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Main Goals of the MayBMS Project

Create a scalable probabilistic DBMS.

—Representation and storage mechanisms.

CQuery and data manipulation language (like SQL for RDBMS) for
probabilistic databases.

—H [cieht query processing techniques.
[—Houndations of updates and concurrency control.
—Database APIs for uncertain data.

C—Deploy in novel data management applications.



DBMS for Uncertain/Probabilistic Data — Applications

—Decision support queries, hypothetical queries
—(Web) information extraction

—Data cleaning

—Managing sensor data, scientific data

[—lean expert systems

—Qrime fighting, surveillance, plagiarism detection, predicting terrorist
action

—Tracking moving objects



Model of Probabilistic Databases

Definition
Given a relational schema X, a probabilistic database is a
finite set of instances over X (called possible worlds), where

—egach world has a weight (called probability) between 0 and 1 and
—the weights of all worlds sum up to 1.

[—A probabilistic database in our model is an uncertain relational
database.

—Qonceptually, one of the possible worlds is “true”, but we do not
know which one.

[—Note: this is the conceptual model; the physical representation of
the set of possible worlds in the system will be quite di Cerknt!



Desiderata for a Query Language for Uncertain Data

[ genericity — clean language design independent from representation
details.

—ability to transform data .

Cability to introduce additional uncertainty (!!!)

—Need for a data manipulation language (construct the probabilistic
database); compositionality.

—Decision support queries/hypothetical queries.

—Probabilistic databases: extending the hypothesis space to use
evidence .

—Queries that map from prior to posterior probabilities.

L right degree of expressive power
—Not too strong and not too weak.
[ e [cieht query evaluation .



The Query Language

[—The operations of relational algebra .
—Evaluated individually, in “parallel” in all possible worlds.

C—An operation conf(R) for computing tuple confidence values.

—Computes, for each tuple that occurs in R in at least one world, the
sum of the probabilities of the worlds in which it occurs.

[—An operation repair—key@P](R) for introducing uncertainty.

—Conceptually, nondeterministically chooses a maximal repair of key A.
—Turns a possible world into the set of worlds consisting of all possible
maximal repairs.



Coin Example, #1: Prior Probabilities

We pick a coin from a bucket of one double-headed and two fair coins.

Faces | Type Face FProb

Coins | Type Count

fair 5 fair H oD
2headed 1 Letl U =
2headed H 1

R = mrype(repair-keygecoun: (Coins))

= 7rype(choice-ofrypeecount (COINS))

The resulting probabilistic database has two possible worlds:

Rf Type . Rdh Type .
T | =23 Sheaded = /3



Coin Example, #2: Modeling Coin Faces

Coins | Type Count

fair 2
2headed 1
f
R sz:’re Pr = 2/3

S := (R > Faces) x pross({1,2})

sf |Type Face FProb Toss

fair H 5 1
fair T .5 1
fair H 5 2
fair T 5 2

and Tosses
Faces Type Face FProb
fair H .5
fair T 5
2headed H 1
Rdn Type
el |~ /°

Sdh| Type Face FProb Toss

2headed
2headed

H 1 1
H 1 2



Coin Example, #3: Extending the Hypothesis Space

sf |Type Face FProb Toss

fair H
fair T
fair H
fair T

5

5
.5
5

1 Sdh |

Type Face FProb Toss

1
2
2

T = Tross, Face (T€PAIr-KeYrossorpron (S))

2headed H 1 1
2headed H 1 2

TF-HH | Toss Face TF-HT | Toss Face
1 H 1 H
2 . 2 U T4 | Toss Face
Pr=1/6 Pr=1/6
TF-TH | Toss Face TF-TT | Toss Face & &
1 T 1 T Pr=1/3
2 H 2 T
Pr=1/6 Pr=1/6



Coin Example, #4: Using Evidence

TF-HH | Toss Face TF-HT | Toss Face Tdh|Toss Face
1 H 1 H 1 H
2 H 2 T 2 H
Pr=1/6 Pr=1/6 Pr=1/3
Tf-TH | Toss Face TF-TT | Toss Face Ev|Toss Face
1 T 1 T 1 H
2 H 2 T 2 H
Pr=1/6 Pr=1/6

What are the posterior probabilities that a coin of type x was picked,
given the evidence Ev ?

Prix CRI| T = Ev] = Pr[x R T = Ev]/Pr[T = Ev]
C; :=conf(R x Algebra(T = Ev)); C, := conf(Algebra(T = Ev));

Q = Trype,c,.prc, p—p(C1 X C2)
Ci| Type P Q| Type P

. Co | P fair 22 —1/3
fair  1/6 [1/6+1/3 = 12 172
2headed 1/3 2headed 175 =2/3

1/3



A case for repair-key

—Interesting class of queries:
—Start with a probabilistic database of prior probabilities.
—Add further evidence (previous example: the result of the coin toss).
—This may require extending the hypothesis space first (repair-key).
—The result is a new probabilistic database that takes the evidence
into account.

