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Abstract

In this paper, we consider the problem of calculating the signal and transition probabili-
ties of the internal nodes of the combinational logic part of a finite state machine (FSM).
Given the state transition graph (STG) of the FSM, we first calculate the state probabili-
ties by iteratively solving the Chapman-Kolmogorov equations. Using these probabilities,
we then calculate the eract signal and transition probabilities by an implicit state enu-
meration procedure. For large sequential machines where the STG cannot be explicitly
built, we unroll the next state logic k times and estimate the signal probability of the
state bilts using an OBDD-based approach. We then use these estimates to approxi-
mately calculate signal and transition probabilities of the internal nodes. We show that
a small value of k is sufficient to produce accurate probabilities. Our experimental re-
sulls indicate thal the average ervor of signal and transition probabilities (compared to
the exact method) is only 5% when k = 3. This is an order of magnitude improvement
in computation accuracy compared to existing approaches.
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1 Introduction

As portable electronics shifting from conventional low performance products to high
throughput and computationally intensive applications, power consumption becomes
one of the critical criteria for 1c design. Previous research has been done on low power
synthesis at logic and physical levels. Low power algorithms for node minimization,
kernelization, technology decomposition and mapping, state assignment and placement
have been developed[11], [9],[14],[12],[10]. To evaluate the circuits generated from dif-
ferent low power design tools, an accurate power analysis tool is required.

In CMOS circuits, power is consumed during charging and discharging of the load ca-
pacitance. In order to estimate the power consumption, we have to calculate the signal
and transition probabilities of the internal nodes of the circuit. Signal and transition
probabilities depend on the input patterns, the delay model, and the circuit structure.

Several signal and transition probabilities estimation algorithmms have been developed for
combinational circuit. Burch et al. [2] introduce the concept of a probability waveform.
Given such waveforms at the primary inputs and with some convenient partitioning of
the circuit, they examine every sub-circuit and derive corresponding waveforms at the
internal circuit nodes. Najm [7] describes an efficient technique to propagate the tran-
sition densities at the circuit primary inputs into the circuit to give transition densities
at internal and output nodes. These methods assume inputs to sub-circuits are inde-
pendent and thus do not account for the reconvergent fanout and input correlations.
Ghosh et al. [4] propose symbolic simulation in order to produce a set of Boolean func-
tions which represent conditions for switching at each gate in the circuit. Given input
switching rates, the switching probability at each gate is calculated by performing a
linear traversal of the Ordered Binary Decision Diagrams (0BDDs) [1] representation of
the corresponding Boolean function [7]. A general delay model which correctly com-
putes the Boolean conditions that cause glitchings is used and correlations due to the
reconvergence of input signals are taken into account. Tsui et al. [13] describe an ef-
ficient tagged probabilistic simulation approach which employs a real delay model to
account for glitchings and also handles reconvergent fanout. This approach requires
much less memory and runs much faster than symbolic simulation, yet achieves a very
high accuracy.

The above methods assume the primary inputs to the circuit are both spatially and
temporally independent, i.e. the signal value z; of a primary input ¢ is independent of
any other primary input, and 2; at time instance ¢ is independent of z; at time instance
t + 1. While this assumption holds for most combinational circuits, it does not hold
for finite state machines where the present state bit inputs are spatially correlated by
the state encoding and temporally correlated by the state transition behavior. Figure
1 shows the STG and the gate implementation of a 4-state finite state machine. If the
state bits are assumed spatially independent, the signal probability of n (P(n)) is equal



P(s - 1) = 0.2856
P(s-2)=0.5

P(s-3)=0.1428
P(s - 4) = 0.0714

a) State Transition Graph
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Figure 1: State transition graph and gate implementation of a 4-state finite state ma-
chine.

b) Gate Implementation

to 0.5%0.5*%0.5 = 0.125. However, n will evaluate to 1 only if $150 = 10 and input i is 0,
hence P(n) = state probability of state-3 *0.5 = 0.0721. Furthermore, if the state input
bits are assumed temporally independent, the transition probability of n (P_so(n)) is
equal to 0.125%(1-0.125) = 0.1093. However, when the present state is state-3 and the
input is 0, the next state is state-4 which always forces n to 0. Therefore, the actual
transition probability of n (Pj_so(n)) is equal to 0.0721.

Let fi(n) denotes the Boolean value of n at time ¢. The output of n will switch exactly
if:
g(n) = fo(n) & fi(n) (1)

evaluates to 1. The signal probability of g is thus equal to the transition probability of
n. Let PSo and Plg be the set of state bit inputs and primary inputs for fo(n) and PS,
and PI; be the set of state bit inputs and primary inputs for f;(n). PSo, PS; and Pl
are correlated by the state transition behavior of the FSM.

