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ABSTRACT

A common task of Web users is querying structurgdrination
from Web pages. In this paper we propose a novelryqu
processor for systematically discovering any-k trefes from
Web search results with conjunctive queriEBe ‘any-k’ phrase
denotes that retrieved tuples are not ranked bgybkem.

For realizing this interesting scenario the quencpssor transfers
a structured query into keyword queries that atenstied to a

search engine, forwards search results to relaidractors, and
then combines relations into result tuples.

Unfortunately, relation extractors may fail to netwa relation for
a result tuple. We propose a solid information tidzased
approach for retrieving missing attribute values mrtially

retrieved relations. Moreover, user-defined datarses may not
return at least k complete result tuples. To stivg problem, we
extend the Eddy query processing mechanism [14] dor

‘querying the Web’ scenario with a continuous, dtl@prouting

model. The model determines the most promising mexmplete
row for returning any-k complete result tuples g @oint during
the query execution process.

We report a thorough experimental evaluation ovarltipie
relation extractors. Our experiments demonstras tur query
processor returns complete result tuples while ggsiag only
very few Web pages.

Categories and Subject Descriptors
H.2.4 [Database Management Systerigkt Analytics

General Terms
Algorithms, Performance, Experimentation and theory

Keywords

Text analytics, Join execution on web search result

1. INTRODUCTION

A typical task of a Web user is discovering relasicdbetween
entities from Web pages; i.e. consider the follayipuery:

Extract and join relations between products, acijioiss and
employee sizes of companies from top 100 page®Ntd@m as
seed data into result tuples. Retrieve complemgnpages from
Yahoo.com until 500 complete result tuples exist.

This query might be issued by an analyst who isenlisg the
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Joining 2 Relationships (Information about Persons)

2-06: Attribute(Person,Born,Gender) x Career(Person,Company, Position);
washingtonpost.com(100); yahoo(10)

2-07: Conviction(Person, Charge) » Career(Person,Company, Position);
cnn.com(100); yahoo(10)

Joining > 2 Relationships (Information about Companies and Persons)

3-01: Product(Company,Product) x Career(Person,Company, Position) x
Attribute(Person,B_Place, B_Date); money.cnn.com(100); yahoo(10)

3-08: Recommendation(Analyst,Company, Trend,Date) x Bankruptcy
(Company, Status, Date) x Product(Company,Product);
ft.com(100); yahoo(10)

3-09: HQ(Company, Location) x Employees (Company, EmployeeSize) x
Product(Company,Product); ft.com(100); yahoo(10)

4-01: HQ(Company,Location) x Employees(Company,EmployeeSize) x
Product(Company, Product) x Bankruptcy(Company,Status,Date);
cnn.com(100); yahoo(10)
5-01: Born(Person,Born) x Conviction(Person,Conviction) x
Employer(Person,Company) x Travel(Person,Location) x
Career(Person,Company, Position); nytimes.com(100); yahoo(10)

Figure 1: Queries joining tuples from two or more elation extractors.
Join attributes are underlined.

market for interesting acquisition options. The ryu@tention is
retrievingat least 500 tupleaboutany company, its products, its
headquarters, and its employee information from \Majes.

Discovering any-k tuples through Web search. Discovering

such result tuples with structured queries on Wadpep is a grand
challenge. For instance, current Web search engamesnot

capable of extracting relations from search resuMse to the
nature of the business models of commercial Weltbemngines,
it is unlikely that full access to internal datakaswill ever be
granted to individual users. Typically only the tbp00 results for
a given search query can be retrieved. Therefororamon

practice of a Web user is typing in some more es larbitrarily

chosen keywords as queries, reading some of theatdgd result
pages and copying text phrases that potentiallyesgmt relevant
tuples into a spreadsheet. We call this exploratprecess
discovering any-k tuples, where tuples are equitale rows in

the spreadsheet.

Our system automatically fulfills the task of retring a set of
any-k complete result tuples. This set may thenfdyerarded
directly to the user or may be forwarded to an igpfibn for
specific filtering [9][31] or ranking [2] [30] appaches.

