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ABSTRACT

Power consumption is an important design constraint for circuits used in portable devices. In
this thesis an analytic approach to minimize the power dissipation ofBinary Decision Diagram
(BDD) mapped digital circuits is presented. Our synthesis approach combines logic minimiza-
tion, low power optimization and mapping to aPass Transistor Logic(PTL) multiplexor cir-
cuit. The low power optimization procedure utilizes statistical properties for the input signals
to reduce the estimated power dissipation.

For BDD mapped circuits, the variable order of the underlying BDD heavily affects both
the number of nodes (size) and the switching activity for each node. In turn, static power dis-
sipation increases with circuit size, while dynamic power dissipation increases with switching
activity and capacitive load. The capacitive load for a mapped node is modeled as the number
of incoming edges. The cost model based on a PTL mapping is applied in a heuristic optimiza-
tion procedure iteratively improving the overall cost by local variable exchanges. Three novel
BDD based approximative methods for switching activity estimation are introduced. The first
method assumes no temporal signal correlation. The second method assumes temporal correla-
tion on the input signals only. Both of these simplifications allows the low power optimization
to be carried out exclusively by local BDD operations. The third method accounts also for
temporal correlation of internal signals in the circuit. The latter approach is refined at the cost
of computation complexity, whereas the optimization is no longer local. The mapped circuits
have in simulation (using a commercially available process model) shown reduced power dis-
sipation characteristic.

Furthermore a technique for extracting signal properties from synchronousFinite State
Machine(FSM) implementations is described. All computations are performed using decision
diagram techniques. As an application of this method, the extracted information is utilized in
the presented low power synthesis procedure. Experimental results on MCNC (combinational)
and ISCAS89 (sequential) benchmarks show significant reductions of the estimated power dis-
sipation. The ISCAS89 results how an average reduction of 40 percent and up-to 90 percent
on individual benchmarks.
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CHAPTER 1

Thesis Introduction

1 Background

The popularity of small, portable communications and computing devices has contributed to
an increasing interest in producing digital circuits optimized for low power dissipation. The
design of low power circuits can allow for the production of devices that operate longer for
a given amount of battery power, are more reliable due to reduced heat generation and have
lower packaging costs. These facts motivate designers to place emphasis on optimization for
low power dissipation, see e.g. [8] for an excellent overview.

The power dissipation characteristic for CMOS based digital circuitry is due to a static and
a dynamic component. The static component consists of contributions from “leakage” and
“standby” currents while the dynamic component is attributed to “switching” and “capacitive”
currents. The dynamic components only occur during the transition of internal circuit nodes
from one logic level to another. Usually the dynamic components dominates over the static
power dissipation [24], however with decreased feature size, the relative effect of the static
components increases. The dynamic power dissipation has a square dependency to the supply
voltage as seen in equation 1, it can also be seen that the dynamic power dissipation has a linear
dependency to the activity.

PD = Vdd(il + isub) + V 2
dd · fclk ·

N∑
k=1

ak · Ck + Vdd · fclk ·
N∑

k=1

ak · isck
(1)

At the architectural level, power dissipation may be reduced by the inclusion of automatic
power management techniques; shutting down redundant parts of the circuitry and utilizing
dynamic supply voltage and clock frequency scaling according to performance requirement
as applied in some recent microprocessors [9]. At theRegister Transfer Level(RTL) we may
structure the logic in tree structures (e.g. Wallace tree multipliers) to minimize spurious transi-
tions (glitches) that occur due to different path delays. Another example is to restrict resource
sharing as resource sharing may severely reduce signal correlation [23] and thus increase the
switching activity and power dissipation. At the device level, there have been advances in the
development of new CMOS properties. These reduce the static currents and allow the devel-
opment of “low-power” cell libraries, e.g., [26].

Design decisions at an higher abstraction level have greater impact on power dissipation,
however at the same time, power estimation is less accurate and may in worst case mislead
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4 INTRODUCTION

optimization. In this thesis, we address the problem of RTL low power synthesis.
One problem with optimizing digital circuits is that information about input signals to each

internal sub-circuit is not usually known. It is necessary to know how these signals behave
to get an accurate switching estimate. One way to gather this information is to simulate the
circuit; however, it is far too complex to get full coverage of even moderately sized circuits in
this manner. Alternatively, analysis of the circuit structure may be used to obtain the needed
information. As the dynamic power dissipation normally dominates over the static power dis-
sipation [24] it is needed to minimize the internal switching activity to minimize the power
dissipation. Temporal correlation on the occurring signals can have significant effect on the
switching activity and hence the power consumption [20].

Our goal is to device a method for low power synthesis that is able to foresee implemen-
tation effects down to the transistor level while performing optimization at a much higher ab-
straction level. We base our synthesis method onBinary Decision Diagrams(BDDs) [4, 21, 3]
and their mapping toPass Transistor Logic(PTL) multiplexor circuits [2, 25]. This allows us
to approximate the switching activity for each multiplexor node and to model circuit behavior
down to the transistor level. Our approach combines logic minimization, power estimation and
mapping. The low power optimization procedure utilizes a priori statistical properties for the
input signals to reduce the estimated power dissipation.

For BDD mapped circuits, the variable order of the underlying BDD heavily affects both
the number of nodes (size) and the switching activity for each node. In turn, static power dis-
sipation increases with circuit size, while dynamic power dissipation increases with switching
activity and capacitive load. The capacitive load for a mapped node is modeled as the number
of incoming edges. The cost model based on a PTL mapping is applied in a heuristic optimiza-
tion procedure iteratively improving the overall cost by local variable exchanges. Three novel
BDD based approximative methods for switching activity estimation are introduced. The first
method assumes no temporal signal correlation. The second method assumes temporal correla-
tion on the input signals only. Both of these simplifications allows the low power optimization
to be carried out exclusively by local BDD operations. The third method accounts also for
temporal correlation of internal signals in the circuit. The latter approach is refined at the cost
of computational complexity, whereas the optimization is no longer local. The mapped cir-
cuits have in simulation (using a commercially available process model) shown reduced power
dissipation characteristic.

Furthermore a technique for extracting signal properties from synchronous FSM implemen-
tations is described. The BDD describing the combinational path of the FSM is used to span
the state space [6] and build up anAlgebraic Decision Diagrams(ADD) [12, 11] containing
the state transition probabilities. The steady state probabilities are calculated from the ADD.
The ADD and the steady state probabilities are then used for the calculation of the switching
activities of the next state bits. As an application of this method, the extracted information is
utilized in the presented low power synthesis procedure.

Experimental results on MCNC(Combinatorial) and ISCAS89(Sequential) benchmarks show
significant power reductions on the power estimate. The ISCAS89 results show an average re-
duction of 40 percent and up-to 90 percent on individual benchmarks.

The thesis is outlined as follows: First some background on methods used, power dissipa-
tion in CMOS circuits and low power design flow. The next part Low Power Synthesis, Section
2, covers activity estimation (Section 2.1), low power optimization (Section 2.3), FSM anal-
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ysis (Section 2.4) and finally conclusions and future work (Section 2.7). The published and
submitted papers are reprinted as Paper A (introducing the basic synthesis method), Paper B
(extending switching estimation to consider temporal correlation) and Paper C (FSM analysis
for extracting statistical signal properties). The papers have been re-formated to single column
for thesis publishing.

1.1 CMOS Circuits

In this section we briefly review some essential CMOS characteristics. For a good overview on
the subject we refer the reader to [23].

CMOS gates consists of two parts, a pull-up and a pull-down network as in figure 1. The
idea is that when the pull-up network is active the pull-down is passive, which will give low
static currents.

PULL
UP

PULL
DOWN

DD

SSV

V

f

DD

SSV

V

f

b

a

Figure 1: CMOS NAND gate.

1.1.1 Power Dissipation in CMOS

Circuits based on NMOS and PMOS transistors using “CMOS technology” are known for
good power dissipation characteristics since very little current flows internally while a circuit
is at some fixed logic level. The small amount of current that does flow is termed the “static”
component and is due to leakage currents (i.e. reverse bias currents in the FETs) and sub-
threshold currents which are the small magnitude currents flowing fromVdd to ground. During
a logic-level transition, additional “dynamic” currents exist that can be classified as “capaci-
tive” currents which are those that are required for charging/discharging capacitive loads during
transitions and as “switching” currents which occur on DC paths between the supply rails dur-
ing logic transitions. The total power dissipation,PD, can then be described as a sum of the
contributions from each of these currents as given in Equation 2.
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PD = Vdd(il + isub) + V 2
dd · fclk ·

N∑
k=1

ak · Ck + Vdd · fclk ·
N∑

k=1

ak · isck
(2)

Where, the following notation is used:

• Vdd is the Supply voltage (Volts)

• il is the leakage current (Amps)

• isub is the sub-threshold current (Amps)

• fclk is the circuit clock frequency (Hz)

• N is the total number of internal circuit nodes

• Ck is the capacitive load at circuit nodek (Farads)

• isck
is the short circuit current due to dynamic switching at circuit nodek (Amps)

• ak is the switching activity at circuit nodek

Equation 2 shows that the dynamic power dissipation component is dependent on the
switching activity parameter,ak. Past research has shown that the switching activity parameter
is highly dependent on temporal correlations of circuit input signal values [20]. As an example,
a combinational circuit that is responsible for generating next-state values in a synchronous fi-
nite state machine exhibits a definite correlation between previously produced logic values and
those to be produced in the near future since only a subset of all possible states are reachable
given the current state. If it is assumed that all circuit input signals are spatially uncorrelated,
the switching activity,ak may be approximated by the switching probability,âk.

In Paper A [19], we develop a technique for minimizing the switching probability value,
âk, in a digital circuit that is generated based on structural information of a BDD. We are thus,
minimizing an estimate of the total power dissipation,ˆPD as shown in Equation 3.

ˆPD = Vdd(il + isub) + V 2
dd · fclk ·

N∑
k=1

âk · Ck + Vdd ·
N∑

k=1

âk · isck
(3)

1.1.2 PTL Circuits

A pass transistor works as a switch, either propagating the input signal or not. The pass tran-
sistor is a passive component, thus we need to insert buffers (amplifiers) to ensure speed (fall
and rise time conditions) and signal integrity.

In figure 2a, we have an unbuffered pass transistor logic multiplexor. As we are using
transmission gates, NMOS and PMOS transistors connected together, voltage drop is avoided.

Furthermore we have in figure 2b, a buffered pass transistor logic multiplexor. The buffer
consists of two inverters, which preserves the same function as the unbuffered multiplexor.
However, the buffered (amplified) output has the ability to better drive a capacitive load (faster
signal propagation). Furthermore, the first inverter can be used to produce the complement of
the output function.
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Figure 2: CMOS PTL multiplexor, a) Unbuffered PTL mux b) Buffered PTL mux.

1.2 ASIC Design Flow for Low Power Synthesis

The classical design flow usually includes the following steps: The first part is specification
followed by HDL entry which can be read into a synthesis tool. The synthesis tool generates
a gate level net-list of the design. To be able to optimize for power we simulate the gate
level net-list to generate a switching activity file for all nodes in the net-list. This information
is back-annotated to the synthesis tool that can optimize the net-list based on the additional
information. After the optimization we may need to re-simulate the net-list to account for
changes inferred to the net-list structure. This may be iterated until we reach a point with no
improvement, a time costly procedure. Since the effect of inferred changes are not known until
simulation, suboptimal solutions may be obtained. Finally the net-list can be sent to the place
and route tool which also can extract parasitics. This information can be back-annotated to
get better power estimates. Re-synthesis may be applied again as routing information is now
considered. Yet another iterative optimization process to pass before final tape-out.

Our design flow differs from the standard flow in that we use a combined analysis and
synthesis tool. In the case of FSM synthesis, we start by analyzing the circuit to extract sta-
tistical information regarding the next state function. This information together with statistical
properties of the primary input signals are then used in our proposed low power synthesis
method. Using our approach neither back annotation nor iterative re-synthesis is required for
the switching activity optimization. Currently out method does not perform routing and para-
sitic extraction. However, all required information for routing is inherent in the BDD structure.
As delay properties for each mapped node can be derived, a routing tool for BDD mapped
circuits may produce (theoretically) glitch free circuits, a topic set for future research.
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it works
as specified

Repeat until
it works
as specified

Repeat until

Specification

Design entry

simulation
Functional

Synthesis

simulation

Gate level

Backannotate

switching activity

for low power synthesis

Place & route
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for synthesis

Specification

Design entry

simulation
Functional

simulation

Gate level

Place & route

Backannotate
timing and parasitics
for synthesis

Analysis &

Synthesis

a) b)

Architecture
Level

RTL

Gate Level

Transistor

Level

Figure 3: Design flows: a) Classical design flow, b) Our Proposed Design Flow.

1.2.1 Low Power Optimizations

The potential power reduction at the architecture level is huge. However, the high abstraction
level may give inaccurate power dissipation estimates, as we proceed to lower abstraction lev-
els the accuracy of the power estimation improves. At the architecture abstraction level, many
different techniques to lower the power dissipation have been proposed. Power dissipation may
be reduced by the inclusion of automatic power management techniques; shutting down redun-
dant parts of the circuitry and utilizing dynamic supply voltage and clock frequency scaling
according to performance requirement as applied in some recent microprocessors [9].

The accuracy of power estimation at theRegister Transfer Level(RTL) is much more pre-
cise than at the architectural level, but the degrees of freedom for optimization is more limited.
One approach is to structure the logic as trees (e.g. Wallace tree multipliers) to minimize spu-
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rious transitions (glitches) that occur due to different path delays. Furthermore, tree structures
minimize critical path delays, allowing either higher speed of operation or lowering the supply
voltage. Another example is to parallelize the structure to lower the frequency and thus give
the opportunity to reduce the supply voltage. This is related to restricting the use of resource
sharing. The sharing of resources may severely reduce signal correlation [23] and thus increase
the switching activity and power dissipation. However, reducing resource sharing will in many
cases increase the area used for the design, a typical trade-off situation between area and power.

After we have done the design entry we can synthesize our circuit description to gate level
net-list. The RTL description will give us a fixed clock to clock behavior as all registers are
specified. We can however re-structure the combinational paths to minimize the switching
activity.

At the device level (transistor/process level), there have been advances in the development
of new CMOS properties. These reduce the static currents and allow the development of “low-
power” cell libraries, e.g., [26]. The reported static power dissipation for the VLL low power
library is only 0.015% of the MPU high performance library. In effect eliminating the static
power dissipation, while being only three times slower. Interesting to notice is that the low
power library is defined for a higher supply voltage 1.5V compared to 1.2V for the MPU. This
normally indicates a higher dynamic power dissipation. However, UMC also provides a LL
library at 1.2V, having 0.04% of the MPU static power, which might be a favorable alternative
for computationally intensive applications.

1.3 Binary Decision Diagrams

In the following two sections, we give a brief introduction to decision diagrams. BDDs can
efficiently represent many Boolean functions. Furthermore, Boolean operations (AND, OR,
etc.) can be efficiently performed on the BDDs. Letf0 (f1) denote thecofactor of f with
respect tox (x). A Boolean function,f : Bn → B, can then be represented by the following
formula commonly known as theShannon Decomposition:

f = xf0 + xf1 (4)

Consider a rooted,Directed Acyclic Graph(DAG), G, having terminals0 and1 and non-
terminals (internal nodes) labeled with binary decomposition variables,x. Each internal node
has two exiting edges that point to cofactor subgraphs,f0 andf1. The edge with the attribute,
0(1), points to the subgraph representingf0 (f1). In this work, we only considerorderedBDDs
[4] where each variable can occur only once on each path and in the same order for any possible
path. Vertices having the same decomposition variable are considered to be at the samelevel
in the diagram. Diagram levels are enumerated from the root (top level) toward the terminals
(bottom level). Furthermore, we assume that the BDDs are fullyreducedin that the following
rules of “reduction” have been applied:

• There exist no two subgraphs expressing the same function (i.e., no two subgraphs are
graph-isomorphic).

