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Abstract—In this paper we address the problem of state scending order of weight. The per-state algorithm encodes
assignment for Finite State Machines (FSMs). We targetthe the states individually, on the same loop-by-loop basis.
reduction of power dissipation in FSM circuits by minimiz- The proposed algorithms have been implemented
ing the switching activity in the state register. We introduce and evaluated on the standard FSM benchmark suite

a novel state assignment method that utilizes dynamic loop , . . .
information extracted from FSM profiling data. We pro- MCNC/LGSynth '89 B]. Simulation results indicate that

pose three different loop-based state assignment algorithms: When compared with POW3], a state-of-the-art state as-
depth-first search (DFS), loop-based DFS and per-state en- signment algorithm for low power dissipation, our method
coding. The algorithms are implemented and evaluated on produces 14.0%, 5.6%, and 6.4% average reduction of the
the standard FSM benchmark suite MCNC/LGSynth '89.  switching activity in the state register for the respective
Simulation results ipdicate that w.hen compared with stgtg- algorithms. We note here that even though the DFS al-
of-the-art state assignment aIgonthmsOfor low power dissi- o ithm produces state encodings that lead to the highest
pation, our method; 'prc.)duce up to 14% average reduction average reduction this happens at the expense of an expo-
of the switching activity in the state register. ; . X )

Keywords— FSM, State Assignment, Low Power Design, nential cqmputatlonal time. Thus Fhe DFS algorlthm. can-
Logic Design not be utilized for very large circuits. The last algorithm

however requires a linear execution time and the quality
of the generated encoding is comparable with the quality
produced by the DFS based algorithms.

Finite state machine (FSM) state assignment for 10W he remainder of the paper is organized as follows: Sec-
power dissipation is usually based on the static FSMon || describes the general approach to FSM state assign-
description §] (POW3 [1], Noth etal. b, JEDI [4], ment and explains the utilized terminology. Sectitin
NOVA [7]). This however does not take into consideragiscysses the concept and implementation of FSM state
tion an important aspect of the behavior of an FSM, i.€profiling and loop detection. SectidV proposes three
the interaction between the FSM and the outside world. loop-based FSM state assignment algorithm for low power

In this paper we propose an FSM state assignment afjssipation. SectioV discusses the obtained simulation
proach based on dynamic FSM state profiling, where theg its. Sectioivl concludes the paper.

profiling data is obtained through the analysis of actual

execution traces. The profiling data allows us to identify I
the most frequently executed states or sequences of states

within the FSM. More specifically, our approach targets The objective of a state assignment algorithm is to as-
frequently executed cycles of states, i.e., loops. We preign a unique code (state register bit vector) to every state
pose the following three state assignment algorithms thatthe FSM. A state assignment algorithm has a significant
utilize this profiling data to minimize the power dissipainfluence on the power dissipation of the resulting FSM
tion of the FSMs: the depth-first search (DFS) algorithngircuit. Through the state codes, the encoding determines
the loop-based DFS algorithm, and the per-state encaubst only the switching activity in the state register, but
ing algorithm. The DFS algorithm performs an exhaustivalso the structure of the combinatorial logic circuit of the
search of the FSM encoding space using the loop informBSM and its switching activity. The state register switch-
tion for intermediate cost estimates of an encoding. Theg activity can be determined by evaluating the (known)
loop-based DFS algorithm performs a similar search onkEM'’s state transitions, but combinatorial logic synthesis
loop-by-loop basis, where the loops are ordered in the dis-a complex, and time consuming, process, which makes

|. INTRODUCTION

. FSM STATE ASSIGNMENT
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it unfeasible to evaluate the cost of each choice for the ciional complexity to a linear complexity state assignment
cuit switching activity. Therefore, low power state assignheuristic featuring a “best guess” approach. Although the
ment algorithms consider only the state register switchirfieuristic cannot guarantee an optimal solution, the compu-
activity. tational complexity of the heuristic allows large size FSMs

