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ABSTRACT
The significant power optimization possibilities in the early stages
of the design flow advice the use of energy evaluation techniques
at high levels of abstraction. With this aim, the present work ad-
dresses the estimation of the energy consumption in very deep sub-
micron technologies. Using the characterization of the probabil-
ity density function with a projection in an orthogonal polynomial
base, and a symbolic propagation mechanism, a technique is pre-
sented to estimate the dynamic and static power consumption in
digital systems. The proposed approach has been validated with
circuits and excitations from realistic applications. Comparisons
with reference transistor and bit level simulations are reported in
order to asses the the accuracy of the technique.

1. INTRODUCTION
During the last decade, power consumption has become a major

concern for the design community, due mainly to portability and
thermal dissipation concerns. Moreover, with the advent of very
deep submicron technologies (VDSM) some of these issues are
getting even more severe, and therefore must be addressed from
the very early stages of the design flow, where the optimization
possibilities are larger.

At the gate level, algorithms addressing the estimation of the
node switching and bit probabilities are mature enough to be inte-
grated in commercial tools (such as Synopsys’s Power CompilerTM

or Cadence’s BuildGatesTM). At higher levels of abstraction how-
ever, more abstract approaches based on word-level signal parame-
ters rather than bit-level probabilities are required. Furthermore, in
modern technologies, transition activity does not suffice to provide
sensible energy estimates. Submicron effects, as leakage current
and coupling capacitances in long wires, affect the overall power
consumption significantly, and must be therefore considered.

Different approaches [6, 1, 9, 10, 7] have been developed to es-
timate the power consumption in DSP architectures based on the
analysis (at high levels of abstraction) of the switching activity of
the signals. In these techniques, word-level statistics are propa-
gated through the architecture, and used to perform bit level esti-
mations of the switching activity. The main drawback of the afore-
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mentioned approaches is the underlying assumption that the signals
have a distribution close to a Gaussian. This assumption reduces
the usability of the estimation procedures to a relatively narrow set
of practical design scenarios.

The problem of switching activity estimation in general architec-
tures has been considered in [4], where assuming that the signals
are not correlated, an accurate estimation approach is presented.
Nevertheless, since this technique requires the analytical knowl-
edge of the probability density function (i.e., a complete equation),
its use is restricted to some very particular applications. An alter-
native methodology is described in [2]. But since it requires expen-
sive multidimensional integration procedures, it cannot be applied
for the efficient exploration of competing architectures.

Classic estimation methodologies have focused on transition ac-
tivity. Although this is definitely a relevant metric for estimating
dynamic power consumption in digital blocks, VDSM technolo-
gies require to take into account some other effects. Among them,
coupling capacitance and leakage current are the most relevant.

Due to the increase in the aspect ratio of deep sub-micron wires
[12], the coupled capacitance between adjacent bus lines tends to
increase and even to dominate the total capacitance of the wire.
Thus, the power consumption associated with the drivers of a bus
does not depend only on the toggling of the individual lines, but
also on the simultaneous transition of adjacent bus lines. Using
a model similar to [8], which assumes a full-rail swing of the bit
lines equals toVdd, the energy dissipated in each line driver can be
estimated as:

Ebus(i) =
V2

dd

2
(Ct ti +Cetei) (1)

whereCt is the total ground capacitances andCe the coupling ca-
pacitance. The factorti (called switching ortransition activity)
measures the probability of a toggling in theith bus line. The equiv-
alent factor for the coupling capacitance is theequivalent spatial
transition activity,tei . For accurate power estimations in intercon-
nect structures bothti andtei must be estimated.

As the dimensions of the transistor get smaller, the internal elec-
trical fields in the device tend to increase, and therefore the maxi-
mum operating voltage gets limited. In order to provide sufficient
output current (and thus speed), the threshold voltage of the N- and
P-MOS transistors must be also scaled down. In this scenario, leak-
age current increases exponentially with each technological node.
The main contributor in CMOS technologies is the subthreshold
current, which appears between drain and source when the transis-
tor is OFF. A second factor (that is getting more important in the
new projected thin- gate-oxide technologies) is the tunneling leak-
age current [5]. A key issue is that these two factors are strongly
dependent on the input state of a circuit; and consequently, they
can only be estimated by considering the probability density func-
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tion (PDF) of the inputs signals. Conceptually, the leakage current
in stand-by mode can be easily evaluated by a DC analysis for each
possible input value, with a SPICE-like simulator. For the active-
mode in combinational blocks, some preliminary results [3] sug-
gest that a similar approach is possible, but assuming that during the
signal transition periods the leakage can be neglected. Therefore,
a unified framework for estimating both static (probability dom-
inated) and dynamic (transition dominated) power contributors is
highly desirable.

