Adding Local Constraints to Bayesian
Networks

Mark Crowley! Brent Boerlage? David Poole!
1Department of Computer Science
University of British Columbia
2Netica Division

Norsys Software Corp.

Canadian Conference of Artificial Intelligence - May 30,
2007

Crowley, Boerlage and Poole Adding Local Constraints to Bayesian Networks



Outline

Outline

e Definition of Problem
@ Constraints Using Conditioning
@ Side Effects
@ Undirected Models
@ Types of Conditioning

Crowley, Boerlage and Poole Adding Local Constraints to Bayesian Networks



Outline

Outline

e Definition of Problem
@ Constraints Using Conditioning
@ Side Effects
@ Undirected Models
@ Types of Conditioning
9 Proposed Methods for Removing Side Effects
@ Shielding Side Effects
@ Antifactors
@ Antinetworks
@ Antinetwork Solution

Crowley, Boerlage and Poole Adding Local Constraints to Bayesian Networks



Outline

Outline

e Definition of Problem
@ Constraints Using Conditioning
@ Side Effects
@ Undirected Models
@ Types of Conditioning

e Proposed Methods for Removing Side Effects
@ Shielding Side Effects
@ Antifactors
@ Antinetworks
@ Antinetwork Solution
e Comparison to Chain Graphs and Future Work
@ Analysis of Complexity
@ Conclusion
@ Future Work

Crowley, Boerlage and Poole Adding Local Constraints to Bayesian Networks



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Constraints are modelled using conditioned nodes.

Interested in topic @

ocal Constraints to Bayesian Networks

ley, Boerlage and Poole



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Constraints are modelled using conditioned nodes.

— ()
:

Want to teach course

ocal Constraints to Bayesian Networks

ley, Boerlage and Poole



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Constraints are modelled using conditioned nodes.

Interested in topic @

Want to teach course
Will teach the course @

Crowley, Boerlage and Poole ing Local Constraints to Bayesian Networks



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Constraints are modelled using conditioned nodes.

Want to teach course

Will teach the course a a f

Progress of research @

Interested in topic @

Crowley, Boerlage and Poole ing Local Constraints to Bayesian Networks



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Constraints are modelled using conditioned nodes.

Interested in topic 0
Want to teach course

Will teach the course a

C—=-E-
@

Someone must teach

Progress of research @

Crowley, Boerlage and Poole ing Local Constraints to Bayesian Networks



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Conditioning has Side Effects

()
E—=E-
(-

ocal Constraints to Bayesian Networks

ley, Boerlage and Poole



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Conditioning has Side Effects

()
(&)

(=)

ocal Constraints to Bayesian Networks

ley, Boerlage and Poole



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Conditioning has Side Effects

p(la = true) =.7

()
(&)

(=)

ocal Constraints to Bayesian Networks

ley, Boerlage and Poole



Constraints Using Conditioning
Side Effects
Undirected Models

Definitions

Types of Conditioning

Conditioning has Side Effects

p(la = true) =.7

p(la = true|C) # .7 a

E—=E-
(-

ocal Constraints to Bayesian Networks

ley, Boerlage and Poole



Constraints Using Conditioning
Side Effects

Undirected Models

Types of Conditioning

Definitions

Another Approach

&Hoﬁ“@

Crowley, Boerlage and Poole cal Constraints to Bayesian Network:



Constraints Using Conditioning
Side Effects

Undirected Models

Types of Conditioning

Definitions

Another Approach

Chain Graphs 0 e
(Lauritzen and Wermuth, 1989)

p(XV) = H p(XT‘Xpa(T))

TeT
1 i
P (X~ [Xpa(r)) = Z06) H Ba(Xa)
) A€ A(T)
Z()=>_ ] ¢atx)
Xr A€A(T)
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Constraints Using Conditioning
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Definitions

Types of Conditioning

There are three types of conditioning in Bayes nets

Observation Conditioning Conditioned value is new information
that rules out incompatible possible worlds. The
most common type.

Intervention Conditioning Value is set arbitrarily from outside
the model, cannot be used for inference about
ancestors. Used for decision variables.

Constraint Conditioning A node’s value is set as part of the
model definition to induce some distribution
amongst its parents. This type is the focus of our
research.
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Shielding Side Effects
Antifactors
Antinetworks

Solution

We Use a Conditioned Node to Block Side Effects

Shielding

p(Wa, Wg, Wclc, €) = p(Wa, Wg, Wc)
P(Walla,€,€) = p(Walla) é

Removing Side Effects

p(Wgllg,c,€) = p(Ws|ls)

pP(Wclle, ¢, €) = p(Wcllc)
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p(é|WA7W87WC) = %W
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So what is an antifactor?

A _1 1
P(E[Wa, Wg,W¢) = Z 10 (WaWa We)

P(TalWa)P(Ts|Ws)p(Tc|We)
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Shielding with Antifactors

So what is an antifactor? @
P(éIWmWB,Wc):%W 1 '
WA /@ WC
Taec (Wa, We, We) = 31 p(c|Ta, Ts, Te)x
©

P(TalWa)pP(Ts|Ws)p(Tc|Wc)
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Shielding Side Effects
Antifactors
Antinetworks

Solution

Pro’s and Con’s of Antifactors

Removing Side Effects

General Antifactors can also be defined that allow multiple
c-nodes to have overlapping sets of parents.

