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3. The optimization problem in (1) is an Integer Linear Program (ILP).

minimize  f(x) =c’x
subject to Ax<b (1)
- @R E {ﬂj 1}

where x € R*, A € R™*™, b € ™ and ¢ € R". In a general method
alled relaxation, the constraint that r; be zero or one is replaced with the

inear inequalities 0 < z; < 1. The problem in (2) is called the Relazation
of the Linear Program (RLP).

.NO*L Q(x 1Ci°‘15~\3 {'[ \oéx:<k

minimize  f(x)=c'x
subject to Ax<b (2)
>0<z; <1

It turns out that the RLP (2) is far easier to solve than the original ILP

(1).

S B @ < San Xo@
Weak 4«4[\‘5 ’P”’C

: ST
max. S max €2t 0 bIA pin b7
7,8 S *- N — 2 Ta=C
Ax< b 'xc—:zZL Axsy ,«ER ATA=C A=
! AZo,neR || 222, nez




&.' Avxe dhe<e conditens wndev wh:c'q
Ahe inequalilies (esp dhe Fivst one)

Lecome e.a‘ua\\tfe.!: z
A_V_\_-}_‘. 7‘¢.§ !

ARSI A
A m&r‘/\’}ﬁ A—e {\O( i)} °‘S t"tauJ u(\..\MDAWQCl‘( \&

Ane D}e‘&erw\.w\ﬁf‘k 6§ eo;cV\ Squnavre 5u\¢ma\'¢ln 6§
A equa\s + A

7

o -1 \ O 0 =\ -\
( -\ ! O\
Tae ’9"\\0\);\{\3 oy \s N o1 ‘\”lagj un\wxoo\w\a::
\—1 Vo cf1
4 o0 U ©

! I o |\

—

&: How o ?40\!( ‘tha& o walvin “\s
vlé): a\\() un\mot\ulav 7. E-a', A&.\'c\'& A
.fov a \:\'nu“_'j Moskev N'w AND walv %



A 4ot a ﬁtmau\a’(gd Mavkov Njw wih
m\» - 4 °s labe\s s Bdh ave ‘b'}ab uuﬁmoc_\f;

Ant. BY mduchion on size o} Yhe
Teetens M ]

Markov Net Inference LP --
max Z zi(m) [“TI frg{x;.m) + Ej{m)] .
JofTE ] (] %
-+ -EZ zp vty ) wg P (X, mme,m) 4 £ 4. O, -'n.ﬂ q=FTw+¢
JEL TR cCLAYMS
Ek.‘(ﬂ’) To?‘a‘\ \5
o) & C zi{m, 1) > 0 utinodulan
: S= = EJ(TT?) Jh(m & °§»‘ a.H—m:\e.O\w.\i"\
zi(m) fviandyetion
51 [oTololonormalization %:::j(m) =1 05/3—*?”\
ol |o|o]o]|o Az =Db
1 0/1]/0|o| agreement > zj(m,n) = z;(m)
ol [olo|o|o "

z;.(m,m)Has integral solutions z for chains, (hyper)tree

Can be fractional for untriangulated networks
Aekuriﬁal 01, Wainright+al 02]
| v
’Fatanau\o(\cl\ ﬂc\'wmk)z.(as%: 0‘0/6.,, n «fvom

~cs717/notes/classNotes/graphicalModelsReading.pdf

Definition 11 A cycle is chordless if no two non-adjacent vertices on the cycly
are joined by an edge. A graph is triangulated it is has no chordless cycles.
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The max-flow problem and min-cut problem can be formulated as two primal-dual linear programs.

Max-flow (Primal) Min-cut (Dual)
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Algorithm for Maximum flows

@ Assumption (recall): capacities are nonnegative

@ Mainly two classes for computing maximum flows:

e Augmenting Path class: augment flow along paths from source to
sink while maintaining mass balance constraints.

@ Preflow-push class: flood the network so that some nodes have
excesses. Send excess toward the sink or backward the source.

@ Complexity (n=# nodes, m=# arcs):
e Labelling: O(nmC)
e Sucessive shortest path: O(n’m)
e FIFO preflow-push: O(n?)
o Highest preflow-push: O(n?,/m)
o Excess scaling: O(nm + n?log C)
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