table 5.6, Our model’s runtime is approximately

same for all circuits because model’s runtime mainly depends on number of training
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Table 5.6: Circuit level static V4 model results (Model evaluation time, Speedup

and Error in energy estimation) for ISCAS’85 benchmark circuits

Vgnd (SPICE)

Model Evaluation time (m.S) Speedup (x) Error (%) for
_ # energy estimation
Circuit
Gates | HSPICE | [4] Proposed [4] | Proposed 4] | Proposed
C17 6 24.80 0.053 0.093 468 266 10.29 2.79
C432 261 325.69 | 0.054 0.093 6031 3502 8.66 2.56
C880 383 401.20 | 0.055 0.093 7295 4314 13.78 2.95
C1908 972 660.10 | 0.056 0.091 11787 6948 8.79 3.28
C2670 | 1211 | 1025.71 | 0.052 0.091 19725 11271 15.33 3.36
C6288 | 2351 | 1505.67 | 0.053 0.090 28409 16729 13.13 4.08
C7552 | 3624 | 2188.56 | 0.050 0.095 43771 23037 17.45 3.69
® Proposed ;
r Y = X line &
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Figure 5.25: Correlation curve of C7552 benchmark circuit Vy,q model; 5000 test
samples from 100 different input vectors

samples and variables in the training data. Both parameters are same in all circuits.

Model has maximum runtime improvement of 23037 on largest benchmark circuit

i.e. C7552 circuit, which is likely to be improved on larger circuits. Figure 5.25 shows

that V4 values calculated from our model highly matches with the SPICE results.

for EL model, error in Vy,; estimation is larger for higher V,; due to incorrect
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assumption of applying V4 to the inputs of CMOS gates in the circuit. Accuracy
of the EL model is higher for large circuits but less for small circuits like C17 ISCAS
benchmark circuit. Thus, it can be said that EL model’s accuracy is highly circuit
dependent.In our case, it is circuit size independent. EL model has advantage of
better runtime (~2x improvement) compared to our model, however the accuracy of

our model is higher than EL model.

Authors in [87] provided a first order formula to calculate wake-up energy consump-
tion. If total capacitance at Vy,q node due to both logic circuit and footer transistors

is denoted by Cjeyit, then wake-up energy can be estimated as in Equation (5.39):

1
Ewake—up = éccircuitv;fnd (539>

Accuracy of Vy,q model directly affects the accuracy of trade-off analysis between
leakage saving in sleep mode and wake-up energy consumption. In our work, we have
applied our V4 model and earlier model to calculate Eyqpe—yp- Last column in Table
5.5 shows the error in energy estimation. Our model results in average 3.5% error,
compared to 13% in previous work. In this work, we are only developing accurate
Vyna model, thus error in energy estimation in our case is due to first order energy
model and inaccurate capacitance (capacitance will also change with V4, can not

be defined by a single value).

Since, BSIM4 models in 28nm technology are used to relate footer transistor param-
eters to Vynq voltage. Our proposed model is technology dependent because fitting
parameters are extracted using the regression data generated in that technology us-
ing SPICE simulations. However, the model development methodology is technology
independent and can be used in any technology node with any device model i.e.
BSIM4, PSP etc. In more advanced technology nodes than 28nm, non-linearity re-

lated to Vy,q model in parameter variation space may be higher, which may require
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more number of samples than the model in 28nm technology node for the same accu-
racy. If the number of samples are higher, then the runtime of the model will also be
higher due to increased number of computations required to evaluate the model. One
important advantage of our model is that it does not presume any kind of underlying
model like exponential linear or poly3 model which is highly required to increase the
accuracy of the model. Our model is a kind of dynamic model whose runtime and ac-
curacy depends upon the training data and has the ability to model highly non-linear
performance parameters in the input parameter space.

x 10~
7r Y = 2.546e-7*x + 1.696e—-5

6F| Y Runtime_22nm
—— Linear fit_ 22nm
SI| ®™ Runtime_28nm
Linear fit_28nm

Runtime (S)

Y = 2.501e-7*x + 4.423e-6

500 1000 1500 2000 2500
# Training Samples

Figure 5.26: Runtime of Static V,q model in 22nm and 28nm technologies for varying
number of training samples

In the development process of SVM models, we want to use minimum possible number
of training samples to reduce the runtime of the models for V,,q estimation. Equation
(5.26) and Equation (4.11) are used to evaluate the value of unknown samples in SVC
and SVR models respectively. The number of «ay values is directly proportional to
the number of training samples. These «; values affect the computations required to

evaluate the newly generated samples (i.e. other than training data).

