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Abstract—This paper proposes minimization algorithms for the
memory size and the average path length (APL) of heterogeneous
multivalued decision diagrams (MDDs). In a heterogeneous MDD,
each multivalued variable can take different domains. To rep-
resent a binary logic function using a heterogeneous MDD, we
partition the binary variables into groups with different numbers
of binary variables and treat the groups as multivalued variables.
Since memory size and APL of a heterogeneous MDD depend
on the partition of binary variables as well as the ordering of
binary variables, the memory size and the APL of a heteroge-
neous MDD can be minimized by considering both orderings and
partitions of binary variables. The experimental results show that
heterogeneous MDDs can represent logic functions with smaller
memory sizes than free binary decision diagrams (FBDDs) and
smaller APLs than reduced ordered BDDs (ROBDDs); the APLs
of heterogeneous MDDs can be reduced by half of the ROBDDs
without increasing memory size; and heterogeneous MDDs have
smaller area—time complexities than MDD (k)s.

Index Terms—Area—time complexity, MDD (k), average path
length (APL), FBDD, heterogeneous MDD, logic simulation,
memory size, representation of logic functions, ROBDD.

1. INTRODUCTION

INARY decision diagrams (BDDs) [5] and multivalued

decision diagrams (MDDs) [16] are extensively used in
logic synthesis [9], logic simulation [1], [13], [19], software
synthesis [2], [15], [26], etc. To reduce memory sizes and
runtime for these applications, proper optimizations of decision
diagrams (DDs) are very important. For example, in logic
simulation using DDs [1], [13], [19], minimization of the
average path length (APL) of DDs reduces the evaluation time
of logic functions, since the evaluation time depends on the path
length of DDs. In software synthesis using DDs [2], [15], [26],
which automatically generates program codes from a functional
specification, minimization of both memory size and APL of
DDs makes program codes compact and faster, since the code
size and the runtime of the generated program codes depend on
the memory size and path length of DDs. Most optimization al-
gorithms for DDs use variable reordering approaches [7]-[11],
[14], [20], [21], [23], [28], [32], [38]. However, when MDDs
are used to represent binary logic functions, we can use an
additional optimization approach, which is a partition of binary
variables [12], [29], [33], [36].
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To represent a binary logic function using an MDD, we
partition the binary variables into groups and treat each group
as a multivalued variable. In many cases, the groups have the
same number of binary variables [12], [19], [33], [36]. On
the other hand, in a heterogeneous MDD [29], the groups can
have different numbers of binary variables. Thus, by optimizing
both orderings and partitions of binary variables, we can obtain
heterogeneous MDDs that have smaller memory sizes and
APLs than ordinary MDDs with the same group size (called
homogeneous MDDs). In [36], the optimizations of both order-
ings and partitions of binary variables for only homogeneous
MDDs are considered.

In this paper, we propose memory size and APL minimiza-
tion algorithms for heterogeneous MDDs that consider both
orderings and partitions of binary variables. For BDDs and
homogeneous MDDs, the APL minimization often increases
memory sizes. On the other hand, for heterogeneous MDDs, the
APLs can be minimized without increasing memory size. The
memory size minimization algorithm for heterogeneous MDDs
can reduce both memory sizes and APLs, and the APL mini-
mization algorithm for heterogeneous MDDs can reduce APLs
without increasing memory size. By experiments, we show that
both memory sizes and APLs of heterogeneous MDDs can be
reduced to 86% and 67% of reduced ordered BDDs (ROBDDs),
respectively, and APLs of heterogeneous MDDs can be reduced
by half of the ROBDDs without increasing memory size.

The rest of the paper is organized as follows. Section II shows
the necessary terminology and theorems. Section III proposes
memory size and APL minimization algorithms for heteroge-
neous MDDs. And Section IV compares memory sizes and
APLs of heterogeneous MDDs for many benchmark functions.

This paper is an extended version of [30] and [31].

II. PRELIMINARIES

This section defines the necessary terminology and shows
theorems. In this paper, we assume that 1) the given logic
function is completely specified and has no redundant variables;
and 2) the reader is familiar with the standard terminology for
BDDs and ROBDDs [5].

A. Free BDD

Definition 2.1: An ROBDD has the same variable order on
all paths. A free BDD (FBDD) is a BDD that allows different
variable orders along different paths in the BDD.

An FBDD is a generalization of an ROBDD, so FBDDs
can be more compact than ROBDDs by considering different
variable orders along each path [10], [11], [38].
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B. MDD

This section provides a brief definition of MDD. Please refer
to [16] for more details.

Definition 2.2: A BDD represents a binary logic function
fo(z1,29,...,2,) : B" — B, where B =4{0,1}. An MDD
represents a multivalued (p-valued) function f,, (X1, Xo, ...,
X,): P*— P,where P ={0,1,...,p—1}andp > 3.

Nonterminal nodes in an MDD for the p-valued function
have p outgoing edges while nonterminal nodes in a BDD
have two outgoing edges. As with a BDD, there are two types
of MDD: reduced ordered MDD (ROMDD) and free MDD
(FMDD). This paper considers only ROMDDs.

C. Fartitions of Binary Variables

To represent a binary logic function using an ROMDD, we
partition the binary variables into groups and treat each group
as a multivalued variable.

Definition 2.3: Let f(X) be a two-valued logic function,
where X = (21,29, ...,2,) is an ordered set of binary vari-
ables. Let {X} denote the unordered set of variables in X.
¢ and {X;}N{X;} =0 #j), then (X1,Xo,...,X,) is
a partition of X. X, is called a super variable. If |X;| =
ki (1=1,2,...,u) and k1 + ka + - -+ + k,, = n, then a two-
valued logic function f(X) can be represented by a multi-
valued input two-valued output function that is a mapping
f(Xl,X27...,Xu) : P1 X P2 X P3 X X Pu — B, where
P, =1{0,1,2,...,2% —1}and B = {0, 1}.

Definition 2.4: A fixed-order partition of X = (z1, o, ...,

xy) is a partition (X1, Xs, ..., X,), where

X1 = (21, 22,...,2k,)

X2 = (l'k1+17l'k1+2, s 7Ik1+k2)

Xy = ($k1+k2+~»+ku,_1+17 Lhidkottky—1+25 s Ln-1, a:n)

and | X;| = k;. That is, in the fixed-order partition of X, the
variable order (z1, 2, ..., z,) is fixed.

When the variable order is not fixed (i.e., the partition is
not fixed-order partition), we call the partition nonfixed-order
partition. In this paper, a partition means fixed-order partition
unless stated otherwise.

Example 2.1: Consider (X1, X2), which is a fixed-order par-
tition of X, where X = (z1, 22, x3, 24, 5 ), each x; is a binary
variable, and the variable order (z1,x2,%3,%4,x5) is fixed.
When X = (x1,22) and Xo = (3,24, 5), we have k; = 2,
ko =3, P, ={0,1,2,3}, and P, ={0,1,...,7}. Note that
X, takes four values and X, takes eight values. So, a five-
variable logic function f(X) can be represented by the mul-
tivalued input two-valued output function f(Xi, X5): Py X
P2 — B.

Similarly, we show all possible nonfixed-order partitions of
X into (X7, X2), where k; = 2 and ko = 3. Since the variable
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order (1,2, 3,24, x5) is not fixed, all possible nonfixed-
order partitions of X can be considered as

X1 = (x1, z2), Xo = (x3, 74, T5)
X1 = (71, 73), Xy = (w2, 24, 75)
X1 = (w1, 74), Xy = (z2, 23, 25)
Xy =(x1,25),  Xo= (x2,23,24)
Xy =(x2,23),  Xo=(21,24,25)
X1 = (w2, 74), Xy = (21,73, 25)
Xy =(x2,25),  Xo=(x1,23,24)
X1 = (w3, 14), Xo = (21,72, 75)
Xy = (w3, 75), Xo = (x1,22,24)
X1 =(z4,25), Xz = (21,22, 73).

D. Heterogeneous MDD

Definition 2.5: When X = (x1,9,...,x,) is partitioned
into (X1, Xs, ..., X,), an ROMDD representing a multivalued
input two-valued output function f(X7, Xo,...,X,,) is called
a heterogeneous MDD. Specially, when k = |X;| = |X3| =
-++ =]X,|, an ROMDD for f(X;, Xs,...,X,) is a homoge-
neous MDD and denoted by MDD (k). A heterogeneous MDD
represents a mapping f: Py X P, X ... x P, — B while an
MDD(k) represents a mapping f: P“ — B, where P =
{0,1,...,2% -1}, P, ={0,1,...,2% — 1}, and B = {0,1}.
An MDD(k) is a special case of heterogeneous MDDs. In a
heterogeneous MDD, nonterminal nodes representing a super
variable X; have 2% outgoing edges, where k; denotes the
number of binary variables in X;. Similarly, in an MDD(k),
nonterminal nodes have 2* outgoing edges.