• There exist no redundant nodes (i.e.f0 = f1 does not occur).
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1x

x2

0 1
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x1

0

10

10

f

(a) ( b)

10

f
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Figure 4: BDD function, a) Without complement b) With complement.

A single graph can be used to represent bothf andf , where the latter function is identified
by a complement attribute on the incoming edge [21, 3]. For a given ordering, a reduced
BDD provides a canonical representation of the function under some restrictions for the use
of complemented edges. The restrictions are that only one terminal is to be used (e.g., the
0-terminal), and complementation is only allowed to occur on one type of the outgoing edges
(e.g., the1-edge).

The form of BDD described above can be used to also represent multiple-output functions
by allowing each single output to be rooted arbitrarily in the resultingshared-BDD.

1.4 Algebraic Decision Diagrams

An Algebraic Decision Diagram is similar to a Binary Decision Diagram with one significant
difference. The leafs contain a floating point value instead of a single bit. For example, this
makes it possible to represent a floating point matrix with an ADD.

This can be done by encoding the rows as the top-most (first) variables and the columns
as the last variables. Then we have a complete matrix encoding, especially efficient for sparse
matrixes as all zero nodes are shared. In figure 5 we show how the matrix described in equation
5 is mapped to an ADD. 

3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

 (5)
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Figure 5: Matrix encoding, non-reduced ADD.
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2 Low Power Synthesis

The main problem in low power synthesis is to estimate the switching activity and thus the
dynamic power dissipation. Switching activity may be extracted by gate level simulations.
However, to get full coverage using simulation is time consuming even for small sized circuits.
Therefore, we seek analytic methods to approach this problem.

To be able to calculate the power dissipation we also need to estimate the capacitive load of
all nodes. We approach this problem by using the inherent structure of BDD mapped circuits.
This allows us to devise a computationally efficient cost function for low power optimization.

Our synthesis utilizes statistical properties of the primary inputs. These can be obtained
by efficient functional simulation. We describe an analytic method for extracting statistical
properties for next state signals of FSM circuits. In this way, the need for computationally
expansive gate level simulation is surpassed, while signal statistics are utilized for low power
synthesis.

2.1 Switching Activity Estimation

In this section we give a review and introduction to signal switching activity estimation. We
refer the interested reader to [24] for an excellent in depth elaboration on the subject. Three
new approximative methods for BDD based switching activity estimation are introduced and
evaluated. In the following we assume the input signals to be mutually independent (spatially
uncorrelated) and that the signals can be modeled as strict sense stationary (SSS) and mean
ergodic with zero delays [24]. That is, all switching is carried out simultaneously and that
signal probability and switching activity does not vary over time.P (f) denotes the probability
of f being 1, i.e. the output probability off . a(f) denotes the activity forf , i.e., the probability
of f changing value from one cycle to the next.

2.1.1 Previous Work

Let us start out by looking at a simple functionf = x1 ⊕ x2 given the input probabilities
P (x1) = 1/2, P (x2) = 1/2 and the switching activities (probability for signal switching),
a(x1) = 2/3, a(x2) = 3/4.

2.1.1.1 Overestimation Technique A way to deal with this is to sum the contribution from
each input signal switching as in formula 3.6 from [24]. This gives:

a (f) =
n∑

i=1

P

(
∂f

∂xi

)
a (xi) = P

(
∂f

∂x1

)
a (x1) + P

(
∂f

∂x2

)
a (x2)

= P (f |x1 ⊕ f |x1) a (x1) + P (f |x2 ⊕ f |x2) a (x2)

= a (x1) + a (x2) = 2/3 + 3/4 = 17/12

The example clearly shows that the formula presents an overestimation, as the given condi-
tion of simultaneous switching ensuresa(f) ≤ 1. This occurs since the effect of simultaneous
switching of the inputs is not considered.
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2.1.1.2 Exact Method In [24] a formula of boolean difference is described.

∂yk|bi1
,bi2

,...,bik

∂xi1 , ∂xi2 · · · ∂xik

= y|xi1
=bi1

,xi2
=bi2

,...,xik
=bik

⊕ y|xi1
=bi1

,xi2
=bi2

,...,xik
=bik

(6)

We apply theorem 3.2 from [24]:

a(y) =
n∑

i=1
Pc

(
∂y
∂xi

)a (xi)
∏
i6=j

1≤j≤n

(1− a (xi))


+1

2

{ ∑
1≤i<j≤n

[
Pc

(
∂2y|00
∂xi∂xj

)
+ Pc

(
∂2y|01
∂xi∂xj

)]
× a (xi) a (xj)

∏
l∈{1,2,...,n}−{i,j}

(1− a (xl))

}
+ · · ·

+ 1
2n−1

[
Pc

(
∂ny|00...0

∂x1∂x2···∂xn

)
+ Pc

(
∂ny|00...1

∂x1∂x2···∂xn

)
· · ·+Pc

(
∂ny|01...1

∂x1∂x2···∂xn

)] ( n∏
l=1

a (xl)
)

(7)
and obtain:

a (f) = Pc

(
∂f

∂x1

)
a (x1) (1− a (x2))

+Pc

(
∂f

∂x2

)
a (x2) (1− a (x1)) (8)

+
1

2

(
Pc

(
∂2f |00
∂x1∂x2

)
+ Pc

(
∂2f |01
∂x1∂x2

))
(9)

= a (x1) (1− a (x2)) + a (x2) (1− a (x1))

= 2/3 ∗ 1/4 + 3/4 ∗ 2/3 = 2/3

Pc(xi) denotes the conditional probability ofxi being 1 while not switching.

Pc (xi) =
P (xi)− a (xi) /2

1− a (xi)
(10)

In the above formula, terms 8 reflect the contribution whenever a single input changes,
computed as the conditional probability that a change atxi will propagate multiplied by the
probability of switchingxi while other inputs do not switch. Terms 9 reflect the contribution of
simultaneous switching of both inputs. For an EXOR function, no such propagation ever takes
place, therefore the terms are null.

2.1.2 BDD Based Approximations

In order to devise an improved low power synthesis method for BDD mapped circuits we seek
accurate and computationally efficient switching activity estimation methods able to utilize
temporal correlation information.
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P [f t1 ∩ f t2] f t1 f t2

((1− P [x])(1− P [f0]) + P [x](1− P [f1]))
2 0 0

((1− P [x])(1− P [f0]) + P [x](1− P [f1]))((1− P [x])P [f0] + P [x](P [f1])) 0 1
((1− P [x])P [f0] + P [x](P [f1]))((1− P [x])(1− P [f0]) + P [x](1− P [f1])) 1 0

((1− P [x])P [f0] + P [x](P [f1]))
2 1 1

Table 1: Probabilities at Subsequent Observations.

2.1.2.1 Probabilistic Approximation (Paper A [19]) An output probability of a function,
f , denoted asP [f ] is the probability thatf has a value of “1” at some arbitrary time of ob-
servation [22, 7, 16]. Consider a functionf having the output probabilityP [x] for the input
variablex and the output probabilitiesP [f0] andP [f1] for the corresponding cofactorsf0 and
f1. In terms of a BDD, this relationship is shown in Figure 6.

P[f ] P[f ]

f

P[x]

0 1

x
10

Figure 6: Switching Probability in BDD Vertex.

We seek the switching activitya[f ] of f . Switching occurs if and only if the value off
changes from 0 to 1 or 1 to 0. We note that the probability that a function is 0-valued is given
as the probability that the variable,x and the cofactorf0 are 0-valued or that the variable,x is
1-valued but the cofactor,f1 is 0-valued. A similar statement can be made for the probability
thatf = 1. These relationships are given in the following equations.

(1− P [x])(1− P [f0]) + P [x](1− P [f1]) for f = 0 (11)

(1− P [x])P [f0] + P [x]P [f1] for f = 1 (12)

Now, consider the value off at two different observation timesf t1 andf t2. f is considered
to “switch” if the value off t1 6= f t2. Table 1 enumerates the possible states off at two
subsequent observation times,t1 andt2.

Due to the definition of “switching”,f t1 6= f t2, we can derive the probability of switching
based on the output probabilities [19] given in Table 1. Hence the switching activitya[f ] of f
can be computed as:

a[f ] = P [f t1 = 0 ∩ f t2 = 1] + P [f t1 = 1 ∩ f t2 = 0] (13)
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Using the expression in Table 1 and substituting them into Equation 13, we have the result:

a[f ] = 2((1− P [x])(1− P [f0]) + P [x](1− P [f1]))

((1− P [x])(P [f0]) + P [x](P [f1])) (14)

Obviously, all information regarding the switching activity of the input signals is lost in the
calculation. Therefore, any optimization algorithm based on this formula will render subopti-
mal results whenever temporal correlation on the input signals is at hand. Pursuing the EXOR
example from Section 2.1.1 using the switching activity estimate from [19] gives:

a (f) = 2 ((1− P (x1)) (1− P (x2)) + P (x1)P (x2))×
((1− P (x1))P (x2) + P (x1) (1− P (x2))) = 1/2

As mentioned in Section 2.1.1.2, switching activity can be exactly computed by Theorem
3.2 [24] under the conditions; spatially uncorrelated inputs and simultaneous signal transitions.
However, the exact method requires the computation of2N generalized cofactors (whereN is
the number of dependent variables). To overcome this computational complexity, we seek new
methods to approximate the switching activity.

2.1.2.2 Local Approximation (Paper B [19]) Assume a BDDF representing the function
f with the top variablev, and the cofactorsf0 = f |v=0, f1 = f |v=1 respectively, figure 7 (left
in figure). The switching activitya(f) can be approximated as:

a (f) = Pc (v) (2P (f1) (1− P (f1))) + Pc (v) (2P (f0) (1− P (f0)))

+a (v) (P (f0) (1− P (f1)) + P (f1) (1− P (f0)))

The first two terms account for the switching of the cofactors given that the selection vari-
ablev is stable, while the third term accounts for switching given thatv changes its value.
Using the formula for conditional probability, Equation 10, we obtain:

a (f) = (P (v)− a (v) /2) (2P (f1) (1− P (f1)))

+ (1− P (v)− a (v) /2) (2P (f0) (1− P (f0)))

+a (v) (P (f0) (1− P (f1)) + P (f1) (1− P (f0)))

Applied to the EXOR example from Section 2.1.1, givesa(f) = 0.5. Since the approxi-
mation does not consider the switching activity of the cofactors,a(f0) anda(f1) we obtain an
underestimation in this case, compared to the exact switching activitya(f) = 2/3 from Section
2.1.1.2.
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2.1.2.3 Multiplexor Based Approximation (Paper B [19]) The approximation method
from previous section does not consider the switching of cofactors. The exact method dis-
cussed in Section 2.1.1.2 overcomes this limitation by excessive computation of generalized
cofactors. In order to side step the computational complexity of the exact method, we assume
there to be no spatial correlation between the cofactors (successors). Thus, our approximation
renders the exact result in the case the cofactors are spatially uncorrelated. In the case cofactors
are positively correlated we obtain an overestimate, as a top variable switching is less prone
to cause a true switching of the node’s output. The opposite holds for negatively correlated
cofactors.

To model the switching activity for a single BDD node, the node is expanded into a mul-
tiplexor, having the node variable as the selection variable and the node’s cofactors as the two
inputs. The three variable function as a BDD is shown in Figure 7.

f 0

P(f ),a(f )00

P(f ),a(f )1 1

P(f ),a(f )00

P(f ),a(f )1 1f 1

f

0 1

0 1

v

0 1

0 1

0 1

P(v),a(v)

f 0 f 1

v

f

0 1

Figure 7: Multiplexer model

This allows us to apply Theorem 3.1 from [24]. The first term, defines the switching activity
contribution of a single variable change, the second two simultaneously changing variables, and
the third when all variables change simultaneously.

a (y) =
3∑

i=1
Pc
(

∂y
∂xi

) (
a (xi)

∏
i6=ji≤j≤3

(1− a (xi))

)
(15)

+1
2

( ∑
1≤i<j≤3

(
Pc
(

∂2y|00
∂xi∂xj

)
+ Pc

(
∂2y|01
∂xi∂xj

))
×a (xi) a (xj)

∏
l∈{1,2,3}−{i,j}

(1− a (xl))

)
(16)

+1
4

(
Pc
(

∂3y|000
∂x1∂x2∂x3

)
+ Pc

(
∂3y|001

∂x1∂x2∂x3

)
+Pc

(
∂3y|010

∂x1∂x2∂x3

)
+ Pc

(
∂3y|011

∂x1∂x2∂x3

))( 3∑
l=1

a (xl)
)

(17)

Expanding the function gives:

a(y) = Pc

(
∂y

∂x1

)
a (x1) (1− a (x2)) (1− a (x3))
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+Pc

(
∂y

∂x2

)
a (x2) (1− a (x1)) (1− a (x3))

+Pc

(
∂y

∂x3

)
a (x3) (1− a (x1)) (1− a (x2))

+
1

2

(
Pc

(
∂2y|00
∂x1∂x2

)
+ Pc

(
∂2y|01
∂x1∂x2

))
× a (x1) a (x2) (1− a (x3)) +

1

2

(
Pc

(
∂2y|00
∂x1∂x3

)
+ Pc

(
∂2y|01
∂x1∂x3

))
× a (x1) a (x3) (1− a (x2)) +

1

2

(
Pc

(
∂2y|00
∂x2∂x3

)
+ Pc

(
∂2y|01
∂x2∂x3

))
× a (x2) a (x3) (1− a (x1))

+
1

4

(
Pc

(
∂3y|000

∂x1∂x2∂x3

)
+ Pc

(
∂3y|001

∂x1∂x2∂x3

)
+ Pc

(
∂3y|010

∂x1∂x2∂x3

)
+

Pc

(
∂3y|011

∂x1∂x2∂x3

)
a (x1) a (x2) a (x3)

(19)

We continue by evaluation of the boolean difference.

a(y) = Pc (x2x3 + x2x3) a (x1) (1− a (x2)) (1− a (x3))

+Pc (x1) a (x2) (1− a (x1)) (1− a (x3))

+Pc (x1) a (x3) (1− a (x1)) (1− a (x2))

+
1

2
(Pc (x3) + Pc (x3))× a (x1) a (x2) (1− a (x3)) +

1

2
(Pc (x2) + Pc (x2))× a (x1) a (x3) (1− a (x2)) +

1

2
(Pc (1) + Pc (1))× a (x2) a (x3) (1− a (x1))

+
1

4
(Pc (1) + Pc (0) + Pc (0)+

Pc (1)) a (x1) a (x2) a (x3)

To expandPc(xi) we show thatPc (xi) = 1− Pc (xi).

