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Abstract

Direct Cover (DC) based techniques for synthesis of
multiple-valued logic (MVL) functions have been reported
in the literature. In this paper, we propose Fuzzy-based
DC algorithm for synthesis of MVL functions. The
proposed algorithm uses the principles of Fuzzy Logic in
selecting the set of minterms and the appropriate set of
implicants needed to synthesize a given MVL function.
The proposed Fuzzified-Direct-Cover (FZDC) heuristic is
tested in comparison with five other DC-based algorithms
reported in the literature. The benchmark used in our
comparison consists of 50000 2-variable 4-valued
randomly generated functions. The basis for comparison is
the chip area consumed in terms of the average number of
implicants needed to synthesize a given MVL function. It
is shown that on average the FZDC heuristic requires less
number of implicants to synthesize a given MVL function
as compared to those required by any of the other five DC-
based heuristics.

Keywords: Multi-Valued Logic (MVL) synthesis, Heuristic
algorithms, Direct Cover (DC) algorithms, Weighted
direct cover algorithm (WDC), Ordered DC algorithm
(ODC), Fuzzified-Direct-Cover algorithm (FZDC).

1. Introduction

Signal processing using multiple-valued logic (MVL) is
carried out using more than two logic levels
[11][14][17][19]. Successful hardware realization of MVL
circuits has been reported in the literature. Examples of
MVL circuits reported in the literature using binary
CMOS (Complementary Metal Oxide Semiconductor)
circuits [45]-[47] include arithmetic circuits [24], [39],
[48], and [49], memory (ROM, RAM, and Flash) [38] and
[51]-[52], and machine learning [4][7].

Deterministic synthesis of MVL functions is more
complex than its binary counterpart. Exact minimization
of MVL functions is prohibitively expensive and the use
of heuristic algorithms in MVL synthesis is eminent [33],

[50]. A number of heuristic algorithms for producing near
minimal sum-of-products realization of MVL functions
have been introduced in the literature [9] [31] [34][36].
These algorithms can be categorized as direct cover-based
[2][8][10][15], algebraic-based [12][16][18][26][29],
decomposition-based [1][4]-[7] [12] [25] [35], decision
diagram-based [21], [22], [27], [28], [32], and [37], and
iterative-based [29]. Among these, the direct cover-based
techniques have shown promising results and therefore
have received increasing attention by MVL systems
designers.

In the context of MVL functional synthesis, the following
definitions are relevant to present.

Definition 1: An 7 -variable 7 -valued function, f(X),

is a mapping f : R" — R, where R = {0,1,---,7’—1}
i of r logic with »>2 and
X = {x1 , X, ,---,xn} is a set of 7 -valued 71 variables.

is a set values

Definition 2: 4 window literal of a MVL variable x is
defined as:

a_b {(7" - 1)
X =
0

where a,be R and a < b.

Definition 3: A tsum (truncated sum) operator is defined
as

if(a<x<bh)

otherwise

n
ay+ay +..+a, if Zal,<r—1
i=1

r—1 otherwise

tsun(ay,ay,...a;) =a) ®ay ®..a, =

Where a; € R and @ represents the truncated sum
operation.
Definition 4: The maximum (MAX) of two MVL
variables is defined as:

X, if x >ux,
MAX (x,,x,) = .

X, otherwise

Definition 5: The minimum (MIN) of two MVL variables
is defined as:
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{xl if x <ux,

MIN (x,,x,) = .

X, otherwise

A functionally complete set of operators is the set capable
of realizing all possible functions. A number of
functionally complete sets have been used in synthesizing
MVL functions. In terms of the set of MVL operators
discussed above, the set consisting of {Literal, MIN,
TSUM, Constant} is used in this paper.

Definition 6: A product term (PT), P(x,,X,,...,X,), is

defined as the minimum of a set of window literals such
that

a,b, a,.b, a,.b, a,b, a,.b, a,

P(x;,%,y,..x,)=co X, Xy 5.0, X,
with a;,b;eR, a;< b; and c¢ (the value of the PT) € {1,2,...,
r-1}.

