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Abstract
We propose a logic gate leakage model based on transistor stacks, which includes local transistor level process variation
parameters along with global process variation parameters and supply and temperature. The stack models include both subthreshold
as well as gate leakage and consider the input vector state. We examine cells from an industrial standard cell library and find that
most cells can be modeled with simple stacks, which have a linear chain of transistors. However some gates like XOR, Majority
or Muxes need complex stacks and we show how these can be modeled. Our experiments show that only 18 different stack models
are needed to predict the leakage of all gates in this industrial library. Re-use of the same models for pass transistor logic circuits
and multi-finger transistors is also demonstrated. We explicitly include voltage and temperature into the models to support joint
estimation of power supply IR drops and leakage currents, as well as enable analysis for dynamic voltage scaling applications.
We use artificial neural networks to create unified models which include global and local process variations, supply voltage in
the range of VDD /2 - VDD and temperature in the range 0 − 1000 C. These models are very useful for performing statistical
leakage analysis of large circuits. Results from the ISCAS’85 benchmark circuits show that neural network based stack models
can predict the PDF of leakage current of large circuits across supply voltage and temperature accurately with the average error
in mean being less than 2% and that in standard deviation being less than 7% when compared to SPICE.
Index Terms
Leakage, Model, Statistical, Neural, Training, Stack
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Voltage and Temperature Scalable Logic Cell Leakage Models Considering Local
Variations Based On Transistor Stacks

I. I NTRODUCTION

L

EAKAGE power is approximately 50% of the total active power in the 90nm technology node [1] and is expected to remain a significant fraction of the total active

power in scaled technologies [2]. Hence it important to accurately estimate the total leakage
current of a digital circuit, not only to estimate the chip’s power, but also to properly design
the power grid of the chip in order to ensure that the performance targets are met [3]. Hence
it has become imperative to accurately model leakage currents for digital circuits.
Leakage currents depend exponentially on certain process and environment parameters,
like effective gate length, Le , oxide thickness, Tox , threshold voltage VT H and supply and
temperature. Hence even small variations in these show up as a large variation in the leakage
current, with Borkar et.al. in [4] reporting up to 20× variations in the leakage of manufactured chips.
Process parameter variations consist of both die-to-die and within-die variations. Die-todie (or inter-die or global) variations affect all transistors within a die in the same way and
are modeled as a single random variable which takes on the same value for each gate in the
chip. Within-die (or intra-die or local) variations affect different gates within the same chip
differently. These can have two components: a spatially correlated component and a random
component. For spatially correlated variations, gates within a small region get affected identically. This effect is modeled by breaking the die into many regions, with one random variable
per region [5]. The random variable takes on the same value for all the gates within the region.
Random local variations affect each gate independently. In fact their origin can be traced to
random fluctuations within each transistor’s gate length (LER), oxide thickness (OTV) and
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threshold voltage due to random dopant fluctuations (RDF) [6], [7]. Atomistic simulations
in [7] show that these fluctuations become quite significant in technologies below 35nm, with
standard deviation of threshold voltage reaching 100mV for a nominally sized transistor in
a 9nm process node. Hence an accurate analysis in 45nm and lower process nodes needs
to incorporate the effect of these random local variations. Recent work [8], [9] has shown
that lithography inaccuracies result in random non rectangular gate(NRG) structures which
introduce further variations in the threshold voltage of the transistors. They also suggest
efficient techniques to model the effects of these atomistic variations in circuit simulators
like SPICE.
Existing leakage analysis frameworks use a simple model for a logic gates leakage consisting of an exponential of a linear or quadratic polynomial in the parameters (length, oxide
thickness, threshold voltage) [5], [10], [11]. However, these models use a single random
variable per gate to model the impact of local variations, ignoring the fact that random local
variations due to LER, OTV and RDF are a transistor level phenomenon and need to be
considered per transistor within the gate. Lumping local variations at the gate level works
well for spatially correlated local variations, but leads to significant errors in the presence
large random local variations. Hence we examine the inclusion of these per-transistor local
variation parameters in the gate level leakage models. The main challenge is to handle the
large number of parameters to model the leakage of a gate.
Leakage estimation considering power supply and temperature variations requires leakage
models to include supply and temperature [12]. Existing leakage models explicitly model the
dependence of leakage on either the process (global and spatially correlated local parameters)
or the supply and temperature for a given set of process parameters. We propose a leakage
model based on artificial neural networks (ANN) to capture the dependence of leakage on
global, spatially correlated local, and random per-transistor process parameters like Le , VT H
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and TOX as well as explicitly include the supply voltage and temperature. This will enable
voltage and temperature aware statistical leakage analysis. ANNs ability to model large
amounts of non-linearity enables one to use these models in process nodes less than 65nm
where the random local variability is expected to increase significantly [7]. ANNs can also
handle large ranges in supply and temperature which enables analysis of chips that implement
dynamic voltage scaling(DVS).
Accurate treatment of input vector dependence requires a separate model per input vector
of the gate. However as proposed in [5], we only need to model transistor stacks which can
then be reused across many gates. We extend the work of [5] by covering a larger variety of
logic gate structures which exist in a standard cell library like pass-gate based cells, multifinger transistors etc. and show how stack based models suffice to model the entire library.
We further show how transistor gate tunneling leakage currents can also be included in these
stack models.
The large number of parameters introduced due to the consideration of random local variations at a per-transistor level, can be mitigated somewhat by including the parameters of only
the OFF transistors of a stack along the lines of [13]. However we improve upon the accuracy
of their approach by incorporating the transistor variation parameters of even weakly inverted
transistors, which were considered as ON and ignored in [13]. We validate our models with
SPICE and demonstrate a few applications of voltage and temperature scalable statistical
leakage analysis on some benchmark ISCAS’85 circuits.
The rest of the paper is organized as follows: Section II reviews the existing leakage
models. Section III describes how modeling leakage through stacks can be used for leakage
characterization of different kinds of gates. Following that we explain how leakage through
different gates is obtained with these stacks. We then present, in section IV, a neural network
based leakage current model for stacks followed by various gate level results obtained when
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we tested these stack models on different gates comparing them with accurate SPICE simulations across a range of voltage, temperature and technology nodes. We then demonstrate
the accuracy of our model, in section VI at a circuit level by using it to predict the mean
and standard deviation of leakage of the ISCAS’85 benchmark circuits and comparing with
SPICE and conclude in section VII.
II. L EAKAGE

MODELS

- R EVIEW

v
) of a logic gate for an input vector v can be formally expressed as:
The leakage(ILEAK
v
ILEAK

=

X

v

Isv efs (∆P

G

,∆P L ,VDD ,T )

(1)

s∈LeakageComponents

Here Leakage Components refer to the sub-threshold, gate tunneling and diode components
of leakage [14]. Isv are the nominal leakages for each component. ∆P G are the deviations in
G
G
the global parameters which are usually {LG
E , VT H , TOX }, i.e. a global deviation in channel

length, threshold voltage and oxide thickness, which is the same for all the transistors in all
the gates. ∆P L captures the deviations due to local fluctuations and consists of the set of
t
channel length, threshold voltage and oxide thickness, {LtE , VTt H , TOX
}, with one per gate.

VDD and T are the local supply and temperature of the logic gate and are usually not explicitly
included in the model.
The authors in [5], [10], [11], [15], [16] propose exponential polynomial models for the
subthreshold leakage which includes the effect of local variations at the logic gate level. For
example Rao et. al. in [15] express leakage of a gate as

−

ISU B = ISU B,N OM e

Lg +c2 L2
g +c3 Vg
c1

−

e

Ll +λ2 L2
l +λ3 Vl
λ1

(2)

Here, (Lg , Vg ) are zero mean random variables representing the global offset in length and
threshold voltage and (Ll , Vl ) represent the random local offsets at the gate level. While the
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Fig. 1. Comparison of existing(gate level local variation models) and exact transistor level local variation model for a NAND4 gate. Existing local variations
over estimate mean leakage for transistor stacks with the error increasing with increased local variations

model is satisfactory for handling global variations, the gate level local offset variables need
to capture the effects of random local variations of every transistor within the logic gate,
clearly leading to a loss in fidelity.
Consider a NAND4 gate with its input set to 0. We did two different SPICE simulations:One with gate level local variation model(GLV) and the other with transistor level local
variation model(TLV). On the lines of [7] we lumped the impact of LER, OTV and RDF
into the VT H parameter and varied ( 3σ
µ ) of local variations from 5% to 20% and measured
the mean leakage in each case. Shown in Fig 1 is the mean leakage obtained from the two
methods. As can be seen from the graph the GLV model used in all existing leakage SLA
frameworks is pretty accurate as long as the

