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Abstract

This paper is a tutorial review of some former and recent work in claasifin of switching func-
tions. Considered are different approaches to the classification acussés] features of resulting
classification methods.

1 Introduction

Classification of switching functions is among the oldesl amost important problems in switching
theory, since is closely related to realization of switchfmnctions by exploiting a small number of
different circuit modules.

In switching theory, the term class of switching functioaften used in two slightly different al-
though closely related meanings. First, study of functitha share some common property and in
this way belong to the same class of functions is always Uséfae, in general, functions with some
peculiar properties are easier to be analyzed and realiweddther Boolean functions. Examples are
classes of linear, self-dual, monotone, threshold funsti@tc. Exploiting such properties in represen-
tations and realizations usually provides advantages aocedpto the representation and realization of
arbitrary switching functions without particular propgest For instance, threshold logic synthesis is a
good example supporting this statement, see for instafci]1[28].

In another interpretation, the term class of switching fios is used to denote a subset of the set
of all 22" switching functions of a given number of variableshat can be derived from each other
by applying some precisely defined and possibly simple ifieagon rules. In this paper, we use the
term class of switching functions in the later meaning. Thbatiouous interest in this approach to
the classification is driven by realization problems and axays applications of these basic ideas and
motivation for their further developments can be explaibgdhe following considerations.

Computer aided design of digital systems incorporateg legnthesis as an essential part. There are
basically two major steps,

1. First, for a given switching function a multi-level netikas determined, and then optimized with
respect to various criteria as, for instance, the numbeatdgand testability. This is a technology
independent step in the design procedure.

2. The produced logic network is mapped to the targeted tdobp usually dealing with a library
of available physical cells or logic blocks. In a libraryuadly there are several physical cells
capable of realizing the same function but with differemzdspeed characteristics. Multi-criterion
optimization is performed again with respect to the areaedptestability, dissipated power, and
power consumption, etc.
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Figure 1:Classification of switching functions.

Technology independent network optimization, technologpping, and cell library selection ex-
ploit in a direct or indirect way functional properties ohfttions to be realized. Efficient identification
of functionally equivalent logic is essential in these area

The goal of the classification is to find functions similar &xk other in some sense. The notion of
similarity is defined in different ways depending on the sifisation rules selected.

For instance, a classification rule can be taking logic cemgint of function values, and in this case,
two functions are similar if they are logic complement ofleather. It follows that a functiorf and the
logic complement of itf, can be realized by the same network by adding an invertbeatutput of the
network that realizeg.

The principle expressed in this example can be generalizeeb functions which belong to the
same class can be realized by similar networks. These riefveoe derived by a simple modification
of the basic module realizing the function selected to be¢peesentative of the considered class. The
required modifications correspond to classification rutaes are applied to demonstrate the classification
equivalence of the functions, however, the rules are aghphi¢he opposite order.

Different classifications have been defined by selectinguarparticular classification rules. In this
paper, we will briefly present th& P N-classification and. P-classification as two examples of classi-
fication procedures based on different transformationsadfibles and function values. Then, we will
consider classification in the spectral domain in terms@Rbed-Muller coefficients, Walsh coefficients,
and autocorrelation functions. Finally, we will providens® basic concepts about a particular approach
to the classification in terms of the decision diagrams toasgnt switching functions.

2 Classification of Switching Functions

Fig. 1 explains that classification task consists of theiti@mtof the setSF of all switching functions

of a given number of variables into classe<”; of functions mutually similar with respect to some

appropriately formulated classification criteria. Eadsslis represented byepresentative functioa;,

therepresentativef the clas”;. Functions that belong to the same class can be reducedhotaar

by applying the operations performed in the classificatibinese operations are usually denoted as the

classification rules In particular, a functionf € C; can be reduced to the representative functipn

by the application of the classification rules. It followstlf can be realized by the same networkeas

modified as determined by the classification rules applietder reverse to that used in the classification.

It should be noticed that classes are usually but not netlysigjunctive in all classification approaches.
There are several applications of the classification, andaim out two of them

1. Realization by prototypes, which assumes design of aimitcuits for functions within the same
class,

2. Standardization of methods for testing logic networks.

Traditionally, classification of switching functions has @ne goal the reduction of the number of
different logic networks to realize all the functions of &eyi number of variables. Further development
of this idea leads to theniversal logic modules (ULMg)efined as logic networks capable of realizing
any of the22” logic functions ofrn variables. It is assumed that constants logic 0 and 1 andtswif



variables in positive and negative polarity are availablne inputs of ULMs. A ULM must have some
control inputs to select which particular function the ULKhlizes. The increased number of inputs,
compared to the number of variables, is the price for theamsality of the module. For example, a
ULM for functions of three variables, has five inputs, two dfiah are the control inputs.