Definition 7: An assignment of values to variables such
that x, =a,,x, =a, =...,x, =a,, where a; {0, 1, ...,
-1}, in an MVL function f(X,X,,...,X,) is called a

minterm, iff: f()c1 ,xz,...,xn) #0.
A minterm is a of a

which a, = bl ,a, = b2

special case PT for
=...,4, an. If the value of a

minterm 1is r, then it is considered as don’t care and is
represented as d.
Definition 8: An implicant of a

function f(x,,X,,...,X,) , is a PT, I(x,X,,....,X,) ,
such that f(x;,X,,....,X,) > I(x,,X,,...,x,) for all
assignments of x;’s.

Fig. 1 shows an example of a 2-varaible 4-valued function.
Some of the minterms in the figure are 1¢°X,%e’X,%,

20°X,%'X," and 3¢°X,%’X,” while 2¢X;'e'X,'and
2¢°X,'e'X,? are examples for implicants.
20X111X21
x1
X, ] 1 2 3
0 0 0 0 1]

1 2 3 L1}

Fig. 1. A Tabular Representation of AX; X>).

The paper is organized as follows. In Section 2, we briefly
present related published work. In Section 3 we introduce
the hybrid Fuzzy based Direct Cover heuristic (FZDC).
The results obtained using the proposed and the related

w5bn
=min(c, X, , X, ..., X, )
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DC-based heuristics using a benchmarks consisting of
50000 2-variable 4-valued randomly generated functions
are presented in Section 4. In Section 5, we show a case
study for the application of both the introduced and the
related heuristics. The presented case study is that for a 1-
bit 4-valued adder block. Concluding remarks are drawn
in Section 6.

This document is set in 10-point Times New Roman. If
absolutely necessary, we suggest the use of condensed line
spacing rather than smaller point sizes. Some technical
formatting software print mathematical formulas in italic
type, with subscripts and superscripts in a slightly smaller
font size. This is acceptable.

2. Related Work

In this section, we briefly cover the related work published
in the literature.

2.1 The Direct Cover Algorithm

The Direct Cover (DC) techniques for synthesis of MVL
functions consist of the following main steps:
1. Choose a minterm (see Definition 7),
2.Identify a suitable implicant (see Definition 8) that
covers the chosen minterm,
3.0Obtain a reduced function by subtracting the identified
implicant from the (remaining part of the) function, and
4.Repeat steps 1 to 3 until no more minterms remain
uncovered.
The method used in the selection of minterms and
implicants is crucial in obtaining reduced number of
product terms to cover a given function. The Direct Cover
approaches reported in the literature differ in the way
minterms are selected and the way according to which
implicants are identified. Different minterm selection
metrics have been reported in the literature. These include
using the Isolation Weight (IW) [3] as a measure of the
degree to which other minterms cluster around a given
minterm, the Isolation Factor (IF) [10] which measures the
number of directions in which a given minterm can be
combined with a nonzero number of other minterms, and
the Clustering Factor (CFN) [8] which measures the
number of minterms that are connected to a given
minterm. Similarly, a number of metrics were used in
selecting the appropriate implicant to cover a given
minterm. These include the Largest Number of Minterms
Reduced to Zero (LRZ) [3] [15] which counts the number
of 0 (or don’t care) that resulted from removing the
selected implicant from the given MVL function, the
Relative Break Count (RBC) [10] which a measure of the
degree to which a function is simplified if a specific
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implicant is chosen, and the Neighborhood Relative Count
(NRC) [8] which measures the degree of the strength to
which a given implicant couples with its neighbors.

It should be noted that there is no general agreement on
which set of criteria is the best to use for a given MVL
function. An analysis of a limited subset of the different
suggested criteria has been reported in [23]. Considering
the different minterm/implicant selection criteria, it is
possible to combine all metrics to create a new selection
criterion. One possible way to achieve this is by using the
weighted sum approach. However, the different scale and
behavior of each criterion makes it difficult to determine
the perfect weights for each objective and the perfect way
of aggregating these into a single function. We have
reported in the literature two approaches to deal with such
issue. These are the weighted DC-based (WDC) and the
Ordered DC-based (ODC) heuristic algorithms [53]. These
are briefly covered below.