PRO An antifactor solution always exists and is easy to
compute.
@ exception: when one instance of nodes in S¢
has a zero probability given the summed out
affected network

CON Network with antifactor added to it could be much
less efficient during inference.
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Shielding Side Effects
Antifactors
Antinetworks

Solution

Removing Side Effects

Antifactors can lead to complexity blowup

Local Constraints to Bayesian Networks
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Shielding Side Effects
Antifactors
Antinetworks

Solution

Shielding with Antinetworks

Removing Side Effects

An antinetwork is a set of nodes, with a conditioned node, that
sums out to the antifactor but maintains a conditional structure.
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Shielding Side Effects
Antifactors
Antinetworks

Solution

Definition of Antinetwork Solution

Removing Side Effects

A system of nonlinear equations defines the solution for an
antinetwork that implements shielding:

1
Letm = fEé (Sc) = fEC(TC)
=Y p(EEs) [] p(&lSe)
X€E: éex
0= e [J(we)® (1 —ue)®) -

X€EEs  éex

We call this system gs(X) for each instance s € Sc and x being
an assignment to all variables in Eg.
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Shielding Side Effects
Antifactors
Antinetworks

Solution

Removing Side Effects

Existence and Discovery

Existence

@ Xp: x =false for all x € Xy X1 :x =trueforall x € X;

@ gs(Xg) = —7 gs(X1)=1-n

® gs(Xo) <0 < gs(X1) foralls € Sc

@ for all s € Sc there is an Xs such that gs(Xs) =0

@ simultaneous solution not yet proven to always exist
Discovery Use constrained optimization:

@ objective function 3 s 9s(X)

@ constraints gs(X) =0forall s € S¢

@ start pointing X,
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Example of a Solved Antinetwork

| B lc | We
true | .75 true | .75
fdse| .1 fase| .1
Wa | Ta We | To We| fe Wal| Ta We| Tg Wel| Te
true |.91254 true |.81605 true |.91676 true | .1 true | .1 true | .1
false |.29333 fase| 0.0 false [.29119 fase| .01 fase| .01 fase| .01
\\ ) / \ \
Ta |[Te |Tc| € C=TaVTeVTc
true | true | true |.03971 Y
true | true | false |.06481 Y
true | false| true |.05793 Ta| Ra Ts | Rs Tc| Re
true | false| false |.06532 true | 5 true| 5 true | .5
false | true | true |.06466
f . fase| .8
fase | true |false | 01157 fd=| 8 d=| &
false | false| true |.06908
false | false | false 0.79699




Example of a Solved Antinetwork

true 30.0 R
false  70.0 |

true  60.0 H
false  40.0 P

\ Wa | ] W | | We |

true  49.0 |
false  51.0 i

true 29.5 [
false  70.5 |

true 555 i
false  44.5 P

\ Ta

true  80.4
false 19.6m

Py
m I

\ Ra |

true 63.2 |
false  36.8 il

| | Rc |

true  61.4 i true  53.8 i
false  38.6 P false  46.2 ]




Example of a Solved Antinetwork

true 30.0 P
false  70.0 |

\ Wa | Wpg | | We |

tue 295 [ true 555 ] tue 1007 17
false  70.5 1 false 445 P

false  90.0

\ Ta

true  79.5
false  20.5 mm.

\ Ra | Re | | Re |

true  63.1 i true  61.3 i true  54.8 :
false  36.9 Pl false  38.7 P false  45.2 i




Example of a Solved Antinetwork

598
40.2

false 159 false
Wa | | Ws | \
we 291 tue 811 rue 437
false  70.9 false 189m | | false  51.3

\ Ta | | Tp \
true 81.8 true 70.4 true 727
false 18.2m: i false  29.6 false  27.3

false

\ Ta I Ts | | Tc |

true  54.6 i true 100 true  84.9

‘lalse 45A=‘ Hlalse of |11 false 151: 1l ‘
\ Ra | | Rg | | Rc |
true  63.6 i true  50.0 i true  54.5 i
false 364:‘ ‘ ‘lalse 5oo= i ‘ false 455= | ‘




Complexity
Conclusion
Comparison and Complexity Future Work

SBNs can be more efficient than CGs

Each node has size D and each e-node has m parents.

CG = D/Ecl+IScl
— DIEcl+mIEcl  since [S¢| =m x |E¢]
_ plEclm+D)

SBNaniifactor = D/Ecl+1Scl 1 pIScl 4 plEcl
SBNatinetwork = D2Eel + |E¢|D#™ + 2D Ec!

SBNantinework < CG  when both |[Ec| > 2 and m > 2.
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Complexity
Conclusion
Comparison and Complexity Future Work

Summary

@ SBNSs express an interesting set of distributions and can do
so efficiently for some networks.

@ Shielding allows constraints/joint distributions to be
expressed simply without side effects.

@ Conditioning is a useful concept for unifying discussion of
directed, undirected and mixed modelling tools.
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Complexity
Conclusion
Comparison and Complexity Future Work

Possibilities for Future Work

@ Find solutions for more complex networks with overlapping
affected sets.

@ Find sets of networks that always have solutions if any.

@ Compare complexity of larger SBNs to CGs. Perform
guantitative comparisons.

@ Create precompiler to convert a BN to an SBN using
antifactors, antinetworks or both in combination to be used
with standard BN software.

@ Look for specific distributions that can be shielded
efficiently without an antinetwork.
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Thank You

Questions?
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