Pc(xi) =
P (xi)− a(xi)/2

1− a(xi)

=
(1− P (xi))− a(xi)/2

1− a(xi)

=
(1− P (xi))− a(xi)/2 + (a(xi)/2− a(xi)/2)

1− a(xi)
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=
1− a(xi)− P (xi) + a(xi)/2

1− a(xi)

=
(1− a(xi))− (P (xi)− a(xi)/2)

1− a(xi)

= 1− P (xi)− a(xi)/2)

1− a(xi)
(20)

SinceP (xi) = 1 − P (xi) anda(i) = a(xi) we have the proof. Now we can break up the
conditional probability for the first term as follows:

a(y) = (Pc(x2)(1− Pc(x3)) + (1− Pc(x2))Pc(x3))a (x1) (1− a (x2)) (1− a (x3))

+Pc (x1) a (x2) (1− a (x1)) (1− a (x3))

+Pc (x1) a (x3) (1− a (x1)) (1− a (x2))

+
1

2
(Pc (x3) + Pc (x3))× a (x1) a (x2) (1− a (x3)) +

1

2
(Pc (x2) + Pc (x2))× a (x1) a (x3) (1− a (x2)) +

1

2
(Pc (1) + Pc (1))× a (x2) a (x3) (1− a (x1))

+
1

4
(Pc (1) + Pc (0) + Pc (0)+

Pc (1)) a (x1) a (x2) a (x3)

The conditional probability is evaluated:

a(y) =

(
(P (x2))− a (x2) /2

1− a (x2)
· (1− P (x3))− a (x3) /2

1− a (x3)

+
(1− P (x2))− a (x2) /2

1− a (x2)
· (P (x3))− a (x3) /2

1− a (x3)

)
a (x1) (1− a (x2)) (1− a (x3))

+
(1− P (v))− a (v) /2

1− a (v)
× a (f0) (1− a (v)) (1− a (f1))

+
P (v)− a (v) /2

1− a (v)
× a (f1) (1− a (v)) (1− a (f0))

+
1

2
(1)× a (x1) a (x2) (1− a (x3)) +

1

2
(1)× a (x1) a (x3) (1− a (x2)) +

1

2
(1 + 1)× a (x2) a (x3) (1− a (x1))

+
1

4
(1 + 0 + 0 + 1) a (x1) a (x2) a (x3)

Finally the multiplexor model gives the following derived formula for a single BDD node
(see figure 7).
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a (y) =

(
(P (f0) + P (f1)− 2P (f0)P (f1))

1− (a (f0) + a (f1)− a (f0) a (f1))

−
1
2
(a (f0) + a (f1)− a (f0) a (f1))

1− (a (f0) + a (f1)− a (f0) a (f1))

)
× a (v) (1− a (f0)) (1− a (f1))

+
(1− P (v))− a (v) /2

1− a (v)
× a (f0) (1− a (v)) (1− a (f1))

+
P (v)− a (v) /2

1− a (v)
× a (f1) (1− a (v)) (1− a (f0))

+
1

2
× a (v) a (f0) (1− a (f1)) +

1

2
× a (v) a (f1) (1− a (f0))

+a (f0) a (f1) (1− a (v)) +
1

2
a (v) a (f0) a (f1) (21)

Applied to the EXOR example from Section 2.1.1, givesa(f) = 0.54. Since the cofactors
are negatively correlated, we obtain an underestimate, compare to the exact methoda(f) =
2/3.



2. LOW POWER SYNTHESIS 21

2.2 Circuits Based on BDD Mappings

(Paper A [19]) A BDD can be directly mapped to a multiplexor based circuit as described in
[1], to a “timed” circuit as described in [17] or to a “pass-transistor” based circuit as described
in [2, 5, 25, 19]. In all cases, the resulting circuit can be considered to be one that is obtained
by replacing BDD vertices with small sub-circuits and BDD edges with wires.

f   f   f   f   

ff

f   f   f   f   

1

0 1

b b

a

10

00 1110 0100 1001

0

11

b

a

Figure 8: BDD mapped to Multiplexor net-list

It is known that the diagram size (and therefore the circuit complexity) is sensitive to the
ordering of the function variables (which represent circuit input signals), and may vary from
linear to exponential under different orderings for some functions. Both exact and heuristic
methods have been developed to tackle this problem. However, in this paper we are not only
concerned with the complexity of the circuit resulting from a BDD, but to an even greater
extent, the power dissipation.

As discussed in a previous section, one of the main factors of power drain in a CMOS digital
circuit is the switching probability of each MUX output. In order to provide the background
for our technique, we state the following Lemma:

Lemma 1 Consider a levell in the diagram and its corresponding set of nodesNl having
decomposition variablexl. The output probability of each node inNl is unaffected by the
variable ordering above and belowl.

Proof 1 This follows from the properties of BDDs [10]. The cofactors to be implemented at
levell are independent of the ordering abovel. The cofactors implemented by levell+1 remain
unaltered as they are derived froml only. As the output probability of nodes atNl are solely
defined from the output probabilities of nodes atNl+1 and the probability ofxl we have the
lemma.

Now, let us consider the switching probability of nodesNl at levell. As defined in Equation
14, the switching probability depends only on the output probability of the cofactors (P [Nl+1])
and (P [xl]) of variablexl under our assumptions. In the next section we show how this property
can be utilized in a reordering method for BDDs.
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2.2.1 Local Variable Exchange

Many state of the art heuristics for BDD minimization are based on “sifting” operations which
are popular due to the ease in which local variable exchanges can be accomplished [14]. The
key property is that a local exchange of variables in a BDD can be done solely by redirecting
edges locally in the diagram. Since our main concern is to minimize the overall switching
probability (activity) of the resulting circuit, we show that the switching probability can be
computed by local operations during sifting.

Consider a functionf represented by a BDD. The switching probability off (as represented
by a root node in a BDD) is independent of the variable ordering, as switching probability is
a functional property off . We can now show that changes in internal switching probabilities
can occur due to local BDD variable exchanges as illustrated in Figure 9. Due to the reduction
rules that are applied after a local variable exchange, some vertices and edges may be elimi-
nated resulting in fewer intermediate switching probability values. From the functional prop-
erty of switching probability, it follows that the switching probability off remains unaffected
by local variable exchanges. Furthermore, switching probabilities of sub-functions below the
exchanged levels are also preserved, since the cofactors at levels indicated by the word “be-
low” are intact during sifting. This holds for exchanging arbitrary (neighboring) levels in the
diagram.

P[b]

P[b]

P[b] P[a]P[a]

P[a]

ff

ff

P[f   ] P[f   ]P[f   ]P[f   ] P[f   ] P[f   ]P[f   ] P[f   ]
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lower
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(a) ( b)

1000 11

0 1

b b

a

10

0 1
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1101 0100

b

a
10101

a
_0 _1

0

Figure 9: BDD Local Variable Exchange and Effect on Probabilities.

We need to show that the switching activities of the nodes (f0 andf1) at levels denoted by
the word “lower” in Figure 9 can be computed locally during sifting. Finally we show that the
probabilistic method in section 2.1.2.1 can be computed locally.

From Equation 14 we derive:

a[f0 ] = 2((1− P [a])(1− P [f00]) + P [a](1− P [f10)))((1− P [a])(P [f00]) + P [a](P [f10]))

a[f1 ] = 2((1− P [a])(1− P [f01]) + P [a](1− P [f11]))((1− P [a])(P [f01]) + P [a](P [f11]))

As the output probabilities{P [f00], P [f10], P [f01], P [f01]} are unaltered during sifting, the
operation is local.
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2.2.2 Complemented Edges

The use of complemented edges has shown both to reduce BDD complexity and improve per-
formance of operations, [21, 3]. The statements above apply for BDDs using complemented
edges by making the following observations:

1. The output probabilityP [f ] of f is equal to1− P [f ].

2. The switching activitya[f ] of f is equal toa[f ].

We can utilize these properties to compute local switching probabilities during variable ex-
change operations on BDDs with complemented edges.
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2.3 Low Power Synthesis of PTL Circuits

(Paper B [18]) A method for low power synthesis of BDD mapped circuits was first introduced
in [19] (Paper A). The power dissipation of each node was computed by the estimated switching
activity and the node’s fanout (capacitive load). The variable order of the underlying BDD was
shown to influence not only the area (number of nodes) but also the internal switching activity.
An optimization algorithm based on local variable exchange (sifting) was devised. Since the
switching activity estimate (and therefore the cost function) could be computed solely by local
operations on the diagram, the method proved to be computationally efficient. However, as
previously discussed in Section 2.1.2.1 the estimate does not consider any temporal signal
correlation, which may severely mislead the optimization into suboptimal circuits. For further
details we refer the reader to [19].

2.3.1 Power Dissipation Modeling

We define the cost model based on the total circuit switching activity under a given set of
dependent variable output probabilities. In the following we denote the dependent variables as
supportvariables. We attempt to minimize the sum of all internal switching probabilities at
each BDD vertex.

This model has some assumptions. We assume the input signals to the resultant circuit
to be statistically independent from each other. This is the assumption that allows us to use
the switching probability computed in the BDD representation as an estimate for the actual
switching activity of a circuit.

The approach from [19] is based on the the mapping of each BDD node into a PTL multi-
plexor circuit, see Figure 10 (the number of driver stages increases with fanout (b) as to balance
the speed of the circuit).

fff f
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ff

f

(a) (b)

a

a

a

a
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VDD VDDVSS VSS

Stage 1Stage 1

Stage 2

Stage m

Figure 10: BDD node mapping into PTL multiplexor circuits

We estimate the power dissipation for the mapped node as:

PDn = a(n) ∗ driver(fanout(n)) + leakage(n) (22)

To validate the above formula we have conducted transistor level simulations using models
from a commercially available CMOS process. Our results show that the power dissipation of
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Stage 1 Stage 2 Stage 3 Stage 4 Stage. . .
fan-out p/n p/n p/n p/n . . .

1 4/2 4/2 - - -
> 1 4/2 8/4 8/4 - -
> 3 4/2 16/8 16/8 - -
> 6 4/2 8/4 32/16 32/16 -
> 12 4/2 16/8 64/32 64/32 -
. . . . . . . . . . . . . . . . . .

Table 2: Driver width in lambda.

external switching (driving the fanout load capacitance) dominates over the internal switching
in the multiplexor by a factor of over a 100 to 1 under unity load (a single fanout). Thus, the
effect of internal switching can be disregarded.

Power
switch x, f0 = 0, f1 = 1 18827
switch x, f0, f1(f = stable) 14
x=0, switch f0, f1 = 0 10688
x=0,f0 = 0, switchf1 22

Capacitive load and leakage parameters are strongly process dependent. In the following,
we have assumed 0 leakage and driver power dissipation to be linear with the fanout (capacitive
load). We do not consider any parasitic capacitances due to routing.

2.3.2 CMOS PTL Mapping

As mentioned in Section 2.2 a circuit can be derived from a structural mapping of the BDD.
In order to verify our minimization method we have developed a simple mapping tool for PTL
based CMOS circuits. Each BDD node is mapped to a sub-circuit shown in Figure 10. The
select signal (input) is present in both polaritiesa anda. f andf are always computed (no
optimization is applied). The driver is chosen according to the total fan-out of the node as
shown in Table 2. (This assumes the worst case situation, all outputs of the same polarity.) The
number of inverter stages ranges from 2 (as shown in Figure 10) (a) and upwards (b) in Figure.
The transistor sizings for each inverter stage are given in nominal values for the process,p for
P-transistors andn for N-transistors. Values are chosen to ensure balanced rise and fall times.
Edges in the diagram are implemented as mere interconnections (without parasitics).

2.3.3 Approximation Characteristics

The algorithm for low power synthesis of BDD mapped circuits from [19] is based on local
variable exchange of the underlying BDD. In Section 2.1, a number of switching activity esti-
mation methods were discussed. In the following we further analyze their properties and show
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how they can be applied to low power synthesis for BDD mapped circuits. The total power
dissipation of the mapped circuit is computed as:

PDtot =
∑
∀n

a(n)× driver(fanout(n)) + leakage(n) (23)

Let us return to the EXOR functionf = x1 ⊕ x2 given the input probabilitiesP (x1) =
1/2, P (x2) = 1/2 and the switching activitiesa(x1) = 2/3, a(x2) = 3/4, Figure 11 (a). The
table below shows the estimated switching activity for each BDD nodef , f0 andf1 and the
total estimated power dissipationPower. As shown in the table,Probabilistic [19] (Section
2.1.2.1) leads to an underestimation, while the proposed local and mux based approximations
come closer to the exact result.
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Figure 11: Variable Swap

a (f) a (f0) a (f1) Power
Over Est. [24] (3.6) ∼ 1.42 ∼ 0.75 ∼ 0.75 2.92

Exact Est. [24] (3.2) ∼ 0.67 ∼ 0.75 ∼ 0.75 2.17

Probabilistic 2.1.2.1 0.5 0.5 0.5 1.5

Local Approx. 2.1.2.2 0.5 0.75 0.75 2

MUX Approx. 2.1.2.3 0.58 0.75 0.75 2.08

Let us now change the underlying variable order, Figure 11 (b). (In this example that
leads only swapping the input switching activities.) The overall power dissipation for the exact
method is reduced to 2. Also the other approximative methods indicate a reduction (except for
the Probabilistic approach which is unable to utilize the signal activity information).

a (f) a (f0) a (f1) Power
Over Est. [24] (3.6) ∼ 1.42 ∼ 0.67 ∼ 0.67 2.75

Exact Est. [24] (3.2) ∼ 0.67 ∼ 0.67 ∼ 0.67 2

Probabilistic 2.1.2.1 0.5 0.5 0.5 1.5

Local Approx. 2.1.2.2 0.5 0.67 0.67 1.83

MUX Approx. 2.1.2.3 0.54 0.67 0.67 1.88
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D min() {
1 computeDsw[ total]
2 for each variable{
3 sift to position minimizingDsw[ total]
4 } repeat until no further improvement
}

Figure 12: Minimization of Power Dissipation.

The switching estimate from section 2.1.2.1 was shown to be computed solely by local
operations on the BDD. The local approximation proposed in Section 2.1.2.2 share the same
property, as only the output probability of the successors are used for the computation. This
holds since the exact output probability of the successors are known. However, the mux ap-
proximation proposed in Section 2.1.2.3 also considers the approximated switching activity of
the node’s successors the local condition no longer holds. This implies that after a local variable
exchange, switching activity estimates need to be propagated towards preceding levels in the
diagram. Thus, the local approximation method can be directly incorporated in the optimiza-
tion algorithm from 2.1.2.1, whereas the mux based approximation requires re-computation of
switching activity for preceding levels in the diagram. While the second method has roughly
the same computational complexity as 2.1.2.1, the latter method requires more CPU resources.
However, as shown in the experimental results, CPU times are reasonable for the set of bench-
mark function applied.

2.3.4 Heuristic Minimization Algorithm

The proposed heuristic minimization algorithm, iteratively seeks a variable order reducing the
circuit’s switching activity weighted by the fan-out cost for each node. We outline the proce-
dure in Figure 12.

The sifting and re-calculation of output probabilities and switching activities is performed
solely through local operations on the BDD representation. The total estimated power dissipa-
tion due to switching (Dsw[ total]) can also be updated by local operations on the two levels
sifted (upper and lower) and nodes connecting to the sifted levels (below). By maintaining
reference counters (i.e., the number of incoming edges) for each node, the effect of fan-out
changes for nodes below in the diagram can be handled. Figure 13 shows how the total switch-
ing probability is updated during sifting. In line 1, we subtract the contribution of the two
levels to be sifted (Dsw[ upper]+Dsw[ lower]) and the contribution of fan-outs from connect-
ing nodes (Dsw[ below]). The number of references for connecting nodes are updated (line
2) before applying the sifting (line 3). After the variable exchange is performed, we update
the reference counters of the connecting nodes (line 4) and compute the total estimated power
dissipation in line 5. Due to the variable exchange, switching activities and reference counters
may change, hence also the estimated power dissipationDsw[ total] .