C—Many important queries cannot be expressed without this operation.



A case for repair-key: Applications

—Vehicle tracking
—We know initial positions of vehicles.
—We wait some time during which the vehicles may move (additional
uncertainty).
—Evidence: e.g. satellite image of a battlefield.
—Posterior probabilities: Revise the probabilities of the worlds
represented by the database.

—Data cleaning

—Hypothesis space: input data plus model of how people make
mistakes.
—Evidence: dictionaries, results of similarity joins, ...



Update Language

[—Insert, update, and delete statements based on queries in the query
language presented earlier.
Example: insert into R (Q); where Q is a query in the algebra.

[—An operation asserty that conditions the database using a
constraint ¢.
—Removes those worlds that violate ¢.

—Note: Views that involve nondeterministic operations (repair-key)
are conceptually materialized.

—Repeated accesses return the same result.



Desiderata for a representation system

1. Expressiveness/Representability . Ability to represent query results.

2. Succinctness/Space-e Lcieht storage .

—Wsually there are many rather (but not quite) independent local
alternatives, which multiply up to a very large number of worlds.
—Example: US census.
—Suppose that it contains two possible readings for 0.1% of the
answers before cleaning.
—On the order of 210.000,000 nossible worlds.
C—Each one close to one Terabyte of data.

3. E Lcieht real-world query processing .

—There is a tradeo [with succinctness.
—We want to do well in practice.



Census data scenario

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

Social Security Number: /) a 5
Name: (& \N\bj(.\’\

Marital Status: (1) single B (2) married 8
(3) divorced O (4) widowed O

Social Security Number: \ %6
ame: QU

Marital Status: (1) single O (2) married O
(3) divorced O (4) widowed O

[—What is the marital status of the first resp. the second person?
[—What are the social security numbers? 185? 1867 785?



Representation systems: naive tables (SQL)

Social Security Number: /) a 5
wne S unth

Marital Status: (1) single  J=. (2) married ¥
(3) divorced O (4) widowed O

Social Security Number: \ % 6

Name:

Marital Status: (1) single O (2) married O
(3) divorced O (4) widowed O

(TID) | s N M
t null  Smith null
t null Brown null

Much of the available information cannot be represented and is lost, e.g.
1. Smith’s SSN is either 185 or 785.
2. Brown’s SSN is either 185 or 186.
3. Data cleaning: No two distinct persons can have the same SSN.



U-Relational Databases

UrN] | TID | N

X+—1 t: 185 to Brown
X +— 2 t 785
y —1 t 185 W |V—D]|P
y»—>2 t 186 X +— 1 4
X +— 2 .6
Ugpy) | V—D | TID | M ;:; 1
Vi—1 t 1
v—2 |ty 2 v—1l | .8
W — 1 t 1 Vi— 2 2
W — 2 t 2 w— 1 .25
W — 3 t 3 W — 2 .25
W — 4 t 4 W — 3 .25
W — 4 .25

CDiscrete independent (random) variables (x,y,v,w).
—Representation: U-relations + table W representing distributions.
[—The schema of each U-relation consists of

—a tuple id column,

—a set of column pairs (Vi, Di) representing variable assignments, and
—a set of value columns.



Semantics of U-Relational Databases

—Hach possible world is identified by a valuation # that assigns one of
the possible values to each variable.

[—The probability of the possible world is the product of weights of the
values of the variables.

C—The value-component of a tuple of a U-relation is in a given possible
world if its variable assignments are consistent with 6.

[—Attribute-level uncertainty through vertical decompositioning .



Semantics of U-Relational Databases

UrN] | TID | N

X+—1
X — 2
y—1
y — 2

5]
L5
L
L}

185
785
185
186

Vi—1
V- 2
w—1
W — 2
w — 3
W — 4

L5
5]
t
L
t
t

-bwl\.)l—tl\.)n—tg

18] Smith

t Brown
W |V—D/|P
— X—1 4
X — 2 .6
y—1 7
— | y—2 3
— [ ve—1 .8
Vi— 2 2
— w—1 .25
W — 2 .25
W — 3 .25
W — 4 .25

[—We choose possible world {x B 1,y B 2,vE3 1w B 1}.



Semantics of U-Relational Databases

UrN] | TID | N

18] Smith

X+—1 t; 185 to Brown
W V—D|P
y—2 t 186 — X+— 1 4
X — 2 .6
y—1 7
UR[M]|V»—>D|TID|M — | ye2 3

Vi1 t 1

— [ ve—1 .8
Wi 1 t 1 Vi— 2 2
— w—1 .25
W — 2 .25
W — 3 .25
W — 4 .25

[—We choose possible world {x B 1,y B 2,vE3 1w B 1}.
C—Rrobability weight of this world: .4 * .3 * .8 * .25 = .024.

—Now we have a vertically decomposed version of the chosen possible
world.