Query 3-09 in Figure 1 represents a structured yqubat
expresses these requirements for the user queary dlmve. The
query creates a table listing company employeanmdtion, their
products and their headquarter locations. More &igmspeaking,
we want to generate k complete result tuples thusist of
relations (or tuples) that are extracted from Welggs by a
relation extractor and joined based on similaritaite values
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Figure 2: Consider four keyword queries kwq...kwq, that retrieve
tuples for answering the example query Q 3-Q1Each keyword query
returns a set of three result pages; these pageseaforwarded to ar
extractor that returns tuples cpOdCP, cddCE and adl]AC. For
instance, kwq returns three pages from which the query process:
extracts tuples cp, ca, ag and combines them into result tuple RT.
Query kwq, does not return any relevant pages. Then, the que
processor issues query kwgy extracts tuple ag from retrieved page:
and combines tuple ag and previously retrieved tuples cp, ce into
result tuple RT.. Query kwdqs returns tuple cp, and ce which are
combined by the query processor into incomplete redt tuple RT3

(underlined in Figure 1). The table is populatethvinitial result
tuples that are extracted from top-100 pages of nbes site
ft.com The query processor may query the Web searchmengi
Yahoo as a complementary source for retrieving imisattribute
values. Thereby, the query processor makes predgton the
likelihood that specific pieces of missing inforioat from
incomplete tuples can be found at the complemeMéel source
and, based on that, optimizes the sequence of \afpkests that
need to be made in order to obtain k complete résples. This
process is adaptive.

Our Contributions: The long term vision of our work is to
answer structured queries from natural languagé ¢ex\Web
pages, called Web text [13][22][23][24]. For redlg this novel
application scenario we give three core contrimgio

(1) End-to-end Web query processowe propose aquery
processorto systematically discover any-k complete resuies
from Web pages. In this paper we focus on selegept-(full
outer) join queries that integrate tuples from wvanore relation
extractors. Our query processor leverages the irafea Web
search engine for retrieving tuples from potentidiillions of
pages.

(2) Solid theoretical framework ensures any-k comptafdes:
We view completeness as a major measure of dati#yqaad
thus aim to return any-k complete result tupkest solving this
very practical problenwe propose a solid information theory-
based approach for identifying the most promisiogrse for
retrieving missing attribute values of partiallyrieved tuples.

(3) Novel extension to the Eddy operator for Web queryiie
design our model as a novel extension of the Egdyador for the
Web querying domain. An Eddy is a dataflow operaitor
traditional a database system that allows an adaptiee
reordering in a tuple by tuple fashion. Our exiemsmplements
a continuous, adaptive routing model for deterngnthe most
promising next Web source to query at any pointirduithe
execution. We implement our query processor foritheemory
databaséHSQLDB[19]. In a broad study we test our theoretical
findings on multiple relation extractors and idgntptimization

strategies that effectively reduce the amount aicgssed Web
pages.

Overview: In the following sections we outline our query
processing algorithms for any-k complete tupledétail (Section
2). Then we report on the performance of our algors (Section
3) and discuss related work (Section 4). Finallg, summarize
our contributions and propose our future work (B®ech).

2. QUERY PROCESSOR

In this section, we present a framework for thelgtaf the tuple
discovering problem. In Section 2.1, we abstracipadrtant
problems for automating the discovery of completgds on the
Web. Based on this interaction model, we preseggreeric query
routing algorithm for an adaptive query processoBection 2.2.
Finally, in Sections 2.3-2.5, we discuss routindigies that can
ensure complete result tuples and significantlyuced query
processing costs.

2.1 Problem analysis

Theoretically, the problem of discovering any-kuleguples on
Web search results can be formalized as follows: as&ime a
query processor is downloading a subset of pages & set of
pagesSindexed by the search engifeee the rectangle in Figure
2). We represent each Web pagé&ims a point (dots in Figure 2).
Every potential quenkwq from the query processor returns a
subset ofS. From each subset 8we may be able to extract none,
one or multiple relations. The query processorgafrese relations
from one or multiple subsets into result tupRek. Unfortunately;
some result tuples may be missing certain attritlvalees that
could not be extracted (denoted by ‘NULL’). Howevire set of
pagesS may contain additional pages (denoted by a dditex)
from which the query processor could extract thesissing
values.

