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String-Level Probabilistic Model
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String-Level Probabilistic Model

String S (o;'s) | Probability (p;'s)
Bob Mitchell 0.75
Rob Mitchell 0.10
Robert Mitchell 0.05
Robby Mitchell 0.10
(1) = ( 01, p1 ) = ( "Bob Mitchell", 0.75 )
S(2) = ( 02, p2 ) = ( "Rob Mitchell", 0.10 )
S(3) = (03, p3 ) = ( "Robert Mitchell”, 0.05 )
S(4) = ( 04, ps ) = ( "Robby Mitchell”, 0.10 )
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String-Level Probabilistic Model

S =1{(o1,p1),(02,P2);- -,

String S (o;'s) | Probability (p;'s)
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(1) = ( 01, p1 ) = ( " Bob Mitchell”
S(2) = ( 02, p2 ) = (" Rob Mitchell”
S(3) = ( 03, p3 ) = ( "Robert Mitchell
S(4) = ( 04, ps+ ) = ( "Robby Mitchell”

(OmsPm)}

where > " p; =1 and o; € &*
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0 The International Union of Pure and Applied Chemistry has is-
sued the following convention for naming ambiguous portions of
a sequence.

e A = adenine e M= A C (amino)

e C = cytosine e S =G C (strong bonds)
e G = guanine e W= AT (weak bonds)
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e R =G A (purine) e D=GAT (all but C)
e Y =T C (pyrimidine) e H=ACT (all but G)
e K=GT (keto) o V=GCA (all but T)

e N=AGCT (any)
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DNA Sequence Probability
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S =TAT T 0.0 TCGTTGC T 085 GCTGCGGAGC

v

S[4] = {(A,0.20), (T, 0.80)}




Character-Level Probabilistic Model

DNA Sequence Probability
[ATTTCGTTGCTGCTGCGGAGC 0.75
[ATATCGTTGCGGCTGCGGAGC 0.10
ATTTCGTTGCGGCTGCGGAGC 0.05
ATATCGTTGCTGCTGCGGAGC 0.10

|

A 0.20 G 0.15

S = TAT T 080 TCGTTGC T 085 GCTGCGGAGC
S =S8[1]...5]n]
where S[Z] = ( '71,]?2'71), c ey (Cimmpi,m)}

¢y
cij €3, piyj € (0,1] and 3 7%, pi; = 1.
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Edit Distance: A Classical Metric for
Deterministic String Similarity Join

O The edit distance between two strings is the minimum num-
ber of insertions , deletions , and substitutions necessary to
transform one string into the other

5 Consider theater and theatre:
e The edit distance is d(theater, theatre) = 2

How can we measure the similarity between probabilistic
strings’?
Key idea: Use the expected edit distance!
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EED =d(S1,Ss) =

Expected Edit Distance

> w(s)

s€e()
()
01, P1,i 02 4 P2, W(S) d(01,z‘,02 ])
cat | 0.50 | dog | 0.75 | 0.375 3
cat | 0.50 | doggy | 0.10 | 0.05 5
cat | 0.50 | puppy | 0.15 | 0.075 5
kitty | 0.50 | dog | 0.75 | 0.375 5
kitty | 0.50 | doggy | 0.10 | 0.05 4
kitty | 0.50 | puppy | 0.15 | 0.075 4
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Expected Edit Distance

> w(s)

s€e()
()
01, P1,i 02 4 P2, W(S) d(01,i,02 ])
cat | 0.50 | dog | 0.75 | 0.375 3
cat | 0.50 | doggy | 0.10 | 0.05 5
cat | 0.50 | puppy | 0.15 | 0.075 5
kitty | 0.50 | dog | 0.75 | 0.375 5
kitty | 0.50 | doggy | 0.10 | 0.05 4
kitty | 0.50 | puppy | 0.15 | 0.075 4
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> w(s)
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Expected Edit Distance

> w(s)

s€e()
()
01, P1,i 02 4 P2, W(S) d(01,¢, 02 ])
cat | 0.50 | dog | 0.75 | 0.375 3
cat | 0.50 | doggy | 0.10 | 0.05 5
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> w(s)

s€e()
()
01, P1,i 02 4 P2, W(S) d(01,i,02 ])
cat | 0.50 | dog | 0.75 | 0.375 3
cat | 0.50 | doggy | 0.10 | 0.05 5
cat | 0.50 | puppy | 0.15 | 0.075 5
kitty | 0.50 | dog | 0.75 | 0.375 5
kitty | 0.50 | doggy | 0.10 | 0.05 4
kitty | 0.50 | puppy | 0.15 | 0.075 4

d(S1,92) = 0.375-3+0.05-540.075-540.375 -5+

0.05-4
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EED =d(S1,Ss) =

Expected Edit Distance

> w(s)

s€e()
()
01, P1,i 02 4 P2, W(S) d(01,i,02 ])
cat | 0.50 | dog | 0.75 | 0.375 3
cat | 0.50 | doggy | 0.10 | 0.05 5
cat | 0.50 | puppy | 0.15 | 0.075 5
kitty | 0.50 | dog | 0.75 | 0.375 5
kitty | 0.50 | doggy | 0.10 | 0.05 4
kitty | 0.50 | puppy | 0.15 | 0.075 4
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EED =d(S1,Ss) =

Expected Edit Distance

> w(s)

s€e()
()
01, P1,i 02 4 P2, W(S) d(01,z‘,02 ])
cat | 0.50 | dog | 0.75 | 0.375 3
cat | 0.50 | doggy | 0.10 | 0.05 5
cat | 0.50 | puppy | 0.15 | 0.075 5
kitty | 0.50 | dog | 0.75 | 0.375 5
kitty | 0.50 | doggy | 0.10 | 0.05 4
kitty | 0.50 | puppy | 0.15 | 0.075 4

d(S1,52) = 0.375-3+0.05-5+0.075-540.375-5+0.05-4+0.075 - 4

d(S1,55) = 4.125
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Probabilistic String Similiarity Join

R T
id S id S
; { ( Microsoft, 0.90 ), 1 ( Google, 1)
( Microsoft Inc., 0.10 ) } X g , | {(AT&T 0098),
, { ( Yahoo, 0.80 ), (ATT, 0.02) }
( Yahoo!, 0.20 ) } .
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Probabilistic String Similiarity Join

R T
id S id S
; { ( Microsoft, 0.90 ), 1 ( Google, 1)
( Microsoft Inc., 0.10 ) } X g , | {(AT&T 0098),
, { ( Yahoo, 0.80 ), (ATT, 0.02) }
( Yahoo!, 0.20 ) } .

A join on R and T on probabilistic string attribute S returns all
pairs of records (7;,t;) s.t. 7, € R, t; € T and d(r;.5,t;.5) < T

Our goal is to find efficient means to optimize a probabilistic string
join in existing relational databases

12-3



Relational Representation for String-Level Model

a string-level probabilistic g-gram is a quadruple (¢,p, 4, g)
i is the choice index (cid) £ is the start position
p is the choice probability ¢ is the g-gram starting at £
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Relational Representation for String-Level Model

a string-level probabilistic g-gram is a quadruple (¢,p, 4, g)
i is the choice index (cid) £ is the start position
p is the choice probability ¢ is the g-gram starting at £

probabilistic strings

g-grams
id S id [cid [ £ | g
1 | {(add, 0.8), (plus, 0.2)} : 1 | #a
2 | {(up, 0.9), (op, 0.1)} 2 | ad
3 | dd
relational representation 1 1 4 | d$
id | cid A p len 1 9 1 | #p
1 1 add | 0.8 | 3.2 1 9 2 | pl
1 2 plus | 0.2 | 3.2 1 9 31 lu
2 1 up | 0.9 2
2 2 op | 0.1 2
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Relational Representation for String-Level Model

a string-level probabilistic g-gram is a quadruple (¢,p, 4, g)
i is the choice index (cid) £ is the start position
p is the choice probability ¢ is the g-gram starting at £

probabilistic strings

g-grams
id S id [cid [ £ | g
1 | {(add, 0.8), (plus, 0.2)} : : 1 | #a
2 | {(up, 0.9), (op, 0.1)} 2 | ad
3 | dd
relational representation 1 1 4 | d$
id | cid A p len 1 2 1 | #p
1 1 add | 0.8 | 3.2 1 9 2 | pl
1 2 plus | 0.2 | 3.2 1 2 31 lu
2 1 up | 0.9 2
2 2 op | 0.1 2
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Relational Representation for String-Level Model

a string-level probabilistic g-gram is a quadruple (¢,p, 4, g)

i is the choice index (cid)

¢ is the start position

p is the choice probability ¢ is the g-gram starting at £

probabilistic strings

vd S

1 | {(add, 0.8), (plus, 0.2)}
2 {(up, 0.9), (op, 0.1)}

relational representation

id | cid A p len
1 1 add | 0.8 | 3.2
1 2 plus | 0.2 | 3.2
2 1 up | 0.9 2
2 2 op | 0.1 2

g-grams

id | cid | £ | g

’ 1 1 | #a
] 2 | ad
1 3 | dd
1 | 4] d$
2 | 1] #p
2 2 | pl
2 3| lu




Relational Representation for String-Level Model

a string-level probabilistic g-gram is a quadruple (¢,p, 4, g)
i is the choice index (cid) £ is the start position
p is the choice probability ¢ is the g-gram starting at £

probabilistic strings

g-grams
id S id [cid [ £ | g
1 | {(add, 0.8), (plus, 0.2)} — — T | #a
2 | {(up, 0.9), (op, 0.1)} 2 | ad
3 | dd
relational representation 1 1 4 | d$
id | cid A p len 1 2 1 | #p
1 1 add | 0.8 | 3.2 1 2 2 | pl
1 2 plus | 0.2 | 3.2 1 2 31 lu
2 1 up | 0.9 2
2 2 op | 0.1 2
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Relational Representation for String-Level Model

a string-level probabilistic g-gram is a quadruple (¢,p, 4, g)
i is the choice index (cid) £ is the start position
p is the choice probability ¢ is the g-gram starting at £

probabilistic strings

g-grams
id S id [cid [ £ | g
1 | {(add, 0.8), (plus, 0.2)} : 1 [[#a
2 | {(up, 0.9), (op, 0.1)} 2 || ad
3 || dd
relational representation 1 1 4 || d$
id | cid A p len 1 2 1 | #p
1 1 add | 0.8 | 3.2 1 9 2 | pl
1 2 plus | 0.2 | 3.2 1 2 31 lu
2 1 up | 0.9 2
2 2 op | 0.1 2
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Relational Representation for String-Level Model

a string-level probabilistic g-gram is a quadruple (¢,p, 4, g)
i is the choice index (cid) £ is the start position
p is the choice probability ¢ is the g-gram starting at £

probabilistic strings

g-grams
id S id [cid [ £ | g
1 | {(add, 0.8), (plus, 0.2)} : 1 | #a
2 | {(up, 0.9), (op, 0.1)} 2 | ad
3 | dd
relational representation 1 1 4 | d$
id | cid A p len 1 9 1 ||#p
1 1 add | 0.8 | 3.2 1 9 2 || pl
1 2 plus | 0.2 | 3.2 1 9 31| lu
2 1 up | 0.9 2
2 2 op | 0.1 2
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|
String-Level Probabilistic String Similiarity Join

O Solution: We derive probabilistic g-gram based lower-bound prun-
Ing techniques.
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|
String-Level Probabilistic String Similiarity Join

O Solution: We derive probabilistic g-gram based lower-bound prun-
Ing techniques.