This work presents a stochastic data-model approach and an as-
sociated estimation algorithm suitable for energy evaluation in deep
submicron technologies. It uses the statistical moments of a signal,
instead of its complete PDF [4]. Since these moments can be easily
propagated through the design, the approach is very efficient, and it
is not restricted to particular distributions as is the case of most pre-
vious works [6, 1, 10, 7]. Furthermore, the methodology is not re-
stricted to a particular power metric. Within a unified framework, it
can be used to estimate the dynamic and static power dissipation in
VDSM technologies, considering switching activity, coupling ca-
pacitances, and leakage currents.

The rest of the paper is structured as follows: Section 2 describes
the proposed approach and presents the different polynomial bases
used for the estimation. An algorithm for the symbolic propaga-
tion of moments is then presented in section 3. The estimation
methodology provided by those two techniques is afterwards vali-
dated. Conclusions and final remarks are presented in section 5.

2. ESTIMATION APPROACH
The goal of this work is to provide efficient estimations for the

bit probability (pi), transition activity (ti), spatial transition activity
(tei), and static power consumption. The signals are modeled by
stochastic stationary random processX[t], and therefore, they can
be characterized by a probability density functionf (x). If that PDF
is analytically known,pi can be exactly evaluated [9]. Given aB-
bits unsigned signal:

pi =
2B−1

∑
x=0

f (x)Biti(x) (2)

whereBiti(x) returns the value of theith bit of x. Further on, the av-
erage static consumption can be obtained when the functionBiti(k)
is substituted by another one, namelyPstatic(x), which provides the
static energy cost associated with each input statex.

Since the transition activity and equivalent spatial transition ac-
tivity depend on the previous and actual value of the signal, they
require the joint PDF ofX[n],X[n−1]. Let f (x,y) denote that PDF
and letTrani(x,y) be a function which returns a one if theith bit of
x andy differ (i.e., an XOR). Then:

ti =
2B−1

∑
x=0

2B−1

∑
y=0

f (x,y)Trani(x,y) (3)

In the same way,tei can be obtained by substitutingTrani(x,y)
with the cost function associated withtei . Furthermore, if the ran-
dom variablesX[n] andX[n−1] are independent,ti andtei can be
calculated from the one-dimensional PDFf (x). For example, as
described in [1],ti = 2pi (1− pi).

From the previous analysis, it is clear that the two main obsta-
cles for estimatingpi , ti , tei , and the static power consumption are
the characterization of the PDF, and the efficient approximation of
Eq. (2)–Eq. (3) without evaluating all the additions (the complexity
is exponentialwith respect to the number of bits). For the sake of
simplicity, we consider the estimation of the one-dimensional PDF

f (x), which allows the evaluation ofpi , the static power consump-
tion, and bothti andtei when the signal is uncorrelated. However,
the approach can be extended to the two-dimensional case, which
provides estimations forti andtei in general correlated signals.

Different approaches, both parametric and non-parametric, have
been proposed to approximate an unknown density function (see
[11] for a detailed exposition). In this work, we analyze the use
of a linear combination of orthogonal polynomial functions as an
approximation procedure. Within this framework, the PDF of the
signal, f (x), can be then approximated as:

f (x)≈
N−1

∑
i=0

ci qi(x)φ(x) (4)

whereci are the fitting coefficients,φ(x) is a positive function that
defines a scalar product, andqi(x) is a set of polynomials that are
orthogonal for the given norm. Theapproximation order Nrep-
resents the number of linear terms in the approximation, and can
be used to trade accuracy with model complexity. We can calcu-
late the discrepancy (i.e. squared average error) between the given
probability function,f (x), and the linear model as:

