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Uncertainty in DBs

• Not a new area - comes from 1970s

• Most initial work was theoretical

• Systems offer very limited treatment of 
uncertain data
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What Data is Affected 
by Uncertainty?

• Data in relational DBs

• unknown or inapplicable attribute values 

• Information integration

• Combine (inconsistent) data from many sources

• Information extraction

• Find & label entities in unstructured text
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• Approximate query processing

• Ranking, record linkage

• Deduplication  (“data cleaning”)

• Object linkage, entity resolution

• Scientific experiments and 
Sensor data management

• Approximate, missing readings
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What Data is Affected 
by Uncertainty?



• How to capture (represent) uncertainty in data?

• How to update uncertain data?

• How to query uncertain data?
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Challenges to Deal with 
Uncertain Data



Thesis Outline

1. Incomplete Relational Data

2. Probabilistic XML Data

3. Streaming XML Data (Active XML)
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1. Incomplete Relational Data

1. Models of incomplete RDBs

2. Incomplete data 
in Data Integration

3. Aggregate Queries
over DL Ontologies
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Calvanese, K, Nutt, Thorne



Incomplete RDB

• Unknown values represented with variables

• Conditions provide relations 
between unknown values

Name Phone
Mary !

⊥2

! 1

! 1

Name Phone Age Con
Mary

John

Bob ⊥2

! 1

! 1

! 3

⊥4

⊥5

⊥3 ∈ [30,35]

! 3 < ! 4

⊥5 < ⊥3
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Data Integration

Title Year Genre Director

Seven null Thriller Fincher

FMJ 1987 Action Kubrick

Amelie 2001 null Jeunet

Rotten Potatoes INDB
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Title Year DirectorGenre

Seven null Fincher

Leon 1994

Movie Year Type Top 250 Rating

Leon 1994 Action yes 8.6

Pi 1998 Sci-Fi no 7.5

Shreck 2001 Animation no 8.0

Artist

Name Country
Fincher Thriller

Action

Movie

⊥1

8.6

Rating

⊥2
! 3! 3 ! 4

Query:  COUNT the number of thrillers

My Movies



• Model of data integration that accounts:

• Incomplete sources and global DB

• Incomplete answers

• SQL nulls

• Aggregate query answering:

• Queries with count, sum, min, avg, count-dist

• Epistemic semantics for query answering

• LogSpace query answering algorithms 
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Results



• Updates of DL-Lite Ontologies
with Calvanese, Zheleznyakov
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Ongoing



2. Probabilistic XML Data

1. Models of PXML

2. Updating PXML

3. Aggregate Queries 
for PXML
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[Submitted: 2009]
Benedikt, K. Olteanu, Senellart

[XML Updates-EDBT Workshop: 2010]
K. Nutt, Senellart

[ICDT: 2010]
Abiteboul, Chan, K. Nutt, Senellart

[BDA: 2009]



Probabilistic XML: 
Distributional Nodes

• T - probabilistic (P)XML document
• T describes a probability space of XML documents

t:T:

P( t ) = .5 x .5 x .2 = .05
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Probabilistic XML:
Event Variables

• T - probabilistic (P)XML document
• T describes a probability space of XML documents

t:T:

P( t ) = .3
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• Local models with distributional nodes 
are impractical

• Global models with event variables 
are intractable
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Problems with Models

How can we extend Local models so that: 

• get more expressive power and

• keep tractability



• PXML via Recursive Markov Chains:

• Expressiveness and conciseness 
of different RMCs fragments

• Tractability of 
Monadic Second Order Logic queries

• Updates for PXML with dinstr nodes and events:

• Two semantics of updates

• Complexity and algorithms of updates
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Results



• Aggregate Queries:

• Computation of distributions 
of values of aggregate queries

• Approximation with Monte-Carlo methods
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Results



3. Streaming XML Data (Active XML)

1. AXML framework

2. Aggregate queries over AXML
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PXML via 
Recursive Markov Chains

• •

• • •

D: directory

P

1

0.8

1

0.2

• • • • • •

•

P : person

N T
1 1 0.5

1

0.5

• •

N : name

1 • •

T : phone

1

Figure 1: Example RMC generating all documents
valid against the DTD of Example 4

probability that starting with u one eventually reaches an
exit ex in the same component asu.

