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Abstract— This paper proposesa method to generate pro-
gram codefor embeddedsystemsusingMulti-valued DecisionDi-
agrams (MDDs) that are called heterogeneousMDDs. The het-
erogeneousMDDs representlogic functions more compactly, and
have shorter averagepath length than other DecisionDiagrams
(DDs). The codegeneratedusing heterogeneousMDDs can eval-
uate logic functions faster using a small amount of memory. Our
experimentalresultsshowthat somefunctionsaresuitablefor this
method, while others are suitable for Levelized Compiled Code
(LCC) method. We also intr oducea new measure of logic func-
tions, the LN-ratio to determine which of the two methodsis bet-
ter.

I INTRODUCTION

Embeddedsystemsarewidely usedin vehiclecontrol,con-
sumerelectronics,PersonalDigital Assistance(PDA), cellu-
lar phone,and so on. Theseembeddedsystemsare usually
composedof MPUsandsoftwareprogramsto reducetime-to-
market. Thesesoftwareprogramshave the restrictionon the
amountof memoryto reducetheir cost,power consumption,
weight, andso on. Therefore,synthesisof efficient software
programswith limited codesizeis important.

Synthesisof softwareprogramsis theautomaticgeneration
of a programfrom a functionalspecificationsuchasa Finite
StateMachine(FSM). Softwaresynthesisusing Binary De-
cision Diagrams(BDDs) [2], FreeBDDs (FBDDs) [12], and
multi-valuedlogic network [27] have beenproposed.These
approachesgeneratecode using Decision Diagrams(DDs).
In this paper, we proposea methodto generateefficient pro-
gram codeusing heterogeneousMulti-valuedDecision Dia-
grams(MDDs).

Therestof thepaperis organizedasfollows. In SectionII,
we define heterogeneousMDDs and a methodto represent
multiple-outputfunctions.In SectionIII, weintroducetheaver-
agepathlengthtoestimatethecomputationtime. In SectionIV,
we proposea methodto generatethe optimalcodeusinghet-
erogeneousMDDs. And, in SectionV, we comparetheperfor-
manceof codegeneratedby threedifferentmethods.Also, we
introducea new measureof the logic function, the LN-ratio,
which showsa suitablecodegenerationmethod.

I I DEFINITIONS AND BASIC PROPERTIES OF MDDS

This sectiondefinesheterogeneousMDDs, and shows a
methodto representmultiple-outputfunctions.

A Representationof Logic Functions
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B HeterogeneousMDD

We assumethat readersare familiar with BDDs, Reduced
OrderedBDDs (ROBDDs) [6], MDDs, andReducedOrdered
MDDs (ROMDDs) [11].

Definition 1 When
	]
^�;� � � � � ��������� � � � is partitioned into�8	 � � 	 � ��������� 	 * �

, an ROMDD representinga logic function���8	��
is called a heterogeneousMDD . Specifically, when: � 
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froma heterogeneousMDD. A homogeneousMDD is denoted
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Fig. 1. BDD andMDD(
�
)

In an MDD(
:
), non-terminalnodeshave ��N edges.When:�
T�

, anMDD(
�
) is anROBDD. In a heterogeneousMDD,

non-terminalnodesrepresentinga supervariable
	g�

have �ONOP
edges,where

:[�
is thenumberof elementsin

	)�
.

Definition 2 In a decision diagram (DD), the number of
nodesin the DD, denotedby !RuOvxw�y ��z(z(�

, includesonly non-
terminalnodes.

Definition 3 Thewidth of a DD with respectto the super
variable

	 �
, denotedby { � vO| } ��z(z � �;� , is thenumberof nodes

in theDD correspondingto
	 �

.
The number of nodes in the MDD with the partition�8	 � � 	 � ��������� 	 * �

is givenby

!RuOv~w�y ���ez(z(��
 *� ��� � { � v�| } ���ez(z � ��� �
Example2 Considerthefunction:��
_� � � � � E@� � � � E � U � � E � U � � � � U � � � �O�
Fig. 1(a), Fig. 1(b), and Fig. 2 representthe ROBDD, the
MDD( � ), and the heterogeneousMDDs for the function, re-
spectively. In Fig. 1(a), the solid lines and the dotted lines
denote1-edgesand 0-edges,respectively. In Fig. 1(b), the
input variables

	 
 ��� � � � � � � E � ��U�� are partitioned into�8	 � � 	 � � , where
	 � 
��;� � � � � � and
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��;� E � ��U�� . In
Fig. 2(a),

	 � 
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^�;��UO�
. And, in Fig. 2(b),	 � 
��;� � � � 	 � 
c��� �O� � E � � U � .

