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e Ranking in probabilistic databases is hard
e Many proposals
e Consensus answers

* The overview of our approach

e Parameterized Ranking Function (PRF)
e Relation with other semantics

* Algorithm (The generating function method)

e Approximation

e using a single PRFe

e using a linear combination of PRFe
e Learning the weight function
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Semantics of Query Processing
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Top-k Query Processing

Score values are used to rank the How to combine all
tuples in every pw. possible top-k answers??

Assume tuples are already sorted in
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Some Proposals

Expected Score

e Return k tuples t with the highest score(t)Pr(t)
U-top-k [Soliman et al.’07]

e Returns the most probable top k-answer

U-rank-k [Soliman et al. ’07]

e Atrank i, return the tuple with max prob of being rank i
Probabilistic Threshold (PT/GT-k) [Hua et al.’08] [Zhang et
al.’08]

e Return all tuples t s.t. Pr(r(t)<k) >0

Expected Rank [Cormode et al. ’09]
e Return k tuples t with smallest E[r(t) ]=2. Pr(pw) rowlt)




Some Proposals

» Expected Score
e Return k tuples t with the highest score(t)Pr(t)

ID Score Prob Exp-score
t, 200 0.2 100
t, 150 0.8 120
t, 100 0.4 40

Ranking: t,, t;, t;




Some Proposals

e U-top-k [Soliman et al.’07]

e Returns the most probable top k-answer K=2
Possible Prob
Top2 Prob
worlds
t,t, 0.160
ID Score Prob bty LLlles £t 0.016
t,t, 0.096 v '
t, 200 0.2 e 0265
t, t 0.016 '3 :
t, 150 0.8 . 0.024
t,t, 0.265 ! '
t, 100 0.4 X 0.384
t, 0.024 ? '
N 0.384 t, 0.064
t, 0.064

0, 0.096 TOp-Z: t2 ,t3




Some Proposals

e U-rank-k [Soliman et al. ’07]
e Atrank i, return the tuple with max prob of being rank i
Possible Prob

worlds

ID Score Prob t, t,t;  0.064 1 2 3
t, 200 0.2 t,4 0.096 t; 0.2 0 0
t, 150 0.8 t, 43 0.016 t, 0.649 0.16 0
t, 100 0.4 t,,t; 0.265 t; 0.064 0.281 0.064

h 0.024 Positional probabilities

t, 0.384

t, 0.064 ,

® 0.096 Ranking: t, L3 L3
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* Probabilistic Threshold (PT) [Hua et al.’08]

Some Proposals

e Return all tuples ts.t. Pr(r(t)<k) >0

Possible Prob K=2
worlds
ID Score Prob t,t,t;  0.064 ID Prob(r(t)<2)
t, 200 0.2 tt, 0.096 t, 0.2
t, 150 0.8 43 0.016 t, 0.8
t 100 0.4 PHE 0.256 t, 0.336
t, 0.024
t, 0.384 .
C 00w Ranking: t,, t;, t;
@ 0.096

/




Some Proposals

* Expected Rank [Cormode et al.’09]

e Return k tuples t with smallest E[r(t) ]=2 Pr(pw) row(t) (if tis not
inpw, r,,(t)=/pw[+1.

Possible Prob K=2
worlds
ID Score Prob ty it 0.064 ID E[r(t)]
t, 200 0.2 b 0.096 t, 1.96
t, 150 0.8 t t3 0.016 t, 1.28
t, 100 0.4 tyts 0.256 t, 2
t, 0.024
t, 0.384 .
N e Ranking: t,, t,, t;
0 0.096

E(r(t,))= (0.064+0.096+0.016+0.024+0.096)*1+(0.384+0.064) *2+0.256*3=1.96 -
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Consensus Answers

e Think of each possible answers as a point in the space.
» Suppose d() is a distance metric between answers.

e Consensus Answers:
A single deterministic answer

o . ~ /
T = arg Elé?z{ ld(T 7pr)]}

where 1, is the answer for the possible world pw
Mean answer: Q is the set of all feasible answer
Median answer: Q is the set of all possible answer