5 Qur techniques are implementable in existing relational databases

with pure SQL and are several of magnitude more efficient than the
nalve solution.
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Relational Representation for Character-Level Model

A character-level probabilistic g-gram is a pair (¢, S[¢..¢
¢ is the beginning position of the g-gram

S[e..0

qg — 1| is the probabilistic substring S|¢] ... S|/

q

1]

1))
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A 08), (C.02)} {(G 07), (T,03)y L | 080 | 1] #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1] #C
3 {(C, D}, {(A, D}, {(G, 1)} 1 | 056 | 2| AG
1 | 024 | 2| AT
relational representation 11014 |2 CG
id A Ton 1 | 006 |2 CT
1 | xA0.8/C0.2+xG0.7|T0.3% | 2 L 1070 | 3] GS
2 AxG0.6|T0.4x 2 1 10303 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A 08), (C.02)} {(G 07), (T,03)y | 1 | 080 | 1| #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1] #C
3 {(C, D}, {(A, D}, {(G, 1)} 1 | 056 | 2| AG
1 | 024 | 2| AT
relational representation 11014 |2 CG
id A Ton 1 | 006 |2 CT
1 | xA0.8/C0.2+xG0.7|T0.3% | 2 L 1070 | 3] GS
2 AxG0.6|T0.4x 2 1 10303 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A 08), (C.02)} {(G 07), (T,03)y | 1 | 080 | 1| #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1] #C
3 {(C, D}, {(A, 1D}, {(G, 1)} 1 | 056 | 2| AG
1 | 024 | 2 | AT
relational representation 11014 |2 CG
id A Ton 1 | 006 |2 CT
1 | %A0.8]C0.24xG0.7|T0.3% | 2 1 1070 |3 ]| G$
2 AxG0.6|T0.4x 2 1 10303 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic g-gram is a pair (¢, S/../ + q
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A 08), (C.02)} {(G 07), (T,03)} || 1 | 080 | 1| #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1] #C
3| {(C 1)} {(A )Y, (G, 1)} 1 | 056 | 2| AG
1 | 024 | 2| AT
relational representation 11014 |2 CG
id A Ton | 1 ]006|2|CT
1 | %A0.8]C0.24xG0.7|T0.3% | 2 1 1070 |3 ]| G$
2 AxG0.6|T0.4x 2 1 1030 3| TS
3 CAG 3

1))
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])
¢ is the beginning position of the g-gram

S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]

probabilistic strings g-grams
1 | {(A 0.8), (C,0.2)}, {(G, 0.7), (T, 0.3)} [ 1 ]080[1]#A ]
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1| #C
3| {(C, 1)L {(A DY, (G, 1)} 1 | 056 | 2| AG
1 1024 | 2| AT
relational representation 11014 |2 CG
id A Ton 1 | 006 |2 CT
1 | JA0.8]C0.2xxG0.7[T0.3% | 2 L 1070 | 3] GS
2 AxG0.6|T0.4x 2 1 10303 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic g-gram is a pair (¢, S[(..0 + q — 1))
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A, 0.8), (C,0.2)}, {(G, 0.7), (T, 0.3)} 1 | 080 | 1| #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 10201 C
3 | {(C DL {(A D} {(6.1)} L |056[2]AG
1 024 | 2 | AT
relational representation 11014 |2 CG
id A Ton 1 | 006 | 2| CT
1 | xA0.8[C0.2k+G0.7[T0.3% | 2 1 1070 | 3| G$
2 AxGO.6|T0.4x 2 110303 T3
3 CAG 3




15-8

Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])

¢ is the beginning position of the g-gram

S0..4 + q — 1] is the probabilistic substring S|¢|...S[¢ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A, 0.8), (C,0.2)}, {(G, 0.7), (T, 0.3)} 1 1080 | 1| #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1) #C
3 | {(C, 1)) {(A D)), {(G 1)) 1 | 056 | 2 | AG
1 | 024 | 2 | AT
relational representation 11014 |2 CG
id A Ton 1 | 006 |2 CT
1| 4A0.8]C0.2x4G0.7]T0.3% | 2 1 [ 070 | 3| G$
2 AxGO0.6|T0.4% . 1 10303 | TS
3 CAG 3




15-9

Relational Representation for Character-Level Model

A character-level probabilistic g-gram is a pair (¢, S[(..0 + q — 1))
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A, 0.8), (C,0.2)}, {(G, 0.7), (T, 0.3)} 1 1080 | 1| #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} L1020 | 1| C
3 | {(CDYL{(ADL{(G 1)} L0856 ]2] AG
1 1024 | 2| AT
relational representation 11014 |2 CG
id A Ton 1 006 | 2| CT
1 | 4A0.8[C0.2+xG0.7[TO3k | 2 11070 3| GS
2 AxGO.6|T0.4x 2 110303 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])

¢ is the beginning position of the g-gram

S0..£ + q — 1] is the probabilistic substring S|¢]...S[¢ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A, 0.8), (C,0.2)}, {(G, 0.7), (T, 0.3)} 1 1080 | 1| #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1| #C
3 | {(C, D)} {(A D}, {(G 1)} 1 | 056 | 2| AG
1 024 | 2 | AT
relational representation 1 1014 ]2 CG
id A Ton 1 | 006 [ 2] CT
1 | *A0.8[C0.2kxG0.7[T0.3x | 2 1 10703 | GS
2 A%xG0.6|T0.4x . 1 1030 |3 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A 08), (C.02)} {(G 07), (T,03)y L | 080 | 1] #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1] #C
3 {(C, D}, {(A, D}, {(G, 1)} 1 | 056 | 2| AG
1 | 024 | 2| AT
relational representation 1 1014 ]2 | CG
id A Ton L [ 006 | 2| CT
1 | xA0.8[C0.2+xG0.7[T0.3K | 2 L 1070 | 3| GS
2 AxG0.6|T0.4x 2 1 10303 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
1d S id | p (| g
1 | {(A 08), (C.02)} {(G 07), (T,03)y L | 080 | 1] #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 11020 | 1| #C
3 1(C 1)}, (A 1)}, (G, 1)} 11056 |21 AG
1 | 024 | 2 | AT
relational representation 11014 |2 CG
id A Ten 1 [ 006 ] 2| CT
1 | %A0.8/C0.2x{G0.7]T0.3x | 2 1 1070 |3 | GS
2 AxG0.6|T0.4x 2 1 10303 T3
3 CAG 3
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Relational Representation for Character-Level Model

A character-level probabilistic ¢g-gram is a pair (¢, S[¢..0 + q — 1])
¢ is the beginning position of the g-gram
S[¢..0 + q — 1] is the probabilistic substring S|¢]...S[{ + q — 1]
probabilistic strings g-grams
vd S id P (| g
1 | {(A 08), (C.02)} {(G 07), (T,03)y L | 080 | 1] #A
2 {(A, 1)}, {(G, 0.6), (T,0.4)} 1 1020 | 1] #C
3 {(C, D}, {(A, D}, {(G, 1)} 1 | 056 | 2| AG
1 | 024 | 2| AT
relational representation 11014 |2 CG
id A Ton 1 | 006 |2 CT
1 | %*A0.8|C0.2xxG0.7[T0.3k | 2 1 1070 3] G$
2 AxG0.6|T0.4x 2 1 10303 | T$
3 CAG 3
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Character-Level Probabilistic String Similarity Join

O Solution: We derive probabilistic g-gram lower and upper-bound
pruning techniques.
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|
Character-Level Probabilistic String Similarity Join

O Solution: We derive probabilistic g-gram lower and upper-bound
pruning techniques.

O Qur techniques are implementable in existing relational databases

with pure SQL and are orders of magnitude more efficient than the
naive solution.
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Character-Level Probabilistic String Similarity Join

O Solution: We derive probabilistic g-gram lower and upper-bound
pruning techniques.

O Qur techniques are implementable in existing relational databases

with pure SQL and are orders of magnitude more efficient than the
naive solution.

9 We also derive DP-based lower and upper-bound pruning tech-
niques to further improve query efficiency.



Experiments: Setup

O Experimental setup
e Microsoft SQL Server 2008 Enterprise Edition
e Windows XP
e Intel Xeon E5405 @ 2.00 GHz

e 2GB memory
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Experiments: Algorithms

O Due to time constraints we focus on the Character-Level model
experimental results for this talk:

e Character Basic Join (C-BJ)

e Character g-Gram Prune Join (C-qPJ): Uses all proba-
bilistic g-gram upper and lower bounds

e Character Prune Join (C-PJ): Uses all probabilistic g-
gram and DP upper and lower bounds
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Experiments: Data Sets

0 We create 2 datasets for string-level and 2 for character-level
models respectively based on 3 real data sources:

e Author Names from DBLP

e Category-Link string field from Wikipedia category-link
table

e Genome sequence database from the Rhodococcus
project.

19-1



Experiments: Character-Level Default Parameters

Symbol | Definition Default Value

X Max choices per position 6

0 Max percent uncertain positions | 20%

1%, Average string length Author2 143
Genome 14.9

R Size table R 1,000

T Size table T 10,000

q g-gram length 2

T EED threshold 2

20-1



Character-level model, Author2 dataset
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Character-level model, Genome dataset
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Conclusions

O We study the problem of efficient string joins in probabilistic
string databases utilizing the expected edit distance
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Conclusions

O We study the problem of efficient string joins in probabilistic
string databases utilizing the expected edit distance

O We introduce efficient and effective techniques for both string-

level and character-level models which are implementable in
existing relational databases
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Conclusions

We study the problem of efficient string joins in probabilistic
string databases utilizing the expected edit distance

We introduce efficient and effective techniques for both string-
level and character-level models which are implementable in
existing relational databases

There are many interesting unexplored problems including
methods to derive a representation in either model from a
data source, indexing probabilisitc strings for similarity search,
selectivity estimations, and keyword searches in probabilistic
string databases

23-3



Conclusions

We study the problem of efficient string joins in probabilistic
string databases utilizing the expected edit distance

We introduce efficient and effective techniques for both string-
level and character-level models which are implementable in
existing relational databases

There are many interesting unexplored problems including
methods to derive a representation in either model from a
data source, indexing probabilisitc strings for similarity search,
selectivity estimations, and keyword searches in probabilistic
string databases

Similarity measures other than the edit distance may be desir-
able, such as idf based distance, especially in the string-level
— model
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The End

THANK Y(QOU
Q and A

O The entire source code is available from a link at

http://ww2.cs.fsu.edu/"jestes
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Edit Distance: A Classical Metric for
Deterministic String Similarity Join

dza] o 1 -

_1’

d|t,j] = min ¢ d[i — 1, j] -

in which

c(o1lt], o2|7]) =

_17

9

(

\

170-1_._

0701:.:

dli — 1,7 — 1] + c(o1 2], o2]7]),

Insertion
deletion
substitution
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Edit Distance: A Classical Metric for
Deterministic String Similarity Join

dli,j — 1] + 1, insertion
d|t,j] = min ¢ d[i — 1, j] + 1, deletion
dli — 1,5 — 1] + c¢(o1]i], 02]j]), substitution

in which
1,01[i] # 024,

c(o1lt], o2lj]) = 4
\0,0'1 1| = 02|71,

Note that d(o1,02) = dl||o1], |o2]]
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Edit Distance: A Classical Metric for
Deterministic String Similarity Join

dli,j — 1] + 1, insertion
d|t,j] = min ¢ d[i — 1, j] + 1, deletion
dli — 1,5 — 1] + c¢(o1]i], 02]j]), substitution

in which
1,01[i] # 024,

c(o1lt], o2lj]) = 4
\O, 01|t = 02|71

Note that d(o1,02) = dl||o1], |o2]]

How can we measure the similarity between probabilistic
strings’?
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Edit Distance: A Classical Metric for
Deterministic String Similarity Join

dli,j — 1] + 1, insertion
d|t,j] = min ¢ d[i — 1, j] + 1, deletion
dli — 1,5 — 1] + c¢(o1]i], 02]j]), substitution

in which
1,01[i] # 024,

c(o1lt], o2lj]) = 4
\0,0'1 1| = 02|71,

Note that d(O‘l, 0'2) = dHO'1|, |O‘2|]
Key idea: Use the expected edit distance!
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Background: Naive Deterministic String

Similarity Join
R T
id A id B
1 sony M 1 | Micrsft
<
2 | Microsoft HA,B)<T 2 | Sony
3 | Toshiba 3 | Apple
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Background: Naive Deterministic String

Similarity Join
R
id A
1 sony N
<
2 | Microsoft d(A,B)<7
3 | Toshiba

=
id B

1 | Micrsft
2 Sony
3 | Apple

SELECT R.id, T.id FROM R, T WHERE d(A,B)< T
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Background: Naive Deterministic String

Similarity Join
R T
id A id B
1 sony M 1 | Micrsft
<
2 | Microsoft HA,B)<T 2 | Sony
3 | Toshiba 3 | Apple

SELECT R.id, T.id FROM R, T WHERE d(A,B)< T

The query results in a nested loops join invoking d(A,B) for every
pair of R.A, T'.B



Background: Naive Deterministic String

Similarity Join
R T
id A id B
1 sony M 1 | Micrsft
<
2 | Microsoft HA,B)<T 2 | Sony
3 | Toshiba 3 | Apple

SELECT R.id, T.id FROM R, T WHERE d(A,B)< T

The query results in a nested loops join invoking d(A,B) for every
pair of R.A, T'.B

Too expensivelll
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Background: Improving Deterministic String
Similarity Join Using g-Grams

O g-grams are strings of length q produced by sliding a window
of length q over the characters of a string o
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Background: Improving Deterministic String
Similarity Join Using g-Grams

O g-grams are strings of length q produced by sliding a window
of length q over the characters of a string o

O It has been shown in prior research that utilizing g-grams may
greatly improve the efficiency of string similarity joins.



Background: Improving Deterministic String
Similarity Join Using g-Grams

O g-grams are strings of length q produced by sliding a window
of length q over the characters of a string o

O It has been shown in prior research that utilizing g-grams may
greatly improve the efficiency of string similarity joins.

O The RDBMS can perform pruning on tuples though the use of
g-grams

28-3



Background: Improving Deterministic String
Similarity Join Using g-Grams

O As an example of how to generate g-grams, consider gener-
ating 2-grams for the string advisor

o = "advisor’
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Background: Improving Deterministic String
Similarity Join Using g-Grams

O As an example of how to generate g-grams, consider gener-
ating 2-grams for the string advisor

o = "advisor’

Y

o = "Hadvisor$”
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Background: Improving Deterministic String
Similarity Join Using g-Grams

O As an example of how to generate g-grams, consider gener-
ating 2-grams for the string advisor

o = "advisor”
o = "#advisor$”

G, ={(1,#a), (2,ad), (3,dv), (4,vi), (5,1s), (6, s0), (7,0r), (8,7%)}
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Background: Improving Deterministic String
Similarity Join Using g-Grams

O As an example of how to generate g-grams, consider gener-
ating 2-grams for the string advisor

o = "advisor’

Y

o = "#advisor$”
Y o
G, =41, #a)l (2,ad), (3,dv), (4,vi), (5,1s), (6, s0), (7,0r), (8,7%)}

9 A g-gram is a pair (£, g)
¢ is the beginning position of the g-gram
g is the substring of length ¢ in o beginning from £.