Based on the above observation, Ghost et al. [4] propose an approximate method,
which can capture the temporal correlation between the state bits at consecutive time
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Figure 2: Capture temporal correlation of state bits by next state logic.

instances, to estimate the power consumption of an FSM. First the next state logic is
duplicated and cascaded to the combinational part of the FSM. Then the exclusive-
or network of the internal nodes of the combination part is built (Figure 2). Signal
probabilities of the exclusive-or nodes are calculated using symbolic simulation based
on the assumption that the present state probabilities are equal, i.e., the present-state
lines of the next state logic are assumed to be uncorrelated and have signal probability
of 0.5. This method, to some degree, captures the temporal correlation between Sy
and PS, and the spatial correlation among bits of P.S;. However it is inaccurate for two
reasons. Firstly, the state bit signal probabilities are incorrect: Signal probabilities of
PS5y are assumed to be 0.5 and those of PS; are calculated based on this assumption.
Secondly, correlations among bits of PS5y are not captured. Indeed, since PSq and PS5,
are inputs and outputs of the same set of latches, their probabilistic behavior should be
the same. Thereflore, the signal probabilities and correlations for PS, and P5; should
be the same.

In this paper, we present an exact method to calculate the signal and transition prob-
abilities of the internal nodes of a FSM given its STG. The procedure is based on the
notion of symbolic state support and primary input support of a node. Given a STG,
the exact state probability can be derived from the Chapman-Kolmogorov equations
for discrete-state discrete-transition Markov Processes [8]. We describe a fast solution
by assigning initial probabilities to the states and then solving equations for the new
probabilities by simple substitution. This procedure is iterated until each state prob-
ability reaches the desired bit precision. Using these probabilities, we then calculate
the exact signal and transition probabilities by an implicit state enumeration procedure.
We also demonstrate that accurate state bit signal probabilities can be obtained by un-
rolling and cascading the next state logic of the FSM. We denote this as a k-unrolled
network. Based on the k-unrolled network, we present an approximate transition prob-



ability calculation procedure for large sequential machines which captures the spatial
and temporal correlations among the state bits.

The rest of this paper is organized as follows. In Section 2 we describe an iterative
procedure for calculating the exact state probabilities. Exact and approximate methods
for calculating the signal and transition probabilities for internal nodes of the combina-
tional parts of the FSMs are described in Sections 3 and 4, respectively. Experimental
results and conclusions are presented in Sections 5 and 6.

2  Calculation of the State Probabilities

The correlation between the state bit input lines depends on the state encoding and
the occurrence probability of each state which in turn is dictated by the STG. In this
section, we show how to calculate the state probabilities.

2.1 Definition

A state transition graph is denoted by G(V, E) where vertex 5; € V' represents a state
of the FSM and an edge e;; € E represents a transition from S; to S;. Let Ps, denote
the state probability, that is the probability of the machine being in S, and p;; denote
the transition probability, that is, the probability of the machine making a transition
from S; to ;. A transition matrix I',, is an M x M matrix where p;; is the entry in the
it" row and j** column where M is the number of states. We further denote the n-step
transition probability from 5; at time instance k to .S; at time instance k + n as p;;(n).
S is transient if there exist S; and integer n such that p;;(n) > 0, but p;; (1) = 0 for all [.
It means that it is possible to pass from S; into other state, but it is no longer possible
to return from that state to S;. All other states are called recurrent. A recurrent state
is called periodic if there exists an integer d with d > 1, such that p;;(k) is equal to
zero for all values of k other than d,2d,3d, etc. A set of essential states forms a single
chain if, for every pair of essential states S; and S, there exists an integer ri; such that

pij(rij) > 0.

2.2 State Probability Calculation

A finite state machine is a discrete-state discrete-transition Markov process. Given the
Markov process satisfies the conditions that it has a finite number of states, its essential
states form a single-chain, and it contains no periodic-states, then by the Limiting State



Probability Theorem[3],
n}_ignw pij(n)=Ps;, 1=1,2,...,M (2)
Z Pg} =[]
j
The state probabilities can then be obtained by solving the Chapman-Kolmogorov equa-
tions [8] as follows:

PS, = ZjEIN_STflTE(J.)pj’-PSJ 1= 1,2,..<,ﬂ{{—1
1= Zj PSJ' (3)
where IN_ST AT E(i) is the set of fanin states of 7 in the STG.
Alternatively, we could solve for 5;'s as follows. Let Pg,(n) be the probability of S; after

n cycles. For a discrete-state discrete-transition Markov process, Ps,(n) and Pg,(n+ 1)
are related by:

PS’(n‘i— ].) = ZJEIN_STATE{I) ?Jj,'PSJ(n) = 1,2,...,}1’1— 1
1 Y Ps;(n+1). (4)

Given a set of initial condition Pg, (0), Ps,(0),..., Ps,,(0), these equations can be solved
iteratively for n = 0,1,2,... to determine the state probabilities as a function of n.

This process is continued until the state probabilities converge, that is, the difference
between Pg (n + 1) and Pg (n) for all states is within a user defined parameter.

3  Exact Calculation of Signal and Transition Probabili-
ties

In this section, we present an exact method for calculating the signal and transition
’ I S g

probabilities of internal nodes of a FSM given its logic implementation. The state

probabilities are calculated from the STG using the procedure described in Section 2.