Nowadays, the classification is closely related to problentschnology mapping as for instance cell
library binding [8]. In this case, a given logic circuit is py@ed into a bound logic circuit consisting of
modules taken from a specified library of circuits. In manghstechniques, some form of classification
is used to efficiently match a given circuit into modules $fedt in the library.

In FPGA synthesis, a function of variables is often realized by a logic block bf> n inputs. A
way to perform this is to set some of the inputs to constards1, or connect some inputs together. It
is said that the function is degenerated to the given targwttion, however, this can not be done for
every function which leads to the problem of specifying thecalledmodule functions$or logic blocks
in FPGAs. The answers can be found by looking into repretieathunctions for different classes of
switching functions.

3 NPN-classification

Probably the most widely used is th#°N-classificatiordue to the simplicity of the classification rules,
which means modification in the networks for representdtinetion required to realize any function in
the class.

In N P N-classification, the classification rules are

1. Negation of input variables\) z; < x;,

2. Permutation of input variable®§ =, < z;,

3. Negation of the outputX) f — f.

Depending on the allowed classification operations, it magibtinguished the classification
1. N (rule 1),

2. P (rule 2),

3. NP (rules 1 and 2),

4. NPN (rules 1, 2 and 3),

with N P and N P N-classification the most often used in practice. Classifioatwith larger number of
classification rules produce fewer number of classes, ardalthat are considered as stronger classifi-
cations, since each representative function covers a sabfctions.

We say that two functiong; and f> of the same number of variablesbelong to the same class,
or are equivalent, if can be reduced each to other by theifitat®n rules allowed in the classification
considered.

For example, ifr = 3, there arel 2, 6, and4 representative functions iR, NP, andN PN classes,
respectively.

Table 1 compares the number of representative functiongfareht classes of functions. It shows
the number of function of variables ¢ f), functions that essentially depend onvallariables ¢ f (n)),
and representative functions@y, Cnyp andCy py classes.

Table 2 shows the asymptotic number of functions per clagkesn is sufficiently large.

The N P-classification has been considered by S.W. Golomb alreat§539, [12], and latter explored
by many authors. Discussions of this topics can be found]if13], [14], [24], [28].

N P N-classification partitions the set of all switching functioof a given numben of variables in
disjoint classes, since each function is covered by a sigleesentative function which implies that a
function cannot belong to several classes. In particlaram be shown thalv P N-equivalence is an
equivalence relation, see for instance [3], [24], [28].



Table 1:Number of functions of n variables (# f), functions dependent on all . variables (# f(n)),
and representative functions in Cp, Cyp and Cypy classes.

n
1 2 3 4 5 6
Hf 4 16 256 65536 4.3 x 107 1.8 x 101
#f(n) 2 10 128 64594 4.3 x 10° 1.8 x 10T
|Cp] 4 12 80 3984 3.7 x 107 -
[Cnpl 3 6 22 402 1228158 4.0 x 1014
2 4 14 222 616126 2.0 x 10™

|Cnpn]

Table 2:Asymptotic number of functions per classes for n sufficiently large.

P NP NPN
227l 2271/ 22/”/
n! ALY 271 p!

3.1 NPN-classification in terms of Reed-Muller expressions

The Reed-Muller expressions are a class of functional espyas to represent switching functions [3],
[28]. They can be viewed as the decomposition of a given fancf(z, ..., z, ) into a linear combi-
nation of a st of basis functions defined by the elementargymts of variables (the set of all possible
products of switching variables;, : = 1,...,n). The literals for the variables can be selected as ei-
ther positive or negative, but not both at the same time irstivae expression fof. This leads to the
Fixed-polarity Reed-Muller expressions, with the polastfor variables usually conveniently expresses
by polarity vectors defined asbit vectors whose binary entries specify selection of th&itive and the
negative literals for each of variables. In this theory, the complexity of a Reed-Mullgpmessions is
often estimated in terms of twweeight vectors

The weightw, of a Reed-Muller expression is defined as the number of ptddums in the given
expression for a specified polarity vector. Similarly, theightw, is the number of literals required in a
Reed-Muller expression of a given polarity. The weight weét,, (W) is a vector of al™ weightsw,
(w;) arranged in ascending order of their magnitudes.