For n-variable functions f, if n < ku (i.e., n is indivisible
by k), additional redundant binary variables are used to con-
struct MDD (k)s. The set of binary variables with such variables
is{X'} ={x1,22,..., Tn, Tnt1,-- ., Tku}, where | X'| = ku.
Note that f is independent of x,, 1, Zpy2, -« -y Thu-

Example 2.2: Consider a logic function f = zijzox3V
Tox3xy V T3x4x1 V x42122. Fig. 1(a), (b), (c), and (d) repre-
sents the ROBDD, MDD(2), and heterogeneous MDDs for f,
respectively. In Fig. 1(a), the solid lines and the dotted lines de-
note 1-edges and 0-edges, respectively. In Fig. 1(b), the binary
variables X = (z1, z2,x3,24) are partitioned into (X7, X»),
where X1 = (3:1,3:2) and X2 = (1‘3,3}‘4). In Flg I(C), X1 =
(21, 22,x3) and Xo = (x4). This partition produces a heteroge-
neous MDD with minimum memory size among heterogeneous
MDDs for f. In Fig. 1(d), X; = (z1) and X3 = (22, 3, 24).
This partition produces a heterogeneous MDD with maximum
memory size among heterogeneous MDDs for f.

In this paper, we use shared decision diagrams (SDDs)
[22] to represent multiple-output functions F' = (fo, f1,...,
fm-1) : B* — B™, where B = {1,0}, and n and m denote
the number of input and output variables, respectively. In the
following, BDDs and MDDs mean shared BDDs (SBDDs) and
shared MDDs (SMDDs), respectively.
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Fig. 1.

ROBDD, MDD(2), and heterogeneous MDDs.
(b) MDD(2). (c) Minimum heterogeneous MDD. (d) Maximum heteroge-
neous MDD.

(a) ROBDD.

E. Number of Heterogeneous MDDs

This section shows the number of different heterogeneous
MDDs to estimate the complexity of optimization for heter-
ogeneous MDDs.

Theorem 2.1: Let Nponsix(n) be the number of different

nonfixed-order partitions of X = (1, z2,...,2,). Then
Naontis) = 37371 Cir = (-1
r=111=0
Proof: See Appendix. ]

Therefore, when both orderings and partitions of the binary
variables for an optimization of heterogeneous MDDs are con-
sidered, the number of different heterogeneous MDDs for an
n-variable logic function is given by Nyonfix(n)-

Table I compares the numbers of different ROBDDs, het-
erogeneous MDDs, and FBDDs for n-variable logic functions,
where the number of different ROBDDs is equal to the number
of different permutations of variables, that is, n!, and the
number of different FBDDs S, is given by [38]

So=nSs2 =]k
k=1

The number of different heterogeneous MDDs is larger than
that of ROBDDs. The number of different FBDDs is much
larger than those of ROBDDs and heterogeneous MDDs.
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TABLE 1
NUMBER OF DIFFERENT DDS FOR n-VARIABLE LOGIC FUNCTIONS
ROBDD Heterogeneous MDD FBDD
n n! Nnonﬁx (n) Sn
1 1 1 1
2 2 3 2
3 6 13 12
4 24 75 576
5 120 541 1658 880
6 720 4683 16511297 126400
7 5040 47293 > 1077
8 40230 545 835 -
9 362 880 7087261 -
10 3628800 102247563 -
11 39916 800 1622632573 -
12 || 479001600 28091567595 -

For a naive optimization method that finds an optimum solu-
tion by enumerating all possible ones, we have the following.

1) An optimization of heterogeneous MDDs is more difficult
than that of ROBDDs.

2) Optimizations of heterogeneous MDDs and ROBDDs are
much easier than that of FBDDs.

F. Memory Size of DD

In this section, we define the memory sizes of DDs to
compare the sizes for different types of DDs.

Definition 2.6: In a DD, the number of nodes in the DD,
denoted by nodes (DD), is the sum of all nonterminal nodes.

Definition 2.7: The width of a DD with respect to z;,'
denoted by width(DD, ), is the number of nodes in the DD
corresponding to the variable x;. The number of nodes in the
DD is given by

nodes(DD) = Y _ width(DD, i)
i=1

where n denotes the number of variables.

Definition 2.8: The memory size of a DD, denoted by
Mem(DD), is the number of words needed to store all nonter-
minal nodes in the DD into a memory, where we assume that a
word is large enough to store a variable index or an edge pointer.

To represent a DD, each nonterminal node in the DD requires
an index and a set of pointers that refer the succeeding nodes.
Since each nonterminal node in a BDD has two pointers, the
memory size of a BDD is given by

Mem(BDD) = (2 + 1) x nodes(BDD). 2.1)
Similarly, since each nonterminal node in an MDD (k) has 2*
pointers, the memory size of an MDD (k) is given by

Mem (MDD(k)) = (2¥ 4 1) x nodes (MDD(k)) .

In a heterogeneous MDD, each super variable can take different
domains. Therefore, the memory size of a heterogeneous MDD

INote that this definition differs from that of “width of BDDs” in [23].
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is the sum of sizes for the super variables
Mem (heterogeneous MDD)

= 2(2’“ + 1) x width(heterogeneous MDD, 7).
i=1

where v and k; denote the number of super variables and the
number of binary variables in a super variable X;, respectively.

Example 2.3: The memory sizes of ROBDD, MDD(2),
and heterogeneous MDDs are as follows: for the ROBDD in
Fig. 1(a), it is 18; for the MDD(2) in Fig. 1(b), it is 15; for
the heterogeneous MDD in Fig. 1(c), it is 12; and for the
heterogeneous MDD in Fig. 1(d), it is 21.

Definition 2.9: Given a logic function f and the order of
input variables, the fixed-order minimum heterogeneous MDD
for the logic function f is the heterogeneous MDD with mini-
mum memory size among the heterogeneous MDDs with fixed-
order partitions of the variables.

Definition 2.10: Given a logic function f, the minimum het-
erogeneous MDD for the logic function f is the heterogeneous
MDD with minimum memory size among the heterogeneous
MDDs with nonfixed-order partitions of the variables.

Theorem 2.2 [27]: Consider an ROBDD and a heteroge-
neous MDD for an n-variable logic function that is not a
constant function. When an order of binary variables is fixed,
for the number of nodes in the ROBDD and the memory size
of heterogeneous MDD obtained by considering only the fixed-
order partitions, the following relation holds:

Mem (heterogeneous MDD) > nodes(ROBDD) + 2.

Theorem 2.3: Consider an ROBDD and a heterogeneous
MDD for an n-variable logic function that is not a constant
function. When an order of binary variables is fixed, for the
memory sizes of ROBDD and heterogeneous MDD obtained
by considering only the fixed-order partitions, the following
relation holds:

Mem (heterogeneous MDD) N 1
Mem(ROBDD) 3

Proof: See Appendix. |
Theorem 2.4: Assume that the number of nodes in an
ROBDD for an n-variable function f is the upper bound [17]

2" 427 -3

where r is the largest integer satisfying n —r > 2". Let
Mem i, (MDD) be the memory size of the minimum hetero-
geneous MDD for f. Let s = 2" +r —n, where 0 < s < 27,
When n is large and 2 < s < 27, the following relation holds:

Memyy,;, (MDD) L 2°+3
Mem(ROBDD) ~ 3(2° +1)°

Proof: See Appendix. |
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Corollary 2.1: In Theorem 2.4, when n is sufficiently large
and s = 0or 9 < s < 27, the following relation holds:

Memy,;n (MDD)

Mem(ROBDD) ~ 3%

Proof: See Appendix. ]
Property 2.1: Consider a logic function f(X). Let
Mempin( f) be the memory size of a fixed-order minimum
heterogeneous MDD for f. When f is decomposed into f =
g(h(X1), X3), let Memyyi, (g) and Memyy,i, (h) be the memory
sizes of fixed-order minimum heterogeneous MDDs for g and
h, respectively. For many benchmark functions, the following
two relations hold:

Memmin( ,f) > Memmin (9)
Memypin( f) > Memypin (h).