In this paper it is assumed that an optimal solution of the® be assigned. Even more, the computational complex-
state assignment problem is a solution which results in thiy allows several runs of the heuristics, for example to
minimal amount of switching activity in the state registercompare different loop weighting strategies, and choose
We present a general approach to FSM state assignmtrg best solution.
based on dynamic FSM state profiling data. This approachGiven that our approach is based on profiling data which
is based on the idea that the operation of many FSMs cas-obtained through the analysis of actual execution traces,
sists of recurring cycles (loops) of the same states, and thlagé next section describes how FSM state profiling data is
the FSMs spend most of their time walking through thesebtained and loops are detected.
loops. Therefore, the state assignments of the states in
these loops have the largest impact on the overall switching!!!- FSM STATE PROFILING AND LOOP DETECTION
activity in the FSM state register. By targeting these loops
with our state assignment algorithm, the largest reductio Simulate @ Find %@
in switching activity can potentially be realized. FSM \ trace/ loops

The approach can be divided into the following three Fig. 1
steps: FSM STATE PROFILING AND LOOP DETECTION
1. FSM state profiling collects information about the dy-
namic behavior of the FSM. A (simulated) FSM run under

a relevant input data set generates an FSM state registegqr programs, code profiling means determining how
trace, and from this trace, state and transition statistics agen certain pieces of code are executed. We define FSM
collected. state profiling in the same way: state profiling determines
2. Loop detection searches for loops in the state tracenow often a certain state is entered during an FSM run.
Loops are identified by the repeated occurrence of thss\ state profiling (Figuré) records the state of the FSM
same state in the trace, and each discovered loop is StOfﬁﬁing a (simulated) run of the FSM with a relevant input
and counted to obtain the frequency of the loops. data set. From the resulting state register trace the loop
3. FSM state assignmentssigns each state of the FSMrequencies, which determine the importance of a loop for
a unique code (bit vector) to represent it in the state regigre switching activity, can be derived.
ter. The data gathered in the first two steps are utilized to FSMs consist of a finite number of states, between
minimize the switching activity in the FSM state register.hich the FSM switches during its operation. Unless the
The FSM state assignment problem has a computationat enters a state from which no state transitions to other
complexity that is exponential in the number of stafesf  states are possible, it is very likely that the FSM at some
the FSM: the best solution can only be determined by tryime will enter a certain state for the second time. The
ing every combination of possible codes for the states @isp has no memory of its previous states, thus for the
the FSM. The number of possible cod€ss determined EsM there is no difference between the first and the sec-
by the width, or number of bits3, of the state register: gng time the state was entered, and the FSM has in effect
C = 25 To minimize the complexity of the assign-jooped back to this state. We call the cycle, formed by the
ment, the number of possible codes should be chosenggjuence of states from the first occurrence of a state (up)

the smallest power of two needed to assign each stategahe second occurrence of that same state, an FSM state
unique codeC' = 215251, The number of possible FSM |oqp.

encodingst’ then becomes: Our FSM state assignment approach attempts to lower
O the FSM'’s power dissipation by reducing the state regis-
E= m (1) ter switching activity. Conflicting state sequences between

loops inhibit an optimal encoding of all loops, therefore the
For FSMs with a large number of states, the exponentibest results are obtained by assuring that at least the loops
complexity makes it unfeasible to try every possible erthat contribute the most to the overall state register switch-
coding even with a minimal number of possible encodingfg activity are encoded optimally. This contribution, or
Therefore, we present several algorithms that evolve fromeight, is a function of the loop’s frequency. Thus, our
an exhaustive search algorithm with exponential computapproach is most successful for FSMs that feature a small
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number of loops with a significantly higher frequency than
the other loops.

We propose a loop detection algorithm that takes a linear
search approach, i.e., it performs a single analysis of the
state trace, in one direction. The algorithm utilizes its own
internal memory, called the minimal trace, to store a list of
the states it encounters in the state trace. Before a state |
added to the list, the algorithm performs a simple check fo a @ @ @@ @
the_ pre_sepce of the encountered state in the minimal trace, Fig. 2
which |.nd|cates_ 'Fhe presence of a loop. The order of the ESMWITH NESTED LOOPS
states in the minimal trace matches the order of the states
in the state trace, therefore the algorithm can determine
the states in the loop, and the order of those states, from
the minimal trace. When a loop is detected, the states in
the loop are removed from the minimal trace, and the loop
is added to the set of detected loops. If there is already aln this section we propose the following three state as-
loop present that matches the states and the order of gignment algorithms that utilize profiling data to minimize
states in the detect loop, the frequency count for that lodpe power dissipation of the FSMs: the depth-first search
is simply incremented instead. (DFS) algorithm, the loop-based DFS algorithm, and the

