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Abstract

Managing uncertain information using probabilistic databases has drawn much at-
tention recently in many fields such as information retrieval, multimedia database
and sensor data management. Differing from conventional databases which maintain
certain data, probabilistic databases manage data with probability. A query plan
applicable to a conventional database may generate incorrect composite probability
in the query result when applied to a probabilistic database. Finding safe query
plans is the key to query evaluation on probabilistic databases. In this paper, we
propose a new approach to generate safe plans for probabilistic databases. Adopting
effective preprocessing and multiway split techniques, our algorithm can reduce the
number of projection and avoid unnecessary cartesian-products in the query plans.
Further, we extend existing transformation rules to allow the safe plans generated
by the Safe-Plan algorithm [11] and the proposed Multi-way Split algorithm to be
transformed between each other. We apply our approach on the TPC-H bench-
mark queries and show that safe query plans can be accurately generated. We also
demonstrate through experiments that the query plans generated by our algorithm

are significantly more efficient comparing to the mainstream approach.
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1 Introduction

There exists a pressing need for integrating database (DB) and Informa-
tion Retrieval (IR) techniques. While DB systems focus on accessing exactly
matched data in fast response, IR systems often focus on retrieving inexactly
matched data in a relatively lengthy process; for example, searching the im-
ages similar to a given sample. There are several aspects in the integration
of DB and IR, for example, extending SQL to express search activities, or
extending search by supporting direct data access. While all those efforts de-
serve to be encouraged, we believe the more practical way is to use database
techniques to manage the growing amount of imprecise IR results, such as the
annotations, properties or concepts of multimedia data with certain degrees

of believes. This is exactly the capability of probabilistic database.

In a regular database, tuples in a relation represent assertions, and a query
looks for exactly matched assertions. However, in a probabilistic database,
tuples in a relation or in a query result bear two kinds of information: assertions
and their probabilities, meaning that each assertion has only a certain degree
of belief. Since a query has probabilistic semantics, its evaluation is constrained

for preserving such semantics.

A query is evaluated based on its execution plan. A query plan is the combi-
nation of relational operators represented by a query tree. A query can have
multiple execution plans, and there exist a set of primitive transformation
rules for converting query plans from one another with preserved semantics.
The purpose of query optimization is to choose an efficient execution plan. A
query result against a probabilistic database is correct only if both assertions
and their probability are correct. A query execution plan that can gain correct

results is called a safe execution plan.

As probability could be conditional, we cannot assume that the tuples, or the
relations, represent independent assertions thus can be manipulated indepen-
dently. Therefore, a query plan that is correct without considering probability,
could be incorrect, when composite probability is taken into account. In fact,

the query plans having equal semantics without considering probability, may



not be all safe on a probabilistic database. Therefore, in regular database query
evaluation, the goal is to find efficient execution plan; in probabilistic database
query evaluation, the goal is to find safe as well as efficient execution plan. As
probabilistic databases have become critical to many emerging technologies,

the practical value of this research topic has been gradually realized.

To find safe as well as efficient execution is our objective. Our solution is
based on query rewriting for generating safe plans efficiently, and making
safety-preserved query optimization in a probabilistic database environment.

The main contributions are as follows.

e We classify projections into simple ones and complex ones where a simple
projection involves only one relation, and a complex projection involves two
or more relations; then we prove that any execution plan for a probabilistic
conjunctive query without complex projection is safe, that is, yield correct
data as well as probability without requiring special treatment.

e We project out non-association attributes by preprocessing the queries in-
volving complex projection. If several tables satisfy the split condition at
the same time, we adopt the multiway split algorithm which can decrease
the number of projections and avoid unnecessary cartesian-product in the
safe plan.

e We extend existing transformation rules. With these new rules, the safe
plans generated by the Safe-Plan [11] algorithm and our proposed Multi-

way Split algorithm can be transformed between each other.

The rest of this paper is organized as follows. Section 2 outlines the probabilis-
tic database model and query evaluation. Section 3 discusses the extensional
query evaluation semantics with respect to simple and complex projections.
Section 4 describes the novel safe plan generation algorithm. Section 5 deals
with safe plan optimization. The experimental results are shown in Section 6.

Section 7 discusses related work. Section 8 concludes the paper.



2 Probabilistic database theory

An event may be probabilistic. The probability of an event can be indepen-
dent, or conditional based on the probabilistic dependencies with other events.

Managing such events is the goal of probabilistic databases [11,17,27].

2.1  Probabilistic database model

We call an independent probabilistic event an atomic event, and the composi-
tion of atomic events constructed with logic operators A, V, and = a complex

event. We denote a probability function on event e as Pr(e) — [0, 1].

Probabilistic database A probabilistic database manages probabilistic events,

where each tuple has a certain probability of belonging to the database.

Probabilistic relation A probabilistic relation is a relation with a distin-
guished event attribute E for complex events. We write R for a relation name,
Attr(R) for the set of its attributes, and Key(R) for the key of R. Users ”see”
only R, but the system needs to access the event attribute RP.E. The set of
functional dependencies (F'D) I'? always contains Attr(R) — RP.E. This en-
sures that we don’t associate two different events e; and e; to the same tuple
t (instead, we may want to associate e; V es to t). In this paper, we do not

consider self-join involving a probabilistic table.

Figure 1 shows a probabilistic database DP with two relations, SP and T”:
the tuples in S? have probabilities 0.9 and 0.6, and the unique tuple in 77
has probability 0.5. We use the superscript p to emphasize that a relation
or a database is probabilistic. We assume in this example that all the tuples

represent independent probabilistic events.

2.2 Query evaluation on probabilistic databases

On a probabilistic database, a query answer is correct only if the resulting

data and their probabilities are both correct. Therefore, query evaluation on a



probabilistic database includes not only data computation but also probability
computation. There are two ways of probabilistic query processing: one couples
data computation and probability computation together [11], the other does

them separately [28]. We will focus on the former.

We further focus on conjunctive queries expressible by datalog or equivalently
by select (distinct)-project-join (SPJ). Accordingly a query plan P is expressed
using relational operators o, Il,>x (x). A probabilistic relation with atomic
events which satisfies the F'D RP.E — Attr(R) is called extensional. Other-

wise, it is called intensional.

