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Toward a BDD-based Efficient Algorithm for Combinatorial Optimization
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We discuss combinatorial optimization techniques inspired by binary decision diagrams (BDDs). There is close
connection between BDDs and combinatorial optimization problems. BDDs are useful data structure to represent
a large discrete space of a feasible region, where some optimization problems are formulated as shortest-path or
longest-path problems. Additionally, top-down BDD construction can be viewed as binary search with memoriza-
tion. It can be modified to an interesting combinatorial optimization algorithm by incorporating a branch-and-
bound method into it. In this report, we review BDD-based techniques in the context of combinatorial optimization.

1. XL®IC

ZHPE S 5 7 (BDD: Binary Decision Diagram) 13, #f
BIEDOHEAZ LR IRIT 27 — X TH 5 [Bryant 86,
Knuth 11]. —7%, f#&ERE/AMEL, 52 5 N7 Hf % i
TS HEEE (SEATFREMR) ovhT, S x o nzHNEKOME
ERME (723K §2802 RO HTHETH .
BDD & Ml A&E Hoi (bR EIZ IRV BRI H 5. BDD IZEED
FATHREFEE 2 BRI T A 2N TE 5. Z0HE, HLHEOM
A EoE LfIEIX BDD EOEMERE (72 I3EEREK) 2K
SLMEIZETE 5. £7-, BDD 3MEERE/MEICE
T EBERARICHIGT 5 L fifdT 562 HTE 5. BDD DK
BIXTTE R BERE2HERT 2 A TH D, BIFEHETE & OB
MEASENN [Hooker 13]. 7R E %S Ml A mod (bR E % fif <
REWZTHED—-DTHEH, TOHE 2 EFRIIITRO
FHEIIZBWTH, BDD Z2HWAET7LI) ZLNREHRTH S Z
& DS TN T WS [Bergman 13].

MAEEEIED % <X NP NED 7 5 AIZET 50, M
BOVEE % 5 & R U7 EARZRREDNE Z 5T\ 5 [HE
P v, Bl Z X RIERIERIE, KR -V A< VR,
BAR7O—[fRETHE. ZD—K, O HMKEBEEEAD
iR e L, FhUs k> TS WRELY —L
ZIRMET IO MALKIIL TS, fEAP —kAn el
b 7= M % R < BBEIEE R LY, £ ONRKRWBHFITH
5. BRITAMEIZBNWT, BEIGEWEZFOHTBDD %
ISHTZRWEEEZEAS S LTWS. AXTiE, BDD OFf
iz AR OB S FERET L, Mhae & NAHMED @R
WLTHE2ERTE-ODEEEZITS.

2. BDD t#HEEHEIL

Z 2T ARl biEE, MEUEDEEE D=D) x - x
D, I UTHMBE f:D— R B XU m HOHFISEM C; -
D—{0,1},j=1,...mBPEZ SN E min{f(x)|Cj(x) =
Lj=1,....m} Fid max{f(x)|C;(x)=1,j=1,...,m} &K
OHMBELEHETS. BTCD j (=1,...,m) IT2WVWTCj(x)=1
LB 55 x DEOEA CCDIE, ZOMBEDESTAIREM
BeipiEng., Bilborzd, BETRETD i (=1,...,0)
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X 1: ANABAC 2EEHT 3
BDD D

[X| 2: BDD HZEIZ R 5 %
U H AN sEdk

IZDOWT D;={0,1} THEMBIZDOWTHEMRT 5. LENS
QIEANDEW, HBVWIELHRES T 7 (MDD) 25258,
ZZTOMmE — R RMEICHE S 5 2 LA TE S,
FITRANC, HIRIGRMELRIEZEEER (CNF) TEX 50TV
2H%EZ5. FREE x,y, 2 \ITB LT3 DORlFEM (H)
A=xVy, B=-xVyVz B C=—yVvz»PEXENT
W5 &3 5. CNF 5 5 BDD NDOZEHIIEHMK 72 apply HE
[Bryant 86] THEHTE 22, ZZITRBIZHNTLITELED
B S, HitEA% DRRE] & LT BDD 25 L T W< Ak
ZHLY LIF% [Huang 04, A K 14]. X 11, Z®DJi%ET BDD
EHEBELUBFZHVEZEOTH S, BREA (LRLVL) 12H
LR — FOIRHE {A,B,C} 1%, LOHIOERLIZDOWTHHEE
LTWRWIZEERLTWS., 28 x D% 0 IZEDD LH B
DFERRHPHEEL, LIV 2 OWREE {A,CY IZE BT S, KA
LICEDDLLHADERRPHEELT, LRLV2DHS—DD
IRRE {B,CY BB TS, LAV 2 DIRIE {A,C} TEB y DfE
FOWEDDLLEAZRRETERVWILDIEET 720D, %
OPERFIIT B> THW., 2D & 512, REOE({LE Ny 7
X zEHLTWL 22T, BDD 2 —4%ICHELETE 5.
HIWBEEDS f(x) =Y, filx) DEER> L &, ZOHKHA
BUT DM EE (separable) TH 2 L 55, RITHREHEEZRT
BDD % —EHE L TU E XX, Sl ae BHBIRIZR LT
OREIZAESGTHS. BDDIZBWT, x =0 IG5
DEAE £(0), xi=11ZHRTEHOEAE £(1) 2 LT, 1§
NHTE TCOREREZ - IREREZRONITEW. X5
IZ [Hooker 13] Tl&, HWBEEM SHEIfE TR WEATH, %
DD BDD IZ B 2R EOBOEADHTHESONS L 574
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[EAAE BDD] 2 ARETH B Z LARINT WD, 7272
L, TOxh=M7Z (BDD ZKICERL THhsBOEMT 5%
TIER) MR GEZEEATIRERL, BEI IS £<&EEL
TRIHENDHS.

