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Motivation

The idea of tree decomposition:

split the constraint-graph in overlapping subproblems

connect these subproblems over their shared variable

solve small subproblems and reconnect them.
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Motivation Example
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Graph concepts reviews
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Acyclic Networks

Acyclic tress of binary constraints can be processed efficiently.

The goal is to transform the cyclic primal graph into an
acyclic join tree.

Form the hypergraph representation of the constraint network.

Map the hypergraph to a Dual Graph. the nodes of the dual
Graph are the hyperedges of the hypergraph.
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Basic Definitions

Definition (connectedness, join-trees, hypertrees, acyclic networks)

connectedness iff two nodes share a variable, there is a path
containing this variables.

An arc subgraph of the dual graph that satisfies this is called
join-graph or join-tree if it is a tree.

A hypertree is a hypergraph whose dual graph has a join-tree.

A constraint network whose hypergraph is a hypertree is
called an acyclic network.



Motivation Acyclic Networks Recognizing Acyclic Networks Join-Tree Clustering Summary

Basic Definitions

Definition (connectedness, join-trees, hypertrees, acyclic networks)

connectedness iff two nodes share a variable, there is a path
containing this variables.

An arc subgraph of the dual graph that satisfies this is called
join-graph or join-tree if it is a tree.

A hypertree is a hypergraph whose dual graph has a join-tree.

A constraint network whose hypergraph is a hypertree is
called an acyclic network.



Motivation Acyclic Networks Recognizing Acyclic Networks Join-Tree Clustering Summary

Basic Definitions

Definition (connectedness, join-trees, hypertrees, acyclic networks)

connectedness iff two nodes share a variable, there is a path
containing this variables.

An arc subgraph of the dual graph that satisfies this is called
join-graph or join-tree if it is a tree.

A hypertree is a hypergraph whose dual graph has a join-tree.

A constraint network whose hypergraph is a hypertree is
called an acyclic network.



Motivation Acyclic Networks Recognizing Acyclic Networks Join-Tree Clustering Summary

Basic Definitions

Definition (connectedness, join-trees, hypertrees, acyclic networks)

connectedness iff two nodes share a variable, there is a path
containing this variables.

An arc subgraph of the dual graph that satisfies this is called
join-graph or join-tree if it is a tree.

A hypertree is a hypergraph whose dual graph has a join-tree.

A constraint network whose hypergraph is a hypertree is
called an acyclic network.



Motivation Acyclic Networks Recognizing Acyclic Networks Join-Tree Clustering Summary

AEF ABC

CDE ACE

A

AC

CE

E AEC

(c) dual graph

AEF ABC

CDE ACE

AC

CE

AE

(d) join-tree

transformation of a nonbinary constraint problem into a binary one
by removing redundant arcs in the dual graph.
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ACYCLIC-SOLVING Algorithm
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ACYCLIC-SOLVING Example

1 Constraints are:
RABC = RAEF = {(0, 0, 1)(0, 1, 0)(1, 0, 0)}
RCDE = {(0, 0, 1)(0, 1, 0)(1, 0, 0)(1, 0, 1)}
RACE = {(1, 1, 0)(0, 1, 1)(1, 0, 1)}

2 Ordering Constraints:
d = (RACE ,RCDE ,RAEF ,RABC )

3 Start backwards with RABC , parent is RACE :
RACE = πACE (RACE ./ RABC ) = {(0, 1, 1)(1, 0, 1)}

4 next in d RAEF , parent is RACE , using revised
relation:
RACE = πACE (RACE ./ RAEF ) = {(0, 1, 1)}

5 next in d RCDE , parent is RACE

RACE = πACE (RACE ./ RCDE ) = {(0, 1, 1)}
6 solution by picking only allowed variables in RACE :

A=0, C=1, E=1.

7 forward extending values for D,F and B.
D=0, F=0; B=0;

AEF ABC

CDE ACE

AC

CE

AE
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Recognizing Acyclic Networks

Recognizing Acyclic Networks
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Refresh some definitions

maximal cardinality ordering: start with random variable.
chose the next variable which has the most connections to the
starting variable. and so on..

clique: in a clique, every variable is connected with each other.

maximum spanning tree: edges are maximal weighted
(number of shared variables of two cliques).
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Dual-Based Recognition

Creating a maximum spanning tree over the dual graph.
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Primal-Based Recognition

We know that a graph is chordal if, in a maximal cardinality
ordering, each node’s parents are connected. Then we can
calculate its maximal cliques. If maximal cliques coincide with the
scopes of the constraints, we know that the network is acyclic.
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Join-Tree Clustering
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Global Aim

How to compile a constraint network into an acyclic one.

grouping a subset of constraints into clusters or subproblems,
whose scopes constitute a hypertree.

Replacing each subproblem with its set of solutions yields an
acyclic constraint problem.

This process is called join-tree-clustering.
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Join-Tree-Clustering Example
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Summary

Summary
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What we have learned

any constraint network can be transformed into an acyclic
representation by embedding the constraint graph in a
hypertree, called join-tree.

the join tree holds the subproblems in its nodes.

solving these subproblems can be done with a normal
Tree-solve-algorithm.
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Questions

Questions?
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