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Abstract larly, a buffer insertion program can use the fact that threction

of an XoR gate is unchanged when one inverter is simultaneously
placed at two inputs. Furthermore, the knowledge of fumetio
symmetries can significantly aid verification methods [8, 9]

In this work, we discuss the design of a fast Boolean matcher
based on canonical forms. We start by reviewing recent wark o
canonical form computation. We then propose a series ofdagr
ments to canonicizers that greatly speed up computatiahslaow
the connection between symmetry detection and Booleanhmatc
ing. Finally, we outline the overall design of a Boolean rhatc
that is orders of magnitude faster than those from previauksv

In the following we restrict the presentation to singlepmuit
functions. All concepts and algorithms can be easily extdnid
multi-output functions by examining their characterigtiaction.

Boolean matching is a powerful technique that has been used i
technology mapping to overcome the limitations of struatpat-
tern matching. The current basis for performing Booleanahity
is the computation of a canonical form to represent funditimat
are equivalent under negation and permutation of inputs auid
puts. In this paper, we first present a detailed analysis ef/jous
techniques for Boolean matching. We then describe a novebico
nation of existing methods and new ideas that results in aineat
which is dramatically faster than previous work. We point that
the presented algorithm is equally relevant for detectiegegyal-
ized functional symmetries, which has broad applicationbogic
optimization and verification.

1 Introduction 2 Preliminaries and Analysis of Previous Work

_The technology mapping ste_p In a _syntht_a&s ﬂOW_ convert_s a sub Definition 1 A configurationc of a functionf is a negation and/or
ject graph composed of logic prlmltlyes |nt9 an |mplgmenmt permutation of some of its inputs and output. The functisnlting
composed of library cz_ells. The mapping typlcally cons@tm_ from applying configuratior to f is denoted byf*.

phases: (1) enumerating subgraphs araichingthem against li- Clearly, for a function ofn inputs, there ar@™*'n! distinct
brary cells, and (2) performing eoveringof the graph with the configurations. We denote a configuratiorby a string of liter-
match_es f_ound. _The auth_ors of [1] proposed the use of Boolean als assigning's to a’s to denote the permutation and phase of
matching in the first mapping phase. Th's technlque comphﬁes the inputs and & indicating the phase of the output. For exam-
supgraphs with the library cells by thelr assomgted fuomsti For ple, applying the identity configurationn = v,_1 . .. vz to func-

a given subgraph, a Boolean matcher finds all library ce#s dine tiony = f(x2, 1, 20) leaves the inputs and output unchanged. In

equivalent. , o , , , contrast, applying configuration vov2 Z results in a new function
A generalized matching criterion considers, besides pengu F (o1, 00, 02).

function inputs and outputs, also their negations. Twotions are

NPN-equivalerttif one can be obtained from the other by negation Definition 2 A configurationc is a symmetryfor function f if
and/or permutation of the inputs and outputs. The dominpat a f¢ = f. Two configurationg; andcz are symmetric with respect
proach for Boolean matching is to compute for each libratyace  to fif f°1 = f2.

canonical (or semi-canonical) form that is invariant wi#lspect to For example, the configuratiom voz is a symmetry fory =
input/output negation/permutation which is then storealfrash ta- x1 @ o and it is symmetric ta@ov: 2. Note that the set of config-
ble [2, 3, 4, 5, 6, 7]. To attempt a match for a subgraph, theneat urations{c | f¢ = f} forms a group, i.e., among other properties:
computes the canonical form for its associated functionlaoks (fr=fHAN{[2=0H=")2=F

it up in the hash table. Matchers based on canonical forms are
particularly suited to large cell libraries, because th&irme is in-
dependent of the size of the library. This is especially irtgoat
when cell libraries are enriched with user-defined elements

Definition 3 Two functions f1 and f» are NPN-equivalent
(equivalentfor short) if 3c. f{ = f2. By this definition, a set of
equivalent functions form aaquivalence class