Figure 5.26 shows the variation in the runtime of static Vy,q models in 22nm and

28nm technologies for increasing value of training samples. Linear curve fitting is
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used in MATLAB toolbox for both models. Runtime linearly increases with the
increasing number of training samples to develop the model. Runtime difference
between the models is almost same between both technologies. Runtime complexity
for both models is O(n), however, the runtime of 22nm model is a little bit higher
than 28nm model due to the higher value of fitting parameters. Furthermore, in
advanced technologies, complexity will also be O(n) but there may be variations in
the fitting parameters. The above experiment clearly shows the our SVM model’s
runtime is mainly dependent on the number of training samples, not on the number
of variables and process technology nodes. In the proposed methodology, maximum
sampling points is the key for accuracy and efficiency. We have used adaptive sampling
based methodology both in classification and regression to iteratively generate the
samples for training of the model. Since the dependence of Vy,, on footer transistor
parameters is same for all circuit, using the same number of samples for all circuits
provides us the sufficient accuracy and efficiency of the model. If the complexity of
the model is increased by increasing the number of model parameters, then it will
require more samples to prepare the model. The proposed methodology is consistent
with the generally used regression based analytical equation models [21], which will
also require higher number of samples to increased complexity. Thus, there is no
specific rule in selecting the maximum samples to train model. However, the adaptive
sample generation methodology is more accurate and efficient than fixed samples

based methodology.

5.8.4 Effects of SVC model on Accuracy, Runtime and Mod-

eling time of V,,; model

We conducted three set of experiments to analyze the effects of accuracy of Support

Vector Classification (SVC) model on accuracy and modeling time of the proposed
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Vgna model. For this purpose, we assume 0% to 100% misclassification in the step

size of 5%. Misclassification of 0% corresponds to our proposed methodology.

Case (I) is defined as the training samples from V,; < V), space are misclassified
as Vgng > Vp. In this case, more number of training samples need to be simulated
through SPICE instead of proposed leakage models to obtain Vg, voltage. It in-
creases the accuracy of Vy,q model but at the cost of increased modeling due to the
increased use of SPICE simulations. Error reduction and modeling time increment

for case (I) can be verified from Figures 5.27.(a) and 5.27.(b).

Case (II) is when the training samples from V,, > V), space are misclassified as
Vina < Vp. As suggested by SVC model that we should use our leakage models with
algorithm in Figure 5.1. But, our leakage models are only valid for V,q < V, range
and can generate only samples with Vs < V, values. To avoid this problem, we
initially compare leakage of logic circuit with leakage of footer transistors at Vs —
V,. Evaluation of this condition results in negligible increase in modeling time. If
the leakage of logic circuit is higher than footer transistor then we assume that the
sample is misclassified and we keep it in Vs > V, range and simulate it through
SPICE to obtain Vg, voltage. This condition is checked for each training sample.
There is a negligible increase in both modeling time and error for case (II), as can be

verified from Figures 5.27.(a) and 5.27.(b).

In Case (III), training samples from V4, < V, space are misclassified as V4 >
V, and vice-versa. Error and modeling time in this case is approximately equal to
case (I) because these parameters in case (II) are same for all misclassification rates,

as shown in Figures 5.27.(a) and 5.27.(b).

To clarify the effectiveness of SVC on proposed approach, we use separate sub-columns
as without SVC and with SVC under both modeling time and Error column in Table
5.5. Model generation time for proposed approach is also divided into SVC and

SVR model generation time. Total modeling time of the proposed approach will be
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Figure 5.27: Effect of SVC misclassification on (a) Accuracy (b) Modeling time of
Vgna model

the summation of SVC and SVR model generation time. Addition of SVC model

significantly reduces modeling time without degrading the accuracy.

SVC model is generally given as in Equation (5.40):

N
Yk = sign [Z ap K (2, ) +b (5.40)

k=1

Here, K (zx,z) is the kernel function and a4, and b are solution of the linear systems.
Total modeling time of the proposed approach is also affected by runtime of SVC
model. If SVC model is trained with higher number of samples than our approach
(100 samples), then SVC model generation time and time required to classify the
training sample is also high because more number of a4, in Equation (5.40) are used
to classify a sample. Figure 5.28 shows the effect of number of training samples used
to build the SVC model. Modeling time linearly increases w.r.t. number of training
samples. Thus, our overall experiments related to SVC model imply that the runtime
and accuracy of the proposed SVC model impacts modeling time without degrading

the accuracy of Vs model.
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Figure 5.28: Effect of SVC training samples on modeling time of Vy,; model

Total modeling time of the proposed approach is also affected by runtime of SVC
model. If SVC model is trained with higher number of samples (100 in this work), then
SVC model generation time and time required to classify training sample is also high
because more number of «y, in Equation (5.40) are used to classify a sample. Figure
5.27.(c) shows the effect of number of SVC model training samples. Modeling time
linearly increases w.r.t. number of training samples. Thus, our overall experiments
related to SVC model imply that the runtime and accuracy of the proposed SVC

model impacts modeling time without degrading the accuracy of Vy,q model.