ε(c) =
∫ +∞

−∞
[ f (x)−φ(x) ∑

i
ci qi(x)]2w(x)dx (5)

wherew(x) represents a scaling function that weights the impor-
tance of the approximation error at each particular value ofx. In
order to perform the estimation, we can find the set of constants
ci that minimizeEq. (5). Forcing the derivative to be zero, and
choosing a weight function that holdsw(x) ·φ(x) = 1, we get [11]:

ck =
∫ +∞
−∞ f (x)qk(x) dx∫ +∞
−∞ q2

k(x)φ(x) dx
(6)

Sinceqk(x) is a polynomial, the numerator ofEq. (6) can be
expressed as a linear combination of the moments off (x). Let us
denote byak, j the jth coefficient of the polynomialqk(x), and with
γ j the jth moment off (x), formally defined by:

γ j = E[x j ] =
∫ +∞

−∞
x j f (x) dx (7)

Then,ck can be calculated as follows:

ck =
∑ j ak, j γ j∫ +∞

−∞ φ(x)q2
k(x) dx

(8)

Once the coefficientsck are known, the PDFf (x) can be esti-
mated usingEq. (4); and therefore, the different energy metrics (pi ,
ti , etc) can be obtained withEq. (2)–Eq. (3). In order to avoid the
exponential number of operations involved in those expressions, it
is possible to exploit the linear form ofEq. (4) to provide faster es-
timations. The idea is to pre-compute the cost associated with each
one of the termsqi(x)φ(x). For illustration purposes, we show the
procedure forpi , but the same technique can be applied to the other
metrics.

SubstitutingEq. (4) intoEq. (2) we get:

pi =
2B−1

∑
x=0

(
N−1

∑
j=0

c j q j (x)φ(x)

)
Biti(x) (9)

=
N−1

∑
j=0

BitCosti( j)c j (10)

whereBitCosti( j) = ∑2B−1
x=0 q j (x)φ(x)Biti(x) is a set of N parame-

ters that can be precalculated for each power metric. For a input
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width of 10 bits, the direct use ofEq. (2) requires 1024 computa-
tions, whereas our technique results typically in less than 7 opera-
tions (see sec. 4 where N typically equals 7). Thus, a complexity
reduction of more than two orders of magnitude is obtained. Forti
andtei the gains are even larger.

2.1 Polynomial bases
In this work the three major families of orthogonal polynomials

(i.e., Legendre, Laguerre, and Hermite) have been considered:

Legendre polynomials.This family corresponds to the norm
function φ(x) = 1 inside the interval[−1,1]. Thus, the weight
function is constant, and the approximation error gets uniform dis-
tributed inside that interval. In fact, the expansion in Legendre
polynomials corresponds to the minimum square error polynomial
fitting of the function f (x). Observe that if the density function
f (x) is in the range[xmin,xmax], we can use the transformation
z= 2(x−xmin)/(xmax−xmin)−1 to movef (x) inside the working
interval [−1,1], where the approximation can be performed. The
coefficientsck for k≤ 4 are depicted inTab. 1.

Laguerre polynomials.The Laguerre polynomials,Ln(x), are
defined in the range[0,+∞[ to be orthogonal with the norm func-
tion φ(x) = exp(−x). Since this function is not constant, there is a
weight factor in the definition of the error (seeEq. (5)). The larger
values ofx are more strongly pondered, and thus, the approxima-
tion tends to be more accurate in the tales off (x). The best ap-
proximation results are achieved when the functionf (x) is scaled
in such a way that its mean equals one. As a reference,Tab. 1
depicts the values ofck in this particular case.

Hermite polynomials.The Hermite polynomials are orthogo-
nal with the norm functionφ(x) = 1√

2π
e−x2/2, which corresponds

to the PDF of a Gaussian distribution. As in the case of the La-
guerre polynomials, the weight function strengthens the accuracy
for larger values ofx; but in this case, the weight is even stronger.
Therefore, if f (x) differs significantly with respect to a Gaussian
distribution, the approximation is quite poor. As we show in in the
following simulations, this fact makes this base quite un-robust.
The expansion of a PDF with a Gaussian kernel and Hermite poly-
nomials has been very often used in statistics under the name of
Gram-Charlier expansion. The best approximation results used to
be achieved when the functionf (x) is linearly transformed to have
zero mean, and unit variance. After this transformationf (x) will
resemble a normalized Gaussian distribution, and thus the second
and third coefficients of the approximation are zero.

