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Abstract

This paper describes techniques for rapidly and accu-
rately estimating power consumption based on high level
descriptions of system architectures. This novel approach,
based on stochastic modeling of bus statistics, achieves
the accuracy traditionally associated with gate and circuit
level estimation tools while exploiting the reduced compu-
tational complexity offered by the architectural level of
abstraction. Indeed, the results presented here indicate an
estimation accuracy within 9.4% of gate level simulations,
while existing high level techniques can be off 80% or
more.

1 Introduction

Recently, the concept of providing personal communi-
cation and computing services in a portable environment
has stirred a great deal of interest in both commercial and
research arenas. An integral component of the proposed
personal communications system (PCS) would be a porta-
ble multi-media terminal [1]. Unfortunately, as with all
portable, battery-operated applications, power dissipation
becomes a critical issue.

Most contemporary design techniques and tools, how-
ever, give only passing consideration to power minimiza-
tion, concentrating instead on delay and area optimization
[4](8]. The increasing importance of portable applications
such as PCS will, therefore, force designers to reevaluate
performance criteria for this growing class of systems.
Moreover, these new design objectives will propel design-
ers to seek new methodologies specifically targeted at low-
power VLSI systems.

Clearly, a low-power CAD framework is required to
support this endeavor. Ideally, these tools should provide
not only for the exploration of issues related to low-power
design, but also for the automated synthesis of low-power
systems. Not surprisingly, the success of this environment
will depend critically on the availability of fast and accu-
rate estimation of the key design space parameters: area,
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delay, and power. While high level area and delay estima-
tion have received substantial consideration, the issue of
power estimation is almost completely unexplored above
the gate level.

This paper presents a battery of novel techniques that
extend the domain of accurate power estimation to the
higher architectural design level. These techniques will be
incorporated into the Hyper high level synthesis system
[8], realizing the goal of computer-assisted design space
exploration in the area, delay, and power dimensions. As
the Hyper system is intended for high performance, data-
path-intensive architectures arising in applications such as
telecommunications, speech, and image processing, much
of this paper will discuss techniques for power estimation
within datapath modules.

2 Previous work

Traditionally, power estimation has been performed at
the circuit level, relegated to such low level tools as
SPICE (transistor level) and IRSIM (switch level). More
recently, gate level tools based on probabilistic estimation
have evolved [3][6]. The majority of these tools propagate
signal probabilities through gate level networks to arrive at
transition density estimates for the various nodes in the
circuit. Combining this information with capacitive load-
ing estimates, the tools arrive at a figure for the expected
gate level power consumption. Of course, the problem
becomes more difficult when reconvergent fan-out intro-
duces correlations between input signals. Under these cir-
cumstances, the tools typically apply heuristics that trade
off accuracy for speed in order to obtain the necessary
transition probability estimates. An example of such a
technique is the Correlation Coefficient Method [2] in
which pairwise signal correlations are stored and used in
probability calculations, while higher order correlations
are ignored.

As intimated above, however, the main goal of this
research is to facilitate high level synthesis of low-power
systems. Unfortunately, the application of gate level power



estimation tools to the high level synthesis problem would
require that each implementation be mapped down to the
gate level - a time consuming task. Moreover, gate and cir-
cuit level estimation are themselves computationally
intensive considering the explosion of gates resulting from
expansion of even the smallest systems. Thus, it is not fea-
sible to consider using gate and circuit level estimation
tools to provide the fast, iterative estimation required for
system level power minimization.

The need for a higher level of abstraction in power esti-
mation is clearly indicated. Powell addressed this issue in
[7] where he presented an architectural level estimation
technique referred to as the Power Factor Approximation
(PFA) Method. In this paper, Powell develops power esti-
mates for various architectural modules (e.g. multipliers,
RAM’s, etc.) parameterized by bit width. Proportionality
constants are then extracted through physical measure-
ments or simulations using independent white noise
inputs. Consequently, this techniques does not account for
the strong dependency of power consumption on the statis-
tics of the input data as the results of section 4 illustrate.