Intensional query evaluation Intensional query evaluation on probabilistic
databases works by modifying relational operators to handle complex events
[15] step by step in each intermediate result. Let o, 1T, X’ be the modified
operators, which have the following definitions [11]: ¢ acts like o then copies
the complex events from the input tuples to the output tuples; II* associates to
a tuple t the complex event e; V... Ve, obtained from the complex events of all
input tuples ¢1, ..., t, that project into t; and x* simply associates to a product
tuple (¢,t") the complex event e A €. The authors [11] proposed to compute
for each possible tuple t a probability rank that ¢ belonged to any answer, and
sorted tuples sorted by this rank, which was denoted by ¢"**(DF).

With intensional query evaluation, computation on complex event e(s, ..., sg)
is exponential in k, since Pr(e) is #P-complete [33] even for complex events
without negation. As a result, using intensional semantics to compute the rank

probabilities [11] is impractical.

Extensional query evaluation Extensional query evaluation [11] is based on
modifying the query operators to compute probabilities rather than complex
events. It is called extensional since real numbers rather than event expressions
are dealt with, and therefore efficient. The input tuples have independent
events with Pr,(t) € [0, 1] for each tuple t.

Let o€ II¢, x¢ be modified operators defined as follows [11]: o¢ acts like o
that propagates the probabilities of tuples from the input to the output, I1°
computes the probability of a tuples t as 1 — (1 — p1)(1 — p2)...(1 — p,,) where



P1, .-, P are the probabilities of all input tuples projecting to ¢, while x com-
putes the probability of each tuple (¢,¢') as p x p'. Let P¢(DP) be the result
of applying plan P chosen for query ¢. If P¢(DP) = ¢"*"*(DP) then we say
that the extensional semantics of plan P is correct. A query plan is safe if
its extensional semantics is correct for all probabilistic database instances of
a given schema and FDs. The formal definition of safety is given in [11] as

following.

Definition 1 Given a schema RP and the set of FDs I'P, a plan for a query
q is safe if P¢(DP) = ¢q"*"*(DP) for all D? of that schema.

Example 1 Let us consider the database DP described in Figure 1 and the

query q shown below.

¢(D) : —S?(A, B),T*(C,D),B = C (1)

Consider the query plan P = I1%,(SP <%_ T?) for (1). The meaning of a
probabilistic database is a probability distribution on all database instances,
which we call possible worlds, and denote pwd(DP). With the possible world

semantic, the results of the running example is shown in Figure 2.

If we adopt extensional query evaluation method, the data item is 'p' and its
probability is 0.615. So the data item in the result of the query plan P =
I15,(SP <x%_ TP) is correct while its probability is wrong. The reason is that
the two tuples in SP>G_~TP are not independent events, hence the formula
used in the plan is wrong. However, let us consider an alternative plan P, =
115, (I1% (SP)<G_TP). Now the data item in the result is 'p" and its probability
15 0.48. This time both the data item and its probability are correct.

This example indicates the importance of query plan selection on probability
databases - plans with the same relational algebra semantics are not all correct

from probability point of view.



2.8  Probabilistic query example

We test our query plan generation algorithms on the probabilistic relations
generated dynamically from regular relations corresponding to approximate
queries. As mentioned before, these algorithms can also be directly applied to
evaluate queries on the probabilistic databases where the probability values

of data are pre-prepared.

In this case, a SQL query with approximate matches is translated into a regular
query over the generated probabilistic relations. The query results are ranked
by probability. This can be illustrated by the following simple example from
DBLP [13]

SELECT a.authorid as id, a.name, p.title
FROM Authors a, Write w, Papers p
WHERE a.authorid = w.authorid

AND w.paperid = p.paperid

AND a.name =~ ’Jim Gray’

AND p.title = ’database system’

where predicates on the name attribute of relation Authors, and on the title

attribute of relation Papers, are uncertain.

Corresponding to the approximate query condition ”"a.name =~ ’Jim Gray’”,
each tuple in the relation Authors is assigned a probability based on how well
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it matches the predicate "name = 'Jim Gray’”. This is done using a function
based on the 3-gram distance strategy [24] for gaining the probability, which
measures the similarities of two words by the number of triplets of consecutive
letters common to both words. This function results in a probabilistic relation,
denoted by AuthorP. Similarly, the uncertain predicate on Papers corresponds
to a probabilistic relation PapersP. Then, we evaluate the following query that

is obtained by dropping the similarity predicates from the original SQL query:



SELECT a.authorid as id, name,title

FROM Authors? a, Write w, Papers? p

WHERE a.authorid = w.authorid
AND w.paperid = p.paperid

With the proposed algorithms, the result is shown in Table 1. The generated

query plan will be shown in Section 6.2.

3 Simple and complex projections in extensional query evaluation

We classify projections into simple ones and complex ones where a simple
projection involves only one relation, and a complex projection involves two
or more relations. We can prove that any execution plan for a probabilistic
conjunctive query without complex projection is safe, that is, it yields correct
data as well as probability without requiring special treatment. This will allow

us to focus and simplify our solution.

Recall that a probabilistic database schema RP may consist both of proba-
bilistic relation names, which have an event attribute E, and deterministic
relation names. For a conjunctive query ¢, we use the following notations as
in [11]:

e Rels(q) = {Ry,..., Ry} all relation names occurring in g. We assume that
each relation name occurs at most once in the query. |Rels(q)| denotes the
number of relations in the query q.

e PRels(q) = the probabilistic relation names in ¢, PRels(q) C Rels(q).

o Attr(q) = all attributes in all relations in ¢q. To disambiguate, we denote
attributes as R;.A.

e Head(q) = the set of attributes that are in the output of the query g.
Head(q) C Attr(q).

Let ¢ be a conjunctive query. We define the induced functional dependencies
I'?(q) on Attr(q) as [11]:



e Every FD in I'? is also in I'?(q).
e For every join predicate R;.A = R;.B, both R;.A — R;.B and R;.B — R;.A

are in I'P(q).

Below we study the projection safety based on the following two theorems

given in [11].

Theorem 1 Consider a database schema where all the probabilistic relations
are tuple-independent. Let g and ¢’ be conjunctive queries that do not share

any relation name. Then,
1. 05 is always safe in 0.(q).

2. X¢ is always safe in q X ¢'.

8. 10, . a, is safe in g, . a,(q) iff for every RP the following can be inferred
from T'?(q)
Ay, .y A, RP.E — Head(q). (2)

Theorem 2 Let P be a safe relational algebra plan for a query q consisting

of selects, projects and joins. Then, all operators in P are safe.

Let A(RY) = {Ay, ..., Ay, R?.E}. We start from the following definitions and

corollaries.