Background: Improving Deterministic String
Similarity Join Using g-Grams

O Given q1 = (41,91) and g2 = ({2, g2)



Background: Improving Deterministic String
Similarity Join Using g-Grams

O Given q1 = (41,91) and g2 = ({2, g2)

g1 =q2if g1 = g0



Background: Improving Deterministic String
Similarity Join Using g-Grams

9 Given ¢1 = (¢1,91) and g2 = (42, go)
Sg=qif g =g

B G, NGy, ={(q1,92) |01 = 2,1 € Go,,q2 € Goy}
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Background: Improving Deterministic String
Similarity Join Using g-Grams

9 Given ¢1 = (¢1,91) and g2 = (42, go)
Sg=qif g =g

B G, NGy, ={(q1,92) |01 = 2,1 € Go,,q2 € Goy}

O .
qléq2 Ifglzgg and ’fl—fg‘gk‘
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Background: Improving Deterministic String
Similarity Join Using g-Grams

9 Given ¢1 = (¢1,91) and g2 = (42, go)
Sg=qif g =g

B G, NGy, ={(q1,92) |01 = 2,1 € Go,,q2 € Goy}

O .
qléq2 Ifglzgg and ’fl—fg‘gk‘

O k
Go, ik Gow, ={(q1,02) | 1 = q2,¢1 € Goy,q2 € Go, }
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Background: Improving Deterministic String
Similarity Join Using g-Grams

2 Prior work has shown:



Background: Improving Deterministic String
Similarity Join Using g-Grams

2 Prior work has shown:

Lemma 1 (g-gram filtering) For two strings o1 and o,

‘Gcn A G02| > maX(‘()-l’a ’0-2|) +qg—1- Qd(O'l,O'Q)
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Background: Improving Deterministic String
Similarity Join Using g-Grams

2 Prior work has shown:

Lemma 1 (g-gram filtering) For two strings o1 and o,

‘Gal A G02| > [max(|oi], |o2]) + qg— 1 qd((717(72>
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Background: Improving Deterministic String
Similarity Join Using g-Grams

2 Prior work has shown:

Lemma 1 (g-gram filtering) For two strings o1 and o,

‘Gcn A G02| > max(\all, ’0-2|) +qg—1- Qd(O'l,O'Q)

Lemma 2 (positional g-gram filtering) For strings o1 and o5,

‘Gal md(al,ag) GO’Q‘ > maX(‘Ul‘a ‘0-2‘) +q — 1 — Qd((fl, 02)
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Background: Improving Deterministic String
Similarity Join Using g-Grams

2 Prior work has shown:

Lemma 1 (g-gram filtering) For two strings o1 and o,
‘Gcn A G02| > maX(‘O-ﬂa ’0-2|) +q—1-— Qd(O'l,O'Q)
Lemma 2 (positional g-gram filtering) For strings o1 and o5,

|G01 md(al,ag) GO’Q‘ > maX(‘Ul‘a ‘0-2‘) +q — 1 — (]d(O'l, 02)

Assuming d(o1,02) < 7 we get

’Gcn M7 Gaz‘ Z maX(|0-1‘7 ‘0-2‘) - q — 1 — qd(0-170-2)
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Background: Improving Deterministic String
Similarity Join Using g-Grams

2 Prior work has shown:

Lemma 1 (g-gram filtering) For two strings o1 and o,
‘Gcn A G02| > maX(‘O-ﬂa ’0-2|) +q—1-— Qd(O'l,O'Q)
Lemma 2 (positional g-gram filtering) For strings o1 and o5,

|G01 md(al,ag) GO’Q‘ > maX(‘Ul‘a ‘0-2‘) +q — 1 — (]d(O'l, 02)

Assuming d(o1,02) < 7 we get
’Gcn M7 Gaz‘ > maX(|0-1‘7 ‘0-2‘) +q— 1 — qd(0-170-2)

Lemma 3 (length filtering) d(o1,02) > ||o1]| — |o2||



String-Level Probabilistic String Similiarity
Join

5 The set of probabilistic g-grams for S(z) is
GS(@) — {(i,pi,éj,gj)}, for all j S.t. (Zj,gj) - Ggi
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5 The set of probabilistic g-grams for S(z) is
GS(@) — {(i,pi,éj,gj)}, for all j S.t. (Zj,gj) - Ggi
O Gg = GS(l) J---U GS(m)

9 o1 ={i,p;, Ly, g} from Gg, and
p2 = {J,pj, ¥y, gy} from Gs,
B o1 =p2if g, = gy
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String-Level Probabilistic String Similiarity
Join

5 The set of probabilistic g-grams for S(z) is
GS(@) — {(i,pi,éj,gj)}, for all j S.t. (Zj,gj) - Ggi
O Gg = GS(l) J---U GS(m)

9 o1 ={i,p;, Ly, g} from Gg, and
p2 = {J,pj, ¥y, gy} from Gs,
B o1 =p2if g, = gy

o k.
p1=p2 if go = gy and [ly — £,[ <k

- GSl A GSQ — {(1017/02) | P1 = P2, pP1 € GSl7102 < GSz}
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String-Level Probabilistic String Similiarity
Join

5 The set of probabilistic g-grams for S(z) is
GS(@) — {(i,pi,éj,gj)}, for all j S.t. (Zj,gj) - Ggi
O Gg = GS(l) J---U GS(m)

9 o1 ={i,p;, Ly, g} from Gg, and
p2 = {J,pj, ¥y, gy} from Gs,
B o1 =p2if g, = gy
O k :
p1=p2 if go = gy and [ly — £,[ <k
o Gs, NGs, = {(,017,02) | p1=p2,p1 € Ggy,p2 € GSQ}

O k
GSl Mk GSz — {(/017/02) ‘ P1 = P2, P1 € GSUIOQ < GSQ}



String-Level Probabilistic String Similiarity Join

R

id | cid S o) len

1 1 Microsoft 0.90 | 95

1 2 Microsoft Inc. | 0.10 | 9.5 T

2 1 Yahoo 0.80 | 5.2 id | cid S o) len

2 2 Yahoo! 0.20 | 5.2 1 1 Google 1 6
2 1 AT&T 0.98 | 4.1
2 2 AT&T Labs | 0.02 | 4.1
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R

id | cid S o) len

1 1 Microsoft 0.90 | 95

1 2 Microsoft Inc. | 0.10 | 9.5 T

2 1 Yahoo 0.80 | 5.2 id | cid S o) len

2 2 Yahoo! 0.20 | 5.2 1 1 Google 1 6
2 1 AT&T 0.98 | 4.1
2 2 AT&T Labs | 0.02 | 4.1

S-BJ:
SELECT R.id,T.id FROM R, T GROUP BY R.id,T.id

HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7T
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String-Level Probabilistic String Similiarity Join

R

id | cid S o) len

1 1 Microsoft 0.90 | 95

1 2 Microsoft Inc. | 0.10 | 9.5 T

2 1 Yahoo 0.80 | 5.2 id | cid S o) len

2 2 Yahoo! 0.20 | 5.2 1 1 Google 1 6
2 1 AT&T 0.98 | 4.1
2 2 AT&T Labs | 0.02 | 4.1

O S-BJ:
SELECT R.id,T.id FROM R, T GROUP BY R.id,T.id

HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7T

Too expensivel!lll
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String-Level Probabilistic Strings:

Length Filtering

O We may directly extend the length filtering lemma
d(o1,02) = |[o1] — |o2|
to obtain,

Lemma 4 For any string-level probabilistic strings S1 and Sy:

d(S1,S2) > w(s)||ow, .

sef)

— |o2,;

34-1
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String-Level Probabilistic Strings:
Length Filtering

S For any string-level probabilistic strings S; and Ss:

d(S1,S2) > > w(s)||ori| — o2,

se()
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String-Level Probabilistic Strings:
Length Filtering

S For any string-level probabilistic strings S; and Ss:

31752 >Zw ‘0-1 Z’_|O-273

se(

O SELECT R.id,T.id FROM R,T

1
2 GROUP BY R.id, T.id
3 HAVING SUM(R.p*T.p*ABS(IR.A|-IT.AI))< T



|
String-Level Probabilistic Strings:

q-Gram Lower Bounds

O Inspired by deterministic q-gram filtering,

. max(|oi],|o2])
d(O’l,O'Q) 2 1 i q

Goy NGy |[+1
q

we can derive a similar result for string-level probabilistic g-grams,

Theorem 1 For any string-level probabilistic strings S1 and Ss:

05.5) > 1- max(E(|51|], B[Sz |])
1y 22 - | q

> (p1.p0)eGs, nGs, P(P1P(P2) + 1
p .
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O Inspired by deterministic q-gram filtering,

 |max(lo1l,|o2])
d(O’l,O'Q) 2 1 i q

Goy NGy |[+1
q

we can derive a similar result for string-level probabilistic g-grams,

Theorem 1 For any string-level probabilistic strings S1 and Ss:

75,5, . max(E[|S1|], E[|S2]])
1,92 | J

> (p1.p0)eGs, nGs, P(P1P(P2) + 1
p .

|V
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O Inspired by deterministic q-gram filtering,

. max(|oi],|o2])
d(O’l,O'Q) 2 1 i q

Goy NGy |[+1
q

we can derive a similar result for string-level probabilistic g-grams,

Theorem 1 For any string-level probabilistic strings S1 and Ss:

05.5) > 1- max(E(|51|], B[Sz |])
1y 22 - | q

> (p1.p0)eGs, nGs, P(P1P(P2) + 1
p |
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O The next lemma will be useful in deriving EED lower bounds.

Lemma b For two non-negative random variables X, Y :

E[max(X,Y)] > max(E[X], E[Y]).

37-1
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String-Level Probabilistic Strings:
q-Gram Lower Bounds

O The next lemma will be useful in deriving EED lower bounds.

Lemma b For two non-negative random variables X, Y :

E[max(X,Y)] > max(E[X], E[Y]).

O Proof

E[max(X,Y)] =

E<X+Y+M—Y0
2
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String-Level Probabilistic Strings:
q-Gram Lower Bounds

O The next lemma will be useful in deriving EED lower bounds.

Lemma b For two non-negative random variables X, Y :

E[max(X,Y)] > max(E[X], E[Y]).

O Proof

E[max(X,Y)]

(XY + XY
()
EX]+E)Y] E[|X-Y]

2 2
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String-Level Probabilistic Strings:
q-Gram Lower Bounds

O The next lemma will be useful in deriving EED lower bounds.

Lemma b For two non-negative random variables X, Y :

E[max(X,Y)] > max(E[X], E[Y]).

O Proof
Emax(X,Y)] = E (XHH_Q’X _Y‘>
_ EX]+E[Y] E[|X-Y]|
2 | 2
_ EX]+E[Y]  E[X-Y] _E[X
= 2 | 2 ‘

Similarly, Emax(X,Y)| > E[Y].




|
String-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any string-level probabilistic strings S; and Ss:

G55y > 1+ EISILE]S])
1y 2 - ! q

> (p1.p2)eGs, NG, P(P1P(P2) + 1

q

38-1
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String-Level Probabilistic Strings:
q-Gram Lower Bounds

O For any string-level probabilistic strings S; and Ss:

G55y > 1+ EISILE]S])
1y 2 - ! q

> (p1.p2)eGs, NG, P(P1P(P2) + 1
p .

5 Proof Let s € Q2 and s = (51(7), .52(7)).
By the basic g-gram filtering lemma we have,

> w(s)|Gs, ) N Gsyhyl >

sel

Zw (max(|oy,:|, |o2,;]) — 1 —q(d(s) —1)).

s€ef)



String-Level Probabilistic Strings:
g-Gram Lower Bounds

- Z w(s)|Gs, i) NGyl 2

s€ef)

Zw (max(|o1 |, |o2,5]) — 1 —q(d(s) —1)).

s€e)




DI

String-Level Probabilistic Strings:
q-Gram Lower Bounds
w(s)|Gs, i) N Gsy(iyl 2

sES
S w(s)(max(fon . o) — 1~ a(d(s) — 1))
sef

B Since ) ..o w(s) =1, the RHS equals

Yeco w(s)max(loylloa i) —1—q) w(s)d

sef)

= E[max(|Si],S2))] = 1 — ¢ - d(S1, Ss) +

(s) +q



DI

String-Level Probabilistic Strings:
q-Gram Lower Bounds
w(s)|Gs, i) N Gsy(iyl 2

sES
S w(s)(max(fon . o) — 1~ a(d(s) — 1))
sef

B Since ) ..o w(s) =1, the RHS equals

Yeco w(s)max(loylloa i) —1—q) w(s)d

sef)

= E[max(|Si],S2))] = 1 — ¢ - d(S1, Ss) +

Emax(X,Y)] > max(E[X], E[Y])

(s) +q



DI

String-Level Probabilistic Strings:

q-Gram Lower
w(s)|Gs, i) NGsyjyl >

Bounds

sES
S w(s)(max(fon . o) — 1~ a(d(s) — 1))
sef

B Since ) ..o w(s) =1, the RHS equals

Yeco w(s)max(loylloa i) —1—q) w(s)d

= |E[max(|51],|S2])]

sef)

—1—q-d(S1,S:) +

Emax(X,Y)] > max(E[X], E[Y])

(s) +q



|
String-Level Probabilistic Strings:
q-Gram Lower Bounds

N Cw(s)|Gs, ) NGyl =

s€ef)

> w(s)(max(jowl, [o2,]) — 1 = q(d(s) - 1)).

se()

B Since ) ..o w(s) =1, the RHS equals

> seq w(s)max(|oyl,loa;]) —1—q ) w(s)d(s)+q
sef

= |E[max(|S1],]S2)]l— 1 — q-d(S1,95) +q
> max(E(|S1]), E(|S2])) — 1 — ¢(d(S1, S2) — 1),

Emax(X,Y)] > max(E[X], E[Y])



String-Level Probabilistic Strings:
g-Gram Lower Bounds

- Z w(s)|Gs, i) NGyl 2

s€ef)

> w(s)(max(jowl, [o2,]) — 1 = q(d(s) - 1)).

s€e)

5 Since >

.cqw(s) =1, the RHS equals

> seq w(s)max(|oyl,loa;]) —1—q ) w(s)d(s)+q
sef

E[max(| S/, [S2])][~ 1 — ¢ - d(Si,S2) +q
max(E([S1]), E(|S2)) |- 1 — ¢(d(S1, Ss) — 1),

AVARS|

Emax(X,Y)] > max(E[X], E[Y])



String-Level Probabilistic Strings:
q-Gram Lower Bounds

> w(s)|Gs, i) N Gaypl >

s€ef)

Zw (max(|o1 |, |o2,5]) — 1 —q(d(s) —1)).

s€e)
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String-Level Probabilistic Strings:
q-Gram Lower Bounds

1w

s€ef)

w(s)|Gs, i) N Gsy(hl =

2wl

se()

w(s)(max(|oy i, |o2.]) — 1 —q(d(s) —1)).