Efficient Query Evaluation: Positive relational algebra

Query evaluation under possible worlds semantics:
q p—
T a(T)

rep rep

q
{A1,... . An} {4(A1), -, a(An)}

For any positive relational algebra query g over any U-relational database
T, there exists a positive relational algebra query g of polynomial size
such that

rep(q(T)) = {a(Ai) | Ai Cxap(T)}.



Efficient Query Evaluation

The following operations can be mapped to relational algebra over
U-relational representations using a parsimonious translation.

[R = S]

[Uch]]
[rgR1

R 5]
[poss(R)]

T g VB UUs VB VB sch(R).sch(s)

Ur >, 7B consistent with Us. VD US)
Ucp(UR)
m75,8(R)
Ur [UE
Tseh(R) (UR)-

S := repair-keyggg R for complete relation R is translated as

Us := TAYLV ,((sch(R)—AYL {B})—D,sch(R)

with

Ur

W =W lj}@LVar,(sch(R)—,@-{B}aDom,BaPUR



Operation repair-key

Repair-key starting from a complete relation is just a projection/copying
of columns (even though we may create an exponential number of
possible worlds)!

Example: Tossing a biased coin twice.

R | Toss Face FProb

1 H 4
1 T 6
2 H 4
2 T 6
S = repair'keyToss@FProb(R)
Ur |V D | Toss Face FProb W|Vv D P
1 H| 1 H 4 1 H 4
1 T 1 T 6 1 T 6
2 H| 2 H 4 2 H 4
2 T| 2 T 6 2 T 6



Query Evaluation: Example

Names of possibly married (M=2) persons: possible (7mname (cm=2(S)))

Usmp | V=D | TID | M

US[Name] | Vi— D | TID | Name X3 — 1 t 1
Xz — 1 t1 Smith X3 — 2 8] 2

X5 — 1 t Brown Xe — 1 to 1

2

Xﬁi—>2 t

Evaluation steps:

1. merge the U-relations storing the necessary columns:
Q := possible (mname (om—2( Merge (mname (S), ™ (S)))))



Query Evaluation: Example

Names of possibly married (M=2) persons: possible (7mname (cm=2(S)))

Usmp | V=D | TID | M

US[Name] | V — D | TID | Name X3 — 1 t1 1
Xz — 1 t1 Smith X3 — 2 8] 2

X5 — 1 ‘ t ‘ Brown Xe — 1 to 1

2

Xﬁi—>2 t

Evaluation steps:
1. merge the U-relations storing the necessary columns:
Q := possible (name (om=2( Merge (mname (S), 7™m(S)))))
2. rewrite Q on column-store:
P := 7tName (om=2(Usname] My Uspvy)), Where

1) ensures that we only generate tuples that occur in some worlds:
1 := (Usiname]-V = Usm}.V = Usiname]-D = Uspmp.D),

¢ ensures that we only merge valid tuples:
¢ = (US[Name]vT|D = US[M],T|D)



Query Evaluation: Example

Names of possibly married (M=2) persons: possible (7mname (cm=2(S)))

Usmp | V=D | TID | M

US[Name] | V — D | TID | Name X3 — 1 t1 1
Xz — 1 t1 Smith X3 — 2 8] 2

X5 — 1 ‘ t ‘ Brown Xe — 1 to 1

2

Xﬁi—>2 t

Evaluation steps:
1. merge the U-relations storing the necessary columns:
Q := possible (name (om=2( Merge (mname (S), 7™m(S)))))
2. rewrite Q on column-store:
P := 7tName (om=2(Usname] My Uspvy)), Where

1) ensures that we only generate tuples that occur in some worlds:
1 := (Usiname]-V = Usm}.V = Usiname]-D = Uspmp.D),

¢ ensures that we only merge valid tuples:
¢ = (US[Name]leD = US[M],T|D)
3. feed P to any relational query optimizer



Efficient Query Evaluation, ctd.

Properties of relational-algebra reduction for positive relational algebra:
CRTIME (even ACO) data complexity

[—parsimonious reduction: query plans are hardly more complicated
than the input queries [—alFthe-shelf query optimizers do well.

—preserves the provenance of answer tuples
Remaining operations: Dilerknce, conf, and assert.
— conf can be e [ciehtly approximated by Monte Carlo simulation.

— Dilerknce : In (conditional) confidence computations, universal
constraints can often be made existential (see next slides).

[— assert is an update operation. In queries, assert can be replaced by
conf: computation of conditional probabilities.



Conditioning vs. Conditional Confidences
Census example: Find, for each TID and SSN, the confidence assuming
that social security numbers uniquely identify individuals,
¢ =1fd: SSN - TID,
i.e., for each TID x and SSN y, find the probability
Prio(x,y) | ¥] o(x,y) = MICRIt.TID = x CLBSN =vy.

Two ways of computing this:

1. Condition the database using “assert” and then compute tuple
confidence:

conf(Q(assert(y))) ... Q is the algebra version of ¢.

2. Compute the conditional probability as

Pri¢ | ¢] = Prl¢ Lpl/Prly)].