Consensus Answers for Queries over Probabilistic Databases.
Jian Li and Amol Deshpande. PODS 2009
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Consensus Answers
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Consensus Top-k Answer

e Distance function: Symmetric difference

d(11,72) = |[MAT| = |(11 \ 72) U (72 \ 71)|

e Spearman footrule distance

e Kendall’s tau distance




Consensus Answer

* The idea also applies to other queries.
e E.g. aggregate queries:
SELECT groupname, count(*) FROM R GROUP BY groupname

e e _count [l ¢ | count
1 1 1 1
1 0.5

tupl . 2 1 2 0  ssessse
X-tuple 1 2 0.5 3 0 3 1
2 3 0.6 Possible Possible
answer 1 answer 2

e Distance: Square vector distance
e Mean answer: Trivial. Take average for each group.
* Median answer: More involved.

- /




Consensus Answer

e E.g. Clustering

» Distance function: Consensus clustering distance.

d(t,, T,)= # (pairs that are clustered together in one
solution but separated in another).




Top-k Queries

* Which one should we use???
* Comparing different ranking functions

Normalized Kendall Distance: #reversals and #mismatch elements
liesin [0,1], O: Same answers; 1: Disjoint answers

E-Score‘ PT/GT 1 U-Rank‘ E-Rankl U-Top |

E-Score ==== 0.124 0.302 0.799 0.276
PT/GT 0.124 === 0.332 0.929 0.367
U-Rank 0.302 0332 | - 0.929 0.204
E-Rank 0.799 0.929 0.929 ==== 0.945

U-Top 0.276 0.367 0.204 0.945 ----

Real Data Set: 100,000 tuples, Top-100




Top-k Queries

* Which one should we use???
* Comparing different ranking functions

Normalized Kendall Distance: #reversals and #mismatch elements
liesin [0,1], O: Same answers; 1: Disjoint answers

E-Score‘ PT/GT ‘ U-Rank‘ E-Rank‘ U-Top ‘

E-Score === 0.864 0.890 0.004 0.925
PT/GT 0.864 e 0.395 0.864 0.579
U-Rank 0.890 0395 | - 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: 100,000 tuples, Top-100
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Our Approach

» Define two parameterized ranking functions: PRFY; PRF¢

e .. that can simulate or approximate a variety of ranking functions
e PRF® much more efficient to evaluate (than PRFY)

[ User ]

o \
Preference information: e.g., a }

ranking on a small dataset
y

U ’ \ U

T 4

Compute
[ Represent as a PRFY :> directly <:
o

A specific ranking function

Learn PRFY parameters }

/ .

Use PRF¢ to
approximate

.
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Parameterized Ranking Function

* Weight Function: w : T X N — C

e Parameterized 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

Return k tuples with the highest |T.| values.




Parameterized Ranking Function

* w(ti)= 1 : Rank the tuples by probabilities

o w(ti)=score(t): E-Score
e PRF¥(h): w(t,7) = w(i) and w(i) =0Vi > h

. 1, i<k
e PT/GT-k: W (Z) — 0, otherwise
1, i=j

® URank:  w;(i) = { 0, otherwise

The tuple with the largest T, value is the rank-j answer.

e Exp-Rank: w(t) =mn — 1 (if thereis no tuple uncertainty)
* PRF¢(): w(i)=a* where «a can be a real or a complex number

/




PRF and Consensus Top-k Answer

e Distance function: Symmetric difference

d(11,72) = |[MAT| = |(11 \ 72) U (72 \ 71)|

* Probabilistic threshold (PT-k): Find k tuples with
largest Pr(r(t)<k).
e PRFw with weight function w(i)=1 if i<k and w(i)=0 o.w.

e THM: The mean answer under symmetric difference
metric is equivalent to PT-k.