3.1 Terminology

Let S = §1,55,...,5u be the set of states of the FSM, s = sy1,89,...,5v ( N >
[loga M) be the set of state bits, PI = 4y,4a,...,ix be the set of primary inputs, and
1 be an internal node in the combinational circuit of the I'SM.



Suppose f is a disjoint cover of the function computed by n, i.e.,

f= > Cin (5)

meDisjoint _Cover(n)

where 'y, is a cube of the disjoint cover. (', is a [unction of s and PI. We partition
the inputs to €}, into two groups: the symbolic state support 5.5,, which includes all
states S; that have set the appropriate state bits, and the primary input support, [,
which includes the PI inputs of C,,. Hence C,, = 55, [1n-

We define the symbolic state support of node n (denoted by S5(n)) as the union of the
symbolic state supports of all the cubes in its disjoint cover. The importance of the
symbolic state support of n is that if the machine is in a state S; which is an element
of §5(n) then n may evaluate to 1 depending on the primary inputs. Otherwise, n will
evaluate to 0. We further define the auxiliary input function of n given S; (denoted by
AUX _I(n]S;)) as a Boolean function (of the primary inputs) which forces n to 1 given
that the present state of the machine is 5;. Note that AU X _/(n]S;) is the co-factor of
f with respect to the cube (s1,s3,...,5;) which corresponds to the encoding of 5;.

3.2 Signal Probability Calculation

Given a disjoint cover of node n, the signal probability of n is given by:

P(n) = > P(Crm ). (6)

meDisjoint _Cover(n)

Since the primary inputs are independent of the state that the machine is currently in
and states of the F'SM are distinct, we can write

P(C"m) = P(]m)P('S‘Sm)
= P(_[m) Z P(St) (

S5;€585m

=1
—

From equations (6) and (7), we have:

P(ﬂ.) = Z P([m) Z P(.S,) ('1)

meDisjoint_Cover(n) Si€ESSH

Theorem 3.1 Given the state probabilities, the signal probability of node n is given by:

P(n)= Y P(S;)P(AUX_I(n|S;)) (9)
S;€55(n)



Proof equation (8) can be rewritten:

Pmy= Y, F5 ), Pl (10)

Si€S8S(n) ImEISt

where Ig, is the set of primary input supports of the disjoint cubes C), such that 5; €
S5, This is, however, exactly the definition of AUX _I(n]|S;), that is,

> P(In) = P(AUX _I(n|S;)). (11)
Im€ls;

Equation (9) requires explicit enumeration of the states in §5(n) and is very costly. In
practice, we can do the calculation by implicit enumeration of states using OBDDs.

In [7], Najm et al. propose a procedure for calculating the signal probability at the
output of node n by first building an OBDD corresponding to the global function of the
node. This OBDD is then traversed in postorder using

P(n) = P(x:)P([s,) + P(%:) P(/z,) (12)

where f is the global function of n, f., and fz are the Shannon’s cofactors of f with
respect to z; and &;. The assumptions are that the signal probabilities of primary inputs
are given and uncorrelated.

We modify this procedure to account for correlations of the state bit inputs. First an
input variable order is derived as in [6]. The inputs are then partitioned into two groups,
namely, the state bit input group and the primary input group, with the relative order
within each group maintained. The final variable order is obtained by putting all the
state bit variables before the primary input variables. OBDD for n is built according to
this variable order (See Figure 3).

When traversal on the OBDD reaches a node m that is the first primary input variable,
paths from the OBDD root to the node identify a subset 5.5; of 55(n) while the OBDD
starting from that node corresponds to the AUX .I(n|S;) where S; is any element of
the §5; (Figure 3). Actually §5; is the set of states that share the same AUX _I(n]S;).
Equation (9) is then equal to:

Pn)= > P(SSHP(AUX I(n]|55:)) (13)

S8,CS5(n)

The probability of the auxiliary input function can be found by using a procedure
similar to [7] as the signal probabilities of the primary inputs are given and assumed to
be uncorrelated. Figure 4 shows the definitions and calculation of the signal probability
for node n in Figure 1. The above procedure is summarized in the following pseudo
code.



symbalic state Root

support set 5§ OBDD for node n
state bit
input
. [
A
primary
input
auxiliary input
function
AUX_I(nlSS;) = v
Figure 3: OBDD input variable order.
n=5;5, i
SS(n) = {8-3}
AUX_I(nlS-3) =i
a) terminology

symbolic °
s?'ulc ’ P(S-3)=0.1428
SUPPOI'I. °

auxiliary

input P(i)=0.5

function

P(n) = 0.1428%0.5
=0.0714

b) Calculation of signal probability from OBDDs

I'igure 4: Terminology with an example.
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function calc_signal_probability(F'SM)
begin
Tsp = build_state_prob_tree( FSM);
foreach node n in the combinational logic part {
n.signal_probability = 0;
bdd = build_bdd(n);
traverse the bdd in depth_first manner {
if m is the first Pl encountered in the bdd {
states = path_to_root(m);
state_probability = find_state_probability(7},,states);
auxiliary _input_probability = find_probability from_bdd( bdd,,);
n.signal_probability += state_probability x auxiliary_input_probability;

end

The above procedure can also be applied to 'SMs where some states are assigned multi-
ple binary codes (multicoding) as follows. Each multi-coded state is treated as a super-
state and split into a number of substates with unique binary codes. Since the substates
cannot be distinguished within the super-state, they have uniform state probability, i.e

2
O
5 =
i s

(14)

where m is the number of distinct codes that S; represents and Py, is the state probability
M

th

of the 7% sub-state of §;. The above procedure will then produce the correct signal

probabilities.