Example Query: Conditional Probabilities

[—Goal: Compute Pr[¢ | ¥] = Pr[é A ]/Pr[¢].
g is existential and + is an equality-generating dependency (universal).
CPRr[¢ A ] = Pr[¢] — Pr[¢ A —1)], where

—p = 3t,t' t.SSN =t'.SSN A t.TID #t".TID

is existential (with inequalities): ¢ A —) expressible in positive rel. alg.!
C—The query from the previous slide is

S 1= TTID, SN, (Py—Py i)/ (1—P_ ) —P (R DI Roa—y > Roy)

where e.g. Ry := pp_,pd)(Conf(ﬂ'Tu:)‘SSN (R))).

S | TID SSN Py Por-y Py (P
ss [t 18 4 .28 28 1/6
s> |t 78 6 0 28  5/6
ss |t 18 .7 .28 28 7/12
ss |t 186 3 0 28 5/12



Complexity Summary: Query Evaluation

Language Fragment | Complexity | Reference

On nonsuccinct representations:

RA + conf + assert + possible

+ choice-of in PTIME (SQL) | [PODS 2008]
RA + possible + repair-key NP-&coNP-hard | [SIGMOD 2007]
in PN¥ -

RA + possibleg + repair-key PHIER-compl. -

On U-relations:

Pos.RA + repair-key + possible | in ACO [ICDE 2008]
RA + possible co-NP-hard -

Conjunctive queries + conf #P-hard [Dalvi & Suciu]
All operations in P#P [PODS 2008]
Pos.RA + repair-key + possible

+ approx.conf + egds in PTIME [PODS 2008]

RA = relational algebra
All operations = RA + repair-key + conf + assert + possible



Interaction of Approximation and Selection 0

Consider the previous query in the census data scenario. What if we only
want to select those tuples for which this confidence value is at least .5?

Assuming that conf is computed by approximation, we have a very
powerful query language whose results can be very e Lciehtly
approximated. But there is a problem.

C—The query language is compositional: we may select tuples based on
conditions that access approximated (confidence) values.

A slightly erroneous approximation result may lead to a completely
incorrect decision to keep or remove a tuple in a selection.

—How do errors propagate? What is the relationship between
approximation and query unreliability?



Approximating Tuple Confidence : Karp-Luby FPRAS

P
F: set of clauses; M = feF Pr; w(f): set of possible worlds consistent with clause f.

Definition (Karp-Luby Estimator)

Consider the following definition of random variable X;:
1. Choose an f from F with probability ps /M.

2. Choose a complete function f* € w(f) with probability ps«/ps. That is, on each
variable C on which f is undefined, chose alternative x with probability
Pr[X = x] according to W

3. If f is, among the members of F that are consistent with f*, the one of the
smallest index, return 1, otherwise return 0. 1

L—An unbiased estimator for %

L_Approximate p by summing up m runs of the estimator, and multiply by M/m.
(L ®)-approximation, i.e.

- - , 3-|F|-log 2
Prip—p|>Clp|p <39 ﬁsz_



Approximating Predicates

Let Bi(¢) be an upper bound on the error § of computing approximate value p;.
2

For instance, for the Karp-Luby algorithm, Bi(e) = 2 - e *MI is such a bound.

Lemma

Let ¢ be a predicate over unreliable attributes modeled as random variables
pl, ey pn.

Assume that the values obtained for these are Py, ..., k-

If ¢ is chosen such that the member points of the axis-parallel orthotope
defined by the product of open intervals

5 ﬁlhx...xlﬁk ﬁkh
1+e¢’1—¢ 1+e'1—¢

all agree on ¢(-), then

X
Prig(ps,...,pk) 7 ¢(Pr, ..., P < Bi(e).

i=1



Approximating Predicates

Suppose ¢(x1,X2) = (X1/%X2 = ¢) and ¢(P1, P2) is true. The error
probability is Pr[p; < ¢ -p2 | Pr =c¢ - Pa] <1 — (1 — B(e))? where
Pr=c-P2

pr+c P2

If p1 = P2 =c = 1/2, then ¢ = 1/3 and the maximal orthotope is
[3/8;3/41°.

E(p(ﬁla p2) =

P2
1
X1 = 0.5x%,

3/4 4

1/2 + +

3/8 |- (P1,P2)
| | | P
I I I




Approximating Predicates: Linear Inequalities

Theorem (PODS 2008)

Given predicate
(| I | L1

(X1, ..., Xk) = ai-xi=b .
1<i<k
Let 1 1
a= aj - Pi 8= lai - il
1<i<k 1<i<k

Then, 1

a/B —1 b=0

€ = 2 .
% % —§+1 ... otherwise

minimizes the error bound of the previous Lemma.



Approximating Predicates: Variables do not occur twice

Theorem (PODS 2008)

Given a constant e > 0 and a predicate

(X1, ..., Xk) = (F(X1,...,%c) =0)

where f is an algebraic expression built from constants, exactly one
occurrence of each of the variables xy, ..., Xk, and the operations +, —, -,

and /. Then, if each of the corner points of the orthotope

% = MR oa M
1+e'1—¢ 1+e'1—¢

agrees with point (fy,...,pPk) on ¢, then so do all points in the
orthotope.

