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Census data scenario

Suppose we have to enter the information from forms like these into a
database.

Name: 

Marital Status: 

Social Security Number: 

Name: 

Marital Status: 

Social Security Number: 

(1) single (2) married 

(3) divorced (4) widowed 

(1) single (2) married 

(3) divorced (4) widowed 

! What is the marital status of the first resp. the second person?

! What are the social security numbers? 185? 186? 785?

[Antova&alÕ07]
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¥ Common practice: 
pretend that data uncertainty does not exist

¥ Objective:
manage it as rigorously as possible 
throughout an automatic potentially complex process

¥ Especially:

¥ Use probabilities to represent 
the conÞdence in the data  

¥ Query data and retrieve 
probabilistic results 

¥ Allow adding, deleting, modifying data 
in a probabilistic way 
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aggregating

updating

querying

our focus: probabilistic XML data
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What is Out There?
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conjunctions of event literals 

distributional node

Global-PrXML (G-PrXML): conjunctions of event literals 

Local-PrXML (L-PrXML): distributional nodes
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Example of Querying over PrXML
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Querying Probabilistic Representations

10
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a probabilistic representation and a property, 
(PrXML doc. and Boolean XPath query or MSO)
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a) Single-Path Queries - SP
Are there professors working for some teams?

b) Tree-Pattern Queries - TP
Are there (names of) professors working for teams involved in EU projects?

c) Tree-Pattern Queries with Joins - TPJ
Are there (names of) professors working for both KRDB and DBWeb?

c) b) a) 

11

Boolean Tree-Pattern Queries with Joins
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¥TP - in navigational XPath

¥TPJ - fragment of XPath 2.0
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12

Aggregate Queries

Aggregate Query:

What is the average of bonuses? 

avg(x)
¥ Extend TPJ queries with aggregate functions

¥ Aggregate functions:
sum, count, min, max, avg, countd

root

bonus

X

/28



Aggregate SP Aggregate TP Aggregate TPJ

Probability computation P #P-complete

Task
Queries

Moment computation Polynomial  avg: #P-complete
others: Polynomial

#P-complete

sum, avg, countd :  #P-complete           
   count, min :  Polynomial

#P-complete

*****************
13

Querying and Aggregating  L-PrXML

Single-Path Tree-Pattern Tree-Pattern
with Joins

Probability computation for 
a query match P #P-complete

Task
Queries

Polynomial

¥ In many cases complexity is the same as for querying

¥ SP vs. TP: single-path queries can be easier
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What we Understood

¥ Value joins in queries are intrinsically intractable

¥ Aggregation can be easier than querying

¥ Tractable cases for aggregation

¥ Distributions: TP + monoid functions over L-PrXML

¥ Moments: SP + every considered function over L-PrXML

¥ Moments: SP + sum, count over G-PrXML

¥ Sampling is unavoidable in many practical cases
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¥ Important source of uncertainty: continuous data
from scientiÞc experiments and sensors

¥ There was no formal model taking 
continuous data into account
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¥ Joins do not make sense: 
probability that two continuous nodes are equal is zero
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Querying Continuous PrXML

¥ Joins do not make sense: 
probability that two continuous nodes are equal is zero
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We need a richer query model 
that treats continuous nodes 

¥ Tree-pattern queries: query match is based on equality of values

¥ match with probability one: a variable matches a continuous node 

¥ or with probability zero: a constant matches a continuous node

¥ Comparisons of values in queries make more sense:

  Are there sensors with observed 
  temperature higher than 30
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Aggregating Continuous PrXML

¥ Aggregate tree-pattern queries make sense:
they return ranges of aggregate values

  What is the maximum of measurements across sensors?
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Summaries of Large Data Corpora

21
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¥ Documents store mailboxes organized in threads

¥ Task: to summarize information in a concise way 
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¥ Documents store mailboxes organized in threads
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¥ PrXML as a summary:
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¥ may have the size 
of the entire 
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Mailbox DTD

mailbox: (thread)!

thread: (message, id, subject)
message: (from, to,content,message! )

from: #PCDATA
to: #PCDATA

content: #PCDATA
subject: #PCDATA

Electricity Consumption DTD

electr-cons: (room1, room2)

room1: (measurement)!

room2: (measurement)!

measurement: (date, value)

date: #PCDATA
value: #PCDATA

Figure 3: On the left: Mailbox DTD; on the right: Electricity Consumption DTD

3 Probabilistic XML

In this section, we present more formally the syntax and semantics of the PrXML model. We first

focus on a discrete model (to represent discrete probability distributions) and then extend it to

allow continuous data values.