3σ
µ

of local variations is less than 10%. However,

mean leakage error increases as local variations increase which will be the case with future
technologies. Extrapolating from Fig 1 we see that the mean leakage can be over estimated
by as much as 30-40% by the GLV model as compared to the actual TLV model. An intuitive
explanation for why the GLV model fails for increased local variations is as follows. On a
transistor stack, the weakest transistor determines the leakage. Hence, leakage through the
stack can increase only if the threshold voltage of all transistors on the stack decrease. Due to
the correlation assumption, the GLV model allows this with high probability while in reality
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it occurs with very low probability(since the probabilities multiply). The error introduced by
the GLV model decreases with the number of transistors on the stack and is identical to the
TLV model for an inverter since there is only one transistor on the stack.
Recently Gu et. al. in [17] have derived an expression for the effective threshold voltage
of parallel stack of transistors considering the effect of RDF. They consider the case of
“wide”transistors implemented as multiple fingers and derive accurate expressions for the
PDF of the leakage with variations introduced by RDF. While this model works for a parallel
stack, extending this to a series stack is not straight forward due to complicated nature of
the stacking effect [13]. In this paper we over come this problem by explicitly modeling the
dependence of leakage of a stack on the process parameters of each transistor. The exact
technique of modeling will be explained in section IV.
Su et. al. in [12] propose iterative techniques to solve for leakage currents in the presence of
IR drops. A similar iterative procedure is followed for the temperature profile as well. Such
a solution requires temperature and voltage to be explicitly included in the leakage model.
The authors propose the model in Equation 3 for small deviations in voltage and temperature
from the nominal. Since the leakage depends exponentially on the voltage and temperature,
this equation will be valid for only very small deviations in either of them. We explore the
feasibility of handling much larger ranges, simultaneously including global and random local
process parameters, to support DVS applications.

XX
ILEAK (∆V, ∆T )
=1+
ai,j ∆T i∆V j
ILEAK (0, 0)
i=1 j=1
2

2

(3)

As shown in Table I, the leakage current of a logic gate can change by an order of magnitude
depending upon the input vector. Hence separate models are required for different input
vectors. However by modeling leakage currents through transistor stacks [13], [18], the
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TABLE I
NAND4 L EAKAGE

Input
0000
0010
0100
1000
0110
1010
1100
1110

ISUB (pA)
88.0
124.1
124.0
124.0
210.4
210.3
210.3
719.5

Input
0001
0011
0101
1001
0111
1011
1101
1111

ISUB (pA)
123.3
204.2
205.2
205.1
591.6
602.4
621.5
519.7

number of required models can be reduced drastically, by reusing the same models across
different gates by appropriate scaling [5].
However, there are no details presented in [5] on the impact of DIBL and the VT H drop
across the top most NMOS transistor on the stack, as well as how to handle pass-gate
structures and multi-finger transistors.
Consideration of per transistor local parameter variation in the model will increase the
model complexity, which can be mitigated by only considering OFF transistors in a stack
as in [13]. Here they propose an analytical expression for subthreshold leakage through
transistor stacks for the case without process variations. They reduce the model complexity
by only considering the OFF transistors in the stack. They consider a transistor to be OFF,
only if its gate input is 0 (for NMOS and VDD for PMOS). However even an NMOS trying to
pass a logic high(VDD ) with its gate connected to VDD is weakly inverted and hence OFF if
its source rises to VDD − VT H Thus even such transistor’s local process parameter variations
needs to be explicitly considered in the model. In this paper, we adopt the approach of [13]
to model only OFF transistors in the series stack, but expand the model to consider global
and local parameter variations of each OFF transistor in the stack, including even the weakly
inverted ones.
Transistor gate tunneling leakage, though a smaller component, can also be modeled by
considering the stacking effect [18]. The technique proposed by Yang et. al. in [18] models
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gate tunneling leakage through an isolated transistor in different configurations and express
the gate tunneling leakage of a stack in terms of these elementary models. To account for
stacking effect they make an approximate estimate of the intermediate node voltages and
scale the gate tunneling leakage of each transistor accordingly. We adopt a similar approach
in our model, by incorporating the gate tunneling leakage of the stacks chosen for subthreshold leakage modeling. We however avoid making approximate estimates of intermediate gate
voltages, thus enabling us to model the gate tunneling leakage more accurately. We believe
our method is also easily extensible to include the much smaller diode leakages, though we
do not consider it in this paper.
III. L EAKAGE MODELING

BASED ON TRANSISTOR STACKS

We model the sub-threshold leakage through the transistor stack as in Equation 1, where the
G
G
process parameters of only the OFF transistors are considered. For these, ∆P G = {LG
E , VT H , TOX },

i.e. a global (and spatially correlated local) deviation in channel length, threshold voltage
and oxide thickness, which is the same for all the transistors in the stack. ∆P L captures the
deviations due to local fluctuations and consists of the set of channel length, threshold voltage
t
and oxide thickness, {LtE , VTt H , TOX
}, one per each OFF transistor t in the stack. We also

explicitly include supply voltage and temperature in the stack’s model. We call a transistor,
a statistical transistor if its local parameters have a large influence on the leakage current of
the gate. A statistical transistor is necessarily in the OFF state, but not all OFF transistors are
statistical. For example an OFF transistor in parallel with an ON transistor will not contribute
much to fluctuations in leakage current of the gate. Any transistor which is not a statistical
transistor is labeled as a static transistor. Thus a leakage model needs to only consider the
local parameters of all the statistical transistors.
However, unlike sub-threshold leakage, gate leakage happens through any transistor which

10

has a large potential difference between the gate and the other nodes. Thus even ON transistors need to be considered for gate leakage. Hence we extend the model of a transistor stack
to also include the gate leakage in each stack.
A simple stack consists of a linear chain of transistors. However in a standard cell library,
the OFF state leakage current can go through complex stacks, where there could be multiple
parallel OFF transistors embedded within an otherwise simple linear sequence of transistors.
We investigate the use of stack models for four major classes of standard cells namely,
•

Simple stacks for CMOS gates like NAND-NOR

•

Complex stacks in CMOS gates like Majority gates

•

Complex stack for Pass transistor based gates like multiplexers, flops etc

•

Complex stacks for Multi finger transistor based standard cells

We will first explain the concepts for simple stacks using a 4-input NAND gate as an
example. We will then address complex stacks for gates like Majority gates as well as pass
transistor logic. We will defer the discussion on multi-finger transistors to the appendix.
A. Simple Stacks - Sub threshold leakage

Consider a four input NAND gate shown in Fig 2. We will examine how its leakage can
be predicted with elementary stacks across all input vectors by examining the effect of each
vector in detail.
1) Input vector(0000):

In this state all four NMOS transistors are turned OFF while all four

PMOS transistors are turned ON and are as good as short circuits [13]. Thus to predict 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 we will refer to as n4/0. The “0”in
the model name refers to the input vector applied to the stack. In our notation, the transistor
closest to the output is the LSB(least significant bit) and the one closest to VDD /gnd is the
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MSB.
2) Input vectors (1000 / 0100 / 0010):

Here the top most transistor, N 4, has its gate connected to gnd

and the one of the other 3 NMOS transistors have their gates connected to VDD . At least one
PMOS transistor is completely turned on in all three cases and hence forces the other three
parallel PMOS transistors to behave as static transistors. Similarly the one NMOS transistor
that has its gate connected to VDD behaves as a short circuit and can be treated as a static
transistor. Thus to predict the leakage for this set of input combinations we need to model a 3
transistor NMOS stack with all inputs grounded i.e. we need to model an n3/0. 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 have to scale the currents
by an appropriate factor to account for this width difference. The scaling factor cannot be
(4/3) since the effective widths are lesser than the actual widths. The question is how to we
accurately obtain the scaling factor? If the effective width of a transistor on a four transistor
stack is

(4)
Wef f

and that on a three transistor stack is

(3)
Wef f

(4)

the scaling factor is

Wef f
(3)

Wef f

. It is well

known that the leakage of a transistor is directly proportional to its effective width. With
(4)

nominal process settings if the leakage of a four transistor stack is Inom and that of a three
transistor stack in

(3)
Inom

(4)

then the scaling factor(

Wef f
(3)
Wef f

) equals

(4)

Inom
(3) .
Inom

Note that the same n3/0 model will be used to predict the leakage of a NAND3 gate with
input 000 as well with the difference being in the scaling factor which is unity.
3) Input vector (0001):

Here again all PMOS transistors can be treated as static transistors. With

the gate of the top most transistor N 4 connected to VDD , it is trying to pass VDD and it
will turn off as soon as its source charges up to VDD − VT H . We are thus left with a case
where the bottom three transistors are turned off as their gates are grounded and the top most
transistor is turned off even though its gate is connected to VDD . Hence we need to model a
four transistor NMOS stack with the gate of the top most transistor connected to VDD which
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Fig. 2.