O The LHS is

> scaW(s) |Gsyi)y NGsyjy

=X 2wl

s€L2 (p1,p2)€G s, (i) NG5y (5)
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String-Level Probabilistic Strings:
q-Gram Lower Bounds

1w

s€ef)

w(s)|Gs, i) N Gsy(hl =

2wl

se()

w(s)(max(|oy i, |o2.]) — 1 —q(d(s) —1)).

O The LHS is

> scaW(s) |Gsyi)y NGsyjy

=X 2wl

s€L2 (p1,p2)€G s, (i) NG5y (5)

> > p(p1)p(p2)

s€82 (p1,p2)€G s, (i) NG5, (5)
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String-Level Probabilistic Strings:
q-Gram Lower Bounds

1w

s€ef)

w(s)|Gs, iy N Gsy(i| >

2wl

se()

w(s)(max(|oy i, |o2.]) — 1 —q(d(s) —1)).

O The LHS is

> scaW(s) |Gsyi)y NGsyjy

=X 2wl

s€L2 (p1,p2)€G s, (i) NG5y (5)

= > > p(p1)p(p2)

s€82 (p1,p2)€G s, (i) NG5, (5)

= Z p(p1)p(p2).

(Pl >P2)EG81 mGSQ
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any string-level probabilistic strings S; and S5:

05.5) > 1- max (E(|5|], B[Sz |])
1,22 - | q

> (p1.p2)eGs, NG, P(P1P(P2) + 1

q
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any string-level probabilistic strings S; and S5:

5.5 > 14 maxE[5].E[S()
| - q

Z(P1>P2)EG31HGSQ p(p1)p(p2) +1

q :

SELECT R.id AS rid, T.id AS tid FROM R,T,R,,Tq4

WHERE Rq;.g=T,.g AND R;.id=R.id AND T,.id=T.id
AND Rgy.cid=R.cid AND T4;.cid=T.cid

GROUP BY R.id, T.id, R.len, T.len

HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T

OO P> WN -

41-2
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O Theorem 1 For any string-level probabilistic strings S1 and Sy:

05.5) > 1- max (E(|5|], B[Sz |])
1,22 - | q

> (p1.p2)eGs, NG, P(P1P(P2) + 1
p .

42-1
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O Theorem 1 For any string-level probabilistic strings S1 and Sy:

~ max(E Sl E SQ
os > 14 WEISLEIS]
q
Z(Plapz)EGsl NGs, p(p1)p(p2) +1
q

O 1 SELECT R.id AS rid, T.id AS tid FROM R,T,R,;,Tq

2 WHERE R,;.g=T,.g AND Rq.id=R.id AND T,.id=T.id

3 AND R;.cid=R.cid AND T,;.cid=T.cid

4 GROUP BY R.id, T.id, R.len, T.len

5 HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O Theorem 1 For any string-level probabilistic strings S1 and Sy:

~ max(E Sl E SQ
os > 14 WEISLEIS]
q
Z(Plapz)EGsl NGs, p(pl)p(’oQ) +1
q
L0 1 SELECT R.id AS rid, T.id AS tid FROM R,T,Rq,Tq
2 WHERE R,;.g=T,.g AND Rq.id=R.id AND T,.id=T.id
3 AND R;.cid=R.cid AND T,;.cid=T.cid
4 GROUP BY R.id, T.id, R.len, T.len

5 HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T

59 We also derive SQL lower bounds which utilize positional and length
information

42-3
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Inspired by deterministic positional g-gram filtering,
Goy Na(oy,00) Goy| = max(|o],|o2]) + ¢ —1—gd(01,02)

we could attempt to derive a similar result for probabilistic strings

43-1
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Inspired by deterministic positional g-gram filtering,
Goy Nd(o1,00) Goo| = max([o1], |o2]) + ¢ —1—gd(o1,02)
we could attempt to derive a similar result for probabilistic strings

O However, we have a problem as d(s) may be different for different
worlds

> w(s)|Gs, (i) Nags) Gsn()

s€ef)

AN

> max(E(]51]), E(|S2])) — 1 —¢(d(51, 52) — 1).

43-2
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O Inspired by deterministic positional g-gram filtering,
Goy Nd(o1,00) Goo| = max([o1], |o2]) + ¢ —1—gd(o1,02)
we could attempt to derive a similar result for probabilistic strings

O However, we have a problem as d(s) may be different for different
worlds

> w(s)|Gs, (i) Nags) Gsn()

s€ef)

AN

> max(E(]51]), E(|S2])) — 1 —¢(d(51, 52) — 1).

O We can enlarge the LHS to make it easier to compute



|
String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

AN

O Assume d(S1,52) <7
Let €' C () be the subset of possible worlds s in which d(s) > 27.
The probability mass of €' is at most 1/2. (Markov Inequality)
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O Assume d(S1,S2) < T
Let ' C 2 be the subset of possible worlds s in which d(s) > 27.
The probability mass of €' is at most 1/2. (Markov Inequality)

O
> ws)Gs, ) Nags) Gz < D w(s)|Gsy ) NGyl +

s€ef) sef)

Z w(s)|Gs, i) N2r—1 Gs, ()]
s€Q\ QY

44-2
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O Assume d(S1,S2) < T
Let ' C 2 be the subset of possible worlds s in which d(s) > 27.
The probability mass of €' is at most 1/2. (Markov Inequality)

O
> ws)Gs, ) Nags) Gz < D w(s)|Gsy ) NGyl +
SEQ SEQ/
> w(s)|Gs, @) N2r—1 Gy ()
seN\Q
— Zw ‘Gsl(@) Mor—1 GSQ(])‘
s€e)

T Z w ’Gsl (i) M GSz(J)’ o ’GSl(z) Ma2r—1 GSQ(])D

sc ()

44-3
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

. > w(8)|Gsy ) Nas) Gsa(i)] < D) w(s)|Gs, ) N Gy | +
scO se)/
Z w(s)\Ggl(i) MNor—1 GSQ(j)‘
se\QY
— Zw ‘Gsl(z) MNor—1 GSQ(])‘
se(

™ Z w ’Gsl(’b) 2 Gsz(J)’ _ ‘Gsl(z) MNor—1 GSg(])D

sef)/

45-1
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

. Zw ‘Gsl(z) md(s) GS2(J)’ < Z (0 ‘Gsl(’l/) A GS2(J)’ T
se() se)
Z w(s)|Gs, ) Nar—1 G, ()]
se\QY
— Zw \Gsl(z) Mor—1 GSQ(J)\
sel)
™ Z w ’Gsl(’b) 2 Gsz(J)’ _ ‘GSl(z) MNor—1 GSQ(])D
sef)

B Let 2(s) = ’Gsl(i) N GSz(j)’ — ‘GSl(i) MNor—1 GSz(j)’

Then we may cast it as a fractional knapsack as:
1

Choc.)se. scl st ) qgw(s) <;

Maximize » . w(s)z(s)

45-2
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Fractional Knapsack Formulation:
z(s) = |Gs,) N Gs, ()| = [Gsy i) N2r—1 Gsy ()
ltem value : w(s)x(s)
ltem weight : w(s)

46-1
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Fractional Knapsack Formulation:

z(s) = |Gs,) N Gs, ()| = [Gsy i) N2r—1 Gsy ()
tem value : w(s)x(s)
tem weight : w(s)

nitialize ' = 0.
Sort s € by decreasing w(;zf)(s) = x(s)
While > .o w(s) > 1/2

() «— s € Q with next largest x(s)

46-2



|
String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O Fractional Knapsack Formulation:

z(s) = |Gs,) N Gs, ()| = [Gsy i) N2r—1 Gsy ()
tem value : w(s)x(s)
tem weight : w(s)

nitialize ' = 0.
Sort s € by decreasing w(szw)(s) = x(s)

While > .o w(s) > 1/2
() «— s € Q with next largest x(s)

O Let s’ be the last world added to €/,

Zw ’Gsl(’&) ﬂ27- 1 GSQ(])|

s€ef)

+ Z w(s)x(s) — w(s)x(s") w(sf)

sc ()

46-3
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Theorem 2 For any string-level probabilistic strings S1 and Ss,

~ maX(E(\Sl\),E(\SQD) — UBT — 1

d(S1,52) > 14
q
where,
UB, = Zw(s)\GSl(i) Nar—1 G, ()l
sel2

+ 2 wis)a(s) —w(so(s) =0

se&f)/
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O Theorem 2 For any string-level probabilistic strings S1 and Ss,

051, 85) > 14+ m2X(EUS1]), B(5)) ~ UB- — 1
q
where,
UB, = Zw(s)\GSl(i) Nar—1 G, ()l
s€e()

+- Z w(s)x(s) —w(s)z(s) ZsGQ’;U(Si — 1/2.

se&f)/

0 UB. requires a UDF to compute,

ub(R,.cid, R.p, R;.¢, Ry.g, Ty.cid, T.p, Ty.¢, Ty.g, T)



|
String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O For any string-level probabilistic strings S and S5,

&\(Sl SQ) > 1 4 maX(E(’SI‘)aE(‘SQD) — UB; — 1
T q

48-1
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O For any string-level probabilistic strings S and S5,

o O dbd W N LU

C/i\(Sl SQ) > q | max(E(]SlD,E(\SQD) — UBT — 1
T q

-PJ:
SELECT R.id AS rid, T.id AS tid FROM R,T,Rq,Tq

WHERE R,.g=T,.g AND R,.id=R.id AND T,.id=T.id
AND R,.cid=R.cid AND T,.cid=T.cid

GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + %*( max(R.len,T.len) - 1 -

ub(R;.cid,R.p,Rq.4,Rq.g,Tq.cid,T.p,Tq.4,Tq.8, 7)) T



String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

o UB, = Zw(s)\Ggl(i) Mor_1 ng(j)‘

+ Z w(s)x(s) — w(s)x(s") ZSEQ/&S; _ 1/2.

se()




String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

o UB, = Zw(s)\Gsl(i) Mor_1 ng(j)‘

H Z w(s)x(s) — w(s)x(s") ZSGQ/{ZSi _ 1/2.

se()




String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

Loosel 1

o UB, = Zw(s)\Gsl(i) Mor_1 ng(j)‘

H Z w(s)x(s) — w(s)x(s") ZSGQ/{ZSi _ 1/2.

se()




String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

| oosel Il

o UB, = Zw(s)\Ggl(i) Mor_1 ng(j)‘

£ 3 wla(s) - wlsa(s) Ze

se()

AN

O Observation. For most cases if d(S1,5) < 7,

ois > 14 MEISLEIS]
1y 22 ! q

Z(plap2)€GS1 m27G52 p(pl)p(pQ) _|_ 1
q .

|V




String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

| oosel Il

o UB, = Zw(s)\Gsl(i) Mor_1 ng(j)‘

£ 3 wla(s) - wlsa(s) Ze

se()

AN

O Observation. For most cases if d(S1,5) < 7,

ois > 14 MEISLEIS]
1y 22 ! q

Z(PlapQ)GGlesz p(p1)p(p2) +1

v

q

|V
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

AN

5 Observation. For most cases if d(S1,52) <7,

d(S1,85) > 11 max (E[|S1 ], E[|S2]])
B q

Z(PlaPQ)EGsl Nor G, p(pl)p(PQ) + 1

q
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

AN

5 Observation. For most cases if d(S1,S52) < T,

d(Sy,S2) > 1- max(E[|51]], E[|S2|])
| B q
Z(P1,p2)6G31 NarGs, p(Pl)p(,OQ) + 1
p .

O PJ2:

? SELECT R.id AS rid, T.id AS tid FROM R,T,Rq4,Tq

2 WHERE R,.g=T,.g AND ABS(R,./-T,.0)< 27

3 AND Rqy.id=R.id AND T,.id=T.id

4 AND Rgy.cid=R.cid AND T4.cid=T.cid

5 GROUP BY R.id, T.id, R.len, T.len

6 HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

AN

5 Observation. For most cases if d(S1,S52) < T,

d(Sy,S2) > 1- max(E[|51]], E[|S2|])
| B q
Z(P1,p2)6G31 NarGs, p(Pl)p(,OQ) + 1
p .