(Endof Example)

C Representationsof Multiple-OutputFunctions

Logic networksusuallyhave many outputs. In mostcases,
independentrepresentationof eachoutputis inefficient. Let the
multiple-outputfunctionsbe � 
����O� � � � ��������� ���C� � � : H � FH �

, where
H 
 " � � K # , and ! and � denotethe numberof

input andoutputvariables,respectively. Severalmethodsexist
to representmultiple-outputfunctionsusingBDDs[15, 20, 21,
22]. In this paper, we useSharedBinary DecisionDiagrams
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Fig. 2. HeterogeneousMDDs

(SBDDs) [20] to representmultiple-outputfunctions. In the
following,aBDD meansaSharedROBDD (SROBDD) unless
statedotherwise.

I I I AVERAGE PATH LENGTH (APL)

Definition 4 A path in a DD is a sequenceof nodesfor some
assignmentof valuesto all variables. Thepath length is the
numberof non-terminalnodeson thepath.

Definition 5 In a DD, the node traversing probability , de-
notedby ®°¯ uO± ��z(z � ��� , is a fractionof all assignmentsof val-
uesto variableswhosepathincludes² � .

In anMDD, we assumethefollowing computationmodel:

1. DDs for logic functionsareevaluatedby traversingnodes
from therootnodeto a terminalnodeaccordingto values
of theinputvariables.

2. MDDs areimplementeddirectly, not simulatedusingthe
BDD packageasdescribedin [11].

3. Encoded input values are available, and their ac-
cess time is negligible. For example, when

	 � 
�;� ��� � �O� � E � � U �C
T�,� � K � K � ��� , 	 � 
=³
is availableasan

input to thealgorithm.

4. Mostcomputationtime is spentfor accessingnodes.

5. Theaccesstime to all MDD nodesis equal.

In this case,the time to evaluatea DD for a logic function is
proportionalto thenumberof non-terminalnodeson thepath
(i.e.,pathlength).And also,we assumethateachbinaryvari-
able occursas a K with the sameprobability as a

�
. Under

theseassumptions,we usetheaveragepath length (APL) to
estimatetheevaluationtimeof differenttypesof DDs.

In this paper, we usea SharedDecisionDiagram(SDD) to
representmultiple-outputfunctions � 
\�;�O� � � � ��������� ���i� � � .
TheAPL of anSDDis thesumof theAPLsof individualDDs
for eachfunction

� �
[23].



Theorem 1 [23] TheAPL of a DD is givenby thesumof the
nodetraversingprobabilitiesof all thenon-terminalnodes.

Theorem 2 For a BDD anda heterogeneousMDD that repre-
sentthesamelogic functions,thefollowing relationholds:�

APL of a heterogeneousMDD
�J´e�

APL of a BDD
� �

(Proof) The numberof non-terminalnodeson the pathnever
increasesby groupingof variablesin

	
. Therefore,we have

thetheorem. (Q.E.D)

IV CODE GENERATION

Two methodsexist to generatethecodefrom heterogeneous
MDD.

A CompiledCodeMethod

In the compiledcodemethod,a branching program [1]
is generateddirectly from a DD by replacingeachnodewith
if and goto statements,or switch and goto statements.For
BDDs, this methodproducesan efficient code. However, for
MDDs, asshown in the following example,this methodmay
produceslow codebecausesomeC-compilersgenerateineffi-
cientcode.

Example3 Fig. 3(a) showsa nodein an MDD, andFig. 3(b)
showsthebranchingprogramimplementedwith a switch state-
ment.Somecompilersgeneratecodewhoseexecutiontimede-
pendson thevalueof

	 �
. When

	 � 
 K , only onecomparison
of

	 �
with K is needed.When

	 � 
_: Q �
,
: Q �

comparisons
of

	 �
with the valuesin each “case” statementare needed.

(Endof Example)

Also, in this method,differentlogic function resultsin differ-
entcode.

B DataTableMethod

In the datatablemethod,from a heterogeneousMDD, we
generatea data table such as Fig. 3(c). Also, we use the
traversingprogram thatevaluatesthedatatableasfollows:

1. Readanindex
�

in thedatatable.