MEEDE L NAMDRE

BDD [T BEFEIR AR 2 FIZE T 2 12 Id@ N i ch 5
H, RUfEZERDBZ T EANETRE5ICE, BTLE
ZZ £ TONFEABETIIA . BEEE SR, FlzIEE
BB DMEABIE & © & BV T IZ oW T d 5 Z &
2, MREGERIZ OB BEA S, ZIZ—FEONHREE L Z
ZABHIEMTED.

HIfioflizs T, fiADEAR 2, ffiBL CDEA% I
& UT-EAMN ERARLERSRIE (weighted MaxSAT) %35 X
THLD. ZITHE, BRENZVHIOEADZ HKE
L, TOR/MEzHETHD LT 5. BDD HESFIZ ORI E
RO AN fEEEK 2 \TRT. REBEBEFELARS by
TR TBDD ZREELTWL & 2 A1 1 L FEETH DA
X2 0%/ — NiZIXREBOMIC HBEEBIED FR & ERMBA
HEINTWa., COEFMHELIRE>TVWRWR// —RiZBi 5
THIZ 0 (2 TOHINHER), B4 (2ToOHiMIERR) T
5. B xDE%E O IZEDTHI BORENEET S & ESL
NIWALT3IZ, 1 IZEDTHADEEIHEET S & ER
MW2WALT 21228 T 5. LAV 2 DIRKE {A,C} TEH y
Dffiz 0 IZEDD LHiA DIEARLE C DARIVIMEET S72
O, THRAE28M, EAP1BEALALTELELE 2125, &
BRIERECOH LN &2 RIRE {} THS (MaxSAT
MEZDOT, HEDHINT R TERWGE THERITMEET
%) . —ONFIRERE L FRRIZ, MOBEREO ERE D EH X
SR TNREROBRNIE, TOREBFERETHTTLE>THE
b, LEdoTLURIL 3 DD ) — RAER X NN
T, 2O/ —RREAETHZZehbnd. DMEERIZAEL
TV e, LRV 4D/ —NETHEEDEL. Kig/—K
TRETOEBEIHEE L TWB s, TRE ERIZEEIZE
MR OEZRT. B/ — Kroi/MiziE>/ —NEToge
TORBEMVRETH 5.

FIZR U 3E1E, MaxSAT RJEDfRE L LTI X2
DFER, & — RIS U THEHATRER D TH S, H
PIEEBDNE R 51 & HRIE R 50,... .80 25T £(X) = Fspr1),
siv1 = filsix) (i=1,....n) O TEHTCERLE, 71T
AL 1 ERFHALCHEZES 2N TES. GETCHILD(u,d)
i, /=R u®DdBROF ) —Ku, 25288 TH5. u
NEOREE 5, T 5L, uy DI fi(sy,d) TRDO SN
5. AUREEZED ) — NIZEKOB /) — NcitEans.
GETBOUNDS(LBy,u,d) 1%, u WRiD> TR LB, 22U Tuy »°
O TR ERZ2RODBEMTHS. LB, 22RAREICT S Z
LT, s, DIFHEZHIBML T/ —FoEAEE2BEIVPFLE
ToNEHWLEDH 5.

ZDHETIE, BOWFRE ERZ2RDEZ e 05,
MaxSAT BIED & 512 HIBEEDS m MO BIEDF f(x) =
T, fi(x) TEES N, ZNEND fi(x) 2 {x1,... x5} DHET
BN UNE7R) MAESIKFELTWEEOTHNIE, RN
KRBT RELAEZB/DLZeNTES. fMoMETE, BDD
DFEFNZ & > T T % AFEH % [Bergman 13] DF 2 A HGH
TEB7/255. £, FIEBLBEREHAAGOENE, @FOD
SRIREED X517, LBV LR % BRI R TS 3 aREkE
N 5.

3.

Algorithm 1: BDD #5875 % X — 212 U 7z Ml & iwidifb
1 create root node r at level 1

2 initialize bounds [LB,, UB]

3 fori=1tondo

4 foreach node u at level i do

5 if LB, < UB then

6 foreach d € {0,1} do

7 v < GETCHILD(u,d)
8

9

[Ib,ub] <~ GETBOUNDS(LB,,u,d)
if LB, is not defined then

add a d-edge from u to v
L LB, < Ib

else if [b = LB, then
L add a d-edge from u to v
else if /b < LB, then
remove all edges to v
add a d-edge from u to v
LB, < Ib
| UB < min(UB,ub)

return path(s) from the root to the best terminal.

P, ARETTIEHERIGME (SEATTREE) OB FWwizown
TH UL filiv7Zehr > 7253, [Iwashita 13] TR SN TWB Y T
T4 v EREEAWTCERTSZEMNTRETH 5.

4. BHYIC

kw7 &7 BDD MEHEEOH M 5 U L& ol LRI E
IR FIEIZDOW TR L7z, MAEEE iz B W THERE & L
FIME DML IEMD THREETH 208, Z ZTIRHNBERDZ I A
ERELZWT I TY ZLZDWTHE U7z, SRERK 7R EET
RPN < DD D BEIRRNFEDMRIT 6 Z L 2R LTV D
2, MEEETIEE AL < OHE L WEOAREEAZR I N T VS
£O57.
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