Four input NAND gate

we will call n4/1.
4) Input vectors (1100 / 1010 / 0110):

As in [13] the two transistors with their gates connected to VDD

can be treated as short circuits and hence as static transistors which reduces the NMOS stack
to a 2 transistor stack n2/0. Accounting for the difference in the widths of the 2 transistor
NMOS stack and the NAND4 gate we can scale the currents predicted the n2/0 model to
predict the NAND4 leakage for these input vector combinations. Here again note that the
same n2/0 model will be used to predict the leakage for the NAND3 gate with input 100 and
NAND2 gate with input 00.
5) Input vectors (1001 / 0101 / 0011):

Just as in the 0001 case we observe that the top most transistor

is turned off even though its gate is connected to VDD . Hence we have to have a model n3/1
with appropriate scaling to predict the leakage for this combination.
6) Input vectors (0111 / 1011 / 1101):

The leakage current is dominated by a single transistor whose

gate is connected to ground. We would expect the model n2/1 to predict the leakage for
these input combinations. But unfortunately the DIBL effect on 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 n2/1 model. As can be seen from Fig 2, transistor N1 dominates the
leakage in the 0111 case. Let the drain source voltage across it be VDS1 . In the 1011 case N2
dominates the leakage, let the drain source voltage across N2 be VDS2 . Similarly the leakage
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in the 1101 case is dominated by N3 and let the drain source voltage across N3 be VDS3 . In
the 0111 case all four transistors are OFF and the VDD drop is across all four transistors. In
the 1011 case the bottom transistor, N1, is ON and is essentially a short circuit and hence the

VDD drop is across three transistors (N2, N3 and N4), similarly, in the 1101 case the VDD
drop is across N3 and N4 alone. Hence VDS1 < VDS2 < VDS3 , which implies that the effect
of DIBL increases as the OFF transistor moves up the stack i.e. I0111 < I1011 < I1101 as
can be seen from Table I. We, therefore, need a separate model for each of these three input
vectors.
7) Input vectors (1110 / 1111):

With the input set to 1110 the bottom three transistors(N1, N2 and

N3) can be considered as short circuits and hence the leakage will be predicted by an n1/0
model with appropriate scaling. Note that the voltage drop across N1 - N3 can be pretty
significant and can introduce some error but this is not too much of a problem and will be
dealt with in greater detail in the results section. With the input set to 1111, N1-N4 are all
turned ON and are static transistors. Hence the leakage is determined by the parallel PMOS
stack which can be predicted with a p1/1 model.
B. Simple Stacks - Gate Leakage

As explained above we have identified a set of stacks needed for accurate sub-threshold
leakage modeling and we now examine how these stacks can be made use of for accurate gate
leakage estimation. The crucial difference between sub-threshold leakage and gate leakage
is that for the former the ON transistors don’t leak any extra current as they are in series with
the other OFF transistors in the stack while for the latter ON transistors are in parallel and
hence their gate leakage also have to be considered. Thus we can express the gate leakage
through any logic gate as the sum of the gate leakages through the stacks needed for subthreshold leakage estimation and the gate leakages through other ON transistors. However
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an ON transistor can have different source/drain node potentials depending on is location
within the stack and hence may have significantly different gate leakages depending on its
position in the stack. We will examine a few input vector combinations of the NAND4 gate
to explain this.
1) Input vector(0000/0001):

The sub-threshold stacks are n4/0 and n4/1 respectively. While gen-

erating the leakage numbers for the sub-threshold leakage current, we can also generate the
gate leakage numbers for these stacks. However we need to account for the additional gate
leakage of the PMOS transistors which are completely turned ON (Fig 3(D)). In the 0000
case we have all four PMOS transistors contributing to the gate leakage while in the 0001
case only three PMOS transistors contribute to the gate leakage.
2) Input vector(1000/ 0100/ 0010):

The sub-threshold stack is n3/0. Thus the total gate leakage is

the sum of three components
•

The leakage of the the n3/0 stack, scaled by the ratio of effective widths

•

The gate leakage of the 3 PMOS transistors which are completely turned ON

•

The gate leakage of the NMOS transistors which is completely turned ON.

In the 1000 case, N1 is completely turned ON and the voltage at its drain and source is very
nearly 0. Also the width of N1 is four times that of the unit width transistor thus the gate
leakage of N1 is obtained by scaling the gate leakage of the unit transistor in Fig 3(B) by the
ratio of effective widths. In the 0100 case the first two components of gate leakage are the
same as the 1000 case. However, in the 0100 case, the NMOS transistor that is turned ON is
N2 and its drain/source potential is greater than 0. Apart from scaling the leakage of the unit
transistor in Fig 3(B) by the ratio of effective widths we also have to scale it so as to account
for the difference in the drain/source voltage also.
Yang et. al. in [18] make approximate estimates of these node voltages and use the sensitivities to the drain/source potential to obtain the leakage current accordingly. They make
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such estimates for each transistor on the stack. Though we could have used a similar method
to estimate the leakages of the remaining ON transistors, we use a simple linear scaling
factor to account for the difference in drain/ source potential. The scaling factor is a function
of the intermediate node voltage which will vary with process parameters. However, we
found this ignoring the variation in the scaling factor gives acceptable results. The reason
is the following. Our method partitions the leakage into two components namely the gate
leakage component through the stack and the gate leakage component through the other ON
transistors. The leakage through the stack is modeled as a whole where the stacking effect
is implicitly taken care off and the approximation needs to be made only for the remaining
ON transistors whose drain/source is at non zero potential. For a NAND4 gate shown in
Fig 2 only eight of the sixteen input combinations result in ON transistors on the stack with
non zero drain/source potential. Even among these eight cases, only the gate leakages of N2
and/or N3 need to be approximated (since N4 always part of a stack model and N1 is either
off when its part of a stack model or its ON with its drain/source at ground potential). Thus
with the gate leakage of the other six transistors estimated accurately, the error introduced by
two transistors alone don’t show up significantly. This is evident from the results presented in
section V. This is an improvement over the technique proposed by Yang et. al. in [18] since
we err in estimating the leakage of fewer transistors on the stack.
Thus gate leakage of all CMOS gates can be predicted accurately with elementary stack
models and four other gate leakage models shown in Fig 3.
From the above discussion gate leakage estimation can be summarized as
•

Identify the sub-threshold stack and estimate the gate leakage for that stack

•

Other transistors in the in the logic gate that have significant gate leakage have to be one
of the four configurations in Fig 3.

•

Scale the gate leakage of other transistors by the necessary scaling factor to account for
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Fig. 3.

Different configurations for gate leakage

the width difference and the drain potential difference.
C. Simple Stacks in a Standard Cell Library

From the above discussions it is clear that we need to identify the suitable sub-threshold
leakage stack for a gate for a given input vector. The gate leakage model for such a stack can
then be easily obtained as explained above and added to the sub-threshold leakage model.
We can formulate the following rules to identify the right stack
•

An NMOS/PMOS transistor trying to pass a logic 0/1 is completely turned on and hence
can be treated as a short circuit [13]

•

An NMOS/PMOS transistor trying to pass a logic 1/0 turns off as soon as its source
potential increases to (VDD − VT H )/(VT H ) and hence is turned off even though its gate
is connected to (VDD /GN D)

•

In an N transistor NMOS/PMOS stack, when there is exactly ONE NMOS/PMOS transistor whose gate is connected to GN D/VDD i.e. the gates of other N − 1 transistors are
connected to VDD /GN D, the leakage will increase significantly as this transistor moves
towards the output due to DIBL [19].