Legendre Laguerre

c0 1/2 1

c1 3γ1/2 9

c2 3γ2−1
γ2−1

2
c3 25γ3−15γ1

−γ3 +9γ2−12
6

c4
3(35γ4−30γ2 +3)

8
γ4−16γ3 +72γ2−69

24

Table 1: Coefficients as function of the signal moments for the
approximation of a PDF with a Legendre and Laguerre poly-
nomial base.

As follows, we compare the ability of the different polynomial
bases to estimatef (x), and thus the energy consumption. As a typi-
cal scenario, we analyze the transition activityti and bit probability
pi in signals with a Chi-square distribution (χ2(n)) of different de-
grees of freedom. Varying this parameter, a family of continuous
PDFs with very different characteristics can be produced. Since the
χ2 is always positive, unsigned binary code is assumed for all the
signals.

For each signal, and each polynomial family, the PDF is approx-
imated usingEq. (4) andEq. (8). The moments required for the
estimation are calculated analytically to reduce numerical preci-
sion related errors. The so estimated parameterspi andti are com-
pared with the reference value obtained by direct numerical inte-
gration of f (x). The experiment was conducted for different orders
of approximation.Fig. 1 depicts the average error for the differ-
ent distributions and its standard deviation. The results show that
the Laguerre base is the one which overall performs better in terms
of mean square error. Except for the simulation concerning theχ2

with one degree of freedom, errors smaller than 0.02 can be ob-
tained using just the first five moments of the signal. For theχ2(1),
the convergence is degraded because the PDF is not bound when
x = 0.

For the Legendre and Laguerre bases, the quality of the approx-
imation increases with the order of the approximation (seeFig. 1),
which shows that they are stable. The opposite tendency is ob-
served for the Hermite polynomials, that are very sensitive to the
order of the approximation. If more than four moments are taken,
and f (x) differs significantly from a Gaussian distribution, the ap-
proximation gets notably deteriorated. It is worth noting that the
accuracy of the Hermite base gets improved with the number of de-
grees of freedom. It is due to the fact that theχ2 distributions tends
to a Gaussian when the degree of freedom increases.

After this preliminary analysis, we concentrate our focus on the
Laguerre and Legendre bases that seems to be the more promising
ones.
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Figure 1: Mean squared error in the approximation of the tran-
sition activity. Vertical lines represent the standard deviation.

3. SYMBOLIC PROPAGATION
In order to obtain the statistical moments required by our tech-

nique, two main approaches can be employed: either by using word
level simulators such as MATLAB and SystemC, or by means of
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symbolic techniques. Simulation approaches are conceptually sim-
pler and can be integrated in current industrial design flows; how-
ever they require a complete executable implementation of the sys-
tem, and longer runtime executions than symbolic approaches. The
main idea of the symbolic techniques is to propagate the statisti-
cal properties of the signals through the design. As follows, we
describe a propagation approach for the statistical moments, focus-
ing in different non-linear arithmetic operators (for linear opera-
tors, the propagation is simpler). Letγx, j andγy, j denote thejth
raw moments of the inputs of a block, andγz, j at its output, and let
us denote byE[·] the expectation or average operator. Then:
Square: Sincez= x2, it is straightforward that

γz, j = E[x2 j ] = γx,(2 j)

Power: In general, for a positive integer powern, the output is
defined asz= xn. Thus, the moments at the output can be calculated
as:

γz, j = E[xn j] = γx,(n· j)

Multiplication: The raw moments at the output of the multiplier
can be calculated using the input moments and the correlation be-
tween the inputs. In the particular case of spatially uncorrelated
inputs, the expression gets reduced to:

γz, j = E[(x ·y) j ] = γx, j γy, j

Absolute value: For a module calculating the absolute value of
a signal, the moments at the output cannot be calculated using a
finite number of moments at the input. The exact value can only be
obtained for even orders as follows:

γz,(2 j) = E[|x|2 j ] = E[x2 j ] = γx,(2 j)