The value of V), used to build SVC model also affects the accuracy and modeling
time of the proposed approach. If V,, > 0.7V, then less number of SPICE simulation
will be required due to the reduction of V,,; > V), space and maximum samples can
be evaluated using proposed leakage models. It will have the advantage of reduced
modeling time but there will be negligible reduction in the accuracy due to the use
of accurate leakage models in larger Vy,q < V), space. If V,, < 0.7V, then SPICE
simulations will be used for larger number of input samples. It will increase the

modeling time but also improve the accuracy of the model.
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5.9 Summary

In this Chapter, SVM based regression models are discussed for leakage characteriza-
tion of transistor stacks in power gated circuits. These surrogate models remove the
inaccurate assumption of exponential linear and polynomial functional dependency
of leakage current of CMOS gates as a function of gate input voltages and V g,4. This
kind of model is more appropriate because the input gate voltages, which are the
outputs of preceding gates may take any value from 0V to V4, for different values of
V gna- To develop SVM models, our methodology uses the accurate value of leakage
for all CMOS gates, whether it is primary or non-primary for complete input range
varying from 0V < Vg4 < V4q. However, previous models had neglected the leakage
of the non-primary gates for higher V ;4 voltages. Adaptive training sample selection
scheme used to prepare SVM models is shown to be more accurate than random sam-
pling and Latin Hypercube Sampling (LHS) based technique. SVM based regression
methodology is used to develop static V,q models for higher accuracy and efficient
computation. However, for regression based models, computations required to gen-
erate training data using SPICE simulation may take longer time for larger CMOS
circuits. We proposed a methodology, which results in substantial saving in model
generation time and develop a partition based V4 data generation algorithm, which
uses SPICE simulation for higher values of V ;4 and our leakage current models with
bisection search algorithm for lower values of V4. SVM classifier model is proposed
to partition the Vg,4 values depending on footer transistor parameters. It divides the
input parameter space into two partitions. For one partition, SPICE simulation is
used whereas for other partition, our leakage current models with bisection search al-
gorithm are used. SVM regression based models are proposed to estimate static Vg4
value with high accuracy providing average mean square error of the order 107¢ and
average correlation coefficient higher than 0.9996. SVM regression based models are

proven to be more accurate than analytical models due to use of actual device equa-
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tions without neglecting any term. SVM surrogate models for leakage current and
SVC save 3x simulation time for sample data generation with high accuracy for final
static V gn,q model. Our static Vg4 model is 23000x faster than SPICE for largest
C7552 ISCAS’85 benchmark circuit. The proposed methodology is also applicable to

other logic styles like Pass-transistor logic (PTL), Dynamic logic, Domino logic.
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Chapter 6

Surrogate Models for Dynamic

Virtual Ground Voltage Estimation

The characteristics of ground gated circuit during mode transition is shown in Figure
6.1. Voltage at virtual ground node increases from lower value to higher steady
state value. The shape and steady state voltages of dynamic Vy,; depends on the
parameters of footer transistors. In previous Chapter, our aim was to calculate V4

in steady state mode.

vdd Vg

Logic Cluster
(Vgnd)

(ViH: Vgnd i
15 Jeea

Steady state
Vgnd

ooter

F

Mode Transition 'gteady state

Figure 6.1: Dynamic Vy,q in ground gated circuits

In this Chapter, we describe that how effectively our leakage models and static V4

model in Chapter 5 can be used for dynamic V,,; estimation. Our contributions are
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as follows.

e SVM based regression models are developed for capacitance estimation at V4
node i) due to CMOS gates as a function of input voltage and V4 voltage
ii) due to footer transistor as function of input voltage (V,), width (Wjser),

threshold voltage (Vin footer) and Vg voltage.

e Piecewise simulation based methodology is developed for dynamic V4 estima-
tion that efficiently uses the pre-developed leakage and static Vy,q models along

with extra capacitance models.