In [4], see also [5], it is shown that vectors, and1V; are invariant taV P N-classification opera-
tions.

4 Classification in terms of Reed-Muller Expressions

In [36], the switching functions are classifieddrclasses defined as follows. Denote|lfythe number
of non-zero values in the truth-vector of a functifn

1. A switching functionf is calledneutralif | f| = |f|. Neutral switching functions form the class
NEU.

2. A switching functionf is calledodd (ever) if |f| an odd (even) integer. Such functions form
classe®) DD andEV EN.

3. A switching functionf is calleddegeneratedf there exists a variable; such thatf (z;) = f(z;),
i.e.,x; is not an essential variable fgr Such functions form the clad3EG.

4. A switching functionf is aself-dual functiorif f(z1,...,z,) = f(T1,...,T,). Self-dual func-
tions form theS D-class.

5. Avariablex; in a switching functionf is calledlinearif f(x;) = f(Z:). The set of functions that
contain at least one linear variable form th& -class.

6. A function f is self-complementarig both f and its complemenf belong to the sam&’ P-class.
All self-complementary functions for a given number of edliesn form the SC-class.



Table 3: Distribution of functions for = 4 into 13 classes.

Class 1 2 3 4 5 6 7 8 9 10 11 12 13
#of f | 32768 19208 5856 5768 786 176 32 32 108 16 96 O 690

7. TheNSC class is defined as the set difference of MU -class and th&'C-class.

Splitting switching functions in exactly these classes @ivated by various problems in technol-
ogy mapping. For instance, in both mask and field programentgahnologies, the minimization of
inverters is a problem [15]. Library cells with linear vailas, or cells that are capable of realizing
self-complementary functions are useful in reducing thealper of inverters by allowing their shift be-
tween the inputs and outputs of the cell. To perform such amatipn, the required property should be
identified in advance.

Some of these classes can be specified using derivativetiopesraf the Boolean Differential Calcu-
lus [19].

Let f(x) = f(z1,-..,24,--.,2,) be alogic function of. variables, then

0f(x)
8:1:2-

= f(@1,. s Tiyee ) O f(T1, o Tty oo, X)

is the (simple) derivative of the logic functigf(x) with regard to the variable;.
Using this definition of the simple derivative two of the abmlasses can be specified. A functipn
is in the classD EG with regard taz; if

af(x) _
8,%1‘ ’
which means, the function in independentef A function f is in the clasd.V with regard taz; if
o) _,
812- ’

which means, the function is linear with regardipf

The derivative can be calculated not only with regard to glsinariable but with regard to several
variables, too.

Letxo = (z1,22, ..., k), X1 = (Tk+1, Tht2, ---, Tn) DE two disjoint sets of Boolean variables, and
f(x0,%x1) = f(x1,22,...,2,) = f(x) alogic function ofn variables, then

df (x0,%1)

> = f(x0,x1) ® f(Xo,%1)
X0

is the vectorial derivative of the logic functiof{xg, x;) with regard to the variables of;.
Using this definition of the vectorial derivative with reddp all variables it can be detected whether
a function belong to the clagsD. A function f is in the classS D if

of(x)
ox

In [36], the above mentioned classésDD, EVEN, NEU, DEG, NSC, SC, SD, andLV are
determined and characterized in termsFofed-polarity Reed-Muller expressian3he representative
functions of classes have been expressed by the Reed-Mufleessions in fixed polarity, i.e., with all
the variables represented by either positive or negatigeals. The results in [36], have been corrected
in [7] by showing tha{SD Y DEG)\ LV, (LV (\DEG)\ SD andDEG(\SD () LV are non-empty
sets. Due to these considerations, instead§ndtasses as proposed in [36], switching functions should
be classified intd3 classes as described in Fig. 2, where the above mentioneempty sets are denoted
by 8, 9, and10, respectively. The distribution of functions per thesessés forn = 4 is as in Table 3
[7]. Interestingly, forn = 4, the clasd 2 is empty, but it is not fon > 4 as shown by an example [7].

=1




Figure 2:Classification in terms of Reed-Muller expressions (a) as in [36], (b) as in [7].

5 SD-classification

A classification stronger thalN P N -classification is defined in terms sélf-dual functiongand is, there-
fore, called theself-dual (SD) classificatioaf switching functions. It is based upon the following repre
sentation of switching functions.

