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Abstract

We address the problem of power estimation at the register-transfer level (RTL). At this level, the
circuit is described in terms of a set of interconnected memory elements and combinational modules of
different degrees of complexity. We propose a bottom-up approach to create a simplified high-level model
of the block behavior for power estimation, which is described by a symbolic local polynomial. We use an
efficient gate-level modeling based on the Polynomial Simulation method and ZBDDs. We present a set
of experimental results that show a large improvement on performance and robustness when compared
to previous approaches.

1 Introduction

Power optimization of VLSI circuits can be accom-
plished at the various levels of design abstraction.
Higher level approaches can exploit a larger degree
of freedom, therefore can have a larger impact in the
reduction of the power consumption. However, the
power estimation can be inaccurate at this level. In
contrast, power consumption can be accurately esti-
mated at lower level approaches, but the degrees of
freedom are more restricted in terms of providing a
significant optimization. A promising approach [2, 6]
is to use tools used at lower levels of abstraction to
characterize higher level modules.

A circuit described at the register-transfer level
(RTL) consists of a set of interconnected functional
units, such as arithmetic, logic, memory and regis-
ters. A simple RTL description can represent a com-
plex gate level circuit. It contains enough informa-
tion to describe the circuit behavior, and then dif-
ferent techniques may be applied to transform and
optimize the original RTL description. However, we
need more information to estimate the power dissipa-
tion of different RTL design alternatives. The func-
tional units come from a well characterized library.
A good RTL power estimation method should build
an accurate model of each unit by extracting infor-
mation from the library, such as gate and connection
capacitances. Moreover, the model should be simple
enough to quickly calculate the total unit power dissi-
pation. The characterization step builds a simplified
high-level model by using the lower level details. This
step is executed only once, and may be time consum-
ing. However, the evaluation step, which is repeat-
edly called during the RTL synthesis to compute the
power of the functional unit, should be simple and
fast.

In this work, we propose a bottom-up approach
based on ZBDDs that uses the gate-level polynomial

simulation (PS) method [7, 8] to estimate the power
of RTL circuits. Our approach extracts parameters
from the lower design abstraction level to build an
efficient and accurate model at high level. Our ap-
proach is probabilistic, and therefore does not suffer
from input pattern dependence. It also offers a trade-
off accuracy/performance parameter, and takes into
account glitch power.

This paper is organized as follows. Section 2
presents a short review of several types of decision di-
agrams, namely ZBDDs which we use as an efficient
representation for the polynomials needed by the PS
method. Section 3 addresses the previous work for
RTL power estimation. Section 4 reviews the main
features of the PS method at gate-level. Section 5
presents our PS method based on ZBDDs for RTL cir-
cuits. Finally, the experimental results show a large
improvement on performance without losing in accu-
racy with respect to the exact symbolic method [16].

2 Decision Diagrams

Boolean functions [12] may be used to represent a set
of combinations. In a Boolean space of n variables, a
n-bit vector is used to represent each combination. If
the variable xi belongs to the combination, the bit i is
set to 1, otherwise it is set to 0. A set of combinations
could be represented by the ON-set, which is com-
posed of the set of n-bit vectors. For example, the set
s = {{x1}, {x2}} over the Boolean space {x1, x2, x3}
will be represented by the ON-set ((100), (010)) or
the Boolean function f = x1 x2 x3 + x1 x2 x3. Us-
ing BDDs for the Boolean functions, we can manip-
ulate sets of combinations efficiently. However, the



BDD size depends on the number of input variables
in the Boolean space, as shown in Fig. 1a, where the
set of combinations s = {{x1}, {x2}} is defined over
a Boolean space of 3 and 4 variables, respectively.
Even if a variable x is not present in a combination,
the corresponding 1-path has a node with x whose
1-edge points to the 0-Terminal node. The ZBDD
was proposed in [15] to overcome this drawback. The
basic reduction rule is to eliminate nodes whose 1-
edge points to the 0-Terminal node. The node de-
composition f = vf1 + f0 is called linear decompo-