A probl loselv related to Bool tching is the d " Given an-input function f, a canonicizef)/ determines a con-
problém closely related lo Boclean maiching Is the : figurationc which mapsf to a unique representativef (f) = f°

of functlopal symmetrles: given afungtlgfnflnd anegation anQ/or of the equivalence class. Therefore, for any two functignand

permutation of inputs and outputs which does not chahda this fa, M(f1) = M(f)iff f, andfs are equivalent

paper, we use this generalized not_ion of _symmetr_y and nantre ’To denote the unique representative, we usg"eit string

narrow Qeflnltlon baseq on swapping pairs of vanaples. listing the output values off¢ for each input assignment.
Functional symmetries are important in synthesis, becthese For example, suppose configurationvivez is applied to

often represent functionally equivalent implementationth dif- The re,presentation would be denoted by the values

ferent costs. For example, the inputs of anpAgate are function- £(0,0,0)£(0,0,1)£(0,1,0)... f(1,1,1), for brevity written as

ally identical, but have dlfferent timing propert_le_s. A_h:eml_ogy momims . ..mz. A different configuration for the inputs would
mapper could chose a faster input for late arriving sign&isni-

2We restrict ourselves to this definition for a consistenspreation. For a func-
Lin this paper, “equivalent” without any preceding qualdiemeans “NPN- tion with m minterms, another representation would b&ax n-bit table listing the
equivalent”. minterms off“ [10, 5, 3]. Similarly, a BDD with a fixed variable order could bsed.




| Configurationc | Minterm Permutation | Bit String for /¢ |
V2V V02 Mom1mamsmaqmsmems 11101111
V12002 mMom1m4msmamsmems 11111011
V2V Z mMomam1msmaqmemsms 11101111
V1VQV2Z mMomam4memimsmsms 11111011
VU2V Z mMom4mi1msmamemsms 11111101
VoULV22Z Mom4mamegmimsmsms 11111101
Vo2V 2 Mm4mMmomsm1megImamrms 11111110
VoV V22 m4momemmsm1mrms 11111110

Figure 1: Configurations of functiof(x2, 1, z0) = x2+Z1+To.

Figure 2: Search tree for the configurations in Figure 1.

permute the"-bit string; e.g., the configuratiomv2v1 z produces
£(0,0,0)£(1,0,0)£(0,0,1) ... = mamoms . ... To find the rep-
resentative for a particulaf (i.e., an arrangement of the;), M
chooses a configuration that is maximal founder some ordering
criterion <.

Note thatM must enumerate, explicitly or implicitly, all sym-
metric configurations. Supposgds maximal. ForM to be sound,
any other maximal configuration must be symmetrie.td-or M
to be complete, it must provec’.c’ < c. In other words, because
the set of maximal configurations is a coset of the functisyis-
metry group, the symmetry detection problem can be reduced t
canonical form computation.

2.1 (NPN) Base Algorithm: Bit-string Comparison

To find a canonical representative for functighthe authors
of [4, 5, 6] compare the different configurationby lexicographic
comparison of the bit-string representations of tfféiand choose
the one with the largest value. A naive method could comphae t
bit strings for al2" "1 n! configurations and choose one of the max-
imum bit strings as representative (shown in bold in FigQré\bte
that the two maximal configurations are indeed symmetric.

Instead of exhaustively enumerating all configurationsené
works use a systematic tree-based search [4] as depicteig-in F
ure 2, where paths of the tree (left to right) correspond tesro
of Figure 1 (top to bottom). The top of the search tree das
branches enumerating all possible input phase assignméhis
subsequent branching levels enumerate places for thélesjae.,
the (k + 1)th level assigns am for vy, uniquely determining the
next 2* labels for them;. Note that while the phases are deter-
mined at the top level, they are appliafter permutation. Thus,
the jth subtree at the root is the same as the first subtree, where th
m; are replaced withn;q; (bitwise-XOR ofi andy).

Searching for a maximum bit string can now be performed in
breadth-first-search (BFS) order where branches that eteoa
m = 0 can be pruned as long as there is at least one other active
branch with am = 1. The black part of the tree in Figure 2 shows
the active part of the search for the given example, wheteas t
gray part was pruned. The bold branches lead to the maximum
configurations.

The authors of [4] perform this tree-based search expljcitl
whereas in [6] a faster implementation is suggested thatopme
putes the bit indicesng; labels) of the entire search tréé.The
authors of [5] use a different representation to compressélarch
by ignoring input combinations for which the function e\aties to
0, but at the cost of higher complexity at each step.