•

When the leakage through a logic gate is predicted using a stack, the leakage obtained
from the stack model has to be scaled by the ratio of effective widths of the transistors in
the gate and those on the stack

•

Leakage due to parallel stacks simply add up
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Using the above mentioned stack rules we built models for the 18 commonly found stacks
listed in the first column of Table II. These stack models are the most basic stacks and are
widely used. We assume that the standard cell library does not have gates with stack size
greater than 4 as the increased logical effort will affect the delay of the circuit.
The naming convention for the commonly used stacks are as follows.
All model names in Table II are of the form, {Stack type}{Stack size}/{Input to the stack}
•

Stack type indicates if it is an NMOS stack or a PMOS stack - n for NMOS and p for
PMOS

•

Stack size is the number of transistors on the stack

•

Input is the decimal value of the input vector being applied to the stack with the LSB of
the input vector applied to the transistor closest to the output

Here the widths of the transistors on the stack are the unit inverters transistor widths which
is then scaled by the stack size
Simple stacks are not sufficient to model all the gates in the library. We will next consider
modeling of complex stacks.
D. Complex stacks - Majority Gate

Consider an example of a three input majority gate shown in Fig 4. As will be explained
below, apart from the stacks listed in Table II, we need to model four more stack configurations to handle such gates. The leakage of the majority gate in Fig 4 is determined by three
different stacks, whose currents we denote as I1 , I2 , I3 , and the total leakage is given by the
sum of these three currents. Let us examine the input vectors that result in the use of these
different stacks.
1) Input vectors (000/111):

When the input is 000/111 PMOS/NMOS transistors {P1-P5}/{N1-

N5} are completely turned on. N6/P6 is also turned on as the output of the majority gate is
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Fig. 4.

Three input majority gate

0/1. I2 is determined by the leakage through the stack {N4,N5}/{P4,P5} and can be estimated
using the {n2/0}/{p2/3} model. Similarly I3 can be estimated using the {p1/1}/{n1/0}
model. I1 is primarily determined by the stack {N1, N2, N3}/{P1,P2,P3}. The stack formed
by {N1 N2 N3}/{P1, P2, P3} cannot be approximated by any of the stack models listed in
Table II because of the parallel combination of N1/P1 and N3/P3 in series with N2/P2. Thus
we need two more models.
2) Input vectors (001/110):

The only difference between the previous input vector case and this

case is that the input to C is 1/0. Thus I2 and I3 are identical to the previous case. I1 is now
determined by the stack {N1 N2 and N3}/{P1, P2, P3} with the input to N2/P2 being 1/0.
As mentioned earlier, N2/P2 cannot be treated as short circuits as NMOS/PMOS transistors
cannot pass 1/0 fully. This again requires two more stack models to model these two states.
3) Other Input vectors:

Any of the other four input vectors will result in a set of stacks listed in

Table II. Similar to the explanation given earlier for the NAND4 gate we can deduce which
of the models in Table II are needed for each input vector.
The above example illustrates two facts
•

The stacks that need to be modeled are library dependent

•

When a new CMOS gate is added in the library, even if the present set of stacks is not
sufficient to capture the leakage across all inputs, we can identify the new stack pattern
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TABLE II
L IST OF THE COMMON STACK MODELS USED ACROSS ALL GATES WITH N EURAL N ETWORK T RAINING D ETAILS . N UMBER OF LOCAL
PARAMETERS (NL), NUMBER OF GLOBAL PARAMETERS (NG), NUMBER OF INPUTS (NI ), NUMBER OF HIDDEN NODES (NH ), NUMBER OF COEFFICIENTS
Output
Input
IN THE INPUT LAYER (NCoef f ), NUMBER OF COEFFICIENTS IN THE OUTPUT LAYER (NCoef f ). T HESE DETAILS ARE COMMON TO THE 130 NM AND
45 NM SUB - THRESHOLD LEAKAGE AND GATE LEAKAGE MODEL
Model

Size

Type

Input

NL

NG

NI

NH

Input
NCoef
f

Output
NCoef
f

n1/0
n2/0
n2/1
n3/0
n3/1
n3/3
n4/0
n4/1
n4/7
p1/1
p2/3
p2/2
p3/7
p3/6
p3/4
p4/15
p4/14
p4/8

1
2
2
3
3
3
4
4
4
1
2
2
3
3
3
4
4
4

NMOS
NMOS
NMOS
NMOS
NMOS
NMOS
NMOS
NMOS
NMOS
PMOS
PMOS
PMOS
PMOS
PMOS
PMOS
PMOS
PMOS
PMOS

0
00
01
000
001
011
0000
0001
0111
1
11
10
111
110
100
1111
1110
1000

3
6
6
9
9
9
12
12
12
3
6
6
9
9
9
12
12
12

3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
3

8
11
11
14
14
14
17
17
17
8
11
11
14
14
14
17
17
17

9
13
13
17
17
17
21
21
21
9
13
13
17
17
17
21
21
21

81
156
156
255
255
255
378
378
378
81
156
156
255
255
255
378
378
378

10
14
14
18
18
18
22
22
22
10
14
14
18
18
18
22
22
22

and still model the leakage accurately while re-using the existing models for most of the
other input vectors.
Similar to the majority gate, we had to model one more PMOS stack for the two input XOR
gate(implemented as a CMOS circuit) to accurately predict the leakage when the input vector
is 0. For the inverters, 2-4 input NAND/NOR and AND/OR gates we could use the stacks
models listed in Table II to predict the leakage across all their input states.
E. Complex Stacks for Pass transistor logic - Multiplexer

All multiplexers and flip flops are implemented with pass transistors. We look at the example of a two to one multiplexer(two inputs and one select input) and investigate the subthreshold leakage paths from VDD to gnd for each of the eight input vectors(two inputs and
one select line). The schematic of a 2:1 mux is shown in Fig 5. As we can see the output is the
same as the input(A) when the select line(S) is 0 and the output is B when the select line is 1.
We observe from Fig 5 that the voltage at the intermediate node Yb is well defined at all times
since either of the pass transistors is turned ON. Thus for any given input vector combination,
only one of the pass transistors can leak current if the potential difference across that pass
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Fig. 5.

Two to one multiplexer

Fig. 6.

Two to one multiplexer with S=0, A=0, B=1. Circled transistors are completely turned ON. Select line inverter is not shown

transistor is VDD . This point will be made clear by looking at some examples in greater detail.
Also note that the leakage through the inverters can be estimated with the n1/0 model or the

p1/1 model depending on whether the input to it is 0 or 1 respectively.
1) S=0, A=0, B=0:

We see that the pass gate (pass1) is turned on and is a short circuit. Ab =

Yb = VDD similarly Bb = VDD . Clearly the potential difference across the pass2 is zero
and hence there is no additional leakage through pass2. Thus the total leakage for this input
combination is just the sum of leakage currents through the four inverters which can be
predicted with the n1/0 and the p1/0 models.
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2) S=0, A=0, B=1:

Here again pass1 is turned on and is a short circuit and Ab = Yb = VDD .

However Bb is at ground potential. The potential difference across pass2 is VDD which will
result in additional sub-threshold leakage current. The question we need to answer is, which
stack model will appropriately model the leakage through the pass transistor. Shown in Fig 6
is the transistor equivalent of the multiplexer with the inputs S=0, A=0 and B=1. The inverter
for the select line is not shown for brevity but the leakage through this inverter is independent
of the other circuitry. For this input combination, the transistors that are turned on completely,
and hence are as good as short circuits, are circled in Fig 6. Note that the leakage current
that flows through the pass transistor, pass2, has to originate at VDD , flow through P1 then
through pass1 followed by pass2 then through N2 and finally to ground. Note that at the node

Yb we assume that the current coming from pass1 does not flow into the gates of transistors
P3 and N3 but instead flows through pass2 completely. This is a valid assumption as subthreshold leakage current is the sum of sub-threshold leakages of isolated NMOS and PMOS
transistors which is much greater than the gate leakage. With this explanation we can easily
see that there are four leakage paths from VDD to ground for the circuit shown in Fig 6.
•

Through N1 of the inverter for the input A

•

Through P2 of the inverter for the input B

•

Through P3 of the inverter at the output

•

Through the pass transistor pass2

The leakage of the mux will also include the leakage through the select line inverter which is
not shown in the figure. The leakage through the pass transistor can be further broken down
into a parallel NMOS transistor leakage and a PMOS transistor leakage. Thus we see that
even though we have to consider the leakage through the pass transistor we did not have to
model a new stack. Thus the elementary stack models are re-used even in such pass transistor
based logic gates. The above discussion can be summarized as follows
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1) The voltage levels at both ends of a pass transistor in gate are either at VDD or ground.
This implies that both nodes of a pass transistor have low resistance paths to VDD or
ground.
2) Sub-threshold leakage current can flow through a pass transistor only if one end is at

VDD and the other is at ground
Similar explanations can be offered for other input vector combinations as well.
Among the different types of gates, we have analyzed all but one namely the multi finger
transistor gates. Analyzing multi finger gates requires some empirical results and hence will
be discussed in the appendix. We now look at how leakage of a logic gate can be derived in
terms of the leakage through the elementary stacks.
F. Deriving leakage of a logic gate from stack leakage