G. APL of DD

Definition 2.11: In a DD, a sequence of edges and nonter-
minal nodes leading from the root node to a terminal node is a
path. The number of nonterminal nodes on the path is the path
length.

Definition 2.12: The APL of a DD, denoted by APL(DD),
is the sum of path lengths for all assignments of values to the
variables divided by the number of the assignments.

In this paper, the APL of an SDD for multiple-output
function F' = (fo, f1,.--, fm—-1) is the sum of the APLs of
individual DDs for each function f;.

In this paper, we assume the following computational
model.?

1) The logic functions are evaluated by traversing DDs from
the root node to a terminal node according to the values
of the input variables.

2) Encoded input values are available, and their ac-
cess time is negligible. For example, when X; =
(z1,22,23,24) = (1,0,0,1), X3 =9 is immediately
available as an input to the algorithm.

3) Most computation time is devoted to accessing nodes.

4) The evaluation times for all DD nodes are the same.

In this case, the average evaluation time of a DD is proportional
to the APL of the DD. Thus, in this model, we use the APL to
compare the evaluation times of different types of DDs.

Example 2.4: The APLs for different DDs are as follows.
For the ROBDD in Fig. 1(a), APL(ROBDD) = 3.125. For the
MDD(2) in Fig. 1(b), APL[MDD(2)] = 1.75. For the heteroge-
neous MDD in Fig. 1(c), APL(heterogeneous MDD) = 1.375.
For the heterogeneous MDD in Fig. 1(d), APL(heterogeneous
MDD) = 2.0.

Theorem 2.5: When the number of nodes in an ROBDD for
an n-variable function f is the upper bound [17]

2n—r + 227' -3

2This model can be implemented by the dedicated hardware proposed in [13].
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Algorithm 3.1:
/* X: set of binary variables. */

1:  exhaustive_search_memory (BDD) {

2: min_memory = minimize_memory (BDD);
3: for (all permutations of X) {

4: Change the variable order for BDD;

5: if (min_-memory < nodes(BDD)+ 2)

6: continue;

7 current_memory = minimize_memory (BDD);
8: if (current_memory < min_memory) {

9: min_memory = current_memory;
10: Record the variable order for the BDD;
11: Record the partition of X}
12: }
13: }
14: 1}

Fig. 2. Exact memory size minimization algorithm for heterogeneous MDDs.

where r is the largest integer satisfying n — r > 2", there exists
a heterogeneous MDD for f that satisfies

APL(heterogeneous MDD) <2.0
Mem (heterogeneous MDD) < Mem(ROBDD).

Proof: See Appendix. ]

III. OPTIMIZATION ALGORITHMS OF
HETEROGENEOUS MDDs

Since memory size and APL of a heterogeneous MDD de-
pend on the partition of binary variables as well as the ordering
of binary variables, the memory size and APL of a heteroge-
neous MDD can be minimized by considering both orderings
and partitions of binary variables.

In this section, we formulate the memory size and APL min-
imization problems of heterogeneous MDDs considering both
orderings and partitions of binary variables. We also present
exact minimization algorithms to solve them and heuristic
minimization algorithms.

A. Memory Size Minimization

We formulate the memory size minimization problem of
heterogeneous MDDs considering both orderings and partitions
of binary variables as follows.

Problem 3.1: Given a logic function f(X), find an ordering
and a partition of X that produce the minimum heterogeneous
MDD for f.

Fig. 2 shows a pseudocode to solve Problem 3.1. It uses
an ROBDD for the given logic function as the internal rep-
resentation. In the second and seventh lines in Fig. 2, min-
imize_memory [29] finds an optimum fixed-order partition
that produces the fixed-order minimum heterogeneous MDD.
The subprocedure minimize_memory is based on dynamic
programming, and its time and space complexities are O(n*N)
and O(N), respectively, where n is the number of binary
variables and NN is the number of nodes for the given BDD. This
subprocedure consumes 50% to 80% of the total computation
time for Algorithm 3.1. In the fifth line, Theorem 2.2 is used to
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Algorithm 3.2:
/* X set of binary variables. */

1:  sifting memory (BDD) {
2 cost = minimize_memory (BDD);
3: do {
4 for (Wx; e X) {
5: best_p = current position of x;;
6 for (all position p) {
7 Move x; to position p;
8: memory = minimize_memory (BDD),
9: Compute Lmem:

10: if (cost £ Lmem)

11: break;

12: if (memory < cost) {

13: cost = memory;

14: best_p = p;

15: Record the partition of X

16: }

17: }

18: Move x; to best_p;

19: }

20: } while (cost is reduced);

21}

Fig. 3. Heuristic memory size minimization algorithm for heterogeneous
MDDs.

reduce the computation time. This algorithm finds the minimum
heterogeneous MDD by exhaustive search.

However, as shown in Section II-E, when the number of
binary variables is large, finding a minimum heterogeneous
MDD within a reasonable time is difficult. Thus, we developed
a heuristic minimization for heterogeneous MDDs using the
sifting algorithm [32] and the fixed-order partition algorithm
minimize_memory [29]. The sifting algorithm repeatedly per-
forms the following basic steps:

1) Change the variable order;
2) Compute the cost.

Most sifting algorithms for minimizing the number of nodes in
an ROBDD use the number of nodes as the cost. The mem-
ory size minimization algorithm for a heterogeneous MDD,
however, uses the memory size of the heterogeneous MDD as
the cost. The computation of the cost (i.e., minimize_memory)
consumes 50% to 80% of total computation time for this
heuristic approach. Fig. 3 shows a pseudocode for the heuristic
minimization algorithm. In this algorithm, each variable z; is
sifted across all possible positions to determine its best position.
First, x; is sifted in one direction to the closer extreme (top
or bottom). Then, z; is sifted in the opposite direction to the
other extreme. In the tenth line in Fig. 3, Property 2.1 is used
to find useful siftings of ;. The Ly,¢y in the ninth line denotes
the memory size of fixed-order minimum heterogeneous MDD
for logic function g or & obtained by functional decomposition
f(X) = g(h(Xy), X2). When x; moves down to the bottom of
the ROBDD, we use h to compute e, Where X7 contains
the binary variables that are above the level of x; in the variable
order and X5 contains the remaining ones. If cost < Lyem,
we stop the sifting of x; to the bottom because sifting of
z; further down to the bottom seldom reduces the memory
size due to Property 2.1. Similarly, when z; moves up to the
top of the ROBDD, we use g to compute Lyen,, Where Xo
contains the binary variables that are below the level of z;
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Algorithm 3.3:
/* X: set of binary variables. */
/* L: memory size limitation. */
1:  exhaustive_search APL (BDD, L) {
2: min_APL = minimize_ APL (1, L, BDD),
3: for (all permutations of X) {

4 Change the variable order for BDD;
5 if (L < nodes(BDD)+ 2)

6: continue;

7 memory = minimize_memory (BDD);
8: if (L < memory)

9: continue;

10: APL = minimize_ APL (1, L, BDD);

11: if (APL < min_APL) {

12: min_APL = APL;

13: Record the variable order for the BDD;
14: Record the partition of X;

15: 1

16: 1

17: 3

Fig. 4. Exact APL minimization algorithm for heterogeneous MDDs.

in the variable order and X; contains the remaining ones.
This bounding method is similar to the one shown in [7]
that reduces the computation time of the classical sifting for
node minimization.

B. APL Minimization

For any n-variable logic function f(X), the trivial partition
of X, where X = X and |X| = n, produces a heterogeneous
MDD with the smallest APL (i.e., APL = 1.0), independently
of the variable ordering. However, since the memory size of the
heterogeneous MDD for the trivial partition is nearly 2", such
a heterogeneous MDD is too large in most cases. Therefore,
an ordering and a partition of X that minimize the APL within
a given memory size limitation are sought. We formulate the
APL minimization problem considering both orderings and
partitions of binary variables as follows.

Problem 3.2: Given a logic function f(X) and a memory
size limitation L, find an ordering and a partition of X that
produce the heterogeneous MDD with the minimum APL and
with memory size equal to or smaller than L.