We can simply maximize ¢ by binary search.



Approximating Predicates: Singularities

Definition ([gdsingularity)

A point (p1,...,pk) is %d an ep-singularity if there is a point
(X1,...,X¢) such that ; [pi — x| =< eo - pi and
(b(pla .. '7pk) B ¢(X1a ce. 7Xk)'

Example

eo = 0.05; ¢(y) = (y < 0.5). If p =0.49 and x = 0.5, then ¢(p), ~¢(x),
and
[p —x| =0.01 < ¢ - p = 0.0245.

Therefore, p is an ep-singularity.

By “zooming” into the area surrounding p not closer than ¢q, the
orthotope will contain points with disagreeing truth values for ¢.



Approximating Predicates

Algorithm:
foreach i do { Xj :=0; m;:=0;}
do {
foreach i do {
repeat |Fj| times do X; := X; + Karp-Luby-estimator(F;);
mi :==m; + [Fi; P = Xi - Mi/m;;

}
if o(P1,. .., Pk) is true then = max([g] Lgl(Py1, . . ., Px));
else Cl= max(lg) Clp(P1, - - -, Px));

}
until Pi Bi (DI< 9;

P
output @(P1, ..., Px) with error < min(0.5, ; B;j(0)

Theorem (PODS 2008)

On input of F4,...,Fx, €, and ¢, if point (p1,...,pk) is not an
eo-singularity, then this algorithm computes ¢(py, . .., pk) with error
probability < 6.



Example: Approximation and Selections, Pr[@ | 4] = 0.5 ?

T =mrp,s(op,,,/p,>05(5))

S|TID S Pyny Py

s;| t; 185 .12 .72 wlv D P
S| t; 785 6 .72 s 1 <6
s3| t, 185 .42 .72 ss 0 =1-6
S4| o 186 .30 .72 Sy 1 =>1—9§
s 0 <4
UT|V D|TID|TID’S s3s 1 =1-9%
S1 1 |s1 1 185 s3 O =)
S 1 (s 1 785 s, 1 )
s3ls3 |t 185 ss 0 =1-96

Sq4 1 |Sq t 186

—Selection on approximate relations yields an unreliable database.

CDiCerkntly from the model of Gradel, Gurevich, Hirsch, the
probabilities of the tuples are only upper- or lower-bounded.



Main Theorem

Theorem

Fix ¢ and a query of positive RA[conf, repair-key]. There is a PTIME
algorithm that, given §, computes, for all tuples that do not have an
eo-singularity in their provenance, their membership in the result with
error < 9.

Di Lculkies: Operator tree contains several conf and selection operation
on a path:

C—Qomputed e of a higher selection depends on approximate
confidence values below.

[—We could use ey everywhere, but that would not make use of the
fact that larger ¢ values can be derived from approximation results
an predicates.

[Iterative algorithm that moves up and down in the operator tree to
refine the approximations until the output tuples have overall
reliability at least 1 — 4.

COnly confidence computations have to be refined and results are
written into the W -table; the other operations do not have to be
recomputed.



MAYBS

MayBMS — an uncertain database management system

CQurrently under development, a prototype exists.
CBuilt by modification of Postgres.
[—Representation system: U-relations.

CQuery language: an extension of the language presented here, using
an SQL-like syntax.

C—Supports updates. Current work on a programming model and API.
[—Http:/ /www.cs.cornell.edu/database/maybms/



MayBMS2 Publications

0. Antova, C. Koch, and D. Olteanu. From Complete to Incomplete
Information and Back. SIGMOD 2007 .

—=4—— Query Language Support for Incomplete Information in the
MayBMS System. VLDB 2007. (Demo Paper.)

4—— & T. Jansen. Fast and Simple Relational Processing of
Uncertain Data. ICDE 2008.

Q. Koch. Approximating Predicates and Expressive Queries on
Probabilistic Databases. PODS 2008.

—C. Koch and D. Olteanu. Conditioning Probabilistic Databases.
VLDB 2008.

1. Antova and C. Koch. On APIs for Probabilistic Databases. MUD
2008.

L http://www.cs.cornell.edu/database/maybms/



Appendix: Query language syntax and semantics

C—The operations are presented, where meaningful, in a probabilistic
and a nonprobabilistic version.

C—The former can express all queries of the latter, but the latter may
be easier to understand at first.

—Probabilistic case: a database represents a finite set W of possible
worlds (relational databases) and their probabilities

W = {(A1,p1),--.,(An,pn)}

st.pp+---+py=1.

[—Nonprobabilistic case: a database represents a finite set of possible
worlds.

—Semantically, each query operation extends the schema and thus
each possible world by a new relation.