2. Obtainthevalueof
	 �

.

3. (Addressin thedatatable) µ ((Addressin thedatatable)
+ (valueof

	 �
) + 1).

4. Readthedatafrom thegivenaddressin thetable.

In thismethod,thetraversingtimeof all theMDD nodesis the
same,andthecomputationtime of thecodesdependsonly on
theAPL of anMDD. For adifferentfunction,weneeddifferent
datatables,while thetraversingprogramsarethesame.

Thememorysizeneededfor thismethodis�
thecodesizeof thetraversingprogram

� ?�
thememorysizeneededfor thedatatable

� �

¶%·
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(a) A nodein anMDD

switch(
	 �

) "
case0 :

goto K -edgepointer;
case1 :

goto
�
-edgepointer;º�º�º

case
:
-
�

:
goto

:
-
�
-edgepointer;#

(b) Compiledcodemethod
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�

of
	g�

K -edgepointer�
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�
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(c) Datatablemethod

Fig. 3. Implementationof anodein anMDD

Thememorysizefor thedatatableis�
thebit width of a word

� B»8¼ *�8� �<½ � �ON P�? ��� B { � v�| } �
heterogeneousMDD � ���¨¾�¿ �

wherethesumin squarebracketsdenotesthenumberof words
to representa heterogeneousMDD.

C Optimizationof Codes

As mentionedin theprevioussection,theevaluationtimeof
thecodegeneratedfrom heterogeneousMDDs dependsonthe
APL of heterogeneousMDDs. Therefore,theminimizationof
theAPL alsominimizesthecomputationtimeof thecode.

Whentheorderof theinputvariables
	T
c��� � � � � ��������� � � �

is fixed, the APL for a heterogeneousMDD is determinedby
thepartitionof theinput variables

	
.

Example4 TheAPLsfor differentDDsareasfollows: For the
BDD in Fig. 1(a),

X � � �[À ; for the MDD( � ) in Fig. 1(b),
� �ÁZ[À ;

for the heterogeneousMDD in Fig. 2(a),
� � X Z[À ; and for the

heterogeneousMDD in Fig. 2(b), ��� K . (Endof Example)

Thepartitionof
	

thatminimizestheAPL is thetrivial par-
tition,

	]
a	 � , where
: � 
 ! . However, the memorysize

neededto representtheheterogeneousMDD for thetrivial par-
tition is

� � � ? ��� B { � v�| } �
heterogeneousMDD � ��� , andis too

large in mostcases.Therefore,we find a partition of
	

that
minimizestheAPL within thegivenmemorysize.We formu-
latetheminimizationproblemfor theAPL asfollows:

Problem1 Supposethat the variable order for the BDD is
fixed. Givena BDD for the logic function

�
and its memory

size Â , find a partition of
	

thatmakestheAPLof thehetero-
geneousMDD minimumwithin thememorysizeÂ .



In Algorithm 1, we show a pseudo-codeto solve Problem1.
This algorithm is basedon a branch-and-boundstrategy us-
ing a cachingtechniqueto reducethe computationtime. The
sub-solutionsarestoredin thecache,but only a subsetof sub-
solutionsis kept in it becausethe numberof sub-solutionsis
too largein many cases.In otherwords,this algorithmis sim-
ilar to the dynamicprograming,except for that the cacheis
overwritten.Notethatthememorysizeis measuredby theto-
tal numberof wordsto representtheheterogeneousMDD. For
simplicity, weassumethatthevariableorderis

� � � � � ��������� � � .
This algorithmusesthe index of thetop variablefor theBDD
andthememorysize Â asthearguments.

Algorithm 1 (Minimization of APL)

1: minimize APL (index Ã , mem size Ä ) Å
2: if ( Ã°ÆÈÇ )
3: return0 ;
4: checkthe cache;
5: if (cache.index == Ã && cache.mem== Ä ) Å
6: registerthe partition cache.k;
7: returncache.APL;
8: É
9: min APL = (APL for BDD) ;
10: for (k = ÇDÊËÃ~Ì$Í ; k Î 1; k ÊÏÊ ) Å
11: memory= ��t�Ð<Ì�Í� ÒÑ�ÓJÃ�Ô[Õ8Ö+� heterogeneousMDD �M×L  ;
12: next index Ã8Ø = Ã~Ì k ;
13: if (( Ä�Ê memory) Ù lower bound[ Ã Ø ])
14: continue;
15: currentAPL = 0 ;
16: for (all nodesÚ representing�iÛ )
17: currentAPL += Ü�Ý�Þ�ß�� heterogeneousMDD ��ÚO  ;
18: currentAPL += minimize APL ( Ã�Ø , Ä+Ê memory);
19: if (currentAPL Ù min APL) Å
20: registerthe partition k ;
21: min APL = currentAPL ;
22: É
23: É
24: store (overwrite) to the cache;
25: returnmin APL ;
26:É