O PJ2:

P 3ELECT R.id AS rid, T.id AS tid FROM R,T,R4,T,
2 WHERE Ry.g=T;.g AND [ABS(Rq.(-T,.0)< 27
3 AND R,.id=R.id AND T,.id=T.id
4
5
6

AND Rgy.cid=R.cid AND T4.cid=T.cid
GROUP BY R.id, T.id, R.len, T.len
HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T



Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.
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Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

o d __ (d d —
G31752 — Gsl X G52 and GSl,SQ — GSl X GSQ
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Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

o d __ (d d —
G31752 — Gsl X G52 and GSl,SQ — GSl X GSQ

= Pr(Sl — SQ) — ZSEQ,Olzdg QU(S)

51-3



Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

O GCSZMSQ — Ggl X G%Q and G81,52 — Gsl X G52

O Pr(S; =052) = ZsEQm:az w(s).

0y = (5.0 +¢q—1]) and v2 = (4, S2[j..) + ¢ — 1))

51-4



Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.
9.GY 5, =G xGg, and G, 5, = Gs, X G,

O Pr(S; =052) = ZsEQm:az w(s).

0y = (i 51¢..i +¢—1]) and 2 = (4, 52[j..7 + ¢ —1])
O Pr(y; =72) = Pr(Si[i.i+q— 1) = Sa[j..7 + ¢ — 1])

51-5



Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

o d __ (d d —
G31752 — Gsl X G52 and GSl,SQ — GSl X GSQ

O Pr(S; =052) = ZsEQm:az w(s).

oy = (4,510i-1 +q—1]) and y2 = (j, S2|J..7 + ¢ — 1])

O Pr(y; = v2) = Pr(S1[i.i + ¢ — 1] = Safj..j + ¢ — 1))
if (y1,72) € G§, s,

Pr(vi =) =1if Sili..i +q — 1] = Sao|j..5 + q — 1]
0 otherwise

51-6



Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

o d __ (d d —
G31752 — Gsl X G52 and GSl,SQ — GSl X GSQ

O Pr(S; =052) = ZsEQm:az w(s).
0y = (5.0 +¢q—1]) and v2 = (4, S2[j..) + ¢ — 1))

9 Pr(y1 =72) =Pr(Si1[t.i+ g —1] = Salj..7 + ¢ — 1)
if (71,72) € Gfél,sz

Pr(vi =) =1if Sili..i +q — 1] = Sao|j..5 + q — 1]
0 otherwise

O off (41, 72) represents the difference in position of two g-grams

51-7




Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

o d __ (d d —
G31752 — Gsl X G52 and GSl,SQ — GSl X GSQ

O Pr(S; =052) = ZS€Q701:UZ w(s).
0y = (5.0 +¢q—1]) and v2 = (4, S2[j..) + ¢ — 1))

9 Pr(y1 =72) =Pr(Si1[t.i+ g —1] = Salj..7 + ¢ — 1)
If (71772) E Gcél,SQ
Pr(vi =) =1if Sili..i +q — 1] = Sao|j..5 + q — 1]
0 otherwise
O off (41, 72) represents the difference in position of two g-grams

v = (L {(#, 1)}{(A,0.8),(C,0.2)}) Pr(n =72) =08
v2 = (LAF, DA 1)}). off (1,72) = 0

Yo & G%Q

51-8
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Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

o d __ (d d —
GS1,SQ — Gsl X G52 and GSl,SQ — GSl X GSQ

O (Pr(S; =52) = Zségmzw w(s).
o= (5.0 +q—1]) and v2 = (4, S2[j..) + ¢ — 1))

9 Pr(y1 =12) =Pr(Si1ti+ ¢ — 1] = Salj..7 + ¢ — 1])
If (71772) E G%l,SQ
Pr(vi =) =1if Sili..i +q — 1] = Sao|j..5 + q — 1]
0 otherwise

O off (41, 72) represents the difference in position of two g-grams

v = (L {(#, 1)}{(4,0.8),(C,0.2)}) [Prly1 =72) =0.8
v2 = (LAF, DA 1)}). off (1,72) = 0

V2 € G%Q
& G,
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Character-Level Probabilistic String Similarity Join

O The set of deterministic g-grams are denoted G<.

o d __ (d d —
GS1,SQ — Gsl X G52 and GSl,SQ — GSl X GSQ

O Pr(S; =052) = Zségmzw w(s).
0y = (5.0 +¢q—1]) and v2 = (4, S2[j..) + ¢ — 1))

9 Pr(y1 =72) =Pr(Si1[t.i+ g —1] = Salj..7 + ¢ — 1)
If (71772) E G%l,SQ
Pr(vi =) =1if Sili..i +q — 1] = Sao|j..5 + q — 1]
0 otherwise
O [off (41, v2) represents the difference in position of two g-grams

v = (L {(#, 1)}{(4,0.8),(C,0.2)}) Prlyi =72) =08
v2 = (LAF, DA 1)}). off (1,72) = 0

Y2 € G,

51-10

N ¢ GE,



Character-Level Probabilistic String Similarity Join

The set of deterministic g-grams are denoted G%.

o d __ (d d —
GS1,SQ — Gsl X G52 and GSl,SQ — GSl X GSQ

O Pr(S; =052) = Zségmzw w(s).
0y = (5.0 +¢q—1]) and v2 = (4, S2[j..) + ¢ — 1))

9 Pr(y1 =72) =Pr(Si1[t.i+ g —1] = Salj..7 + ¢ — 1)
If (71772) E G%l,SQ
Pr(vi =) =1if Sili..i +q — 1] = Sao|j..5 + q — 1]
0 otherwise
O off (41, 72) represents the difference in position of two g-grams

7 = (1, {(#,1)}{(4,0.8),(C,0.2)}) FPr(y=172) =08

1o = (L {(# V(A D)) off(11,7) = 0
V2 € Gy,

51-11
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Character-Level Probabilistic String Similarity Join

R
id A len
1 AT xA0.8|C0.2xGAT 6
1 | AT xC0.2|G0.3|T0.5xCG | 5

52-1

T
id A len
1 | T %G0.95[T0.054TAC | 5
1 | xG0.3|T0.2|A0.5xCGTA | 5




Character-Level Probabilistic String Similarity Join

R
id A len
1 AT xA0.8|C0.2xGAT 6
1 | AT xC0.2|G0.3|T0.5xCG | 5

O C-BJ:

52-2

T
id A len
1 | T %G0.95[T0.054TAC | 5
1 | xG0.3|T0.2|A0.5xCGTA | 5

SELECT R.id,T.id FROM R,T WHERE ed(R.A,T.A)< T




Character-Level Probabilistic String Similarity Join

R
id A len
1 AT xA0.8|C0.2xGAT 6
1 | AT xC0.2|G0.3|T0.5xCG | 5

O C-BJ:

Too expensivel!lll

52-3

T
id A len
1 | T %G0.95[T0.054TAC | 5
1 | xG0.3|T0.2|A0.5xCGTA | 5

SELECT R.id,T.id FROM R,T WHERE ed(R.A,T.A)< T




|
Character-Level Probabilistic Strings:

Length Filtering

O We may directly extend the length filtering lemma
d(o1,02) = |[o1] — |o2|
to obtain,

Lemma 6 For any character-level probabilistic strings S1, Sa,

AN

d(S1,S52) > ||S1| — |52]].

53-1



Character-Level Probabilistic Strings:
Length Filtering

SO For any character-level probabilistic strings S, Sa,

AN

d(S1,S2) > ||S1] — |52]].



|
Character-Level Probabilistic Strings:

Length Filtering

SO For any character-level probabilistic strings S, Sa,

AN

d(S1,S2) > ||S1] — |52]].

O 1 SELECT R.id AS rid,T.id AS tid FROM R,T
2 WHERE ABS(R.len - T.len) < 7T

54-2
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

Inspired by deterministic g-gram filtering,

max(|o1],[02])  |Goy N Gyl + 1
q q

d(O’l,O'Q) 2 1 |

we can derive a similar result for character-level probabilistic
g-grams,

Theorem 3 For any character-level probabilistic strings S1, Ss:

) meGs, Pr(y1 =72) +1
B, 5y > 1 4 max(SiLISa) e
T q q
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

Inspired by deterministic g-gram filtering,

max(|o1], |o2])

Gy, NGy, | +1

d(O’l,O'Q) 2 1 |

q

q

we can derive a similar result for character-level probabilistic

g-grams,

Theorem 3 For any character-level probabilistic strings S1, Ss:

T max(|S1], |S2])

d(Sl,Sg) > 14

) meGs, Pr(y1 =72) +1
v2€G s,

q

q
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

Inspired by deterministic g-gram filtering,

max(|o1], |o2])

Gy, NGy, | +1

d(O’l,O'Q) Z 1 |

q

q

we can derive a similar result for character-level probabilistic

g-grams,

Theorem 3 For any character-level probabilistic strings S1, Ss:

7 , max(|Si|,|S2|)

d(Sl,SQ) Z 1 |

) meGs, Pr(y1 =72) +1
v2€G s,

q

q




|
Character-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any character-level probabilistic strings 51, Sa:

D veGs, Pr(71 =1v2) +1
. max(|S1, |92 2€Ca

d(S1,52) > 14
q q

56-1
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O For any character-level probabilistic strings 51, Sa:

) meGs, Pr(y =72) +1

~ max(\Sl\, ‘SQD v2€G s,

d(S1,S52) > 14

OO P> W N -

q q

SELECT R.id AS rid,T.id AS tid FROM R,T,R,;,T,
WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.id
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + max(R.len,T.len)/q -

SUM( T,.p*R,.p)/q - 1/q < 7



|
Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Inspired by deterministic postional g-gram filtering,
Goi Nd(o1,05) Goy| 2 max(|o1],|o2|) + g — 1 = qd(o1,02)

we may attempt to derive a similar result for probabilistic strings

57-1
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Inspired by deterministic postional g-gram filtering,
Goy Nd(o1,00) Gop| 2 max(|o1],|o2]) + g —1—qd(o1,02)
we may attempt to derive a similar result for probabilistic strings

& However, we have a problem as d(s) may be different for different
worlds

Z w(s)‘Gcn md(s) GO’Q‘ > maX(\Sl\, ‘52’)_1_41(&\(317 SQ) _1)'

sel)
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Inspired by deterministic postional g-gram filtering,
Goy Nd(o1,00) Gop| 2 max(|o1],|o2]) + g —1—qd(o1,02)
we may attempt to derive a similar result for probabilistic strings

& However, we have a problem as d(s) may be different for different
worlds

Z w(s)‘Gcn md(s) GO’Q‘ > maX(\Sl\, ‘52’)_1_41(&\(317 SQ) _1)'

sel)

O We can enlarge the LHS to make it easier to compute

57-3
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O However, we have a problem as d(s) may be different for different
worlds

Z w(s)|Go, Na(s) Gos| = max([S1], |S2|) —1—€l(3(51, S2)—1).

se()

58-1
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Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O However, we have a problem as d(s) may be different for different

worlds

Y " w(s)|Go, Nags) Gory | > max(|S1], [S2]) —1—q(d(S1, S2) —1).

se()

Lemma { For any character-level probabilistic strings S1, Sa,
\V/T > d(Sl, SQ)

Y w(s)|Go, Nags) Go| < > Pr(vy; = 72)

sEQ (71:72)€(Gsy,8,—G%, 5,)

+ 3 min(l,OH(T )

Y1, 72)
(71 ,’72)€G%1 ,So » Y1="Y2
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Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O However, we have a problem as d(s) may be different for different

worlds

> w(s

se()

’Gol ﬁal(s) Gag ‘

> max(|S1,[S2]) = 1—q(d(S1, S2) —1).

O Lemma { For any character-level probabilistic strings S1, Sa,
\V/T > d(Sl, SQ)

> w(s

sel)

‘Gal md(s) Gag‘

<

_I_

Z Pr(yi = v2)

(v1,72)€E(Gsy,5,—GE, s,)

2 i (1’ Oﬂ“(v:mz)>

(71 Y2 ) GGgl ,So » Y1="Y2



Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

5 Proof: First let s € Q and s = ((o1,p1), (02, p2))
1= (2,511t +q—1]) € Gg,
Yo = (4, 52|5.-5 + 9 —1]) € Gg,



|
Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

5 Proof: First let s € Q and s = ((o1,p1), (02, p2))
1= (2,511t +q—1]) € Gg,
Yo = (4, 52|5.-5 + 9 —1]) € Gg,

0 We will need,

Pr(d(s) > off(v1,72)) < min (1 E(d(s)) )

| Off(”)ﬁ, ’72)

= min | 1, 451, 52) < min (1, ! > ,
Off(%, ’72) Off(,ylv /72)

1 p—
71772)

where we define 5 oo if off(v1,72) =0

59-2
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Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

5 Proof: First let s € Q and s = ((o1,p1), (02, p2))
1= (2,511t +q—1]) € Gg,
Yo = (4, 52|5.-5 + 9 —1]) € Gg,

Markov Inequality

0 We will need, /

Pr(d(s) > off(11,72)) < min (1,

E(d(s)) >

Off(%a 72)

) &\(Sl, SQ) . ( T >
= min | 1, < min ( 1, :
( Off(%’%)) off (1, 72)

1 —
Y1 7’72)

where we define 5 oo if off(v1,72) =0



|
Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

5 Proof: First let s € Q and s = ((o1,p1), (02, p2))
1= (2,511t +q—1]) € Gg,
Yo = (4, 52|5.-5 + 9 —1]) € Gg,

B We also define 71 =, 2 as the event that Si[i..i + ¢ — 1] =
Salj..j +q— 1] in s. We have

/

w(s), iforli.i+q—1]=03lj..5 +q—1];

PI’ —g p— <
¢ 72) 0, otherwise.