3.3 Transition Probability Calculation

The 1->0 transition probability of a node = is equal to:
Pi_so(n) = P(n(t) = 1)P(n(t+1) = 0|n(t) = 1) (15)

where P(n(l) = z)is the probability of n assuming z at time instance ¢t and P(n(i+1) =
y|n(t) = z) is the conditional probability of n assuming y at time instance ¢ + 1 given it
is z at time instance .

The value of n at { + 1 depends on the state of the machine at {4 1 which is determined
by the state and primary input vectors at ¢. Given state §; and input minterm P/; at

11



t,if 5; € 5S(n) and PI; C AUX_I(n|S;), n evaluates to | while the next state 5. is
determined from the STG. The conditional probability of n being 1 if the state of the
machine is S; is actually the probability of AUX _I(n]5;). Given that the machine state
and primary inputs at ¢ are S; and PI;, the conditional probability of n being 0 at time
L+ 1 is given by:

P(n(t+1) = 0Si{(t) A PL(t)) = P(n=0|S;)

1 - P(AUX_I(n]S;)) (16)

where S; is the next state of S; under input PI;.

Let NS(S;, AUX_[(n]5;)) be the set of states that can be reached from S; under the
input function AUX _I(n|S;), and TR_I(S;,5;) be the Boolean function (of primary
inputs) that causes the transition from 5; to .5;.

Given the state probabilities for the FSM, the 1->0 transition probability ! of a node n
is given hy:

Pioso(n) = Y. P(S;)P(AUX_I(n|S))). (17)
SieSS(n)
> (1= P(AUX .I(n|S;))).P(TRI(S;, 5;)|AU X _I(n]S;))
S;ENS(S:,AUX _I(n]S:))

Unfortunately, equation (17) cannot be implemented by an implicit state enumeration
procedure as in equation (13) since different states in 5.5; may go to different next states
S; under the same input function AUX _[(n]S85;).

The transition probability calculation can, however, be reduced to a signal probability
calculation based on equation (1) as shown in Figure 2. g is a function of Ply,Pl,
and PSg. As these input vectors are assumed to be uncorrelated, Theorem 3.1 and the
cale_signal_prob procedure can be used to obtain the exact signal probability of g, thus,
the exact transition probability of n.

4  Approximate Calculation of Signal and Transition Prob-
abilities

As the number of states is exponential to the number of flip flops, for sequential machines
having large number of flip flops, we cannot explicitly build the STG, and thus the exact
method cannot be applied. To calculate the signal and transition probabilities of the
internal nodes, we have to use the signal and transition probabilities of the state bits.

'A similar expression can be written for the 0-> 1 transition probability.

12



The state bits are correlated and hence their signal probabilities are not 0.5 (which is the
probability of a random input).In the following, we describe an approximate method for
calculating the signal and transition probabilities using finite network unrolling followed
by iterative solution of a system of non-linear equations.

4.1 Signal Probability Calculation

Given the state probabilities and the state encoding, the signal probability of state bit
$; is given by:
Play= Y, P(5) (18)

Sm€EEN5(1)

where £ Ng(i) is the set of states whose encodings have the i** bit equal to 1.

The state bit signal probabilities can be derived without explicitly calculating the state
probabilities which is very costly for sequential machines with a large number of flip
flops.

The transition behavior of the STG is implicitly captured by the next state logic of the
['SM. Assuming the present state bits are uncorrelated and their signal probabilities are
given, the characteristics (i.e. signal probabilities and correlations) of the next state
bits can be obtained from the OBDD for the next state logic. If we unroll and cascade
the next state logic b times to form a k-unrolled network as shown in Figure 5, we can
then calculate the signal probabilities of the state bits at the k" cycle given the state

bit probabilities at the 0% cycle.

Theorem 4.1 Given thal the state bils (s;) at lime instance 0 are uncorrelated and have
signal probability of 0.5, the state bit signal probabilities oblained by recursively applying
equation (12) on the OBDD for the k-unrolled network, are identical to those calculaled
from equation (18) where the state probabilities are obtained by solving equation ({) k

times, with initial conditions Ps, = ﬂl—!