The removal of the detected loop serves an importaR€r-state encoding algorithm. The depth-first search (DFS)
purpose: removing the detected loop in effect removes tiégorithm performs an exhaustive search of the FSM en-
innermost loop from a set of nested loops within the sta@®ding space using the loop information for intermediate
trace. When the loop is removed, the last state in memog@st estimates of an encoding. The loop-based DFS al-
is the last state of the outer loop before entering the igorithm performs a similar search on a loop-by-loop ba-
nermost loop. The algorithm continues to add states to t§ts, where the loops are ordered in the descending order of
memory until the outer loop is detected. This loop does n#teight. The per-state algorithm encodes the states individ-
contain an inner loop and is counted as a separate, simpRlly, on the same loop-by-loop basis.
loop (hence the nammainimaltrace). This process contin-
ues until all loops of the nested set are detected.

The last step of each iteration adds the encountered statd he basic DFS state assignment algorithm finds the
to the minimal trace, even when the state is part of a dESM state assignment solution with the lowest switch-
tected loop, because the state that joins an inner and i@ activity by trying every possible combination of state
outer loop is an indispensable part of both loops, and ti§@des for the states. The algorithm performs a depth-first
previous occurrence of the state has been removed fr@@arch (DFS) in a search tree, where each state is repre-
the memory. sented by a level, each node of a level corresponds with

In order to clarify the above we present the following?h unassigned code, and each incoming branch to a node
trace-based loop detection example. Assume that the FSiymbolizes a state assignment. The top level (zero) rep-
depicted in Figure has produced the following state tracefesents the unassigned FSM. When the search reaches the
B—al—bl—b2—b3—bd—bl—b2— b3— b4 bottom level, the resulting search path corresponds with a
— bl — b2 —a2— a3 — a4 — al — bl — b2 — a2 Valid encoding for the FSM.

— E. The trace contains two nested loops: the inner loop To find the best state encoding for low power consump-
bl — b2 — b3 — b4 (twice) and the outer loopl — b1 tion, the algorithm uses the state register switching activity
—~ b2 —a2—a3— a4 as its cost metric, and minimizes this. The cost of an en-

Tablel demonstrates the iterations of the loop detectiofPding is an estimate of the state register switching activity
algorithm for this state trace. For each step it shows tiefined as:
state being checked, the minimal trace after the step, and if
present, the detected loop. A loop is detected when the cur- cost = Z (frequency(l) % teZTIHm)’ @
rent state is found present in the minimal trace (indicated
in bold). The loop is removed from the minimal trace, andvhere 7} is the set of transitions in loop and H(t) is
added to the set of loops. After the check, the current statee Hamming distance between the codes of the begin and
is added to the minimal trace. end state of transitioh Therefore, the complexity of the

IV. LOOP-BASED FSM STATE ASSIGNMENT
ALGORITHMS

A. Basic DFS state assignment algorithm

l€loops
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State | Minimal trace Detected loop
B B

