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Uncertainty

Relational databases assume “exact” data
Increasingly breaking down

“Sensor” data
Physical/hardware sensors
Also data observed by people (called “persono-scopes”)

Data integration type of applications
Confidence/trust/“quality” issues
Machine generated schema mappings
Automatically extracted information/knowledge

Reasoning using Machine Learning techniques
Many classifiers provide probabilities of belonging to
different classes

Data may be exact, but queries may not be
inst-name like “UMD” (does this match “Univ of MD” ?)
Common in Information Retrieval



Types of uncertainty

“Nulls” (very interesting early work on this)

More generally, missing values/incomplete databases
Existence uncertainty: Tuples may or may not exist

Can be modeled logically, probabilities, fuzzy logic etc. . .

Attribute values are uncertain
I saw a car, but not sure of the color
Sensor values have “noise” in them

Approximations/Summarization

Confidence/Trust/Quality
“Correlations”

Either this tuple exists or that
If this attribute is 1, then that attribute is 2



Lineage/Data Provenance

Another thing databases don’t do well

Goal: Trace back a query result to original data
Provenance/Lineage

Carry around enough information during query
processing to trace back

Very important in sensor applications
Vision: Highly automated systems that process vast
amounts of data to decide what to do next
Large amounts of aggregation, distributed processing
A small mistake/noise can cause large errors later on
Custom-build sensor processing code makes it harder
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Uncertainty Management

Approach
Lets assume relational database for now
Attach numbers with the tuples or attribute values
Propagate numbers through the operations

Key questions:
How to operate on the numbers ?

Probability Theory is a natural choice, but not the only
one
Rich literature on other types of operations

How to do query processing ?
Actually very challenging...
Concrete results known only under simplifying
assumptions
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Probabilistic Databases

Use probabilities to model the uncertainty

Use laws of probability to process the data
Tuple-level uncertainty

All attributes in a tuple are known precisely
Existence of the tuple is uncertain

Attribute-level uncertainty
Tuples (identified by “keys”) exist for certain
Exact value of an attribute is uncertain



A Tuple-level Uncertainty Model

Proposed by Fuhr et al. in Information Retrieval Context
Later work by Dalvi and Suciu, by us here at UMD
(Prithviraj Sen)
Examples from Dalvi and Suciu, VLDB 2004

A simple probabilistic database

Tuple-level Uncertainty

• Proposed by Fuhr et al, more work recently by 
Dalvi and Suciu

• The examples are from Dalvi, Suciu [VLDB04]

• With each tuple, a probability of existence is 
associated

cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54
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SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

Result

{‘p’}
{‘p’}

{‘p’}

{}

{}

{}

{}

{}

cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
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the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
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the probabilities of all instances that return the same
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superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
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the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54
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cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.
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unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
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the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
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the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
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Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.
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Instead, we compute for each possible tuple t a prob-
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tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
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the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54
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(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:
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πD(S 1B=C T )→ Do Join first, then ProjectionExtensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
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B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54
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D prob
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(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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‘n’ 1 1 ’p’ 0.5*0.6 = 0.30
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‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
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B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54
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(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46
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1 (Dp) =

D Rank
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.
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cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.
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cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5
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Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:
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as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.
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where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
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(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54
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D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30
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D prob
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Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
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’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
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(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54
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D prob
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(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
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‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636
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Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.
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cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30
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(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:
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answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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B C D prob
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
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Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
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For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
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(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54
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D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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‘n’ 1 1 ’p’ 0.5*0.6 = 0.30
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‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.