Definition 2 Consider a database DP where all probabilistic relations R €
RY be in q;. Based on T'?(q), the set of attributes which can be inferred from
Ay, ..., Ay, RYE is represented by {Aq,..., Ag, RY.E}" and we denote it by
InfAttr ymey(q), and let InfAttr(q) = Ny InfAttr s zey(q)-

.....

age set (MCS(q)) of InfAttr(q) has the following property: For each RY €
Rels(q;), if InfAttr(q) 2 Attr(RY), then MCS(q) = MCS(q) U{RV}(i =
1,...,n). Similarly, for each R; € Rels(q;), if InfAttr(q) 2 Attr(R;), then
MCS(q) = MCS(q) U{R;}(j =1,...,m). Let MCS(Attr(R?)*) denote the
maximal coverage set of Attr(RY)*T, MCS(Attr(RY)") has the following prop-



erty: For each R? € Rels(q), if Attr(R})" 2 Attr(RY), then MCS(Attr(R)*) =
MCS(Attr(R)*) U {RY}. Similarly, for each R; € Rels(q), if Attr(R})* 2
Attr(R;), then MCS(Attr(RY)T) = MCS(Attr(RY)"T) U{R;}. We use Attr(
MCS(q)) denoting all attributes of tables in MCS(q), Attr(MCS(q))* de-
noting all attributes which can be inferred from Attr(MCS(q)) and |[MCS(q)|
denoting the number of relations in M C'S(q).

Corollary 1 Suppose ¢ =14, a,(qi), then Attr(MCS(q))" C InfAttr(q).
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Proof. We prove the theorem by contradiction. Suppose ARY. A € Attr(MCS(q))*
but RY.A & InfAttr(q). There are two cases:

1. RP.A € Attr(MCS(q)): Because Attr(MCS(q)) C InfAttr(q), we have
RP.A € InfAttr(q).

2. R}.A ¢ Attr(MCS(q)): Since R} A € Attr(MCS(q))", IRE.B € Attr(MCS(q))
and there must be a join condition R}.A = RY.B in the query. Therefore, for

any RY € g,

Ay, Ay, RVE— . Attr(MCS(q)), . ..
— ..., Attr(MCS(q)), RY.B, ...
— ..., Attr(MCS(q)), R} .A

Thus InfAttr(q) 2 Attr(MCS(q))JU{R?.A}, which means RY. A € InfAttr(q).

Both cases contradict the assumptions that IRY.A € Attr(MCS(q))* but
RY.A & InfAttr(q), therefore Attr(MCS(q))t C InfAttr(q). Similarly, we
can prove if AR;. A € Attr(MCS(q))", then R;.A € InfAttr(q). Thus the

corollary is proved. [

Corollary 2 Consider a database where all the probabilistic relations are tuple-

independent. Then,

1. If it only includes o, x° or simple projections, the query q is safe.

77777

Proof. 1. Follows trivially from Theorem 1.
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2. By Theorem 1, ¢ = I1%, 4, (q:) is safe iff for every R}, Ay, ..., Ay, Ri.E —

Head(q;) (i = 1,...,n). Thus Head(q;) C MiyInfAttrsgry(q). Therefore,
A, (@) is safe iff Head(q;) C InfAttr(q). O

-----

With Corollary 1 and 2, we know that only complex projections influence the
safety of SPJ queries. The left-deep join tree (L-tree) [16] is an useful tool to
describe execute plan in the conventional relational database system. We call
the tree to describe the safe execute plan safe tree (S-tree) in the probabilistic

databases.

Example 2 Continuing Example 1, suppose both SP and T? are tuple-independent
probabilistic relations, and the execution plan for the query is ¢ = 115 (S? <%_~
T?), whose L-tree is shown in Figure 3a. Let q¢; = SP <%_ T?, Head(q;) =
{A,B,C,D} and T?(q) = {SP.A,SP.B — SP.E;T*.C,T*.D — TP.E;SP.E —
SP.ASP.B; TP E — TP.C,T?.D; S*.B — TP.C;TP?.C — SP.B}. By Theorem
1,
T°.D, S F— SP. A, SP. B, T".D
— SP.ASP.B, T?.C, TP.D
™.D, T°P.E—T?.C,T".D
—SP.B, T?.C, T".D

Then InfAttr(q) = {T?.D,SP.E}* 0 {T?.D,T?.E}* = {S?.B,T".C, T".D}.
Therefore, Head(q;) € InfAttr(q). By Corollary 2, the plan I1%,(S? ><%_n TP)

s unsafe.

Assume that the query plan is ¢ = 119, (I1G(SP) xG_ TP). Let g; = I15(SP) ><G_¢
TP, then Head(q;) = {B,C, D}. Hence Head(q;) C InfAttr(q). By Corollary
2, the plan 115,(I15(S?) ><%_ T?), whose S-tree is shown in Figure 3b, is safe.

By the query plan, we can compute the correct probability.

4 The novel safe plan generation algorithm

In this section, we will describe the Multiway-Split algorithm, prove its cor-

rectness and show its efficiency.

11



4.1 The preprocessing algorithm

Selection is one to one mapping, so it can not cause any error in computing
probabilities. Projection for an original relation is many to one mapping, thus
it does not cause any error in computing probabilities either. As a result,
pushing down selection and projection related to each original relation does

not bring errors in computing probability for a query gq.

Before going to the algorithm, we first consider the attributes associated with
join or projection in a query, and prove that a projection-join query plan of

two relations involving only such attributes is safe.

Definition 3 If an attribute is associated with join conditions or Head(q) in
a query q, we call it association attribute. An association attribution bag of

query q is denoted by A*B(q). It includes the following attributes:

o If R¥.A € Head(q), then we put RY.A into A2B(q);
o If there is a join predicate R}.B = T}.C, then we put both R}.B and T}.C
into A2B(q);

If all the duplicate attributes are eliminated from the association attribute bag
of g, we call it the association attribute set, which is denoted by A2S(q). The
association attribute set of a relation RY is denoted by A%S(R?). It is the inter-
section of A?2S(q) and Attr(RY), that is, A2S(RY) = A2S(q) N Attr(RY). If the
attribute of RY can not be inferred from A%S(RY), we call it non-association at-
tribute. If A2S(RY) 2 Key(RY), RY has non-association attributes. Similarly, if
the attribute of R; can not be inferred from A%S(R;), we call it non-association
attribute. If A2S(R;) 2 Key(R;), R; has non-association attributes.

Our preprocessing algorithm is shown in Algorithm 1, which includes the fol-

lowing two steps.

1. We first push down selection predicate RY.Afc and projection predicate
I14(RY). Based on the new query ¢, we drive A*S(q).