Fig. 4 shows the pseudocode to solve Problem 3.2. In the sec-
ond and tenth lines in Fig. 4, the subprocedure minimize_APL
[26], [29] finds an optimum fixed-order partition that minimizes
the APL of a heterogeneous MDD. Since it is a recursive pro-
cedure, the top level for ROBDD (i.e., level = 1) is required as
the initial argument. The subprocedure minimize_APL is based
on a branch-and-bound method, and its time and space com-
plexities are O(2" + n?N) and O(N), respectively, where n is
the number of binary variables and /V is the number of nodes
for the given BDD. Although the worst case time complexity
for this subprocedure is high, the actual computation time is
short. For example, when n = 256 (for des), the computation
time for this subprocedure is 0.44 CPU seconds (refer to [29]
for more details). This subprocedure consumes 60% to 70%
of the total computation time for Algorithm 3.3. Algorithm
3.3 finds an optimum solution for Problem 3.2 by exhaustive
search.
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Algorithm 3.4
/* X: set of binary variables. */
/* L: memory size limitation. */
/* R: #sifting rounds. */
1 sifting APL (BDD, L, R) {
2: cost = minimize_APL (1, L, BDD);
3: for (r =0; r < R; rt++) {
4: for (Wx; € X) {
S: best_p = current position of x;;
6: for (all positions p) {
7: Move x; to position p;
8: memory = minimize_memory (BDD);,
9: Compute Lyem;
10: if (L< Liem)
11: break;
12: if (L < memory)
13: continue;
14: APL = minimize_APL (1, L, BDD);
15: if (APL< cost) {
16: cost = APL;
17: best_p = p;
18: Record the partition of X
19: }
20: 1
21: Move x; to best_p;
22: }
23: }
24}

Fig. 5. Heuristic APL minimization algorithm for heterogeneous MDDs.

As well as the memory size minimization, Algorithm 3.3
is time consuming for functions with many inputs. Thus,
we developed a heuristic APL minimization algorithm for
heterogeneous MDDs using a sifting algorithm [32] and
the fixed-order partition algorithm minimize_APL [26], [29].
The subprocedure minimize_APL consumes 70%—-80% of the
total computation time for this heuristic approach. Fig. 5 shows
a pseudocode for the heuristic APL minimization algorithm. In
this algorithm, the APL of a heterogeneous MDD is used as
the cost for the sifting algorithm. The APL of a heterogeneous
MDD can be computed using a method similar to the APL of
ROBDDs in [28]. In the tenth line in Fig. 5, Property 2.1 is
used to find useful siftings of x;. If L < Lyem, wWe stop the
sifting of x; because the further sifting of z; seldom finds a
smaller memory size than L., due to Property 2.1. That is,
in most cases, the further sifting of x; produces heterogeneous
MDDs with larger memory size than the memory size limitation
L when L < L.

IV. EXPERIMENTAL RESULTS

To show the compactness of heterogeneous MDD and the
efficiency of optimization algorithms, we compared heteroge-
neous MDDs with the different types of DDs using benchmark
functions. Experiments were conducted in the following envi-
ronment:

e CPU: Pentium 4 Xeon 2.8 GHz;

e L1 Cache: 32 KB;

e L2 Cache: 512 KB;

e Main Memory: 4 GB;

e Operating System: redhat (Linux 7.3);

* C-Compiler: gcc -O2.
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TABLE 1II
MEMORY SIZES OF ROBDDS, FBDDs, AND HETEROGENEOUS MDDS FOR ALL FOUR-VARIABLE LOGIC FUNCTIONS

Group ROOBDD FBDD Heterogeneous MDD
No. Mem | #class | #function Mem | #class | #function Mem | #class | #function
0 0 2 0 2 0 2
1 3 8 3 8 3 8
2 6 48 6 48 5 48
3 9 4 364 9 4 364 5 12
8 3 352
4 12 14 3168 12 14 3168 8 3 320
9 1 96
10 6 1216
11 4 1536
5 15 38 12440 15 38 12440 9 3 104
10 7 1056
11 13 4400
12 12 6528
14 3 352
6 18 70 22488 18 70 22488 10 3 168
12 41 12064
14 13 4928
15 13 5328
7 21 68 20346 18 3 1536 12 11 3520
21 65 18810 15 57 16 826
8 24 25 6672 21 10 4032 15 25 6672
24 15 2640
Avg. 1.00 - - 0.99 - - 0.72 - -
TABLE 1II

A. Comparison With FBDDs

In this section, we compare heterogeneous MDDs with
FBDDs to show the compactness of heterogeneous MDDs.

We implemented Algorithm 3.1 and compared the min-
imum heterogeneous MDDs with the minimum ROBDDs
and the minimum FBDDs for all four- and five-variable
logic functions. To compare them, we classified all the logic
functions into NPN equivalence classes [24], [35]. For the
four-variable case, 65536 functions are classified into 222
NPN equivalence classes, and for the five-variable case,
4294 967 296 functions are classified into 616 126 NPN equiv-
alence classes. Table II compares minimum DD sizes for the
four-variable case. In Table II, the NPN representative func-
tions are grouped into nine rows according to the memory
size of the minimum ROBDD. The column “Mem” denotes
the memory size of each DD. The columns ‘“#class” and
“#function” in Table II denote the number of NPN equivalence
classes and the number of functions included in the classes,
respectively. The bottom row “Avg.” denotes the arithmetic
average of the relative memory sizes for all functions, where
the memory size of ROBDD is set to 1.00. Note that ROBDDs,
FBDDs, and heterogeneous MDDs in this table do not use
complemented edges [3], [22].

For the four-variable case, FBDDs are smaller than ROBDDs
for 5568 functions, 8.5% of all functions, while heterogeneous
MDDs are smaller than ROBDDs and FBDDs for all functions
except for ten degenerate functions (0, 1, z;, and z;, where
1 =1,2,3,4). For these ten functions, the memory sizes of
ROBDDs, FBDDs, and heterogeneous MDDs are equal. On
average over all functions, minimum FBDDs require 99%
of the memory size of minimum ROBDDs while minimum
heterogeneous MDDs require 72% of the memory size for
minimum ROBDDs.

For the five-variable case, FBDDs are smaller than ROBDDs
for 1938 548 576 functions, 45% of all functions, while heter-
ogeneous MDDs are smaller than ROBDDs for 4294 967 284
functions, 99% of all functions. Also, heterogeneous MDDs are

MEMORY Si1ZES OF ROBDDs, FBDDS, AND HETEROGENEOUS
MDDs FOR HWB FUNCTIONS

n | ROBDD | FBDD | MDD
4 21 18 12
5 36 33 20
6 54 51 32
10 222 219 170
12 381 381 278
14 624 543 468
16 963 870 746
18 1473 1284 1166
20 2217 2079 1717
22 3291 2985 2575
Avg. 1.00 0.92 0.71

smaller than FBDDs for 4294921 204 functions, 99% of all
functions, and for the others, heterogeneous MDDs are equal
in size to FBDDs. There was no function whose FBDD was
smaller than the heterogeneous MDD. On average over all
functions, minimum FBDDs require 96% of the memory size
for minimum ROBDDs while minimum heterogeneous MDDs
require 67% of the memory size for minimum ROBDDs.

Also for the hidden weighted bit (HWB) functions [6], we
compared the memory sizes of DDs. The HWB function is
defined as

0,
Lawt(X)s

B when wt(X) =0
HWB(X) = { when wt(X) >0

where X = (21,22, ...,2,) and the weight function wt(X) is

given by
wt(X)=x1 +x2+ -+

where x; is a binary variable and + denotes the integer addition.
The number of nodes in ROBDDs for the HWB function is an
exponential function of n [6]. Table III compares the memory
sizes of DDs for HWB functions. We took the numbers of nodes
for ROBDDs and FBDDs from [10] and [11] and calculated
the memory sizes of ROBDDs and FBDDs using (2.1) in
Section II-F. The column labeled “n” denotes the number
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TABLE 1V
MEMORY Si1ZES OF ROBDDs, FBDDS, AND HETEROGENEOUS
MDDs FOR MCNC BENCHMARK FUNCTIONS

Memory Size
Name In | Out ROBDD | FBDD MDD
C432 36 7 3189 3171 2824
C499 41 32 77595 | 77595 | 59739
C880 60 26 12156 8394 | 11812
C1908 33 25 16575 | 15141 | 13493
C2670 233 64 5319 3186 4649
C3540 50 22 71481 | 62997 | 65029
C5315 178 | 123 5154 4434 4582
C7552 207 | 107 6633 4782 6119
alu4 14 8 1047 900 855
apex| 45 45 3735 3531 3016
apexo 135 99 1491 1365 1414
cps 24 | 102 2910 2706 2533
dalu 75 16 2064 1947 1548
des 256 | 245 8832 8706 7288
frg2 143 | 139 2886 2760 2671
i3 132 6 396 396 330
i8 133 81 3825 3570 3662
il0 257 | 224 61977 | 56439 | 55766
k2 45 45 3735 3408 3018
too_large 38 3 954 858 857
vda 17 39 1431 1401 1088
Average of Ratios 1.00 0.90 0.86

of binary variables for HWB functions. The column labeled
“MDD” denotes the memory sizes of heterogeneous MDDs.
For n = 4 to 6, the memory sizes of minimum DDs obtained
by exact minimization algorithms are given. For n = 10 to 22,
the memory sizes of DDs obtained by heuristic minimization
algorithms are given, that is, they may not be an exact mini-
mum. The bottom row “Avg.” denotes the arithmetic average of
the relative memory sizes, where the memory size of ROBDD
is set to 1.00. Note that ROBDDs, FBDDs, and heterogeneous
MDDs in this table use complemented edges to make our results
compatible with the results in [10] and [11].