We would like to point out that these algorithms are corrbat,
solve a more difficult problem than necessary. The strichitefn
of canonicity based on the lexicographical order of the tihgs
leads to a relatively complex search problem. For examplegpe
with phase assignment, the tree-based search needs torateime
an exponential number of phases before pruning can kickaterl-
we show that various simple criteria can dramatically redtie
number of candidates for the phase assignments and hele fhrein
search of variable permutations.

2.2 (N) Satisfy Counts

In [4] and [6], input and output negations are incorporated the
overall search, requiring to consider 2l »! configurations of a
single output function. However, for the vast majority ohftions,
the phase assignment search can be reduced dramaticallysatie
isfy counts off and its cofactors are considered [10, 11, 7].

Definition 4 Thesatisfy countof a functionf, denoted f|, is the
number of minterms for whicfi evaluates td.

For the output phase assignment of a given funcfipwe con-
sider |f| and |f]. If |f| > |f|, then we apply the remaining
search algorithm tgf, and vice versa. Only in the rare instance
that|f| = |f|, the search must consider both cases and choose the
larger of their respective bit strings.

The input phase assignment problem is solved similarlygtbia
cofactors of the function. With this scheme| ffl is odd, only one
phase assignment of the inputs and output needs to be cethide
rather thar2"*!. Note that this selection criterion for a canonical
configuration is different than the one used in Section Z$telad
of choosing a configuration which is maximal according toléxe
icographical order of the bit strings, in this case a configian is
maximal only if its satisfy counts are minimal.

2.3 (P) Row/Column Sums

The authors of [3] use a different set of criteria to companefig-

urations of a function. They use a truth table to repregemthere
all rows that correspond to a 0 output are purged.For theiretea
of this paper, we refer to this representation asnaplicant table

The proposed algorithm iteratively partitions the colurand rows
of the table by using as discriminating factor the numberldfen-

tries in the column and row parts, respectively; this is thae as
the procedure described in [£2]

3As hinted earlier, we can precompute the first top-levelsebtorresponding to
permutations only, and compute the rest of the tree on-thedth XOR. This in-
creases the algorithm’s capacity and improves cache bahavi

4In addition, the tree can be folded in half vertically to savemory, because for
anyi < 2" 71, (2" —1) —i = (2™ — 1) @ i (personal communication, Zile Wei).
This scheme implicitly finds symmetries when paths recayeer

5The maximal bit-string of [4, 5, 6] w.r.t. permutation is éeplent to the maximal
adjacency matrix of [12] for a graph consisting of nodes ffigits and implicants.



More recently, the authors of [7] use column sums of variaais ¢
factors for distinguishing variables, instead of row gantis, with
impressive results. We note that using BDDs makes theiridfgo
scalable, but slow for small to mid-sized problems, and #e af
depth-first search may require excessive searching to fenchex-
imal configuration and prove its maximality.

3 Configuration Refinement

In this section, we show how the criteria used in previouskvean

be combined with new ideas to efficiently compute an NPN canon
cal form. For our purposes, we choose criteria which allotose-
lect phase assignments and permutations somewhat indaypgnd
Many of these concepts have also been developed to perfgem si
nature computation for distinguishing functions [13, 1M.[6] it
was suggested to apply signature computation as a filterdi av
canonical form computation when no match is possible. Hewev
the proposed scheme does not utilize the signature infavmat
the actual search procedure. As one of the new conceptsnpedse
here, we extend the use of signature computation to simthigy
canonization step itself.

Using the terminology of [2], we first construct a set of “semi
canonical” configuration candidates and then use one ofrig-p
ously described algorithms to choose a canonical form friois t
set. Key to the efficiency of our algorithm is the use of a seqae
of criteria to maximally prune the candidates at each stéprbe
applying the bit string comparison to break ties. Furtheemeach
criterion provides invariants that can be used in lateresagour
overall algorithm is outlined in Algorithm 1. Each step neféo the
section that provides a more detailed description. Sineesé#arch
algorithm of Section 2.1 uses phadast to compute then;, f
“sees” phasefirst, and that is what we start refinement with. This
corresponds to a reverse mapping of #fgto thev’ which will be
used to denote configurations for the rest of the paper.

Note that due to the refinement steps, the selected “maximal”
configuration no longer has in the largest bit string ovecatifig-
urations. However, canonicity is preserved because afitioims
from each equivalence class are treated equally.