3 Proposed power estimation methodology

It is interesting to note that proven techniques for high
level area and delay estimation exist [4]{5], while accurate
power estimation at this level is relatively unexplored. The
explanation is two-fold: first, power has only recently
emerged as a critical design concern and, second, power
consumption is extremely data dependent and determinis-
tic modeling techniques do not apply as readily as in the
time and area domains. As a result, stochastic modeling
techniques will be critical for high level power estimation.

Using concepts abstracted from the gate level, we’ve
developed algorithmic and architectural estimation tech-
niques based on high level statistics such as mean, vari-
ance, and autocorrelation. Thus, while gate level tools
focus on the power consumed by boolean logic gates
(NOT, AND, OR, etc.) as a function of their input bit prob-
abilities, this research considers module (adder, multiplier,
register, eic.) power consumption as determined by input
word statistics.

3.1 Stochastic word level data model

Not surprisingly, there exists a direct relationship
between bit level probabilities and word level statistics.
This correlation is illustrated in Figure 1 for three common
DSP input signals: speech, music, and image. For each
input, the right hand portion of the figure shows both sig-
nal and transition probabilities for each bit of the input
data word (two’s-complement assumed). Clearly, all three
signals follow a similar pattern which can be exploited to
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Figure 1. Stochastic word level data model

yield a simple piecewise linear model with breakpoints
BP0 and BP1. The important features of this model - that
is, the values of the breakpoints and the signal and transi-
tion probabilities - can all be extracted from three statisti-
cal parameters: the mean, 1; the variance, 62; and the lag
one correlation coefficient, p; = cov(X,, X,,)/c>.
Consider first the low-order region of the model from
the LSB to BP0. As might be expected, these bits are
uncorrelated in space and time and are essentially indepen-
dent of the data distribution, having signal probabilities of
1/2 and transition probabilities of 1/4:
Pigys(1) = 172, Py (01) = 1/4 (M

As an illustration of this fact, consider the LSB which has
the interpretation of being zero for even data values and
one for odd. A signal probability of 1/2 for this bit, then,
indicates an equal likelihood of an even or odd data value
ata given instant in time - clearly, a reasonable assumption
for continuous, smoothly varying input distributions. The
value of the breakpoint denoting the end of this low-order
region is related to the spread, or variance, of the signal
distribution and is given empirically by:

BP0 = log;(36/32) 2)

Strictly speaking, this formula is exact only for the signal
probability curve. The breakpoint for the transition proba-
bility curve, although typically nearby, experiences an off-
set towards the LSB for highly correlated input signals:
ABPO = logy(1-p; )" (3)
In two’s-complement representation, the purpose of the
high-order bits is that of sign extension. As a result, the
bits in this region exhibit complete dependence, having
signal and transition probabilities that are functions of the
mean, variance, and first-order correlation coefficient of
the data word:
Pist's(1) = P(-) = F1{(u/o)
Prgh(0—1) = P(+ — -) = Fy (o, p;)

(4)
®)
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Figure 2. Statistical parameter propagation

The exact probabilities depend, of course, on the distribu-
tion of the signal; however, noting that many typical DSP
inputs are closely approximated by Gaussian processes,
we substitute the univariate and bivariate normal distribu-
tion functions for F; and Fy,, respectively. Experimental
justification for this approximation is provided in section 4
where power estimates for decidedly non-Gaussian input
signals are shown to be within 9.4% of simulations. The
breakpoint for the sign extension region is determined by
the maximum extent of the signal distribution into either
positive or negative values and is given specifically by:
BPI = log,(lul+30) (6)

Consider now the range of bits between BPO and BP1.
The correlation of these mid-range bits falls between the
extremes represented by the low and high-order regions
and as a result a linear approximation for the probabilities
in this transition region models the situation well,

3.2 Calculation of model parameters

Having developed a model relating word level parame-
ters to bit level probabilities, it is now necessary to con-
sider techniques for computing the values of the required
parameters. Reminiscent of gate level methodologies, we
first consider a propagation approach. In particular, given
the statistics of the module inputs we calculate the statis-
tics of its outputs. By propagating statistics in this fashion,
we are able to derive the model parameters (U, c?, and P1)
for each bus in the architecture (ignoring. for the moment,
reconvergent fan-out and feedback). The top half of
Figure 2 presents the appropriate propagation equations
tor the case of an addition and a constant multiplication
(the two key operations of linear, time-invariant systems).
Once again, the issue of reconvergent fan-out tends to
complicate matters by introducing correlations between
module inputs which is not handled by these equations;
however, we can overcome this difficulty by abstracting
heuristic techniques similar to those applied at the gate
level. For example, the revised equations at the bottom of
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Figure 2 account for pairwise crosscorrelation terms by
extending the gate level Correlation Coefficient Method.