Proof Given a specific state encoding, a set of state probabilities maps to a unique
set of state bit singal probabilities and correlations. Since the initial conditions for both
methods are equivalent (uncorrelated state bits with signal probabilities equal to 0.5
imply that each state has uniform probability of %), the state bit characteristics cap-
tured by the OBDDs of the k-unrolled network maps to the set of the state probabilities
obtained by solving equation (4) k times, and hence the signal probabilities obtained by
both methods are the same. =

The exact state bit signal probabilities can be obtained by unrolling the next state
logic oo times (Figure 5a). This is however impractical. We thus approximate the signal

13
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probabilities by unrolling the next state logic & times where & is a user defined parameter.
We then feed back the signal probability values of the state bits at the output to the
state bits at the input of the network and iterate until the signal probabilities converge
(Figure 5b). We denote this method as the signal probability feedback method. Indeed,
we still unroll the next state logic as many times as necessary to achieve convergence,
but after every k stages, we only pass forward the signal probability values and disregard
the correlations of the state bits.

The above iteration is known as the Picard-Peano iteration for finding a fixed-point of a
system of non-linear equations, in particular, z = f(z). The Picard-Peano method starts
with an initial guess for xp and calculates z; = f(2;-1) until convergence is reached.

Theorem 4.2 [5] If [ is contractive, i.e., |%{| < 1, then the Picard-Peano iteralion
method converges at least linearly.

In the following, we derive the system of non-linear equations which is solved when
calculating the state bit probabilities. Clearly,

.-'\.fl'l":f1(131,'PU,‘P8,...) (]())
NE = F(PI, P, PY,...)

NE = F(P1, P, P,.. )

where AV and 'Pj' denote the i*" next state bit at the output and the j* present state
bit at the input of the k-unrolled network, respectively and F;’s are Boolean functions.
Alternatively,

k .00 0 ‘
ns; = fi(pi,ps),pss,...,psy) (20)
nsh = fo(pi, s, ps3, . .., psy)

ko .0 D 0
ns, = fu(pi, s, P89, . . PSy,)

sth

and ps? denote the state bit probabilities of the i** next state bit at the

where nsf‘

output and the j* present state bit at the input of the k-unrolled network, respectively

and fi’s are nonlinear algebraic functions. Since we want to find the steady state bit
probabilities, hence (21) hecomes

ps1 = fi(pi, psi,psay ..., PSn) (21)
psy = [o(piypsi, psay ...y PSn)



P = falpt, sy, 89, o5 PSn)

which is a system of non-linear equations.

Theorem 4.3 f; is conlractive on the domain [0,1].

Proof As f; = ps; P(Fi(P; = 1))+ (1 — ps;)P(Fi(P; = 0), we can write

df;
('):I.'j

= P(Fi(P; = 1)) = P(F(P; = 0)).

If there are no redundant bits, that is, A; # P; for every i, then this partial differential
is strictly less than one. =

From theorems 4.2 and 4.3, we can see that the iterated signal probability calculation
for the k-unrolled network is guaranteed to converge.

Note that the signal probabilities at the next state bit lines of the next state logic in
Figure 2 are actually the result of signal probability calculation for a 1-unrolled network
without any signal probability feedback. We will refer to this method as I-unrolled,
0-stage feedback, or simply fu_0f. Figure 6a shows the method used to calculate signal
probability of the internal nodes of the FSM using the k-unrolled network with signal
probability feedback.

4.2 Transition Probability Calculation

We enhance the transition probability calculation procedure of Figure 2 by using the
concept of k-unrolled next state logic network. Instead of connecting the next static logic
network to the exclusive-or network, we unroll the next static logic network k times and
connect the next state bits of the k** stage of the unrolled network, the next state bits
of the k — 1** stage, and the primary input of the & — 1tk stage to the combinational
logic parts which are then exclusive-ored together (Figure 6b) 2. By doing so, accurate
state bit signal probabilities are used and the spatial and temporal correlations between
PS5y and PS; are captured.

*This method can be improved as follows. The signal probability feedback is taken from of the next
state output of the combinational part (time instance ¢ version) of the FSM. In effect, this adds one
more unrolling to the k-unrolled network and hence is more accurate.

16
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Figure 6: Calculation of signal and transition probabilities using k-unrolled network.



5 Experimental Results

To demonstrate the effectiveness of the signal and transition probability calculation
procedures, we carried out several experiments using the full McNc-91 and subsets of
the 1SCAs-89 sequential benchmark sets. The circuits were generated using the sis
mapper and an industrial gate library. Zero delay model was assumed. All experiments
were carried out on a Sparc 2 workstation with 64MB memory. Power consumplion
measurement is based on the following model:

V2 : e .
Prvg = 0.5 % Clogg ¥ dd_ o B(lransitions). (22)
cycle

Table 1 shows the accuracy of calculating the state probabilities by iteratively solv-
ing equation (4). Results are compared to the exact values obtained by solving the
Chapman-Kolmogorov equations for the STG. The process was terminated when the
error was smaller than 0.5% or the number of iterations was greater than 100. The error
was calculated as the sum of the absolute value of % error for each state probability
divided by the number of states. It is seen that the average number of iterations needed
to achieve the required accuracy is about 20.