Relational algebra operations, e.g. o¢(R), prob. case:

[oo(RIIW) := {(A,04(R™),p) | (A,p) CW}



Operation choice-of

R! |

Pr=.5 ... (further worlds)

T o o>
W @
® QO ol

S := choice-ofaes (R)

Sl.l |

C
c

S'2|A B C
d |b 3 e ... (further worlds)
Pr=.5*3/4=3/8

A B
a 1
a 1

Pr=5*1/4=1/8

There must be a functional dependency R : A - B.
choice-of is expressible using repair-key:

choice-ofggp (R) := R < repair-keyyep (mar(R))-



Operation choice-of: Example

RA | A B C
a2 c
a 2 c
al 3 C/I
a/ 3 C///

Pr=.

RE |

>
o| W
G
<

choice-ofaeg (R) results in the world-set

RM"|ABC
az2c
a 2 c
R2|AB C
algcll
algclll

Pr



Operation choice-of

Nonprobabilistic case:

[choice-of fR)I(W) := (A, 055, (R™)) | A € W, & € mx(R™)
Probabilistic case:
[—Syntax: choice-ofggy (R)
R must satisfy the functional dependency R : A — B and the B values
must be reals > 0.
[—Semantics (W is a world-set with probabilities):

[choice-ofgg (R)I(W) =
(A, o5gR™).p - b/N | (A,p) € W, @b)e maa(R™),

N= (mggR™"))#0 b#0
B
[—Note: Worlds in which the B column sums up to 0 are dropped (chosen
with probability 0).
—The probabilities do not necessarily sum up to 1 anymore: renormalize.



Operation repair-key

Nonprobabilistic case:

[repair-key (R)I(W) := {[A, Img(f)CJTA W,
function f : mx(R") — R such that f (3).A = a}
A isa key for R, then [repair-key(R)J(W) = W.

Probabilistic case:
B Al fd R : (sch(R)\B) - B
—Semantics:

1
[repair-keyg€R)I(W) ;= (IA,Img(f)Lp'/n) | (A, p) [CW,
function f : mg(R) — R such that f (3).A = 4,

1 5
o' =p- d).B 80
@T;(RA) B(O—Eﬁ ))
s.t. | —
n= p.

(A.p)e[repair-keyz(R)|(w)



Power of repair-key

CGiven relation R, repair-key(R) computes as alternative worlds all
minimal repairs of a functional dependency.

—Rower-world-set operation (w.l.0.g., A [Isdh(R))

PWs(R) := Tsen(r) (0a=1(repair-keysen ryer (R < pa({0, 1) < pp ({1}))))

Each world is a subset of R, and the set of worlds created is the
powerset of R.

—All repairs of an arbitrary FO constraint ¢:

assert[¢](pws(R)).



Operation repair-key
Example: Tossing a biased coin twice.

R | Toss Face FProb

S = repair'keyToss@FProb(R)

1

b s S R

1
2
2

4

.6
A4
.6

Pr=1

results in four worlds:

S!' | Toss Face FProb S? | Toss Face FProb
1 H 4 1 H 4
2 H 4 2 T .6
S3 | Toss Face FProb S* | Toss Face FProb
1 T .6 1 T .6
2 H 4 2 T .6
4 4
pp=1-——— ——— =16, po=p3=.24, p, = .36




Operation conf

—Returns all the tuples in the world-set and their confidences.
—Syntax: conf(R)
—sch(conf(R)) = sch(R) [{Tonf}
[—Semantics:
[conf(R)J(W) := {([B, Reont(r) LP) | (A, p) [V}

where

Conf (R) — {l:ﬂp[ut ERlN p_PW('t ERI)>O}

and
1 1
Ry = RA, Pw(t [R) = p.
(A.p)ewW (B,p)eW,teRB

—Shortcuts: the possible/certain tuples

possible(R) 1= myen(r)(0conr=0(CON(R)))
certain(R) = myen(r)(Tcont=1(CONF(R)))



Operation conf: Example

RA|A B RE|A B R°|A B
ab 3 ab .2 ac 5
b ¢ cd c d

conf: Compute, for each possible tuple, the sum of the weights of the possible
worlds in which it occurs.

conf (R) |

oo oo @
Nwo;| T



Operation assert

3yntax: asserty(R)

—Selects those worlds that satisfy condition ¢.
—Semantics (nonprobabilistic case):

[asserty (R)I(W) == {A| A CW,A F ¢}
—Semantics (probabilistic case):

[asserty(R)I(W) := {(A,p/po) | (A,p) LW, A E ¢}

where 1
Po = p.
(A.p)EW, ALq]
—R is the name of the relation passed on to the direct
superexpression, if there is one.



Example Query: Conditioning using assert

R! | TID SSN R2 | TID SSN
t 185 t 185
t 185 t 186
R® | TID SSN R* | TID SSN
t 785 t 785
t 185 t 186

asserts r:ssN—TID

This deletes the first of the four worlds and renormalizes the probabilities to

sum up to one.