3.1 Discrete Probabilistic XML

We model XML documents as unranked, unordered, labeled trees. Not taking into account the

order between sibling nodes in an XML document is a common but non-crucial assumption.

The same modeling can be done for ordered trees, without much change to the theory. A Þnite
probability spaceover documents, px-spacefor short, is a pair (D ,Pr), where D is a finite set of

documents and Pr maps each document to a probability Pr(d) such that

∑{ Pr(d) | d " D} = 1.

p-Documents: Syntax. The PrXML model from (Kimelfeld et al., 2009; Abiteboul et al.,

2009) uses p-documentsto represent px-spaces in a compact way. As already discussed, a p-

document is similar to a document, with the difference that it has two types of nodes: ordinary and

distributional. Distributional nodes are used for defining the probabilistic process that generates

random documents but they do not actually occur in these. Ordinary nodes have labels and they

may appear in random documents. We require the leaves and the root to be ordinary nodes.

More precisely, we assume given a set X of independent Boolean random variables with

some specified probability distribution ∆ over them. A p-document, denoted by !P , is an

unranked, unordered, labeled tree. Each node has a unique identifier u and a label µ(u) in

L # { cie(E)} E # { mux(Pr)} Pr # { det} where L are labels of ordinary nodes, and the others are

labels of distributionalnodes. We consider three kinds of the latter labels: cie(E) (for conjunction

of independent events), mux(Pr) (for mutually exclusive), and det (for deterministic). If a node u
is labeled with cie(E), then E is a function that assigns to each child of u a conjunction e1 $ ááá$ ek

of literals (x or Âx, for x " X ). If u is labeled with mux(Pr), then Pr assigns to each child of u a

probability with the sum across children equal to 1.

9
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¥ Documents store mailboxes organized in threads

¥ Task: to summarize information in a concise way 

¥ DTD as a summary:

¥ concise

¥ missing information: 
how likely is a given document   
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documents and Pr maps each document to a probability Pr(d) such that

∑{ Pr(d) | d " D} = 1.

p-Documents: Syntax. The PrXML model from (Kimelfeld et al., 2009; Abiteboul et al.,

2009) uses p-documentsto represent px-spaces in a compact way. As already discussed, a p-

document is similar to a document, with the difference that it has two types of nodes: ordinary and

distributional. Distributional nodes are used for defining the probabilistic process that generates

random documents but they do not actually occur in these. Ordinary nodes have labels and they

may appear in random documents. We require the leaves and the root to be ordinary nodes.

More precisely, we assume given a set X of independent Boolean random variables with

some specified probability distribution ∆ over them. A p-document, denoted by !P , is an
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labels of distributionalnodes. We consider three kinds of the latter labels: cie(E) (for conjunction

of independent events), mux(Pr) (for mutually exclusive), and det (for deterministic). If a node u
is labeled with cie(E), then E is a function that assigns to each child of u a conjunction e1 $ ááá$ ek

of literals (x or Âx, for x " X ). If u is labeled with mux(Pr), then Pr assigns to each child of u a

probability with the sum across children equal to 1.
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[20] John

[10] from

[3] message

[12] content

[24] Hi. [25] How [26] are
[11] to

[22] Mary [23] Bob

[2] thread

[20] John

[10] from

[3] message [5] subject

[15] greetings

[1] mailbox

[12] content

[24] Hi. [25] How [26] are
[11] to

[22] Mary [23] Bob

[4] id

[14] 123

¥ Documents store mailboxes organized in threads

¥ Task: to summarize information in a concise way 

¥ DTD as a summary:

¥ concise

¥ missing information: 
how likely is a given document   
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/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

22

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

22

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

<directory>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

22

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

<directory>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

22

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

<directory>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

22

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.2

Recursive Markov Chains as Prob. DTDs

<directory>

</directory>
RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

22

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.2

Recursive Markov Chains as Prob. DTDs

<directory>

</directory>
RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

22

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.2

Recursive Markov Chains as Prob. DTDs

Pr(d) = 0.2

<directory>

</directory>

Document d
RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

<directory>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

<directory>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

<directory>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Recursive Markov Chains as Prob. DTDs