For these functions, on the average, FBDDs require 92%
of the memory size for ROBDDs while heterogeneous MDDs
require 71% of the memory size for ROBDDs.

Algorithm 3.1 could obtain exact minimum heterogeneous
MDDs for functions with up to 12 inputs within a reasonable
computation time while the exact FBDD minimization algo-
rithm [10] can find the minimum one for functions with up to
eight inputs.

Table IV compares heterogeneous MDDs with ROBDDs
and FBDDs for selected MCNC benchmark functions. The
ROBDDs are obtained by the best known variable orders [37],
and the numbers of nodes for FBDDs are taken from [10] and
[11]. Table IV includes the same benchmark functions as the
experiments in [10] and [11] except for alu2. Unfortunately,
the variable order of ROBDD for alu?2 is not shown in [37]. The
memory sizes of ROBDDs and FBDDs are calculated by (2.1)
in Section II-F. The columns “In”” and “Out” in Table IV denote
the number of inputs and outputs for each benchmark func-
tion, respectively. Column “MDD” denotes the heterogeneous
MDDs obtained by Algorithm 3.2, where the ROBDDs [37]
are used as initial solutions. The DDs in this table may not be
the exact minimum since the algorithms are heuristic methods.
The bottom row “Average of Ratios” denotes the arithmetic
average of the relative memory sizes, where the memory size
of ROBDD is set to 1.00. Note that ROBDDs, FBDDs, and
heterogeneous MDDs in this table use complemented edges
to make our results compatible with the results in [10], [11],
and [37].
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Heterogeneous MDDs require smaller memory sizes than
FBDDs for 14 out of 21 benchmark functions in Table IV. Es-
pecially, for C499, dalu, and vda, heterogeneous MDDs require
at most 80% of the memory sizes for the FBDDs.

B. Comparison With ROBDDs

Table V compares the memory sizes and the APLs of
ROBDDs and heterogeneous MDDs for n-variable logic func-
tions. The ROBDDs and heterogeneous MDDs were optimized
using four different algorithms: 1) exact nodes minimization
algorithm for an ROBDD considering only the orderings (col-
umn “MinNodes”); 2) exact APL minimization algorithm for
an ROBDD considering only the orderings of binary variables
(column “MinAPLpg”); 3) exact memory size minimization
algorithm for a heterogeneous MDD (Algorithm 3.1) consid-
ering both orderings and partitions of binary variables (column
“MinMem”); and 4) exact APL minimization algorithm for a
heterogeneous MDD (Algorithm 3.3) considering both order-
ings and partitions of binary variables (column “MinAPL,;”).
The memory size limitations L for Algorithm 3.3 were set to the
memory sizes of the ROBDDs in “MinNodes.” The values in
this table are the normalized averages of n-variable logic func-
tions, where the memory sizes and APLs of “MinNodes” are set
to 1.00. Columns “MinAPLg,” “MinMem,” and “MinAPL,;”
show the relative values of the memory sizes and APLs to
“MinNodes.” Column “#samples” denotes the number of sam-
ple functions used for each n-variable function. Note that the
ROBDDs and heterogeneous MDDs in this table do not use
complemented edges.

For four- and five-variable logic functions, we calculated the
exact averages over all functions. This was done by recognizing
that the minimum memory size and the APL for a function
in one NPN equivalence class [24], [35] are identical to the
minimum memory sizes and APLs for other functions in the
same class. Thus, it is sufficient to consider only one function
from each class and form a sum weighted by the size of each
class. For a larger n, there are too many NPN equivalence
classes. For 6 < n < 10, we generated 1000 pseudorandom
n-variable logic functions with different number of minterms
and calculated the normalized averages for them.

For ROBDDs, APLs can be reduced by up to 97% of
ROBDDs with the minimum nodes but the memory sizes
increase to 108%. On the other hand, for heterogeneous MDDs,
the APLs can be reduced by up to 17% of ROBDDs with the
minimum nodes without increasing memory sizes, and both the
memory sizes and APLs can be reduced by up to 54% and 26%
of minimum ROBDDs, respectively. Table V shows that the
relative values of memory sizes and APLs for heterogeneous
MDDs decrease as the number of binary variables n increases.
Algorithm 3.3 finds exact minimum APLs of heterogeneous
MDDs for functions with up to 11 variables within a reasonable
computation time.

To demonstrate Theorem 2.4, Corollary 2.1, and Theo-
rem 2.5, we randomly generated n-variable functions with
27! minterms for n =22 to 29. For randomly generated
n-variable functions with 2”1 minterms, the number of nodes
in ROBDD is nearly equal to the upper bound [25], [34].



NAGAYAMA AND SASAO: ON THE OPTIMIZATION OF HETEROGENEOUS MDDs

1653

TABLE V
MEMORY SIZES AND APLS OF ROBDDS AND HETEROGENEOUS MDDS FOR n-VARIABLE LOGIC FUNCTIONS
Memory Size APL
ROBDD Heterogeneous MDD ROBDD Heterogeneous MDD
n MinNodes | MinAPLg | MinMem | MinAPLy, MinNodes | MinAPLg | MinMem | MinAPLy, #samples
4 1.00 1.07 0.72 0.86 1.00 0.99 0.52 0.37 2}6
5 1.00 1.07 0.67 0.91 1.00 0.98 0.39 0.27 232
6 1.00 1.08 0.68 0.80 1.00 0.97 0.45 0.32 1000
7 1.00 1.08 0.64 0.79 1.00 0.97 0.40 0.27 1000
8 1.00 1.08 0.58 0.81 1.00 0.97 0.33 0.22 1000
9 1.00 1.07 0.55 0.83 1.00 0.98 0.29 0.19 1000
10 1.00 1.06 0.54 0.84 1.00 0.98 0.26 0.17 1000
TABLE VI
MEMORY SI1ZES AND APLS OF ROBDDS AND HETEROGENEOUS MDDS FOR RANDOMLY GENERATED FUNCTIONS
n|r Memory Size APL
ROBDD Heterogeneous MDD BDD / Y ROBDD | Heterogeneous MDD
MinMem MinAPL MDD MinMem | MinAPL
22 | 4 979053 455261 526575 047 | 047 21.18 418 1.99
23 | 4 1769307 720825 1050863 041 | 041 22.18 4.18 1.99
24 | 4 3342030 1245179 | 2099439 0.37 | 0.37 23.18 4.18 1.99
25 | 4 6487176 | 2293755 4196591 0.35 | 0.35 24.18 4.18 1.99
26 | 4 12777186 | 4390907 | 8390895 0.34 | 0.34 25.18 4.18 1.99
27 | 4 25353708 8585211 | 16779503 0.34 | 0.34 26.18 4.18 1.99
28 | 4 50499738 | 16973819 | 33556719 0.34 | 0.34 27.18 4.18 1.99
29 | 4 || 100757271 | 33751035 | 67111151 0.33 | 0.33 28.18 4.18 1.99
TABLE VII
MEMORY SIZES AND APLS OF ROBDDS AND HETEROGENEOUS MDDs FOR MCNC BENCHMARK FUNCTIONS
Memory Size APL
ROBDD Heterogeneous MDD ROBDD Heterogeneous MDD
Name In | Out MinNodes | MinAPLg | MinMem | MinAPLy, MinNodes | MinAPLg | MinMem | MinAPLy,
C432 36 7 3189 3243 2824 3179 86.58 86.24 55.74 45.45
C499 41 32 77595 96315 59739 77589 813.64 641.16 381.14 192.52
C880 60 26 12156 54810 11812 12154 135.79 121.03 125.73 99.13
C1908 33 25 16575 56328 13493 16564 254.35 183.61 145.81 92.09
C2670 233 64 5319 8286 4649 5319 214.05 202.08 167.90 133.78
C3540 50 22 71481 74292 65029 71480 209.15 208.06 141.10 91.78
C5315 178 | 123 5154 5460 4582 5153 462.05 446.26 373.23 304.38
C7552 207 | 107 6633 6585 6119 6633 484.03 469.54 424.85 314.03
alud 14 8 1047 1080 855 1019 40.81 40.70 24.41 19.59
apex1 45 45 3735 4254 3016 3728 180.59 177.69 87.35 67.63
apex6 135 99 1491 1887 1414 1490 291.54 230.91 260.66 231.06
cps 24 | 102 2910 4656 2533 2906 290.25 235.39 187.90 151.81
dalu 75 16 2064 2970 1548 2064 102.67 78.81 39.40 28.09
des 256 | 245 8832 9177 7288 8831 1210.00 1080.38 910.63 687.50
frg2 143 | 139 2886 5070 2671 2884 624.69 322.17 499.27 348.60
i3 132 6 396 396 330 396 26.76 26.76 17.84 12.61
i8 133 81 3825 6954 3662 3825 302.54 270.82 229.12 207.54
i10 257 | 224 61977 685215 55766 61974 1084.96 776.10 887.62 614.53
k2 45 45 3735 4254 3018 3728 180.52 177.69 87.32 67.61
too_large 38 3 954 2361 857 954 13.16 11.52 8.47 6.24
vda 17 39 1431 1515 1088 1424 176.34 171.54 81.72 69.54
Average of Ratios 1.00 2.03 0.86 1.00 1.00 0.88 0.67 0.51