Algorithm 1 Matching algorithm

. Compute satisfy count for each cofactor

. Constrain phase§3.1)

. Constrain permutation§3.2)

. Compress implicant table along unate variab{&s3)

. Repeat steps 1-3

. Prune symmetric configuration$

. Run BFS canonicizer over remaining configurations toinbta
canonical form §2)

~NOoO O~ WNE

3.1 Negation
The first step of refinement attempts to reduce the numberasfgh

assignments that need to be considered in the final BFS. The au However, when we comparé? + 12 4 22 + 22

thors of [2] propose an algorithm to determine a phase caabni
form. However, their solution depends on the permutatiovaoi
ables and thus does not allow an independent pruning of [@sase
signments and permutations. Instead of examining vasaiole
dividually (thus being permutation-dependent), we prepmsuse
the collection (a.k.a. bag) of row sums obtained by summangss
each row of the implicant table as a conceptual tool to djstish
between different phase assignments, and select a “maxamal

|:E3 T2 I1 :Eo|2r|

Ph Assi 2

10 112 ase Assignmend _(X2)
T3T2T1T0Y 9

0 0 0 00 . 1
T3T2T1T0Y

0 0 1 011 T322Z1T0Y 9

0O 0 1 1|2
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Figure 3: Phase assignments foe= z5(z2Z1x0 + Z2(Zo + x1))

as canonical. Note thditagsare independent of row and column
order and thus allow the pruning of phase assignments wtitiomn+
sidering permutation. This is because functions with d#ffe bags
cannot be made functionally equivalent by only permutirauis.

Example The functionzz(z2Z120 + Z2(Zo + 1)) has row sum
bag {0, 1,2, 2}, as shown in columrt, of Figure 3a. Applying
phase assignmentz.x1xoy results in a new function with differ-
entbag{1, 1,2, 3}. On the other hand, applying phasersz1z0y
gives a third functionzs + Z2Z1zo + x2(z1 + To) with bag
{1,1,1,2,2,2,2,3,3,3,3,4}.

In the following, we describe two fast criteria for comparirow
sum bags without actually computing the bags.

3.1.1 Satisfy Counts

The first criterion chooses phase assignments which mieithig
sum of the elements of each row sum bag (where 8 < 27

in the previous example). This sum is the number of 1's in the
implicant table. Finding the phase assignment with the mmimn
sum of row sums is equivalent to minimizing the satisfy csunt
of the individual columns as described in Section 2.2. Bygsi
this algorithm, an explicit enumeration of bags for cantédzhase
assignments is unnecessary.

Minimization (versus maximization) of the sum of row sums
is adopted to make the final BFS terminate more quickly. Recal
from Section 2 that the BFS canonicizer on line 7 of Algorithm
searches for a maximal bit string. By reducing the numbersof 1
we increase their distinguishing power, and encounter taarier
in the search, thus being able to prune subtrees more quickly

For our running example, we prune the candidate phase as-
signments to the four which result in a sum of bzzoz120Y,
T3T2T1T0Y, T3T2T1T0Y, ANAT3T2T1Toy.

3.1.2 Sum of Squared Row Sums

Before proceeding to the next step, we apply the top stepedES
of Figure 2 which prunes the phase assignments. Recall that w
prune branches that encounter a 0 if there are others thatieter
a 1. In our example, we discanghz2x1Zoy and keep the others,
becaus®001 is not an implicant off, while 0000, 0010, 0011 are.

In the case that several input phase assignment candidates a
still indistinguishable after applying the previous step® com-
pare the sum of squares of the corresponding row sum sets.

Example (cont'd) While zszezixz0y results in the bag
{0,1,2,2}, configuration zsz2Zixoy produces the bag
{0,1,1,3}. The simple sum of their row sums are equal.

9 to

0% + 1% + 12 + 3% = 11 we can distinguish them. We favor
phase assignmentsxoxizoy and discardrszoZizoy. Again,

the particular choice (9 versus 11) is a heuristic used toenim
upwards in the search tree. The resulting sums for each phase
assignment are shown in Figure 3b. After applying thesergait

to our example, only two phase assignments remain for the res

of the algorithm. Note that these two can be made equivalent:
f — f30312ioi1y_



3.2 Permutation

The matchers described in [4, 5, 6] search over all pernautsiin
order to find a canonical representation. In this section egeidbe
how to reduce the set of permutations explored, by excludarg
tain mappings between thés and thex's. We later show how this
is useful for pruning symmetries.