Example 1 Figure 14 (a) shows a portion of a BDD before sifting. The number at each node
denote the number of incoming edges, (i.e, the fan-out in a MUX based mapping). Before
sifting we need to determine fan-out changes of the lower levels in the BDD, given as (b) in the
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D sift(upper, lower){
1 Dsw[ total] -= (Dsw[ upper] + Dsw[ lower] + Dsw[ below])
2 ref removeedgesto(upper,lower)
3 perform local variable exchange
4 ref addedgesto(upper,lower)
5 Dsw[ total] += (Dsw[ upper] + Dsw[ lower] + Dsw[ below])
}

Figure 13: Updating Power Dissipation During Sifting.

Figure 14. Note that only nodes connecting to the “upper” and “lower” levels are updated.
After sifting is performed, the new fan-out values (reference counters) of the connecting nodes
are computed, as shown in part (c) of Figure 14.
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Figure 14: Reference Count Update During Sifting.
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2.4 FSM Analysis

(Paper C [15]) The signal properties for the next state vector is defined from the FSM transition
relation together with the properties of the primary input signals. In this section we describe
a method to extract this information by modeling the FSM behavior as a Markov chain [13].
There are several approaches for efficient FSM spanning [6]. We have chosen to implement
the spanning function in a strait forward way by a depth-first recursive algorithm, which also
calculates the Transition Probability Matrix represented by an ADD in the same pass. In [12]
and [11] Algebraic Decision Diagram (ADD) were used as the Transition Probability Matrix
and the Steady State probabilities were calculated in an efficient way. We have done our cal-
culations on the ADD in an iterative way, which is sufficient for our purpose of signal activity
extraction.

Throughout this section we will give an cook book description of how to do this analysis
and also demonstrate it with an example. We have used a set of ISCAS89 benchmarks to test
our method.

2.4.1 ISCAS89 syntax

The parsing of the circuit description is quite simple. Each line describe one gate, register,
input or output and the signal names that is connected.

# 1 inputs
# 1 outputs
# 2 D-type flip-flops
# 1 inverters
# 8 gates (2 ANDs + 1 NAND + 2 ORs + 1 NOR)
INPUT(G0)
OUTPUT(G1)
G2 = DFF(G10)
G3 = DFF(G11)
G8 = NOR(G2, G6)
G1 = NAND(G8, G3)
G7 = OR(G2, G0)
G10 = AND(G3, G7)
G6 = NOT(G3)
G5 = OR(G6, G2)
G11 = AND(G0, G5)

2.4.2 Building a BDD

The building is done in two steps. The first part is non-recursive and it builds up small BDD
fragments representing the function of a row. The second part is based on a recursive algorithm
that starts from the outputs and composes the fragments into a single BDD.

The first part of building the BDD is done by translating each line of the circuit description
to a BDD with pseudo variables (wire names). The pseudo variables are referring to some
output from an other BDD or an input variable. In figure 15 you can see the BDD fragment
generated from the last line of the example.
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0

G11

0 1

G5

G0

Figure 15: Fragment of the function{G11 = AND(G0,G5)}

When we have a generated BDDs of all the lines we have to compose a single BDD for
each output. This is done recursively starting from each output BDD fragment (primary and
next state outputs). The recursion terminates when reaching primary inputs or register out-
puts. When the recursion unfolds the actual function substitutes the pseudo variables and the
composed BDD is returned.

10

1 0
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(G10) (G11)

(G3)

0

0 0

0

0

1
1

1

1

1

(G1)
NS[0:0] NS[1:1]O[0:0]

I[0:0]

CS[0:0]

CS[1:1]

Figure 16: The complete function

2.4.3 Span FSM states

The completed BDD is used to span the FSM. Starting from the reset state each possible new
state is recursively visited (depth first) until reaching an already visited state. During the re-
cursion a transition probability matrix is constructed. The usually sparse matrix is efficiently
represented by an ADD (Algebraic Decision Diagram) [12][11]. This matrix is addressed with
the Current State as the columns and Next State as the rows. The value in each entry in the
matrix (ADD leaf) represents the probability to go from the Current State to the Next State.

Example 2 When we calculate the transition probabilities the matrix starts empty and a new
entries are added during the recursion. We assume that the probability of input I is equal to
one is 1/4 (P(I)=1/4).
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Figure 17: FSM states

CS00 CS01 CS10 CS11

NS00 0 0 0 0
NS01 0 0 0 0
NS10 0 0 0 0
NS11 0 0 0 0

Here we go from state 00 to state 01 and add the probability of P(I) to row 01 and column 00.

CS00 CS01 CS10 CS11

NS00 0 0 0 0
NS01 1/4 0 0 0
NS10 0 0 0 0
NS11 0 0 0 0

Here we go from state 01 to state 10 and add the probability of P(I) to row 10 and column 01.

CS00 CS01 CS10 CS11

NS00 0 0 0 0
NS01 1/4 0 0 0
NS10 0 1/4 0 0
NS11 0 0 0 0

•
•

Finally after we have spanned all reachable states we got the complete matrix.

CS00 CS01 CS10 CS11

NS00 3/4 3/4 3/4 0
NS01 1/4 0 1/4 0
NS10 0 1/4 0 0
NS11 0 0 0 0
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The ADD describing this matrix is shown in figure 18 .

0

00

0

0

0

1

1

1
0

0

0

CS[1:1]

CS[0:0]

NS[1:1]

NS[0:0]

3/4

3/4 1/4 1/4

1

1010 0 1

1

Figure 18: ADD describing a Matrix

2.4.4 Calculation of the State Probabilities

The ADD obtained by spanning the FSM is used to calculate the steady state probabilities for
each state. The FSM can be seen as a Markov chain [12, 11] and this is used in the calculation
of the state probabilities. The ADD is multiplied with an initial state probability vector, this
represents a matrix multiplication. The initial state vector should have the sum of the entries
equal to one and each column should have the sum equal to one. As seen in figure 19.

0

SS[0:0]

SS[1:1]

1/n

1/n

Figure 19: ADD describing a Matrix

Ax̄ = x̄′ (24)

,where A is the matrix represented by the ADD,x̄ and x̄′ are the steady state probability
vectors after the iterations. The iteration terminates whenx̄ and x̄′ are within the specified
tolerance from each other. The resultingx̄′ contains the resulting steady state probability vector.
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Example 3 The state probability vector is initialized such that each state entry takes on the
value 1

nrreachablestates
except for the unreachable state entries, which takes on the value 0. The

total probability in each column of Matrix A is one.


3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


1/nr
1/nr
1/nr

0

 =


x′

1

x′
2

x′
3

0




3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


1/3
1/3
1/3
0

 =


3/4
1/6
1/12

0




3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
1/6
1/12

0

 =


3/4

0.2083
0.0417

0




3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
0.2083
0.0417

0

 =


3/4

0.1979
0.0521

0




3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
0.1979
0.0521

0

 =


3/4

0.2005
0.0495

0




3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
0.2005
0.0495

0

 =


3/4

0.1999
0.0501

0




3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
0.1999
0.0501

0

 =


3/4
1/5
1/20

0
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3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
1/5
1/20

0

 =


3/4
1/5
1/20

0



The steady state probabilities(PSS) are shown below:

PSS(S[1 : 0] = 00) = PSS(00) = 3/4
PSS(S[1 : 0] = 01) = PSS(01) = 1/5
PSS(S[1 : 0] = 10) = PSS(10) = 1/20
PSS(S[1 : 0] = 11) = PSS(11) = 0
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2.5 Extracting Signal Statistics

(Paper C [15]) The Transition Probability Matrix and the Steady State probability vector can
be used to calculate the bit probability and the switching activity of the next state bits.

2.5.1 Calculation of Bit Probabilities

The state probabilities are used to calculate the bit probabilities for each register. The bit
probabilities is calculated by traversing the ADD and utilizing equation 25.

(∀i)P (NS[i : i]) =
∑

∀S[N−1:0]εS[i:i]=1

PSS(S[N − 1 : 0]) (25)

Example 4 For next state bit zero we add all Steady State probabilities, which has one on bit
zero. In a similar way we do this for bit one. The computations are shown in equation 26.

P (NS[0 : 0]) = PSS(01) + PSS(11) = 1/5 + 0 = 1/5
P (NS[1 : 1]) = PSS(10) + PSS(11) = 1/20 + 0 = 1/20

(26)

2.5.2 Calculation of Bit Activities

To calculate the activity for each bit we use the ADD with the state transition probabilities
and the steady state probabilities calculated earlier.PSS(n) denotes the steady state probability
for state n, n[i:i] is the i:th bit of the vector n, A is the Matrix containing the state transition
probabilities(A[NSk][CSn] = P (NSk|CSn)) , a(NS[i : i]) is the activity for the next state
bit i and is derived by the following formula and algorithm.

(∀i)a(NS[i : i]) =
∑
∀n

PSS(n)× ∑
∀kε(k[i:i] 6=n[i:i])

P (NSk|CSn) (27)

BitActivity(state[],Cur,lev,NrStateBits) {
if(IsConst(Cur) and (lev==2*NrStateBits-1)) {

for(i=0;i<nr_state_bits;i++)
if(state[i] != state[i+NrStateBits]) // Toggle

Activity[i]+=StateProb[GetCS(state[])]*Cur.Prob;
} else if(Cur.lev != lev) or IsConst(Cur)) {
// Expand tree

state[lev]=0
BitActivity(state[],Cur,lev+1,NrStateBits)
state[lev]=1
BitActivity(state[],Cur,lev+1,NrStateBits)

} else { // Traverse Level
state[lev]=0
BitActivity(state[],Cur.left,lev+1,NrStateBits)
state[lev]=1
BitActivity(state[],Cur.right,lev+1,NrStateBits)

}
}
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NextState CurrentState

state

state[i] state[i+nr_state_bits]

Toggle bit i?

i i

Figure 20: Combined state vector

Example 5 The equation 27 is used to calculate the next state activities in the following ex-
ample.

a(NS[0 : 0]) = PSS(00)× P (NS01|CS00) + PSS(01)
× (P (NS00|CS01) + P (NS10|CS01))
+ PSS(10)× P (NS01|CS10) = 3/4× 1/4
+ 1/5× (3/4 + 1/4) + 1/20× 1/4 = 2/5

a(NS[1 : 1]) = PSS(00)× 0 + PSS(01)× P (NS10|CS01)
+ PSS(10)× (P (NS01|CS10) + P (NS00|CS10))
= 0 + 1/5× 1/4 + 1/20× (1/4 + 3/4) = 1/10

(28)
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Area Optimized Low Power Optimized
name in/out Prob Local Mux Prob Local Mux
5xp1 7/10 32.2 36.3 40.4 30.2 27.7 25.1
add6 12/ 7 23.0 21.9 20.3 23.0 21.9 20.3
apex7 49/37 175.6 191.8 209.8 158.4 161.3 165.1
bc0 26/11 320.0 311.2 330.8 310.3 264.1 229.7
chkn 29/7 132.0 140.4 151.1 84.8 110.1 33.2
duke2 22/29 106.9 114.3 129.2 103.8 111.6 75.9
exp 8/18 79.5 78.9 81.5 61.6 60.7 42.4
in2 19/10 115.5 113.4 115.5 95.5 88.4 67.5
in7 26/10 21.9 22.1 23.5 20.1 18.1 16.8
inc 7/ 9 45.4 52.1 54.4 45.3 37.4 24.6
intb 15/ 7 349.3 336.9 313.8 305.4 284.1 256.6
misex3 14/14 223.9 219.4 234.9 223.9 206.8 203.8
sao2 10/ 4 35.8 36.3 37.2 34.2 32.0 16.6
tial 14/ 8 422.6 438.3 453.2 422.6 430.6 362.9
vg2 25/ 8 50.0 47.2 46.9 50.0 45.3 46.3
x6dn 39/ 5 143.1 124.0 115.2 124.5 110.0 96.0
Sum 2276.8 2284.5 2357.7 2093.6 2009.3 1682.8

Table 3: Area Optimized circuits compared with Low Power Optimized circuits

2.6 Experimental Results

In (Paper A [19]) the basic low power optimizing method is shown to reduce estimated power
dissipation for uncorrelated input signals. The average power estimate reduction was 20 per-
cent with over 50 percent in some benchmarks. The spice simulations using a commercial
CMOS transistor models also indicates that our model is applicable. We have in (Paper B
[18]) shown that we get further potential power reductions by incorporating temporal signal
correlation in our synthesis algorithm. As shown in table 3 the average power estimate reduc-
tion for our synthesis tool is 30 percent with the multiplexor based power estimation algorithm
compared to the area optimized circuit. This is done with a large activity deviation (P = 0.5
and alternatingai = 0.1, 0.9, 0.1, ...), for which the method in [19] only manage to reduce the
power estimate by 8.3 percent compared to the area optimizer.

Furthermore we have done Finite State Machine Analysis as in section 2.4 on a set of
ISCAS89 benchmarks and extracted statistical information as in in section 2.5 and applied that
information on our synthesis tool. As seen in table 4 the results show an average power estimate
reduction of 43 percent by the new proposed method compared to the area optimized method.
The power estimate reductions range from 0 percent to 95 percent, The majority of the tests
show a significant power estimate reduction for the FSM optimized circuits compared with
the area optimized circuits. The results also show that the power optimized circuits have an
increased area of 51 percent on average over the area optimized circuit. In two cases the power
optimizer have smaller circuits than the area optimizer. This is due to the heuristic algorithm
that the area optimizer utilizes, which may cause it to find a local minimum.
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Area opt NonFSM opt FSM opt Percent Change
name Size ˆPD Size ˆPD Size ˆPD Size ˆPD
s208.1 40 25 40 25 64 19 60 -24
s27 9 4.1 9 4.1 9 4.1 0 0
s298 73 4.3 74 4.2 77 2.9 5.4 -33
s344 103 12 108 19 148 3.4 44 72
s349 103 12 108 19 127 3.3 23 -73
s382 120 2.1 122 2.1 120 2.1 0 0
s386 113 44 114 41 114 39 0 -11
s400 120 2.1 122 2.1 120 2.1 0 0
s444 150 43 161 19 156 2.1 4 -95
s510 163 118 168 81 153 61 -6.1 -48
s526 137 8.4 139 8.1 136 4.6 -0.7 -55
s641 398 81 384 77 1149 15 289 -81
s713 398 81 384 77 1149 15 289 -81
s820 219 172 261 149 280 108 28 -37
s832 219 174 261 148 294 103 34 -41

Table 4: ISCAS89 benchmarks
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2.7 Conclusion and Future Work

In this thesis an analytic approach to minimize the power dissipation of BDD mapped dig-
ital circuits has been presented. The synthesis approach combines logic minimization, low
power optimization and mapping in a unified BDD based framework. The cost model based
on a PTL multiplexor circuit mapping has been successfully applied in a heuristic optimiza-
tion procedure. Three novel methods for switching activity estimation have been proposed
and evaluated; probabilistic, local approximation and multiplexor based approximation respec-
tively. Amongst the three, the multiplexor based approximation is best able to capture the
effect of temporal signal correlations in the mapped circuit. To validate the low power synthe-
sis procedure, the mapped circuits have been simulated using a commercially available process
model.

A technique for extracting signal properties from synchronous FSM implementations has
been described and demonstrated. As an application of this method, the extracted information
has been utilized in the presented low power synthesis procedure. Experimental results on
MCNC (combinational) and ISCAS89 (sequential) benchmarks show significant reductions of
the estimated power dissipation. The ISCAS89 results how an average reduction of 40 percent
and up-to 90 percent on individual benchmarks.