2. For probabilistic relations, we project out the non-association attributes if

12



A%S(RY) 2 Key(R?). For deterministic tables, we also project out the non-
association attributes if A2S(R;) 2 Key(R;).

Example 3 Consider the following query

q(U): — LP(A), J*(B,C, D), R*(F),A = B,D = F,S*(U,U}),U, = B.

Assume that U is a key for the relation SP(U,Uy). According to Definition 3,
A%’B(q) = {A,B,D,F,U,B,U,}, A%2S(q) = {A,B,D,F,U,U,} and I'?(q) =
{LP.E — L[P.A;[P.A — [P.E; JP.E — JP.B, J°.C,J’.D; J°.B, J*.C, JP.D —
JP.E;RP.E — RP.F;RP.FF — RP.FE;SP.F — SP.U,SP.Uy; SP.U, SP.U; — SP.E;
»A— Jr.B; JP.B — LP.A; JP.D — RP.F'; RP.F — JP.D; SP.U, — JP.B; JP.B

— SP.Uy; SP.U — SP.Uy}. Their association attribute sets are as follows.

A?S(LP) = Attr(LP) N A%S(q) = {A}
A2S(JP) = Attr(JP) N A%S(q) = {B, D}
A%S(RP) = Attr(RP) N A%S(q) = {F}
A%S(SP) = Attr(SP) N A%S(q) = {U, U}

Because A*S(LP) is equal to Attr(LP), there is no non-association attribute
in relation LP, hence LP need not project out any attribute. For the same
reason, neither relation RP nor SP need project out any attribute. Because
A%2S(JP) 2 Key(JP), JP should project out the non-association attribute {C'},
that is, J¥ = Tgp(JP). After preprocessing, we have the following query plan:

q(U): — LP(A), J*(B, D), R°(F),A = B,D = F, S*(U,U,),U; = B.

Then JP.E — JP.B,JP.C,JP.D and JP.B,J?.C,JP.D — JP.E in I'’(q) are
replaced by JU.E — JV.B, J'.D and J¥.B,J{.D — JP.E.

-----

.....

T7) is safe.

Proof. We prove the theorem by contradiction. Let ¢; = R} > T}. Suppose
dRY.D € Head(q;) but RY.D ¢ InfAttr(q), since RY.D is an association

13



attribute, it should be one of the following two cases:

1. If RP.D € {Cy,...,Cy}, then RC.D € ({C4,...,Cn} U Attr(RY))* and
R}.D € ({Ch,...,Cpn} UAtr(T7))*. Therefore, R}.D € InfAttr yzry(q) and
RY.D € IanttrA(T]p)(q), which means RY.D € InfAttr(q).

2.1f R}.D € {R].A,T}.B}, we have

Cl,...,Cm,R?.EHCb...,Cm,...7R€.A,CTJP.B,...
Cl,...,Cm,jyp.E—)Ch...,Cm,...,Rf.A,]}p.B,...

Thus R}.D € InfAttr yzry(q) and RY.D € IanttTA(ij)(q). Hence R?.D €
InfAttr(q).

Both cases contradict the assumptions that RY.D € Head(q;) but R}.D ¢
InfAttr(qg;). Therefore, Head(q;) C InfAttr(q). By Corollary 2, Il¢, o, (

R} as—p T}) is safe. Therefore, the theorem is proved. O

4.2 The Multiway-Split algorithm

Before presenting the algorithm for finding a safe plan, we first introduce a

few concepts. Assume |MCS(q)| = n, there are the following two cases:

e If n > 0andn < |Rels(q)|, Rels(q) is partitioned into n+1 sets. Each of the
first n relation set Rg, only includes one relation of M CS(q); whereas the
last relation set Rg, , , which is called the splitting relation set, includes all
relations of Rels(q) — MCS(q). Thus Rg,, Rs,, ..., Rs, ., form a separation
for query gq.

e If n is equal to |Rels(q)|, Rels(q) is partitioned into n sets. Each relation
set Rg, only includes one relation of MCS(q). Thus Rg,, Rs,, ..., Rg, form

a separation for query gq.

Let Attr(Rg) denote all attributes in all relations in Rg. For the attributes
belonging to splitting relation set Rg, , if they can join the attributes in other

relation sets, we call them the partition join attributes. These attributes form

14



. Fur-

is the

a set called partition join attribute set and denoted by PJAS(Rg

n+l)

thermore, partition association attribute set denoted by PA*S(Rs,.,)

union of PJAS(Rs,.,) and (Head(q) N Attr(Rsg,,,)), that is, PA>S(Rg
PJAS(Rs,,,)U (Head(q) N Attr(Rs,,,)).

n+1) =

Definition 4 Suppose ¢ = 15,4, (1] ><° R5... >=° RE) and each relation
R? has no non-association attribute, if q is split into q = H?Iead(q)(qi) and
¢ = @1 X° G ... X<E° Gy, then InfAttr(q) O Head(q;). We call this split a safe
split.

If a cartesian-product can be avoided by query optimization in the safe plan,
we call it unnecessary cartesian-product, otherwise, we call it necessary cartesian-

product.

Theorem 4 Consider a database where all the probabilistic relations are tuple-
independent. After preprocessing, let ¢ = H‘j{ead(q)(RIf >® R € ... > RP)
(Head(q) # {} An > 1), its MCS(q) includes m(1 < m < n) relations (for
example RY, ..., RP ), then:

1. If m < n, the split H%ead(q)(Rﬁ’ >® RY ... ¢ RP ><® HPAQS(Rsl)(anH L X©
RP)) is safe.

2. If m is equal to n, Wy, (R7 > Ry ... 02° BE) s safe.
Proof. We prove the theorem as follows.

1. Let ¢j = Ry >=<® Ry...>x° R?, Rg, = {Rmm+1,...,Ry}. Then ¢ = ¢; ><°
pazs(rg,) (R >° ... > RE) and Head(q;) = Attr(g;) U PA2S(Rg,) =
Attr(q;) U PJAS(Rs,) U (Head(q) N Attr(Rs,)). For any RY.B € Head(q;),

e If R” € MCS(q), then InfAttr(q) 2 Attr(RY). Therefore, RY.B € Inf Attr(q).
e If R?.B € (Head(q) N Attr(Ry)), then RY.B € InfAttr(q).
o If RY.B € PJAS(Rs,), then there must exist a relation R} € MCS(q) and

a join condition R;.C' = R}.B. Thus R}.B € Attr(MCS(q))*. By Corollary

1, Attr(MCS(q))" C InfAttr(q), therefore RY.B € InfAttr(q).