The existence of feedback in the flowgraph introduces
yet another level of complexity to parameter calculation.
Referring to the left half of Figure 3, we see that in order
to find the statistics of Y we need prior knowledge of the
statistics of W and vice-versa. The solution lies in break-
ing the loop. One technique, illustrated in the right half of
Figure 3, depends upon constructing a FIR approximation
to the AR, or feedback, portion of the filter. With X as an
input, this non-recursive filter produces an initial approxi-
mation to the signal Y. Having broken the loop, we now
calculate the statistics of W by propagating the statistics of
Ygir through the FIR network given by 1-AR"!. In this
way, computing model parameters for buses within a feed-
back network becomes a problem of propagating parame-
ters through a straightforward FIR network.

z

Figure 3. Feedback and parameter propagation

Propagation of model parameters is, however, but one
method of deriving the required signal statistics. Another
technigue would be to use symbolic equation manipulation
to evaluate the transfer function from the primary input to
the internal nodes of the flowgraph. For given these trans-
fer functions, all of the required bus statistics follow
directly. System level functional simulation of the flow-
graph is yet another straightforward approach to parameter
calculation. Under this regime, internal bus statistics are
simply accumulated during simulation for a typical stream
of input data. While prohibitively expensive at the gate
level, the reduced complexity offered by the architectural
level of abstraction might make this a particularly attrac-
tive alternative. In addition, the applicability of this
approach to nen-linear, time-varying systems further
increases its desirability.

3.3 Interconnect and module energy

Once internal bus statistics are known, the stochastic
model of section 3.1 provides the transition probabilities
for the bits in the low-order, high-order, and transition
regions. These probabilities can then be applied directly to
yield an estimate of the energy required to drive data with
the given statistics onto a bus with load capacitance, C:

Epys={0.25N5+(0.25+F( )Nppig/24Fo Nppgp )CV2 - (7)
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Figure 4. Interconnect energy

where N is the number of bits in region A of the model.
Figure 4 illustrates the methodology and demonstrates an
estimation accuracy within 2.4% for a speech signal being
driven onto a 1 pF bus. Power consumed in the pad drivers
can also be calculated in this manner by choosing C to
include external loading capacitances.
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Figure 5. Adder energy calculation regions

Estimating module dissipation, however, requires
deeper consideration. As an example, consider the average
energy consumed by an adder module. Each of the two
inputs follows the piecewise linear model derived above
resulting in the four significant module breakpoints shown
in Figure 5. These breakpoints divide the addition into five
regions: three constant-probability regions and two inter-
vening transition regions. Once again, energy consump-
tion is calculated on a region-by-region basis. Since the
least significant bits of each adder input are independent
with probability 1/2 (see section 3.1), the energy calcula-
tion for the low-order region is greatly simplified. Indeed,
the energy for a one-bit addition in this region can be pre-
calculated and simply multiplied by the number of bits up
to the first breakpoint:

Eq 1sb = Ev 1bitNish 8)

In contrast, the energy required for additions in the
high-order region cannot be pre-calculated but, instead,
depends upon the input statistics. We can, however,
exploit the dependence among the sign extension bits of
the inputs, realizing that each of the one-bit additions in
this region is completely identical. Therefore, in order to
calculate the energy required to perform the high-order bit
additions, we need only calculate the energy consumed by
a one-bit full adder with inputs X, Y,. and C, where X,
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and Y, are the sign bits of inputs X and Y, respectively,
and C is the carry input. If [=(X,, Y,, C), represents the
inputs to the adder at time t, then one can show that there
are only six possible values of I,. From this it follows that
there are 36 possible input transitions for each addition in
this region. The energy required for each of the 36 cases
may be pre-calculated through simulation or physical mea-
surement. Then by weighting each energy by the probabil-
ity that a particular input transition occurs, we come up
with an energy estimate for the addition of the sign exten-
sion bits:

36 j i i j
E+,msb = Nmsb2j=1 P (IJK_)IJHI)E(IJI_)IJH]) (9)

where each input transition probability is calculated from
the quadrivariate normal distribution,

The final constant probability region of Figure 5 occurs
where the low-order region of X overlaps the sign exten-
sion region of Y. Each one-bit addition in this region is
characterized by having one input equal to Y, and the
other an independent probability 1/2 boolean variable, Z.
The carry inputs for the bits in this region are not strictly
identical; however, it can be shown that they converge rap-
idly (geometrically) to Y. Thus, I=(Y,, Z, Y,), and the
energy is calculated in a manner consistent with the high-
order region summing over the 16 possible input transi-
tions:

16 5ot i i i
E\ mid = Nmidez | PP DEWF -y )

Finally, energies for the two transition regions are approx-
imated by linear interpolation based on the surrounding
constant probability regions as shown in Figure 6, which
demonstrates a typical estimation error of only 3.2%.

The adder is, of course, but one of the important data-
path modules that must be considered; however, similar
techniques can be applied to characterize the energy con-
sumption of other key modules such as multipliers, com-
parators, registers, and shifters. The case of variable-
constant multiplication, Y = CX, is a particularly straight-
forward example since typical array multipliers are real-
ized by a series of additions for which we already know
how to compute the energies:

N-1 ,;
Y= =0 ZJCJX

(10)

(11)



To this point, we have considered power estimation
only for datapath components. Processing systems, of
course, contain other components such as PLA’s, memo-
ries, and controllers; however, as previously stated our tar-
get application range emphasizes mainly high throughput,
datapath-intensive real-time systems with, typically, mini-
mal control requirements [8]. As a result, power consump-
tion in the datapath blocks and at the pads will account for
a large fraction of the overall power budget. Non-datapath
power consumption cannot, of course, be ignored and we
are currently developing strategies for estimating power in
these modules as well.

As an example, we consider the issues involved in esti-
mating the energy consumption of a static single-ported
RAM with differential bit-lines. The total power consump-
tion is accounted for by five main elements: row decoders,
word-line drivers, bit-line drivers, sense amps, and column
decoders. Energy consumed in the charging and discharg-
ing of the bit-lines typically dominates and is proportional
to the total number of bits in the memory. In contrast,
encrgy for the sense amps and column decoders is propor-
tional to the width of the memory as is the energy required
to drive the word-lines. Finally, the row decoder energy is
approximately proportional to the number of words in the
memory. Combining all of these factors and realizing that
the total memory power consumption is proportional to the
access frequency, we arrive at an accurate estimate for
power dissipation in a RAM memory module. It is also
interesting 10 note that for a differential bit-line structure,
this figure is fairly independent of the value being trans-
ferred since, regardless of the data, one bit-line is always
charging while the other discharges.

4 Results

The previous section presented novel techniques for
architectural level power estimation that combined the
speed of high level approaches, such as the PFA method,
with the accuracy of gate and circuit level tools. This sec-
tion, through two examples, will present results validating
the approach and demonstrating its advantages over exist-
ing techniques. The first example consists of a low-power,
three-tap FIR filter comprised of three multipliers, two
adders, and two registers. Using a 2um CMOS technology,
the required sample rate of 3 MHz was achieved with of
voltage supply of 1.95V (reduced to minimize power con-
sumption). For a variety of input distributions and signals,
Table 1 shows the actual power consumption (from gate
level simulation) as well as the error in the estimated value
obtained both from the PFA method and from the pro-
posed approach.

From this table, several key points become apparent.
First, the previously mentioned Gaussian assumption is
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clearly non-critical. For example, in the case of a uni-
formly distributed input, which is far from Gaussian, the

Input Gate Level PFA Proposed
Gaussian 96.7 pJ +61% -1.7%
Uniform 95.0pJ +64% +2.3%
Laplacian 92.0 pJ +69% +3.9%
Speech 92.0pJ +69% +6.5%
Music 83.9pl +86% +9.4%
Image (Diff) 60.3 pJ +4.9% -5.7%