PRF and Consensus Top-k Answer

» Distance function: Weighted Symmetric difference

k
dy,(11,72) = g w(1)d(12(2) & T1).
i=1
w:9 876514
4=ABCDEF ,=ABCDEF
T,=K GCDEF L,=ABKE FG
d(ty, ) =9+8 =17 d(t, 1)) =7+4 =11

e PRFw with weight function w().

e THM: The mean answer under weighted symmetric
difference metric is equivalent to PRFw.




Outline

e Ranking in probabilistic databases is hard
e Many proposals
e Consensus answers

* The overview of our approach

e Parameterized Ranking Function (PRF)
e Relation with other semantics

e Algorithm (The generating function method)

e Approximation

e using a single PRFe

e using a linear combination of PRFe
e Learning the weight function




4 N

Computing PRF: Independent Tuples

Computing Pr(r(t.) =j), for a given tuple t. and a given rank j
T ={t,t,..,t.;} i.e., the set of tuples with scores higher than t,

Pr(r(t;) =j4) = Pr(t) > Pr(pw)

pw:j—1 tuples in T; 1 exists

= Pr(t;) Z HPr(t) H (1 —Pr(t))

SCT;_1 tES teT; _1\S
|S|=5-1

Generating Function Method

Fi(z) = ( 11 (1 — Pr(t) + Pr(t) a:)) (Pr(t:) - @)

tel; 1

The coefficient of X : Pr(r(t; )=j)




™~
Computing PRF: Independent Tuples

e Algorithm:

*Fori=lton ! Can be improved to |
' n . : (9)
Expand F'(z) = >_;_ Pr(r(t:) = j)a? (n) )
T(t;) = Z?:1 w(ti, 7)Pr(r(t;) =7) % O(n) time

e Return k tuples with largest |T.| values

{ O(n?) overall J

F' and F-! differ in two multiplicative terms

Fi(z) = ( H (1 — Pr(t) + Pr(2) - a:)) (Pr(t;) - x)

teT; 1




Computing PRFé(«): Independent Tuples
» Recall w(j)=a
e Generating Function Method
o Fi(w) = Sy Prr(t) =)o)
* T(t) = Y Prir(t) = i)of
: No need to expand
T(tz) — fz(()é) the polytlomizl g

e Therefore: Fi(a)= ( H (1— Pr(t) +

teTl; 1

e Morevoer: F'(a) = Pf(rt(?_i)l)f""l(a)(l —Pr(ti—1) + Pr(ti_l)a)

O(1) L O(n) overall }

/
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Kendall Distance

Approximating Other Ranking Functions

Using PRFe

Comparing PRF® with other ranking functions for varying value of «

)
10_ e

I aaaanaaa
—»— Score
- —+- Prob
--=+-- Exp-score
- == PT(100)
—— U-rank
-~ =-- Exp-rank
--@-- UTop-k

o BT -

150 200

Kendall Distance

1.0 =

0.8 +

0.6 —

0.4 -

--=+-- Exp-score

‘:151 - - - PT(100)

+ * ——— U-rank

i !'i --=+-- Exp-rank
'1:* --@-- UTop-k

Approximating with PRF-e (a=1-0.9"1): (1) I[TP-100000, k=100; (ii) Syn-IND-1000, k=100
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Approximating Ranking Functions

Approximating PRF“ using linear combination of PRF¢
* Suppose w(i) ~ Zz reY

= S wliPre Zul (zalpr )

e Reduce to L individual PRF® computations
* Running time : O(nlogn+nl) (as opposed to O(n?))




Approximating Ranking Functions

* How to approximate w() by a linear combination of
. : L i
exponentials? w(i) = Y ,_; wqy

e A scheme based on Discrete Fourier Transformation

(i) = — N pk)e ™ i=0,...,N—1.