Thus Head(q;) C InfAttr(q). Hence the split is safe.

15



2. If m is equal to n, we have

InfAttr(q) D Attr(MCS(q))*"
D Attr(MCS(q))
= Head(q;)

Hence 15,4, (1 >4 Ry ... ><° BE)) is safe. [

Corollary 3 Consider a database where all the probabilistic relations are tuple-
independent. After preprocessing, let q = 115, (17 ><® Ry o ... >° RE)
and (Head(q) # {}). If MCS(q) is an empty set, the query has no safe plan.

Proof. We prove the corollary by contradiction. Assume that the query has
a safe plan ¢ = 1194, (q;), then Head(q;) C InfAttr(q). Let ¢; = Ry ><°
Rb <€ ... >x® RP. Because MCS(q) = 0, InfAttr(q) C Attr(q;) = Head(g;),
Head(q;) C Head(g;). Then there must exist a safe split in ¢ and ¢; = R <°
o RE O pa® TIE(RY L > oL ® RP)(0 < m < n). Therefore, MCS(q) =
(n—m) > 0, which contradicts the assumption that M CS(q) is an empty set.

Hence the query has no safe plan. This proves the corollary. [J

Algorithm 2 is our Multiway-Split algorithm, which includes the following
steps:

1. If g includes no complex projection, any plan is safe. If Head(q) = {}, use
the Safe-Plan algorithm [11].

2. We preprocess the query plan ¢ and then invoke the Split algorithm. There-

after, either a safe plan is returned or an error is returned.
Algorithm 3 is the Split algorithm, which includes the following steps:

1. If there is no complex projection in ¢, return any plan for ¢. If there is only

one < in ¢, return the present plan for q.

2. We calculate InfAttr(q) and MCS(q). Let |[MCS(q)| = n. If n is equal to
0, no safe plans exists. If n < |Rels(q)|, we can split ¢ into n + 1 relation sets,

then we calculate their safe plans recursively. If n is equal to |Rels(q)|, the
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present plan is safe.

Example 4 Continuing Example 3. After pre-process, we have

q(U): — LP(A), J*(B, D), R*(F),A = B,D = F,S"(U,Uy),U; = B.

Let qy = LP <_p J7 > _g SP ><i,_p RP. By Theorem 1, we have

LP.E,SP.U— SP.U,SP.Uy, JP.B, [P. A
JV.B,SP.U — SP.U,SP.Uy, JP.B, JP.D, [P. A
RP.E,SP.U— RP.F, SP.U, .Uy, JP.B, LP. A
SP.E,SP.U — SP.U,SP.U,, JP.B, [P. A

Thus InfAttr ey (q) = {SP.U, SP.Uy, J{.B, LP A}, InfAttragm(q) = {SP.U,
SP.UY, JP.B, JV.D, LP A}, InfAttrag(q) = {RP.F,S?.U,SP.Uy, JU.B, [P A}
and InfAttrasey (q) = {SP.U, SP.Uy, JT.B, LP.A}. So Inf Attr(q) = InfAttrawr
(QNInf Attr aey(QNInf Attr aroy(g)NInf Attr acsey(q) = {SP.U, SP.Uy, JP.B,
LP.A}.

Then MCS(q) = {LP,S?}, because MCS(q) includes two relations LP and SP,
we will split query q into three relation sets: {LP},{S?}and{J¥, RP}. Hence

q = TG (LP o<y _py, SP o<y, _p T p(Jf > RP)).

Finally, g only includes one relation LP, g3 only includes one relation SP and
q1 = G(JV =<5_5 RP). Because q2, q3 and q4 are all safe, the query plan
P = MI§(LP »<6_y, SP >x,_g UG(J7 =<G_p RP)), whose S-tree is shown in

Figure 4, is safe.
Next, we will show the correctness of the proposed algorithm.

Theorem 5 The Multiway-Split algorithm is sound, that is, any plan it re-

turns is safe.

Proof. We will prove the theorem by induction. The algorithm returns a safe

plan in the following three cases:
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Case 1. It returns at Line 2. In this case, there are only joins, selections, or
simple projections in the plan. By Corollary 2, the plan is safe. If Head(q) =
{}, the Safe-Plan algorithm ensures that either the returned plan is safe or no

plan returns.

Case 2. The main process of the Split algorithm is to split the query recursively.
If it returns at Line 3, it is safe by Corollary 2. If it returns at Line 6, it is

safe by Theorem 3.

Case 3. The Split algorithm returns at Line 14. ¢, s, . . ., ¢n11 are all smaller
than ¢q. By Theorem 4 item 1, the split is safe. By induction, they are all safe
plans. These plans are connected by join operators, thus the returned plan is

safe. If the Split algorithm returns at Line 16, it is safe by Theorem 4 item 2.
This proves the theorem.[]

Theorem 6 The Multiway-Split algorithm is complete.

Proof. We prove the theorem in the following cases.

Case 1. If the query has no complex projection, our algorithm can return a

safe plan for it.

Case 2. If Head(q) = {}, the Safe-Plan algorithm ensures that the returned

plan is safe or no plan returns.

Case 3. After preprocessing, the query becomes ¢ = 114, 4 (R} ><© ...
RP). Let ¢; = R{ ><® ... > RP.

Subcase 1. The query has complex projection but only has one join operation

in the complex projection. Our algorithm can return a safe plan for it.

Subcase 2. The query has complex projection but has more than one join

operations.

o If (|MCS(q)| > 0)A(IMCS(q)] = |Rels(q)|)), Theorem 4 item 2 ensures
the present plan of the query is safe.
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o If (|MCS(q)] > 0)A(IMCS(q)| < |Rels(q)])), Theorem 4 item 1 ensures

the query has a safe split ¢ = I1%, 4 (q1 > g2... <° gp,). Our algorithm

.....

recursively finds safe plan for each ¢; until either it finds a safe plan or no

safe plan can be found.
Hence if the query is safe, our algorithm can find a safe plan for it. [J

Theorem 7 Algorithm Multiway-Split can avoid unnecessary cartesian-product

in the safe plans.

Proof. We prove the theorem by contradiction. Let Head(q,) = { By, Ba, ..., B,}
and Head(qy) = {A1, As, ..., A} There are the following two cases:

Case 1. Let the safe plan P =113 p, g (¢ >G4_p 14, 4y, 4, (R) ><° RE >

.. R} > R)) has unnecessary cartesian-product between deterministic table
and probabilistic table, for example, R has cartesian-product with other re-
lations. Because the plan P is safe, then Attr(R) C Head(q2) or Key(R) C

Head(qs), and for any T € Rels(q;),

Head(q1), T .E — Head(q;) U Head(qz)
— Head(q;) U Head(q2) U Attr(R)
Head(q,), Head(q2) — Head(gq;) U Head(qs)
(g;) U Head(g2) U Attr(R)

Thus R € MCS(q). According to the proposed algorithm, the returned safe
B, (@i >° Ro<® IIg, o, o (RY > RY > ... R})), which

..........