sition. If f1 = 0 the reduction rule is applied, so
f = v ·0+f0 = f0. The set of combinational represen-
tation is independent of Boolean space size, as shown
in Fig 1b. Therefore, ZBDDs are more compact than
BDDs in the presence of sparse sets. BDDs are still
very efficient to represent Boolean function for gen-
eral applications, while ZBDD are more efficient for
representation of set of combinations. Another BDD
variants have been proposed for specific applications,
for instance Algebraic Decision Diagrams (ADDs) [1],
which are derived from the BDDs by adding mul-
tiple terminal nodes (Fig. 1c). In addition to the
Boolean operations, ADDs can handle arithmetic op-
erations, such as addition, and find minimal and max-
imal terms. ADDs are based on Shannon decom-
position (like BDDs), where the assignment v = 1
is encoded as v, and the assignment v = 0 is en-
coded as (1 − v). The ADD node decomposition is
f = v × fv + (1 − v) × (fv). Other variant is the
Binary Moment Diagram (BMD)[22], which is an ef-
ficient representation for formal verification of arith-
metics circuits. BMDs have multi-terminal nodes like
ADDs, but use the linear decomposition like ZBDD.

3 Related Work

There are two main approaches to characterize the
functional units: statistical (also known as dynamic
or simulation-based approaches) and probabilistic (or
static approaches).

Statistical approaches [11, 19, 21] simulate a given
unit repeatedly using a large set of input vectors, and
obtain a simple function to represent the power dissi-
pation. The functions have typically few parameters,
namely an effective capacitance for each unit, a scal-
ing factor in terms of the word size [11, 19], and
a temporal correlation coefficient that represents the
correlation between two consecutive word level val-
ues. The major drawback of statistical techniques
is the input pattern dependence, which limits their
practical application because the estimation corre-
sponds directly to the input patterns that were used
to drive the simulation. Therefore, the characteriza-

tion step may not correspond to the context of the
real application. Some recent work have been pro-
posed to partially overcome the input pattern depen-
dence of statistical approaches [3, 20].

On the other hand, probabilistic approaches are
input pattern independent, and use a compact repre-
sentation for the input conditions. The entropy con-
cept [13, 17] was introduced to compactly represent
the average switching activity and characterize the
RTL unit.

Recently, Bogliolo [2] proposed a simplified model
based on ADDs to represent the circuit. A charac-
terization step builds an ADD, which is an implicit
and compact representation of the whole circuit for
all possible input vectors, to compute the total power
under the zero delay model. However, the ADD size
grows up exponential as a function of the number
of primary inputs. An on-the-fly heuristic is pro-
posed to limit the maximal size, where the size is
checked to see if its exceeds the maximum allowed
value while the ADD is being built. The heuristic
collapses the nodes with minimum variances. No as-
sumption is made about the input vector sequence
during the characterization step. Still, glitch power
and circuit topology are not taken into account.

More recently, Costa et al. [6] propose a proba-
bilistic approach which takes into account the glitch
power. This approach can handle different input
statistics and builds a bottom-up model from the
gate-level analysis. The approach is based on poly-
nomial simulation PS [7] to compute the power es-
timation at gate-level. The PS method substitutes
some variables by their probability values to reduce
the size of the probability polynomials. However,
this reduction can not be applied in RTL estima-
tions, because we need to express the polynomial in
terms of the primary input variables. Costa et al. [6]
propose another heuristic based on the least squares
method [10]. Each input x has four probability vari-
ables: p00(x), p01(x), p10(x), and p11(x), correspond-
ing to the input staying low (0 → 0), making a rising
transition (0 → 1), a falling transition (1 → 0), and
staying high (1 → 1). The RTL unit is evaluated for
different combinations of the probability values, and
the least squares method [10] is used to reduce the
polynomial size. The approximate polynomial is as
follows:

P= a0 +

n∑

i=1

[a3i−2p
00(xi) + a3i−1p

01(xi) + a3ip
10(xi)]

where the terms aj ’s are computed using the least
squares method. The characterization step uses a se-
quence of input probabilities to build the final poly-
nomial. The polynomial with n inputs is evaluated
at several points in the input space. However, if
the input probabilities under the operating conditions
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Figure 1: (a) BDD for a set of combinations (b) ZBDD (c) ADD for a multi-valued function

are far from these points used in the characterization
step, the accuracy may be reduced.

In this paper, we propose a different heuristic to
reduce the size of the polynomials, based on ZB-
DDs [14]. Our approach is independent on the in-
put probability: all input variables are handled by a
symbolic representation during the characterization
step, and no constants are introduced, in contrast to
the least squares approach [6]. Section 5 details our
approach.

