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What 1s a Probabilistic Database ?

« “An item belongsto the database” is a probabilistic
event

— Tuple-existence uncertainty
— Attribute-value uncertainty

* “A tupleisan answer to the query” isaprobabilistic
event

e Can be extended to all data models; we discuss only
probabilistic relational data



Possible Worlds Semantics

The set of al possible database instances:

INST = {1, 1y, lg . .., I}

Definition A probabilistic database IP
IS aprobability distribution on INST

Pr:INST — [0,1] I st. 2inPrl) =1

Definition A possibleworldisl| s.t. Pr(l) >0




Query Semantics

Given aguery Q and a probabilistic database IP,
what 1s the meaning of Q(IP) ?



Query Semantics

Semantics 1: Possible Answers
A probability distribution on sets of tuples

VA.Pr(Q=A) =2, inst.ony=a Pr(l)

Semantics 2: Possible Tuples
A probability function on tuples

VI Pr(teQ) =2, cinst.tcon Pr(l)




Possible Worlds Query Semantics

Possible answer s semantics
 Precise

e Can be used to compose queries
o Difficult user interface

Possible tuples semantics

e Lessprecise, but smple; sufficient for most apps
e Cannot be used to compose queries

o Simple user interface



Possible Worlds Semantics:
Summary

Complete model; Clean formal semantics for SQL
gueries

Not very useful as arepresentation or implementation
tool

 HUGE number of possible worlds!

Need more effective representation formalisms
e Something that users can understand/explore

« Allow more efficient query execution
— Avoid “possible worlds explosion”

* Perhaps giving up completeness



Representation Formalisms

Problem
Need a good representation formalism

« Will be interpreted as possible worlds
o Severa formalisms exists, but no winner

Main open problem in probabilistic de



Evaluation of Formalisms

Compl eteness?
» \What possible worlds can it represent?
« \What probability distributions on worlds?

Closure?

 |Isit closed under evaluation of query
operators?



A Complete Formalism:
Intensional Databases

Atomic event idsl e, 6, e, ...
Probabilities: | Py Pos Pay --- € [0,1]
Event expressions. A, V, ﬂl e N6V —6e)

Intensional probabilistic database J.
each tuplet has an event attribute t.E
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|ntensional DB = Possible

Worl ds

Name |Address
J= John Sedttle |e, A (e, V €)
Sue Denver |(e,A&,)V (e, Ae)
€,6,65= OO 001 010 011 100 101 110 111
|P 0 John | Sesttle Sue | Denver John | Sesttle
Sue | Denver
1-p)(1-p,)(1-
Er(ﬁgl()(ﬁzgz()p?) P.(1-P,) Ps (1-py)P2 Ps
+(1-py)py(1-p;) P:Px(1-py)
+Py(1-p2) (1-Ps PP M




Possible Worlds = Intensional DB

Name | Address
John | Sedttle
John | Boston
Sue Sedttle
Name | Address
John | Sedttle
Sue Sedttle
Name | Address
Sue Sedttle
Name | Address
John | Boston

El = e Pr(el) =P,
0 E,=—-¢ NEg Pr(e,) = p./(1-p,)
=S AR WA = Pr(ey) = pa/(1-p;-p)
E,=—e A —-e, N6 e Pr(e) =p,/(1-pi-pr-Ps)
“Prefix code”
P2 Name | Address | E

—Ip :I\V j= John | Seattle | E; V E,
John |Boston |E;VE,
Ps Sue |Seattle |E,VE,VE,

P4 Intensional DBs are compl ete I 12




Closure Under Operators

v |E Vi | Vo | Ef AES
=
N i}
?- X / \
/ \
E, v| E; V| E,
v |E Vi| By =" v | E,

One still needs to compute probability of event expression I



Summary on Intensional
Databases

Event expression for each tuple
* Possible worlds: any subset
 Probability distribution: any
Complete... but impractical

« Evauate the probability of long event expressions

|mportant abstraction: consider restrictions

Related to c-tables

[Imilelinski& Lipski:1984]
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A Restricted Formalism:
Explicit Independent Tuples