al B —al

bl B—al—bl

b2 B —al— bl— b2

b3 B —al— bl— b2— b3

b4 B—al— bl— b2— b3— b4
bl B—al— bl bl— b2—b3— b4l
b2 B —al— bl— b2

b3 B—al— bl—b2— b3

b4 B—al— bl— b2— b3— b4
bl B—al—bl bl— b2— b3— b4
b2 B—al— bl— b2

a2 B—al—bl—b2— a2

a3 B—al—bl—b2—a2— a3

a4 B—al—bl—b2—a2—a3— a4
al B —al al—bl—b2—a2— a3— a4
bl B—al— bl

b2 B —al— bl— b2

a2 B—al—bl—b2— a2

E B—al—bl—-b2—a2—E

TABLE |
ITERATIONS OF THE LOOP DETECTION ALGORITHM

cost estimate is linearly related to the combined numbémaversal of a branch from the current level to a node on
of states for all loops. After the evaluation of all possiblehe next level. Then, this process is repeated for the next
search paths, the encoding with the lowest cost is assigriedel(s). When all states are assigned, the cost of the en-
to the FSM. coding is calculated by using Equati@nlf the cost is less
The algorithm consists of two parts: the initializationthan the minimum cost found so far, the minimum cost is
routine and the DFS function. The initialization routine ig/Pdated and the codes in the search path are stored as the
the top level of the search. This routine sets the paramet&§limum cost encoding. The algorithm returns to the pre-
for the search, initializes the variables and starts the sear¥us level by releasing the code, i.e., going back up the
The actual search is performed by the DFS function. Whéifanch.
the search is completed, the encoding with the minimum As stated in section Il, the basic DFS state assignment
cost is assigned to the FSM, and the algorithm finishes. algorithm has an exponential computational complexity,

The DFS function recursively traverses the search trddlich makes it impossible to find the best solution for an
of possible FSM encodings in a depth-first manner. EadmM With a larger number of states. To find solutions for
level in the search tree corresponds with a state. A notfg9e" FSMs, an heuristic based approach is required as
on level L indicates a partial FSM encoding for the figst €xPlained in the following.
states. Each branch in the search tree corresponds with a
code assignment to a state. Every time a leaf node (at e

bottom) of the tree is reached, the search path correspondshe basic state assignment algorithm has an exponential

with a possible FSM encoding, and the algorithm estimategmputational complexity to the number of states, which

the cost of that FSM encoding. If the cost of the encodingyakes it unsuitable for FSMs with many states. A well-

is lower than the minimum cost so far, the minimum costnown solution is to divide the FSMs in several smaller

is updated and the encoding is stored. When the entire trig@ups, and assign each group of states separately. This

has been traversed, the algorithm ends. way the computational complexity is only exponential to
The search algorithm arbitrarily selects an unassignélde number of unassigned states in the largest unassigned

state for the next level of the search tree. The avaijroup. However, the algorithm is only able to find the best

able (unassigned) codes correspond with the nodes of tlsatution if all groups are completely unrelated. However,

level. The assignment of a code to the state symbolizes tile-SMs all states are connected, because all states can be

Loop-based DFS state assignment algorithm
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reached from the starting state of the FSM. Therefore thmsis.
solution cannot be guaranteed to be optimal. o _
The best way to partition an FSM is to group togethef- Loop-based per-state heuristic state assignment algo-

strongly connected states, so that at least the assignments’ ithm

within each group are optimal. The FSM is already par- The previous state assignment algorithms both have an
titioned into strongly connected groups in the form of thexponential computational complexity to the number of
loops found during the FSM profiling, because the highqunassigned) states in the FSM or the loop. In practice,
the frequency of a loop, the stronger the connection b@hen the number of states, and thus the computational
tween its states. We propose a loop-based state assignn@plexity, is large, these methods cannot be used. We
algorithm that assigns the states in a loop by loop manngfopose a loop-based heuristic state assignment algorithm
in descending order of loop frequency. Thus the stronggiat uses a “best guess” approach to assign a free code to an
connected groups are assigned first. Because several logasssigned state. The heuristic has a linear computational
can contain the same state, loops do not divide the FSMdamplexity to the number of states in the FSM, which is
disjunct partitions, and the algorithm has to take into agrery well suited to large FSMs. Because the cost of the
count the states that were encoded previously. Therefognerated solution depends heavily on the quality of the
only the first loop is guaranteed to be assigned optimalljuess, the heuristic chooses a code based upon a minimal
and other loops might not be assigned optimally. Hamming distance to its previous and next states.