Extensional: Example
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Joins: assume independence
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(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:

Projection: union probability; assume independence

Umm.. This is wrong !! 
Why ? The two tuples above are not independent.
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πD(S 1B=C T )→ Do Projection first, then JoinAlternate Query Plan
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

This is correct. 
The correctness unfortunately depends on the plan used.
Called “safe plans” [Dalvi, Suciu 2004]

Projection: union probability; assume independence

A B C D prob
‘m’ 1 1 ’p’ 0.8*0.6 = 0.48
‘n’ 1 1 ’p’ 0.5*0.6 = 0.30

(a) Sp !B=C T p

D prob
‘p’ (1 - (1 - 0.48)(1 - 0.3)) = 0.636

(b) ΠD(Sp !B=C T p)

Figure 3: Evaluation of ΠD(Sp !B=C T p)

In this simple example qrank(Dp) contains a single
tuple and the distinction between qpwd and qrank is
blurred. To see this distinction clearer, consider an-
other query, q1(x) : −Sp(x, y), T p(z, y), y = z. Here
qpwd
1 and qrank

1 are given by:

qpwd
1 (Dp) =

answer probability
{′m′,′ n′} 0.24
{′m′} 0.24
{′n′} 0.06
∅ 0.46

qrank
1 (Dp) =

D Rank
’m’ 0.48
’n’ 0.30

For example, the rank probability of ′m′ is obtained
as Pr({′m′,′ n′}) + Pr({′m′}). In general, qpwd(Dp)
may be exponentially large, while qrank(Dp) is sim-
ply a set of tuples, which are sorted by Rank. The
problem in this paper is now to compute qrank(Dp)
efficiently.

Extensional Query Semantics A natural at-
tempt to compute qrank(Dp) is to represent q as a
query plan then compute the probabilities of all tuples
in all intermediate results. For the query q in Fig. 2
(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
of a joined tuple s ! t is the product of the probabil-
ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
and then computing qrank(Dp), but it is wrong ! It’s
answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-

B prob
1 (1 - (1 - 0.8)(1 - 0.5)) = 0.9

(a) ΠB(Sp)

B C D prob
1 1 ‘p’ 0.9 * 0.6 = 0.54

(b) ΠB(Sp) !B=C T p

D prob
‘p’ 0.54

(c) ΠD(ΠB(Sp) !B=C T p)

Figure 4: Evaluation of ΠD(ΠB(Sp) !B=C T p)

tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:
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(b), such a plan is p = ΠD(Sp !B=C T p), and the cor-
responding probabilities are shown in Fig. 3. The for-
mulas for the probabilities assume tuple independence,
are taken from [13] and are rather straightforward (we
review them in Sec. 4). For example the probability
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ities of s and t. Clearly, this approach is much more
efficient than computing the possible worlds qpwd(Dp)
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answer is 0.636, while it should be 0.54. The reason is
that the two tuples in Sp !B=C T p are not indepen-
dent events, hence the formula used in ΠD is wrong.

However, let us consider an alternative plan, p′ =
ΠD((ΠB(Sp)) !B=D T p). The extensional evaluation
of this expression is shown in Figure 4, and this time
we do get the correct answer. As we will show later,
this plan will always compute the correct answer to
q, on any probabilistic tables Sp, T p. In this paper
we show how to find automatically a plan whose ex-
tensional evaluation returns the correct answer to a
query q. Finding such a plan requires pushing projec-
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tions early (as shown in this example), join reordering,
and other kinds of rewritings.

Queries with uncertain matches While query
evaluation on probabilistic databases is an important
problem in itself, our motivation comes from answer-
ing SQL queries with uncertain matches, and ranking
their results. We illustrate here with a simple example
on the Stanford movie database[1].

SELECT DISTINCT F.title, F.year
FROM Director D, Films F
WHERE D.did = F.did

and D.name ≈ ’Copolla’
and F.title ≈ ’rain man’
and F.year ≈ 1995

The predicates on the director name and the movie
title and year are here uncertain.