Definition 3. An RMC A deÞnes aglobal (denumerable)
Markov chain MA St,∆ as follows:

The global states St B V L ! of MA are
triples of the form " , u, # , where " is a (possibly empty)
sequence of boxes fromB that represents the stack of pending
recursive calls, u is the current vertex of A, and # is a label
from Tag L ! .

The function ∆ deÞnes probability-weighted directed edges
between global states ∆ : St St 0, 1 :

1. If u, pu,v, v $ then for every sequence of boxes"
and label # there is a ∆-transition from " , u, # to
" , v, ! with probability pu,v.

2. If b, en Call b and µ AY b l L, then for every
sequence of boxes" and label #, there is a ∆-transition
from " , b, en , # to " , b, en , l with probability 1.

3. If b, ex Return b , and µ AY b l L, then for
every " and # there is a ∆-transition from " , b, ex , #
to " , b, ex , l with probability 1.

The initial global state is st0 ! , a0 , ! and the Þnal
global states are those of the form ! , qf , ! for qf F0.

MA can be seen as an ÒunfoldingÓ ofA. This construction
indeed forms a Markov chain in the usual sense: The sum of
outgoing probabilities from each global state is 1.

The notions of path between two states ofMA and state
reachability are standard. Since the choices at any two nodes
are independent of each other, the probability Pr p of a path
p is the product of all the probabilities of transitions along p.
With every global state g " , b, ex , # , we setLabOf g
#. Given a path p, we let LabOf p p0 . . . pn be the string
in Tag L formed by concatenating each LabOf pi , treating
! as the empty string. Given two global states st, st the
probability of transitioning from st to st is deÞned as:

Pr st, st
path p from st to st

Pr p .

The probability of a string # Tag L is

Pr #
final global state st path p from st0 to st

with LabOf p !

Pr p .

The total probability of all Þnite strings that reach a
Þnal state may be strictly less than one: this can happen

• • • • • •

Av : a or ε

Av1 Avm
1 1 • •

• •

• •

Av : ε

Av1

Avm

p1

pm

1

1

Figure 2: Translation from PrXML
mux ,det to RMC. Left

component Av for a PrXML
mux ,det node a v1 , . . . , vm

or det v1 , . . . , vm . Right component Av for a
PrXML

mux ,det node mux v1 , . . . , vm .

because strings reach states from which it is impossible to
reach a Þnal state, or because with non-zero probability the
computation of the Markov chain never returns to a global
state with no pending boxes. As shown in [14], one can
compute in PSPACEthe probability that an RMC generates
a Þnite string. In the case that this is non-zero, we normalize
the probability of any string by this number, thus gaining
a probability space on strings. For the tractable classes of
RMCs we will study later in this work, the computation of
this probability is feasible.

For a given RMC A, let us denote by L A the set of
strings that have non-zero probability. It is easy to see
that any # L A is a well-formed encoding of a document.
Consequently, the set of all documents corresponding to
L A together with the corresponding probabilities deÞne
a px-space associated toA that we denote by !A". The
corresponding probabilistic XML model is denoted RMC.

Example 4. Consider the following DTD fragment that
describes an XML phone directory, with a (possibly empty)
list of persons, each having a name and a (possibly empty)
list of phone numbers:

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

A simple RMC that generates all documents valid against
this DTD is given in Figure 1. Each component models
one element of the DTD. The probability of generating a
given document follows a decaying distribution for both the
number of persons, and the number of phones per person.
For example, the probability of generating a directory with
two persons, each of them having two phone numbers is
0.8 0.5 0.5 0.5 2 0.2 0.2%.

Existing probabilistic XML models, such as PrXML
mux ,det ,

can be efficiently translated to RMCs. Section 5 discusses
efficient translations of other PrXML models into RMC.

Proposition 5. PrXML
mux ,det

poly RMC.
Proof. Let P PrXML

mux ,det . We construct the cor-
responding RMC A as follows. The RMC contains one
component Av for every node v of P. The component A0

corresponds to the root of P. Consider cases. (i) v is a
regular (resp., det) node labeled a with m 0 children
labeled a1 , , am. The corresponding component Av is
given in Figure 2 (left), where µ Av a (resp., µ Av ! ).
(ii) v is a mux node with m children v1 , , vm and proba-
bilities p1 , , pm. This corresponds to the component Av
in Figure 2, where µ Av ! .

This construction produces an RMC of a very restricted
form, called tree-like Markov chain (see DeÞnition 12).

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

DTD:

RMC:

• Infinite probability spaces of trees  

• Trees of unbounded width and depth  