Table 1: Results for three-tap FIR example

proposed approach still achieves excellent results that
match simulations to within 2.3%. Thus, although the pro-
posed methodology employs certain Gaussian approxima-
tions, it still achieves very good results even for input
signals that are far from Gaussian in distribution. Further-
more, the results demonstrate that the proposed approach
generally outperforms the PFA method significantly in
terms of accuracy. This is accounted for by the fact that the
PFA method assumes a fixed power consumption for each
module type ignoring the influence of input statistics and
correlations on power. The table also demonstrates that the
method performs equally well on real-world signals such
as speech, music, and image that are typically found in
DSP applications. It is interesting to note that the only case
where the PFA method matches the accuracy of our
approach is for a differentially-coded image signal input.
This is quite natural, however, since this input has a near
white spectrum and, thus, is not adversely affected by the
failure of the PFA method to account for signal correla-
tions. Figure 7 further emphasizes the applicability of the
proposed approach over a wide range of input statistics as
well as the limitations of existing approaches.
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Figure 7.

The second example is that of a biquadratic filter, again
operated at 1.95V to facilitate comparisons. This larger
example consisting of four multipliers, four adders, and
two registers illustrates the ability of the method to handle
feedback, and results are tabulated in Table 2. Interpreta-
tions similar to those of the first example again apply with
all cases achieving estimation errors of 3.6% or less.



Input Gate Level PFA Proposed
Gaussian 197.3 pJ +41% -0.87%
Uniform 197.6 pJ +41% -0.56%
Laplacian 1979 pJ +41% -1.6%
Speech 208.3 pJ +34% -2.0%
Music 197.7 pJ +41% +3.6%
Image (Diff) 123.0 pJ +3.3% -2.9%

Table 2: Results for biquad example
S Applications

The previous examples begin to suggest some of the
power of the proposed high level power estimation tech-
niques; however, further discussion of the possible appli-
cations of the approach is warranted. A high level
synthesis environment equipped with power estimation
capabilities could be used to observe the effects of trans-
formations, module selection, partitioning, scheduling,
and supply voltage scaling on delay, area, and power. As
an illustration of this point consider the effect of varying
the number of pipeline stages in the previous three-tap FIR
example. Since each stage of pipelining reduces the criti-
cal path, the filter is able to operate at progressively lower
voltage supplies, while maintaining identical throughput,
as pipelining is increased. With only the input signal statis-
tics and the flowgraph as inputs, the proposed power esti-
mation tool could provide a plot of the power-area design
space, graphically depicting this effect for the designer.

Moreover, the ability to rapidly observe the effects of
such high level trade-offs on power would facilitate the
development of additional low-power design methodolo-
gies similar to the pipelining technique discussed above.
Indeed, one can envision automated synthesis of low-
power systems, where by defining a cost function that
heavily weights power consumption, one could initiate an
automated search of the design space leading to an opti-
mal, low-power solution.

Finally, it is important to note that the above power esti-
mation techniques are not confined to static CMOS tech-
nologies. On the contrary, since power consumption in
static logic depends on input transition probabilities, it is
actually a more difficult problem than the dynamic case
which can be evaluated purely on the basis of signal prob-
abilities. Thus, the estimation techniques discussed above
are also useful for comparing power consumption across a
variety of different logic styles and circuit technologies.

6 Conclusions
Clearly, with the recent flood of interest in portable

VLSI applications, such as personal communications sys-
tems, the importance of power consumption in system
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design will dramatically increase. With this new emphasis
comes the need for tools that support low-power design.

It is our contention that accurate high level power esti-
mation is central to a useful CAD environment for explor-
ing and automating low-power system design. While
accurate power estimation has been previously confined to
the circuit and gate levels, we have presented a battery of
techniques to realize fast and accurate estimation at the
higher architectural level of abstraction. Thus far, the
results of this research are promising, however, several
issues demand further consideration. Among these are
estimation techniques for handling: non-linear, time-vary-
ing systems; non-datapath components (e.g. controllers);
glitching in static circuits; and non-stationary signals.

The tools we develop in this area will support explora-
tion of algorithmic, architectural, and gate level issues in
low-power design, as well as, provide the foundation for
the automated synthesis of low-power systems, thus, facil-
itating a complete three-dimensional design space explora-
tion, not only of delay and area, but also of power.
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