Consider a functiorf (z1, . . ., z,) and its dual functiorf¢(xy, ..., z,,) defined by

fd(xlv"'al'n) :?(fla"'afn)'

The function

de(:Ela R xnaxn+l) = iL’n+1f(.T1, s 71'71) +§n+lfd($la s axn)a

is called its self-dualization.

Switching functions that become identical by self-duala nonself-dualization, negation of vari-
ables or the function, or permutation of variables are dafl®-equivalent. It is an equivalence relation
where the equivalence classes contain nonself-dual furgibf» variables and self-dual function of
n + 1 variables.

This classification splits the set of &ff" switching functions into non-disjoint classes, which mean
that a given function can be realized by more than one reptathee functions. For example,if = 3,
there are7 classes realizing 4, 31, 8, 128, 64, 96, and 128 functionzertively. It should be noticed
that the sum of the number of functions per classes is Iatwr?t23 = 256, which is the total number
of functions forn = 3.

For more information, see for example [3], [28].

6 LP-classification

N PN andS D-classifications are intended for AND-OR synthesis, whicgkans the representation of
functions by AND-OR expressions. From 1990, there is appae increasing interest in AND-EXOR
synthesis, mainly after publication of [29], due to the featthat AND-EXOR expressions require on
the average fewer product, accompanied by the technologgnaevhich provided EXOR circuits with
the same propagation delay and at about the same price agald3R circuits with the same number of
inputs, as it was documented in 1989 by the example of EXCaiit# with four inputs.

Example 1 Table 4 shows the number of functions of four variables thathe realized with products
by AND-OR and AND-EXOR expressions, represented by SOPES0@&s, respectively. Notice that
AND-OR expressions require on the average 4.13 compardd3.66 products in AND-EXOR expres-
sions.

This consideration was a motive to introduc€-classificationadapted by the allowed classification
rules to the AND-EXOR synthesis [18], [20]. In this classfion, unlike N PN andS D-classification,
transformations over constants, besides over variahles|so allowed.

L P-classification has been introduced by the following cosisitions.

Consider the following transformations that change a fionct to (possibly) another function



Table 4:Number of functions realizable by ¢ products.

t AND-OR AND-EXOR
0 1 1
1 81 81
2 1804 2268
3 13472 21744
4 28904 37530
5 17032 3888
6 3704 24
7 512 0
8 26 0
av. 4.13 3.66

1. Fori € {1,...,n}andf(zy,...,xz,) written in the Shannon expansion with respect to the vagiabl
Z;
[=Zifo®wifr.

the functiong is in the form

g = Tigo®wigr =Ti(afo®bfr) ®zi(cfo®dfr),
Where[ CCL 2 ] is a nonsingular matrix ove® F'(2).

2. gis obtained fromf by permuting variables.
Functionsf andg are calledl P-equivalent ifg is obtained fromf by a sequence of (operations) trans-

formations (1) and (2) above [20].
It is clear that the. P-equivalence is an equivalence relation.

0
1

o= ][R ] =Leel ]

9=7igo ®xigi =Tifo Dxi(fo® f1) = Ti@xi)fo@wifi =1 fLr Daifr.

Example 2 Consider the transformation by the matrﬁx} } . Then,

and equivalently

Thus,g is obtained by the substitutiaf} — 1 in the expression of.

Similarly, the matrix[ é 1 } corresponds to the substitutian — 1.

Usually, the six transformations corresponding to the #beént nonsingular matrices ovétF'(2)
are expressed in this substitution notation as shown ireTabl

It is worth noticing that iff is represented by an ESOP wijtf| products, theig| = | f| [20].

For functions ofn = 3 variables, there are BP-representative functions
: y : 27
DYz
by-z

8l 8 8
<
8 8
< <

@ . .27
bxr-y-z



Table 5: L P-classification rules.