2.2 The Weighted Direct Cover (WDC) [53]

In the WDC, the term weight pattern is used to specify the
weight for each selection criterion. Assuming 4-valued
logic, we assume that the weight should be integer in the
set {0, 1, 2, 3}. Consider the minterm selection process. In
this case, a weight pattern of (112) means that the
following weights are used: wer=1, wepy =1, and wy=2.
The number of different weight patterns for minterms (CF,
CFN and IW) combined with the different weight patterns
for implicants (LRZ, RBC, and NRC) is calculated
as46 — 4096 . We have shown in [53] that it is possible to
reduce the number of weight combinations to
(24)2 = 576 . It has also been shown in [53] that the best

weighted combination of criteria is as follows:
(@) Minterm Selection:
wer =0 wepy =L Wy
(b) Implicant Selection:
wrpe =Lwyre =0 W ps =05 weight patter (100).

= 2 , weight pattern (012)

Using the patterns the patterns shown above, a combined
weight patter is written shortly as 012-100.

Example 1: Consider the SUM output function of the 1-
bit 4-valued adder building block. This building block

receives two 4-valued inputs x; and y; and produces two
outputs §; and C;. The SUM output S; is given by the
table shown in Fig. 2. We have used the WDC algorithm
to synthesis the SUM function. The total number of
implicants needed to synthesize the SUM function is eight.
This is shown below using the MVL operators introduced
in Section 1.
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2333 3323 0211 1102 0122 2200 0033 3300

5}()(1-,)11-) =le X[-)/i@l. . x,'Oyl@L . x,--yl@l. Ox[-yi@Zo xl"yl@Z . x[-yi@l . x,--yl@?x o xj*y;

A benchmark consisting of 50000 randomly generated 4-
valued 2-variable functions has been used to test the
performance of the WDC. It was found that the (best)
average number of product terms required to cover a given
4-valued 2-variable function is 7.24914. More details
about the obtained results are included in Section 4, in
which we hold a comparison between the DC-based
heuristics.

X; i

0 1 2 3
0 0 1 2 3
1 1 2 3 0
2 2 3 0 1
3 3 0 1 2

Fig. 2. The SUM output S ; ofa 1-bit 4-valued adder block
2.2 The Ordered Direct Cover (ODC) [53]

We have observed that different ordering of the Minterm
and the Implicant criteria can result in different number of
product terms for a given MVL function. Hence, in the
ODC the ordering of the selection criteria for both
minterm and implicant selection is taken into
consideration while synthesizing a given MVL function.
It should be noted that the minterm selection criteria are:
Smallest CF, Smallest CFN, and Smallest IW. The
implicant selection criteria are: Smallest RBC, Smallest
NRC, and Largest LRZ. A number of different orderings
of these criteria have been experimented with using the
same benchmark consisting of 50000 randomly generated
4-valued 2-variable functions. It was found that the
following criteria ordering: minterm selection: Smallest
IW; implicant selection: Smallest RBC followed by
Largest LRZ.
Example 2: We have applied the ODC in synthesizing the
SUM output function of the 1-bit 4-valued adder building
block (as explained in Example 1 above). The total
number of implicants needed to synthesize the SUM
function is eight (the same as in the case of the WDC).
This is shown below using the MVL operators introduced
in Section 1.

33 23 23 33 11 02 02 11 22 01 01 22 33 00 00 33
§;(x.y) =lexjey@lexjey®lexjey®lex;eydlexeyd2ex;eydlexeydexey
The same benchmark consisting of 50000 randomly
generated 4-valued 2-variable functions which has been
used in the case of WDC has been used to test the
performance of the ODC. It was found that the (best)
average number of product terms required to cover a given
4-valued 2-variable function is 7.20234. This is somewhat
better than the results obtained using the WDC.
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More details about the obtained results are included in
Section 4, in which we hold a comparison between the
DC-based heuristics.

3. Fuzzy based Direct Cover Algorithm

In DC-based algorithms, the implicants that should be
included in the final synthesis of the given function are the
ones that best cover the chosen set of minterms and such
that all minterms are covered. The selection of a minterm
is based on the quality of its CF, CFN, IW or a
combination thercof. We observe that such condition can
be translated into a Fuzzy Logic Rule of the form:

IF a given minterm has a good CF criterion OR a good
CFN criterion OR a good IW criterion, THEN it is a
potential minterm to select.