(0),...,1o(N-1) is the DFT of w(0),..., w(N-1)

e Use the largest L DFT coefficients

1 L—-1

PFT(i) = =Y k)™ i=0,...,N -1




Approximating Ranking Functions

1.0

0.5 =

0.0

Ll L) L) L]

L) L] Ll L)

1000

y=w(x)
brt —  y=w(x)
\/\MA ——— DFT : Periodic !
1500 2000 2500
X

Approximating w(x)=1 if x<=1000, 0 if x>1000




Approximating Ranking Functions

L—1
. ° - ]_ T .
Adding a damping factor i : &”"7 7 (i) = i W(k)(ne N k)
k=0
y=w(x)
DFT _
DFT+DF —  y=w(x)
—— DFT : Periodic !
—— DFT+Damping Factor:
> Biased approximation
0'0""1“" "'I""_-F""I
0 500 1000 1500 2000 2500

X

Approximating w(x)=1 if x<=1000, 0 if x>1000 /




Approximating Ranking Functions

Initial Scaling : Perform DFT on a scaled sequence 1~ 'w(%) i =0,...,N —1

y=w(x)
DFT

———— DFT+DF
DFT+DF+IS

0.0

Ll L) L) L] I L) L] Ll L)
0 500 1000 1500 2000 2500
X

Approximating w(x)=1 if x<=1000, 0 if x>1000

y=w(x)

DFT : Periodic !

DFT+Damping Factor :
Biased approximation

DFT+DF+
Initial Scaling :
Unbiased




Approximating Ranking Functions

Extending and Shifting: Particular tailored for optimizing the
approximation quality around the origin.

y=w(x)
DFT _
——— DFT+DF y=w(x)
DFT+DF+IS
DFT+DF+IS+ES —— DFT : Periodic !
—— DFT+Damping Factor :
o Biased approximation
DFT+DF+
Initial Scaling :
Unbiased
| DFT+DF+IS+
0.0 S O e Extending&Shifting:
0 500 1000 1500 2000 2500 Unbiased and better
X qguality around origin

Approximating w(x)=1 if x<=1000, 0 if x>1000 /




Approximating Ranking Functions

— y=wix)
— y=w20(x)
m—— y=w30x)
— y=w100{x
L0 ¥ (&3]
]
0.5
00 e e
0 500 1000 1500 2000

Approximations of the step function

L —_— y=w(X)

— y=w20(x)

—— y=w30(X)
1000

=
500 -
o T ¥ 1
0 500 1000 1500
X

Approximating w(i}=1000-i for i=0...1000, w(i)=0 for i>1000

—_— y=WiX)
— y=w20i(x)
—— y=w30(X)
1.0 =
0.5 =
0.0 T I T
0 500 1000

X

Approximating an arbitrary smooth function




Approximating Ranking Functions

Approximation quality for approximating different
ranking functions using PRF*e functions

1.0 5 —a&— DFT
| - @- DFT+DF
) --#-- DFT+DF=IS
(0.8 - #—- DFT+DF+IS+ES
0.6 -
0.4 4
l_.-l—l-l-l-.-—.—l A8-5-BEE-BEEE
.
O.Ei e,
e ** 0o
Ral I MAAR IR
0.0 Yoot eetrareny
" L L] L) I L] L] L] L] I
50 100 150 200
#Hterms : L

Approximating PT(1000)-1000 (n=100000)

Kendall Distance

—&— PT(1000) (n=100000Jk=1000)
—— PT(1000) (n=1000000k=1000)
- #— sfunc (n=100000k=1000)

— @-  sfunc (n=1000000,k=1000)
---#-- Linear(n=100000,k=1000)
---@-- Linear(n=1000000,k=1000)

T T T - | =
50 100 150 200
#terms : L

No. of Terms vs Approximation Quality
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Learn the Weight Function

* We can learn the weight from user feedbacks.
e A feedback can be a total or partial ordering of the tuples.

* Use the positional probabilities as the features.
e Feature vector: {Pr(r(t)=1), Pr(r(t)=2), Pr(r(t)=3),...}.
* Use Ranking-SVM to learn the weight.
e Maximize the margin.

(0.2,0.4)

* ,
(0-01,0.2) \\\\ _—
] ey The weight vector we
_— @ (0.25,0.15) want to learn

margin @ (0.1,0.04)




Note
e Texpoint 3.2.1.