Table 2 shows the accuracy of state bit signal probability calculation by unrolling the
next state logic. Results are compared to the exact signal probability generated from
equation (18) where the state probabilities were obtained by solving the Chapman-
Kolmogorov equations. The values generated from the f-unrolled network without signal
probability feedback (i.e. Iu_0f) are also presented. For each FSM, the error is calculated
by summing the absolute value of % error on all state bit signal probabilities divided
by the number of state bits. As expected, error decreases when k increases and signal
probability feedback is used. The average error is about 6% when k is equal to 3.

Table 3 shows the error in transition probability values using the network unrolling
method. Results are compared with those obtained from the exact method described in
Section 3.3. The results obtained from the method of Figure 2 are also presented. The
error is calculated by summing the absolute value of % error in transition probability
for each node divided by the total number of nodes in the network. It is seen that if
inaccurate state bit signal probabilities are used and the present state bit correlations
are not taken into account, the transition probability calculation can be very inaccurate.
The network unrolling method produces more accurate results as & increases. From the
experimental results, when k is equal to 3 the average error is only 4.6 % which confirms
that a small value of k is sufficient to produce accurate results.

Table 4 contains run times for various approaches reported in Table 3. As expected,
the computation time increases with k. To obtain the effect of transition probabilities
on the power estimation, we also compare the power consumption values estimated by
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different methods. Table 5 summarizes these results. The % deviation from the exact
power consumption falls to 1% for & = 3.

Finally, we applied our method on larger sequential machines from the 1scas benchmark
set. Power consumption estimates for these circuits using different estimation methods
are summarized in Table 6.

6 Concluding Remarks

We have presented exact and approximate algorithms for estimating the signal and tran-
sition probabilities for FSM. In particular we showed how to calculate state probabilities
given the STG for a FSM by iteratively solving the Chapman-Kolmogorov equations.
Based on the state probabilities, exact procedure to find the signal and transition prob-
abilities of the internal nodes of a FSM was described. Also we introduced the notion
of k-unrolled network to correctly estimate the signal probabilities of the state bits of
a FSM given its logic implementation. An approximate algorithm for obtaining the
transition probabilities based on the notion of k-unrolled network was also presented for
large sequential machines of which STG cannot be explicitly built.

The signal and transition probabilities of a FSM depends on the state probabilities and
the state encoding. It is still an open problem to find a state encoding such that the
total transition probabilities of the network is minimized. Further research needs to be
dane to address this issue.
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% ol abs. error no. of
circuits in state prob. | iterations
hbara 0.00 11
bhsse 0.00 11
bbtas 0.10 30
beecount, 0.02 T
cse 0.00 15
dk14 0.00 3
dk15 0.07 3
dk16 0.00 6
dk17 0.03 5
dk27 0.00 9
dkb12 0.00 g
donfile 0.00 10
exl 0.00 14
ex?2 0.02 18
exd 0.02 43
exd 0.05 6
exb 0.13 G
keyh 0.00 1§
kirkman 0.01 16
lion 0.07 25
markl 0.06 10
me, 0.13 11
opus 0.00 8
planet 4.33 100
sl 0.00 Fi
s1488 0.00 26
s27 0.00 3
s386 0.00 12
sH10 0.44 100
s820 0.00 19
5832 0.00 19
sand 0.05 92
scf 0.00 20
sse 0.00 11
styr 0.00 26
thk 0.00 3
traind 0.10 7
average 0.04 19.65

Table 1: State probabilities.




circuit Average absolute % error in signal prob.
Method k-unrelled with k-stage feedback