If a designer wants to emphasize a given criterion he/she
will have to use a set of Preference Rules in order to give
more significance to that particular criterion. In order to
formulate the (PRs), preference terms need to be defined.
These terms will be associated with the main linguistic
terms. In the fuzzy rules, the linguistic terms ‘‘low’’,
“‘high”’, and ‘‘good’” have been used. A number of
approaches to find preference terms and preference rules
based on Membership Functions has been reported in the
literature [20][40][41][43][44]. These approaches map a
PR relation P to a fuzzy membership function pp in the
range [0, 1] with ‘1(0)’ means the criterion is definitely
preferred (not preferred).

There are two basic types of fuzzy operators. The
operators for the intersection, interpreted as the logical
“AND", and the operators for the union, interpreted as the
logical “OR" of fuzzy sets. The intersection operators are
known as triangular norms (t-norms), and union operator
as triangular co-norms (t-co-norms or s-norms). In multi
criteria decision problem, such as ours, this translates to
two extremes which lead to the formation of overall
functions. One extreme is the case requiring all criteria to
be satisfied, which leads to the pure-AND-ing operation.
On the other hand, when it is required to satisfy any of the
criteria, the pure OR-ing operation is used. The
formulation of multi criterion decision functions neither
requires the pure “AND-ing" of t-norm nor the pure “OR-
ing" of s-norm. The reason for this is the complete lack of
compensation of t-norm for any partial fulfillment and
complete submission of s-norm to fulfillment of any
criteria.The use of ordered weighted averaging OWA
operator has been used by a number of researchers in the
solution of multi-objective problems [42]. The OWA
category of operators allows easy adjustment of the degree
of ‘““ANDing”> and ‘‘ORing’’> embedded in the
aggregation. The ““‘OR-like’” and ‘‘AND-like’> OWA for
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two fuzzy sets A and B are expressed in the following
equations.

f 4o (x) = B x Max (m,u5>+<1fﬂ)x;—(m Y ay)

s (00 = B 5 Min (o) + (1= P X2y + )

In the above equations p represents the membership value
in a fuzzy function; Be [0, 1] is a constant parameter,
which represents the degree to which the OWA operator
resembles the pure ‘“OR’’ or pure ‘“AND’’, respectively.
Our proposed Fuzzy-based Direct Cover (FZDC)
algorithm employs fuzzy rules (along with preferences) to
select the best set of minterm and the most appropriate
implicant covering each such that the whole function is
covered. The goodness of a minterm (implicant) is
examined using the abovementioned fuzzy rules and
preferences. Looking at these rules, it is easy to deduce
that we can use the ‘OR-‘like operator to aggregate all
decision criteria. Tables 1 shows the mathematical
formulae we introduced for each membership function in
the minterm selection. Table 2 shows the same for
implicant selection.

Table 1: Membership functions in Min terms selection.

Minterm Selection

Technique | Criterion | Our Formulated Membership Function

DM[10] | CF : i CF -0

Max cp — CF .

e =y———— if 0 < CF < Max cp
Max cp

0 if other wise

ND [8] CFN |

M —CFN
HCFN= ks /el if0< CFN<Max-py
Maxpn

0 otherwise

if CFN=0

BS [3] W 1 if IW=Minyy,

Maxgyy ~1W

L= W if Minpyy <IW<Maxpy,

0 otherwise

Table 2: Membership functions in implicant selection.

Implicant Selection

Technique | Criterion Our Formulated Membership Function
DM [10] RBC ! if RBC= Mingg:
MAXgpc~RBC
HRBC=1———2———  if MINgp¢ < RBC< Maxgpc
Maxgpc—Mingpc
0 otherwise
MAXygc-NRC
HUNRC=\7—— i MINyRC < NRC< Mawygc

Maxygc—Minyrc

otherwise

0

BS [3] LRZ ! if LRZ = Max [pz

LRZ

HIRZ =1 ———— if 0<LRZ < Max [p7
Max [y

otherwise
0
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Efficiency of the proposed fuzzy selection process is
influenced by the value of f# in OWA operator (see the
M equations above). In order to assess such influence, we

have experimented with the effect of [ on the results
obtained using the FZDC algorithm. Table 3 summarizes
such effect in terms of the average number of product
terms needed to synthesize a given function from the
50000 benchmark functions.