\

60-1
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

-~ Zw(S)’Gal md(S) GO’Q‘

s€ef)

» ) Pr(vi =72 and off (v1,72) < d(s))

(71772)66;51,82 SEQ
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Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

Z w ’Gal md(s) GO’Q‘

s€ef)

- d ) Pr(v =72 and off(v1,72) < d(s))

(71,72)€G s, ,54 SEQ

- > ) Pr(m =72 and off(v1,72) < d(s))

(v1,72)€EGE, 5, s€f)

+ 3 Y Pr(m =, 42 and off(71,72) < d(s))

(v1,72)€ SISY:
d
GSl,SQ_Gsl,SQ
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

o d Y Pr(yi =572 and off (71,72) < d(s))

(11,72)€GE, 5, 5EQ

+ Z ZPr(% =5 2 and off (y1,72) < d(s))

(’71772)6 SEQ
d
GS]JSZ _G31,SQ

62-1



Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

o d Y Pr(yi =572 and off (71,72) < d(s))

(71,72)EGE, g, SEY2

+ Z ZPr(% =5 2 and off (y1,72) < d(s))

(’71772)6 s€l)
d

Pr(d(s) > off(v1,72)) < min (1’ Off(vz,72)>



Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

o > > Pr(y1 =572 and off (71,72) < d(s))

(71,72)EGE, g, 5E82

+ Z ZPr(% =5 2 and off (y1,72) < d(s))

(’71772)6 s€l)
d

Pr(d(s) > off(v1,72)) < min (1’ Off(;,72)>
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

o > > Pr(y1 =572 and off (71,72) < d(s))

(71,72)EGE, g, 5E82

+ Z ZPr(% =5 2 and off (y1,72) < d(s))

(’71772)6 s€l)
d

< 3 min (1,()&(7 )

Y1, 72)
(71 ,’Yz)EGgl ,So 2 V172

+ Z Z Pr(v1 =5 72).

(71,72)€(Gsy,5,—GE, 5,) €L

Pr(d(s) > off(v1,72)) < min (1’ Off(;,72)>

62-4
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

o > > Pr(y1 =572 and off (71,72) < d(s))

(71,72)EGE, g, 5E82

+ Z ZPr(% =5 2 and off (y1,72) < d(s))

(’71772)6 s€l)
d

> < > min (1’off(T )

71,%)

+ Z Z Pr(v1 =5 72).

(71:72)€(Gsy,5,—G%, 5,) €L

Pr(d(s) > off(v1,72)) < min (1’ Off(;,72)>
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O Theorem 4 For any character-level probabilistic strings S1, Ss,

AN

\virn Z d(Sl, SQ)

~ S1l,|52]) — 1
d(Sl,SQ) >1 maX(’ 1‘7‘ 2|)
q
Z(’Yla’m)EGgl,sgv’h:’m min (1’ Off('y:ﬁg))
q

2(71772)€G51,SQ—G§1,S2 Pr(Vl — ”Yz)
q :
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Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

0 For any character-level probabilistic strings S1, S2, V7 > J(Sl, Sa2):

max(|S1,]S2]) — 1
q

d(S1,S2) >1 +

min | 1 - )
2(71,72)€G%1732,71=72 ( ? off (v1,72)

q
2(71,72)6G51752—Gd Pr(vl - /72)

SlaSQ

q
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Character-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

0 For any character-level probabilistic strings S1, S2, V7 > c/i\(Sl, Sa2):

max(|S1,]S2]) — 1
q

d(S1,S2) >1 +

min | 1 LB )
2(71,72)€G%1732,71=72 ( ? off (v1,72)
q
Pr —
Z(’Ylﬂ’Q)EGSl,SQ—Ggl,SQ (71 72)

q
O 1 SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
2 WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.id
3 GROUP BY R.id, T.id, R.len, T.len
4 HAVING 1 + (max(R.len,T.len)-1)/q -
5 SUM( FLOOR(T,.p*R,.p)*
6 min(1, 7/max(1,ABS(R,.¢ - T,.£))) )/q -
7 SUM( CEILING(1-R,.p*T,.p)*T,.p*R,.p )/q < T
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

0 For any character-level probabilistic strings S1, S2, V7 > J(Sl, Sa2):

max(|S1,|S2]) — 1
q

d(S1,S2) >l +

min | 1 LB )
2(71,72)€G%1732,71=72 ( ? off (v1,72)
q
Pr =
Z(’YlaWQ)EGSl,SQ—Ggl,SQ (71 72)

q
O 1 SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
2 WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.id
3 GROUP BY R.id, T.id, R.len, T.len
4 HAVING{E;T (max(R.len,T.len)-1)/q|-
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7 SUM( CEILING(1-R,.p*T,.p)*T,.p*R,.p )/q < T
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

0 For any character-level probabilistic strings S1, S2, V7 > J(Sl, Sa2):

max(|S1,]S2]) — 1
q

d(S1,S2) >1 +

min | 1 LB )
2(71,72)€Gg1732,71=72 ( ? off (v1,72)
q
Pr =
Z(’Ylﬂ’Q)EGSl,SQ—G%LSQ (71 72)

q
O 1 SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
2 WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.id
3 GROUP BY R.id, T.id, R.len, T.len
4 HAVING 1 + (max(R.len,T.len)-1)/q -
5 |[SUM( FLOOR(T,.p*R,.p)*
6 min(1, 7/max(1,ABS(R,.¢ - T,.£))) )/q|-
7 SUM( CEILING(1-R,.p*T,.p)*T,.p*R,.p )/q < T
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Character-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

0 For any character-level probabilistic strings S1, S2, V7 > J(Sl, Sa2):

max(|S1,]S2]) — 1
q

d(S1,S2) >1 +

min | 1 LB )
2(71,72)€Gg1732,71=72 ( ? off (v1,72)
q
Pr =
Z(’Ylﬂ’Q)EGSl,SQ—G%LSQ (71 72)

q

O 1 SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
2 WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.id
3 GROUP BY R.id, T.id, R.len, T.len
4 HAVING 1 + (max(R.len,T.len)-1)/q -
5 SUM( FLOOR(T,.p*R,.p)*
6 min(1l, 7/max(1,ABS(R,.¢ - T,.0))) )/q -
7 SUM( CEILING(1-R,.p*T,.p)*T,.p*R,.p )/q|<
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Character-Level Probabilistic Strings:
Dynamic Program Lower Bounds

We can derive a DP based lower-bound on the EED as follows,

ld

where

le(S1e], Sal]) = <

2
(d[i, 7] = min { Id]i

_Zvj T 1 B 17

1 — 17] B 17

7’ o 17] o 1]
¢ .
1,PI‘(Sl_._

\O, Pr(Sl
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Character-Level Probabilistic Strings:

Dynamic Program Lower Bounds

We can derive a DP based lower-bound on the EED as follows,

Z/C\izvj o 1 + 1;
ld[i, §] = min { Id[i — 1, j] + 1;
ldli — 1, — 1] + le(S1[2], S2j]),

where

1, Pr(Su[i] = Slj]) = 0;

lc(S1]i], S2lj]) = < 0, Pr(S1[i] = Sa[j]) > 0.

Theorem b For any two character-level probabilistic strings S1 =
51[1] c . Sl [711] and SQ — Sg[l] c e SQ[TLQ],

AN AN

ld[nq,no] = min(d(s)) < d(S7,52).

sel)
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Character-Level Probabilistic Strings:

q-Gram Upper Bounds

Let ¢1 = (41,91), g2 = ({2, 92)
Where ¢q; € G, and ¢2 € G,
Define q1 = g9 <= g1 = g2 and {1 = {5

66-1
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Character-Level Probabilistic Strings:

q-Gram Upper Bounds

Let ¢1 = (41,91), g2 = ({2, 92)
Where ¢q; € G, and ¢2 € G,
Define q1 = g9 <= g1 = g2 and {1 = {5

Lemma 8 For any two deterministic strings o1 and o5:

d(o1,02) < max(|oy,|o2]) +q—1— Z (1 = q2)
Q1€G017QQEG02
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Character-Level Probabilistic Strings:

q-Gram Upper Bounds

Let ¢1 = (41,91), g2 = ({2, 92)
Where ¢q; € G, and ¢2 € G,
Define q1 = g9 <= g1 = g2 and {1 = {5

Lemma 8 For any two deterministic strings o1 and o5:

d(o1,02) < max(|oy,|o2]) +q—1— Z (1 = q2)

di1 EGal yq2 EGO'Q
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Character-Level Probabilistic Strings:

q-Gram Upper Bounds

Let ¢1 = (41,91), g2 = ({2, 92)
Where ¢q; € G, and ¢2 € G,
Define q1 = g9 <= g1 = g2 and {1 = {5

Lemma 8 For any two deterministic strings o1 and o5

d(o1,02) <max(|o1],|o2]) +q—1— Z (1 = q2)
Q1€G017QQEG02
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Character-Level Probabilistic Strings:
q-Gram Upper Bounds

Let ¢1 = (41,91), g2 = ({2, 92)
Where ¢q; € G, and ¢2 € G,
Define q1 = g9 <= g1 = g2 and {1 = {5

Lemma 8 For any two deterministic strings o1 and o5:

d(o1,02) < max(|oy,|o2]) +q—1— Z (1 = q2)
Q1EG017QQEG02

Theorem 6 For any character-level probabilistic strings S1, So:

A(S1, 82) < max(|S1], Sa]) +q — 1 >, Prin=m)

(717’72)6(;51,52
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Character-Level Probabilistic Strings:
q-Gram Upper Bounds

Let ¢1 = (41,91), g2 = ({2, 92)
Where ¢q; € G, and ¢2 € G,

Define q1 = g9 <= g1 = g2 and {1 = {5

Lemma 8 For any two deterministic strings o1 and o5:

d(o1,02) < max(|o1], [o2|) +q—1— Z
Q1€G017QQEG02

((h = 92)

Theorem 6 For any character-level probabilistic strings S1, So:

AN

d(S1,52) < max(|S1],[Sz2]) + ¢

1

2

(717’72)66;31,32

Pr(y1 = 72)
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Character-Level Probabilistic Strings:
q-Gram Upper Bounds

Let ¢1 = (41,91), g2 = ({2, 92)
Where ¢q; € G, and ¢2 € G,
Define q1 = g9 <= g1 = g2 and {1 = {5

Lemma 8 For any two deterministic strings o1 and o5:

d(o1,02) < max(|oy,|o2]) +q—1— Z (1 = q2)
Q1€G017QQEG02

Theorem 6 For any character-level probabilistic strings S1, So:

d(S1,82) <max(|Su],[S)) +q—-1- Y. Prin =)

(717’72)6(;31,52
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Character-Level Probabilistic Strings:
q-Gram Upper Bounds

For any character-level probabilistic strings 51, Sa:

d(S1, S2) < max(|Si],[Ss]) + g — 1 >  Pripn=

(717’)/2)€G81 , S
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Character-Level Probabilistic Strings:
q-Gram Upper Bounds

For any character-level probabilistic strings 51, Sa:

]

OO P> W N -

AN

d(51,52) < max(|51],[52]) +¢—1 > Prm=m)

(717’)/2)€G81 , S

SELECT R.id AS rid,T.id A5 tid FROM R,T,R,,T,
WHERE R,.g=T,.g AND R,.(=T,./
AND R.id=R,;.id AND T.1id=T,.1id
GROUP BY R.id, T.id, R.len, T.len
HAVING max(R.len,T.len)+q-1-SUM(T,.p*R,.p)< T
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Character-Level Probabilistic Strings:

Dynamic Program Upper Bounds

We can derive a DP-based upper bound on the EED as follows

udli, j — 1] + 1,
ud|i, 7] = min < ud[i — 1, j] + 1,

udli — 1,5 — 1] + Pr(51[i] # Sa[]),

68-1
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Character-Level Probabilistic Strings:

Dynamic Program Upper Bounds

We can derive a DP-based upper bound on the EED as follows

wdli, j — 1] +1,
ud|i, 7] = min < ud[i — 1, j] + 1,
udli — 1,7 — 1] + Pr(S1[¢] # Sa2[j]),

P

Theorem 7 @[@‘,j] > d(S1]1..1], S2[1..4]) for all i, 7.