<directory>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name> RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>
<phone>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5
Pr = 1

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>
<phone>
</phone>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5
Pr = 1

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>
<phone>
</phone>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5
Pr = 1
Pr = 1⋅0.5

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>
<phone>
</phone>

</person>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5
Pr = 1
Pr = 1⋅0.5

Recursive Markov Chains as Prob. DTDs

<directory>
<person>

<name>
</name>
<phone>
</phone>

</person>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5
Pr = 1
Pr = 1⋅0.5
Pr = 1⋅0.2

Recursive Markov Chains as Prob. DTDs

<directory>

</directory>

<person>
<name>
</name>
<phone>
</phone>

</person>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5
Pr = 1
Pr = 1⋅0.5
Pr = 1⋅0.2

Recursive Markov Chains as Prob. DTDs

<directory>

</directory>

<person>
<name>
</name>
<phone>
</phone>

</person>

RMC:

/28



¥ Entering a component labeled L
= generation of an opening tag <L>

¥ Exiting a component labeled L
= generation of a closing tag </L>

23

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees, MSO queries are tractable!

P. Senellart (Télécom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Example: prob. DTDs via rec. Markov chains [BKOS09]

<!ELEMENT directory (person*)>
<!ELEMENT person (name,phone*)>

• •
• • •

D : directory

P

1

0.8

1

0.2

• • • • • •
•

P : person

N T1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

On such simple RMCs representing trees,MSO queries are tractable!
P. Senellart (TŽlŽcom ParisTech) Probabilistic XML 2009/01/13 34 / 37

Pr = 1⋅0.8
Pr = 1
Pr = 1
Pr = 1⋅0.5
Pr = 1
Pr = 1⋅0.5
Pr = 1⋅0.2

Recursive Markov Chains as Prob. DTDs

Pr(d) = 0.8⋅0.5⋅0.5⋅0.2

<directory>

</directory>

<person>
<name>
</name>
<phone>
</phone>

</person>

Document d

RMC:

/28



RMC:

¥ A run generates a skeleton of  a document

¥ Empty components N and D can model 
the actual data, 
i.e., names and telephone numbers of people
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RMC:

DTD:

¥ Advantages of RMCs over PrXML

¥ More natural for prob. summaries of 
document collections 

¥ We connect questions on prob. XML to 
tools and techniques of Markov models
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¥ Size of generated documents:

¥ RMC: could be of

¥ any width ~ cycles inside a component 

¥ any depth ~ cycles across components

¥ PrXML:  always 

¥ linearly bounded by size of probabilistic document

¥ all generated documents are Òsub-documentsÓ of the 
representations

Probability Spaces of RMCs vs PrXML
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Query Language for RMC

MSO

NavXPath

TPJ TP

¥ Question for RMCs:

¥ Can we generate a document where all siblings share the same label?

¥ We can ask properties of (sets of) nodes for randomly generated docs
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¥ Verifying MSO properties for 
unrestricted RMCs is

¥ in PSPACE

¥ as hard as SQRT-SUM: in PSPACE 

¥ lower bounds - open problem
26
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Query Language for RMC

¥ Monadic Second Order (MSO) query language:

¥ is good to ask properties of (sets of) nodes

¥ natural for trees:  extends TP, NavXPath, ...
MSO

NavXPath

TPJ TP

[Etessami&YannakakisÕ05]

¥ Question for RMCs:

¥ Can we generate a document where all siblings share the same label?

¥ We can ask properties of (sets of) nodes for randomly generated docs

Are there restrictions of RMC tractable for MSO?
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¥ Hierarchical RMCs (HMC): 

¥ A component can not (eventually) call itself

¥ Tree-like RMCs (TLMC): 

¥ Every component can be called in one place only
but possibly many times

¥ special case of HMC

RMC Fragments
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Pr = 1! 0.8
Pr = 1
Pr = 1
Pr = 1! 0.5
Pr = 1
Pr = 1! 0.5
Pr = 1! 0.2

Recursive Markov Chains - Tree Generators

• Entering a component labeled L
= generation of an opening tag <L>

• Exiting a component labeled L
= generation of a closing tag </L>
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