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¥ Man ag INC perfume.”®'! Ater the success of Hilton's perfume,
"~ Parlux Fragrances released several more perfumes

¥ RiSkmane with her name, including fragrances for men.[52] Hilton
launched a new fragrance in October 2007, called

¥ Can Can. This is her fourth women's fragrance after
T @aris HiltorD Just Me, and Heiress. During the month

[Wikipedia]
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¥ (Web) informationextraction

¥ Processingnanually entered data (such as census forms)

¥ Dataintec
Social Security Number: /) 8 5

¥ Managinc e _Sunidh
. - Marital Status: (1) single X (2) married ﬁ
¥ RISkmanC (3) divorced O (4) widowed O

¥ Social Security Number: \ % 6

Name: BI_QNh
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(3) divorced O (4) widowed O
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Aggregate Queries

Aggregate Query:

What is the average of bonuses?

¥ ExtendTPJ queries with aggregate functions

¥ Aggregatdunctions
sumcounfmin max avgcountd
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What we Understood

¥ Value joingn queries are intrinsicaliyptractable

¥ Aggregatiorcan be easiethan querying

¥ Tractablecases for aggregation

¥ Distributions TP + monoidfunctions over_-PrXML

¥ MomentsSP+ everyconsideredunctionover L-PrXML
¥ Moments SP+ sumcountover G-PrXML

¥ Samplings unavoidabléen many practical cases
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Summaries of Large Data Corpora

[1] mailbox [1] mailbox [1] mailbox

i
[2] thread 2] thread
< . <
3] message @l 5] subject 2] thread\\ 3] message Tl 5] subject

. —
N | [3] message [4]id [5] subject N |
[12] content [14] 123 N | [12] content [14]123
N PN

[10] from [11t0 i 25 How Relare [13] message [15] greetings [12] content [14]123 [10]‘fmm [t1lto (o H 25 How el are [13] message [15] greetings

[10] from [11]to - [15] greetings
[20]John  [22] Mary  [23] Bob 31] from B2t 33] content [24] Hi. [25] How [26] are [20] John  [22] Mary . [23] Bob [31] from [32]to [33] content

[42] Bob [43]John  [44] Hi. [46] Fine [42] Bob [43]John  [44] Hi. [46] Fine
[20] John [22] Mary [23] Bob
[3] message
[12] content

[10] from [11] to .
[24] Hi. [25] How [26] are

[20] John [22] Mary [23] Bob

Documents storemailboxesorganized in threads

Task to summarize information in @nciseway
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Summaries of Large Data Corpora

¥ PrXMLas a summary:

[1] mailbox
I

¥ too detailed et

[3] message [4] id [4] subject

|
: /2] content [14] 123
¥ may have theize o fom / \

[11] to 4] Hi [25] How [26] are [13] message [14] greetings

- |
Of th e e ntl re [20] John [70] [72] [32] to [33] content
corpora ' | AN

[21] John [71] [30] from  [31]from [43]John [73] [46] Fine
0.9 0.1
[22] Mary  [23] Bob [41] Mary [42] Bob [44] Hi. [45] High.

Wl miallbox
[2] thread
.
[3] message [4]d\[5] subject
[12] content [14] 123

[10] from [11]to [24] H. [25] How 126 are [15] greetings

[20] John [22] Mary [23] Bob

[20] John  [22] Mai
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Summaries of Large Data Corpora

Mailbox DTD

mailbox:  (thread)’
¥ concise thread: (message, id, subject)

|
message: (from,to,content, message’ )

¥ missing information from:  #PCDATA

- - - to: #PCDATA
how likelyis a given document ontent.  #PCDATA

subject: #PCDATA

¥ DTD as a summary:

¥ Documents storemailboxesorganized in threads

¥ Taskto summarize information in @nciseway
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Summaries of Large Data Corpora

¥ DTD as a summary:

Mailbox DTD

mailbox:

¥ concise thread:

message:

¥ missing information from:
to:
content:
subject:

how likelyis a given document

Can we have arobablilisticvariant ofDTDs?

|
[2] thread
— ~
3] messﬁe [4]‘|d\ [5] subject
7 mema—
N

[m]‘mm /[11]‘0\ [24] Hi. [25] How [26] are }mes
[20]John  [22]Mary  [23] Bob o1] rorm [32‘“