Our next step is to implement a set of benchmark functions onto an ASIC. For comparison,
functions will be implemented using both commercially available low power synthesis tools
and our presented PTL synthesis method. For this, we need to develop a routing tool for the
BDD mapped circuits. Furthermore, the synthesis tool must be extended to scale drivers for
the input signals feeding the multiplexor inputs. A topic for future research is to provide glitch
free propagation through path equalization. From the physical implementation we hope to gain
deeper understanding of the impact of temporal signal correlation and the effect of glitches in
the circuit. This may help to further refine the cost model and improve the low power synthesis
procedure. A related research topic is to extend the FSM analysis tool to incorporate state re-
encoding for low power synthesis. Another topic of interest is utilizing the switching activity
estimation for BDD based multi-level synthesis.
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Abstract

The minimization of power consumption is an important design constraint for circuits used in
portable devices. The switching activity of a circuit node in a CMOS digital circuit directly
contributes to overall power dissipation. By approximating the switching activity of circuit
nodes as internal switching probabilities inBinary Decision Diagrams(BDDs), it is possible
to estimate the dynamic power dissipation characteristic of circuits resulting from a struc-
tural mapping of a BDD. A technique for minimizing the overall sum of switching probabilities
is presented. The method is based on efficient local operations on a BDD representing the
functionality of the circuit to be realized. The resulting circuit that is obtained by mapping
the BDD to CMOS Pass Transistors has in simulation (using a commercially available pro-
cess model) shown reduced power dissipation characteristic. Experimental results on a set of
MCNC benchmarks are given for this technique.

1 Introduction

The popularity of small, portable communications and computing devices has contributed to an
increasing interest in producing digital circuits optimized for low power dissipation. The design
of low power consumption circuits can allow for the production of devices that operate longer
for a given amount of battery power, are more reliable due to reduced heat generation and have
lower packaging costs. These facts motivate designers to place emphasis on optimization for
low power dissipation, see e.g. [7] for an excellent overview.

The power dissipation characteristic for CMOS based digital circuitry results from a static
and a dynamic component. The static component consists of contributions from “leakage” and
“standby” currents while the dynamic component is attributed to “switching” and “capacitive”
currents. The dynamic components only occur during the transition of internal circuit nodes
from one logic level to another.

At the architectural level, power dissipation has been reduced by the inclusion of automatic
power management techniques, scaling down the supply voltage and the clock frequency and
using more sophisticated packaging techniques that reduce the chip and package capacitance.
At the device level, there have been advances in the development of new CMOS properties
that reduce the static currents and for the development of “low-power” cell libraries. How-
ever, methods that focus on reducing theinternal circuit switching activity have not been as
prevalent.

Here, we propose a heuristic method to reduce the estimated internal switching activity
which reduces the overall amount of dynamic switching current. The method is based on local,



46 PAPER A .

and hence efficient,Binary Decision Diagram(BDD) operations. Since BDDs may be used
as structural descriptions of digital circuits, we focus on developing techniques that optimize
the BDD such that the resultant circuit obtained through a direct BDD mapping has a smaller
overall switching current.

The remainder of the paper is organized as follows. In the next two sections we briefly
survey the power dissipation characteristic of CMOS digital circuitry and basic properties of
BDDs. Next, we show how the output probability can be used to estimate the switching activity
in a BDD-based circuit. Furthermore, we show that the computations of a switching probabil-
ity at an internal BDD vertex can be manipulated through purely local operations on the graph.
Based on the local graph operations, we develop a heuristic approach for minimizing the over-
all switching activity and then perform a set of experiments evaluating the effectiveness of the
minimization method as well as the effect on the size of the resultant BDD. To further em-
phasize the applicability of our approach, we develop a mapping method forPass Transistor
Logic (PTL) circuits for a commercially available CMOS process. For a given set of inputs,
the process specific transistor models allow not only the functionality of the resulting circuit to
be verified, but also an estimate of power dissipation to be derived.

2 Power Dissipation in CMOS

Circuits based on NMOS and PMOS transistors using “CMOS technology” are known for good
power dissipation characteristics since very little current flows internally while a circuit is at
some logic level. The small amount of current that does flow is termed the “static” component
and is due to leakage currents (i.e. reverse bias currents in the FETs) and subthreshold currents
which are the small magnitude currents flowing fromVdd to ground. During a logic-level tran-
sition, additional “dynamic” currents exist that can be classified as “capacitive” currents which
are those that are required for charging/discharging capacitive loads during transitions and as
“switching” currents which occur on DC paths between the supply rails during logic transi-
tions. The total power dissipation,PD, can then be described as a sum of the contributions
from each of these currents as given in Equation 1.

PD = Vdd(il + isub) + V 2
dd · fclk ·

N∑
k=1

Pswk
· Ck + Vdd · fclk ·

N∑
k=1

Pswk
· isck

(1)

Where, the following notation is used:

• Vdd is the Supply voltage (Volts)

• il is the leakage current (Amps)

• isub is the subthreshold current (Amps)

• fclk is the circuit clock frequency (Hz)

• N is the total number of internal circuit nodes

• Ck is the capacitive load at circuit nodek (farads)
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• isck
is the short circuit current due to dynamic switching at circuit nodek (Amps)

• Pswk
is the switching activity at circuit nodek

Equation 1 shows that the dynamic power dissipation component is dependent on the
switching activity parameter,Pswk

. Past research has shown that the switching activity pa-
rameter is highly dependent on temporal correlations of circuit input signal values [12]. As
an example, a combinational circuit that is responsible for generating next-state values in a
synchronous finite state machine exhibits a definite correlation between previously produced
logic values and those to be produced in the near future since only a subset of all possible
states are reachable given the current state. If it is assumed that all circuit input signals are
statistically uncorrelated and are completely independent, the switching activity,Pswk

may be
approximated by the switching probability,̂Pswk

.
In the work presented here, we develop a technique for minimizing the switching probabil-

ity value, ˆPswk
, in a digital circuit that is generated based on structural information of a BDD.

We are thus, minimizing an estimate of the total power dissipation,ˆPD as shown in Equation
2.

ˆPD = Vdd(il + isub) + V 2
dd · fclk ·

N∑
k=1

ˆPswk
· Ck + Vdd ·

N∑
k=1

ˆPswk
· isck

(2)

3 Binary Decision Diagrams

Let f0 (f1) denote thecofactorof f with respect tox (x). A Boolean function,f : Bn → B,
can then be represented by the following formula commonly known as theShannon Decompo-
sition:

f = xf0 + xf1 (3)

Consider a rooted,Directed Acyclic Graph(DAG), G, having terminals0 and1 and non-
terminals (internal nodes) labeled with binary decomposition variables,x. Each internal node
has two exiting edges that point to cofactor subgraphs,f0 andf1. The edge with the attribute,
0(1), points to the subgraph representingf0 (f1). In this work, we only considerorderedBDDs
[4] where each variable can occur only once on each path and in the same order for any possible
path. Vertices having the same decomposition variable are considered to be at the samelevel
in the diagram. Diagram levels are enumerated from the root (top level) toward the terminals
(bottom level). Furthermore, we assume that the BDDs are fullyreducedin that the following
rules of “reduction” have been applied:

• There exist no two subgraphs expressing the same function (i.e., no two subgraphs are
graph-isomorphic).

• There exist no redundant nodes (i.e.f0 = f1 does not occur).

A single graph can be used to represent bothf andf , where the latter function is identified
by a complement attribute on the incoming edge [13, 3]. For a given ordering, a reduced
BDD provides a canonical representation of the function under some restrictions for the use
of complemented edges. The restrictions are that only one terminal is to be used (e.g., the
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P [f t1 ∩ f t2] f t1 f t2

((1− P [x])(1− P [f0]) + P [x](1− P [f1]))
2 0 0

((1− P [x])(1− P [f0]) + P [x](1− P [f1]))((1− P [x])P [f0] + P [x](P [f1])) 0 1
((1− P [x])P [f0] + P [x](P [f1]))((1− P [x])(1− P [f0]) + P [x](1− P [f1])) 1 0

((1− P [x])P [f0] + P [x](P [f1]))
2 1 1

Table 1: Probabilities at Subsequent Observations.

0-terminal), and complementation is only allowed to occur on one type of the outgoing edges
(e.g., the1-edge).

The form of BDD described above can be used to also represent multiple-output functions
by allowing each single output to be rooted arbitrarily in the resultingshared-BDD.

4 Switching Probability Estimation

An output probability of a function,f , denoted asP [f ] is the probability thatf has a value of
“1” at some arbitrary time of observation [14, 6, 10]. Consider a functionf having the output
probabilityP [x] for the input variablex and the output probabilitiesP [f0] andP [f1] for the
corresponding cofactorsf0 andf1. In terms of a BDD, this relationship is shown in Figure 1.

P[f ] P[f ]

f

P[x]

0 1

x
10

Figure 1: Switching Probability in BDD Vertex.

We seek the switching probabilityPsw[f ] of f . Switching occurs if and only if the value of
f changes from 0 to 1 or 1 to 0. We note that the probability that a function is 0-valued is given
as the probability that the variable,x and the cofactorf0 are 0-valued or that the variable,x is
1-valued but the cofactor,f1 is 0-valued. A similar statement can be made for the probability
thatf = 1. These relationships are given in the following equations.

(1− P [x])(1− P [f0]) + P [x](1− P [f1]) for f = 0 (4)

(1− P [x])P [f0] + P [x]P [f1] for f = 1 (5)

Now, consider the value off at two different observation timesf t1 andf t2. f is considered
to “switch” if the value off t1 6= f t2. Table 1 enumerates the possible states off at two
subsequent observation times,t1 andt2:

Due to the definition of “switching”,f t1 6= f t2, we can derive the probability of switching
based on the output probabilities given in Table 1. Hence the switching probabilityPsw[f ] of
f can be computed as:

Psw[f ] = P [f t1 = 0 ∩ f t2 = 1] + P [f t1 = 1 ∩ f t2 = 0] (6)
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Using the expression in Table 1 and substituting them into Equation 6, we have the result:

Psw[f ] = 2((1− P [x])(1− P [f0]) + P [x](1− P [f1])) (7)

((1− P [x])(P [f0]) + P [x](P [f1]))

5 Circuits Based on BDD Mappings

An Ordered Binary Decision Diagram (OBDD) [4] can be directly mapped to a MUX based
circuit as described in [1], to a “timed” circuit as described in [11] or to a “pass-transistor”
based circuit as described in [2, 5, 15]. In all cases, the resulting circuit can be considered to
be one that is obtained by replacing BDD vertices with small subcircuits and BDD edges with
wires.

It is known that the diagram size (and therefore the circuit complexity) is sensitive to the
ordering of the function variables (which represent circuit input signals), and may vary from
linear to exponential under different orderings for some functions. Both exact and heuristic
methods have been developed to tackle this problem. However, in this paper we are not only
concerned with the complexity of the circuit resulting from a BDD, but to an even greater
extent, the power dissipation.

As discussed in a previous section, one of the main factors of power drain in a CMOS digital
circuit is the switching probability of each MUX output. In order to provide the background
for our technique, we state the following Lemma:

Lemma 2 Consider a levell in the diagram and its corresponding set of nodesNl having
decomposition variablexl. The output probability of each node inNl is unaffected by the
variable ordering above and belowl.

Proof 2 This follows from the properties of BDDs [8]. The cofactors to be implemented at
level l are independent of the ordering abovel. The cofactors implemented by levell + 1
remain unaltered as they are derived froml only. As the output probability of nodes atNl are
solely defined from the output probabilities of nodes atNl+1 and the probability ofxl we have
the lemma.

Now, let us consider the switching probability of nodesNl at levell. As defined in Equation
8, the switching probability depends only on the output probability of the cofactors (P [Nl+1])
and (P [xl]) of variablexl under our assumptions. In the next section we show how this property
can be utilized in a reordering method for BDDs.

5.1 Local Variable Exchange

Many state of the art heuristics for BDD minimization are based on “sifting” operations which
are popular due to the ease in which local variable exchanges can be accomplished [9]. The key
property is that a local exchange of variables in a BDD can be done solely by redirecting edges
locally in the diagram. Since our main concern is to minimize the overall switching probability
(activity) of the resulting circuit, we show that the switching probability can be computed by
local operations during sifting.
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Consider a functionf represented by a BDD. The switching probability off (as represented
by a root node in a BDD) is independent of the variable ordering, as switching probability is a
functional property off . We can now show that changes in internal switching probabilities can
occur due to local BDD variable exchanges as illustrated in Figure 2. Due to the reduction rules
that are applied after a local variable exchange, some vertices and edges may be eliminated
resulting in fewer intermediate switching probability values. From the functional property of
switching probability, it follows that the switching probability off remains unaffected by local
variable exchanges. Furthermore, switching probabilities of subfunctions below the exchanged
levels are also preserved, since the cofactors at levels indicated by the word “below” are intact
during sifting. This holds for exchanging arbitrary (neighboring) levels in the diagram.

P[b]

P[b]

P[b] P[a]P[a]

P[a]

ff

ff

P[f   ] P[f   ]P[f   ]P[f   ] P[f   ] P[f   ]P[f   ] P[f   ]
below

lower

upper

(a) ( b)

1000 11

0 1

b b

a

10

0 1

10

1101 0100

b

a
10101

a
_0 _1

0

Figure 2: BDD Local Variable Exchange and Effect on Switching Probabilities.

Finally we need to show that the switching probabilities of the nodes (f0 andf1) at levels
denoted by the word “lower” in Figure 2 can be computed locally during sifting.

From Equation 8 we derive:

Psw[f0 ] = 2((1− P [a])(1− P [f00]) + (8)

P [a](1− P [f10)))((1− P [a])(P [f00]) + P [a](P [f10]))

Psw[f1 ] = 2((1− P [a])(1− P [f01]) + (9)

P [a](1− P [f11]))((1− P [a])(P [f01]) + P [a](P [f11]))

As the output probabilities{P [f00], P [f10], P [f01], P [f01]} are unaltered during sifting, the op-
eration is local.

5.2 Complemented Edges

The use of complemented edges has shown both to reduce BDD complexity and improve per-
formance of operations, [13, 3]. The statements above apply for BDDs using complemented
edges by making the following observations:

1. The output probabilityP [f ] of f is equal to1− P [f ].

2. The switching probabilityPsw[f ] of f is equal toPsw[f ].

We can utilize these properties to compute local switching probabilities during variable ex-
change operations on BDDs with complemented edges.
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6 Power Minimization

Given the results described above, we can now state the BDD based algorithm for the minimiza-
tion of total estimated power dissipation due to switching in a circuit based on BDD mapping.
The algorithm is similar to those of BDD minimization based on local variable exchange but
the cost measure is different.

6.1 Cost Model

We define the cost model based on the total circuit switching activity under a given set of
dependent variable output probabilities. In the following we denote the dependent variables as
supportvariables. We attempt to minimize the sum of all internal switching probabilities at
each BDD vertex.

This model has some assumptions. We assume the input signals to the resultant circuit to
be statistically independent from each other and uncorrelated in a temporal sense. This is the
assumption that allows us to use the switching probability computed in the BDD representation
as an estimate for the actual switching activity of a circuit.

Furthermore, we use a linear model for fan-out cost. This model can be refined if more
information is known about the target architecture properties, such as gate or inverter sizing, for
cell library or full custom implementations respectively. Also, we apply a unit cost for the load
of each fan-in. This measure can be further refined using technology dependent capacitance
measures weighted by the estimated length of the interconnection.

Finally we consider only the dynamic power dissipation component of the circuitry. A
technology dependent measure for the static power dissipation of each subcircuit could also be
applied easily if the target circuit architecture is known in advance.

6.2 Heuristic Minimization Algorithm

The proposed heuristic minimization algorithm, iteratively seeks a variable order reducing the
circuit’s switching probability weighted by the fan-out cost for each node. We outline the
procedure in Figure 3.