68-2



Character-Level Probabilistic Strings:
Dynamic Program Upper Bounds

AN

Theorem @[iaj] > d(51[1..7], 52[1..5]) for all 4, j
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Character-Level Probabilistic Strings:

Dynamic Program Upper Bounds

AN

Theorem @[iaj] > d(51[1..7], 52[1..5]) for all 4, j

Proof: We will need,

Lemma 10 For two non-negative random variables X, Y,
Emin(X,Y)] < min(E[X], E[Y]).
and,

Corollary 2 For three non-negative random variables X, Y, Z,

E[min(X,Y, Z)] < min(E[X], E[Y], E[Z]).
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Character-Level Probabilistic Strings:

Dynamic Program Upper Bounds

AN

Theorem @[iaj] > d(51[1..7], 52[1..5]) for all 4, j

The theorem holds when 7-7 =10
Assume it holds Vi’ <1, 5" <.
Let s = {(01,p1),(02,p2)} be a random world from 2

dSZ_ 17] T 17
ds|t, 7] = min ¢ dg[i,§ — 1] + 1,
ds Z o 17] o 1] + C(O-l[iLO-Z[j])'

69-3



Character-Level Probabilistic Strings:
Dynamic Program Upper Bounds

AN

d(S_l 1..4], S21..5])

dsz_laj + 1
= E |[min{dfi,j —1]+1

dsli — 1,7 — 1] + c(o1 1], o2[J])




Character-Level Probabilistic Strings:
Dynamic Program Upper Bounds

VAN

sli—1,7] +

Ji—1,5-1

1
1

1= 1], So[1..j
1], Soll.j— 1
1.5 — 1], 52[1..7 — 1]) + Pr(51[i] # S2lj])

-J

| 4 (o[t o2[5])

1

-1

)_

-1

(by Corollary 2)



Character-Level Probabilistic Strings:
Dynamic Program Upper Bounds

i dsli —1,7] + 1 |
= E |min{ d,[i,j — 1]+ 1
d

st = 1,5 = 1] 4 c(o1[i], o2[5])

d(Si[1..i — 1], S5[1..5]) + 1

< min< d(S[1..4], S21..5 — 1]) + 1 (by Corollary 2)
d(S1[1.i = 1], Sa[1..j — 1]) + Pr(S1 [i] # Sa[j])
udfi — 1,7 + 1

< min l/LE:i,j —1]+1 (by induction)
udli —1,j — 1] + Pr(S1[i] # Saj))




Character-Level Probabilistic Strings:
Dynamic Program Upper Bounds

d(S1[1..i — 1], So[1.

VAN

dsz_laj Ll
= E [min< dg[i,j — 1
d

Ji—1,j-1

d(S1

udli — 1, ] + 1
< min< ud[i,j —1]+1

ud

1
1

| +cloilt], o27])
i)+
)+ 1 (by Corollary 2)

min { d(Sy[1..4], So[1..j — 1
1.0 = 1], 52[1..7 — 1]) + Pr(51[¢] # S215))

(by induction)

i — 1,5 — 1) + Pr(S1[¢] # S2|7])



Experiments: Generation of Data Sets

O For each string o1 in the source database D we find the similar
set A(o1) = {0o32|lo2 € D Ad(01,02) < 3}
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O For each string o1 in the source database D we find the similar
set A(o1) = {0o32|lo2 € D Ad(01,02) < 3}

O For the genome data set, we break a long genome sequence
into smaller strings with length uniformly in [10, 20]
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Experiments: Generation of Data Sets

O For each string o1 in the source database D we find the similar
set A(o1) = {0o32|lo2 € D Ad(01,02) < 3}

O For the genome data set, we break a long genome sequence
into smaller strings with length uniformly in [10, 20]

O For string-level probabilistic strings:
The choices are in A(o1) with probability normalized to their

frequencies, some strings are replaced with strings outside

A(oq)
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Experiments: Generation of Data Sets

O For each string o1 in the source database D we find the similar
set A(o1) = {0o32|lo2 € D Ad(01,02) < 3}

O For the genome data set, we break a long genome sequence
into smaller strings with length uniformly in [10, 20]

O For string-level probabilistic strings:
The choices are in A(o1) with probability normalized to their

frequencies, some strings are replaced with strings outside

A(oq)

O For a character-level probabilistic string .S"
We select a position ¢ € [1,n| where |o1| = n and generate the
pdf of S[¢] based on the normalized frequency of characters in

the ith position of strings in A(oq).

71-4



Experiments: String-Level Default Parameters

Symbol | Definition Default Value

C max(size(S)) 6

W Self-concatenations | 0

o e | B
R Size table R 1,000

T Size table T 10,000

g g-gram 2

T EED threshold 2

72-1



String-level model, Authorl dataset
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running time (seconds)
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size of table T (xX1000): IT|



String-level model, Authorl dataset

4
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max(size(S)): C



String-level model, Authorl dataset
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String-level model, Authorl dataset
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average string length: M



String-level model, Category dataset

5

105'

—
o

—
-

—
-

running time (seconds)
o

—
-

A

W B~

N

o

. "
K52
7 -;

" -
a4 ;
4 S—BJ |
és PJ |
. [B3s-p12
1 3 5 7 10 15 20

size of table T (x1000): ITI




String-level model, Category dataset
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String-level model, Category dataset
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String-level model, Category dataset
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Character-level model, Author2 dataset
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Character-level model, Author2 dataset
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Character-level model, Author2 dataset
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Character-level model, Genome dataset
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Character-level model, Genome dataset
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Character-level model, Genome dataset
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Character-level model, Genome dataset
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Character-level model, Author2 dataset
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The End

THANK Y(QOU
Q and A

O The entire source code is available from a link at

http: /ww2.cs.fsu.edu/ " jestes
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any string-level probabilistic strings S7 and Ss:

&\(S S) > 14 max(EHSlH,EHSQH)
1,02) = | q

Z(P1,P2)€Gsl NG s, p(p1)p(p2) + 1

q
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any string-level probabilistic strings S7 and Ss:

C/i\(Sl Sg) > 14 maX(EH‘SluaEHSQH)
| - q
Z(plap2>€G5’1 mGSQ p(pl)p(pQ) _|_ ].
q :

O 1 SELECT R.id, T.id FROM R, T,
2 (SELECT R.id AS rid, T.id AS tid FROM R,T,Ry;,Tq
3 WHERE R;.g=T;.g AND Ry.id=R.id AND T,.id=T.id
4 AND Rgy.cid=R.cid AND T4;.cid=T.cid
5 GROUP BY R.id, T.id, R.len, T.len
6 HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T
7 ) AS L
8 WHERE L.rid=R.id AND L.tid=T.id
9 GROUP BY R.id, T.id
10 HAVING SUM(R.p*T.p*d(R.A,T.A)) < T
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any string-level probabilistic strings S7 and Ss:

6/1\(31 Sg) > 14 maX(EH‘SluaEHSQH)
| - q
Z(m,pg)EGslmGSQ p(ﬂl)p(pz) + 1
q .

O 1 SELECT R.id, T.id FROM R, T,

2 (SELECT R.id AS rid, T.id AS tid FROM R,T,Ry;,Tq

3 WHERE R;.g=T;.g AND Ry.id=R.id AND T,.id=T.id

4 AND Rgy.cid=R.cid AND T4;.cid=T.cid

5 GROUP BY R.id, T.id, R.len, T.len

6 HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T
7

8

9

1

) AS L
WHERE L.rid=R.id AND L.tid=T.id
GROUP BY R.id, T.id

O HAVING SUM(R.p*T.p*d(R.A,T.A)) < T
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String-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any string-level probabilistic strings S7 and Ss:

C/i\(Sl Sg) > 14 maX(EH‘SluaEHSQH)
| - q
Z(m,pg)EGslmGSQ p(ﬂl)p(pz) + 1
q .

O 1 SELECT R.id, T.id FROM R, T,
2 (SELECT R.id AS rid, T.id AS tid FROM R,T,Ry;,Tq
WHERE Rq;.g=T,.g AND R,.id=R.id AND T,.id=T.id
AND Rgy.cid=R.cid AND T4;.cid=T.cid
GROUP BY R.id, T.id, R.len, T.len
HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T
) AS L
WHERE L.rid=R.id AND L.tid=T.id
GROUP BY R.id, T.id
0 HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7T

O 0| N O 01 b W

1
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O For any string-level probabilistic strings S7 and S5,

351, 5,) > 14 2ex(E(S1), B(|%]) - UB, — 1
| N q
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O For any string-level probabilistic strings S7 and S5,

351, 5,) > 14 2ex(E(S1), B(|%]) - UB, — 1
| N q

0 1 SELECT R.id, T.id FROM R, T,
2 (SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,
WHERE R,.g=T;.g AND R,.id=R.id AND T,.id=T.id
AND Ry.cid=R.cid AND T,.cid=T.cid
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + é*( max(R.len,T.len) - 1 -
ub(R,;.cid,R.p,R;.4,Rq.g,Tq.cid,T.p,Tq.£,Tq.8, 7)) T
) AS L
WHERE L.rid=R.id AND L.tid=T.id
10 GROUP BY R.id, T.id
11 HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7

O© 00 N O O & W

91-2
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String-Level Probabilistic Strings:

Improving g-Gram Lower Bounds

O For any string-level probabilistic strings S7 and S5,

c?(Sl Sy) > 14 max(E(|51]), E(|S2])) — UB; — 1
Y - q .

0 1 SELECT R.id, T.id FROM R, T,

2 (SELECT R.id AS rid, T.id AS tid FROM R,T,Ry,T,
3 WHERE R,.g=T;.g AND R,.id=R.id AND T,.id=T.id
A AND Ry.cid=R.cid AND T,.cid=T.cid

5 GROUP BY R.id, T.id, R.len, T.len

6 HAVING 1 + 5*( max(R.len,T.len) - 1 -

7 ub(Rq.cid,R.p,R;.4,R;.8,T.cid,T.p,Tq.£,Tq.g, 7)) T
8 ) AS L

O WHERE L.rid=R.id AND L.tid=T.id

10 GROUP BY R.id, T.id

11 HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7
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String-Level Probabilistic Strings:
Improving g-Gram Lower Bounds

O For any string-level probabilistic strings S7 and S5,

0 max(E(|51]), E(]S2])) — UB,

d(Sy,Ss) > 11 p

0 1 SELECT R.id, T.id FROM R, T,
2 (SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,
WHERE R,.g=T;.g AND R,.id=R.id AND T,.id=T.id
AND Ry.cid=R.cid AND T,.cid=T.cid
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + 5*( max(R.len,T.len) - 1 -
ub(R,;.cid,R.p,R;.4,Rq.g,Tq.cid,T.p,Tq.£,Tq.8, 7)) T
) AS L
WHERE L.rid=R.id AND L.tid=T.id
10 GROUP BY R.id, T.id
11 HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7

O[O0 N O O & W




92-1

String-Level Probabilistic String Similiarity Join

© 00 N O O » W NP

N = Y S Gy SR
D W NN -, O

SELECT R.id, T.id FROM R, T,
(SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,

WHERE R,.g=T,.g AND R,.id=R.id AND T,.id=T.id
AND R,.cid=R.cid AND T,.cid=T.cid

GROUP BY R.id, T.id, R.len, T.len

HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T

EXCEPT

SELECT R.id AS rid, T.id AS tid FROM R, T

GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*ABS(IR.A|-[|T.Al)) > T

) AS L

WHERE L.rid=R.id AND L.tid=T.id

GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*d(R.A,T.A)) < T (Q@3)
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String-Level Probabilistic String Similiarity Join

SELECT R.id, T.id FROM R, T,
(SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,

WHERE R,.g=T,.g AND R,.id=R.id AND T,.id=T.id
AND R,.cid=R.cid AND T,.cid=T.cid
GROUP BY R.id, T.id, R.len, T.len

O© 00 N OO & W DN+

N = Y S Gy SR
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HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T
EXCEPT

SELECT R.id AS rid, T.id AS tid FROM R, T

GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*ABS(IR.A|-[|T.Al)) > T

) AS L

WHERE L.rid=R.id AND L.tid=T.id

GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7T (Q@3)
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String-Level Probabilistic String Similiarity Join

SELECT R.id, T.id FROM R, T,
(SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,

WHERE R,.g=T,.g AND R,.id=R.id AND T,.id=T.id
AND R,.cid=R.cid AND T,.cid=T.cid
GROUP BY R.id, T.id, R.len, T.len

HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T

O© O N[O O & W DN+

N = Y S Gy SR
D W NN -, O

EXCEPT

SELECT R.id AS rid, T.id AS tid FROM R, T
GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*ABS(IR.A|-[|T.Al)) > T

) AS L

WHERE L.rid=R.id AND L.tid=T.id

GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7T (Q@3)
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String-Level Probabilistic String Similiarity Join

SELECT R.id, T.id FROM R, T,
(SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,

WHERE R,.g=T,.g AND R,.i1d=R.id AND T,.1d=T.id
AND R,.cid=R.cid AND T,.cid=T.cid

GROUP BY R.id, T.id, R.len, T.len

HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T

©O© 00 NJOY O » W N B+

_ =
— O

EXCEPT

SELECT R.id AS rid, T.id AS tid FROM R, T
GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*ABSCIR.A|[-IT.Al)) > T
) AS L

e
D W N

WHERE L.rid=R.id AND L.tid=T.id
GROUP BY R.id, T.id
HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7T (Q3)
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String-Level Probabilistic String Similiarity Join

SELECT R.id, T.id FROM R, T,
(SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,
WHERE R,.g=T,.g AND R,.id=R.id AND T,.id=T.id
AND R,.cid=R.cid AND T,.cid=T.cid