Tuple independent probabilistic database

INST = P(TUP)
N = 2M
TUP={t,,t,, ..., t,} | = all tuples
pr: TUP — [0,1] I NoO restrictions

Pr(l) =[1; <, pr(t) x [1iq, (1-pr(t))
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Tuple Prob. = Possible Worlds

Name City pr
j= [ ohn Seattle p,=0.8 E[ size(IP) | =
Sue Boston p,=0.6 2.3 tuples
P Fred Boston p; =09
@ I Name | City “ Name | City “ Name | City Name | City Name | City Name | City Name | City
Seattl “ Sue Bosto “ Fred Bosto @ John Seattl John Seattl Sue Bosto John Seattl
I Sue Bosto j Fred Bosto Fred Bosto Sue Bosto
| 1 |2 |3 | A I Fred Bosto
l |5 |6 I7 I8
(1-py) | l
(1-p.) Y ‘
(1- pz) P1(1-p)(1-p3) (1-p)Pa(1-ps) (1-p)(1-P)Ps P1Po(1-P3) P1(1-P2)Ps (1-p1)P2P3 P1P2P3
_ J

<

> =1

Ib




Tuple-Independent DBs are Incompl ete

Name [Addr ess pr

John | Seattle~~1p,

Name | Address
John |Seatle |P1 Sue_->edtle | p, _

Name | Address Very limited — cannot capture
John | Sedttle P1P2 :
_|p correlations across tuples
Sue | Sedttle
Not Closed
0 1-p, - Py, e Query operators can introduce

complex correlations!
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Tuple Prob. = Query Evaluation

Customer Product | Date pr

Name |[City |pr " | John Gizmo |... o,
John Seattle |p, —— | John Gadget |... 0,
Sue Boston | p, | John Gadget |... o
Fred Boston | p; \; Sue Camera | ... o
Sue Gadget |... Os

.| Sue Gadget |... Os

Fred Gadget |... o}

SELECT DISTINCT x.city Tuple Probability

FROM Person x, Purchase y
WHERE x.Name = y.Customer Seattle P.(1-(1-0,)(1-05)

and y.Product = ‘ Gadget’ 1- (1- p,A-(1-95)(1-q¢)))
x(130; )

Boston




Application: Similarity Predicates

Name | City Profession
John | Sedttle | statistician
Sue |Boston | musician
Fred |Boston | physicist

Step 1.
evaluate ~ predicates

SELECT DISTINCT x.city
FROM Person x, Purchase y
WHERE x.Name = y.Cust

and y.Product = * Gadget’
and x.profession ~ ‘scientist’
and y.category ~ ‘music’

Cust |Product | Category
John | Gizmo |dishware
John | Gadget |instrument
John | Gadget |instrument
Sue Camera | musicware
Sue Gadget | microphone
Sue Gadget | instrument
Fred Gadget | microphone
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Application: Similarity Predicates

_ _ Cust Product | Category pr
Name City |Pr o-fon bY John | Gizmo |dishware |q,=0.2
John | Sesttle Sta'[ltStI-Clan p,=0.8 John | Gadget |instrument |q,=0.6
Sue |Boston | mus .CI an =02 [ ooin Gadget |instrument |g.=0.6
Fred |Boston |physicist |Pps=09 | I'o ™ [ camera | musioware q,=0.9
4_ .
evaluate ~ predicates Sye Gadget instrument q6:0_6
Fred Gadget | microphone | g,=0.7
SELECT DISTINCT x.city
FROM Person® x, Purchase® y ili
WHERE x.Name = y.Cust Tuple Probability
and yPrOdUCt — ;Gadgeti Step 2 Seattle p]_(l_(l_qZ)(l_CIS))
evgfﬁ; ryed Bogon | L (1PA1-(1-05)(1-qg)))
X (1-ps0)




Summary on Explicit Independent
Tuples

|ndependent tuples
* Possible worlds: subsets
 Probability distribution: restricted

e Closure: no
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Query Evaluation on Probabilistic
DBs

* Focus on possible tuple semantics
— Compute likelihood of individual answer tuples

* Probability of Boolean expressions
o Complexity of query evaluation
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[ Needed for query process ng}