Our approach is to translate the query into a regu-
lar query over a probabilistic databases. Each tuple in
the table Films is assigned a probability based on how
well it matches the predicates title ≈ ’rain man’
and year ≈ 1995. Several techniques for doing this
exist already, and in this paper we will adopt existing
ones: see Sec. 8. In all cases, the result is a probabilis-
tic table, denoted Filmsp. Similarly, the uncertain
predicate on Director generates a probabilistic ta-
ble Directorp. Then, we evaluate the following query:

SELECT DISTINCT F.title, F.year
FROM Directorp D, Filmsp F
WHERE D.did = F.did

This is similar to the query q considered earlier
(Figure 2 (b)), and the same extensional plan can be
used to evaluate it. Our system returns:
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Intensional

πD(S 1B=C T )→ Do Join first, then ProjectionIntensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination

A B C D E
‘m’ 1 1 ’p’ s1 ∧ t1
‘n’ 1 1 ’p’ s2 ∧ t1

(a) Sp !i
B=C T p

D E
‘p’ (s1 ∧ t1) ∨ (s2 ∧ t1)

(b) Πi
D(Sp !i

B=C T p)

D Rank
‘p′ Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) = 0.54

(c) qrank(Dp) = Pr(Πi
D(Sp !i

B=C T p))

Figure 5: Intensional Evaluation of ΠD(Sp !B=C T p)

the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.

Join (intersection):
number in [0, 1] representing its probability.

The Query Evaluation Problem This paper ad-
dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =
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ep(t) if c(t) is true
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The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.

Projection (union):

This would result in the correct probability.
Can also see correlations.

Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination

A B C D E
‘m’ 1 1 ’p’ s1 ∧ t1
‘n’ 1 1 ’p’ s2 ∧ t1

(a) Sp !i
B=C T p

D E
‘p’ (s1 ∧ t1) ∨ (s2 ∧ t1)

(b) Πi
D(Sp !i

B=C T p)

D Rank
‘p′ Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) = 0.54

(c) qrank(Dp) = Pr(Πi
D(Sp !i

B=C T p))

Figure 5: Intensional Evaluation of ΠD(Sp !B=C T p)

the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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project into t; and ×i simply associates to a product
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Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
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Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
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Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
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t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.

Join (intersection):
number in [0, 1] representing its probability.

The Query Evaluation Problem This paper ad-
dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā
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scribed in Figure 1. Consider the query plan, p =
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evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
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Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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Evaluate the expression at the end (this can be
#P-Hard)

Can handle correlations (between tuples)
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πD(S 1B=C T )→ Do Join first, then ProjectionIntensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination

A B C D E
‘m’ 1 1 ’p’ s1 ∧ t1
‘n’ 1 1 ’p’ s2 ∧ t1

(a) Sp !i
B=C T p

D E
‘p’ (s1 ∧ t1) ∨ (s2 ∧ t1)

(b) Πi
D(Sp !i

B=C T p)

D Rank
‘p′ Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) = 0.54

(c) qrank(Dp) = Pr(Πi
D(Sp !i

B=C T p))

Figure 5: Intensional Evaluation of ΠD(Sp !B=C T p)

the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:
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eΠi
Ā
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The tabular definitions for σi,Πi,×i follow easily:
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input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.

Projection (union):

This would result in the correct probability.
Can also see correlations.

Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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s1 ‘m’ 1 0.8
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Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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The Query Evaluation Problem This paper ad-
dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.

Projection (union):

This would result in the correct probability.
Can also see correlations.

Evaluate the expression at the end (this can be
#P-Hard)

Can handle correlations (between tuples)



Intensional

πD(S 1B=C T )→ Do Join first, then ProjectionIntensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
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D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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The Query Evaluation Problem This paper ad-
dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table
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predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:
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ep(t) if c(t) is true
⊥ if c(t) is false
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
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(p)(t) =
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The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination

A B C D E
‘m’ 1 1 ’p’ s1 ∧ t1
‘n’ 1 1 ’p’ s2 ∧ t1

(a) Sp !i
B=C T p

D E
‘p’ (s1 ∧ t1) ∨ (s2 ∧ t1)