The loop-based state assignment algorithm starts to en-The first step of the algorithm sets the number of latches
code the loops with the highest weight. The encoding @&nd thus the number of possible codes) of the FSM to the
these loops has the largest impact on the overall cost, afghimum required for the number of states in the FSM
because the pool of free codes is still quite full, it is pos¢[log, (#states)]).
sible to reduce the cost of a state assignment to @ min-The second step of the algorithm assigns a weight to
imum. By optimally assigning the highest weight loopsach loop according to a specified function. Our approach
that contribute most to the state register SWitChing aCtiVitﬁssumes a difference in the frequency of occurrence of
the overall switching activity should be reduced. |Oops, therefore the |00p frequency obtained by the pro-

The loop-based state assignment algorithm consists fffing algorithm is the primary variable of the weight func-
two parts: the setup part and the recursive DFS functiofien. However, the number of states in a loop can also be a
The setup sorts the loops in descending order accordingft@tor, because the chance of finding an optimal encoding
the loop frequencies, and calls the DFS function for evor large loops is higher when less states of the loops are
ery loop. The DFS function optimizes on the loop levelassigned previously and more free codes are still available.
therefore the assignment cost is OnIy relevant within eaqrherefore1 the following three weighing functions are con-
loop. When all solutions for a loops have been tried, th§dered:
best solution is assigned and the setup continues with thewez'ght(l) = frequency(l), wherefrequency(l) is the
next loop. occurrence frequency of lodp

Summarizing, loop-based DFS state assignment algp-yeight(l) = frequency(l) x states(l), where
rithm somewhat resembles the basic DFS state assignmgmtes(l) is the number of states in lodp

algorithm as it performs optimal state assignment on indj- y,¢ight (1) = frequency(l) x bits(l), wherebits(l) =
vidual loops within the FSM. The cost estimation funCﬂng states(1)].
tion for the loop-based DFS state assignment algorithfme first function only considers the frequency in which
can thus be deduced from Equation (2) as in this case fapyps occur. The second function also considers the num-
frequency is one, resulting in ber of states within a loop. The third function is similar
cost — Zt € TYH(t), 3) to the second b_ut considers j[he actual number of required
state storage bits. The main loop of the algorithm tar-
whereT; is the set of transitions in the loop, aflis the gets each loop in weight order, assigning codes to each
Hamming distance between the codes of the from and tmassigned state of the loop while minimizing the cost of
states of transition. The DFS only processes the unasthe assignment. The algorithm needs to be aware of the
signed states of a loop, but the cost estimate takes irgtates that were assigned earlier, as the codes of these states
account all states, including the states that were assigriadit the freedom of choice for the codes of the unassigned
previously. states. The algorithm features three successive methods to
In the next section we describe a second heuristic basaddress this problem, falling back to the next method if a
state assignment algorithm that also operates on a per-laopthod fails.
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The first and most advanced assignment method ugaste the FSM state assignment. As the unassigned states
both backward and forward dependencies on the codesvedére not present in any loops, their assignments have little
assigned states. This method requires the previous statédmo impact on the efficiency of the resulting state assign-
be assigned. To this end, for each new loop the algorithment.
starts by searching for a state that was already assignedFor more details on the proposed algorithms we refer
If such a state is present, the loop is rotated so that stdke reader to 4]. Some experimental results obtained by
becomes the first state in the loop. If no assigned state wtag algorithms are discussed in the next section.
present, the algorithm is free to assign an arbitrary code to
the first state without cost penalties for the assignments in V. EXPERIMENTAL RESULTS

this loop. Subsequently, the algorithm searches forward in|n this section, we evaluate the proposed algorithms uti-
the loop to find the next state that is assigned (folding bagi¢ing a finite state machine (FSM) benchmark suite, and
to the first state in the loop if required). If the previousompare the results with state-of-the-art state assignment
and next assigned state differ, the first method determinggjorithms. The algorithms are evaluated based upon the
the bits differing between the previous state’s code and tR@jitching activity in the state register. We compare our
next assigned state’s code. Each differing bit needs to hew state assignment algorithms with two state-of-the-art
changed in some state assigned between the previous sf@fgpower FSM state assignment algorithms, POV |
and the next assigned state. Therefore, a code that oglyd the algorithm by Bith and Kolla f], as well as with
differs from the previous state’s code by one of the diffelthe base for all state assignment algorithm comparisons,
ing bits does not increase the cost for the assignmentstak area-oriented JED4] state assignment algorithm. The
this loop. If such a code is found, it is assigned to the staiggorithms are evaluated by means of the industry-standard
and the algorithm continues with the next state. MCNC/LGSynth '89 FSM benchmark suit8][