Motivation: Decision Support Queries

P w bR

Company_Emp | CID EID
Google el
Google €2
Yahoo €3
Yahoo e4
Yahoo €5

Emp_Skills | EID  Skill
el Web
e2 Web
e3 Java
e3 Web
ed Solve problems
e5 Java

Suppose | choose to buy exactly one company.

Result | CID

| Google

Assume that one (key) employee leaves that company.

If I acquire that company, which skills can | obtain for certain?

Now list the possible acquisition targets if | want to guarantee to gain the
skill “Web” by the acquisition.



Motivation: Decision Support Queries

Company_Emp | CID EID
Google el
Google €2
Yahoo €3
Yahoo e4
Yahoo €5

Emp_Skills | EID  Skill
el Web
e2 Web
e3 Java
e3 Web
ed Solve problems
e5 Java

[— Suppose | choose to buy exactly one company.

U := choice_ofcip (Company_Emp);

U|CID

EID

U | CID EID
Google el
Google €2

Yahoo
Yahoo
Yahoo

e3
e4
e5



Motivation: Decision Support Queries

Company_Emp | CID EID
Google el
Google €2
Yahoo €3
Yahoo e4
Yahoo €5

Emp_Skills | EID  Skill
el Web
e2 Web
e3 Java
e3 Web
ed Solve problems
e5 Java

— Assume that one (key) employee leaves that company.

V := 71.cip,2.ei0 (choice_ofgip (U) >i.cip=2.ciba1.eiD2.60 COMpany_Emp)

V | CID EID V | CID EID
Google el Google €2

V | CID EID V | CID EID V | CID EID
Yahoo €3 Yahoo €3 Yahoo €4
Yahoo €4 Yahoo €5 Yahoo €5



Motivation: Decision Support Queries

Company Emp | CID  EID e iE El'D \SA‘/(:;
Google el
e2 Web
Google €2
e3 Java
Yahoo €3
e3 Web
Yahoo e4
ed Solve problems
Yahoo €5
e5 Java

C1f | acquire that company, which skills can | obtain for certain ?

W := certainm, (mcio,skin (V > Emp_Skills))

W | CID Skill W | CID Skill
| Google Web | Yahoo Java




Motivation: Decision Support Queries

Company Emp | CID  EID ekl El'D \S/\';:k')
Google el
e2 Web
Google €2
e3 Java
Yahoo €3
e3 Web
Yahoo e4
ed Solve problems
Yahoo €5
e5 Java

C—Now list the possible acquisition targets if | want to guarantee to gain
the skill “Web” by the acquisition.

possible(mcip (oskiii='web’ (W )))

Result | CID
| Google




Exact Confidence Computation and Conditioning

Given a tuple t with a set of valuations S, compute conf(t) by
partitioning S

(a) into independent subsets (exploit contextual independence)
(b) by removing variables (modified Davis-Putnam)

(c) by removing valuations (compute equiv. set of pairwise mutex
valuations)

[VLDB 2008] combines (a)-(c) using cost estimation heuristics.



Confidence computation example

S={{x—1},{x—2,y—1},{x—2,z—1},{u— 1 v — 1} {u— 2}}



Confidence computation example

S={{x—1},{x—2,y —» 1}, {x—2,2— 1}, {u—1,v — 1} {u— 2}}

{{x8 1},{x8 2,y B8 1},{xB 2,25 1}} {{fud 1L,vB 1},{uid 2



Confidence computation example

S={{x—1},{x—2,y—1},{x—2,2—1},{u— 1,v— 1}, {u+— 2}}

{{ud 1,viB 1}, {uB 2}}

{xB 1} {{xB8 2yB8 1},{xB 2,28 1}}



Confidence computation example

S={{x—1},{x—2,y —» 1} {x—2,2— 1}, {u—1,v — 1} {u— 2}}

{{fud 1,viB 1}, {ulBd 2}}

B
{{xB8 2,yB 1},{xB8 2,28 1}}



Confidence computation example

S={{x—1},{x—2,y—1},{x—2,z—1},{u— 1 v — 1} {u— 2}}

I/{E 0 1}, {u B 2}}

xdl{ \xﬁz

{y 8 1} {z B 1}



Confidence computation example

S={{x—1},{x—2,y—1},{x—2,z—1},{u— 1 v — 1} {u— 2}}

N

xd%\xﬁZ /Ii
1 {ud 1,viB 1} {uid 2}

N\

yﬁ1| |z§1
[ 1



Confidence computation example

S={{x—1},{x—2,y—1},{x—2,z—1},{u— 1 v — 1} {u— 2}}

L
s e\,
AV

yﬁ1| |zﬁ1
1 [



Confidence computation example

S={{x—1},{x—2,y—1},{x—2,z—1},{u— 1 v — 1} {u— 2}}

N

xdl{\xﬁz udlél:l\uﬁZ
L1 1
A N B

yﬁ1| |zﬁ1
1



Confidence computation example

S={{x—1},{x—2,y —» 1} {x—2,2— 1}, {u—1,v — 1} {u— 2}}

L 0.7578

T

L 0.308 L 0.65

xdl/ \xﬁz udl/ \u@Z

[1.0 L 0.52 L 0.5 [1.0

N [vB1

£L0.2 C0.4 L1.0
y3 1] |z 1
[1.0 (1.0

P(S) = 0.7578.