The sifting and re-calculation of output and switching probabilities is performed solely
through local operations on the BDD representation. The total estimated power dissipation
due to switching (Dsw[ total]) can also be updated by local operations on the two levels sifted
(upper andlower) and nodes connecting to the sifted levels (below). By maintaining reference
counters (i.e., the number of incoming edges) for each node, the effect of fan-out changes for
nodes below in the diagram can be handled. Figure 4 shows how the total switching prob-
ability is updated during sifting. In line 1, we subtract the contribution of the two levels to
be sifted (Dsw[ upper]+Dsw[ lower]) and the contribution of fan-outs from connecting nodes
(Dsw[ below]). The number of references for connecting nodes are updated (line 2) before ap-
plying the sifting (line 3). After the variable exchange is performed, we update the reference
counters of the connecting nodes (line 4) and compute the total estimated power dissipation
in line 5. Due to the variable exchange, switching probabilities and reference counters may
change, hence also the estimated power dissipationDsw[ total] .
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D min() {
1 computeDsw[ total]
2 for each variable{
3 sift to position minimizingDsw[ total]
4 } repeat until no further improvement
}

Figure 3: Minimization of Power Dissipation.

D sift(upper, lower){
1 Dsw[ total] -= (Dsw[ upper] + Dsw[ lower] + Dsw[ below])
2 ref removeedgesto(upper,lower)
3 perform local variable exchange
4 ref addedgesto(upper,lower)
5 Dsw[ total] += (Dsw[ upper] + Dsw[ lower] + Dsw[ below])
}

Figure 4: Updating Power Dissipation During Sifting.

Example 6 Figure 5 (a) shows a portion of a BDD before sifting. The number at each node
denote the number of incoming edges, (i.e, the fan-out in a MUX based mapping). Before
sifting we need to determine fan-out changes of the lower levels in the BDD, given as (b) in
the Figure 5. Note that only nodes connecting to the “upper” and “lower” levels are updated.
After sifting is performed, the new fan-out values (reference counters) of the connecting nodes
are computed, as shown in part (c) of Figure 5.

1

24

1 2

1

1
upper

lower

below

1

1

1 42 21

0

5

4

3

(b) (c)(a)

e

b

e

c

e

d

b

a

b

c

dd

c

a

Figure 5: Reference Count Update During Sifting.

7 CMOS PTL Mapping

As mentioned in Section 5 a circuit can be derived from a structural mapping of the BDD. In
order to verify our minimization method we have developed a simple mapping tool for PTL
based CMOS circuits. Each BDD node is mapped to a subcircuit shown in Figure 6. The
select signal (input) is present in both polaritiesa anda. f andf are always computed (no
optimization is applied). The driver is chosen according to the total fan-out of the node as
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Stage 1 Stage 2 Stage 3 Stage 4 Stage. . .
fan-out p/n p/n p/n p/n . . .

1 4/2 4/2 - - -
> 1 4/2 8/4 8/4 - -
> 3 4/2 16/8 16/8 - -
> 6 4/2 8/4 32/16 32/16 -
> 12 4/2 16/8 64/32 64/32 -
. . . . . . . . . . . . . . . . . .

Table 2: Driver width in lambda.

shown in Table 2. (This assumes the worst case situation, all outputs of the same polarity.) The
number of inverter stages ranges from 2 (as shown in Figure 6) (a) and upwards (b) in Figure.
The transistor sizings for each inverter stage are given in nominal values for the process,p for
P-transistors andn for N-transistors. Values are chosen to ensure balanced rise and fall times.
Edges in the diagram are implemented as mere interconnections (without parasitics).

fff f

f

ff

f

(a) (b)

a

a

a

a

0 10 1

VDD VDDVSS VSS

Stage 1Stage 1

Stage 2

Stage m

Figure 6: PTL Mapping of BDD Node.

8 Experimental Results

We have implemented a prototype evaluation of this technique based on the CUDD 2.3.0 [16]
package for BDD manipulation with custom data types for storing the internal switching prop-
erties of the BDD nodes.

In the first set of experiments (Table 3), the output probabilities of the support variables are
set to 0.5 (i.e. we assume each variable is equally likely to have a value of ‘0’ or ‘1’). The
columns labeled “Naive Ord.” show the size and estimated dynamic power dissipation (ˆPD)
under an initial variable ordering obtained as the order in which the variables appear in the
.pla files from theLGSynth93benchmark suite. Note that̂PD:s are unitless values. The
column “BDD Ord.” is minimized by size and “Power Ord.” is minimized by our proposed
method (for size reduction, thegroup sifting algorithm with convergence[16] is applied). The
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column labeled “CPU” shows the run time in seconds for our optimization heuristic. Area op-
timized circuits “BDD Ord.” outperform the initial ones for all benchmarks both with respect
to size and estimated power consumption, the latter attributed to the fact that our cost model
computes the sum of all internal switching probabilities (weighted by the fan-out of each node),
hence fewer nodes leads (in general) to reduced power dissipation. The more interesting out-
come of these experiments is that in some cases, allowing the BDD to increase in size slightly
(and thus increasing the size of the underlying BDD-mapped circuit) can cause a further reduc-
tion in estimated dynamic power dissipation, “Power Ord.”. This is due to decreased internal
switching probabilities in the circuitry obtained by our minimization method.

In the second set of experiments (Table 4), the output probabilities of the support vari-
ables are alternatively set to 0.1 and 0.9 (i.e.,{P [x1] = 0.1, P [x2] = 0.9, P [x3] = 0.1, . . .}).
Columns “BDD Ord.” and “Power Ord.” compare the size and estimated dynamic power dis-
sipation for circuits minimized by size and our proposed algorithm respectively. The column
labeled “CPU” shows the run time in seconds for our optimization heuristic. On the average,
the power dissipation is reduced by 20%, while the size increase is only 12%. For some cases,
the power dissipation can be significantly reduced. As an example, consider “chkn”, “in2”
and “x6dn”, where the estimated dynamic power dissipation is reduced to less than1/2, while
the circuit sizes are increased only by 30%, 5% and 13% respectively. These results show
that knowledge about the output probabilities of the circuit’s input signals can be exploited to
sometimes give significant dynamic power dissipation reductions in BDD-mapped circuits. For
evaluation of the quality of the presented heuristic, an exhaustive enumeration of all variable
orders is performed on benchmarks having up to 10 variables. The worst and best results (op-
timal) are shown in columns “Worst Ord.” and “Optimal Ord.” respectively. The experiment
shows our algorithm to obtain the optimal results for the these functions. As for other sifting
based heuristics, we conclude our method to give high quality results within reasonable run
times.

For the PTL implementation we have used transistor models from a commercial 0.35u pro-
cess. All analog simulations are performed on the process specific models using a commercial
“SPICE-like” circuit simulator. The unit transistor width is 0.35u. Transistor sizings from Ta-
ble 2 give approximately 100p seconds rise and fall times. This results in a total delay of 150p
seconds (select to output) for a PTL MUX implementation with a fan-out of 4 (without internal
routing parasitics). To gain confidence in our mapping tool, the functional behavior for some
smaller circuits from theLGSynth93benchmark suite (“5xp1”, “majority” and “xor5”) has
been successfully verified against the specification using exhaustive simulation of input vec-
tors. For the experiments below we have applied pseudo-random values{‘0’,‘1’ } (according
to output probability) for the support variables. The pseudo-random vectors are generated from
constant seeds, producing exactly the same set of vectors in the same order for each simulation
run.

To ensure stable outputs, cycle time (1us) is set well longer than the (combinational) criti-
cal path. The total power dissipation is calculated from the average current (through the circuit
without routing parasitics) times the VDD (3.3v). Power dissipation for the primary inputs
(support variables) are assumed negligible as they only affect the select-inputs of the multi-
plexors.

Due to the extensive time of analog simulation, only a small selection of interesting bench-
marks was chosen. To keep run-times manageable the number of cycles was limited to 1000



9. CONCLUSIONS 55

Naive Ord. BDD Ord. Power Ord. CPU
name in/out Size ˆPD Size ˆPD Size ˆPD sec
5xp1 7/10 74 66 41 32 41 30 0.01
add6 12/ 7 308 272 28 23 28 23 0.01
apex7 49/37 1659 1237 289 176 316 158 11.19
bc0 26/11 589 369 522 320 540 310 2.84
chkn 29/7 741 298 267 132 361 85 3.43
duke2 22/29 972 268 355 107 361 93 2.10
exp 8/18 209 84 169 80 176 62 0.06
in2 19/10 2360 1464 234 116 244 95 3.48
in7 26/10 234 146 79 22 78 20 0.46
inc 7/ 9 76 47 70 45 70 45 0.02
intb 15/ 7 1033 687 537 349 556 305 0.98
misex3 14/14 1300 644 520 224 592 205 1.60
sao2 10/ 4 154 73 80 36 87 34 0.05
tial 14/ 8 1306 1027 579 423 579 423 0.27
vg2 25/ 8 1043 650 80 46 80 46 0.11
x6dn 39/ 5 274 142 240 143 244 122 2.58

Table 3: All Output Probabilities of Inputs are set to 0.5.

and CPU time limited to approximately 4 hours, for each selected experiment. Columns “PTL”
in Table 5 show the energy dissipated in pico watt seconds during the 1000us simulation, (in
cases where simulation was earlier aborted due to time limit, an interpolation is given, e.g.
“chkn” simulated for only 1000/5 cycles). Note, that neither our minimization method, nor the
mapping tool makes any attempt at reducing glitches in the final circuit. However, the effect
of glitches is present in the analog simulations. Furthermore, for the larger benchmarks, only
a small subset of the input vector space has been applied, therefore the presented simulation
results can be used only as rough estimates of the power dissipation. Table 5, gives a com-
parison between estimated and simulated values, where the output probability of the support
variables is set to 0.5. The correlated results confirm our minimization method to be applicable
to CMOS PTL circuits.

9 Conclusions

A method for the reduction of the overall sum of internal switching probabilities for a BDD
based on efficient local variable exchange operations has been presented. When the switching
probability is used as an estimate for circuit switching activity in BDD-mapped circuits, it is
shown that the dynamic power dissipation can be reduced using the technique. The second
set of experiments suggests that if statistical information is known about the nature of the
circuit input signals prior to using the minimization technique, significant reductions in internal
switching activity and hence, dynamic power dissipation can be obtained. Furthermore, it is
shown that the increase in the size of the resulting circuits is relatively small as compared to
that obtained through the use of a BDD size reduction technique.
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BDD Ord. Power Ord. Worst Opt. CPU
name Size ˆPD Size ˆPD ˆPD ˆPD sec
5xp1 42 16 41 15 43 15 0.01
add6 28 14 28 14 - - 0.01
apex7 289 54 329 47 - - 23.62
bc0 522 140 551 131 - - 1.90
chkn 267 77 348 33 - - 2.05
duke2 355 79 399 72 - - 1.04
exp 169 48 174 39 73 39 0.06
in2 234 73 247 25 - - 0.69
in7 79 6 86 5 - - 0.40
inc 70 20 75 19 45 19 0.02
intb 537 137 577 124 - - 1.14
misex3 520 150 592 122 - - 0.51
sao2 80 13 89 10 66 10 0.04
tial 579 242 691 227 - - 0.89
vg2 80 25 80 24 - - 0.23
x6dn 240 78 272 28 - - 8.57

Table 4: Output Probabilities set{0.1, 0.9} Alternating.

Naive Ord. BDD Ord. Power Ord.
name in/out ˆPD PTL ˆPD PTL ˆPD PTL
5xp1 7/10 66 2422 32 895 30 858
chkn 29/7 298 - 132 729*5 85 626*5
exp 8/18 84 - 80 1587*2 62 1281*2
in2 19/10 1464 - 116 851*5 95 697*5
sao2 10/ 4 73 - 36 1305 34 1077

Table 5: Analog Simulation vs. Estimated Values.

Our model can be tailored to the target technology at hand, further increasing the quality of
the overall power dissipation estimate through the inclusion of static terms and more knowledge
about the internal capacitances.

Our minimization method has been validated by a straightforward mapping to PTL cir-
cuitry. Simulation results (utilizing transistor models from a commercial CMOS process) are
well correlated to our estimates, which confirms the applicability of our approach.
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Abstract

We address the problem of switching activity estimation under temporal correlation. We pro-
pose two novel BDD based approximative methods for switching activity estimation, and show
their application to low power optimization of BDD mapped circuits. The first method assumes
temporal correlation on the input signals only. This simplification allows optimization to be
carried out exclusively by local BDD operations. The second method accounts also for tem-
poral correlation of each node’s successors. The latter approach is refined at the cost of CPU
resources, whereas the optimization is no longer local.Experimental results on a set of MCNC
benchmarks show the estimated potential power dissipation reduction by exploiting temporal
correlation using proposed methods.

1 Introduction

The importance of low power optimization is emphasized with the increased use of battery
powered embedded systems. In order to optimize for low power dissipation we may exploit
statistical information about the behavior of the system. The switching activity of a circuit node
in a CMOS digital circuit directly contributes to the overall power dissipation. Temporal cor-
relation on the occurring signals can have significant effect on the switching activity and hence
the power consumption [5].Binary Decision Diagrams(BDDs) [2, 6, 1] offer efficient means
towards solving many of the problems occurring in VLSI CAD. A promising approach for
low power synthesis of BDD mapped circuits utilizes switching activity estimation for circuit
optimization [4]. The approach combines logic synthesis, area minimization and low power
optimization together with mapping in a single pass. This approach surpasses the need for
circuit extraction and back annotation common to traditional synthesis methods. However, the
activity estimation method used lacks the ability to exploit temporal correlation information.
This may severely mislead optimization in cases where strong temporal correlation is at hand.

In this paper we address the problem of switching activity estimation using temporal corre-
lation information. We propose two novel BDD based approximative methods and show how
they can be applied to low power synthesis of BDD mapped circuits. The power dissipation es-
timate for a mapped BDD node is based on its switching activity and fanout (capacitive load).
The chosen model corresponds to aPass Transistor Logic(PTL) circuits obtained by mapping
BDD nodes to PTL Multiplexors [8]. The proposed estimation method has been validated by
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transistor level simulations, showing that the power dissipation due to switching is dominated
by the switching of the multiplexor outputs and (as our model assumes) the contribution from
internal switching in the multiplexors can be neglected. The first method for switching activity
estimation accounts only for the temporal correlation of the circuit’s inputs. This simplifica-
tion allows optimization to be carried out exclusively by local operations in an iterative sifting
based algorithm [3]. The second method accounts also for temporal correlation of each node’s
successors. The latter method has the drawback of higher computational complexity, as the
optimization can no longer be carried out solely by local operations. However, for the set of
MCNC pla benchmarks, run-times are shown to be within CPU seconds.

2 Activity Estimation

In this section we give a brief introduction to signal switching activity estimation. We refer the
interested reader to [7] for an excellent in depth elaboration on the subject. Two new approxi-
mative methods for BDD based switching activity estimation are introduced and evaluated. In
the following we assume the input signals to be mutually independent (spatially uncorrelated)
and that the signals can be modeled as strict sense stationary (SSS) and mean ergodic with zero
delays [7]. That is, all switching is carried out simultaneously and that signal probability and
switching activity does not vary over time.P (f) denotes the probability off being 1, i.e. the
output probability off . a(f) denotes the activity forf , i.e., the probability off changing value
from one cycle to the next.

2.1 Previous Work

Let us start out by looking at a simple functionf = x1 ⊕ x2 given the input probabilities
P (x1) = 1/2, P (x2) = 1/2 and the switching activities (probability for signal switching),
a(x1) = 2/3, a(x2) = 3/4.