Table 3: Effect of B
B 0.2 0.5 0.8 0.9

#PT | 7.195%6 71945 | 7.19358 | 7.1945

In addition to the impact of B there is also the impact of
the fuzzy preference rules. Since there are three criteria for
each of the minterm and implicant selection, there will be
additional 6 parameters that need to be fine tuned to get
the best performance of the algorithm. In order to obtain
the best result using the proposed fuzzy-based selection
criteria, the following set of experiments are conducted:
1. Experiments with different fuzzy operators
2. Experiments with different parameter values in the
fuzzy operators
For the first experiment, the following fuzzy operators are
used:
Max operator
Max operator with fuzzy preference rules
The Ordered Weighted Averaging (OWA) operator
OWA operator with fuzzy preference rules
Weighted Averaging (using fuzzy preference as the
weight)
The fuzzy preference rules can be obtained by looking at
the results of WDC and ODC algorithms. Using the
information obtained from our work on these two
approaches, we adopted some general rules:
(A) According to the WDC:
1. minterm selection process
PM1a. IW is preferred as compared to other criteria
PM1b. Either IW or CFN is preferred as compared to
CF
PMlc. If CF is preferred more than IW, then the
preference of CFN should be greater than or  equal
to that of CF.
2. implicant selection process
PL1a. RBC is strongly preferred as compared to other
criteria
PL1b. LRZ is slightly preferred as compared to NRC
(B) According to the ODC:
1. minterm selection process
PM2a. IW is strongly preferred as compared to other
criteria
PM2b. CF is slightly preferred as compared to CFN

Nk w =
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2. implicant selection process

PL2a. RBC is strongly preferred as compared to other

criteria

PL2b. LRZ is slightly preferred as compared to NRC
As can be seen, the preference rules for implicant’s
selection are consistent in both WDC and ODC. However,
this is not the case with minterm’s selection. Although we
can also deduce a general rule that IW is the strongly
preferred criterion from PMla and PM2b, there is some
inconsistency in PM1b, PM1c and PM2b. However, since
results of ODC are superior to those of WDC, we will use
the preference rules deduced from ODC experiments.
Table 4 shows the fuzzy preference used for the first
experiment. It should be noted that we have used 3 = 0.5
for the OWA operator in the obtaining the results reported
in Table 4.

Table 4: Fuzzy preference for minterm and implicant criteria

Minterm Implicant
Criteria Fuzzy Preference Criteria Fuzzy Preference
w 0.9 RBC 0.9
CF 0.2 LRZ 0.2
CFN 0.1 NRC 0.1

Using the abovementioned fuzzy preferences, we tested
the proposed fuzzy selection criteria against the 50000
randomly generated 4-valued 2-variable benchmark MVL
functions. Five different fuzzy operators are used for this
purpose. Table 5 shows the results of the experiment.

Table 5: Performance of different fuzzy operators in FZDC.

Operator #PT No CMV #PT With CMV
Max 8.55136 8.03014
Max with pref. 7.30344 7.21964
OWA 7.38226 7.28898
OWA with pref. 7.27186 7.19450
Weighted average 7.30646 7.19784

It should be noted that we list the results obtained in two
cases: not considering minterm values in any order (No
CMV) and taking minterm values in ascending orders;
lower to higher values (With CMV). The results show that
taking the minterm value into consideration while
selecting the next minterm to cover produces on average
better results in terms of the average number of implicants
needed to cover a given MVL function. This can be
attributed to the use of the tsum operator as a connecting
operator for the obtained implicants. This result is
consistent with the observation made in [10].

Example 3: We have applied the FZDC in synthesizing
the SUM output function of the 1-bit 4-valued adder
building block (as explained in Example 2 above). The
total number of implicants needed to synthesize the SUM
function is eight (the same as in the case of the ODC).
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This is shown below using the MVL operators introduced
in Section 1.

