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Goal of the paperGoal of the paperThe goal of this paper is to use Binary Probability Trees in theproblem of 
redal networks inferen
e and to 
ompare them with theuse of Standard Probability Trees.We are interested in algorithms for inferen
e in the strong extension ofa 
redal network.PSfrag repla
ements
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We use a 
redal set K (Xi |Πi = πi ) for ea
h 
on�guration πi of Πi(separately spe
i�ed 
redal sets).Cano et al. (De
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Standard and Binary Probability TreesStandard and Binary Probability TreesStandard probability trees (SPTs) and Binary probability trees (BPTs)are suitable data stru
tures for representing potentials.
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Standard and Binary Probability TreesOperations with Standard and Binary Probability Trees
Inferen
e algorithms require three operations over potentials.In previous works we have de�ned detailed algorithms for making theseoperations dire
tly over SPTs and BPTs.Restri
tion (BT R(xJ)): Get the part of BT 
onsistent with
on�guration xJCombination (BT 1⊗ BT 2): Get a BPT that represents the produ
tof the potentials represented by BT 1 and BT 2Marginalization: BT ↓XI\{Xj}: Sum over the variable Xj
Cano et al. (De
sai) Comparing Binary and Standard ... ISIPTA '11 5 / 15



Inferen
e in 
redal networksInferen
e in 
redal networksUsing an extensive 
onditional 
redal set at ea
h variable of thenetwork we 
an apply propagation algorithms like Variable eliminationPSfrag repla
ements XY K (Y )K (X |Y )

p(X |E)?This algorithm begins with a set of potentials: the set of extensive
onditional 
redal sets.It iterativelly eliminates variables from the set of potentials by usingoperations of 
ombination and marginalization until only the queriedvariable remains.To eliminate a variable Y from the set of potentials, it 
ombines all thepotentials that 
ontains Y and then Y is removed by marginalization.Cano et al. (De
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Inferen
e in 
redal networksUsing BPTs for inferen
e in 
redal networks IExtensive 
onditional 
redal sets 
an be represented using Binaryprobability trees or Standard probability trees with the help oftransparent variables:
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The representation of K (X |Y ) with a table need a bigger size:K (X |Y ) x1, y1 x2, y1 x3, y1 x1, y2 x2, y2 x3, y2p1, q1 0.2 0.4 0.4 0.4 0.2 0.4p1, q2 0.2 0.4 0.4 0.6 0.2 0.2p2, q1 0.3 0.3 0.4 0.4 0.2 0.4p2, q2 0.3 0.7 0.6 0.6 0.2 0.2Cano et al. (De
sai) Comparing Binary and Standard ... ISIPTA '11 7 / 15



Inferen
e in 
redal networksUsing BPTs for inferen
e in 
redal networks II
For ea
h variable Xi of the 
redal network we 
onsider its Extensive
onditional 
redal set K (Xi |Πi ) represented with a BPT.The Variable elimination is then applied until only the queried variableremains.After an operation of 
ombination or marginalization we 
an apply apruning of the tree to redu
e the size of the resulting BPT.We 
an also apply a reordering of the tree so that the mostinformative variables appears in the upper levels.
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Inferen
e in 
redal networksConstru
ting or reordering a Binary Probability TreeThe pro
ess to build a BPT from a potential p uses an iterativepro
ess where at step j , BT j is transformed into BT j+1 with:
BT j+1 = BT j(t,Xi ,ΩtlXi ,ΩtrXi )At ea
h step, we have to look for the best partition (Xi ,ΩtlXi ,ΩtrXi ) ofa leaf node t
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k-Leibler divergen
e between the exa
t potential and the oneasso
iated to the treeD(p,BT ) =
∑xI XI p(xI ) log p(xI )xI (1)Cano et al. (De
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Inferen
e in 
redal networksPruning a Binary Probability TreeThe pruning algorithm is a re
ursive algorithm with ∆, ∆ ≥ 0, asinput parameter (the threshold for pruning):It is a pro
ess where at ea
h step a terminal tree is repla
ed by theaverage of values it represents if:I (t,Xi ,ΩtlXi ,ΩtrXi ) ≤ ∆
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Experimental resultsExperiments IWe have 
ompare propagation using SPTs and BPTs in 
redalnetworks obtained from the Alarm and Insuran
e topology.Queries for di�erent variables have been performed.For ea
h experiment (Ex):
|E| is the number of observed variables in the 
redal network (randomly
hoosen)nvp
 is the number of verti
es per ea
h separately spe
i�ed 
redal set.per the per
entage of 
on�gurations of ΩΠi that will 
ontain nvverti
es in the 
redal sets K (Xi |πi ) (for the rest we use 1 vertex).nv is the potential size of the strong extension of the CN.Ex Var Network |E| nvp
 per nv1 Venttube Alarm 0 3 90 3542942 Exp
o2 Alarm 0 3 17 1771473 RiskAversion Insuran
e 0 3 70 1771474 DrivHist Insuran
e 0 3 31.5 1771475 Venttube Alarm 6 3 12.25 3542946 DrivHist Insuran
e 9 3 12 944784Cano et al. (De
sai) Comparing Binary and Standard ... ISIPTA '11 11 / 15



Experimental resultsExperiments IIWe have run the variable elimination algorithm with SPTs and BPTsusing several values for the ∆ threshold in the interval [10−7
, 10−2].For ea
h run we have measured:Maximum required size of SPTs and BPTs during the propagation(biggest tree used in the 
omputations).The mean square error for the a posteriori bounds of the queriedvariable.

√

√

√

√

∑xq∈ΩXq ((P∗(xq |e) − P(xq |e))2 + (P∗
(xq |e) − P(xq |e))2)2 · |ΩXq | (2)The running time used by the propagation algorithm.Cano et al. (De
sai) Comparing Binary and Standard ... ISIPTA '11 12 / 15



Experimental resultsExperiments IIIWe have 
ompared average mean square error versus largest tree sizerequired in the two versions of the propagation algorithm (using SPTsand BPTs). We also have 
ompared average mean square error versus
omputing time.As expe
ted with both kind of trees, high values of ∆ will 
ause largeerrors but require lower 
omputing time and smaller trees.Small values of ∆ will give small errors but require a high 
omputingtime and large trees.
Cano et al. (De
sai) Comparing Binary and Standard ... ISIPTA '11 13 / 15



Experimental resultsExperiments IVIn some 
ases we obtain a noti
eable redu
tion in the size and requiredtime using BPTs with respe
t to SPTs (Experiments 1, 3 and 5):
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Experimental resultsExperiments VIn other 
ases, a similar performan
e is obtained (Experiments 2 and6):
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So, we 
on
lude that BPTs are a better representation for thepotentials of a 
redal network than SPTs.Cano et al. (De
sai) Comparing Binary and Standard ... ISIPTA '11 15 / 15


	Research group
	Goal of the paper
	Standard and Binary Probability Trees
	Inference in credal networks
	Experimental results