Tu 0f k=1 k=2 | k=3 ]| k=4 | k=5
bbara 168.20 | 20.20 8.66 | 6.72 | 5.51 | 4.53
bbsse 105.90 | 17.12 282 099 0.13] 0.03
bbtas 21.21 | 1643 | 1259 | 9.25 | 7.30 | 5.20
beecount 10.76 6.99 206 | 073 0.23] 0.08
cse 75.10 | 15.09 3.84 | 0.87 | 0.20 | 0.04
dk14 2.36 0.22 0.16 | 0.03 | 0.00 | 0.00
dk15 5.66 3.10 0.24 | 0.03 | 0.00]| 0.00
dk16 4.63 3.18 091 | 1.06| 042 | 0.08
dk17 6.78 4.85 037 | 0.26 | 0.03 | 0.03
dk27 4.08 4.03 279 | 287 | 0.82 | 0.55
dk512 8.70 2.70 4.10 2.30 110 | 0.60
donfile 12.71 10.25 3.14 1.60 0.76 | 0.37
exl 35.88 | 29.89 | 1557 | 7.30 | 4.27 | 2.30
ex? 10.05 6.30 4.76 | 1.22 1.18 | 0.40
exd 18.81 | 17.88 | 10.76 | 9.21 | 6.00 | 7.20
exh 33.38 5.41 1.63 | 058 | 0.34 | 0.09
ex0 13.74 9.00 1.80 | 0.60 | 0.13 | 0.06
keyb 4708.00 | 637.00 240 | 0.38 | 0.03 | 0.01
kirkman 137.00 | 19.88 574 | 6.18 | 2.24 | 1.44
lion 9.11 10.81 G.45 | 4.20 | 2.90 | 2.11
mark| 26.50 | 1L.55 448 | 1.83 148 | 0.54
me 10.83 | 15.00 9.00 | 490 1.89 | 2.00
opus 21.26 15.90 584 | 3.71 0.82 | 0.14
planet 17.85 | 15.00 | 18.50 | 15.30 | 31.40 | 7.60
sl 15.57 | 16.42 8.28 | 4.00 | 1.20] 0.45
s1488 811.00 | 447.70 | 144.90 | 87.20 | 41.70 | 1.50
s27 8.56 8.50 3.00 ( L.20 | 050 | 0.20
53806 44.32 | 12.45 3.74 | 0.60 | 0.16 | 0.04
sh10 19.59 | 12.41 10.09 | 935 | 8.39 | 8.16
8820 157.04 | 24,90 | 1270 | 6.30 | 2.90 | 1.40
5832 157.04 | 24.90 | 12.71 | 6.29 | 2.90 | 1.41
sand 3.90 9.00 5.50 | 4.90 | 4.80 | 4.64
sef 132.80 | 100.73 | 15.40 | 8.01 | 5.73 | 2.07
sse 105.90 | 17.12 2.82 | 099 | 0.13 ] 0.03
styr 219.53 | 47.38 | 11.75 | 4.69 | 3.61 | 1.98
thk 26.07 | 12.70 294 ( 138 | 1.01] 0.70
traind 20.83 0.04 0.02 0.00 0.00 | 0.00
average | 194.32 | 44,12 9.8 | 5.87 | 3.84 | 1.57

Table 2: State bit signal probabilities.
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circuit

Average absolute %error over exact method

Ixact total | Method k-unrolled with k-stage feedback

trans. prob Tu 0f k=1] k=2] k=3 ]| k=4 | k=5
bbara 8.17 55.85 9.16 | 7.31 | 6.11 | 4.86 | 3.89
bbsse 20.67 71.23 | 1518 | 5.27| 1.13| 030 | 0.08
bbtas 5.21 34.11 | 23.04 | 14.38 | 10.95 | 7.96 | 5.49
beecount 12.04 29.25 7.39 | 242 | 064 | 0.24 | 0.08
cse 16.09 98.55 8.10 | 231 | 053] 0.12| 0.02
dkl14 23.20 19.88 288 030 0.06| 0.01] 0.01
dk15 19.61 11.47 599 | 1.04| 0.04| 0.01 | 0.01
dk16 38.43 23.18 952 | 3.79| 145 | 0.68 | 0.22
dkl17 16.42 19.66 828 | 224 | 1.16] 023 | 0.09
dk27 9.54 8.98 3.33 | 226 | 085 057 0.27
dkh12 15.33 9.12 545 | 3.69 | 2.00| 1.31| 0.32
donfile 23.56 18.63 8.83 | 5.10| 2.90| 1.42| 0.66
exl 28.01 48.08 3591 | 19.16 9.60 4.92 2.58
ex2 29.65 41.74 34.88 | 11.43 4.96 1.56 1.01
ex4 24,13 23.60 | 20.75 | 806 | 7.50 | 8.94 | 11.63
exh 13.61 51.20 917 | 3.97 | 1.25| 046 | 0.22
ex( 21.66 25.64 | 1133 | 299 1.59 | 066 | 0.22
keyh 26.53 50.506 6.11 1.5 | 0.43 | 0.15 | 0.0l
kirk 34.32 122.00 [ 12.96 | 5.80 | 3.42 | 249 | LTI
lion 4.14 5.00 959 [ 207 | 141 | 1.02| 0.75
mark | 19.40 T4.26 | 23.29 | 1878 | 6.84 | 3.38 | 1.79
mic T.6GY 12.86 7.60 4.07 2.04 2.34 1.91
opus 16.59 42.79 | 40.23 | 24.11 | 5.11 | 093] 0.33
planet 69.98 42.93 40.76 | 28.10 | 26.80 | 28.40 | 21.35
sl 41.29 34.506 38.10 | 14.69 6.05 3.01 1.34
51488 69.58 | 241.14 | 119.05 | 34.79 | 14.60 | 6.00 | 3.40
827 5.00 19.89 441 096 | 042 0.18 ] 0.08
s386 25,57 | 377.13 | 12,20 580 | 133 | 040 | 0.07
sh10 42.82 39.31 14.56 | 148 | 9.04 | 847 | 0.60
$820 43.55 | 20145 | 14.22 | T.80 | 3.88 | 1.95| 0.92
5832 45.11 211.84 | 14.65 | 7.93| 4.01| 203 | 0.95
sand 47.13 2488 | 16.62 | 12.02 | 11.43 | 11.47 | 11.43
sclf 59.22 102.57 | 79.31 | 38.51 | 18.64 | 7.13 | 2.64
sse 20.67 7123 15.18 5.27 1.13 0.30 0.09
styr 3547 166.25 | 43.16 | 14.83 | 7.62 | 353 | 1.69
thk 79.46 3986 | 17.98 | 3.74| 2.58 | 31.75 | 1.20
traind 5.00 18.23 0.36 | 0.16 | 0.00] 0.00 | 0.00
average 67.27 | 20.26 | 8.87 | 4.85 | 3.22 | 2.14