For smooth distributions, the odd moments can be approximated
by using interpolation between two consecutive even values. It is
worth noting that a direct polynomial interpolation of the raw mo-
ments cannot be used. The rationale behind is the different mea-
suring units that each moment has. For example,γz,2 depends on
the second power of z, whileγz,4 does it on the fourth; and thus
they cannot be combined. This problem can be overcome by nor-
malizing the moments with thenth root function according to the
moment degree. Thus,

γz,(2 j+1) ≈

(
2 j
√γz,(2 j) + 2 j+2

√γz,(2 j+2)

2

)2 j+1

(11)

For the raw moment of order one, the previous interpolation can-
not be used. In this case, we use a linear extrapolation.

As an example of the accuracy of the technique, we compare
the exact and estimated raw moments of the absolute value of a
Gaussian signal. The results show an excellent approximation. The
worst estimation correspond to the moment of order one where ex-
trapolation is used. In this case, the exact value is

√
2/π ≈ 0.80,

whereas the approximation equals 0.84, which represents an ade-
quate approximation.

4. EXPERIMENTAL RESULTS
In this section, the previously proposed estimation approach is

experimentally assessed and compared with bit-level accurate es-
timations obtained by simulating long input traces (more than 212
samples).

First the bit probability in a set of four families of signals is ana-
lyzed. They are respectively:

G1: This family correspond to the absolute value of a set of seven
Gaussian distributed signals with different standard devia-
tions. In practice, this PDF appears very frequently when
natural signals (such as music, voice, etc) are represented in
sign-magnitude).

G2: The result of inverting the bits of G1.

G3: Seven Gaussian distributed signals with different standard de-
viations. This is the most common PDF in linear DSP sys-
tems; but it does not represent appropriately the signals in
non-linear architectures.

G4: A family of χ2 distributions with different degrees of free-
dom (seven values from 2 to 8). This PDF is typical for
signals coming from the implementation of communication
algorithms.

The sets G1, G2, and G3 concentrate the probability in the smaller,
higher and middle values of the signal. Thus, they cover a complete
spectrum of possibilities. The family G4 varies the shape of the
PDF according to the degree of freedom. All of them are quantized
with 9 bits.

The results of the experiment for estimatingpi are depicted in
Tab. 2, where the accuracy of the proposed technique is compared
with eq. 5 of [7]. In our approach, a decomposition in Legendre
polynomials using seven moments is used for the estimation of the
PDF (seeEq. (9)). The maximum and average estimation errors for
each of the aforementioned family of signals are reported, together
with the range of variation of the bit probability (i.e., the maximum
and minimum values ofpi observed for the set of signals inside a
given family). The results clearly show that the previous approach1

[7] can only be used for signals with a PDF centered around zero
(G1). If the signal deviates from this assumption, huge errors until
63% can be produced. Since the standard deviation of G1 and G3 is
the same, but itspi changes completely, similar errors are expected
for any other technique which only takes the standard deviation
into account. On the contrary, our technique provide very accurate
results in all the scenarios with a maximum error smaller that 2%.
An example of the bit accuracy of the technique is represented in
Fig. 2. It refers to the family G4 with degree of freedom equal
to 1 and 8 respectively. It highlights the excellent accuracy of the
proposed moment-based technique (measurements and estimations
are almost indistinguishable). Similar results are obtained forti and
tei . For example,Tab. 3 represents the maximum error induced by
our approach for different approximation orders. It is observed that
values ofN between 5 and 7 produce adequate approximations.

Value % errorEq. (9) % error from [7]
Sig Max Min Max Avg Max Avg

G1 3.83 2.35 0.77 0.42 5.04 3.82
G2 6.66 5.16 1.27 0.28 63.00 39.00
G3 4.50 4.49 0.40 0.29 27.26 20.04
G4 4.42 3.06 0.23 0.20 12.70 7.15

Table 2: Estimation of total bit probability for different signals.

In a second experiment, the static power consumption in some
circuits has been modeled and estimated. In order to prove the
ability of the proposed technique to work in different scenarios,
two different technology nodes, namely 0.35µmand 100nm, have

1Observe, that it was developed for the magnitude of a Gaussian
distributed signal; i.e., for the family G1.
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this work and previous approaches [8].