LPy(f) =Tifo® xif1

LP(f)=%ifo®1- fi

LP(f)=1-fo@xifi

LPs(f) = zifo ®Ti [

LPy(f) =zifo®1- fo

LPs(f)=1-fo@mif1

Identical mapping

IZ‘<—>1

€X; < T

z; — 1, andz; — xz;

T, — 1, andz; — T;

—_

Table 6: L P-representative functions for n < 4.

n 3

4

00
01
06
16
18
6b

oL ON

0000
0001
0006
0016
0018
0066
0116
0118
012c
0168

016a
0180
0182
0186
0196
0660
0661
0662
066b
0672

0678
06b0
06b1
1668
1669
1681
1683
168b
18ef

6bbd




Table 7:Number of LP-classes and its medium sizes.

n 1 2 3 4 5 6
ICrp 2 3 6 30 6936 > 5.5 x 101!
|f] 4 16 256 65536 4.3 x 10° 1.8 x 107
|f]/|CLp] 2 53 426 2,1845 6.2 x 10° 3.3 x 107

Table 6 shows the truth-vectors bP-representative functions far= 2, 3, 4 in hexadecimal encod-
ing meaning that each character in the truth-vectors shueiletplaced by its binary representation as a
sequence of four binary values.

Table 7 shows the number éfP-representative functions for up to 6 variables, which carcém-
pared to data in Table 1. Since in any class therend¢® functions, it follows that fom sufficiently
large, the number of P-classes approximates 28" /n!6™. It should be noticed that P-classification
is the stronger thatW PN and S D classifications, since considerably reduces the numbeiffefeht
classes.

7 Classification by Walsh Coefficients

In 70’s, synthesis with threshold logic elements has beelekyiexploited, since a relatively large class
of functions (threshold functions) can be realized by alsitigreshold element. In connection with this,
classification in terms o#alsh spectral coefficientsas been considered, since threshold functions of
n variables can be characterized py + 1) out of the total of2™ Walsh coefficients [9], [13], [14].
These coefficients can be identified with Chow parametettsoadh these parameters were introduced
independently without relating them to the Walsh transf@8in

In Walsh analysis the following operations are calledtthaslation invariant spectral operations

1. Permutation of variables; by xx, i # k # 0,

2. Replacement of a variable by its complement- z;,
3. Replacement of a functiohby its complemeny”’,
4

. Replacement of a variahte by a linear combination of variablas @ x, or in more general case,
replacement of; by (z, ® x, © - - - © zp) ® x;, which is calledspectral translation

5. Replacement of a functiof(z1, . . ., x,,) by the functionx; ® f'(z1, . .., z,) wheref’ is uniquely
defined by a particular transformation over indices of Walséctral coefficients fof. This oper-
ation is called thelisjoint spectral translation

In other words, spectral translation states that given atiom and its spectrum, linear (mod 2)
transformation of arguments corresponds to a particulanpetion of spectral coefficients. The disjoint
spectral translation states that given a functfoand its Walsh spectrurfi;, the spectrum of a new
function f’ obtained by modula addition of the original function and some of its argumeotsresponds
also to a permutation in the Walsh spectri§m A generalization of the disjoint spectral translation to
multiple-valued logic functions has been presented in.[23]

The above operations have been used to define classksjaintly translationally equivalenfunc-
tions, as functions which can be derived from each other lbpption of variables, logic negation of
variables, negation of function values, application ofcgad translation and disjoint spectral translation.
It is assumed that these operations can be applied simalialyeand repeatedly. It has been shown that
for n < 4, there are8 classes of functions, and the same number of representiatigtons, out of which
7 are threshold functions. Thus, they can be realized by desthgeshold logic element [9] providing a
sufficient number of inputs, or by adding some network of EX¢éMRuits.

It should be noticed that the classification of switchingdiions by disjoint spectral translation cor-
responds to the classification defined in [22] in terms of grtheory and Fourier transforms on finite
Abelian groups.

It has been shown that+ 1 Walsh coefficients are necessary to characterize all singdhinctions
which can be derived from a threshold logic function by pred postlinear translation [25].



In [38], the method of synthesis of any switching function dyhreshold logic gate and a set of
EXOR gates has been related to the former work in refererids [[L7], [21], see also the replay of
Edwards to the comment by C.K. Yuen [10]. This method is egldab the approximation of switching
functions by Walsh series with less thZh coefficients, actually. + m + 1 coefficients, withm a small
integer, (called Chebyshev approximation in [16]).

8 Classification by Autocorrelation Functions

Classification by autocorrelation functions [26], [27] iesely related to the classification in terms for
Walsh coefficients in the sense that exploits spectral katios, i.e., replacement of variables by EXOR
sum of pairs of variables. Recall that for a switching fuaitf, the autocorrelation function is defined
as

2" —1

Bi(r)= Y f@)fx®T).
i=0

In this classification, the set @¥ P N-classification rules is extended by allowing replacemérat o
variablex; by z; ® z;, 4,5 € {1,...,n}, i # j and replacing a functiofi by f ® z;,i =1,...,n.