4 PS method

The polynomial simulation PS method [7] is a gen-
eralization of the exact signal probability evaluation
method due to Parker and McCluskey, which as been
extended to handle temporal correlation and arbi-
trary transport delays. The PS method is param-
eterized by a single parameter l, determining the
speed-accuracy tradeoff. This allows the user to im-
prove the accuracy at the expense of runtime. In
propagating signal probabilities through a logic cir-
cuit, spatial correlation measures how the proba-
bilities of the inputs to a gate are related. The
PS method uses the suppression rule introduced by
Parker-McCluster [18], which consists of suppressing
all high order exponents (≥ 2), to handle the spatial
correlation. In addition, the PS method handles the
first order temporal correlation thanks to the Cheng’s
removal rule [4]. All products xij · xkl, where i 6= k

and/or j 6= l, are removed because the signal x can
not have two different transitions at the same time.

In the presence of reconvergent paths, for an exact
computation of switching activity, each local polyno-
mial of an internal node has to be expressed as a

function of the primary input nodes, and this can be
very time-consuming. The PS method proposes to
use a limited depth computation to find a good com-
promise between speed and accuracy. To reduce the
complexity of the polynomials some variables may be
replaced by their probability values. The reason why
the substitution can be applied is because the vari-
ables outside the reconvergent path will not generate
exponential terms. As we have seen, spatial corre-
lation between signals appears as exponential terms
that have to be considered. The constant substitu-
tion is applied only to the variables that are not in a
reconvergent path or if reconvergent paths meet af-
ter l logic levels. The variables which reconverge be-
fore l levels are referred as the active variables. Even
if the paths meet after l levels, the effect of expo-
nential terms is negligible as compared to the local
node probability. The rationale behind this approx-
imation scheme is that spatial correlation between
internal signals is more important when reconvergent
paths meet within a few logic levels. Recently, [8] pro-
poses an efficient implementation of the PS method
thanks to practical issues for computing local node
activity: the computation is free of internal correla-
tion (no temporary active variables are needed), and
the polynomial representation is based on Probability
BMD, that are derived from BMD by handling the
suppression and reduction rules [8]. The constants
are represented by the multi-terminal nodes.

5 Local Symbolic Polynomial

The Probability BMD can improve the performance
of the PS method in presence of a large set of active
variables as show the experiments done in [8]. More-



over, the local computation free of internal correla-
tion replaces the temporary active variable by con-
stants. As the polynomial should be expressed in
terms of primary input variables at RT-level, we pro-
pose to use the ZBDDs, because the constants are
not present. Our approach is called Local Symbolic
Polynomial method, LSZBDD method for short.

5.1 Characterization

We first compute the active region with a limited
depth. The feather algorithm [5] is used to find
the local minimum input support-set of the active
region. The root node is expanded until reaching the
local inputs. All local inputs are preserved without
substituting any variable inside the active region, in
contrast to the PS method which substitutes the lo-
cal variables outside of the reconvergent paths. The
trade-off accuracy/performance is controlled by the
depth used to compute the active region.

In our no-substitution approach, the characteri-
zation could be time-consuming, and builds the sym-
bolic local ZBDDs for all internal nodes. However
during the evaluation step, the local ZBDDs have
only to be traversed to recompute the switching activ-
ity, which is very fast. The total power is computed
as follow.

power =
∑

∀gi

Cgi
·
∑

∀t

(g01
i [t] + g10

i [t]) (1)

where g01
i [t] and g10

i [t] represent the switching activ-
ity at transition time t, and Cgi

the capacitance load
driven at the output of gate gi. Given an input prob-
ability vector, the circuit is traversed from the pri-
mary inputs to the primary outputs, and the ZBDD
polynomials are evaluated.

Example 1 Let us consider a simple functional unit

shown in Fig 2a. Suppose the unit delay model. The

transition time set for gate g1 is {1}, and for g2 is

{1, 2}. There are no reconvergent paths, so the gate

polynomials are expressed in terms of local inputs.

The characterization step computes all local symbolic

polynomials. The Fig 2b shows the ZBDD polynomial

corresponding to the transition 0 → 1 for the gate g1

at time t = 1, which is a function of primary input

variables. The polynomial for the gate g2 has g1 as a

local symbolic variable, as shown in Fig 2c.