Probability of Boolean Expressions

E = XX3 V XX,V X,Xg V x2x6|

Randomly make each variable tr ue with the following probabilities

Pr(Xy)) =py, Pr(Xy)) =p, -t Pr(Xe) = Ps
What is Pr(E) 'm|
Answer: re-group cleverly | E = X (X3 V X, )V X, (X V X)

Pr(E)=1 - (1-p,(1-(1-p3)(1-p,)))
(1-p,(1-(1-ps)(1-Pe)))
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NOWlEt’Stry this: E = X1X2 \V X1X3\/ x2X3I

Xy | X2 | X3

No clever grouping seems possible. ol ol 1
Brute force: ol 11 o0

o
o|loc|(o|m

O| 1|1 | 1] (1ppps

10| 1] 1]p(1p)ps

Pr(E)=(1-pyp.p; +

11110/ 1|pp(1ps)
01(1-po)ps + T

D10,P
0105(1-ps) + —
01P,5P3

Seems inefficient in generdl...
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[Valiant:1979]
Complexity of Boolean

Expression Probability

Theorem [Valiant:1979]
For a boolean expression E, computing Pr(E) I1s#P-complete

NP = class of problems of the form “isthere awitness 7’ SAT
#P = class of problems of the form “how many witnesses 7’ #SAT

The decision problem for 2CNF isin PTIME
The counting problem for 2CNF is #P-complete
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Summary on
Boolean Expression Probability

o #P-complete
 ['shard even in simple cases. 2DNF

« Can approximate through Monte Carlo
(MC) simulation
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Query Complexity

Data complexity of aquery Q:
e Compute Q(IP), for probabilistic database IP

Simplest scenario only:
e Possible tuples semanticsfor Q
 Independent tuplesfor IP
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[Fuhr& Roellke:1997,Dal vi& Suciu: 2004]

Extensional Query Evaluation

Relational ops compute

orobabilities

1-(1-p)(1-p))...

V |
P Vi|Vo| PP
0 X
T
vipl [Yil P Va| B2

T

I_I
ﬂk

P1
V| P2

P.(1-p,)

P1

P,

Unlike intensional evaluation, data complexity: PTIME




[Dalvi& Suciu:2004]

SELECT DISTINCT x.City
FROM PersonP x, Purchase’ y
WHERE x.Name = y.Cust

and y.Product = * Gadget’

Jon | Sea | p,(1-(1-9,)(1-0,)(1-0))
Sea | 1-(1-p,)(1- P,0,)(1- PyG) VO —
.
Jon| Sea | p,g,
Jon | Sea | p,a, Jon | 1-(1-01,)(1-0,) (1-G)
« | Jon]Sea|pg; M
ﬂx
/ \ — ql
Jon | q, Jon|Sea |p,
Jon|sea [ pi | |39 % Jon |Q,
Jon |q, | [Pependson pIan!!!I Jon |q; |




[Dalvi& Suciu:2004]

Query Complexity

Sometimes 3 correct (“safe’) extensional plan

Qu = RO, S00), T || Dtacommtedty.

Theorem The following are equivalent

e Q has PTIME data complexity

e Q admits an extensional plan (and onefindsit in PTIME)
 Q does not have Q4 as a subquery

30



Computing a Safe SPJ Extensional Plan

Problem is due to projection operations

 An“unsafe’ extensional projection combines
tuples that are correlated assuming independence

Projection over ajoin that projects away at |east
one of thejoin attrs = Unsafe projection!

 Intuitive: Joins create correlated output tuples
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Computing a Safe SPJ Extensional Plan

Algorithm for Safe Extensional SPJ Evaluation

* Apply safe projections as late as possible in the
plan

* If no more safe projections exist, ook for joins
where all attributes are included in the output

— Recurse on the LHS, RHS of the join

Sound and complete safe SPJ evaluation algorithm
 If a safe plan exists, the algo finds it!
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Summary on Query Complexity

Extensional query evaluation:
* Very popular
e Guarantees polynomial complexity

 However, result depends on query plan and
correctness not always possiblel

General query complexity
o #P complete (not surprising, given #SAT)
» Already #P hard for very ssmple query (Q)

Probabilistic databases have high query complexity |