2333 3323 0211 1102 01 22 2200 0033 3300
S (x,);) =10 x;0);Dl.e x;0)@Dl.0 x;0)@l.0x;0). D20 x;0),D2.0x;0)®D3 0 x;0),D3 0x;0);

In addition, we have also applied the three reported DC
algorithms, i.e. ARM, BS, and MD in synthesizing the
SUM output function of the 1-bit 4-valued adder block.
The results obtained are shown below.

Example 4: The results obtained in the case of ARM [15]

S; (x;,7;) = 10X 2°X," @ 10'X,%"X, ® 16X, '0'X,' @ 16°X %X’ @
2.0X10'2X22 @ 1.2X13.0X20@ 2.3>(13.3)(23 &) 1"X1‘°1X22® 2’3X13'0X20 @
302X|2~1X21 ) 201X1102X22® 3¢0X1003X23

Example 5: The results obtained in the case of BS [3]

S; (x7,71) = 18°X0°X,’ @ 107X P0°X,’ @ 107X, %X, @ 16°X,0°X,° @
101X1300X20 @ 1'2X12.0X20@ 2.1X11'1X22 @ 302X1201X21 ) 2.3X13.0X20 @
Z.OXIO.BXZB @D 1.1X11.2X22

Example 6: The results obtained in the case of DM [10]

S; (%, ) = 10X 20X, @ 10°X20°X,’ @ 10°X%e'X,' @ 10'X'e"X,° @
2'0X11.2X22 ® 2.2X12'0X21 ® 3.0X10.3X23 ® 3.3X13.0X20

As can be seen synthesis of the SUM output function of
the 1-bit 4-valued adder using the ARM [15] requires 11
PTs as compared to 8 PTs if the FZDC is used (a saving of
50%) while synthesis of the same function using the BS
[3] requires 11 PTs as compared to 8 PTs using the FZDC
(a saving of 37.5%). It is only in the case of DM [10] that
the same number of PTs will be needed as in the case of
the FZDC. A number of other experiments were
conducted in order to further assess the performance of the
FZDC. These are explained below.

4. Comparison

In order to assess the performance of the proposed FZDC
algorithm with respect to the performance of existing DC-
based techniques, we have tested the five DC-based
algorithms (ARM [15], BS [3], DM [10], WDC [53], and
ODC [53]) as well as the proposed FZDC algorithm using
the set of benchmark consisting of 50000 4-valued 2-
variable randomly generated functions. The criterion used
for assessing these algorithms is the average number of
implicants required to cover a given function. The results
obtained are shown in Table 6.

As can be seen from Table 6 the proposed FZDC
algorithm performs on average better than the other five
DC-based algorithms. For more insight into the obtained
results, we report in Table 7 the constituents of the 50000
4-valued 2-variable functions benchmark classified
according to the number of minterms in each function
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generated. The average number of Product Terms (PTs)
required to synthesis the functions in each category are
listed in Table 7.

Table 6: Overall Comparison among different algorithms

Algorithm Average Number of Product Terms needed
ARM [15] 7.89012
BS [3] 7.93882
DM [10] 7.24786
WDC [53] 7.24914
ODC [53] 7.20234
FZDC 7.19422

Table 7: Average # PTs using MVL Functions having Different Number
of Minterms

#Minterms/| ARM | BS | DM | ODC | WDC | FZDC
#Fuctions | [15] |31 | [10] | [53] |[53]

16/500 7594 | 7.562 | 7.002 | 7.086 | 7.01 | 6.946
15/2679 8.295 8.307 7.51 7.481 7.501 7.423
14/6589 8.355 8.405 7.569 7.516 7.559 7.500

13/10585 8275 | 8.352 | 7.541 | 7.491 | 7.545 7.484

12/11230 8.049 | 8.098 | 7.382 7.33 7.383 7.320

11/9003 7.707 | 7.757 | 7.129 | 7.086 | 7.134 7.087
10/5434 7.323 | 7.366 | 6.831 | 6.787 | 6.837 6.794
9/2575 6.871 6.879 | 6.473 | 6.436 | 6.479 6.444
8/1038 6309 | 6.322 | 6.023 | 5.978 | 6.022 5.981
71277 5.726 | 5.751 | 5.527 | 5.484 | 5.523 5.505
6/75 5.133 | 5.147 | 4.973 4.96 4.987 4.960
5/13 4 4 4 3.923 4 4
4/1 4 4 4 4 4 4
3/1 3 3 3 3 3 3

The results shown in Table 7 reveal that the proposed
FZDC algorithm performs better than the other DC-based
algorithms in each category of functions within the 50000
benchmark.