For pruning permutations, we partition the input varialnés
function according the criteria given in Sections 3.2.1 &rf2l2.
We then permute variables only within a partition. Note {heatti-
tions must be sorted to maintain canonicity.

3.2.1 Satisfy counts

In [11] and [3], satisfy counts of cofactors are used to giarti
the input variables of a function. These correspondYoorder
Walsh-Hadamard spectral coefficients [14, 15]. For two ispuy
andz;, if | fz,| # |fz; | thenz; andz; cannot be swapped without
changingf. Similarly, for two functionsf and f<, if [fz, | # | £, |
then f cannot be transformed intf by swappingz; andv;. This
leads to a partitioning criteria for the inputs variableseventhe
satisfy counts for the cofactors with respect to all vaeabbf a
partition are equal. Due to the phase refinement steps pestbr
previously, inputz; may be negated later only ff.,| = |fs,].
Thus, the satisfy counts used are invariant.

Example Suppose we wish to find the canonical form of the func-
tion f = Z4(Z3+T2+Z1T0) Using a search-based algorithm. Vari-
ableszs andz» are symmetric, as arg andxo; thus it is expected
that four permutations result in the canonical form.

The satisfy counts argfe, | = |fas| = 5, |foo| = |fer]| = 6,
| f=.| = 13 which induce three partitions. Since variables may only
be swapped within a partition, at most the four mappings betw
({va,v3}, {v2,v1},{vo}) and ({z2, x3}, {x1, 20}, {x4}) Will be
explored.

3.2.2 Unateness

A second criterion for distinguishing variables is unasmeas sug-
gested in [1]. A variable that is unate can never be swapp#éd wi
a variable that is binate. This information can be appliefilitther
refine the variable partitions defined previously.

3.3 Unateness Compression

Given a function that is negatively (positively) unate oedlrits
inputs, the authors of [5] compress the implicant table ipjaging

it with a prime cover. For a function that contains a mixtufe o
variable types, the authors used the uncompressed table.

In the following we propose an extension of this concept Whic
compresses the implicant table with respect to all unatbias
even if binate variables are present. Suppf$®sk binate vari-
ables. We replace each of thé& cofactors off w.r.t. the binate
variables with a prime cover for the unate variables. Ourlémp
mentation uses a bit string representation of the functorgéiick
lookups when incrementally compressing a list of implisanfo
maintain correctness while finding a maximal configuratio,
must order the variables by their unateness which, as a Hulg,e
further speeds up the search.

Compressing the implicant table is critical for algorithtnat are
polynomial in the table size. For a function that is binaterity one
variable, this compression results in an exponential réoluof the
runtime. In addition, compressing the table allows for &ddal
opportunities to refine the set of configurations as dematestrin
the following example.

[z5 24 x3 T2 1 @o|[25 T4 @3 2 ®1 wo|[w1[ws[wa]22]r3]T0]
0 00 1 1 1|0 O 1 1 1|]{1|]0|0|1]|0]1
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Figure 4: Refining variable partitions ¢f = zs5T4Zszox1ZT0 +
(fsfzjﬁg =+ CC5£C4CC3)CC2£C1CCO =+ (CC4 + xl)f5$3f'2$0 using an im-
plicant table.

Example Consider the variable permutation for the function
taken from [5] whose implicant table is shown in Figure 4aeTh
canonicizing algorithm of [5] would require a branch and iu
evaluation of different configurations as shown in Figure #hat
paper. We show that no branching is necessary; a maximalyserm
tation of variables is found using our refinement techniqoeea
Below each column of the tables in Figure 4 is a triplet devgpthe
type of variable (binate/positive unate), and column suiviati-
ablesz; andxzo have identical column sum, but may be distin-
guished by their unateness. During a first partitioning siepari-
ables butr, andzx,4 are distinguishable. Next, one of the rows is
removed by compression, and the column sums recomputedewhe
the dash “-” is counted as a zero. After thatandz, are distin-
guishable (b). The variables are then partitioned by thesoeiated
triplets (c). Note that the original column sums are neagdsalis-
tinguish between:» andzs (andxzs andx4). Since the triplets are
distinct, a maximal permutation vsvi v vsvo IS determined.

4 Pruning Symmetries

Definition 5 Configurations can beomposed Given configura-
tions ¢; and ¢z, we define their compositiory o ¢; in the usual
manner, whergf€1°°2 := (f°1)°2. For anyc, c; oc = c.