Equivalent Stack
SVM Regression Model for identification for SVM Classification
leakage characterization for CMOS Gates in Model to classify Vp Value
CMOS Gates Logic Circuit in input space
1
v

SVM Regression model for final Bisection Search
static Vgnd Model Algorithm

|

SVM Regression based
Piecewise Dynamic Vgnd Model g
Capacitance model

Dynamic Vgnd model

Figure 6.2: Proposed methodology for dynamic Vy,q estimation

Figure 6.2 shows the flowchart describing our proposed methodology for dynamic V4
estimation. A piecewise simulation based dynamic V,,,; estimation methodology is
developed which needs the capacitance models to calculate capacitance at virtual

ground node along with leakage models and static V,q model developed in Chapter

d.
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6.1 Capacitance Models and Piecewise Simulation

Method for Dynamic V,,; Estimation

Virtual ground node capacitance affects the timing characteristics of V4, thereby
changes the energy consumed in mode transition of power gated circuits. Capacitance
at virtual ground node is a strong function of input vector applied to logic circuit and
footer transistor parameters. Thus, accurate equivalent capacitance (Ce,) as shown
in Figure 6.1, due to both footer transistors and CMOS gates in logic circuit needs to
be considered at virtual ground node to obtain accurate dynamic Vg, characteristics.
Capacitance C,, can be calculated by summing capacitance due to logic cluster (Cr¢)
and footer transistor (Cfooer). The charging current across C, can be given as in

Equation (6.1).

Ie., = Ceq% = Irc — Ifooter (6.1)
Here, Irc and Ipouer are the leakage current components across logic cluster and
footer transistor. To calculate Vi,q from 6.1, Ceq, Irc and Ifoer must be modeled
in terms of V4. Ipc and Ipeue, models can be directly imported from Section
5.2 but capacitance models are need to be developed. Since, capacitance at output
nodes of CMOS gates affect the virtual ground node capacitance, hence we can not
remove the PDN or PUN and C,, is modeled using two types of model i.e. one for
CMOS gates and other for footer transistor as shown in Figure 6.3. CMOS gate
capacitance Cyqe at virtual ground node is function of input voltages, Width and
Vgna whileC'rooer is modeled as function of footer transistor parameters (Vy, Vin, footer
Wiooter) and Vg,q. Total N 41 models are required. Where, N represents the number
of CMOS gates in a standard cell library composed of basic gates such as NAND2
NAND3, NOR2, NOR3 etc. (Ref. Table 6.1) and CMOS gates consisting parallel
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or stack of parallel transistors such as AOI22, AOI32, OAI22, OAI23. One model
is required for footer transistor. Capacitance models are a continuous function of
input voltages like leakage models and hence, cover all input pattern cases which
can appear at the input of CMOS gates and footer transistor. Capacitance at V4
node is a weak non-linear function of input terminal voltages and V4 voltage and
it does not depend on ‘ON’ or ‘OFF’ condition of transistors, instead it depends
only on the potential difference across two terminals. Thus, we can vary input and
Vgna voltages from 0V to Vyq in single model. SVM based regression models are
used for capacitance models. Previously, capacitance at any node was assumed as
linear function of gate to source voltage V,, [126] but it is not true. In actual, Cyue
model will be a non-linear function of input voltages, Width and V4. Clooter Will
be non-linear function in terms of footer transistor parameters. SVM models are able
to capture this non-linearity with high accuracy. Since, SVM models are black-box
models and we do not know the equations relating Cq, Irc and Iouer in terms of
Vgna- So, we develop piecewise simulation based model for dynamic Vg, estimation.
As explained in Section 5.3, during mode transition input vector is constant because

of standby mode of operation. We derive our methodology in the following steps.

vdd Vgnd

CMOS gate V4L Footer

1 Cgate= (Vin, W, Vgnd)
% tgrf(Vg, Vth, W, Vgnd)

C
Vgnd foo

Figure 6.3: Models for capacitance modeling at virtual ground node

Step (1) - Divide V4 from 0V to V, into k regions as shown in Figure 6.1. &

determines the trade-off between the runtime and accuracy of the model.