It has been shown that the autocorrelation function$Oifil} — {1, —1} encoding are invariant
to these classification operations, which permits to cpordingly define the function classes. In this
classification, there aré8 equivalence classes far < 4. Each class is uniquely characterized by an
autocorrelation function [27].

Binary decision diagrams (BDDs) have been used for fastkéhgdf two functions belong to the
same autocorrelation class. The method exploits prophketiy following performances of a decision
diagram are not affected by the autocorrelation classificatiles

1. The number of true minterms,
2. The number of essential variables,
3. The shortest path length of the BDD.

It is stated that two functions which belong to the same autetation class have identical these
parameters [26].

9 Classification by Decision Diagrams

Firstideas about classification of switching functions &kerring to theshape of decision diagranmave
been presented in [34]. These considerations were malilatahe feature that logic functions when
represented by decision diagrams are easily mapped todiegynwith the layout of the circuit directly
determined by the shape of the decision diagram [8], [37].

Recall that the shape of a decision diagram is specified bdigtabution of nodes per levels and
the interconnections of nodes in the diagram [31], [37]. Tsribution of nodes can be specified by
avectorD = [ky,...,k, 1], Wherek;, i = 1,...,n, is the number of nodes a the levdby starting
from the root node at the levél= 1. Thus,k; = 1 for any diagram. Interconnections in a diagram are
specified as a list of nodes to which the given node is conddoteeach node.

The basic idea in exploiting decision diagrams in clasdificaof switching functions expressed in
[34], consists in the representation of functions repriisgrl P-classes byBinary Decision Diagrams
(BDDs) andWalsh decision diagram@VDDs) [35] in which case thg0,1} — {1,—1} encoding
of logic values is used. Fat = 4, 15 WDDs of different shape are sufficient to represent.3%
representative functions, with four constant nodes. fed#nt number of constant nodes is allowed, then
11 WDDs of different shape are sulfficient.

It can be shown that few representative functions can besepted by decision diagrams of the same
shapeif permutation of variables, permutation of labels at thgesdand change of values of constant
nodes is allowed. For instance, in the case oflsirepresentative functions far = 3, five BDDs of
different shape are sufficient. In the case of WDDs, threerdiag are sufficient, due to properties of the
Walsh spectral coefficients of switching functions in theating used. For instance,qf = 4, These
results were exploited in [33] is circuit synthesis, whel@ar Spectral Transform Decision Diagrams
see for instance, [32] have been also considered.



Considerations related in some sense to this topis, buecoimg theV P N -classification have been
presented in [40]. It has been noticed that out ©fepresentative functions far = 3, 10 functions de-
pend on all three variables. The BDDs for these functionsceacombined in &uper BDDwhich when
equipped with selection switches is capable of realizihgha functions for this number of variables.
This circuit can be viewed as @iPN Universal Logic Moduldor n = 3. In the case of functions with
four variables 208 functions out of the total 0222 N P N-representative functions depend essentially
on all four variables. Their BDDs can be combined iS@per BDDto realize N P N-functions. The
main problem is that although the number of bits that is negliio encode all functions realized by an
Super BDD is smaller than encoding in realizations by Lopkfables (LUTSs), the realization of the
corresponding modules may be much larger and slower thamthadJTs [40]. The representation of
N P N-representative functions unctional Decision Diagram@Reed-Muller decision diagrams) [30]
requires smaller number of non-terminal nodes comparedids and thus a simplified Super decision
diagram however, with Reed-Muller decomposition rule atribdes [40].

10 Conclusions

Splitting and most often partitioning of the set of all swhiteg functions of a given number of variables
into classes of functions similar to each other with respectome criteria of similarity proved useful
in solving many problems related to the representatioraizegions, and subsequently applications of
switching functions. The chief background idea is that a<laf functions is represented by a single
representative function, from which all other functionstia same class can be derived by the application
of classification rules used to define the classes of fungtion

Classification rules are derived depending on the appticatintended and they are determined by
the contemporary technology. In relatively short histofyswitching theory classification rules have
been formulated in different ways to serve some particulapgses as well as have been adapted to
various representations of switching functions. Furtleguirements are that the number of different
classes should be reasonably small with the classificaidiopmed by few possibly simple classification
rules. Attempts to fulfill these opposite criteria providdifferent classification methods for switching
functions.

In this paper, we reviewed few different former and receassifications and believe that this review
can be a good basis for a further study and research in thosythe
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