As stated earlier, all maximal configurations are symmettfic
we know some of a function’s symmetriagpriori, we only need
to search over the asymmetric configurations (also knowrosstc
representatives) for the maximal configuration. Suppffse- f,
cocq = cp ande, # ¢p. Thereforefe = f°, ande, is maximal
iff ¢, is as well. Thus one of, or ¢, can be safely ignored. The
authors of [4] and [5] use a restricted set of symmetries doice
the search space. In our work, we expand on the types of symme-
tries used for this purpose including ones between difteirgyut
phase assignments and between different input permusation

Since symmetries are not knovenpriori, they must be found
by explicitly checking, with the assumption that finding rthex-
plicitly beforehand is faster than letting the Boolean rhatcfind
them implicitly afterwards. Another option is to performnsme-
try checksduring the search with the help of the Boolean matcher.
Finding symmetries early prunes more configurations, hewthe
tradeoff is that there are also more symmetry candidatesre c
sider. In this section, we explore the utility of performisygmmetry
checks at various stages of the breadth-first-search.

Checking whether a configuratianis symmetric inf is fast.
Given f as a bit string and a list of minterms, we can apptg the
list. We now have a bit string representifigand a list of minterms
representing’“, and check for equality between the two. This pro-
cedure is faster than sorting as performed in [5].c i§ indeed
symmetric, we remove from consideration@alwherec, oc = ¢;.



4.1 Pre-search Symmetry Pruning

After applying the refinement techniques described in $ac3,
more than one phase assignment or permutation may remain. In
this case, we check for the simplest symmetries before paicg

to BFS: phase assignment and swapping of pairs of variables.

Example Considerf = z2 @ x1 @ xo, Which requires us to

check 8 phase assignments even after applying the teclsnafue

Section 3.1. We find that= z2Z1Zoy is a symmetry. Then we can

discard, among others, phase assignnieni oy oc = 2Z170y. Figure 5: Detecting general variable symmetry.

We also discard, sincec; o ¢ = ¢. In this case, a single explicit

symmetry check saves the BFS from exploring four sets ofgpath ~ partition {zs, z2}. If we reach this point in the search, it is likely
Note that in the case of XOR, three configurations combining thata symmetry exists.
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permutation and phase assignment are sufficient to desalibe Using this scheme, we avoided explicitly checking whetfur,
symmetries. However, we look for simple symmetries (réggir example, the two leftmost paths in the search tree correspmn
more symmetry checks) to simplify the implementation. symmetric configurations.

Example Supposef = Z3Z2 + Z1Zo; variableszs, z2, z1, and 5 Experimental Results
xo lie in the same partition, meaning 24 permutations are eandi
dates. Furthermore, swapping with x> leaves the function un-
changed, as well as swapping with xo. We can impose an ar-
bitrary ordering betweems andz2, andz; andxo, resulting in
six permutations. In addition, we can further impose a nem+ co
dition to keep symmetric variables adjacent. In this caseneed

to only consider the two permutationszoxz12o and z1zoxsxs.
This convention allows us to find other symmetries more gasil

We implemented the described enhancements using a Boolean
matcher based on branch-and-bound. As a baseline, we use an i
plementation of the algorithm presented in [6] with two ione-
ments. First, the bit index table is computed for permutetionly,
as mentioned i§2.1. Second, the output phase problem is solved
as described i§2.2. These changes allow us to examine 9-input
functions, but are minor, so we still refer to this matchetS”.

The functions provided to the matchers were obtained byrdeco

4.2 In-search Symmetry Pruning posing the circuipj 2. bl i f into AND2 gates and inverters, and
More complex symmetries may permute several variableslgimu ~ generating cuts according to the recursive definition ir}.[This
neously. For example, in functiogh= Zs%1 + Z2Zo + Z3Z2, 25 and circuit is of significant size, and thus provides a good setioc a

z2 can be swapped while swappimg andz, without changing the wide variety of patterns that occur in practical synthesiwd. We
function. Again, we can use this information to reduce trercre  classify the functions based on input size, and run the twizhna
space for the BFS. However, there is a large number of options ~ ing algorithms on approximately 20,000 instances of eaabsobf
permute several variables simultaneously, and it is unknowich functions on a workstation with 512MB of memory and a 3.0GHz
swap attempts are more likely to result in symmetries. Pentium 4 processor.