Table VI shows the memory sizes and APLs of ROBDDs
and heterogeneous MDDs. The column labeled “r” shows the
largest integer satisfying n — r > 2". The column “MinMem”
denotes the heterogeneous MDDs obtained by Algorithm 3.2.
The column “MinAPL” denotes the heterogeneous MDDs ob-
tained by Algorithm 3.4. The memory size limitations L for
Algorithm 3.4 are set to the memory sizes of the ROBDDs.
Column “BDD/MDD” shows the values given by

Mem(heterogeneous MDD in “MinMem”)
Mem(ROBDD) ‘

The column “v” denotes the ratio used in Theorem 2.4, i.e.,

2°4+3

ik

where s = 2" 4+ r — n. Note that the ROBDDs and heteroge-
neous MDDs in this table do not use complemented edges.
The memory sizes and APLs in this table may not be an exact
minimum since the algorithms are heuristic methods.

Table VI shows that for these randomly generated functions
with 2"~ minterms, Theorem 2.4, Corollary 2.1, and Theo-
rem 2.5 hold; that is, BDD/MDD approaches 0.33 when n is
large, “MinAPL” is smaller than 2.0, and Mem(heterogeneous
MDD) < Mem(ROBDD).

Table VII compares memory sizes and APLs of ROBDDs
and heterogeneous MDDs for the same MCNC benchmark
functions as Table IV. Columns labeled ‘“MinNodes” denote
the ROBDDs obtained by the best known variable orders [37].
These were used as the initial ROBDDs for the algorithms in
this experiment. Columns “MinAPLg” denote the ROBDDs
obtained by the sifting algorithm for the APLs [28]. Columns
“MinMem” denote the heterogeneous MDDs obtained by
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TABLE VIII
CPU TIMES (SECOND) FOR MEMORY SIZE
AND APL MINIMIZATION ALGORITHMS

ROBDD Heterogeneous MDD
Name MinAPLg | MinMem | MinAPLy,
C432 0.23 0.23 1.04
C499 10.76 5.12 698.31
C880 4.54 1.23 22.09
C1908 1.44 0.67 27.38
C2670 221 1.99 1957.51
C3540 12.74 36.96 52345
C5315 0.43 1.31 3663.57
C7552 1.35 4.76 2258.88
alud 0.02 0.02 0.05
apex|1 0.11 0.29 36.07
apexo 0.05 0.33 79.47
cps 0.09 0.12 0.80
dalu 0.15 025 132.41
des 091 3.59 60144
frg2 0.29 0.89 218.46
i3 0.01 0.23 95.69
i8 0.31 0.59 30.15
il0 160.91 69.27 71464
k2 0.11 0.29 33.99
too_large 0.07 0.07 0.31
vda 0.02 0.01 0.15

Algorithm 3.2. And columns “MinAPL);” denote the hetero-
geneous MDDs obtained by Algorithm 3.4. The memory size
limitations L for Algorithm 3.4 were set to the memory sizes of
the ROBDD in “MinNodes.” In the sifting algorithm [28] and
Algorithm 3.4, the number of rounds of sifting was set to two.
Note that the ROBDDs and heterogeneous MDDs in this table
use complemented edges. The memory sizes and APLs in this
table may not be an exact minimum since the algorithms are
heuristic methods. The row labeled “Average of Ratios” repre-
sents the normalized averages of memory size and APL, where
the memory size and the APL of “MinNodes” are set to 1.00.

The sifting algorithm [28] reduced APLs to 88% of
“MinNodes,” on average, but doubled the memory sizes. Espe-
cially, for C880, C1908, 110, and too_large, the sifting algo-
rithm increased the memory sizes significantly. On the other
hand, by considering both orderings and partitions of binary
variables, Algorithm 3.2 reduced both memory sizes and APLs
to 86% and 67% of “MinNodes,” respectively. Algorithm 3.4
reduced APLs to 51% of “MinNodes” without increasing the
memory size.

C. Comparison of Computation Time for Algorithms

Table VIII compares the computation times for the sifting
algorithm for the APLs [28], Algorithm 3.2, and Algorithm
3.4. The values in Table VIII show the CPU times needed to
obtain the ROBDDs and heterogeneous MDDs in Table VII, in
seconds.

Although Algorithm 3.2 considers both orderings and par-
titions of binary variables for memory size minimization, its
computation time is as short as that of the sifting algorithm
that considers only variable orderings for APL minimization.
Algorithm 3.4 requires longer computation times than the other
two algorithms since Algorithm 3.4 keeps the memory size
within the limitation as well as minimizes the APL.

D. Comparison With MDD (k)s

Similarly, MDDs with

MDD (k)s.

we compared heterogeneous
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Tables IX and X compare the memory sizes and APLs
of ROBDDs, heterogeneous MDDs, and MDD(k)s for n-
variable logic functions, respectively. In these tables, MDD (k)s
have the exact fewest nodes. The values in these tables are
the normalized averages of n-variable logic functions, where
the memory sizes and APLs of ROBDD with the fewest
nodes (column “ROBDD”) are set to 1.00. Columns “Min-
Mem,” “MinAPLy,,” “MDD(2)s,” “MDD(3),” “MDD(4),”
and “MDD(5)” show the relative values of the memory sizes
and APLs to “ROBDD.”

From Tables IX and X, it can be seen that: for n-variable
logic functions, heterogeneous MDDs obtained by Algorithm
3.3 have the APLs as small as MDD(5)s. The memory sizes
of MDD(5)s are twice the memory sizes of ROBDDs. On the
other hand, heterogeneous MDDs have smaller memory sizes
than ROBDDs.

Tables XI and XII compare the memory sizes and APLs of
ROBDDs, heterogeneous MDDs, and MDD(k)s for MCNC
benchmark functions, respectively. MDD(k)s in these ta-
bles are obtained by the minimization algorithm in [33].
ROBDDs and heterogeneous MDDs are the same as those
in Table VII.

Tables XI and XII show that in heterogeneous MDDs, APLs
can be reduced to half of the ROBDDs without increasing
memory sizes. On the other hand, in MDD(k)s, to reduce
the APLs to half of the ROBDDs, we need to increase the
memory sizes to 488% of the ROBDDs. The APLs of het-
erogeneous MDDs obtained by the memory size minimiza-
tion algorithm (Algorithm 3.2) are as small as the APLs of
MDD(3)s.

Finally, Table XIII compares the area—time complexities [4],
[6], [39] of ROBDDs, heterogeneous MDDs, and MDD (k)s
for MCNC benchmark functions. The area—time complexity is
the measure of computational cost considering both area and
time. It is defined as

AT = area X time.

In this section, the area A corresponds to the memory size and
the time 7" corresponds to APL.

Table XIII shows that for these benchmark functions,
area—time complexities of heterogeneous MDDs are half of the
ROBDDs and are much smaller than MDD (k)s.