The second method, which is utilized when the first The experimental method consist of the following steps.
method fails, determines the code based solely on the prihe setup phase prepares the FSM descriptions and the in-
vious state’s code. This method searches for a free coget vector data sets. Subsequently, the FSM profiling sim-
with a Hamming distance of 1 from the previous state'slates the FSM under an input vector data set to obtain the
code. While this code is an optimal assignment for thigops in the state trace. Note that this step is not required
state, it cannot be guaranteed that this code leads to inthe algorithms we compare with, as these algorithms all
optimal assignment of the whole loop because this assignperate on the static FSM description. Each algorithm then
ment could prevent an optimal assignment for some of thgrforms a state assignment, either based on the profiling
subsequent states. data or based on the static FSM description. During the

The third method is the most expensive method. Thisimulation of the circuit, the switching activity of the FSM
method searches for a free code with the smallest cost. Tétate register is measured in order to evaluate the overall
cost of an assignment is based on the Hamming distancepi@ver consumption.
both the previous state’s code and the next assigned state’$Ve have applied our experimental method to all algo-
code, taking into account the distance (in states) to the nekhms and for all FSM benchmarks and present a summary
assigned state. The minimum costlis- distance, with  of the results in Tablél. Each number represents the per-
a Hamming distance af between the previous state anctentage of bit switches in the state register per state transi-
the current state, and a costdiktance to reach the next tion. The average result is calculated over the benchmarks
assigned state. This is equal to the distance from the ctior which all algorithms produced results. The simula-
rent state to the next assigned state. For example, if then results indicate that when compared with POV [
next assigned state is separated from the current statedstate-of-the-art state assignment algorithm for low power
one state, or two states away, the minimal cost of the agissipation, the basic DFS algorithm, the loop-based DFS
signments up to the next assigned state is tivéor the algorithm and the per-state algorithm on average reduce
minimal Hamming distance between the current state atisk switching activity in the state register by 14.0%, 5.6%,
the next state, antifor the minimal Hamming distance be-and 6.4%, respectively. The state assignment algorithm by
tween the next state and the assigned state. When all fi¢éth e.a. ] utilizes wider state registers, which relieves
codes have been evaluated, or a code with the (minimaije of the contraints of the other low power state assign-
cost of1 + distance is found, the code with the minimal ment algorithms. Therefore, this does not allow of a fair
cost is assigned to the state. comparison to the other algorithms.