All static CMOS gates can be broken down into elementary stacks and hence characterization of all gates in the standard cell library will only involve mapping of their different
leakage states to the corresponding stacks that cause the leakage. Thus, the leakage currents
predicted by the elementary stack models are analogous to basis vectors in linear algebra. By
scanning the entire library and modeling the different stacks that appear in it, leakage current
through any gate, for a given input vector can then be written as linear weighted sum of the
currents through these stacks. If M is the total number of unique stack models present in the
library, SjSU B and SjGAT E are the sub-threshold and gate leakages through the j th stack, the
leakage through the ith gate in a circuit for a given input vector v can be written as

Xiv

M
X
v SU B
=
(αij
Sj
+ βijv SjGAT E )

(4)

j=1
v
Where αij
is the sub-threshold leakage scaling factor due to difference in effective widths
v
between the stack used in the gate and the stack model. αij
= 0 if the j th stack does not
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appear for that gate for the input vector v . Similarly βijv is the scaling factor for the gate
leakage.
In certain applications the primary input is known a priori. For example, in the idle state,
a combinational circuit is set to a particular input state which results in least leakage. Equation 4 can be used in such cases. However, in many other applications, the input is not known
and the state of the input becomes probabilistic [21]. In such cases, Eqn 4 needs to be
modified to accommodate the probability of an input vector occurring. This can be easily
done in our formulation. Let the probability of occurrence of the input v for the ith gate be

pvi . The average leakage of the ith gate can be written as [21]
X

pvi Xiv

(5)

avg SU B
αij
Sj
+ βijavg SjGAT E

(6)

Xi =

∀v

Substituting Eqn. 4 we get

Xi =
avg
Where, αij
=

P

∀v

M
X
j=1

v
pvi αij
, is the average scaling across all input vectors for sub-threshold

leakage and βijavg is the average scaling for the gate leakage . Thus, this formulation can be
modified very easily for such applications as well.
In the next section we investigate the feasibility of using neural networks to model the
leakage through these stacks. The details have been explained with sub-threshold leakage as
example. The same explanations hold for gate leakage as well.
IV. L EAKAGE

MODELING

- N EURAL N ETWORKS

Existing leakage models [10], [11], [15], [22] capture the effect of process on leakage
for a given supply voltage (V ) and temperature (T ). These fit the log of the leakage to a
polynomial - usually a quadratic [10]. However such an approach doesn’t work very well
when all the cross terms between the process parameters are considered. Incorporating (V )
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and (T ) into the model to support large ranges in these, further enhances the difficulty of
getting simple polynomials to work. Instead we propose to model the log of the leakage
current (fsv (∆P G , ∆P L, VDD , T )) using an artificial neural network (ANN). These are well
known to fit highly non-linear but continuous functions well [23]. For example, Beyene
in [24] used an ANN to model various characteristics of the received waveform at the end of a
lossy interconnect wire. They show that the ANN is a good choice to model the amplitude of
the received waveform, which is a highly non-linear function, and simple polynomial models
fail to accurately capture the dependence on the process parameters.
A. Structure of the ANN

The ANN generally has an input and output layer along one or more hidden layers [23]. The
number of hidden units in each hidden layer is also a design choice and we shall investigate
how we can choose these. It is well know from the theory of neural networks [23] that an
ANN with a single hidden layer can approximate any functional continuous mapping from
one finite dimensional space to another, provided the number of hidden units is sufficiently
large. The structure of a feed forward ANN with a single hidden layer is shown in Fig 7.
There are NI inputs and NH hidden units in the hidden layer. The output zj of each hidden
layer is given by

zj = φ(

NI
X

wij xi + w0j )

(7)

i=1

Where wij is the weight from the ith input to the j th hidden layer which has a bias w0j . The
function φ(.) is called the activation function. In this paper we have chosen the tanh() as the
activation function. The output y of the ANN is given by

y=

NH
X
j=1

αj zj + α0

(8)
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Fig. 7.

A feed-forward neural network with a single hidden layer

The choice of the number of hidden units in the hidden layer is not as straight forward and is
iteratively obtained in the training process.
B. Training and Testing the ANN

The weights of the ANN wij and αj of the ANN are to be learnt by providing appropriate
training samples to the ANN. It is well known that random sampling [23] of the input space
is a good technique to obtain training samples. Once the network is trained we need to
test it with samples that were not presented to the ANN while training. This is known as
generalization. The exact algorithm to train and test an ANN to model log of the leakage
through a stack is as follows(in brackets we have indicated values used in this work).
1) Generate N (1500) training samples for the P random input parameters from their distributions (Global and local process parameters) - Produces an N × P matrix, XP
2) Divide the temperature range (0 − 1000C ) and voltage range (0.6 - 1.2V) into N equally
spaced samples
3) Randomly pair the ith temperature point with j th voltage point - Produces an N × 2
matrix XVT
4) Append matrix XVT to the matrix XP column wise - Produces an N × (P + 2) matrix

X = [XP XVT ]
5) Repeat steps 1 − 4 for another M (500) testing samples
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6) Simulate the stack, to be modeled, using SPICE with the N + M (2000) samples to
SPICE
SPICE
obtain the corresponding leakage current values YN
and YM

7) Normalize the input and output according to equation XN ORM = X/[max(X) −

min(X)]
8) Initialize the Neural network
9) Train the ANN with N normalized training samples according to the back propagation
algorithm [23]
10) Feed the ANN with the M testing samples and obtain the outputs predicted by the ANN.
Produces YMAN N
11) Evaluate ∆ = Max{

AN N
SP ICE
|YM
−YM
|
}
SP
ICE
YM

12) IF ∆ > δ (0.15) Increase the number of hidden nodes by ONE and GO TO Step 8 ELSE
ANN model is trained
Steps 1 - 6 generate the necessary training and testing samples which are obtained through
SPICE simulations. As indicated we had to do 2000 SPICE simulations to successfully train
a stack. Step 1 generates all the process parameter values from their distribution. In this work
we have considered global and local variations in Le, VT H and TOX . Step 2 and 3 generate
the necessary temperature and voltage samples. Our ANN model is expected to predict the
leakage accurately at any supply voltage and any temperature in the ranges we train the
network with. For example in the 130nm technology node we considered a temperature range
of 0 − 1000C and a voltage range of 0.6V - 1.2V. With 1500 training samples, we divide
the entire temperature range in uniform steps of 0.0670C . Similarly the voltage range of
(0.6V - 1.2V) is divided in steps of 0.4mV. In step 3 we randomly pair these uniformly
generated points in order to make sure that the training set contains as many different V,T
pairs as possible. The testing set has a similar but smaller number of such points which
in our case was 500. The reason we have to consider so many points is the extreme non
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linearity introduced by temperature. Step 6 creates the training and testing output data set
through SPICE simulations. In step 7 we normalize both the input and output data set in
order to improve the training. In step 8 we train the ANN with the Levenberg Marquardt
algorithm as given in [23]. We used the Neural Network tool box provided by MATLAB for
this purpose. We only had to choose the initialization parameters and train the network. The
standard practice in Neural Networks is to train the network until the mean square error of
one epoch is below the chosen threshold [23]. We then validate the trained network with a
disjoint testing data set in step 9 and compute the maximum percentage error between the
actual SPICE value and the one predicted by our trained ANN. If the error is above the
chosen threshold, which in our case was 15%, we have to increase the number of hidden
nodes and re-train the network. However, we found that we did not have to do this retraining
even once. With this theory of stacks and neural networks we will now look at the results in
detail.
V. G ATE L EVEL R ESULTS
A. Gates with simple stacks
1) Sub-threshold leakage in 130nm:

We trained the ANN to model leakage through the simple stacks

listed in column 1 of Table II. We then used them to predict the PDF of the different gates.
Results for the basic NAND-NOR gates are listed in Table III. Each model captures the effect
of Process (global and local) in L, TOX and VT H , supply voltage (0.6 - 1.2V) and temperature
(0 − 1000C ). All process parameters were sampled from Gaussian distributions 1 with 3σ =
10% of their mean.
For each gate in col 1 of Table III we have listed the mean and standard deviation error,
compared to SPICE, for the input vector with minimum error and the one with maximum
1 Note that the ANN does not assume any particular functional form for the PDF of process parameters and hence can be used even if actual process data
from obtained from a fab is not some well known distribution. However, due to lack of actual data from the fab we have assumed independent Gaussian
distributions for all process parameters
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TABLE III