2.1.1 Overestimation Technique

A way to deal with this is to sum the contribution from each input signal switching as in formula
3.6 from [7]. This gives:

a (f) =
n∑

i=1

P

(
∂f

∂xi

)
a (xi) = P

(
∂f

∂x1

)
a (x1) + P

(
∂f

∂x2

)
a (x2)

= P (f |x1 ⊕ f |x1) a (x1) + P (f |x2 ⊕ f |x2) a (x2)

= a (x1) + a (x2) = 2/3 + 3/4 = 17/12

The example clearly shows that the formula presents an overestimation, as the given condition
of simultaneous switching ensuresa(f) ≤ 1. This occurs since the effect of simultaneous
switching of the inputs is not considered.

2.1.2 Exact Method

We apply theorem 3.2 from [7], and obtain:
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a (f) = Pc

(
∂f

∂x1

)
a (x1) (1− a (x2))

+Pc

(
∂f

∂x2

)
a (x2) (1− a (x1)) (1)

+
1

2

(
Pc

(
∂2f |00
∂x1∂x2

)
+ Pc

(
∂2f |01
∂x1∂x2

))
(2)

= a (x1) (1− a (x2)) + a (x2) (1− a (x1))

= 2/3 ∗ 1/4 + 3/4 ∗ 2/3 = 2/3

Pc(x) denotes the conditional probability ofx being 1 while not switching.

Pc (x) =
P (x)− a (x) /2

1− a (x)
(3)

In the above formula, terms 1 reflect the contribution whenever a single input changes, com-
puted as the conditional probability that a change atxi will propagate multiplied by the prob-
ability of switchingxi while other inputs do not switch. Terms 2 reflect the contribution of
simultaneous switching of both inputs. For an EXOR function, no such propagation ever takes
place, therefore the terms are null.

2.2 BDD Based Approximations

As described in Section 3.1, we model the power dissipation from each node as a function
of switching activity and fanout. Thus, in order to devise an improved low power synthesis
method for BDD mapped circuits we seek accurate and computationally efficient switching
activity estimation methods able to utilize temporal correlation information.

2.2.1 Probabilistic Approximation

Pursuing the EXOR example from Section 2.1 using the switching activity estimate from [4]
gives:

y (f) = 2 ((1− P (x1)) (1− P (x2)) + P (x1) P (x2))×
((1− P (x1))P (x2) + P (x1) (1− P (x2))) = 1/2

Obviously, all information regarding the switching activity of the input signals is lost in the
calculation. Therefore, any optimization algorithm based on this formula will render subopti-
mal results whenever temporal correlation on the input signals is at hand.

As mentioned in Section 2.1, switching activity can be exactly computed by Theorem 3.2
[7] under the conditions; spatially uncorrelated inputs and simultaneous signal transitions.
However, the exact method requires the computation of2N generalized cofactors (whereN
is the number of dependent variables). To overcome this computational complexity, we seek
new methods to approximate the switching activity.
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2.2.2 Local Approximation

Assume a BDDF representing the functionf with the top variablev, and the cofactorsf0 =
f |v=0, f1 = f |v=1 respectively. The switching activitya(f) can be approximated as:

a (f) = Pc (v) (2P (f1) (1− P (f1))) + Pc (v) (2P (f0) (1− P (f0)))

+a (v) (P (f0) (1− P (f1)) + P (f1) (1− P (f0)))

The first two terms account for the switching of the cofactors given that the selection variable
v is stable, while the third term accounts for switching given thatv changes its value. Using
the formula for conditional probability, Equation 3, we obtain:

a (f) = (P (v)− a (v) /2) (2P (f1) (1− P (f1)))

+ (1− P (v)− a (v) /2) (2P (f0) (1− P (f0)))

+a (v) (P (f0) (1− P (f1)) + P (f1) (1− P (f0)))

Applied to the EXOR example from Section 2.1, givesa(f) = 0.5. Since the approximation
does not consider the switching activity of the cofactors,a(f0) anda(f1) we obtain an un-
derestimation in this case, compared to the exact switching activitya(f) = 2/3 from Section
2.1.2.

2.2.3 Multiplexor Based Approximation

The approximation method from previous section does not consider the switching of cofactors.
The exact method discussed in Section 2.1.2 overcomes this limitation by excessive computa-
tion of generalized cofactors. In order to side step the computational complexity of the exact
method, we assume there to be no spatial correlation between the cofactors (successors). Thus,
our approximation renders the exact result in the case the cofactors are spatially uncorrelated.
In the case cofactors are positively correlated we obtain an overestimate, as a top variable
switching is less prone to cause a true switching of the node’s output. The opposite holds for
negatively correlated cofactors.

To model the switching activity for a single BDD node, the node is expanded into a mul-
tiplexor, having the node variable as the selection variable and the node’s cofactors as the two
inputs. The three variable function as a BDD is shown in Figure 1.

f 0

P(f ),a(f )00

P(f ),a(f )1 1

P(f ),a(f )00

P(f ),a(f )1 1f 1

f

0 1

0 1

v

0 1

0 1

0 1

P(v),a(v)

f 0 f 1

v

f

0 1

Figure 1: Multiplexer model

This allows us to apply Theorem 3.1 from [7]. The first term, defines the switching activity
contribution of a single variable change, the second two simultaneously changing variables,
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and the third when all variables change simultaneously.

a (y) =
3∑

i=1
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) (
a (xi)

∏
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)
(4)

+1
2
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+1
4
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∂3y|000
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∂3y|001
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)
+Pc

(
∂3y|010

∂x1∂x2∂x3

)
+ Pc

(
∂3y|011

∂x1∂x2∂x3

))( 3∑
l=1

a (xl)
)

(6)

The multiplexor model gives the following derived formula for a single BDD node.

a (y) =

(
(P (f0) + P (f1)− 2P (f0)P (f1))

1− (a (f0) + a (f1)− 2a (f0) a (f1))

−
1
2
(a (f0) + a (f1)− 2a (f0) a (f1))

1 − (a (f0) + a (f1)− 2a (f0) a (f1))

)
× a (v) (1− a (f0)) (1− a (f1))

+
(1− P (v))− a (v) /2

1− a (v)
× a (f0) (1− a (v)) (1− a (f1))

+
P (v)− a (v) /2

1− a (v)
× a (f1) (1− a (v)) (1− a (f0))

+
1

2
× a (v) a (f0) (1− a (f1)) +

1

2
× a (v) a (f1) (1− a (f0))

+a (f0) a (f1) (1− a (v)) +
1

2
a (v) a (f0) a (f1) (7)

Applied to the EXOR example from Section 2.1, givesa(f) = 0.54. Since the cofactors are
negatively correlated, we obtain an underestimate, compare to the exact methoda(f) = 2/3.

3 Low Power Synthesis

A method for low power synthesis of BDD mapped circuits was introduced in [4]. The power
dissipation of each node was computed by the estimated switching activity and the node’s
fanout (capacitive load). The variable order of the underlying BDD was shown to influence
not only the area (number of nodes) but also the internal switching activity. An optimization
algorithm based on local variable exchange (sifting) was devised. Since the switching activity
estimate (and therefore the cost function) could be computed solely by local operations on the
diagram, the method proved to be computationally efficient. However, as previously discussed
in Section 2.2.1 the estimate does not consider any temporal signal correlation, which may
severely mislead the optimization into suboptimal circuits. For further details we refer the
reader to [4].
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3.1 Power Dissipation Modeling

The approach from [4] is based on the the mapping of each BDD node into a PTL multiplexor
circuit, see Figure 2 (the number of driver stages increases with fanout (b) as to balance the
speed of the circuit).
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(a) (b)

a

a

a

a
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VDD VDDVSS VSS

Stage 1Stage 1

Stage 2

Stage m

Figure 2: BDD node mapping into PTL multiplexor circuits

We estimate the power dissipation for the mapped node as:

PDn = a(n) ∗ driver(fanout(n)) + leakage(n) (8)

To validate the above formula we have conducted transistor level simulations using models
from a commercially available CMOS process. Our results show that the power dissipation of
external switching (driving the fanout load capacitance) dominates over the internal switching
in the multiplexor by a factor of over a 100 to 1 under unity load (a single fanout). Thus, the
effect of internal switching can be disregarded.

Capacitive load and leakage parameters are strongly process dependent. In the following,
we have assumed 0 leakage and driver power dissipation to be linear with the fanout (capacitive
load). We do not consider any parasitic capacitances due to routing.

3.2 Approximation Characteristics

The algorithm for low power synthesis of BDD mapped circuits from [4] is based on local
variable exchange of the underlying BDD. In Section 2, a number of switching activity esti-
mation methods were discussed. In the following we further analyze their properties and show
how they can be applied to low power synthesis for BDD mapped circuits. The total power
dissipation of the mapped circuit is computed as:

PDtot =
∑
∀n

a(n)× driver(fanout(n)) + leakage(n) (9)

Let us return to the EXOR functionf = x1 ⊕ x2 given the input probabilitiesP (x1) =
1/2, P (x2) = 1/2 and the switching activitiesa(x1) = 2/3, a(x2) = 3/4, Figure 3 (a). The
table below shows the estimated switching activity for each BDD nodef , f0 andf1 and the
total estimated power dissipationPower. As shown in the table,Probabilistic [4] (Section
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2.2.1) leads to an underestimation, while the proposed local and mux based approximations
come closer to the exact result.
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Figure 3: Variable Swap

a (f) a (f0) a (f1) Power
Over Est. [7] (3.6) ∼ 1.42 ∼ 0.75 ∼ 0.75 2.92
Exact Est. [7] (3.2) ∼ 0.67 ∼ 0.75 ∼ 0.75 2.17
Probabilistic 2.2.1 0.5 0.5 0.5 1.5
Local Approx. 2.2.2 0.5 0.75 0.75 2
MUX Approx. 2.2.3 0.58 0.75 0.75 2.08

Let us now change the underlying variable order, Figure 3 (b). (In this example that leads only
swapping the input switching activities.) The overall power dissipation for the exact method
is reduced to 2. Also the other approximative methods indicate a reduction (except for the
Probabilistic approach which is unable to utilize the signal activity information).

a (f) a (f0) a (f1) Power
Over Est. [7] (3.6) ∼ 1.42 ∼ 0.67 ∼ 0.67 2.75
Exact Est. [7] (3.2) ∼ 0.67 ∼ 0.67 ∼ 0.67 2
Probabilistic 2.2.1 0.5 0.5 0.5 1.5
Local Approx. 2.2.2 0.5 0.67 0.67 1.83
MUX Approx. 2.2.3 0.54 0.67 0.67 1.88

The switching estimate from [4] was shown to be computed solely by local operations on the
BDD. The local approximation proposed in Section 2.2.2 share the same property, as only the
output probability of the successors are used for the computation. This holds since the exact
output probability of the successors are known. However, the mux approximation proposed in
Section 2.2.3 also considers the approximated switching activity of the node’s successors the
local condition no longer holds. This implies that after a local variable exchange, switching
activity estimates need to be propagated towards preceding levels in the diagram. Thus, the
local approximation method can be directly incorporated in the optimization algorithm from
[4], whereas the mux based approximation requires re-computation of switching activity for
preceding levels in the diagram. While the first method has roughly the same computational
complexity as [4], the latter method requires more CPU resources. However, as shown in the
experimental results, CPU times are reasonable for the set of benchmark function applied.

3.3 Minimization Algorithm

The overall flow for the minimization algorithm is shown in Figure 4. More details are found
in [4]. For the local approximation method, the estimated power dissipation after sifting levels
l, l + 1 is computed as:

PD′
total = PDtotal − PDbefore(l, l + 1) + PDafter(l, l + 1) (10)

For the mux based approximation, preceding levels need to be considered for the estimation:

PD′
tot = PDtot − PDbefore(top, , l, l + 1) + PDafter(top, , l, l + 1) (11)
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PD min() {
1 computePDtot

2 for each variable{
3 sift to position minimizingPDtot

4 } repeat until no further improvement
}

Figure 4: Minimization of Power Dissipation.

4 Experimental Results

We have implemented a prototype evaluation of this technique based on the CUDD 2.3.0 [9]
package for BDD manipulation with custom data types for storing the internal switching prop-
erties of the BDD nodes. All experiments were run on a SUNW,Ultra-5/10 at 333MHz having
768 MB RAM. No automatic variable reordering was enabled [9].

In the first set of experiments, Table 1, we show a comparison between the different power
dissipation approximations,Probabilistic(Section 2.2.1),Local(Section 2.2.2) andMUX (Sec-
tion 2.2.3). Switching activity and signal probability are set to 0.5 for the input signals. The
underlying BDDs are minimized with respect to size by the “group sifting algorithm with con-
vergence” [9]. TheProbabilisticandLocal approximation methods produce the exact same
results, both being unable to capture any temporal signal correlation. TheMUX approximation
uses the derived temporal correlation of internal nodes in the computation.

In the next set of experiments, Table 2, the signal probability is kept at 0.5 whereas the
switching activity is set to alter,a(x1) = 0.1, a(x2) = 0.9.a(x3) = 0.1 etc. This experiment
shows the effect of temporal correlation on the input signals. Naturally the approximation
methodProbabilistic fails to capture this behavior. However, both proposed methodsLocal
andMUX considers the input switching activity. Furthermore, theMUX approximation uses
the derived temporal correlation of internal nodes in the computation.

In the third set of experiments, Table 3, the switching activity estimates are applied to re-
duce the overall power dissipation as shown in Section 3.3. The average estimated power dissi-
pation ratio between size optimized circuits and power optimized are 1.09, 1.14 and 1.40 using
Probabilistic, Local andMUX approximations respectively, that is theMUX based method is
estimated to dissipated 30% less power than the area optimized circuits. From this experiment
we conclude theMUX based approach to have the greatest power reduction potential amongst
the three.

In the final set of experiments, Table 4, we show how circuit size (number of nodes) is
related to power consumption. The ratio between size optimized circuits and power optimized
are 0.95, 0.94 and 0.92 usingProbabilistic, Local andMUX approximations respectively, that
is theMUX optimized circuit is larger by 9% compared to the size optimized circuit.

In the above set of experiments the output probability for all input signals was kept constant
at 0.5. This, to stress the effect of switching activity information on the input signals.
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Probabilistic Local MUX
name in/out ˆPD CPU ˆPD CPU ˆPD CPU
5xp1 7/10 32.2 0.1 32.2 0.1 32.2 0.1
add6 12/ 7 23.0 0.1 23.0 0.1 22.6 0.1
apex7 49/37 175.6 0.1 175.6 0.1 179.9 0.1
bc0 26/11 320.0 0.1 320.0 0.1 321.8 0.1
chkn 29/7 132.0 0.1 132.0 0.1 135.7 0.1
duke2 22/29 106.9 0.1 106.9 0.1 108.3 0.1
exp 8/18 79.5 0.1 79.5 0.1 80.8 0.1
in2 19/10 115.5 0.1 115.5 0.1 117.4 0.1
in7 26/10 21.9 0.1 21.9 0.1 22.1 0.1
inc 7/ 9 45.4 0.1 45.4 0.1 45.5 0.1
intb 15/ 7 349.3 0.1 349.3 0.1 353.4 0.1
misex3 14/14 223.9 0.1 223.9 0.1 229.4 0.1
sao2 10/ 4 35.8 0.1 35.8 0.1 36.2 0.1
tial 14/ 8 422.6 0.1 422.6 0.1 422.7 0.1
vg2 25/ 8 50.0 0.1 50.0 0.1 45.9 0.1
x6dn 39/ 5 143.1 0.1 143.1 0.1 144.0 0.1

Table 1: Signal probability 0.5, switching activity 0.5

5 Conclusions

In this paper we have investigated approximative methods for switching activity estimation
using temporal correlation. Two novel BDD based methods have been presented and analyzed.
Furthermore, we have shown how the approximative methods can be applied to low power
synthesis of BDD mapped circuits. Experimental results on a set of MCNC benchmarks show
the estimated potential power dissipation reduction by exploiting temporal correlation.
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Probabilistic Local MUX
name in/out ˆPD CPU ˆPD CPU ˆPD CPU
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Abstract

A technique for computing the switching activity of synchronousFinite State Machine(FSM)
implementations including the influence of temporal correlation among the next state signals
is described. The approach is based upon the computation that a FSM is in a given state
which, in turn, is used to compute the conditional probability that a next state bit changes
given its present state value. All computations are performed usingDecision Diagram(DD)
data structures. As an application of this method, the next state activity information is uti-
lized for low power optimization in the synthesis ofBinary Decision Diagram(BDD) mapped
circuits. Experimental results are presented based on a set of the ISCAS89 sequential bench-
marks showing an average power reduction of 40 percent and up to 90 percent reduction for
individual benchmarks on the estimated power dissipation.