When the algorithm has assigned all states in all loops, We note here that, even though the DFS algorithm pro-
it assigns arbitrary codes to any unassigned states to camuices state encodings that lead to the highest average re-
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Loop
Benchmark DFS DFS Heuristic Noth POW3 | JEDI
bbara 123.86 | 129.0% 127.5% | 126.0% | 126.0% | 142.5%
bbsse 115.%% | 117.0% 116.0% | 116.0%| 116.1% | 153.3%
bbtas 100.0%6 | 100.0% 100.0%6 | 100.0% | 126.3% | 135.1%
beecount 105.26 | 107.4% 105.5% | 105.5% | 105.4% | 107.7%
cse 104.8%6 | 105.8% 105.8% | 104.9% | 108.0% | 151.8%
dk14 134.%6 | 138.3% 142.3% | 134.% | 144.8% | 170.5%
dk15 119.8% | 125.7% 124.6% | 116.9% | 119.8% | 138.9%
dk17 122.86 | 133.6% 125.9% | 123.4%| 123.5% | 151.6%
dk27 118.80 | 141.3% 132.1% | 119.2%| 135.6% | 178.5%
dk512 118.46 | 158.3% 146.9% | 125.2%| 153.2% | 193.1%
donfile - | 193.7% 206.1% | 174.86 | 210.1% | 244.3%
exl 129.0% | 143.3% 141.7% | 134.8% | 155.5% | 216.4%
ex4 110.26 | 114.4% 114.2% - - | 205.5%
ex6 125.86 | 148.4% 130.8% - - | 157.9%
keyb 101.326 | 102.0% 102.0% | 101.3% | 101.3%6 | 118.5%
kirkman 100.0%6 | 100.0% 100.0%6 | 100.0% - | 162.5%
lion 100.0%6 | 109.7% 100.0%6 | 100.0% | 100.0% | 133.8%
lion9 100.0%6 | 121.5% 139.5% | 100.0% | 161.8% | 124.3%
markl 130.26 | 134.4% 137.3% - - | 179.8%
mc 100.0% | 100.0% 100.0%6 | 100.®% | 100.0% | 100.0%
modulo12 100.0%6 | 100.0% 100.00 - | 133.3% | 100.0%
opus 127.36 | 137.9% 132.4% - - | 145.5%
planet - - 127.8% | 117.26 | 164.1% | 338.9%
pma 121.86 | 128.2% 130.6% | 122.3% - | 203.1%
sl - | 176.6% 173.9% | 148.9% | 175.2% | 182.3%
51488 -1 129.1% 115.006 | 120.8% - | 210.7%
51494 - | 129.1% 115.006 | 120.8% - | 210.7%
s208 108.8%6 | 114.2% 108.8% - - | 114.5%
s27 130.2%6 | 146.2% 148.0% | 132.2%| 132.2% | 133.7%
s298 - - 155.26 | 155.3% - | 277.0%
s386 115.26 | 117.7% 116.2% | 116.2% - | 134.2%
s420 108.8%6 | 114.2% 108.8% - - | 137.3%
s510 - - 104.2%6 | 104.2%6 - | 231.4%
s8 114.% | 117.4% 114.36 | 114.9%6 | 133.7% | 114.%%
s$820 101.86 | 103.1% 103.0% | 103.2% - | 296.1%
s832 101.86 | 103.1% 103.0% | 103.2% - | 295.0%
sand - - 135.9% | 118.% | 156.4% | 158.0%
scf - - 121.8% - - | 366.3%
shiftreg 114.%6 | 146.0% 134.9% | 114.% | 156.7% | 171.2%
sse 115.%% | 117.0% 116.0% | 116.0% - | 153.3%
styr 108.0% | 108.8% 112.2% | 113.0%| 112.2% | 120.0%
tav 100.0%6 | 100.0% 100.0%6 | 100.0% | 100.0% | 150.0%
tbk - | 178.9% 182.7% | 135.5%| 190.6% | 179.6%
tma 114.646 | 118.6% 120.6% | 128.9% | 145.5% | 228.9%
trainll 122.846 | 122.%%6 123.4% | 123.5%| 150.7% | 152.2%
train4 100.0%6 | 100.0% 100.0%6 | 100.0% | 150.0% | 100.0%
Average 112.9% | 123.8% 122.8% | 115.4%| 131.2% | 148.6%
TABLE Il

STATE REGISTER BIT SWITCHES PER STATE TRANSITION FOR DIFFERENT ALGORITHMS AND BENCHMARKS
THE AVERAGE RESULT IS CALCULATED OVER THE BENCHMARKS FOR WHICH ALL ALGORITHMS PRODUCED RESULTS
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duction, this happens at the expense of an exponential
computational time. Thus the DFS algorithm cannot be
utilized for very large circuits. The last algorithm however
requires a linear execution time and the quality of the gen-
erated encoding is comparable with the one produced by
the DFS based algorithms.

VI. CONCLUSIONS

In this paper we addressed the problem of state assign-
ment for Finite State Machines (FSMs). We targeted the
reduction of power dissipation in FSM circuits by min-
imizing the switching activity in the state register. We
introduced a novel state assignment method that utilizes
dynamic loop information extracted from FSM profiling
data. Trading off solution quality for computational ef-
fort we proposed three different loop-based state assign-
ment algorithms: depth-first search (DFS), loop-based
DFS and per-state encoding. The algorithms were im-
plemented and evaluated on the standard FSM benchmark
suite MCNC/LGSynth '89. Simulation results indicated
that when compared with state-of-the-art state assignment
algorithms for low power dissipation, our methods pro-
duced up to 14.0% average reduction of the switching ac-
tivity in the state register.
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