(b) Πi
D(Sp !i

B=C T p)

D Rank
‘p′ Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) = 0.54

(c) qrank(Dp) = Pr(Πi
D(Sp !i

B=C T p))

Figure 5: Intensional Evaluation of ΠD(Sp !B=C T p)

the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table
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our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.
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One method for evaluating queries on probabilistic
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duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
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more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
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Ā

(p)(t) =
∨
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the value pi(Dp) for any plan p for q, and call it the in-
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Dp. We prove now that it is equivalent to the possible
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possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
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First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
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πD(S 1B=C T )→ Do Join first, then ProjectionIntensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 1: A probabilistic database Dp

pwd(Dp) =
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q(u) : −Sp(x, y), T p(z, u), y = z
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qpwd(Dp) =
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{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
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duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
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the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table
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Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
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3We define extensional and intensional semantics formally in
Sec. 4.
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Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54

number in [0, 1] representing its probability.
The Query Evaluation Problem This paper ad-

dresses the following problem: given schema R̄p,Γp, a
probabilistic database Dp and a query q over schema
R̄, compute the probabilistic rankings qrank(Dp).

Application to queries with uncertain pred-
icates Consider now a deterministic database D and
a query q≈ that explicitly mentions some uncertain
predicates over base tables. We convert this problem
into evaluating a deterministic query q, obtained by
removing all uncertain predicates from q≈, on a prob-
abilistic database, obtained by associating a probabil-
ity Pr(t) to each tuple t based on how well t satisfies
the uncertain predicates in the query.

4 Query Evaluation

We turn now to the central problem, evaluating
qrank(Dp) for a query q, and a probabilistic database
Dp. Applying the definition directly is infeasible, since
it involves iterating over a large set of database in-
stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.

We restrict our discussion first to conjunctive
queries, which alternatively can be expressed as
select(distinct)-project-join queries. This helps us bet-
ter understand the query evaluation problem and its
complexity, and will consider more complex query ex-
pressions in Sec. 7. We use either datalog notation for
our queries q, or plans p in the select/project/product
algebra4: σ,Π,×.

4.1 Intensional Query Evaluation

One method for evaluating queries on probabilistic
databases is to use complex events, and was intro-
duced in [13]. We review it here and discuss its limi-
tations. Start by expressing q as a query plan, using
the operators σ,Π,×. Then modify each operator to
compute the event attribute E in each intermediate
result: denote σi,Πi,×i the modified operators. It is
more convenient to introduce them in the functional
representation, by defining the complex event ep(t) for
each tuple t, inductively on the query plan p:

eσi
c(p)(t) =

{
ep(t) if c(t) is true
⊥ if c(t) is false

eΠi
Ā

(p)(t) =
∨

t′:ΠĀ(t′)=t

ep(t′) (1)

ep×ip′(t, t′) = ep(t) ∧ ep′(t′)

The tabular definitions for σi,Πi,×i follow easily:
σi acts like σ then copies the complex events from the
input tuples to the output tuples; Πi associates to a
tuple t the complex event e1 ∨ . . . ∨ en obtained from

4Notice that Π also does duplicate elimination

A B C D E
‘m’ 1 1 ’p’ s1 ∧ t1
‘n’ 1 1 ’p’ s2 ∧ t1

(a) Sp !i
B=C T p

D E
‘p’ (s1 ∧ t1) ∨ (s2 ∧ t1)

(b) Πi
D(Sp !i

B=C T p)

D Rank
‘p′ Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) = 0.54

(c) qrank(Dp) = Pr(Πi
D(Sp !i

B=C T p))

Figure 5: Intensional Evaluation of ΠD(Sp !B=C T p)

the complex events of all input tuples t1, . . . , tn that
project into t; and ×i simply associates to a product
tuple (t, t′) the complex event e ∧ e′.