Thisalgorithmproducesanoptimumsolutionby calculating
theAPLs for differentpartitionsof

	
. Thecalculationof the

APL usesTheorem1. To computethenodetraversingproba-
bility ®+¯ uO± � heterogeneousMDD � ² � of the 17th line, we used
the methodin [23]. The13th line useslower bounds on the
memorysize[18] to reducecomputationtime.

V EXPERIMENT AND OBSERVATION

Experimentsweredoneusingthefollowing environment:à CPU:Pentium4Xeon2.8GHz,à L1 Cache:32KB, L2 Cache:512KB,Memory:4GB,à OS:Redhat(Linux 7.3),à C-compiler:gcc-O2.

A ComputationTime to OptimizeCode

TableI shows the computationtime to optimizecode. Al-
gorithm1 obtainedheterogeneousMDDs from BDDswith the
memorysize Â neededto representtheBDDs, wherethesize
of the cacheto storethe sub-solutionsis 500,000. The col-
umn “I/O” denotesthe numbersof the inputsandoutputsof
the benchmarkcircuits; the column “BDD” denotesthe re-
sultsfor BDDs(i.e. withoutoptimizingcode);and,thecolumn
“MDD” denotestheresultsfor heterogeneousMDDs. Thecol-
umn“Size” denotesthenumberof wordsto representtheDD,
thecolumn“APL” denotestheAPL for theDD, andthecolumn
“Time” denotesthecomputationtime, in seconds,to obtainan
optimumheterogeneousMDD. In TableI, thebottomrow “Av-
erageof ratios” denotesthearithmeticaverageof ratiosof the
resultsfor eachDD, wheretheresultsfor BDD aresetto

� � K[K .
TableI shows that thecodecanbeoptimizedin shortcom-

putationtime. Algorithm 1 could obtain the optimum solu-
tionsfor logic functionswith upto 1,500inputsby usinglarger
cachein reasonabletime. However, the experimentalresults
for thosefunctionswere omitted from Table I becausesuch
functionsarerarelyusedin theembeddedsystem.

B EvaluationTimeandCodeSize

To show the performanceof codegeneratedby heteroge-
neousMDDs, we comparedthe codegeneratedby the data
table methodwith the codegeneratedby the following two
methods.

LCC: Codegeneratedby LevelizedCompiledCode(LCC)
method.Thecodeis composedof fragmentsof thecodetrans-
lated from modulesin the multi-level networks. And, the
fragmentsof codeareexecutedin the topologicalorderfrom
the inputs toward the outputs. LCC methodis often usedin
cycle-basedsimulation. We usedSIS [24] with the script
“script.algebraic”to simplify multi-level logic networks.

BDD: The code generatedfrom BDDs by the data table
method. We usedthe “sifting algorithm [19]” to reducethe
numberof nodesin BDDs.

Table II comparesevaluation time and code sizesfor the
codegeneratedby threedifferentmethods.Thecolumn“Eval-
uationtime” in TableII denotesthe averageevaluationtime,
in nanoseconds,for a singlerandominput vector. Thecolumn
“Codesize”denotestheobjectcodesize,in bytes,of programs
excluding codethat readsthe input vectorsand displaysthe
outputs. The codesizesof BDDs andheterogeneousMDDs
werecalculatedby: (thecodesizeof the traversingprogram)
+ (thememorysizeof the data table), wherethebit width of
the datatable is á Bytes. The columns“LCC”, “BDD”, and
“MDD” denoteresultsfor thecodegeneratedby LCC method,
BDDs, andheterogeneousMDDs, respectively. The column
“Literals” denotesthe numbersof literals in multi-level logic
networks;the column“Nodes” denotesthe numbersof non-
terminalnodesin BDDs; and,thecolumn“LN-ratio ” denotes