1 Introduction
In CMOS based digital circuits switching activity is one of the main contributors to overall
power dissipation [7]. In order to optimize a circuit for low power it is of crucial importance
to account for switching activities of internal signals. Unfortunately, it is difficult to account
for internal net switching activity in general since these quantities are dependent upon spatial
and temporal correlation of input signals. In [5] a method for low power optimization that uti-
lizes temporal correlation is presented. Assuming that input signals switch randomly can lead
to grossly inaccurate switching activity estimates. This provides motivation for investigating
methods for computing switching activities taking correlations into consideration. The focus
here is to exploit the relationship specified in the transition function portion of an FSM net-list
to extract temporal correlation information about the state vector bits.

CMOS circuit power dissipation depends heavily on the input signal switching character-
istics. If the signals change the circuit will dissipate power and if they are constant the power
dissipation is predominately due to leakage. This observation leads to the conclusion that min-
imizing signal changes in the circuit will lead to a smaller amount of energy consumption. One
problem with optimizing digital circuits is that information about input signals to each internal
sub-circuit is not usually known. It is necessary to know how these signals behave to get an
accurate result. One way to gather this information is to use simulation of the circuit; however,
it far too complex to get full coverage of even moderately sized circuits in this manner. Alter-
natively, analysis of the circuit structure may be used to obtain the needed information. The
technique described here uses analysis of a net-list description of an FSM to acquire informa-
tion that can be used in determining internal switching activities within the circuit.



76 PAPER C .

The approach is to first extract the state transition relation from a given net-list and then to
compute limiting distribution giving the probability that the FSM is in some state. The limiting
distribution computation requires that input signal probabilities are provided and a state space
traversal for extraction of the transition graph. All computations are performed through the
manipulation of Algebraic Decision Diagrams (ADDs) [3][2]. Also, BDDs are used for the
state space traversal which is based on a depth-first traversal method. During the traversal the
transition probabilities are calculated. To span the state space of FSMs, BDD techniques have
shown great efficiency as in [1].

If a priori information on input probability are known, it is possible to derive the probability
and activity for next state Using an iterative method, the steady state probabilities are found
which are used to compute the switching activities of the next state and output signals. These
quantities are obtained efficiently and require only a single traversal of the ADD.

The paper is organized as follows. Section 2 describes FSM analysis and previous work.
Section 3, presents how we extract the signal statistics from the Steady State Probabilities
and the Transition Probability Matrix. Then in section 4 we describe how we use the signal
statistics in low power synthesis. The Experimental results are shown in section 5. Finally the
paper is concluded in section 6.

2 FSM Analysis
There are several approaches for efficient FSM spanning [1]. We have chosen to implement
the spanning function in a strait forward way by a depth-first recursive algorithm, which also
calculates the Transition Probability Matrix represented by an ADD in the same pass. In [3] and
[2] Algebraic Decision Diagram (ADD) were used as the Transition Probability Matrix and the
Steady State probabilities were calculated in an efficient way. We have done our calculations
on the ADD in an iterative way, which is sufficient for our purpose of signal activity extraction.

Throughout this section we will give an cook book description of how to do this analysis
and also demonstrate it with an example. We have used a set of ISCAS89 benchmarks to test
our method.

2.1 ISCAS89 syntax

The parsing of the circuit description is quite simple. Each line describe one gate, register,
input or output and the signal names that is connected.

# 1 inputs
# 1 outputs
# 2 D-type flip-flops
# 1 inverters
# 8 gates (2 ANDs + 1 NAND + 2 ORs + 1 NOR)
INPUT(G0)
OUTPUT(G1)
G2 = DFF(G10)
G3 = DFF(G11)
G8 = NOR(G2, G6)
G1 = NAND(G8, G3)
G7 = OR(G2, G0)
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G10 = AND(G3, G7)
G6 = NOT(G3)
G5 = OR(G6, G2)
G11 = AND(G0, G5)

2.2 Building a BDD

The building is done in two steps. The first part is non-recursive and it builds up small BDD
fragments representing the function of a row. The second part is based on a recursive algorithm
that starts from the outputs and composes the fragments into a single BDD.

The first part of building the BDD is done by translating each line of the circuit description
to a BDD with pseudo variables (wire names). The pseudo variables are referring to some
output from an other BDD or an input variable. In figure 1 you can see the BDD fragment
generated from the last line of the example.

0

G11

0 1

G5

G0

Figure 1: Fragment of the function{G11 = AND(G0,G5)}

When we have a generated BDDs of all the lines we have to compose a single BDD for
each output. This is done recursively starting from each output BDD fragment (primary and
next state outputs). The recursion terminates when reaching primary inputs or register out-
puts. When the recursion unfolds the actual function substitutes the pseudo variables and the
composed BDD is returned.

10

1 0

0

(G0)

(G2)

(G10) (G11)

(G3)

0

0 0

0

0

1
1

1

1

1

(G1)
NS[0:0] NS[1:1]O[0:0]

I[0:0]

CS[0:0]

CS[1:1]

Figure 2: The complete function

2.3 Span FSM states

The completed BDD is used to span the FSM. Starting from the reset state each possible new
state is recursively visited (depth first) until reaching an already visited state. During the re-
cursion a transition probability matrix is constructed. The usually sparse matrix is efficiently
represented by an ADD (Algebraic Decision Diagram) [3][2]. This matrix is addressed with
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the Current State as the columns and Next State as the rows. The value in each entry in the
matrix (ADD leaf) represents the probability to go from the Current State to the Next State.

S

S S

1
0

S

1

1

0

0

00 01

10 11

Figure 3: FSM states

When we calculate the transition probabilities the matrix starts empty and a new entries
are added during the recursion. We assume that the probability of input I is equal to one is 1/4
(P(I)=1/4).

CS00 CS01 CS10 CS11

NS00 0 0 0 0
NS01 0 0 0 0
NS10 0 0 0 0
NS11 0 0 0 0

Here we go from state 00 to state 01 and add the probability of P(I) to row 01 and column
00.

CS00 CS01 CS10 CS11

NS00 0 0 0 0
NS01 1/4 0 0 0
NS10 0 0 0 0
NS11 0 0 0 0

Here we go from state 01 to state 10 and add the probability of P(I) to row 10 and column
01.

CS00 CS01 CS10 CS11

NS00 0 0 0 0
NS01 1/4 0 0 0
NS10 0 1/4 0 0
NS11 0 0 0 0

•
•

Finally after we have spanned all reachable states we got the complete matrix.
CS00 CS01 CS10 CS11

NS00 3/4 3/4 3/4 0
NS01 1/4 0 1/4 0
NS10 0 1/4 0 0
NS11 0 0 0 0
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The ADD can describing this matrix is shown in figure 4 .

0

00

0

0

0

1

1

1
0

0

0

CS[1:1]

CS[0:0]

NS[1:1]

NS[0:0]

3/4

3/4 1/4 1/4

1

1010 0 1

1

Figure 4: ADD describing a Matrix

2.4 Calculate the state probabilities

The ADD obtained by spanning the FSM is used to calculate the steady state probabilities for
each state. The FSM can be seen as a Markov chain [3][2] and this is used in the calculation
of the state probabilities. The ADD is multiplied with an initial state probability vector, this
represents a matrix multiplication. The initial state vector should have the sum of the entries
equal to one and each column should have the sum equal to one..

Ax̄ = x̄′ (1)

,where A is the matrix represented by the ADD,x̄ andx̄′ are the steady state probability vectors
after the iterations. The iteration terminates whenx̄ andx̄′ are within the specified tolerance
from each other. The resultinḡx′ contains the resulting steady state probability vector.

The state probability vector is initialized such that each state entry takes on the value
1

nrreachablestates
except for the unreachable state entries, which takes on the value 0. The total

probability in each column of Matrix A is one.
3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


1/nr
1/nr
1/nr

0

 =


x′1
x′2
x′3
0

 (2)


3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


1/3
1/3
1/3
0

 =


3/4
1/6
1/12

0

 (3)

•
•
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3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
0.1999
0.0501

0

 =


3/4
1/5
1/20

0

 (4)


3/4 3/4 3/4 0
1/4 0 1/4 0
0 1/4 0 0
0 0 0 0

×


3/4
1/5
1/20

0

 =


3/4
1/5
1/20

0

 (5)

The steady state probabilities(PSS) are shown in equation 6.

PSS(S[1 : 0] = 00) = PSS(00) = 3/4
PSS(S[1 : 0] = 01) = PSS(01) = 1/5
PSS(S[1 : 0] = 10) = PSS(10) = 1/20
PSS(S[1 : 0] = 11) = PSS(11) = 0

(6)

3 Extracting Signal Statistics
The Transition Probability Matrix and the Steady State probability vector can be used to cal-
culate the bit probability and the switching activity of the next state bits.

3.1 Calculate bit probabilities

The state probabilities are used to calculate the bit probabilities for each register. The bit
probabilities is calculated by traversing the ADD and utilizing equation 7.

(∀i)P (NS[i : i]) =
∑

∀S[N−1:0]εS[i:i]=1

PSS(S[N − 1 : 0]) (7)

For next state bit zero we add all Steady State probabilities, which has one on bit zero. In a
similar way we do this for bit one. The computations are shown in equation 8.

P (NS[0 : 0]) = PSS(01) + PSS(11) = 1/5 + 0 = 1/5
P (NS[1 : 1]) = PSS(10) + PSS(11) = 1/20 + 0 = 1/20

(8)

3.2 Calculate Bit activities

To calculate the activity for each bit we use the ADD with the state transition probabilities
and the steady state probabilities calculated earlier.PSS(n) denotes the steady state probability
for state n, n[i:i] is the i:th bit of the vector n, A is the Matrix containing the state transition
probabilities(A[NSk][CSn] = P (NSk|CSn)) , a(NS[i:i]) is the activity for the next state bit i
and is derived by the following formula and algorithm.

(∀i)a(NS[i : i]) =
∑
∀n

PSS(n)×
∑

∀kε(k[i:i] 6=n[i:i])

P (NSk|CSn) (9)
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BitActivity(state[],Cur,lev,NrStateBits) {
if(IsConst(Cur) and (lev==2*NrStateBits-1)) {

for(i=0;i<nr_state_bits;i++)
if(state[i] != state[i+NrStateBits]) // Toggle

Activity[i]+=StateProb[GetCS(state[])]*Cur.Prob;
} else if(Cur.lev != lev) or IsConst(Cur)) {
// Expand tree

state[lev]=0
BitActivity(state[],Cur,lev+1,NrStateBits)
state[lev]=1
BitActivity(state[],Cur,lev+1,NrStateBits)

} else { // Traverse Level
state[lev]=0
BitActivity(state[],Cur.left,lev+1,NrStateBits)
state[lev]=1
BitActivity(state[],Cur.right,lev+1,NrStateBits)

}
}

NextState CurrentState

state

state[i] state[i+nr_state_bits]

Toggle bit i?

i i

Figure 5: Combined state vector

The equation 9 is used to calculate the next state activities in the following example.

a(NS[0 : 0]) = PSS(00)× P (NS01|CS00) + PSS(01)
× (P (NS00|CS01) + P (NS10|CS01))
+ PSS(10)× P (NS01|CS10) = 3/4× 1/4
+ 1/5× (3/4 + 1/4) + 1/20 × 1/4 = 2/5

a(NS[1 : 1]) = PSS(00)× 0 + PSS(01)× P (NS10|CS01)
+ PSS(10)× (P (NS01|CS10) + P (NS00|CS10))
= 0 + 1/5 × 1/4 + 1/20 × (1/4 + 3/4) = 1/10

(10)

4 Low Power Synthesis
We demonstrate the use of statistical information (signal probability and activity) for low power
synthesis of BDD mapped circuits [5]. The next state and output functions represented by
BDDs, are fed to the low power optimization tool, which seeks to minimize the estimated
power dissipation by iterative variable reordering of the BDDs. The resulting BDDs can be
directly mapped to a Pass Transistor Logic circuit [6]. The power dissipation is based on such
circuits.

5 Experimental Results
In this section we preset experimental results from the ISCAS sequential benchmarks. We
used the CUDD 2.3.0 BDD-package [8] and our synthesis tool [5]. The Area opt column
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Area opt NonFSM opt FSM opt
name Size ˆPD Size ˆPD Size ˆPD
s208.1 40 25 40 25 64 19
s27 9 4.1 9 4.1 9 4.1
s298 73 4.3 74 4.2 77 2.9
s344 103 12 108 19 148 3.4
s349 103 12 108 19 127 3.3
s382 120 2.1 122 2.1 120 2.1
s386 113 44 114 41 114 39
s400 120 2.1 122 2.1 120 2.1
s444 150 43 161 19 156 2.1
s510 163 118 168 81 153 61
s526 137 8.4 139 8.1 136 4.6
s641 398 81 384 77 1149 15
s713 398 81 384 77 1149 15
s820 219 172 261 149 280 108
s832 219 174 261 148 294 103

Table 1: ISCAS89 benchmarks

contains the results for the area optimized circuits. The optimization done on these circuits
are a heuristic minimization on the number of nodes in the BDD. The NonFSM opt column
describes the low power synthesis approach without the FSM analysis. Instead it uses default
values on the state vector for signal probabilities and switching activities. Finally we have the
FSM opt column with the extracted signal statistics applied on the state vector and using our
low power synthesis [5] tool. Size stands for the number of BDD nodes andˆPD is our estimate
of power.

We have assumedP (I[X : X]) = 0.5 for all primary inputs.
The results show an average power reduction of 43 percent by the new proposed method

compared to the area optimized method. The improvements range from 0 percent to 95 percent
reduction.

The results show that the power optimized circuit has on average an increase of 51 percent
area over the area optimized circuit.

The low power algorithm that use the default values on State bits for the activities(a(S[X :
X]) = 0.5) and probabilities(P (S[X : X]) = 0.5) has a limited success on reducing power.
For some benchmarks produce circuits with higher power dissipation than the area optimized,
however on average it still has better results than the area optimized circuit.

6 Conclusions
As the experiments show we get good results showing an significant reduction of power by
analyzing the FSM and using this information in our synthesis algorithm[5]. These results show
that the need for knowing the signal properties and applying that knowledge in the synthesis
process is crucial for low power applications. We expect our approach to be further improved
by incorporating low power state encoding techniques, for example by restructuring the FSM
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as in [4]. This is a topic set for further research.
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