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[marginal] "<marginal ObjPro
">" [prob]* "</marginal>"

[prob] := "<prob>" [state] [value] "</prob>"
[state] = "<state>" @string "</state>”

[value] := "<value>” @float[0-1] "</value>"
<Home rdf.ID="LivingRoom”>

" [object_property]

<rdfs:comment rdf-datatype =
“http://www.w3.0org/2001/XMLSchema#string”>
<marginal ObjPro = hasDevice>
<porb>
<state> true </state>
<value> 1 </value>
</prob>
<porb>
<state> false </state>
<value> 0 </value>
</prob>
</marginal>
</rdfs:comment>

</Home>
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[conditional] := "<conditional ObjPro = ” [object_property]
">" [probl* "</conditional>"

[prob] := "<prob>" [state] [condition]* [value] "</prob>"
[state] := "<state>” @string "</state>”

[condition] := “"<condition>" [var] [state] "</condition>"
[var] := @string

[state] = @string

[value] = "<value>" @float[0-1] "</value>"

<Home rdf:ID="LivingRoomAcOn">

<rdfsicomment rdf.datatype =
“http://www.w3.0rg/2001/XMLSchematistring”>
<conditional ObjPro=hasProperAction>

<prob>
<state> true </state>
<condition> LR_Temp hot </condition>
<condition> OD_Temp hot </condition>
<value> 1 </value>

</prob>

<prob>
<state> false </state>
<condition> LR_Temp hot </condition>
<condition> OD_Temp hot </condition>
<value> 0 </value>

</prob>

<prob>
<state> true </state>
<condition> LR_Temp hot </condition>
<condition> OD_Temp normal </condition>
<value> 0.3 </value>

</prob>

<prob>
<state> false </state>
<condition> LR_Temp hot </condition>
<condition> OD_Temp normal </condition>
<value> 0.7 </value>

</prob>

</conditional>
</rdfs:comment>

</Home>
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Push evidence nodes with its probability in a queue Q;
Mark evidence nodes with its probability;
Set evidence nodes;

while ( @ is not empty ) {
active_node = Q.pop();
for all BN bn which has the active_node {
Bayesian inference;
for all nodes n in bn {
if ( probability of n < threshold ) continue;
if ( probability of n < Marked value of n )
continue;
find and pop the node n in @;
Q.push(n);
Mark n with it probability;
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