Step (2) - Find Capacitance C’éfl at virtual ground node for a given input vector
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(i) with N CMOS gates in logic cluster and M footer transistors (Consider DSTN

method) at lower (k) and higher (k™) value of region £k as shown in Figure 6.1.

qu = CfC + C]’?ooter (62)

Here,
CEC’ = Cgate,l + C_(]]Cate,Z T + Ogate,N (63)
C?ooter = C]l?ooter,l + C}Cooter,Q T + C?ooter,M (64)

Calculate average CF9 as in Equation (6.5).
k,avg __ k— Et
Ceq i = (Ceq + Ceq )/2 (65)

Step (3) - Calculate average charging current, Ig;:”g using Equation (6.6).

Igl = Ipe" — It (6.6)
Here,
Ilo=Th e+ Dopen + ool + I e N (6.7)
I56" = (i + 1ic) /2 (6.8)
I ]"gooter =1 }Coote'r,l + ]}Cooter,Q T + I}cooter,M (6-9)
]f]f),oatg = (]f]f);ter + [f]f;:ter)/Q (6.10)

Step (4) - In each region k, we consider a constant leakage across logic cluster and
footer transistor. From Equation (6.1), average charging current in region k can be

given as follows.

Ikﬂvg — Cvk‘,avg d Vgnd

k,av k,av
o B = I — Tt (6.11)

footer
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k,avg k,avg
Vgnd - Vgnd - ILC - Ifooter

TR — Tk ks 12
k,av
T T = (Vya — Vi) oot 6.13
( gnd g"d)'Ik:,avg k,avg « ( ’ )
LCc Ifooter
/1'116Jr — Tki + o (614)

Equation (6.14) estimates the time duration that circuit takes in charging virtual
ground node from Vg to V,g. T*" for first region will be 0 sec. T+ of each region

will be T*" for the region k + 1.

Step (5) - In step (1), we only partition the V4 range from 0V to V), because we
do not know about the inputs of CMOS gates in the circuit and hence, we are unable
to find capacitances and currents during Vy,q > V,. Here, our static V,q model
plays an important role. At Vg, = V,, we know the capacitance and currents at
virtual ground node and at steady state Vy,q, the current across C,, will be zero. The
current across logic cluster will be same as footer transistor. Thus, leakage across logic
cluster can be calculated without simulating it. From Figure 6.4, it can be said that
the current and the capacitance of logic cluster is linear for V, < Vyug < Viteady,state-
Using these two points, linear equation is obtained in MATLAB curve fitting toolbox.
Correlation coefficient (p) of greater than 0.995 is obtained with linear fitting. This
linear equation can now be used in Vg, estimation for remaining range of Vy,q and

steps (1) to (4) are repeated until Viieqay,state 1S reached.

Our approach for dynamic V,; estimation is more accurate than that proposed in
[4] due to accurate use of leakage and capacitance models for V4 < V,, without any
assumption and neglecting any term in the device model equations. Linear form of
logic cluster current and capacitance is assumed Only for V, < Vi,a < Viteady,state 15
also highly accurate assumption. In [4], a piecewise exponential linear model is devel-
oped, in which complete range is divided into regions and linear equations for logic

cluster current and footer transistor are obtained through fitting in these regions.
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Figure 6.4: Leakage current and capacitance at virtual ground node during V, <
Vand < Viteady,state; different input vector combinations of C880 (ISCAS’85)

These fitted equations are used in Equation (6.1) to find out the resulting expressions
for V,,q for the considered region. Capacitance variation in the partitioned region
is considered as constant, incurs high error in models [4]. While, in our model, we
divide it sufficiently in large number of regions such that capacitance can be treated
as a constant in each region. Multiple fitting points in each region are considered sep-
arately which gives us more accurate capacitance in complete range of V4. Another
important limitation and source of error of model in [4] is the unknown input voltages
of CMOS gates for V, < Vyna < Viteady,state and hence, linear current equations and

capacitances can not be evaluated.

6.2 Experimental Results

According to our piecewise simulation based dynamic Vg, estimation methodology,
capacitance models are required with leakage and static Vg,q model. The virtual
ground capacitance is modeled for each CMOS gate and footer transistor. The number
of capacitance models to be characterized, depends upon the gates in the cell library

used for synthesizing the logic circuit. Figure 6.5 plots the variation in the capacitance
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of inverter for change in input voltage and V4 voltage simultaneously. Same adaptive
sampling is used for capacitance models as used for leakage models. Maximum of
1000 training samples are used to develop model and another disjoint 5000 samples
are used to evaluate the model. Simulated data points lie on the actual curve and
hence, verifying the higher accuracy of our model. For higher V,,; and increasing
values of input voltage, change in the capacitance is very less and almost linear curve
is obtained. But, lower V,; introduces non-linearity for the same input voltage
range. Our SVM models can easily handle this non-linearity with high accuracy.
Same results can also be verified from the capacitance variation of NAND2 gate as
shown in Figure 6.6.
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Figure 6.5: Capacitance variation at V,; node due to Inverter