N 7 6 5 4 3 2

Max error (%) 1.32 1.91 2.53 5.82 6.70 32.5

Table 3: Worst case estimation error for the equivalent spatial
transition activity ( tei).

been considered. (Observe that the leakage current in the 0.35µm
node is negligible in comparison with the dynamic currents, and it
needs only to be considered for designs with a high probability of
being in stand-by mode. It is used only for the purpose of highlight
the flexibility of the present estimation procedure).

The first analyzed technology corresponds to a commercial twin-
well 0.35µmCMOS process, with transistors characterized for the
BSIM3v3 model, level 49. The second one refers to an extrapolated
100nm technology with 17A gate oxide thickness [5], and charac-
terized for the same transistor model as in the previous case . A
major characteristic in this technology is that the gate-oxide tun-
neling leakage becomes comparable to the subthreshold leakage.
The consequence is that the dependency of the power consumption
with input state of the gates differs notably from previous techno-
logical nodes. In some cells (e.g., NAND gates) the effects of the
input state increases, while in others the dependency almost van-
ishes (e.g. NOR gates) [5].

Four circuits have been analyzed. C1 and C2 correspond to a
couple of comparators with the (constant) values 504 and 8 respec-
tively. These values have been selected in such a way that the de-
signs can be easily implemented with NAND3 and NOR3 gates. C3
is a parity checker, while C4 implements a fast incrementer. Since
the last circuit is the most complex one, it has been divided in two
parts (C4a and C4b) in order to present a more detailed investi-
gation of the leakage current. Since the number of inputs on the
circuits is relatively low (only 9), exhaustive simulations have been
carried out to fill a table with the static power consumption associ-
ated with each input state. In order to speed up the simulations, first
the single cells were simulated, and afterwards those values were
used to evaluate the total static power consumption of the complete
design. A simulator based on System-C was used for that purpose.
For the transistor level simulations, Cadence’s SpectreTM was used.

Using an approach similar toEq. (9), but replacing the function

Biti(x) by the aforementioned table, a template has been obtained
for estimating the static power consumption with the moments of
the signal. In particular, we employed a decomposition in Legendre
polynomials with order 7. It is worth noting that in a real scenario a
more efficient characterization process can be carried out. Instead
of evaluating the leakage for all the input states, we can restrict
the analysis to theN random signalsq j (x)φ(x) (with N is the order
of the approximation). Moreover, that analysis can be accelerated
with Monte-Carlo techniques, allowing therefore an efficient char-
acterization of the static power consumption even for large circuits.

The results of the experiment are reported inTab. 4. The entry
“A” in the column labeled “Tech” states for the 100nm technology,
while “B” refers to the 0.35µmprocess. Since the characterization
of some cells was not available for the first case, the circuits C3,
C4a, and C4b have only been estimated for one technology. In
order to allow a comparison of results, the power values have been
normalized to the average.

% error % error
Value this work previous

Te
ch

S
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M
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M
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M
ax

A
vg

M
ax

A
vg

G1 0.80 0.58 3.27 0.80 71.51 38.58
G2 1.98 1.23 0.35 0.16 49.61 32.40

A G3 0.90 0.88 0.28 0.24 13.25 12.16
G4 0.88 0.69 0.63 0.30 42.92 24.43C1
G1 0.75 0.47 3.11 0.72 110.10 54.36
G2 2.51 1.29 0.90 0.38 60.21 39.07

B G3 0.87 0.85 0.61 0.32 17.32 16.42
G4 0.86 0.62 0.65 0.31 60.91 31.96
G1 1.21 1.03 3.79 1.16 17.36 7.97
G2 0.97 0.97 2.21 0.52 2.67 2.44

A G3 0.97 0.97 0.18 0.14 2.34 2.28
G4 1.11 0.97 2.38 0.53 9.93 3.15C2
G1 1.15 1.09 1.30 0.88 13.18 11.83
G2 0.83 0.53 3.83 1.10 87.27 43.67

B G3 1.13 1.07 0.94 0.28 11.57 9.16
G4 1.15 1.10 1.34 0.29 13.79 11.99
G1 1.00 0.99 2.32 0.87 0.63 0.47
G2 1.00 0.99 2.14 0.52 0.63 0.48C3

