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Cluster-tree elimination: complexity
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Cluster-tree discussion: existence
IFBcluster-tree: clusterB A= A gE/)y, cluster#y B R A gl
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Basic concepts — junction-tree
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Basic concepts — chord
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B~D is a chord of the 5-cycle (A, B, C, D, E)
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Basic concepts — chordal graph
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Basic concepts — perfect numbering
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FREJE ne(v)N(Vy, Vo, Vig) FIE BN o e RS

ABCDEF is a perfect numbering,
but ABCEFD is not.

No perfect numbering is possible.
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Basic concepts — RIPHEF
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lesson8 triangulate
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From primal graph to junction-tree
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Maximum Cardinality Search (MCS)

MCS: Hlr— P RERG SR E, B O(V[+E]).
= OUTPUT : 1) whether G is chordal or not
2) a perfect numbering for G, if it is chordal

» B WMEPRERRNHAITEERS

L is the set of previously labeled vertices

= Setcounteri=1

= SetL=g, U=VAL ] o) is the number of
= ForveU, set ¢(v)=0 7 previously labeled

. While U =g neighbors of v V
— Select the vertex v maximizing c(v) over veU and label it i
— If T1, =ne(v,)n L is not complete in G
set OUTPUT ="G is not chordal’

— Otherwise, set L =L U {v;}
— Set c(w)=c(w)+1 for each vertex wene(v;)nU
— Increment i by 1.

s Set OUTPUT = ‘G is chordal’ 18




MCS : example
(D) 6

CEN |

The first node in the ordering is chosen arbitrarily,
since ¢(v)=0 for all nodes during the first iteration.

Node numbering
perfect) produced is:
(A,B,C,E, F, D)
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MCS: conclusion
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Finding max-cliques of a chordal graph

+ Algorithm: Ladder-based maximal-clique
construction & RIP ordering

o A WSRMCSERNUA #7583 =, WAl DUR 7 (15 2]
XA BT T Kige,  [RIN HEA T RIPHER -

= Start from (v, vy,..., vy,) obtained by MCS

= Denote 7, = ‘Hvi

= Call node v; a “ladder node” if i =|V| orif (1<|V|and %> r_,)
= Let the jth ladder node be 4;, and define
C; = {/?“J' } U Hﬂj

J

+ Theorem

= (C,, C,,...) are the maximal-cliques of G and satisfies the RIP.
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Ladder-based maximal-clique construction:
example

Labeling A B C E F D
Iy, g | {A} |{AB}|[{B.C}| {B,E} [ {B}
7 o | 1] 2 2 b 2 31

Ladder? N N Y Y Y Y

The maximal-cliques produced is: {C, A, B}, {E, B, C}, {F, B, E}, {D, B}.
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Basic concepts - Triangulation

Triangulation
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« MR =M EE
Triangulation via elimination
s AEHEE G IBEHT d=(vy, Voo V)

Fori=Nto1l

ISIILAETS 45 5 4E Co= {45 Av i dm 5 b e /N AR T #—AN5¢
% EAE (CNTEEEE, elimination set)

o GRAEARE G, < B G EL AT d THESE G,
o BRIERHIT (g, Voo, V) R Gy 95620

R A PR T R R !
CDLS Theorem 4.15%H]: G, M K KA = @Gﬁiﬂlff?d?ﬁ‘]iﬁ?fﬁ%



Induced-graph, induced-width
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One-step look-ahead triangulation
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A real Bayes net

Monitoring Intensive-Care Patients
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From primal graph to junction-tree
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Recent progress

» Compiling Graphical Models

Adnan Darwiche, UCLA
UAI'06 Tutorial
Arithmetic Circuits

Various domains - such as relational models, genetic linkage
analysis, coding, and probablistic planning

http://www.ics.uci.edu/~csp/uai2006/tutorials

“Inference in Bayesian Networks: A Historical Perspective”,
Darwiche 2010.
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