Table 6.1 shows the error in capacitance modeling for basic CMOS gates of a standard
cell library. We consider a CMOS gate with maximum 4 inputs, as higher input gate
will have a larger delay due to increased logical effort. Error for OR family of gates is
a little bit higher than AND family of gates because of directly connecting the higher
number of transistors to the V,; node. However, capacitance model for each gate
has <1% average error and maximum error is also between 1% to 2%. Low MSE and

high p proves the high accuracy of our capacitance models. Since the runtime for
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Figure 6.6: Capacitance variation at V4 node for NAND2 gate for different values
of Vg'n,d

all models is of same order describing the less dependence of SVM based models on
number of varying inputs. Total 11 models are required to calculate capacitance at

Vyna node due to all CMOS gates and footer transistor.

Table 6.1: Evaluating capacitance models; Maximum training samples = 1000, Test-
ing samples = 5000

Gate Samples Mean Square | Correlation % Error | Model Simulation
Error Coefficient | Max | Avg Time (mS)

NAND2 850 3.11e-37 0.9968 1.05 | 0.109 0.2162
NAND3 850 3.45e-37 0.9968 1.16 | 0.314 0.2168
NAND4 900 4.22e-37 0.9961 1.20 | 0.368 0.2267
NOR2 900 3.23e-37 0.9969 1.05 | 0.239 0.2269
NOR3 1000 5.14e-37 0.9960 1.26 | 0.365 0.2560
NORA4 1000 5.20e-37 0.9961 1.29 | 0.430 0.2564

INV 800 3.04e-37 0.9970 1.02 | 0.106 0.2089

Dynamic Vs model is verified on ISCAS’85 benchmark circuits. For each circuit,
we consider 100 input vectors and for every input vector, we divide V4 voltage from
0V to V, into 90 regions and 10 regions are chosen for V, < V4 < Viteady,state- for
any circuit, if Viieaay,state < Vp then all 100 points are selected within 0V < Vi,q <

V,. We compare our model with the piecewise linear model in [4], where V4 voltage
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from 0V to V44 was divided in 18 regions. Runtime of our SVM model is given as in

Equation (6.15).

Tours = \[TI,LC + Tcap,LC]SVM,Qg + \T‘fitfcap,LC,l + Tfitfl,LC,ll + \[TI,LC + Tcap,LC]fit,l(l +

TV TV TV TV
15tTerm 2ndTerm 3ndTerm 47dTerm

------- + [Tl,foater + Tcap,footer]SVM,lOO + Tdyn—vgnd,109

(. J/

vV VvV
5thTerm 6thTerm

(6.15)
Here, 1% term denotes the total runtime of logic cluster for leakage current estimation
(T; Lc) and capacitance calculation (T o). Runtime is estimated by simulating
SVM models 90 times, as 15 term denotes the timing analysis during 0V < Vg < V.
Tht—cap,.c and Tp_; 1o determine the runtime to fit the linear model for capacitance
and leakage current estimation of logic cluster during V, < Vg < Viteady,state- Only
one time fitting is required for each one of two models. 4" term shows the runtime
of the fitted models in 2"¢ and 3"¢ term and these models are simulated for 10 times.
Next, the 5 term evaluates the runtime of leakage and capacitance models for footer
transistor and for all 100 regions, SVM models are used. Last term calculates the
runtime of the Equation (6.14) for each region. Runtime of the model in [4] can be

given as follows.

ﬂ4} = [Tfit—I,LC' + TI,LC’ + Tfit—l,footer + Tcap,LC + Tl,footer + Tcap,footer + Tdyn—vgnd]lS
(6.16)

Each term in Equation (6.16) is evaluated 18 times i.e. one time for each region. It
should be noted that linear fitting models are used only for leakage current of logic
cluster and footer transistor. In each region, capacitance is considered to be a constant
value. The maximum and average error with average runtime across all input patters
is shown in Table 6.2. Our model has less than 1% error while model in [4] gives approx
5% average error with respect to the SPICE results. Figure 6.7 shows the dynamic

Vyna characteristics of C880 ISCAS’85 benchmark circuit after the ground is gated.
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This shows the high accuracy of our model when compared to the SPICE output. We
have implemented the consumed energy estimation methodology in [4] during mode
transition for a dynamic Vy,, characteristics of benchmark circuits. Percentage error
in energy estimation is given in Table 6.3. Less error in energy estimation shows the

higher accuracy of our proposed of dynamic V,, estimation.