14] 123
sage [15] greetings

‘ o [33] content
[42] Bob [43]John  [44] Hi. [46] Fine

(thread)’

(message, id, subject)
(from, to, content, message' )
#PCDATA

#PCDATA

#PCDATA

#PCDATA

¥ Documents storemailboxesorganized in threads

¥ Taskto summarize information in @nciseway
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RMC: D: directory

P
}

0.
o >@
1 0.2

P: person

| 1
¥ Entering a component labeled L 1 1

= generation of ampeningtag <L> + e

0.5 ¢

¥ Exiting a component labeled L

' ' . name T: phone
= generation of aclosingtag </L> p

1 1
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<directory>
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Recursive Markov Chains as Prob. DTDs

<directory>
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Recursive Markov Chains as Prob. DTDs

<directory>
<person>
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</name>
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P: person
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Recursive Markov Chains as Prob. DTDs

<directory>
<person> Pr=10.8

<name> Pr =1 RMC: D: directory
</name> Dr =1

<phone> °r =10.5 5
</phone> Pr=1
</person> or = 1:0.5 08" ;

.
[ >@
>

</directory> Dr =1.0.2 1 02

Documentd Pr(d) = 0.80.5-:0.5-0.2 P person

1
¥ A run generates akeletonof a document ._1>

0.5 ¢

¥ Empty components N and D can model
the actual data N: name T phone
l.e., names and telephone numbers of people 1 1

o—©0 o——©0
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Recursive Markov Chains as Prob. DTDs

<IELEMENT directory (person*)>

<di > '
directory DTD: <IELEMENT person (name,phone*):

<person> Pr=10.8

<name> Pr =1 RMC: D: directory
</name> Dr =1

1

<phone> Pr=10.5 5
</phone> Dr =1
</person> or = 1:0.5 8 ;

0.
o >@

</directory> Dr =1.0.2 1 02

Documentd Pr(d) = 0.80.5-:0.5-0.2 P person

¥ Advantagesf RMCs over PrXML h
ENERE L)
Te—

N: name T: phone

¥ We connect questions on prob. XML to . .

tools andtechniquesof Markov models ™ 1
24/28

¥ More naturalfor prob. summaries of
document collections




Probablility Spaces of RMCs vs PrXML

D: directory

¥ Size ofgenerateddocuments
¥ RMC: could be of

¥ anywidth ~ cyclesinsidea component

¥ anydepth~ cyclesacrosscomponents

¥ PrXML: always

¥ linearlyboundedby size of probabilistic document

¥ all generated documents areu®-documen® of the
representations
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D: directory

¥ Size ofgenerateddocuments
¥ RMC: could be of

¥ anywidth ~ cyclesinsidea component

¥ anydepth~ cyclesacrosscomponents

¥ PrXML: always

¥ linearlyboundedby size of probabilistic document

¥ all generated documents areu®-documen® of the
representations

L-PrXML models areubsumedy RMC
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¥ Question for RMCs
¥ Can we generate a document where all siblings share the same labe

¥ We can aslkproperties of(sets of)nodesfor randomly generated docs
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Query Language for RMC

¥ Question for RMCs
¥ Can we generate a document where all siblings share the same labe

¥ We can aslkproperties of(sets of)nodesfor randomly generated docs
¥ Monadic Second Orde(SO) gquery language:

¥ IS good to ask properties of (sets of) nodes

¥ natural for trees: extends TP, NavXPath, ...
¥ Verifying MSO properties for
unrestrictedRMCs IS [Etessami&YannakakisO05]
¥ in PSPACE

¥ as hard as SQRT-SUM: in PSPACE
Are there restrictions of RMQractablefor MSQO?

£0/£0




RMC Fragments

¥ HierarchicaRMCs HMC):
¥ A component can not (eventually) call itself
¥ Tree-likeRMCs [LMC):

¥ Every component can be called in one place only
but possibly many times

¥ special case of HMC
D: directory P: person N: name T': phone
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RMC Fragments

¥ HierarchicaRMCs HMC): rEE e U E

¥ A component can not (eventually) call itself ~ Unit-cost arithmetics
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| tractable
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Continuous PrXML: leaves with Joins are intractable for L-PrXML

continuous distributions _
TLMC Is tractable for MSO
Recursive Markov Chains:

docs of any width and depth HMC Is unit-cost arithmetics

tractable for MSO
3.Aggregating
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