B G3 0.99 0.99 0.23 0.21 0.00 0.00
G4 1.00 1.00 0.71 0.27 0.79 0.56
G1 0.88 0.72 3.49 1.45 37.18 21.96
G2 1.69 1.13 2.93 0.66 41.04 23.64C4a

B G3 1.00 0.96 0.67 0.51 3.62 2.24
G4 0.96 0.80 0.45 0.38 23.54 11.99
G1 1.19 1.06 5.88 2.05 16.45 10.68
G2 0.92 0.80 5.30 1.38 24.82 14.17C4b

B G3 1.00 0.99 0.34 0.28 0.05 0.02
G4 1.14 1.00 2.65 0.70 12.30 5.83

Table 4: Estimation of static (leakage) power for different cir-
cuit and excitations.

The accuracy of the proposed moment-based approach has been
experimentally determined and compared with a naive technique
that assumes a constant value for the leakage current equal to its
average. The results (seeTab. 4) show that the accuracy achieved
for our approach is in average better than 2%, with a worst case
smaller than 4%. On the other hand, if a constant value of leakage
is assumed, errors of more than 100% can be observed. Further-
more, it can be noticed that for some circuits (e.g., C1) there is
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a notable variation of the static power with the statistical charac-
teristics of the signal; while for others (e.g., C3), that variation is
almost negligible. In addition, those effects are more significant
in the 100nm technology, which implies that importance of an sta-
tistical characterization of the power consumption is increasing as
technology improves. This observation agrees with similar conclu-
sions in timing analysis for VDSM, where statistical methodologies
are getting mandatory.

Finally, to show the importance of modeling the static power
consumption, four functional-equivalent variations of C1 where cre-
ated. The logical implementation of the design was adapted to pro-
vide an implementation which is optimal for a particular family of
signals (i.e., G1 to G4). The modules have been then characterized,
and their power consumption has been measured and estimated as
in the previous experiment. The obtained results show a signifi-
cant influence of the power consumption with module assignment.
As a representative example,Fig. 3 depicts the normalized static
consumption when each of this four designs is excited with a sig-
nal from the group G1. Beside the high accuracy of our estimation
technique, it is observed that a sub-optimal selection of the module
(for example the one optimized for G2) can increases the consump-
tion by more than 50%, from 0.4 to 0.6. Further on, a simplistic as-
sumption of a constant average consumption can overestimate the
power by 150% (i.e., 1 instead of 0.4). In other scenarios, as for
signals from G2, there is an underestimation rather than a overesti-
mation of around 34%.
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Figure 3: Measured (dots) and estimated (lines) normalized
static power for different circuits excited by 8 random signals
from the family G1.

5. CONCLUSIONS
In this paper, an approach has been presented to estimate the

power consumption in VDSM technologies. It allows the estima-
tion of different power metrics and VDSM effects (such as the
switching activity, influence of coupling capacitances, and leak-
age current) within a unified framework. Implicitly, the technique
has focused on data intensive applications where the internal sig-
nals can be characterized by a smooth probability density function.
Since it is based on a rigorous mathematical foundation (the de-
composition in an orthogonal polynomial base), it provides an ex-
cellent accuracy for a wide range of design scenarios. Moreover,
the number of terms in the approximation procedure can be ad-
justed to provide a trade off between model complexity and ac-

curacy. Experimental results show that appropriate values of this
parameter lie between 5 and 7. Additionally, a technique has been
presented to propagate the moments of the signal through the de-
sign. Thus, it avoids the need of expensive simulations (which rep-
resent a major obstacle for fast energy estimations). The combi-
nation of these two techniques represents an important step toward
a mature approach for estimating the energy consumption at high
levels of abstraction in data intensive applications. The current for-
mulation restricts the estimation ofti andtei for the case of tempo-
ral un-correlation. Ongoing efforts to suppress that limitation are
under development with very promising results.

Extensive transistor and bit-level simulations results have been
reported to assess the accuracy of the proposed moment-based ap-
proach. Typical average errors of less than 5% have been measured,
in contrast with previous techniques which exhibit errors of more
than 100%.
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