Table 6.2: Circuit level Dynamic Vy,s model (ISCAS’85 benchmark circuits)

Error (%) Runtime (sec.) Speedup(x )
Circuit | Maximum Awverage

[4] | Ours | [4] | Ours SPICE | [4] | Ours | [4] | Ours

Cl7 | 762 0.67 | 3.66 | 0.12 | 1266 | 1.08 | 1.46 | 12 8
C432 | 6.64 | 0.68 | 5.10 | 0.11 | 60.45 | 1.62 | 2.56 | 37 23
C499 | 740 | 0.79 | 412 | 0.15 | 117.89 | 3.49 | 5.22 | 33 22
C880 | 5.30 | 1.02 | 3.66 | 0.56 | 72.70 | 2.73 | 4.02 | 26 18
C1355 | 8.33 | 1.10 | 4.83 | 0.49 | 110.23 | 2.90 | 5.11 | 38 21
C1908 | 6.42 | 0.98 | 4.95| 0.72 | 136.56 | 3.89 | 5.29 | 35 25
C2670 | 7.93 | 0.75 | 4.36 | 0.67 | 143.78 | 3.45 | 548 | 41 26
C3540 | 5.31 | 1.17 | 3.22 | 0.88 | 162.33 | 4.32 | 4.92 | 37 33
C5315 | 6.88 | 1.16 | 4.37 | 0.80 | 201.34 | 4.11 | 6.24 | 49 32
C6288 | 5.66 | 0.92 | 2.92 | 0.13 | 228.30 | 2.01 | 2.23 | 113 | 102
C7552 | 9.41 | 1.20 | 4.99 | 0.83 | 300.69 | 4.65 | 6.93 | 64 43

Overall | 6.99 | 0.95 | 4.20 | 0.45 | 140.63 | 3.11 | 4.50 | 45 31
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Figure 6.7: Dynamic V4 voltage during model transition for C880 circuit

Our model is 31x times faster than SPICE but little bit slower than model in [4].
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Table 6.3: Evaluating methods for energy estimation during mode transition (IS-
CAS’85 benchmark circuits)

Error (%)
Clircuit Maximum Average
[4] | Proposed | [4] | Proposed
C17 11.60 1.69 7.65 1.31
C432 9.78 1.68 6.11 1.12
C499 | 10.46 1.78 6.10 1.15
C880 | 10.45 2.19 7.54 1.55
C1355 | 11.01 2.16 6.80 1.50
C1908 | 8.40 1.79 2.95 0.89
C2670 | 10.89 1.79 7.34 1.71
(3540 | 9.10 1.11 6.20 0.98
Ch315 | 10.81 1.16 5.45 1.10
C6288 | 7.12 0.99 4.21 0.79
C7552 | 12.48 2.45 7.90 1.96
Overall | 10.19 1.71 6.48 1.28
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Figure 6.8: Effect of number of simulation points on accuracy and runtime of the
model

This is because of the more number of points taken in range from 0V to Viieqdy, state-
Maximum runtime improvement is for C6288 benchmark circuit because this circuit
consists of maximum NAND2 and NOR2 gates. We require only a few models to
be simulated for leakage current estimation of logic cluster and it saves the runtime
of complete model. This shows the importance of reducing the number of leakage

models in Section 5.2. However, runtime of our models can be further reduced by
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taking less number of simulation points between 0V and Viteqdy, state- Figure 6.8 plots
the accuracy - runtime trade-off with respect to the number of simulation points for
C7552 ISCAS’85 benchmark circuit. From Table 6.2, number of simulation points for
our models should be less than 43 to make runtime less than in [4]. At this number,
the error incurred by our method is ~1.59% which is less than 4.99% of the model

proposed in [4].