Our approach, as seen in the previous example,
uses hierarchical ZBDD variables, which reduces the
ZBDD sizes. This approach is equivalent to a func-
tional decomposition of the polynomials by introduc-
ing intermediate variables. The Boolean space con-
sists on input and intermediate variables, and it can

be very large. However, the local polynomials are ex-
pressed in terms of few variables (sparse sets), so the
ZBDD is a very compact representation thanks to the
linear decomposition. An internal reconvergent path
introduces some spatial correlations, which needs to
be taken into account to preserve the accuracy. As
mentioned before, our reduction criterion is based on
the analysis of these paths, that are extracted from
the circuit internal structure. In contrast to the vari-
ance used to reduce the ADD in [2], which is based on
the Boolean function. ADDs (like BDDs) are based
on Shannon decomposition, and are not efficient for
sparse sets.

We preserve the PS method features, where the
capacitances and the delay are input parameters to
the evaluating process. The library model could give
an accurate measure of the internal capacitances,
which could take into account the gate and the con-
nection capacitances extracted after the place and
route step. At this level, the delay will be also more
accurate.

5.2 Estimation

In a first step, all functional units are characterized,
and the ZBDD polynomial for each unit is stored
in a table. We restrict the discussion here to the
characterization of combinational modules, however
the evaluation process could be used to estimate the
power of a sequential or pipeline circuit [23, 6]. Given
the input probability values, the RTL circuit is tra-
versed in depth first order. The probability polyno-
mial at the output of each functional unit is computed
and applied to the input of the next module(s). Nor-
mally, a functional unit has many transition instants
at the output. Suppose that the inputs of unit C are
connected to the outputs of units A and B. Suppose
that A has output transitions at instants t1, t2 and B

at instant t3. We apply the same approach, which was
introduced at the gate-level for the PS method [7],
to the unit-level. The module C is evaluated three
times, one for each input transition instant. The to-
tal power is computed by summing all the partial
power terms over each evaluation.

6 Experimental Results

We have analyzed some typical examples with this
technique, as experiments. We compare our LSZBDD
heuristic and the least squares approximation [6].

The first set of results lists the accuracy and per-
formance for the characterization step over a set of
8-bit functional units extracted from [6]. Table 1 lists
the results obtained for both heuristics under the unit
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Module Input Least Square Local Symbolic ZBDD
Name Prob char Error time Error Size

time avg max char eval avg max Nodes

A .3 .3 .23 .23
add cla8 B 87.3m .83 .9 .8 .1 .28 .39 2423

C 8.1 8.1 .23 .61

A .4 .4 .22 .22
add rpl8 B 72.2m .33 .8 .5 .1 .26 .32 1451

C 7.4 7.4 .20 .29

A .7 .7 2.5 2.5
add cbp8 B 75.0m .73 .9 .5 .1 1.95 3.8 1724

C 11.3 11.3 2.1 4.2

A .7 .7 .5 .5
sub8 B 4.6h 1.1 1.7 1.2 .15 .67 1.25 5819

C .4 .4 1.0 2.0

A .0 .0 5.1 5.1
barrel shifter4 8 B 22.3s 1.5 4.0 1.6 .2 4.4 6.6 11016

C 11.7 11.7 3.3 4.3

A .0 .0 .0 .0
equal8 B 9.6m .07 .1 .15 .02 .0 .0 330

C 6.3 6.3 .0 .0

A 1.3 1.3 2.2 2.2
greater8 B 40.7m .7 1.2 .5 .04 1.5 2.2 1665

C 1.5 1.5 1.3 2.6

A .0 .0 .0 .0
mux8 B .2s .0 .0 .2 .1 .0 .0 470

C .0 .0 .0 .0

Table 1: Power Estimation for functional Unit Characterization

delay model. The first column lists the functional
unit names: carry-lookahead (add cla), ripple-carry
(add rpl) and a carry-bypass (add cbp) adders, one
subtractor (sub), greater-than (greater) and equal-
ity (equal8) comparators, one multiplexor (mux) and
a 4-bit barrel-shifter (barrel shifter). The column 2
lists the input probability type:

A the probabilities are equal to .25 for all inputs;

B the probabilities ranges randomly from .1 to .25;

C the probabilities ranges randomly from .0 to .25;