S UMMARY OF

RESULTS FOR ELEMENTARY NAND-NOR GATES

- 130 NM

M EAN E RROR (∆µ) AND S TD D EV E RROR (∆σ) BETWEEN SPICE AND OUR ANN MODEL FOR DIFFERENT GATES . V = 0.9V AND T = 500 C

Gate
nand4
nand3
nand2
nor4
nor3
nor2
inv

Input
0
14
0
6
0
2
15
1
7
1
3
1
0
1

Model
n4/0
n1/0
n3/0
n1/0
n2/0
n1/0
p4/15
p1/1
p3/7
p1/1
p2/3
p1/1
n1/0
p1/1

∆µ (%)
0.08
10.71
0.04
9.19
0.16
4.74
0.04
7.22
0.02
6.27
0.06
4.35
0.09
0.12

∆σ (%)
0.12
20.67
0.14
17.70
0.67
10.66
0.04
9.48
0.02
8.97
0.25
5.94
0.19
0.36

error. The results in Table III are for a supply voltage of 0.9V and an operating temperature
of 500 C . All SPICE simulations were done with HSPICE using an industrial 130nm model.
From Table III we see that the maximum standard deviation error across all the gates, across
all input vectors, is around 20% for the NAND4 gate with its input vector set to 14(11102).
As per our stack approximation rules the model used to predict the leakage of a NAND4
gate with an input vector 14 is the n1/0 model, which is nothing but a single NMOS OFF
transistor since the bottom three transistors are treated as short circuits. This assumption is
not completely true. The voltage drop across the three ON transistors, albeit very small, does
affect the leakage of the top most OFF transistor as its source voltage changes.
Similarly the error is maximum for the NAND3 and NAND2 gates when the n1/0 model
is used to predict their leakage. Since the number of transistors on the stack progressively
decrease from NAND4 to NAND2 the error drops from 20% for a NAND4 gate to 10% for
a NAND2 gate. Similar results are observed for NOR gates as well. However, the average
mean error and average standard deviation error, for a gate, across all input vectors, are less
than 2% and 5% respectively.
The results presented till now were compared with SPICE simulations with a 130nm industrial model file in which gate leakage is not very prominent. We now look at the performance
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TABLE IV

S UMMARY OF SUB - THRESHOLD LEAKAGE RESULTS FOR THE NAND-NOR GATES IN PTM 45 NM . VDD =0.5V, T=250 C
M EAN E RROR (∆µ) AND S TD D EV E RROR (∆σ) BETWEEN SPICE AND OUR ANN MODEL .

Gate
nand4
nand3
nand2
nor4
nor3
nor2

∆µ (%)
3.32
2.56
1.59
0.09
0.35
0.33

∆σ (%)
3.38
3.06
1.89
0.19
0.79
3.47

of the ANN model with the Predictive Technology Model files [25] in 45nm technology for
both sub-threshold leakage and gate leakage
2) Sub-threshold Leakage - 45nm PTM:

Results for sub-threshold leakage are exhaustively presented

with an industrial 130nm model. However we present a few sub-threshold leakage results on a
45nm PTM as well for the sake of completeness. We modeled the 2-4 transistor NMOS/PMOS
stacks and used them to predict the sub-threshold leakage of NAND and NOR gates. The
results are summarized in Table IV. As can be seen from the table the mean error and standard
deviation error is quite negligible even in 45 nm technology.
3) Gate Leakage - 45nm PTM:

We modeled the gate leakage of all simple stacks with the 45nm

predictive technology model and used them to predict the gate leakage of a NAND4 gate
across all input vectors and compared them with accurate SPICE simulations. The results are
summarized in Table V. As can be seen from Table V the mean and standard deviation error
increases as the NMOS transistor that is ON moves up the stack (inputs like 2, 3, 4, 5 and
6). As mentioned before this error is due to the inaccurate estimation of intermediate node
voltages. When the NMOS transistors at the bottom of the stack are turned ON(inputs like 8,
12, 14 and 15) the model predicts the leakage accurately since the intermediate node voltages
are estimated accurately. Thus the maximum error in mean and standard deviation are around
20% for the input 3 (0011) which seems quite high but the average mean error and standard
deviation error for a NAND4 gate are 2.93% and 4.41% respectively. This clearly indicates
that our model fares well across most input vectors and hence is acceptable.
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TABLE V

S UMMARY OF GATE LEAKAGE RESULTS FOR THE NAND4 GATE IN PTM 45 NM . VDD =0.5V AND T=250 C
µ, σ(SPICE MEAN AND STD DEV ) M EAN E RROR (∆µ) AND S TD D EV E RROR (∆σ) BETWEEN SPICE AND OUR ANN MODEL .

Input
0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

µ (pA)
411.09
193.95
742.46
151.96
1056.98
742.31
1247.62
107.35
1627.60
1444.82
2177.16
1326.18
2853.73
2650.38
4173.23
4937.69

∆µ (%)
0.04
0.00
4.43
20.57
6.24
0.77
5.78
0.18
1.62
0.75
2.32
1.06
1.70
0.65
0.42
0.42

σ (pA)
360.78
161.27
483.10
133.21
671.78
490.78
787.30
94.19
1282.96
1275.58
1532.46
1100.39
2009.71
1955.86
2818.82
3275.25

∆σ (%)
0.15
0.15
9.37
20.29
8.11
18.06
5.16
1.23
0.53
1.97
0.86
1.07
0.09
1.06
1.26
1.13

B. Gates with complex stacks

Optimized transistor level implementations of complex gates lead to new stack patterns. as
discussed in section III-D. There we considered two such gates, the two input XOR shown
in Fig 8 and the three input majority gate shown in Fig 4. Table VI summarizes the result for
these gates. The last column in the table indicates the number of new stack models needed to
model the leakage for that given input vector. As we can see with the addition of two different
gates (12 different leakages states) we could re-use seven of the existing stack models listed
in Table II. The stack models needed for the majority gate were explained in section III-D.
On similar lines we see that the XOR gate needs one new stack model. When the binary
input of the XOR gate is set to 11, we see that the {P2, P3, P4, P5} stack in Fig 8 determines
the leakage. Note that this configuration of PMOS transistors cannot be broken down into
two separate 2 transistor PMOS stacks since the drains of P3 and P5 are shorted. Thus by
modeling this complex PMOS stack separately we can estimate the leakage of the XOR gate
for the input 11 accurately.
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TABLE VI

S UMMARY OF

RESULTS FOR THE

XOR AND M AJORITY GATES - 130 NM

Fig. 8.

Gate

Input

∆µ (%)

∆σ (%)

←−Majority−→ ←XOR→

M EAN E RROR (∆µ) AND S TD D EV E RROR (∆σ) BETWEEN SPICE AND OUR ANN MODEL . N UMBER OF NEW STACK MODELS NEEDED (# N EW M ODELS )

0
1
2
3
0
1
2
3
4
5
6
7

3.11
1.62
1.66
0.06
0.04
0.16
2.01
3.77
3.73
2.00
0.02
0.03

5.11
3.71
3.86
0.11
0.27
0.37
4.80
5.96
8.51
3.30
0.41
0.06

# New
Models
0
0
0
1
1
1
0
0
0
0
1
1

Two input XOR gate

C. Voltage and Temperature Scalability

Results in Table III shows the performance of our ANN model across all gates and different
input vectors but at a supply of 0.9V and temperature of 500 C . The ANN model is both
voltage and temperature scalable, we show a few examples of its prediction across different
voltages and temperatures. The plot in Fig 9 shows how accurately the ANN model is able
to predict the PDF of the leakage across a range of temperatures (25 − 1000C ) for a NAND4
gate. Similarly, Fig 10 shows a voltage scalable plot for an XOR2 gate at 0.6V and 1.2V.
Both figures also show the exact PDF obtained through MC SPICE simulations which almost
exactly overlaps with the predicted PDF showing that our model performs well over a large
temperature and voltage range.
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Temperature scalable plots: PDF from our model, for NAND4 gate, follows SPICE closely across different temperatures - 130nm
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Voltage scalable plots: PDF from our model, for an XOR2 gate, follows SPICE closely across different voltages - 130nm

D. Comparison with exponential polynomial model

As a comparison with the exponential polynomial model, we first tried to model log of the
leakage with a quadratic polynomial, in the process parameters alone, for a four transistor
NMOS stack which has 3 global parameters and 3 × 4 = 12 local parameters. The model
did work well but quadratic polynomial will have total of 15 first order terms and 15 ×

8 = 120 second order terms. To fit this polynomial with 135 coefficients we require at
least 135 SPICE simulations. We actually needed 150 SPICE simulations to fit the leakage
accurately, using the least square fit algorithm, and 50 disjoint SPICE simulations to test
it. Thus if we want to use this exponential polynomial model and index it by voltage and
temperature, in voltage steps of 50mV and temperature steps of 250 C , we would need 48
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TABLE VII

S UMMARY OF RESULTS FOR A 2:1 MUX . VDD = 0.9V , T = 250 C
M EAN E RROR (∆µ) AND S TD D EV E RROR (∆σ) BETWEEN SPICE AND OUR ANN MODEL .

