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Probabilistic Databases

Motivation: Increasing amounts of uncertain data

- Sensor Networks; Information Networks
Noisy input data; measurement errors; incomplete data
Prevalent use of probabilistic modeling techniques

- Data Integration and Information Extraction
Need to model reputation, trust, and data quality
Increasing use of automated tools for schema mapping etc.

- X
Probabilistic databases

- Annotatetupleswith existence probabilities, and
attribute valueswith probability distributions

- Propagate probabilities through query execution
- Interpretation according to the "possible worlds semantics"




Possible World Semantics
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Top-k Query Processing

Scorevalues are used to rank the
tuplesin everypw.

Assumeuplesare already sorted in
an nonincreasing score order.
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The top-1 answer for each possible world

_ X Y,




Outline

. Prior Proposals for TepQueries oveiProbDB
. Parameterized Ranking Functions

- Computing PRF

- IndependenfTuples

. ComputinPRE®)

- Probabilistic AndkorTrees

- Approximating Ranking Functions

. Other Results

- Experiments




™

Topk Queries:Many Prior Proposals

U-top-k[SolimarSG | f @ QnT 6
- Returns the most probable tdpanswer
U-rank-k[SolimanrS 0 | f ® QnT 6
- Atranki, return thetuple with maxprob of being rank
Probabilistic Threshold (FKj[HuaS G | f @ Qny 6
- Return altuplest s.t. Pr(r(t)- k), u

- Globaltop-kw %K y3a Si | f® Qny8
- Returnk tuplest with the largestr (r(t). k) values.

Expected Score
- Return kiuplest with the highestscore(t)Pr(t)

Expected RaniCormodeS i | f & Qn 6
- Returnktuplest with smallesta Pr(pw)r,,,(t) (r,,(t) =[pw|+1 if t 2 pw)
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Top-k Queries

.- Which one should we use???

. Comparing different ranking functions

Normalized Kendall Distanc#reversals and #mismatch elements
lies in[0,1], 0:Same answerd;. Disjoint answers

EScore Pl'WGT‘ Lﬂ-Ran’k‘ ERank U-Top ‘

EScore - 0.124 0.302 0.799 0.276
PT/IGT 0.124 ---- 0.332 0.929 0.367
U-Rank | 0.302 0.332 - 0.929 0.204
ERank 0.799 0.929 0.929 — 0.945

U-Top 0.276 0.367 0.204 0.945 —

Real Data Set: 100,0@iples, Topl100




Top-k Queries

.- Which one should we use???

. Comparing different ranking functions

Normalized Kendall Distanc#reversals and #mismatch elements
lies in[0,1], 0:Same answerd;. Disjoint answers

EScore PFF[GT‘ Lﬂ-Ran’k‘ ERank U-Top ‘

E-Score — 0.864 0.890 0.004 0.925
PTIGT 0.864 — 0.395 0.864 0.579
U-Rank || 0.890 0.395 s 0.890 0.316
E-Rank 0.004 0.864 0.890 — 0.926

U-Top 0.925 0.579 0.316 0.926 -

Synthetic Dataset: 100,0@0ples, Top100
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Our Approach

™

- Define twoparameterizedanking functionsPRF; PRFE
- .. that can simulate or approximate a variety of ranking funct
- PREmuch more efficient to evaluate (thadPR®)
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Parameterized Ranking Function

AWeight Function! : TE NI C
AParameterized Ranking Function (PRF)

To(t) = ) wtrpw(t) - Pripw)

pw:tEpw

— y: y:w(t,i)Pr(pw A Tpw(t) = 1)

pw:tEpw 1>0

> wi(t,i) - Pr(r(t) =1i).

1>0

Returnk tupleswith the highest|T.| values.