The BFS algorithm itself provides a clue: the search alborijt
by discarding configurations that are asymmetric to the maki
configuration, provides a good set of candidates to checgyfior
metries. For two active paths in a branch and bound treeinglat
to two different permutations, we can swap the correspandani-
ables and check for symmetry. The authors of [5] proposeéolch
for a limited type of symmetry at every step of the algorithim.
contrast, we propose to check for a more general set of synaset
at opportune moments, as shown in the next example.

5.1 Runtime Dependence on Input Size

The runtimes for the matchers are shown in Table 1. When prac-
tical, the matching routines are averaged over 50 runs tat@ao
1/0 cost. Columm denotes the number of inputs to each function.
The column “DS” refers to matcher “DS”. The column “DS++"
refers to the same matcher with the rest of the improvemesits d
scribed in this paper.
The column denoted by “Speedup” is a simple ratio of runtimes
To measure how the scalability of both algorithms compare, w

Example Supposef = 371 + Z2Zo + Z3T2. From safisfy report in the next column the speedup scaled by the number of i
counts, the variables are partitioned so that that only foap- put configurations. This value would be constant when comgar
pings betweer{{vs, v2}, {v1,vo}) and({zs, x2}, {z1, z0}) need worst-case search with an oracle.

to be considered. The branch and bound tree correspondingge For all input sizes, matcher “DS++" greatly outperforms “DS

permutations is shown in Figure 5; other permutations aré-om Symmetries and asymmetries are found quickly, so that ttedd
ted. The minterms are converted to a unate cover, and columnsymp is roughly constant. The indicated runtime of “DS++"%s e

for z; and zo are complemented to minimize 1s, resulting in  ponential inn — this is to be expected, because the bit strings used
(1001,0110,0000). The tree is labeled with the bit strirgyesen- as input and output are of leng2H.
tation for each permutation. In addition, we label the tréh\@), Note that the results reported here for “DS” greatly diffemfi

®, and(© to refer to three different stages of the search. those given in previous work — we will explain this during the
We can compare the partial permutations at any of thesesstage giscussion of the next set of experiments.

to check for symmetries. However, poir® and ®) are ineffec-

tive. Point@ will attempt to swapr; andzo, which was already ~ 9-2 Runtime Dependence on Input Type

checked for. Pointd), which is the end of a partition, checks for  The next set of experiments illustrates the dependenceeafui-

the rare rotational symmetry [16]. time on the input types. We run the two matchers on three gets o
© is a good point in the search to check for hierarchical sym- 7-input functions: random functions, the functions frora firevi-

metry. The left path chosgrs} for {v2}, and the right path chose  ous experiment, and a 7-inputoR. The results are shown in Ta-

{z2} for {v2}. Together, they form a subpartition of the current ble 2. For random functions, “DS” performs fairly well. Ramd



Average Runtimey(s) Average Runtime (cycles
n DS [ DS++ Speedup (x)| Speedupn!2™ n | Saucy | DS++ Speedup (X)
4 0.61 0.42 1.45 3.7e-3 4 | 1.95e4 1.90e3 10.3
5 8.57 1.34 6.40 1.7e-3 5 | 3.69¢e4 3.13e3 11.8
6 98.8 2.31 4.28el 0.9e-3 6 | 7.14e4 4.61e3 15.5
7 | 3.12E3 3.69 8.46e2 1.3e-3 7 | 1.51e5 7.68e3 19.7
8 | 1.10E5 7.58 1.45e4 1.4e-3 8 | 3.53e5 1.46e4 24.1
9 | 6.26E6 15.0 4.17e5 2.2e-3 9 | 8.08e5 4.23e4 18.9
. . . . . - Average Runtime (cycles
Table 1: Runtime of matching algorithms for different ingizes. Eunction Saucy | DS+t Speedup ()
Average Runtime(s) Random 7 input| 1.09e5 2.91e4 3.73
Function DS | DS++ Speedup7!2” Typical 7 input | 1.51e5 7.68e3 19.7
Random 7 input| 88.2 5.2 2.66-5 XORY 1.10e6 3.93e4 28.2
Typical 7 input | 3.12E3 3.69 1.3e-3 Table 3: Results for symmetry detection.
XOR7 309E6 32.6 15
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