TABLE I
SIZE AND APL FOR BDDS AND HETEROGENEOUSMDDS

BDD MDD
Name I/O Size APL Size APL Time
5xp1 7 / 10 204 32.03 199 17.84 0.01
9sym 9 / 1 99 7.34 93 2.22 0.01
C499 41/32 83529 782.66 83498 201.72 0.38
adr8 16/9 195 43.02 191 18.05 0.01
adr9 18/10 222 49.01 206 21.02 0.01
alu4 14/8 1380 40.95 1369 15.50 0.01
apex1 45/45 3834 181.81 3824 130.99 0.01
apex2 39/3 177 10.90 177 6.23 0.01
apex3 54/50 2796 188.58 2794 92.31 0.01
apex4 9 / 19 2910 113.34 2392 27.27 0.01
b12 15/9 168 30.30 168 24.13 0.01
bw 5 / 28 324 96.56 287 49.13 0.01
clip 9 / 5 315 28.30 311 11.73 0.01
comp 32/3 420 12.00 414 3.56 0.01
con1 7 / 2 45 6.69 42 4.44 0.01
cordic 23/2 225 17.21 218 5.66 0.01
cps 24/109 2970 291.89 2964 165.32 0.01
duke2 22/29 1095 87.89 1091 53.47 0.01
ex1010 10/10 4236 86.71 2640 17.21 0.01
ex5 8 / 63 834 173.05 833 102.48 0.01
inc 7 / 9 210 28.53 201 12.94 0.01
misex1 8 / 7 108 24.59 108 24.34 0.01
misex2 25/18 243 41.62 243 38.94 0.01
misex3 14/14 1626 83.90 1621 28.48 0.01
my adder 33/17 429 94.00 425 36.51 0.01
pdc 16/40 1665 137.37 1655 77.57 0.01
rd53 5 / 3 69 13.00 57 4.75 0.01
rd73 7 / 3 129 19.31 129 5.63 0.01
rd84 8 / 4 177 24.15 173 8.85 0.01
sao2 10/4 255 15.35 253 7.46 0.01
seq 41/35 3744 100.02 3723 51.45 0.01
spla 16/46 1743 136.58 1713 83.86 0.01
squar5 5 / 8 111 21.56 105 14.56 0.01
t481 16/1 96 9.00 92 3.31 0.01
table3 14/14 2253 90.46 2128 23.30 0.01
table5 17/15 2007 86.09 1996 25.79 0.01
vg2 25/8 243 34.88 242 20.01 0.01
xor5 5 / 1 27 5.00 23 2.00 0.01

Averageof ratios 1.00 1.00 0.96 0.48 –

(the numberof literals) / (the numberof nodes). In TableII,
thebottomrow “Averageof ratios” denotesthearithmeticav-
erageof ratios for eachmethod,wherethe averagefor LCC
methodis setto

� � K[K . Notethattheseaverageswerecalculated
from thefunctions,exceptfor â0á ³[³ and âfã �[ä1ä . Wecouldnot
constructthe BDD and the heterogeneousMDD for âfã �[ä[ä
dueto thememorysizeoverflow. For many benchmarkfunc-
tions,heterogeneousMDDs generatedthefastestandthemost
compactcode.However, for somefunctions,theLCC method
generatedfasterandmorecompactcodethan heterogeneous
MDDs.

C Observation

For somefunctions,heterogeneousMDDs produceefficient
code,while for others,LCC methodsproduceefficient codes.

To find the logic functionsthat aresuitablefor the heteroge-
neousMDD codegenerationmethod,we introducedthe LN-
ratio , theratioof thenumberof literalsto thenumberof nodes.
TableII allows usto makethefollowing:

Observation1 Whenthe LN-ratio is greater than two, het-
erogeneousMDDsgeneratesmallercode,whilewhentheLN-
ratio is lessthan one, the LCC methodgeneratesa smaller
code.

Therefore,theLN-ratio canbeusedasa rule of thumbto find
asuitablecodegenerationmethod.