Parameterized Ranking Function

- 1 (t,)= 1: Rank theuples by probabilities

- 1 (t,1)=score(t)EScore

- PRE(h); w(t,1) = w(i) and w(z) =0 Vi > h
1, i<k

 PTIGTK: w(i) :{ 0, otherwise

. 1, 1=]
. U-Rank (1) = ’
w; (i) { 0, otherwise
Thetuple with the largestY.,, value is the rgrinswer.

- PRE®):! ()=® where®can be a real or a complex
number
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Computing P RAssuminguple Independence

Ti.1: the set oftupleswith scores higher that
¥4 Boolean indicator vector

Pr(r(t:) =7) = Pr(t:) > Pr(pw)

pw:|pwnT;_1|=7j—1

= Pr(t) Z H Prity) ] (1—Pr(t))

<iiop= l<i:01=0

O':Zcrl=j—1
. Generating Function Method
F(x) = H?:ﬂai + b;x)

. The coefficientog<: =~ >, ] @ ][ &
B:3 " Bi=k #:8i=0  i:fi=1
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Computing P RAssuminguple Independence

Ta{ttt X, X T
. Generating Function Method

fz(:c) _ ( H (1 — Pr(t) + Pr(?) SU)) (Pr(t;) - x)

teT; 1
. The coefficient ok« : Pr(r¢_i)=k)
. Algorithm:

. Fori=1ton

Construct 7(x) Expand from scratc?
Expand F*(x) = Y7, Pr(r(t:) = j)a’ J O(r¥)

T(t:) = S wits, j)Pr(r(ts) = ) [ o) overall ]

/




™
Computing P RAssuminguple Independence

Ta{ttt X, X T
. Generating Function Method

}—z(x) _ ( H (1 — Pr(t) + Pr(?) SU)) (Pr(t;) - x)

teT; 1
. The coefficient ok« : Pr(r¢_i)=k)
. Algorithm:

. Fori=1ton

Construct #*(x) 4[\ Can be improved tﬂ
Expand F*(x) = > 7, Pr(r(t:) = j)a’ O(n)

T(t:) = S wits, j)Pr(r(ts) = ) [ o(?) overal ]

/
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ComputingPRE®): Assuminguple Independence
. Recall ())=®
. Generating Function Method

- Fix) =325 Pr(r(ts) = j)2?

- X(ts) = 2o Pr(r(ts) = j)w(i) = 32,2, Pr(r(ti) = j)o?

No need to expand

T(ti) — fZ(Oé) the polynomial !!
. Therefore: Fi(a) = ( 11 (1— Pr(t) +
teT; 1
i Prti) i1
- Morevoer. F'(a) = Pr(t-_l)]: (05)(1 — Pr(ti—1) + Pr(ti—l)a)

| O(1) | [ O(n)overall ]
/
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Computing PRProbabilistic AndXor Trees

- Capture two types of correlationsiutual exclusitivityand
coexistence

And node: :
Possible Worlds Pr
t, 0.02
t 0.08
Xor nodes: —

é é .

ty, t, tg 0.03

ty, ts, t 0.018

é é .




Computing PRProbabilistic AndXor Trees

- Capture two types of correlationsiutual exclusitivityand
coexistence

And node: :
Possible Worlds Pr
t, 0.02
t 0.08
Xor nodes: —
e e .
ottt 0.018
/\ t ta, te 0.012
e é .

/1
/

[ Pr=0.3*0.3*0.2=0.018




Computing PRProbabilistic AndXor Trees

r(i)=] if and only if(1)]-1 tupleswith higher scores appear
(2)tuple i appears

Pr(r()=j)=coeffof Xy
And node: 0 F(,)=(0.2+0.8x)(0.1+0.2y+0.7x)

Canbe
X X 1 1 Yy X improved to
O(rflog?n) /
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ComputingP RE®): Probabilistic AndXor Trees

Generating Function:7*(z, y) Zc xd + chatj h
Thecoeffof X1y : ¢ = Pr(r()=j)

Therefore:

No need to expand
the polynomial !!