Example 4.1 Let us consider the database Dp de-
scribed in Figure 1. Consider the query plan, p =
ΠD(Sp !B=C T p). Figure 5 shows the intensional
evaluation of the query (we used the tuple names as
atomic events). pi(Dp) contains a single tuple ′p′ with
the event (s1 ∧ t1) ∨ (s2 ∧ t1).

Thus, pi(Dp) denotes an intensional probabilistic
relation. It can be shown that this is independent on
the particular choice of plan p, and we denote qi(Dp)
the value pi(Dp) for any plan p for q, and call it the in-
tensional semantics5 of q on the probabilistic database
Dp. We prove now that it is equivalent to the possible
worlds semantics, qpwd(Dp).

Theorem 4.2. The intensional semantics and the
possible worlds semantics on probabilistic databases
coincide for conjunctive queries. More precisely,
pwd(qi(Dp)) = qpwd(Dp) for every intensional prob-
abilistic database Dp and conjunctive query q.

(All proofs in this paper are available in our techni-
cal report [10].) Theorem 4.2 allows us to compute
qrank(Dp), as follows. First compute qi(Dp), then
compute the probability Pr(e) for each complex event.
Then qrank(Dp) = Pr(qi(Dp)).

Example 4.3 Fig. 5(c) shows prank(Dp) for Ex. 4.1.
Pr((s1 ∧ t1) ∨ (s2 ∧ t1)) was shown in Ex. 3.1.

It is very impractical to use the intensional seman-
tics to compute the rank probabilities, for two reasons.
First, the event expressions in qi(Dp) can become very
large. In the worst case the size of such an expres-
sion can become of the same order of magnitude as
the database. For instance, if a projection on a table

5In [13] this is the only query semantics considered.
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Application to queries with uncertain pred-
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stances. Instead, we will first review the intensional
evaluation of [13] then describe our approach.
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Projection (union):

This would result in the correct probability.
Can also see correlations.

Intensional Semantics
cluding queries with joins, nested sub-queries, aggre-
gates, group-by, and existential/universal quantifiers2.
Queries have now a probabilistic semantics, which is
simple and easy to understand by both users and im-
plementors.

The main problem is query evaluation, and this is
the focus of our paper. Our approach is to represent
SQL queries in an algebra, and modify the operators to
compute the probabilities of each output tuple. This
is called extensional semantics in [13], and is quite effi-
cient. While this sounds simple, the problem is that it
doesn’t work: extensional evaluation ignores the com-
plex correlations present in the probabilities of the in-
termediate results and the probabilities computed this
way are wrong in most cases, and lead to incorrect
ranking. In [13], the workaround is to use an inten-
sional semantics 3, which is much more complex and,
as we show here, impractical. Our approach is dif-
ferent: we rewrite the query plans, searching for one
where the extensional evaluation is correct. We show
however that certain queries have a #P-complete data
complexity under probabilistic semantics, and hence
do not admit a correct extensional plan. However,
many queries that occur in practice do have a correct
extensional plan (8 out of the 10 TPC/H queries fall in
this category). For others, we describe two techniques
for evaluation: a heuristics to choose a plan that avoids
large errors, and a Monte-Carlo simulation algorithm,
which is more expensive but can guarantee arbitrarily
small errors.

Outline We give motivating examples in Sec. 2, de-
fine the problem in Sec. 3, and describe our techniques
in Sec. 4-8. Sec. 9 reports experiments and Sec. 10 de-
scribes related work. We conclude in Sec. 11.

2 Examples

We illustrate the main concepts and techniques of this
paper with two simple examples.

Probabilistic Database In a probabilistic
database each tuple has a certain probability of
belonging to the database. Figure 1 shows a proba-
bilistic database Dp with two tables, Sp and T p: the
tuples in Sp have probabilities 0.8 and 0.5, and the
unique tuple in T p has probability 0.6. We use the
superscript p to emphasize that a table or a database
is probabilistic. We assume in this example that the
tuples are independent probabilistic events, in which
case the database is called extensional [13].