1 — e
plan is Py =11, g,
does no have unnecessary cartesian-product between deterministic table and

probabilistic table.

Case 2. Let the safe plan P =11% p, g (¢ >G_p 114, 4y, 4, (R) D<° RE <°

.. R})) has unnecessary cartesian-product between probabilistic tables, for
example, RY (1 < j < k) has cartesian-product with other relations. Because
the plan P is safe, Attr(RY) C Head(qy) or Key(R}) C Head(qz), and for any

TP € Rels(q;),

Head(q,), T .E — Head(q;) U Head(qs)
— Head(q;) U Head(qz) U Attr(RY)
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Head(q1), Head(qs) — Head(g;) U Head(qs)
— Head(q;) U Head(qz) U Attr(RY)

Thus R? € MCS(q). According to the proposed algorithm, if j < k, the
safe plan is Py = Il% p, g (¢ > RY <® 11, o, o (R p<® Ry... ><°
RY | > R}, < ... R})), which has does not have unnecessary cartesian-
product between probabilistic tables. If j is equal to k, the returned safe plan
is P = 1% p, g, (¢ > R o< Mg o, o (RY >x® RY...x® RY_,)), which
does not have unnecessary cartesian-product between probabilistic tables ei-
ther.

Therefore, the proposed algorithm can avoid unnecessary cartesian-product.
O

5 Query optimization

There are five transformation rules given in [11] as follows.

Rule 1: [Join Commutativity] Extensional joins are commutative

RS & SR

Rule 2: [Join Associativity] Extensional joins are associative

Re<® (SxT) < (Rx® S) =T

Rule 3: [Cascading Projections] Successively eliminating attributes from a
relation is equivalent to simply eliminating all but the attributes retained by

the last projection

05 (M p(R)) < 15 (R)

Rule 4: [Pushing Projections Below a Join] A projection can be pushed below

a join if it retains all the attributes used in the join.
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T (R > 5) = (115, (R)) »<° (115, (5))

Where A; and Aj are the attributes in R and S retained by the projection.

Rule 5: [Lifting Projections Up a Join] A projection can not always be lifted
up a join. The following transformation rule can be applied only when the top

I1¢ operator in the resulting plan satisfies the Eq. 2 of Thm. 1 in this paper.

(I (R)) > S = TG apsrs(s) (1 D47 5)

Furthermore, the following theorem is given in [11]:
Theorem 8 Let P, and Py be two safe plans for a query q. Then, P, <" P5.

We call the safe plan generated by the Multiway-Split algorithm MSPlan and
the safe plan generated by the Safe-Plan algorithm SPlan.

Example 5 By the Safe-Plan algorithm, the SPlan of the query in Exam-
ple 3 is Py = Iy (LP < _p Hpy(S? o<f;, _p lp(Ilpp(J?) <p_p RP))). The
corresponding tree is shown in Figure 5. From FExample 4, the MSPlan is
Py = G (LP <_p SP o _p H3(HGH(J7) <G RP)). Comparing Fig-
ure 4 to Figure 5, we find that Figure 4 has less projections. By Theorem
8, P, <" P.

*

However, from the five transformation rules in [11], we can not prove Py <=

P5. Based on the application, we extend the transformation rules as follows.

Theorem 9 Consider two plans Py = ¢ (qs <5, _p, 115 (q1 <%, _g, ¢2)) and

Py = 11&(g3 >, —p, U{aupynsead(a) (@1) "5, =5, {aum)nmeadiq) (92)), where ¢
and qa are queries, AT = Head(q,) U Head(qz) and B = Ey U Ey:

1. the two plans have the same data results;
2. If Py 1s a safe plan, then P is a safe plan;
3. If Py is a safe plan, then Py is a safe plan.

Proof. Let Key(q) denotes all keys of tables in q. Because Head(q)UHead(q) =
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A*, (Key(q) U Key(gz)) C A.

1. Let |g| denotes the cardinality of the result of ¢, since Key(q;) C Head(q;)

and Key(q1) € (AU B) N Head(q1)), |a1| = T auB)nmead(q)(@1)]- Similarly,
\@2| = |TauB)nHead(gs) (92)]- Then

L auB)nHead(a) (@1) XE =5, T(auB)nHead(s:) (32)| = @1 X¥E =R, G2
= |HA(q1 Mg =E, Q2)’

Thus the two plans have the same data results.

2. Because P is a safe plan, g, g2 and g3 are all safe. For each RP € PRels(q,),

C,RP.E— Head(q;) U A
— Head(qs) U Head(q,) U Head(q2)
— Head(q3) U ((AU B) N Head(q1)) U (AU B) N Head(gs))

Similarly, for each R? € PRels(qz) and RP € PRels(q3) we can prove that
C,RP.E — Head(q3)U((AUB)NHead(q,))U((AUB)NHead(q2)). Furthermore,
for each T? € PRels(q1)

(AUB)N Head(q), T?.E — (Key(q:) U Key(qz)) N Head(q,),T".E
HKeZ/(Ql)va'E
— Head(q,), T?.FE
— Head(q,)

Thus TI{40)nmead(q) (@1) s safe. Similarly, TI¢,p)0meadqe) (92) 1s safe. This

demonstrates that P, is a safe plan.

3. Because P, is safe, q1, g2 and g3 are all safe. For each RP € PRels(q)

C,RP.E— Head(q3) U((AUB)N Head(q,)) U ((AU B) N Head(qz))
— Head(qs) U (Key(q1) U Key(gz)) N Head(q1))
U((Key(q1) U Key(ge)) N Head(gs))
— Head(gs) U Key(q1) U Key(gs)
— Head(gq3) U Head(ql) U Head(qs)
— Head(qs) U
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Similarly, for each RP € PRels(qz) and RP € PRels(q3) we can prove that
C, R?.E — Head(q3) U A. Furthermore, for each T? € PRels(q1)

A, TP.E— Head(q,) U Head(q2),T?.E
— Head(q1) U Head(qz)

Similarly, for each TP € PRels(q2) we can prove that A, TP.E — Head(q;) U
Head(qy). Thus 115 (qy ><° go) is safe. This proves that P; is a safe plan. [J

Rule 6: [Extension of Pushing Projections Below a Join| A projection can
be pushed below a join if AT = Head(q;) U Head(qz) and B contains all the

attributes used in the join between ¢; and gs.