6.3 Summary

For dynamic V4 estimation during mode transition, SVM regression models are
developed for - (i) capacitance estimation of CMOS gates at virtual ground node
as a function of input voltages and V4 voltage (ii) capacitance estimation of footer
transistor at virtual ground node as a function of input sleep voltage, width, threshold
voltage and Vg4 voltage. Piecewise simulation based model is thus proposed for
dynamic Vg, estimation, which efficiently uses the pre-characterized leakage and
static V y,q models along with aforesaid extra capacitance models. Our proposed
models are highly correlated to the SPICE evaluation with average mean square

error of 0.45% on ISCAS’85 benchmark circuits and 31x times faster than SPICE.
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Chapter 7

Conclusions and Future Work

Aggressive increase of leakage and process variations in deep sub-micron technologies
are a big obstacles in further scaling of the transistors. This leakage is further affected
by supply and temperature variations. The effect of these variations on leakage must
be accurately analyzed through models such that leakage optimization techniques can
be applied in effective manner. Unlike process and environmental variations, input
vectors in simple CMOS gate circuits can take only discrete values such as logic high
or low. The number of models will be very large if a model is developed for each
input vector, thus increasing the model characterization time. Previous models based
on scaling the leakage of a single transistor, exponential quadratic models results in

increased model characterization time and/or large error in leakage estimation.

In the present work, we have proposed the improved transistor stack models with
effective width computation to extract common stack models across 20 gate standard
cell library with 176 possible input vector combinations. We have shown that the
subthreshold leakage models can be extracted by neglecting ‘ON’ transistors from
the ‘OFF’ transistor network, only if the subthreshold leakage of that stack lies in
the low leakage region. Gate tunneling models are extracted by breaking down the

CMOS gate into stacks and single transistors. Thus, only a small subset of models
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are required for leakage estimation of considered standard cell library.

We have used kernel based SVM for leakage modeling of each stack. SVM models
are found to be more accurate than analytical as well as ANN models while cap-
turing highly non-linear functional form of leakage in PVTW space. Various kernels
have been explored during SVM model generation for each stack. Optimal tuning
parameters of each of the kernels for an SVM model have been obtained through si-
multaneous use of grid based method and global optimization techniques, resulting in
significant less time to find out the best kernel with optimal tuning parameters com-
pared to previous approaches. Active sample selection scheme has been employed to
adaptively select training samples to generate SVM models with minimum number
of samples, thus resulting in quite smaller simulation time for the model. To further
speed-up the model, SVM models have been made Sparse by identifying and exclud-
ing the non-significant training samples. Proposed SVM models have been able to
predict the leakage with very small error in mean and standard deviation as compared
to earlier models proposed in literature. SVM models are shown to be faster than
SPICE simulation, however slightly slower than the previous approaches. Proposed
SVM models are black box models, thus can be used in full-chip leakage estimation
using sampling based methods in place of SPICE simulation. We have also shown
that the stack based methodology can be applied to standard cells in post CMOS
devices such as FINFET, CNTFET. These SVM models for leakage estimation are
illustrated to be applicable even if process parameters take non-Gaussian form of
distribution. These models remove the inaccurate log-normal assumption on leakage
when process parameters are large in number and vary with generalized distributions.

This situation is more likely to appear in future scaled down technologies.

We have also proposed the stack based SVM models for leakage estimation of CMOS
gates in power gated circuits. It has been observed that the earlier models in literature

are only accurate in a small range of input voltage space. Our proposed leakage

200



models have been developed by considering accurate input voltage conditions for all
CMOS gates. These leakage models are then used to develop SVM model for static
virtual ground voltage. Support Vector Classification model is used to efficiently
generate training data sample with respect to footer transistor parameters, resulting
in saving of significant time during static virtual ground model development. To
further enhance the accuracy, we have also developed SVM models for capacitance
estimation at virtual ground node due to CMOS gates under consideration and footer

transistor.

Static virtual ground model, leakage models and capacitance models have been jointly
used in proposed piecewise simulation based models for dynamic virtual ground volt-
age estimation. Proposed methodology has resulted in significantly less error than
reported by earlier approaches, Though it is faster than SPICE, but slower than

analytical approaches in previous work.

We hope and believe that SVM models can successfully be used in CAD tools for
future technologies to accurately model the non-linear effect on different performance

parameters of large digital circuits, especially full-chips and SOCs.

Future Work

Since, proposed SVM models can only handle complex CMOS gates consisting parallel
or series of parallel transistors. It will be interesting to extend/modify the proposed
models for CMOS gates without any restriction on the structure. SVM models accu-
rately capture the non-linear effects but are always slower than the analytical models.
Thus, it is highly desirable to increase the simulation speed. In future, methodologies
will be required to reduce the runtime of SVM models. Finding out new kernels for
accurate and faster SVM models is also a good area of future research. New efficient
sampling based full-chip leakage estimation methodologies could be developed, which

can use proposed reduced set of models for a given technology and standard cell li-
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brary. Proposed virtual ground models can be used in exploring trade-off analysis
among performance parameters of power gated circuits such as leakage saving, delay

overhead, mode transition energy dissipation, reliability effects.
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