GROUP BY R.id, T.id, R.len, T.len

HAVING 1+(max(R.len,T.len)-SUM(R.p*T.p)-1)/q< T
EXCEPT

SELECT R.id AS rid, T.id AS tid FROM R, T
GROUP BY R.id, T.id

HAVING SUM(R.p*T.p*ABS(IR.A|-[|T.Al)) > T

) AS L

© 00 N O O » W NP

—_ =
— O

=
N

WHERE L.rid=R.id AND L.tid=T.id
GROUP BY R.id, T.id
HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7T (Q3)
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String-Level Probabilistic String Similiarity Join

O SELECT R.id, T.id FROM R, T,
( SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,,

(---) AS L (same as lines 2-11 in @3)
WHERE L.rid=R.id AND L.tid=T.id AND R,.g=T,.g
AND R,.cid=R.cid AND T,.cid=T.cid
AND R,.id=R.id AND T,.id=T.id
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + %*( max(R.len,T.len) - 1 -
ub(R,.cid,R.p,R;.¢,R;.g,T,.cid,T.p,T,.¢,T;.g, 7)) T
) AS L2
WHERE L2.rid=R.id AND L2.tid=T.id

GROUP BY R.id, T.id
HAVING SUM(R.p*T.p*d(R.A,T.A)) < 7 (Q4)
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String-Level Probabilistic String Similiarity Join

O [SELECT R.id, T.id FROM R, T,
( SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,,
(---) AS L (same as lines 2-11 in (3)
WHERE L.rid=R.id AND L.tid=T.id AND R,.g=T,.g
AND R,.cid=R.cid AND T,.cid=T.cid
AND R,.id=R.id AND T,.id=T.id
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + %*( max(R.len,T.len) - 1 -
ub(R,.cid,R.p,R;.¢,R;.g,T,.cid,T.p,T,.¢,T;.g, 7)) T
) AS L2
WHERE L2.rid=R.id AND L2.tid=T.id

GROUP BY R.id, T.id
HAVING SUM(R.p*T.p*d(R.A,T.A)) < T (Q4)




String-Level Probabilistic String Similiarity Join

O SELECT R.id, T.id FROM R, T,
( SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,,

(---) AS L (same as lines 2-11 in (3)
WHERE L.rid=R.id AND L.tid=T.id AND R,.g=T,.g
AND R,.cid=R.cid AND T,.cid=T.cid
AND R,.id=R.id AND T,.id=T.id
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + %*( max(R.len,T.len) - 1 -
ub(R,.cid,R.p,R;.¢,R;.g,T,.cid,T.p,T,.¢,T;.g, 7)) T
) AS L2
WHERE L2.rid=R.id AND L2.tid=T.id

GROUP BY R.id, T.id
HAVING SUM(R.p*T.p*d(R.A,T.A)) < T (Q4)
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String-Level Probabilistic String Similiarity Join

O SELECT R.id, T.id FROM R, T,
( SELECT R.id AS rid, T.id AS tid FROM R,T,R,,T,,

(---) AS L (same as lines 2-11 in @3)
WHERE L.rid=R.id AND L.tid=T.id AND R,.g=T,.g
AND R,.cid=R.cid AND T,.cid=T.cid
AND R,.id=R.id AND T,.id=T.id
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + %*( max(R.len,T.len) - 1 -
ub(R,.cid,R.p,R;.¢,R;.g,T,.cid,T.p,T,.¢,T;.g, 7)) T
) AS L2
WHERE L2.rid=R.id AND L2.tid=T.id

GROUP BY R.id, T.id
HAVING SUM(R.p*T.p*d(R.A,T.A)) < T (Q4)
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Character-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any character-level probabilistic strings S; and Ss:

) meGs, Pr(yi =72) +1
N max(|S1|, |S2]) v2€Gs,

d(S1,52) > 14
q q

94-1



94-2

Character-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any character-level probabilistic strings S; and Ss:

271 €Gs, Pr(’yl

max(|S1|, |S2]) v2€G s,

= 72) + 1

67(51752) > 14
q q

5 Proof Let s € Q2 and s = ((01,p1), (02,p2))

By the deterministic g-gram filtering lemma we have,

> w(s)|Go, NG,

sel)

> 3 w(s)(max(|ou, oa]) — 1 — g(d(s) — 1))

s€ef)
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O For any character-level probabilistic strings S; and Ss:

D 1eGs, Pr(y1 =2) +1
max(|S1|, |S2]) v2€Gs,

q q

67(51,52) > 14

O Proof Let s € Q2 and s = ((0’1,]91), (0'2,}?2))
By the deterministic g-gram filtering lemma we have,

> w(s)|Go, NG,

sel)

" w(s)(max(|ov | [oz]) — 1 — q(d(s) — 1))

s€ef)

= max(|S1], |S2]) = 1 — q(d(S1, S2) — 1).

[V

94-3



|
Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O For any character-level probabilistic strings S; and Ss:

D 1eGs, Pr(y1 =2) +1
max(|S1|, |S2]) v2€Gs,

q q

67(51,52) > 14

O Proof Let s € Q2 and s = ((0’1,]91), (0'2,}?2))
By the deterministic g-gram filtering lemma we have,

> w(s)|Go, NG,

sel)

" w(s)(max(|ov | [oz]) — 1 — q(d(s) — 1))

s€ef)

— max(\Sll, ’SQD — 1 — q(oT(Sl, SQ) — 1)

[V

94-4



Character-Level Probabilistic Strings:
q-Gram Lower Bounds

Olet seQand s = ((o1,p1), (02,p2))
1 = (1,51[i..i + g — 1]) € Gg,
Yo = (7,5215..7 +q¢—1]) € Gg,



|
Character-Level Probabilistic Strings:
q-Gram Lower Bounds

Olet seQand s = ((o1,p1), (02,p2))
1 = (1,51[i..i + g — 1]) € Gg,
Yo = (7,5215..7 +q¢—1]) € Gg,

O Define 71 =5 2 as the event that Si|i..i +q — 1] = Sa[j..7 +q — 1]
in s. We have

(

w(s), ifoili.t+q—1]=03]j..7 +q—1];

Pr(v1 =s
1= 72) = 0, otherwise.

\
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O Define 71 =5 2 as the event that Si|i..i +q — 1] = Sa[j..5 + q — 1]
in s. We have

(

”LU(S), It 0'1[22—|—q—1] :O'Q[jj—l—q—l],

Pr(v, =, <
(=5 72) = 0, otherwise.

\

96-1



|
Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O Define 71 =5 2 as the event that Si|i..i +q — 1] = Sa[j..5 + q — 1]
in s. We have

(

w(s), ifoili.i+q—1=o02j.j+q—1];

Pr(v, =, <
(=5 72) = 0, otherwise.

\

B Recall that |G,, N G,,| is the number of matching pairs of ¢g-grams
in G,, and G, so

Zw ]GalﬂG@\—Z Z Pr(y1 =5 2)

sef scQlmelGg,
’72 EGSQ
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|
Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O Define 71 =5 2 as the event that Si|i..i +q — 1] = Sa[j..5 + q — 1]
in s. We have

(

w(s), ifoili.i+q—1]=o020j..5 +q—1];

Pr(v, =, <
(=5 72) = 0, otherwise.

\

B Recall that |G,, N G,,| is the number of matching pairs of ¢g-grams
in G,, and G, so

Zw ]GalﬂG@\—Z Z Pr(y1 =5 2)

sef scQlmelGg,
’72 EGSQ

Z ZPI‘(VI —s 72)

Y1 EGsl sel
Y2 EGSQ
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|
Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O Define 71 =5 2 as the event that Si|i..i +q — 1] = Sa[j..5 + q — 1]
in s. We have

(

w(s), ifoili.i+q—1]=o020j..5 +q—1];

Pr(v, =, <
(=5 72) = 0, otherwise.

\

B Recall that |G,, N G,,| is the number of matching pairs of ¢g-grams
in G,, and G, so

Zw ]GalﬂG@\—Z Z Pr(y1 =5 2)

sef scQlmelGg,
WQEGSQ
E E:PT% =5 V2) E Pr(y; =
'YleGSl s€f) ’YleGSl

v2€G s, Y2E€G s,

96-4
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Character-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any character-level probabilistic strings 51, Sa:

D veGs, Pr(71 =1v2) +1
. max(|S1, |92 2€Ca

d(S1,52) > 14
q q
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O For any character-level probabilistic strings 51, Sa:

) meGs, Pr(y =72) +1

~ max(\Sl\, ‘SQD v2€G s,

d(S1,S52) > 14

O© 00 NO O » W N B+

q q

SELECT R.id,T.id FROM R,T,
(SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.id
GROUP BY R.id, T.id, R.len, T.len

HAVING 1 + max(R.len,T.len)/q -

SUM( T,.p*R,.p)/q - 1/q < 7

) AS L

WHERE L.rid=R.id AND L.tid=T.id

AND ed(R.A,T.A) T



|
Character-Level Probabilistic Strings:

q-Gram Lower Bounds

O For any character-level probabilistic strings 51, Sa:
) meGs, Pr(y =72) +1
3(S1.5,) > 11 max(|S1], |S2|) 12€Gs,
q q
g 1 SELECT R.id,T.id FROM R,T,
2 (SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
3 WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.1id
4 GROUP BY R.id, T.id, R.len, T.len
5 HAVING 1 + max(R.len,T.len)/q -
6 SUM( T,.p*R,.p)/q - 1/q < 7
4 ) AS L
3 WHERE L.rid=R.id AND L.tid=T.id
O AND ed(R.A,T.A)< T
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Character-Level Probabilistic Strings:
q-Gram Lower Bounds

O For any character-level probabilistic strings 51, Sa:

) meGs, Pr(y =72) +1

~ InaxibgthSQD v2€G s,

d(S1,S52) > 14

q q

SELECT R.id,T.id FROM R,T,
(SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
WHERE R,.g=T,.g AND R.id=R,.id AND T.id=T,.id
GROUP BY R.id, T.id, R.len, T.len

HAVING 1 + max(R.len,T.len)/q -

SUM( T,.p*R,.p)/q - 1/q < 7

) AS L

O© O|N O O » W N B+

WHERE L.rid=R.id AND L.tid=T.id
AND ed(R.A,T.A)< T




Character-Level Probabilistic String Similarity Join

O© 00 N O O i W N -

T = SN
D W NN -, O

15
16
17

98-1

18

SELECT R.id,T.id FROM R,T,
(SELECT R.id AS rid,T.id AS tid FROM R,T,R,,T,
WHERE R, .g=T,.g AND R.id=R,.id AND T.id=T,.id
AND ABS(R.len - T.len) < T
GROUP BY R.id, T.id, R.len, T.len
HAVING 1 + (max(R.len,T.len)-1)/q -
SUM( FLOOR(T,.p*R,.p) *
min(1l, 7/max(1,ABS(R,;.¢ - T,.4))) )/q -
SUM( CEILING(1-R,.p*T,.p)*T,.p*R;.p )/q < 7T
EXCEPT
SELECT R.id AS rid,T.id AS tid FROM R,T,R,;,T,
WHERE R,.g=T,.g AND R,./=T,.{ AND R.id=R,.id
AND T.id=T,.id AND ABS(R.len - T.len) < 7
GROUP BY R.id, T.id, R.len, T.len
HAVING max(R.len,T.len)+q-1-SUM(T,.p*R,;.p)< 7
) AS L
WHERE L.rid=R.id AND L.tid=T.id AND 1d(R.A,T.A)
<7 AND ud(R.A,T.A)> 7 AND ed(R.A,T.A)< 7 (Q6)
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Special Case: No Matching g-Grams

Consider the string-level probabilistic strings:

(cat, 1)} {(dog, 1)}
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|
Special Case: No Matching g-Grams

Consider the string-level probabilistic strings:

(cat, 1)} {(dog, 1)}

The string-level probabilistic 2-grams are:
{(1,1,1,#¢c),(1,1,2,ca), (1,1,3,at),(1,1,4,t$)}
{(1,1,1,#d),(1,1,2,do), (1,1,3,09), (1,1,4, g3)}
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|
Special Case: No Matching g-Grams

Consider the string-level probabilistic strings:

(cat, 1)} {(dog, 1)}

The string-level probabilistic 2-grams are:
{(1,1,1,#¢c),(1,1,2,ca), (1,1,3,at),(1,1,4,t$)}
{(1,1,1,#d),(1,1,2,do), (1,1,3,09), (1,1,4, g3)}

Our queries would miss the pair (cat,dog) when 7 = 3
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|
Special Case: No Matching g-Grams

Consider the string-level probabilistic strings:

(cat, 1)} {(dog, 1)}

The string-level probabilistic 2-grams are:
{(1,1,1,#¢c),(1,1,2,ca), (1,1,3,at),(1,1,4,t$)}
{(17 ]’7 ]'7 #d)7 (]’7 ]'7 27 dO)? (]‘7 ]’7 37 09)7 (]'7 ]’7 47 g$)}

Our queries would miss the pair (cat,dog) when 7 =3
Solution: Add special system choices and g-grams

{(#5,0), (cat, 1)} {(#8,0), (dog, 1)}

{(07 O? 07 #$)7 (17 17 17 #C)7 (17 17 27 Ca)? (17 17 37 at)? (17 17 47 t$)}
{(07 O? O? #$)7 (17 17 17 #d)7 (17 17 27 dO)? (17 17 37 0g)7 (17 17 47 g$)}
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String-level model, Authorl dataset

4

105'

:

w

—k
-

N

A

—k
-

S-BJ |
S—PJ |

S—PJ2|

running time (seconds)
-

o

—k
-

1 35 7 10 15 20
size of table T (xX1000): IT|