Uncertain data generator

—Bxtend TPC-H population generator 2.6 to generate U-relational
databases.

C_Any generated world has the sizes of relations and join selectivities
of the original TPC-H one-world case.

—Parameters: scale (s), uncertainty ratio (x), correlation ratio (2),
max alternatives per field (8), drop after correlation (0.25)

CQorrelations follow a pattern obtained by chasing egds on uncertain
data [ICDE’07].



Uncertainty and storage

Total number of worlds, max. number of domain values for a variable
(Rng), and size in MB of the U-relational database for each of our

settings.
TPCH

s 2 dbsize | #worlds  Rng dbsize | #worlds  Rng dbsize | #worlds Rng dbsize
001 | 01 17 | 10857076 o 82 | 10795530 g7 85 | 10793541 57 114
001 | 05 17 | 10523031 ¢ 82 | 10472456 oo 88 | 10%0675.6 662 139
005 | 01 85 | 10428723 3 359 | 1039913.8 33 403 | 10396137 65 547
005 | 05 85 | 1024914 173 300 | 10235155 449 416 | 10232650 1155 672
010 | 01 170 | 10860677 57 773 | 10798899 49 gop | 10793611 53 1000
010 | 05 170 | 1004465 151 776 | 10%0901.8 773 g6 | 10%06038 924 1339
050 | 01 853 | 10%3368.0 49 3843 | 10900185 71 3987 | 103976406 g5 5497
050 | 05 853 | 10255289 214 3g56 | 10234840 1835 4012 | 102:33¢106 o586 6682
100 | 01 1706 | 1087203.0 57 7683 | 10800997 99 7971 | 107-94€H06 133 11264
100 | 05 1706 | 10°1290-9 993 7712 | 10470401 4675  g20g | 104666406 3395 13312

[ [ [[x=0.0 T x = 0.001 [ x = 0.01 [ x=0.1 ]

—exponentially more succinct than representing worlds individually
L2089 worlds need 13 GBs = 8 times the size of one world (1.4 GBs)

Cdase X = 0 is the DB generated by the original TPC-H (without
uncertainty)



Evaluation of positive relational algebra queries

Q1: possible (select o.orderkey, o.orderdate, o.shippriority from customer c, orders
o, lineitem | where c.mktsegment = 'BUILDING’

and c.custkey = o.custkey and o.orderkey = |.orderkey

and o.orderdate > '1995-03-15" and l.shipdate < '1995-03-17")

Query1z0.1 Query1z0.5

F o 1000
% 1 Fox01 7 % x: 0.1 L ' E|
g 100 F x 001 - 3 8 100 [ x001 -
= Ex:0.001 -+ 7 = x: 0.001 ——+e X
~ 10 E "Vx E ~ 0 4
» - ] 7] N XA E
£ 1 3 £ 1o +
° = 3 2 Foo-
g 01 L 1 1 1 g 0.1 I I I

0.01 0.05 0.1 05 1 0.01 0.050.1 05 1

TPC-H scale factor (In scale) TPC-H scale factor (In scale)

[—uncertainty varies from 0.001 to 0.1 - evaluation time up to 6
times slower

—gorrelation varies from 0.1 to 0.5 - evaluation time up to 3 times
slower

Cscale varies from 0.01 to 1 — evaluation time up to 400 times slower
scale=1: the answer size ranges from tens of thousands to tens of
millions.



Confidence Experiments: Many Variables

time in sec (In scale)

Many variables (100k), few ws-descriptors, r=4, s=2

1000 F——

100 F

0.2k 0.5k 1.0k

Size of ws-set (In scale)



Confidence Experiments: Few Variables

time in sec (In scale)

1000
100
10

0.1
0.01

Few variables (100), many ws-descriptors, r=4(2), s=4

T
F o ki(e.0l) ——
indve --------

ve —

1k 2k 5k 10k
Size of ws-set (In scale)

25k

50k



Confidence Experiments: Easy-hard-easy Pattern

time in sec (In scale)

10000 F
1000 F
100 E

10

0.1 F
0.01 {

Number of variables close to ws-set size, 70 variables, r=4, s=4

indve(ymax) -------- : Y E
indve(median) : \ E
ki(e.001) : \ ]

L indve(ymin) : I ]
. / ]

E /// ‘ A
S E—— SN | | | ‘|N - E
5 90 200 500 825 5000

Size of ws-set (In scale)



Confidence Experiments: Heuristics

time in sec (In scale)

100

10

INDVE heuristics; 100K variables, r=4(2), s=4

T T
minmax ---<---

L minlog oA
| L
L iy at .

-~ B B 1
Bt kil 1 1 1]
50 100 200 500 1000

Size of ws-set (In scale)
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