Column 3,4 and 5 are extracted from [6], and show
results obtained by the least squares heuristic: the
characterization time under an Ultra Sparc I with
384Mb, the average and maximal error for the total
power, respectively. The total power computed by
the exact symbolic method is used as reference [9, 16].
The maximal and average error are identical for the
input probability type A, because there is only one



possibility. The type B was computed for three differ-
ent input vectors and the type C was computed just
once in [6]. Column 6,7,8,9 and 10 list the results
obtained by the LSZBDD heuristic. The average and
maximal errors (columns 8 and 9) was computed over
10 different input probabilities. The CPU time is in
seconds and corresponds to a computation on an Ul-
tra Sparc II with 128Mb. Column 10 lists the ZBDD
size. The maximal local support is set to 4 during
the LSZBDD computation.

We observe that the characterization step is time
expensive (more than 4 hours for the subtractor) for
the least squares heuristic. The maximal character-
ization time obtained by our LSZBDD heuristic is
below 2 seconds. However, the characterization time
is computed just once, and could be high. The least
square heuristic is calibrated by using input prob-
ability close to the types A and B. Therefore, the
errors are relatively small for these input probabil-
ities, however when the input probability type C is
used, the error could be around 10% for many cir-
cuits. Our LSZBDD heuristic has a maximal error
under 6.6%. The error is not sensitive to the input
probability type. The error is due to the internal cor-
relation generated by the reconvergent paths. As the
PS method, our LSZBDD is parameterized and could
be more accurate when taking more levels into ac-
count during the active variable selection. The barrel
shifter is the worst example, where each output is a
function of all primary inputs, and a high correlation
degree is present. However, the LSZBDD heuristic
gives better results for most of the circuits at differ-
ent input probability types: the multiplexor and the
equality comparator are exactly computed, and the
carry lookahead and the ripple carry adders are very
close to the exact solution (< .6%).

Table 2 shows the RTL circuit described in terms
of the functional units, which are used to evaluate the
least squares method in [6]. Table 3 lists the results
obtained by least squares heuristic and our LSZBDD
heuristic to compute the total power of RTL circuits.
Column 1 lists the circuit names. Columns 2 and 3
list the total power and the cpu time obtained by the
exact symbolic method [16], respectively. Columns 4
and 5 list the error with respect to the power dissi-
pation computed by the exact method, and the cpu
time in seconds for the least squares heuristic. Fi-
nally, columns 6 and 7 list the results obtained by
our LSZBDD heuristic.

The CPU time for both heuristics are similar,
and a large speedup factor is obtained (up to or-
ders of magnitude) with respect to the exact sym-
bolic method. Moreover, our LSZBDD heuristic sig-
nificantly reduces the error below 2%, which is due to

the independence of input probability values during
the characterization step.

Table 4 lists some 16 bit adders: carry-lookahead
(add cla), ripple-carry (add rpl) and a carry-bypass
(add cbp). The characterization is done by limiting
the local support to 4 and 8 variables. The column
description is similar to table 1. We observe a signifi-
cantly improvement on the accuracy when 8 variables
are taken into account to compute the local support.
The characterization and the evaluation time are still
small.

7 Conclusions and Future

Work

We have shown a novel method for power estimation
at RT-Level. This method employs gate-level poly-
nomial simulation to accurately model RTL modules.
The use of ZBDDs allows for effective and simple high
level models.

The input probabilities are kept symbolic at the
characterization step in order to avoid wrong assump-
tions about the circuit operating conditions. The
experimental results have shown a performance im-
provement of orders of magnitude with respect to the
exact symbolic method [16] without losing accuracy.
Our approach take into account glitches. The power
dissipation due to glitches is typically around 20% of
the total power, however for some cases such as arith-
metic circuits, the glitch power could be as high as
70% of the total power [9].

A more complex characterization step could be
developed. First, the local support could be com-
puted by modifying the original feather algorithm [5]
to take into account a limited depth input set in-
stead of the primary inputs. Then, a characterization
step may be performed by using 10 or more variables.
However, a large ZBDD will be generated. A post-
processing step can filter out the polynomial products
with a large number of variables: as the probabilities
ranges from 0 to 1, a probability product of 5 vari-
ables or more could be ignored. Finally, a compact
and approximate ZBDD is used to perform the eval-
uating step. Future works will be devoted to apply
these techniques in high level synthesis tools.
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