The meaning of a probabilistic database is a proba-
bility distribution on all database instances, which we
call possible worlds, and denote pwd(Dp). Fig. 2 (a)
shows the eight possible instances with non-zero prob-
abilities, which are computed by simply multiplying

2In this paper we restrict our discussion to SQL queries whose
normal semantics is a set, not a bag or an ordered list.

3We define extensional and intensional semantics formally in
Sec. 4.

Sp =
A B

s1 ‘m’ 1 0.8
s2 ‘n’ 1 0.5

T p =
C D

t1 1 ‘p’ 0.6

Figure 1: A probabilistic database Dp

pwd(Dp) =

database instance probability
D1 = {s1, s2, t1} 0.24
D2 = {s1, t1} 0.24
D3 = {s2, t1} 0.06
D4 = {t1} 0.06
D5 = {s1, s2} 0.16
D6 = {s1} 0.16
D7 = {s2} 0.04
D8 = φ 0.04

(a)

q(u) : −Sp(x, y), T p(z, u), y = z

(b)

qpwd(Dp) =
answer probability
{′p′} 0.54
∅ 0.46

(c)

Figure 2: (a) The possible worlds for Dp in Figure 1,
(b) a query q, and (c) its possible answers.

the tuple probabilities, as we have assumed them to
be independent. For example, the probability of D2 is
0.8 ∗ (1− 0.5) ∗ 0.6 = 0.24, since the instance contains
the tuples s1 and t1 and does not contain s2.

We now illustrate query evaluation on probabilistic
databases. Consider the conjunctive query q in Fig. 2
(b). Its meaning on Dp is a set of possible answers,
shown in Fig. 2 (c). It is obtained by applying q to
each deterministic database in pwd(Dp), and adding
the probabilities of all instances that return the same
answer. In our example we have q(D1) = q(D2) =
q(D3) = {′p′}, and q(D4) = . . . = q(D8) = ∅. Thus,
the probability of the answer being {′p′} is 0.24+0.24+
0.06 = 0.54, while that of the answer ∅ is 0.46. This
defines the set of possible answers, denoted qpwd(Dp).
Notice that we have never used the structure of the
query explicitly, but only applied it to deterministic
databases taken from pwd(Dp). Thus, one can give
a similar semantics to any query q, no matter how
complex, because we only need to know its meaning
on deterministic databases.

The set of possible answers qpwd(Dp) may be very
large, and it is impractical to return it to the user.
Instead, we compute for each possible tuple t a prob-
ability rank that t belongs to any answer, and return
tuples sorted by this rank. We denote this qrank(Dp).
In our example this is:

qrank(Dp) = D Rank
’p’ 0.54
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Evaluate the expression at the end (this can be
#P-Hard)

Can handle correlations (between tuples)
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Probabilities are rarely required exactly
“Ranking” is all thats needed
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“Closed”
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Attribute-level Uncertainty

In some cases easier, in some cases harder to deal with

Continuous distributions common (e.g. in sensor
applications)

Hard to do exact querying over continuous attributes
What about correlations ?

Temperatures are nearby locations are usually correlated

Much work on this topic; some we are doing here



Lineage

Given a tuple t , we would like to know:
When t was derived ?
How t was derived ?
What data was used to derive t ?
Who (which user) cause t to be derived ?

Can keep the information along with the t
Propagate it as the new result tuples are generated
Clearly not feasible
Try storing with relations instead of each tuple
Annotate the tuples somehow
. . .

A lot of open questions, few answers



Discussion

Very interesting “hot” area
Lot of work by many groups

On defining models, efficient query processing, building
systems etc. . .
We are doing a bunch of work here

No real consensus yet emerging

“Killer Application” ??

Key is keeping it simple, otherwise no one will use it


	Overview
	Probabilistic Databases