←S=1−→ ←S=0−→

Select

Input
0
1
2
3
0
1
2
3

µ (nA)
1.26
1.80
1.85
1.23
1.23
1.83
1.82
1.20

∆µ (%)
0.58
0.35
0.34
0.57
0.57
0.31
0.35
0.54

σ (nA)
0.61
0.77
0.83
0.56
0.59
0.82
0.86
0.59

∆σ (%)
0.57
0.51
0.43
0.49
0.61
0.30
0.89
0.42

different exponential quadratic models in a voltage range of 0.6-1.2V and 0 − 1000 C . This
requires 150 × 48 = 7200 SPICE simulations for a four transistor NMOS stack. However,
our ANN model required just 2000 SPICE simulations. Further, the natural ability of the
ANN to interpolate accurately also gives us the freedom to use it for any (V, T ).
E. Pass Transistor Logic

We used the elementary stack models in Table II to predict the PDF of the leakage of each of
the eight leakage states of the 2:1 mux. The results are summarized in Table VII. We see from
the table that the stack approximation works well across all inputs with the maximum error
in mean being less than 0.6% and that in standard deviation being 0.61%. This explanation
can be carried over to the mux based flops as well since flops are generally implemented as
multiplexers with the output fed back to one of the inputs.
F. Results from a industrial standard cell library

We examined all the cells for an industrial standard cell library in the 130nm process. We
needed to use just 18 Simple stacks listed in Table II to model the leakage of all 119 gates in
the library. The gates in the library consisted of simple NAND-NOR type gates to complex
Majority gates. All gates were implemented in the static CMOS logic and there were 53 such
gates. Other 66 gates included pass transistor logic based circuits like multiplexers, flip flops
and xor gates.
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VI. C IRCUIT L EVEL S IMULATION R ESULTS
A. Benchmark Results

Having modeled gates accurately we now see how the model performs in terms of speed
and accuracy with large circuits. We tested our models with the ISCAS’85 benchmark circuits
by comparing our results with accurate SPICE simulations. The ISCAS’85 circuits are made
from a library with the following gates:- Inverter, 2-9 input NAND, NOR, AND OR and two
input XOR gates. All circuits are available in verilog format. All gates with 5 or higher inputs
were broken down into smaller gates. We then converted the verilog code into SPICE code
with one model file per transistor in the circuit. This was done to allow simulations with both
global and local variations. As mentioned earlier we considered global and local variations
in Le, VT H and TOX , each drawn from a Gaussian distribution with their 3σ being 10% of
the mean. We simulated the circuit with 15000 Monte Carlo simulations and obtained the
actual sub-threshold leakage values from which we evaluated the actual mean and std dev.
All circuits were simulated using HSPICE with an industrial 130nm high speed model file
at a temperature of 250 C , supply voltage of 0.9V and the primary input set to 0. To obtain
the leakage of the circuit from our stack models we need the input at each gate in the circuit.
Since the ISCAS’85 circuits are available in verilog form we simulated the circuit with the
primary input set to 0 and obtained the input state of each gate in the circuit. Given the gate
and its input we know which stack model(s) to use for the gate. We then do a Monte Carlo
with our ANN model and obtain the leakage values of the circuit by adding the leakage
obtained from each gate/stack.
Table VIII summarizes the results obtained with the ISCAS’85 circuits. Note that the
number of gates reported here is after the larger gates have been broken down into smaller
gates. We see that the error in mean and standard deviation across all gates is less than 4% and
12% respectively. Also note that the number of local parameters is as high as 45000 and yet
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TABLE VIII
S UMMARY OF RESULTS FOR ISCAS85 BENCHMARK CIRCUITS - V = 0.9V, T = 250 C

AND I NPUT

= 0. H IGH INPUT GATES ARE BROKEN DOWN INTO

SMALLER GATES

Circuitb
c499
c880a
c1355
c1908
c2670
c3540
c7552

N
1780
1802
2260
3946
4990
07604
15512

NL
µSP (µA) µAN N (µA)
5340
0.295
0.302
5406
0.191
0.192
6780
0.239
0.240
11838
0.457
0.459
14970
0.640
0.656
22812
0.946
0.955
46536
2.060
2.068
Average mean error = 1.24%

∆µ(%)
2.126
0.676
0.496
0.511
2.463
1.006
0.403

σSP (µA) σAN N (µA)
0.138
0.122
0.079
0.076
0.096
0.094
0.190
0.183
0.258
0.254
0.384
0.372
0.886
0.801
Average std dev error =

∆σ(%)
11.340
3.766
2.101
3.745
1.313
2.964
9.522
6.67%

MC time(s)
145
146
161
283
384
596
1330

b N = Number of gates. N - Number of Local parameters. µ
L
SP , σSP - SPICE mean and std dev. µANN , σANN - Mean and std dev predicted
by our ANN model. MC Time - Time taken to do MC on our model

our model is very accurate. The maximum time for the MC simulation for the c7552 circuit
with our model is 1330 seconds on MATLAB while SPICE took close to 60 hours to do MC
simulations for the same number of samples. The average mean and standard deviation error
across all the ISCAS circuits considered are close to 1.3% and 6.67%.
We also used our model on the c432 circuit to compare the mean and standard deviation
of the leakage across different voltage and temperatures. Shown in Fig 11 are the mean and
standard deviation values of the leakage current obtained from SPICE and from our ANN
based stack model across three temperature points(300 C , 600C , 900 C ). The graph clearly
shows that the maximum error is at a temperature of 900 C where the mean error is less
than 5% and standard deviations error is even lesser. Note that the results in Table VIII are
reported at a supply voltage of 0.9V while the graph in Fig 11 was generated at 1.2V. These
two results together show how our model is both voltage and temperature scalable.
B. Impact Of Local Variations

In the previous section we validated our model thoroughly by comparing each result with
SPICE. In this section we will use the model directly to investigate the impact of local
variations. Modeling local variations introduces the problem of considering the effect of
many independent random variables. Doing a worst case corner analysis based on using
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Fig. 11.

Mean and Std Dev plot at a supply voltage of 1.2V and three different temperatures
TABLE IX

I MPACT OF LOCAL VARIATIONS ON

Global
0
−σ
−σ

Local
0
0
N (0, σ)

THE C 1355 CIRCUIT

Mean(nA)
197.4
342.6
380.1

extreme values for these variables will yield very pessimistic leakage current numbers which
will be statistically unlikely as these are independent variables. Table IX lists three values for
the mean of the c1355 circuit. The first one is the nominal leakage of the circuit where no
process variations are considered which happens to be 197.4 nA. the second one is where the
global process parameters are set to −σ where σ is the std dev of global/local parameters.
We chose 3σ to be equal to 10% of the mean. The mean in this case goes up drastically
to 342.6 nA. The third case where global parameters are set to −σ and local variations are
analyzed in a statistical fashion by drawing the local process parameters from independent
Gaussian distributions with standard deviation σ . The mean of 10000 such random Monte
Carlo simulations goes up by about 11% to 380.1 nA. This gives us a clear indication that
local variations introduce an error in leakage prediction if not considered statistically which
drives the need for more sophisticated statistical leakage models.
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C. Neural Network Complexity

There are two kinds of complexity associated with an ANN. One is training complexity
and the other is run time complexity. Training is a one time issue and hence has less impact.
We found that amongst all the models presented in this work, the maximum training time
was less than 70 seconds. Run time complexity details can be inferred from Table II. Table II
shows the details of the trained neural network for the common stacks. The table lists the
number of inputs(NI ) to the ANN, the number of hidden units(NH ), the number of local(NL)
and global(NG ) parameter inputs. As far as storage is concerned, the ANN is characterized
by the coefficients or the weights between the input and hidden layer and the hidden and
output layer. The last two columns give the number of coefficients that characterize the
Input
ANN. NCoef
f is the number of weight values that connect the input layer to the hidden
Output
layer. Similarly NCoef
f is the number of coefficients that connect the hidden layer to the
Input
Output
output layer. Thus the sum of these two numbers, NCoef
f + NCoef f , is the total number of

coefficients that need to be stored on disk. Apart from this the normalization coefficients also
have to be stored. There are NI input normalization coefficients and one output normalization
coefficient. When a set of input parameters(NI component vector) is presented to the ANN,
the evaluation of the leakage current through that stack happens as follows.
•

The NI component vector is normalized by dividing them with the input normalization
coefficients

•

The input to each hidden unit is evaluated using simple matrix multiplication

•

The output of each hidden unit is evaluated as tanh() of its input as per Equation( 7)

•

The output of the ANN is evaluated as a weighted sum of the output of each hidden unit
as per Equation( 8)