IT% (g3 < T15 (g1 ><° go)) = TG (g5 < HfAUB)mHead(ql)(%) > HfAUB)mHead(qQ)(%))

Example 6 Continuing Example 5, let ¢ = S?, qo = [1G(11%,(JP) <€ RP)
and q3 = LP. Then {B,U}" = {B,U,U,} = Head(q,) U Head(qs), ({B,U} U
{B,U}) N Head(qs) = {B,U,U 1} N {B} = {B}, and ({B,U} U{B,U;}) N
Head(q) ={B,U, U} n{U,U,} = {U,U,}. By Rule 6, P, < P.

The differences between the Multiway-Split algorithm and the Safe-Plan al-

gorithm lie in the following aspects:

e The Safe-Plan algorithm adopts binary split on non-leaf nodes. As shown
in the experiments, it may bring more projection operations than necessary
and may have unnecessary cartesian-product in the safe plan. Our algorithm
adopts multiway split on non-leaf nodes, thus avoids these problems.

e The Safe-Plan algorithm does not perform preprocessing, while the Multiway-
Split algorithm adopts preprocessing to project out non-association at-

tributes.

The similarities between the Multiway-Split algorithm and the Safe-Plan al-
gorithm is in the way they process Il (g;).

Corollary 4 Suppose P; is the safe plan generated by the Multiway-Split al-
gorithm and Py is the one by the Safe-Plan algorithm, then Py <* Ps.
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Proof. For each recursive step of the two algorithms, P, = II¢ (g3 b<® 115 (¢1 <
q2)) and Py = &(gs > Taup)nmead(q) (@) > TMaup)nmead() (42)), Where
¢, g2 and g3 are queries, Head(q1) U Head(qz) = A* and B contain all the
attributes used in the join between ¢; and ¢o. Then P; is generated by the Safe-
Plan algorithm and P, is generated by the Multiway-Split algorithm. By Rule
6, P, & P,. After the algorithms terminates, P; <* P,. Thus the corollary is

proved.

6 Experiments

6.1 The prototype

We have developed a prototype for probabilistic query evaluation. Our sys-
tem is implemented as a middleware, which can work on top of any relational
database engine, and we have chosen Postgre SQL 8.1 [1] as the underlying
DBMS. Using the prototype, we have conducted an extensive set of experi-
ments for comparing the performance of the Multiway-Split algorithm with
the Safe-Plan algorithm here. On average, the time for generating a safe plan

is about 300ms, which is about the same as the Safe-Plan algorithm.

We used the TPC-H benchmark [10], with a database of 0.1GB as in [11]. We
modified all queries by replacing all the predicates in the WHERE clause with
uncertain matches. We also remove the top-level aggregations as [11]. Fur-
thermore, the probabilistic relations are generated using the 3-gram distance
function [25]. All of the following experiments were carried on the first 10 of
the 22 TPC-H queries. Other queries are not very interesting for applying un-
certain predicates, since most of them involve complex aggregates. Out of the
10 TPC-H queries, 8 turned out to have safe plans. ()7 and Qg fail to find a
safe plan by both the Multiway-Split algorithm and the Safe-Plan algorithm.
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6.2  Probabilistic query plan example

As mentioned early, probabilistic relations are generated dynamically from
regular relations corresponding to approximate queries. A query with uncer-
tain predicates on deterministic relations is transformed into a query over the

generated probabilistic relations.

Continuing the query shown in Section 2.3, we further explain the process
of its plan generation. The probabilistic relations are generated using the 3-
gram distance function [24]. Assume we have the user-defined function (UDF)
DIST that returns a degree of match for two author names, then the following

SQL phrase underlies the generation of the probabilistic relation Authors.
SELECT a.name, DIST(a.name, "Jim Gray’)
From Authors a

Similarly, a probabilistic relation Papers can be generated. The above query
with uncertain predicates is rewritten into a new SQL query embedded with
all the probability calculations. This rewritten SQL query can be directly
executed by the database engine to return the tuples ranked by probability.
More exactly, using the proposed algorithm, we obtain the following safe plan
for the query:

P=II¢ 117 (Authors?) p<¢

e
authorid,name,title (Hauthorid,name,paperid( name,authorid authorid

H(J«Uthorid@apﬂ”id (W’f’it@) ) N;aperid Hfitle,paperid (Papersp) ) :

This plan corresponds to the following SQL query with probability calcula-
tions. Note that PROBAGG(A) = POW-ER(10, SUM(LOG(A))).
SELECT Pl.authorid, P1.name, P4.title,

1 - PROBAGG(1.0 - P1.prob * P4.prob) AS prob
FROM

(SELECT P2.authorid, P2.name, P3.paperid,
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1 - PROBAGG(1.0 - P2.prob * P3.prob) AS prob

FROM

(SELECT name, authorid, 1 - PROBAGG(1.0 -
DIST (name,’ Jim Gray’)) AS prob

FROM authors

GROUP BY name, authorid

) AS P2

(SELECT paperid, authorid, 1 AS prob

FROM write

GROUP BY paperid, authorid

) AS P3

WHERE P2.authorid = P3.authorid

GROUP BY P2.name, P3.paperid

JAS P1

(SELECT title, paperid, 1 - PROBAGG(1.0 -
DIST(title,’database system’)) AS prob

FROM papers

GROUP BY title, paperid

) AS P4

WHERE P1.paperid = P4.paperid

GROUP BY Pl.name, P4.title
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From the above example, we find we must perform aggregation on the prob-
ability and group by on the select list attributes when we perform projection
in the probabilistic databases. So projection is more expensive in probabilistic

databases than in traditional databases.

6.3 Performance

We measure the running times for the eight queries that have safe plans. The
results are shown in Figure 6a and 6b. The first column is the running time of
the SPlan. The second column is the running time of the MSPlan. We call a
safe plan without taking into account the computation time for the uncertain
predicate a bare query. Figure 6a shows the time for running bare queries, and
Figure 6b is for running safe plans. Comparing the two graphs, we find that
the query executor spends most of time on computing uncertain predicates

for safe plans.

From Figure 6b, we can see that for Q1 and (2, their respective MSPlans
and SPlans take almost the same amount of time to execute. Since they are
both simple projections and any plans for them are safe, there is little room

for further optimization.