V. CONCLUSION AND COMMENTS

This paper proposed minimization algorithms for the mem-
ory size and average path length (APL) of heterogeneous multi-
valued decision diagrams (MDDs) that consider both orderings
and partitions of binary variables. The experimental results
show that: 1) heterogeneous MDDs represent logic functions
more compactly than reduced ordered binary decision diagrams
(ROBDD s) and free BDDs. Especially, for all five-variable
logic functions, the minimum heterogeneous MDDs require
67% of the memory sizes for the minimum ROBDDs, on
average. Algorithm 3.1 can find exact minimum heterogeneous
MDDs for functions with up to 12 inputs in a reasonable
computation time, and Algorithm 3.2 can reduce the memory
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TABLE IX
MEMORY SI1ZES OF ROBDDs, HETEROGENEOUS MDDs, AND MDD (k)s FOR n-VARIABLE LOGIC FUNCTIONS
n ROBDD Heterogeneous MDD MDD(2) | MDD(3) | MDD(4) | MDD(5) || #samples
MinMem | MinAPLy,
4 1.00 0.72 0.86 0.96 1.22 0.94 1.83 216
5 1.00 0.67 091 0.93 1.24 1.47 0.99 232
6 1.00 0.68 0.80 0.92 1.10 1.50 2.02 1000
7 1.00 0.64 0.79 0.90 0.98 1.45 1.87 1000
8 1.00 0.58 0.81 0.85 0.98 1.49 1.79 1000
9 1.00 0.55 0.83 0.83 1.24 1.07 1.87 1000
10 1.00 0.54 0.84 0.81 0.82 0.96 2.01 1000
TABLE X
APLS OoF ROBDDS, HETEROGENEOUS MDDs, AND MDD (k)s FOR n-VARIABLE LOGIC FUNCTIONS
n ROBDD Heterogeneous MDD MDD(2) | MDD(3) | MDD(4) | MDD(5) #samples
MinMem | MinAPLy,
4 1.00 0.52 0.37 0.59 0.47 0.34 0.34 216
5 1.00 0.39 0.27 0.60 0.47 0.36 0.25 232
6 1.00 0.45 0.32 0.59 0.43 0.43 0.33 1000
7 1.00 0.40 0.27 0.58 0.42 0.36 0.36 1000
8 1.00 0.33 0.22 0.55 0.41 0.30 0.31 1000
9 1.00 0.29 0.19 0.59 0.38 0.32 0.26 1000
10 1.00 0.26 0.17 0.53 0.43 0.31 0.23 1000
TABLE XI
MEMORY SIZES OF ROBDDS, HETEROGENEOUS MDDS, AND MDD (k)s FOR MCNC BENCHMARK FUNCTIONS
Name In | Out ROBDD Heterogeneous MDD MDD(2) | MDD(3) | MDD(4) | MDD(5)
MinMem | MinAPLy,
C432 36 7 3189 2824 3179 3075 4833 5508 12441
C499 41 32 77595 59739 77589 62660 76248 100810 174 669
C880 60 26 12156 11812 12154 15610 21933 32742 53526
C1908 33 25 16575 13493 16 564 16415 18720 30039 36135
C2670 233 64 5319 4649 5319 7600 12483 19584 36102
C3540 50 22 71481 65029 71480 84315 127809 194 650 307197
C5315 178 | 123 5154 4582 5153 6725 9981 17000 30789
C7552 207 | 107 6633 6119 6633 8615 13338 21301 36828
alu4 14 8 1047 855 1019 1290 1431 2295 3927
apex1 45 45 3735 3016 3728 4575 6138 8840 15411
apex6 135 99 1491 1414 1490 2190 3924 7123 12210
cps 24 | 102 2910 2533 2906 3000 4482 7786 11748
dalu 75 16 2064 1548 2064 2610 3690 6749 10263
des 256 | 245 8832 7288 8831 9630 16299 21488 41712
frg2 143 | 139 2886 2671 2884 4395 7191 12818 21879
i3 132 6 396 330 396 340 603 646 1452
i8 133 81 3825 3662 3825 6035 9855 17884 33924
il0 257 | 224 61977 55766 61974 85535 124 065 234260 380655
k2 45 45 3735 3018 3728 4570 6165 8823 15345
too_large 38 3 954 857 954 1090 1521 2465 3696
vda 17 39 1431 1088 1424 1375 2286 2788 4290
Average of Ratios 1.00 0.86 1.00 1.20 1.80 2.84 4.88
TABLE XII
APLSs oF ROBDDS, HETEROGENEOUS MDDs, AND MDD (k)s FOR MCNC BENCHMARK FUNCTIONS
Name In | Out ROBDD Heterogeneous MDD MDD(2) | MDD(3) | MDD(4) | MDD(5)
MinMem | MinAPLy,
C432 36 7 86.58 55.74 4545 59.84 48.58 40.92 35.52
C499 41 32 813.64 381.14 192.52 422.28 282.65 225.88 189.23
C880 60 26 135.79 125.73 99.13 115.52 104.51 95.67 86.27
C1908 33 25 254.35 145.81 92.09 168.38 118.34 103.37 86.56
C2670 233 64 214.05 167.90 133.78 189.35 179.05 154.69 152.89
C3540 50 22 209.15 141.10 91.78 160.52 132.50 109.62 93.03
C5315 178 | 123 462.05 373.23 304.38 400.05 378.00 342.61 339.44
C7552 207 | 107 484.03 424.85 314.03 418.23 380.40 336.50 309.67
alud 14 8 40.81 2441 19.59 31.57 21.66 19.85 15.58
apex| 45 45 180.59 87.35 67.63 154.81 124.86 94.26 95.72
apex6 135 99 291.54 260.66 231.06 268.39 271.51 263.92 247.19
cps 24 | 102 290.25 187.90 151.81 203.95 211.43 192.44 149.73
dalu 75 16 102.67 39.40 28.09 70.55 51.92 51.58 41.09
des 256 | 245 1210.00 910.63 687.50 931.14 838.53 749.61 729.31
frg2 143 | 139 624.69 499.27 348.60 584.58 531.48 512.31 501.66
i3 132 6 26.76 17.84 12.61 18.84 15.03 13.10 11.97
i8 133 81 302.54 229.12 207.54 292.75 248.84 24343 238.52
il0 257 | 224 1084.96 887.62 614.53 950.62 821.89 903.42 788.22
k2 45 45 180.52 87.32 67.61 155.30 125.76 95.23 96.78
too_large 38 3 13.16 8.47 6.24 9.00 7.47 6.39 5.62
vda 17 39 176.34 81.72 69.54 111.91 110.19 76.03 74.33
Average of Ratios 1.00 0.67 0.51 0.78 0.68 0.60 0.55
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TABLE XIII
AREA-TIME COMPLEXITIES OF ROBDDS, HETEROGENEOUS MDDS, AND MDD(k)S FOR MCNC BENCHMARK FUNCTIONS
Name In | Out ROBDD Heterogeneous MDD MDD(2) MDD(3) MDD(4) MDD(5)
MinMem | MinAPLy,
C432 36 7 276118 157399 144476 184002 234806 225380 441951
C499 41 32 | 63134444 22768960 | 14937095 | 26460143 | 21551378 | 22771246 33053379
C880 60 26 1650677 | 1485138 1204830 | 1803197 2292213 3132374 4617949
C1908 33 25 4215784 | 1967478 1525388 | 2764020 2215349 3105084 3127715
C2670 233 64 1138518 780551 711573 1439035 2235054 3029509 5519726
C3540 50 22 || 14950022 | 9175809 6560680 | 13534607 | 16934893 | 21338299 28577026
C5315 178 | 123 2381424 | 1710121 1568471 | 2690305 3772817 5824415 10451014
C7552 207 | 107 3210593 | 2599668 2082937 | 3603038 5073795 7167682 11404484
alu4 14 8 42730 20867 19967 40725 30992 45567 61168
apex| 45 45 674496 263461 252108 708266 766385 833270 1475135
apex6 135 99 434681 368575 344280 587764 1065407 1879894 3018209
cps 24 | 102 844 642 475959 441173 611840 947620 1498369 1758999
dalu 75 16 211905 60990 57976 184138 191568 348115 421705
des 256 | 245 || 10686720 | 6636635 6071313 | 8966884 | 13667221 16 107 606 30421083
frg2 143 | 139 1802850 | 1333541 1005363 | 2569241 3821905 6566790 10975884
i3 132 6 10597 5887 4994 6405 9062 8465 17384
i8 133 81 1157231 839045 793 848 1766 746 2452355 4353531 8091520
il0 257 | 224 || 67242627 | 49499023 | 38084982 | 81311523 | 101968393 | 211634736 | 300040993
k2 45 45 674228 263525 252046 709723 775331 840241 1485118
too_large 38 3 12556 7258 5957 9805 11362 15745 20762
vda 17 39 252 348 88910 99025 153 883 251900 211979 318856
Average of Ratios 1.00 0.59 0.51 0.96 1.27 1.85 2.96

size of heterogeneous MDDs as fast as the sifting algorithm
[28]; 2) in heterogeneous MDDs, APLs can be reduced by half
of the corresponding ROBDDs, on average, without increasing
the memory size. And both memory sizes and APLs can be
reduced to 86% and 67% of ROBDDs, respectively. Algorithm
3.3, considering both partitions and orderings of binary vari-
ables, finds heterogeneous MDDs with the minimum APLs for
functions with up to 11 variables within a reasonable time, and
3) in MDD(k)s, to reduce the APLs to half of the ROBDDs,
we need to increase the memory sizes to 488% of the ROBDDs.
Area—time complexities of heterogeneous MDDs are half of the
ROBDDs and are much smaller than MDD (k)s.