In order to analyze further the results obtained, we have
computed the maximum percentage improvement
achieved by the FZDC algorithm with respect to any of the
other DC-based algorithm. Table 8 provides such
information. From Table 8 we can see that the maximum
percentage of improvement achieved over all DC-based
techniques is 12.0667 and this is achieved in 6589
functions out of the 50000 (about 13.2% of the benchmark
functions).

Furthermore, we have categorized in Table 9 the
improvement achieved by the proposed FZDC.

The results shown in Table 9 reveal that for about 62%
(31083 functions) of the 50000 benchmark functions
improvement greater than or equal to 10% have been
achieved using FZDC. For about 37% (18550 functions)
of the 50000 benchmark functions improvement between
5% and 10% has been achieved. This indicated that for
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99.9 % (49985 functions) of the 50000 benchmark
functions an improvement greater than or equal to 5%
have been possible with the proposed FZDC algorithm. It
is only in 15 functions out of the 50000 (about 0.003%)
there has been no improvement.

Table 8: Maximum improvement achieved by FZDC

#Functions ARM BS DM FZDC Max.%
[15] [3] [10] Improvement

500 7.594 7.562 7.002 6.946 9.329
2679 8.295 8.307 7.51 7.423 11.909
6589 8.355 8.405 7.569 7.500 12.067
10585 8.275 8.352 7.541 7.484 11.598
11230 8.049 8.098 7.382 7.320 10.628
9003 7.707 7.757 7.129 7.087 9.454
5434 7.323 7.366 6.831 6.794 8.419
2575 6.871 6.879 6.473 6.444 6.750
1038 6.309 6.322 6.023 5.981 5.701
277 5.726 5.751 5.527 5.505 4.469
75 5.133 5.147 4.973 4.960 3.770
13 4 4 4 4 0

1 4 4 4 4 0

1 3 3 3 3 0

Table 9: The percentage of improvement achieved by FZDC

Functions with Number of functions % age

Improve. > 12% 6589 =13.2%

10% < improve. <12% | (2679+10585+11230) = 24494 = 49%

< 10% improve. < 5% (500+9003+5434+2575+1038) = 37.1%
= 18550

< 5% improve. (277+75)=352 = 0.7%

no improvement 15 = 0.03%

5. Conclusions

In this paper, a Fuzzy-DC-based algorithm (FZDC) for
synthesis of MVL functions has been proposed. The
algorithm uses the principles of Fuzzy logic in order to
make the selection of minterms and the appropriate
implicants needed to cover them in synthesizing a given
MVL function. The performance of the proposed FZDC
algorithm in terms of the average number of product terms
(implicants) required to synthesize a given MVL function
from a set of benchmark consisting of 50000 4-bvalued 2-
variable functions has been assessed. In making such
assessment we have compared the proposed FZDC
algorithm with five other existing DC-based algorithms.
The results obtained using the introduced FZDC algorithm
were compared to those obtained using existing DC-based
techniques. It has been shown that the proposed algorithm
performs better than the other existing DC-based
algorithms. In particular it has been found that the
proposed algorithm achieved a maximum of about 12%
improvement in the number of implicants required in
synthesizing 6589 functions (aboutl3.2% of the
benchmark functions). The FZDC achieved improvement
of greater than or equal to 10% in 31283 functions (about

164

62% of the benchmark functions). It has also been shown
that in 49633 functions (about 99% of the benchmark
functions) an improvement of greater than or equal to 5%
is possible using the proposed FZDC algorithm. We have
also shown the applicability of the FZDC algorithm in
synthesizing the SUM output of a 1-bit 4-valued adder
circuit. In this later case, it was found that the FZDC
algorithm produces results that are as good as those
produced by our previously proposed ODC & WDC [53]
and the algorithm reported in [10].
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