From Figure 6b, we find the following phenomena. The MSPlan takes one
sixth of the execution time of the SPlan for 2, one thirtieth for Q4 and
one eighth for Q9. What is common among these three queries is that the
SPlans have one more projection operator than the MSPlans. For ()2, we must
create a view tmp. Its MSPlan is H%ead(Qz)(HeA(HB(supplier D1 partsupp >
nation b tmp) > region?) < party), where part! = 1%z g um) (Part?), A
and B denote the corresponding association attribute set respectively. The
SPlan is H%ead(@)(partf < T (Ip(supplier < partsupp > nation) <°
115, (region? > tmp))), where C', D and E denote the corresponding asso-
ciation attribute set respectively. For 4, the MSPlan is H%ead(@)(orders”

><® lineitemy), in which lineitemn? = s (ineitemy) (lineitem?). The SPlan is
119 0a(qay (order st o<¢ lineitemy), where ordersy = s, gersey (orders?). For

09, the MSPlan is H%ead(Qg)(partp ¢ 1 g (supplier < lineitem > partsupp <
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orders < nation)). The SPlan is 115, 0, (1125 (parmypart? 0 I (supplier o

artp
lineitem > partsupp > orders < nation)), Wherpe B) denotes the correspond-
ing association attribute set. The one more projection operator in the SPlans
causes the query executor to execute aggregation on the probability and
group by on the select list attributes one more time. From these three query
plans, we find that the cost of projection operator is much higher in proba-

bilistic databases than in conventional databases.

Figure 6b also indicates that for )3 and )5, the MSPlans have substantial
performance gain over the SPlans. The execution time for the MSPlan is only
about one third of the SPlan for )3 and one sixth for (5. The reason is
similar - the SPlans have more projection operators than the MSPlans. The
query executor has to spend more time in computing the uncertain predicates

and has less opportunity to optimize the plan.

We observe that on (10, the performance of the MSPlan is slightly better
than the SPlan, as shown in Figure 6b. The MSPlan is 113, 4g10) (customer p<©
(lineitem?),

nation ><© orders? < lineitem?), in which lineitemy = 11925 incirem)

orders] = I1%. S(Ordemp)(ordersp), nation; = I a2g(ation) (nation) and customer,
= I a2 5(customer) (customer). The SPlan is I caa@10) (customery ¢ 14 (orders?
¢ 11 (lineitem? <® nation))), where A and B denote the corresponding as-
sociation attribute set respectively. Because cartesian-product between de-
terministic table (nation) and probabilistic table (lineitem) exists in the
SPlan, the performance is unsatisfactory. Thus an alternative SPlan is chosen:
1% cua(qro) (nationy ><® 11g (customery > 15 (orderst <® lineitemy))), where
C and D denote the corresponding association attribute sets. Although for
the bare query, the performance of the MSPlan is much worse than the SPlan
as shown in Figure 6a, the performance of the MSPlan is slightly better than

the SPlan when considering the cost of uncertain predicates.

From the experiments, we learn that the performance is inferior if unneces-
sary cartesian-products exist in the query plan. Our algorithm can avoid the
unnecessary cartesian-product, while the Safe-Plan algorithm can not. The
Multiway-Split algorithm can also reduce the number of projects in the query

plans. When the number of projections is decreased, the gain is two-fold: First,
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it takes less time for the query executor to compute uncertain predicates. Sec-
ond, the query executor has more opportunities to select a better execution

plan.

7 Related work

Probabilistic information has been studied for decades under different names:
probabilistic, uncertain, approximate, fuzzy, incomplete, imprecise and so on.
Most of the previous work is theoretical [4,8,9,15,17,22,23,29], there is in-
creased interest in building systems recently, for example, Trio [34], Orion
[30], MystiQ [5], for querying uncertain data [5,30,34], integrating inconsis-
tent data sources [18] and bridging IR and DB fields [19].

One kind of mechanisms used in probabilistic database research is intensional
[15,25,27,35], which is based on the possible worlds semantics to deal with
symbolic events rather than instant probability. Examples in the area in-
clude combined reliability [27], probabilistic relational algebra [15], proba-
bilistic first-order language [35]. In [28], an efficient strategy was developed for
query evaluation over probabilistic databases by casting the query processing
problem as an inference problem in an appropriately constructed probabilistic

graphical model.

Another kind of mechanisms is extensional, which deals with instant probabil-
ity on data. Techniques in this category are more system oriented [3,7,14,21].
However, they have to be based on certain assumptions for simplifying the
implementation, such as limiting the tuples in a relation to represent disjoint
events [7], allowing attributes to be inaccurate but requiring tuples to be inde-
pendent [3], forcing projections to contain keys [14], requiring strategies from
users to combine probabilities [21]. As those restrictions are rigid, the systems

built around them can hardly handle queries flexibly.

Recently, the research focus in this field has shifted to rewriting query plans
to search for one with correct extensional semantics. [11] indicates that this

efficient method can avoid the complexity of the intensional method and the
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restrictions of the extension method. There also five transformation rules pro-
posed for converting query plans, with equality as well as safety preserved.

Our work is based on this technique and further extend and optimize it.

There are much researchers effort launched recently on probabilistic databases.
For example, [26] and [31]focus on efficient top-k query evaluation on proba-
bilistic databases. In [32] and [12], Dalvi and Suciu discuss challenges, open
problems, and future research directions in probabilistic databases. Bravo and
Ramakrishnan [6] present a broad class of aggregate queries, called MPF
queries, inspired by the work on probabilistic inference in statistics and ma-
chine learning. [2] introduces I-SQL, an analog to SQL for the case of in-
complete information. Kimelfeld and Sagiv [20] have studied the problem of

maximally joining probabilistic relational data.

8 Conclusions and future works

Managing uncertain information using probabilistic databases has become a
new trend for supporting a number of emerging technologies. On a probabilis-
tic database, a query can be approximate, and the query result should contain
records with correct probabilities. Finding efficient safe plans is vital for prob-
abilistic database query evaluation. We propose and develop a multiway split
algorithm for generating safe plans in a probabilistic database. The major ad-
vancement is adopting preprocessing and multiway split to avoid unnecessary
cartesian-products and reduce projections in the safe plan. Furthermore, we
extend existing transformation rules [11] to allow the safe plans generated by
the Safe-Plan algorithm and our proposed Multi-way Split algorithm to be

transformed between each other.

We limit our discussion to conjunctive queries thus far. We plan to extend
these techniques to U, -, 7 (union, difference, groupby-aggregate). We will
also study the merge of relational model and probability model for a more

generalized way towards the integration of DB and IR.
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