APPENDIX

The following lemma is used in the proof of Theorem 2.1.
Lemma A.1 [18]: The number of different distributions of n
objects into r distinct cells is calculated by the formula

a(n,r) = Z +Ci(r — )" (=1)"
=0

where each cell has at least one object and the order of objects
within a cell is not important.

Theorem 2.1: Let Nyonsix(n) be the number of different
nonfixed-order partitions of X = (1,23, ...,2,). Then

n

Nnonﬁx(n) = Za(n,r) = Z Zrci(r - Z)n(il)l

r=1 r=1 =0

Proof: From Lemma A.l1, the number of different
nonfixed-order partitions of n binary variables into 7 super
variables is calculated by

a(n,r) = ZrCi(r — )" (=1)"
i=0

Since Nyonfix(n) is the summation of a(n,r) for r =
1,2,...,n, we have the theorem. |

Theorem 2.3: Consider an ROBDD and a heterogeneous
MDD for an n-variable logic function that is not a constant
function. When an order of binary variables is fixed, for the
memory sizes of ROBDD and heterogeneous MDD obtained
by considering only the fixed-order partitions, the following
relation holds:

Mem (heterogeneous MDD) S

1
Mem(ROBDD) 3
Proof: From Theorem 2.2, we have

3 Mem(heterogeneous MDD) > 3 nodes(ROBDD) + 6
=Mem(ROBDD) + 6.

Therefore, we have

2

Mem (heterogeneous MDD) 1 n
3 Mem(ROBDD)

Mem(ROBDD)

> >1
= 3

Theorem 2.4: Assume that the number of nodes in an
ROBDD for an n-variable function f is the upper bound [17]

27’!—7" + 22"' _ 3

where r is the largest integer satisfying n —r > 2". Let
Mem,y,i, (MDD) be the memory size of the minimum hetero-
geneous MDD for f. Let s = 2" +r —n, where 0 < s < 27.
When n is large and 2 < s < 27, the following relation holds:

Memyi(MDD) 2% 43
Mem(ROBDD) ~ 3 (25 4+ 1)

Proof: From (2.1) in Section II-F, we have
Mem(ROBDD) =3 (2" + 2% —3).

The memory size of the minimum heterogeneous MDD for f is
given by

Metmyin (MDD) = 27" + 322 5
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where ' is the largest integer satisfying n —r' > 2" +
log, 3 [27].
When 2 < s < 27, the following relation holds:

n—r=2"+s
2" =2° x 2%
ro=r
Then, when n is large, we have

Mem(ROBDD) =3 (2% x 2% 422" — 3)
=3(2°+1)2* —9
~3(2° +1)2%
Menn i (MDD) =2° x 22 +3 x 2 —5
=(2°+3)27 -5
~(2° +3)2%.
Therefore, we have the theorem. -

Corollary 2.1: In Theorem 2.4, when n is sufficiently large
and s = 0or9 < s < 27, the following relation holds:

Memyy,in (MDD)

Mem(ROBDD) ~ 33

Proof:
1) Whens=0(@G.e,n—r=2"),2""=2% and v’ =r —
1 hold. Then, we have

Mem(ROBDD) =3 x (2% + 22" —3)
=6x2% -9
Metin (MDD) = 2" +3 x 227 — 5
—2x 2" 43 (22)2 =5
=2x2%" +3 (2?)% — 5.
Let b = (22")%/2, then
Mem(ROBDD) = 6b? — 9 ~ 6b*
Memyin, (MDD) = 2% + 3b — 5 ~ b(2b + 3).
Therefore, when n is large, the following relation holds:

M in(MDD 2
emmln( ) ~ b( b+ 3) — 1 + i ~ (0.33.
Mem(ROBDD)

6b2 3 2
2) From Theorem 2.4, when 9 < s < 2", the corollary

holds. |

The following lemma is used for proof of Theorem 2.5.
Lemma A.2: Let r and 7’ be the largest integers satisfying

n—r>2"
n—r >2" 44/
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where n is a nonzero positive integer. Then, for r and 1/, the
following relation holds:

r—1<¢ <r.

Proof: Fromn —r > 2", we have
n=2"+r+a

where a is an integer satisfying 0 < a < 2",
Let 7' = r + b, where b is an integer. Then, from n —r’ >
2" 4+ ¢/ we have

n>2" +2r =270 £ 9(r 4+ b)
2" 4 r+a>2" 4 2(r +b)

(1-2%2" —7—2b4a >0. (A1)

1) When b > 0, (A.1) does not hold.

2) When b =0, (A.1) holds for r < a < 2".

3) When b < 0, (A.1) holds for 0 < a < 2".
Since 7/ is the largest integer satisfying n — ' > 2" + ¢/, b
must be the largest integer satisfying (A.1). Therefore, we have
the following relation:

' =r (ie,b=0),
r=r—1(e.,b=-1),

whenr <a <27
when 0 <a <r

[ |
Theorem 2.5: When the number of nodes in an ROBDD for
an n-variable function f is the upper bound [17]

gn-—r + 227' -3

where r is the largest integer satisfying n — r > 27, there exists
a heterogeneous MDD for f that satisfies

APL(heterogeneous MDD) < 2.0

Mem (heterogeneous MDD) < Mem(ROBDD).

Proof: When a heterogeneous MDD is represented by
two super variables: X7 = (z1,22,...,Zp—) and Xy =

(xnfr’+17 Tpn—r'42y - 7$n)

APL(heterogeneous MDD) < 2.0

where for simplicity, we assume that the variable order is
(z1,22,...,2,). In this case, the memory size of the hetero-
geneous MDD is given by

9’ L1 4+ (27” n 1) (22” _ 2)
where 1’ is the largest integer satisfying n — 1’ > 2" + /.
From here, we will prove that this memory size is smaller than

or equal to that of ROBDD

27 14 (274 1) (22 - 2) <3(27T 427 - 3).
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By Lemma A.2, we have to only consider two cases: 1’ = r
andr’ =r — 1.
1) When r’ = r, we have

Mem(ROBDD) = 3 (2" " 422" — 3)
Mem (heterogeneous MDD)
=2"" 41+ (2" +1) (2% —2)
Mem(ROBDD) — Mem (heterogeneous MDD)
=2(2""+2% +27) — 22" 8.
Fromn —r > 2" + r, we have
2(27 422 427) =22 g
>2(2" " +2 +27) 2" -8
=2"""+2(2° +27) 8.
Sincen > 1 and r > 0, we have
2T 422 +27) -8 >0.
2) Whenr’' = r — 1, we have
Mem(ROBDD) = 3 (2’”’*1 o 3)
Mem (heterogeneous MDD)
=2 14 (27 41) (22 -2)
Mem(ROBDD) — Mem (heterogeneous MDD)

—gnr oy g 92"t (2” n 1) 92" L or'tl_ g,

Fromn —7>2"andr =7/ +1, we haven — 7' — 1 >
2"'+1 Then

21’7,77”/71 + 3 X 22r,+1 _ (27”/ + 1) 22T/ + 2’!‘/+1 _ 8
Z 22,r,/+1 T 3 % 22,,,/+1 _ (27‘/ + 1) 22,,'/ n 27"/+1 _8

_ 92 (4 x 22 o _ 1) Lot g

Since ' > 0 and (4 X 92" _or' _ 1) > 6, we have
92" (4 %9 _or _ 1) Lot g > 6.

Therefore, the theorem holds. |
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