Table 3: Transition probabilities.
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circuit CPU time in seconds
Exact | Method k-unrolled with k-stage feedback

Method Tu0f | k=1 k=2 k=3 k=4 k=5
bhara 7.08 3.15 | 2.63 4.18 8.15 14.70 23.10
hhsse 7.39 3.76 3.28 5.16 8.86 13.76 18.99
bbtas 1.32 0.72 | 0.59 0.68 0.83 1.13 1.45
beecount 2.40 1.43 1.05 1.45 2.08 3.11 4.25
cse 11.86 6.29 | 5.31 10.71 19.80 31.70 48.00
dk14 6.30 3.62 2.71 4.98 8.13 11.20 11.20
dkl1b 3.86 2.31 1.63 2.436 3.20 4.43 4.43
dk16 18.20 0.73 | 8.43 17.68 | 30.65 48.50 62.58
dk17 3.60 2.00 1.5 2.24 3.28 4.78 (.35
dk27 1.26 0.65 | 0.61 0.65 0.78 0.86 1.06
dkH12 2.80 1.38 1.16 1.44 1.92 2.60 3.41
donfile 26.30 6.83 | 540 | 11.20 | 21.13 32.11 44.80
exl 21.25 10.25 | 9.05 18.91 30.78 44.78 61.58
ex2 12.41 4.75 | 4.22 8.00 15.40 23.00 32.50
exd 5.61 2.50 | 2.10 2.20 2.58 3.00 3.56
exd 3.28 1.82 1.45 2.11 3.18 4.76 6.83
exBi 5.46 342 251 4.30 6.82 10.00 14.33
keyb 34.48 11.34 | 8.98 | 20.24 | 36.04 60.68 87.66
kirk 44.88 7.42 | 6.26 7.83 9.94 12.26 15.63
lion 0.88 0.48 | 0.45 0.56 0.G8 0.86 1.08
mark]l 4.60 231 | 2.10 2.60 3.11 3.69 4.76
e 1.36 0.75 | 0.66 0.80 0.95 1.22 1.45
opus 6.48 2.48 2.26 3.90 5.96 8.10 10.90
planet 144.54 18.00 | 15.51 22.68 | 31.80 43.52 59.74
sl 46.64 20.11 | 17.35 | 50.28 | 105.70 179.54 | 252.77
s1488 89.89 32.54 | 35.23 | 66.44 | 109.48 | 170.60 | 227.35
s27 0.91 0.45 | 0.43 0.50 0.61 0.78 1.08
s380 26.30 5.80 | 5.16 10.00 | 16.23 0.78 29.85
s510 127.94 9.08 | 7.95| 12.565 | 18.33 24.64 33.40
s820 33.51 22.15 | 16.06 | 42.50 | 84.62 130.07 | 191.90
$832 33.70 21.50 | 17.06 | 41.83 | 83.20 133.61 195.10
sand 45.29 23.26 | 18.94 | 42.39 | 84.50 140.46 | 221.25
scf 294.50 31.30 | 26.48 | 40.09 | 56.40 74.68 100.49
sse 7.08 3.73 | 3.23 5.16 8.78 13.53 18.24
styr 38.78 23.03 | 19.19 | 43.23 | 84.60 138.31 | 215.00
thk 127.14 74.56 | 60.34 | 209.60 | 905.00 | 1471.00 | 1625.00
traind 0.95 0.53 | 0.46 0.56 0.72 0.93 1.18

Table 4: CPU times for transition probability calculation.
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circuif, Power consumption

No. of | Method | k-unrolled network method

latches Tu0f | k=l k=2 k=3
5298 14 8976 | 4494 4318 4164
8344 15 7256 | 5791 | 5750 5707
s349 15 7368 | 5849 | 5807 5765
s382 21 10099 | 3980 | 3992 3976
s400 21 10640 | 4063 | 4075 4060
5420 16 4028 | 4028 | 4028 4028
s444 21 10174 | 3890 | 3897 3881
sH26 21 14202 | 5778 | 5798 5762
s641 19 9500 | 8149 | 8111 8098
sT13 19 9848 | 8566 | 8539 8522
s838 32 5934 | 5934 | 5934 5934
s953 29 16440 | 12381 | 11856 12367
s1196 18 28935 | 27889 | 27890 27890
s1238 18 31946 | 30911 | 30912 30912

Table 6: Power consumption estimation for machines with larger number of flip flops
(the estimation accuracy increases as k increases).
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