•

The output obtained in the previous step is multiplied by the output normalization coeffi-
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cient
•

Since we are modeling log of the leakage we have to take an exponential of the value
obtained in the previous step to get the actual leakage current

From Table II we see that the four transistor stack models have the largest number of coefficients. It has 378 coefficients at the input layer, 22 coefficients at the output layer. It also has
18 normalization coefficients. Thus for the four transistor stack models we need to store a
total of 418 floating point coefficients. The best estimate of the time complexity of the ANN
based leakage model is obtained from last column of Table VIII. It gives the time taken to
evaluate the leakage of a circuit for 15000 random input patterns to each stack model in the
circuit. We observe that the time taken to evaluate the leakage for the largest circuit, c7552,
is 1330 seconds. The c7552 circuit has 15512 gates and thus the average time to evaluate
the leakage of a gate with our model, for a given set of input parameters, is 5.73µs. All
evaluations were done on an Intel P4 dual proc machine using MATLAB.
VII. C ONCLUSION

We presented a complete PVT model for sub-threshold and gate leakage based on stacks.
We showed that modeling stacks greatly helps in reducing the number of models required to
characterize a standard cell library for statistical analysis. Once all kinds of stacks present
in the library have been modeled, characterization of a gate, across all its input vectors,
only involves mapping each leakage state to the corresponding stack models that cause the
leakage. With 18 stack models we were able to predict the leakage of gates in a commercial
standard cell library. We used Neural Networks to model the leakage through stacks as
conventional techniques failed to capture the effect of process, temperature and voltage
together. It was found that neural networks were able to model the leakage through stacks
taking into account variations in process (both global and local), voltage (0.6-1.2V) and
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temperature(0 − 1000C ) making it a suitable voltage and temperature scalable model. The
stack models identified work well for gate leakage too. We also showed that the same stack
approximation is applicable to pass transistor circuits as well. Multi finger inverters can also
be modeled with the same stacks while multi finger NAND-NOR gates needed some suitable
approximations to use the stack model. When tested on the ISCAS’85 benchmark circuits,
the average mean error was less than 2% and the average standard deviation error was less
than 7%, when compared to SPICE. Thus these gate level models incorporating local process
variations will enable accurate statistical characterization of leakage currents in large CMOS
designs with applications to power grid design and chip power estimation.
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APPENDIX-A

5 finger inverters. As we can see clearly, the

. M ULTI F INGER T RANSISTORS

error in mean and standard deviation are less

A gate with higher drive strength can be re- than 0.4% and 0.9% showing that our theoalized with a transistor of larger width. How- retical explanation is valid.
ever, to reduce the diffusion capacitance and

We will next consider stack approximations

gate resistance, it is generally implemented as for other multi finger gates. Consider the two
multiple parallel unit fingers. At a schematic transistor NMOS stack with four fingers shown
level they can be thought of as multiple tran- in Fig A-2. We have three ways of approxisistors in parallel. The most commonly used mating the leakage of this four finger stack.
multi finger gate is the inverter. Inverters need

•

Neglect the fact that the drains of N1, N3,

to be used as buffers to improve drive strength.

N5 and N7 are shorted and treat the four

We look at this case specially before going on

stacks independently and use the n2/0 model

to general multi finger gates. Shown in Fig A-

for each of the four stacks

1 is an inverter with three fingers. When the

•

input is set to 0, the PMOS transistors are
turned ON and the drains of the NMOS are at

Model the entire four finger stack with a
neural network

•

Neglect the fact that the drains of N3 and

VDD . The leakage for this state is the sum of

N5 are shorted and use the two transistor

leakage currents of each of the NMOS tran-

NMOS stack with two fingers (n2f2/0)2

sistors N1-N3. This can be predicted with the

to predict the leakage.

n1/0 model. Similarly for the case when the The first technique is too much of an approxinput is set to 1, the leakage can be predicted imation and introduces too much error. The
with the p1/1 models. Note that we haven’t second technique of modeling the entire four
modeled a new stack for multi finger inverters finger stack with a neural network will give
and this technique is valid for any number
of fingers. Table A-1 shows the result for 2-

2 We will suffix f2 to each model name in Table II to refer to the two finger
version of each stack. As an example, the two transistor NMOS stack with
two fingers and its input set to zero will be called n2f2/0. Similarly for three
finger stacks and so on.
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∆µ
∆σ
ρ

5

Error(%)

4

Fig. A-1.

∆µ = 2.547%
∆σ = 3.124%
ρ =0.9%

3

∆µ = 1.798%
∆σ = 2.605%
ρ =0.24%

2

An inverter with three fingers
TABLE A-1

1

S UMMARY OF RESULTS FOR A MULTI FINGER INVERTERS .
VDD = 0.9V , T = 250 C
M EAN (µ) M EAN E RROR (∆µ) AND S TD D EV (σ) S TD D EV E RROR (∆σ) BETWEEN SPICE AND OUR ANN MODEL .

0

1

n2/0 = 7

# Fingers
2
3
4
5

µ (pA)
638.19
961.48
1278.30
1599.83

∆µ (%)
0.33
0.35
0.37
0.34

σ (pA)
354.45
497.23
657.50
789.47

∆σ (%)
0.36
0.56
0.81
0.56

very accurate results but isn’t scalable with
higher finger stacks. Let us take a closer look
at the third option.
While using neural networks to model stacks
we said the model has been successfully trained
if the maximum sample error is less than some
threshold(15% in our case). This means that
across all testing samples used, the maximum
error was less than 15%. By approximating
the 4 fingers into two independent 2 finger
stacks we obviously cannot approximate the

2

n2/0 = 5
n2f2/0 = 1

3

4

5

n2/0 = 3
n2f2/0 = 2

n2/0 = 1
n2f2/0 = 3

n2f2/0 = 2
n2f3/0 = 1

Fig. A-3. Comparison of different partitions for a seven finger stack.

Shows mean error(∆µ), standard deviation error(∆σ) and probability
of error(ρ)

leakage of the four finger stack accurately for
all possible combinations of process parameters. The reason for the error is that the intermediate node X will get affected by the process settings of any of the eight transistors but
our approximation does not account for this.
However, we justify the approximation as the
probability of the answer being erroneous by
more than the specified threshold is very low.
However, evaluating this probability for a
given threshold is not an easy task since the
functional form of the actual leakage is extremely complicated. Instead we look at the
trend of the probability of error, which we denote as ρ, for different stack approximations
through simulations to pick the right stack

Fig. A-2.

A two transistor NMOS stack with four fingers
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combination. We trained the neural network they are actually not. By considering more
to model 2 transistor NMOS stack with two n2/0 models we are treating more currents
fingers and three fingers respectively. We then as independent which introduces more error
considered a 7 finger NMOS stack with two as shown in the graph. Thus it is clear that
transistors and measured the leakage for 5000 we need appropriate two finger stack models.
SPICE simulations to obtain the actual val- Now the question is whether we need a three
ues. We then looked at different partitions of finger model as well.
stack with 1-3 fingers to predict its leakage.

From the graph we see that the last set of

Fig A-3 shows the mean error (∆µ), standard bars has least error. This is the case when the
deviation error (∆σ ) and probability of error seven finger stack is partioned as two two finfor the seven finger NMOS stack with two ger stacks(n2f2/0) and one three finger stack
transistors. Below each set of bars, we have (n2f3/0). We must note that the saving in erindicated the kind of partition i.e. the number ror compared to the previous partition (3 two
of n2/0, n2f2/0 and n2f3/0 models.

finger stacks(n2f2/0) and one single finger stack(n2/0))

The first set of bars show the errors for the is not too much. The mean error drops from
partition of seven single finger stacks (n2/0). 2.55% to 1.80%. Standard dev error drops from
As we move to the right we keep decreas- 3.12% to 2.61% and the probability of an ining the number of n2/0 models and use more correct prediction drops from 0.9% to 0.24%.
of the n2f2/0 models. As we can see clearly, Thus the choice we need to make is whether
all three errors(∆µ, ∆σ , ρ) decrease as the we want to model the three finger versions of
number of n2/0 models are reduced. This be- the stacks in Table II as well or do we accept a
havior is expected. As mentioned before, by slightly higher error and stop with two finger
neglecting the fact that the drains of the lower models. As mentioned earlier, multi finger intransistors are shorted we are treating the cur- verters are most commonly used and the usrents through each stack as independent when age of multi finger NAND / NOR gates are
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not as common. Since we have modeled the
multi finger inverter very accurately we can
tolerate the excess error in higher order multi
finger gates. Thus it is sufficient to model the
single finger stacks and the two finger stacks
alone.