VI CONCLUSION AND COMMENTS

In this paper, we proposeda methodto generatecodefor
embeddedsystemsusingheterogeneousMDDs. Wepresented



TABLE II
COMPARISON OF EVALUATION TIME AND CODE SIZE

LN- Evaluationtime Codesize
Name I/O Literals Nodes ratio LCC BDD MDD LCC BDD MDD
5xp1 7 / 10 133 68 1.96 250 179 92 2668 1922 1894
9sym 9 / 1 254 33 7.70 597 36 22 4196 1488 1452
C499 41/32 558 27843 0.02 1793 8491 4757 7000 335398 335218
C6288 32/32 3630 – – 20399 – – 48848 – –
adr8 16/9 106 65 1.63 209 225 113 2244 1902 1866
adr9 18/10 120 74 1.62 247 250 136 2420 2016 1930
alu4 14/8 387 460 0.84 1029 240 94 6012 6636 6574
apex1 45/45 1272 1278 1.00 3715 1426 1126 18280 16588 16514
apex2 39/3 3874 59 65.66 12172 81 57 53376 1846 1822
apex3 54/50 1633 932 1.75 5183 1458 860 22828 12464 12432
apex4 9 / 19 2732 970 2.82 11895 716 207 34940 12768 10682
b12 15/9 99 56 1.77 202 207 171 2500 1792 1784
bw 5 / 28 212 108 1.96 335 613 276 3936 2434 2280
clip 9 / 5 529 105 5.04 1298 161 69 8024 2360 2334
comp 32/3 159 140 1.14 433 55 33 3016 2822 2760
con1 7 / 2 23 15 1.53 64 45 28 1216 1270 1254
cordic 23/2 2998 75 39.97 6987 86 28 40816 2022 1962
cps 24/109 1062 990 1.07 2887 2614 1787 16548 13218 13172
duke2 22/29 456 365 1.25 939 650 449 7032 5554 5524
ex1010 10/10 1624 1412 1.15 5521 575 129 21844 18056 11656
ex5 8 / 63 592 278 2.13 1472 1398 924 8932 4550 4540
inc 7 / 9 141 70 2.01 225 166 93 2876 1944 1900
misex1 8 / 7 67 36 1.86 126 130 134 1868 1534 1532
misex2 25/18 113 81 1.40 255 325 296 2932 2130 2118
misex3 14/14 3020 542 5.57 10051 483 237 41304 7632 7594
my adder 33/17 224 143 1.57 632 467 247 3692 2888 2828
pdc 16/40 393 555 0.71 969 1025 727 6752 7844 7792
rd53 5 / 3 65 23 2.83 96 56 32 1820 1364 1310
rd73 7 / 3 142 43 3.30 280 75 29 2636 1608 1598
rd84 8 / 4 181 59 3.07 345 112 46 3104 1804 1778
sao2 10/4 185 85 2.18 414 90 47 3472 2120 2102
seq 41/35 1652 1248 1.32 5008 687 448 23624 16200 16080
spla 16/46 1209 581 2.08 2992 1072 708 17104 8168 8032
squar5 5 / 8 76 37 2.05 119 120 85 2200 1542 1514
t481 16/1 46 32 1.44 97 48 25 1368 1490 1452
table3 14/14 970 751 1.29 2324 542 221 13352 10140 9620
table5 17/15 925 669 1.38 2330 536 239 12972 9164 9100
vg2 25/8 97 81 1.20 213 229 135 2516 2110 2082
xor5 5 / 1 16 9 1.78 36 25 19 1008 1192 1170

Averageof ratios 1.00 0.56 0.36 1.00 0.69 0.67

a minimizationalgorithmfor the APL, anda methodto gen-
erateefficient codefrom heterogeneousMDDs. Also, we in-
troducedthe LN-ratio, which shows a suitablecodegenera-
tion method.Our experimentalresultswith many benchmark
functionsshow that: 1) This methodgeneratesmoreefficient
codethanBDDs; 2) This methodgeneratesefficient codefor
the functionswhoseLN-ratios aregreaterthan two; 3) LCC
methodgeneratesefficient codefor the functionswhoseLN-
ratiosarelessthanone.

Note that the heterogeneousMDD generatessmaller and
fastercoderelatively easilyin a shortcomputationtime. The
codeto evaluatedatatablecanbeeasilyimplementedin dedi-
catedhardwarefor fasterevaluation.

Algorithm 1 canobtain optimumsolutionsfor logic func-
tionswith up to 1,500inputsin reasonabletime,assumingthe
fixed initial BDD variableorder. However, to obtaintheopti-
mumheterogeneousMDDs thatconsiderboththepartitionof

the input variablesandtheorderingof the variables,we need
to improve thealgorithmsandheuristics.
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