Ordered sequence of keyword queriesOur goal is to find an
ordered sequence of keyword-queries which likelyrre pages
from which the query processor can discover angskit tuples.
Extracting relations from pages is costly and tiommsuming.
Therefore we would like to minimize the cost by gssing as
few pages as possible.

NP-complete problem: Determining an ordered sequence of
keyword queries that minimizes the costs for digtimg any-k
result tuples is equivalent to the problem of angvgea query
against a schema using a set of views. This prohfermP-
complete for conjunctive queries and conjunctiveawidefinitions
[17].

How should a query processor determine an ordeetdo
keyword queries? In practice, we face the followdifficulties
that we need to address to solve the formalizdtmm above:

Continuous, adaptive routing model: Query optimizers in
current database systems are designed to pickgte sifficient
execution plan for a given query based on statisficoperties of
the data. However, in our setting the query pramesansforms a
structured query into a set of keyword queriesxtoaet an initial
set of result tuples. Next the query processor sb®oan
incomplete result tuple and generates a new keywoety to
retrieve the missing attribute values. This ada&ptprocess of
generating keyword queries, extracting tuples asidirjg them
into result tuples must be continued by the queog@ssor until at
least k result tuples are complete.



Estimate how likely a keyword query returns a missig
attribute value: For optimizing query execution costs the query
processor must estimate how likely a keyword quamg an
extractor will return a missing attribute value far particular
result tuple. The probability that a keyword questurns a
missing attribute value is correlated with the sbamngine rank of
the source Web page, the content of that particpége, the
overall set of indexed pages of the search engim¢ the
mechanics of the extractor.

Biased search engine rankinghe ranking mechanism of a
search engine can deny a page from appearing vihibitop
pages [4]. Furthermore, search engines like Yahdsomgle
limit the access to their database to top-1000 ausr
keyword query.

Insufficient contentThere may be relations for which no
textual content exists on the Web. Consider a qj@ning
two relations of type CompanyProduct and Bankruptay
reality, every company has at least one produdt,obly a
few have declared bankruptcy, thus these partictdault
tuples can never be completed.

Failing extractors.Relation extractors can return incomplete
tuples. The rationale for this incompleteness imtlicate the
existence of a relation on a Web page to humaruetas,
even though precise values for each attribute efréation
could not be extracted. For instance, relationaektrs may
fail because of avocabulary mismatctbetween the Web
page and the rules of the extractor. Object rediation [12]
may fail if not enough context information for résng
objects exist.

In the next Sections we present our solution fecheaquirement.

2.2 Generic routing algorithm

Our generic routing algorithm is implemented aseatension to
an Eddy [14] which can potentially adapt at thangiarity of a
missing relation. An Eddy processes a query byimgutelations
through operators that are specific to that quétgwever, an
Eddy does not actively request missing relationamiet user
defined quality requirements, such as returning pleta result
tuples. Therefore we extend Eddies with a technagliedquality
based routing (QBRihat adds quality requirements into routing
decisions. With QBR an Eddy automatically idensfi@ples of
insufficient quality and generates additional geerior obtaining
missing relations. QBR is low-overhead and it isaptive,
revisiting its decisions as changes in result ple detected.

The following paragraphs describe this continuawegss.

Obtain initial set of pages.First, the query processor bootstraps
top-k pages from the data source that is specifiedthe
INITIAL_DATASOURCE clause in the query. If the dasaurce
does not return any page, query processing is teted.
Otherwise the query processor proceeds with step 1.

Step 1: Generate result tuples.In this step the query processor
forwards pages to relation extractors and combim®s tuples
with potentially existing result tuples.

Extract tuples from pages.The query processor forwards
pages to relation extractors. For each page none, av
multiple tuples are extracted.

money.cnn.com 100

K>=500
incompletable|
results

=@

P—
| Verify quality \u

yahoo.com 10

K<500

LNext missing relation

Company ¢ +
CE,CPorAC

{ Generate keywords]
——

Relation
extractor

Search
index

Explaination: O l:]

Figure 3: We illustrate the quality based routing mlicy for query 3-01
First, 100 initial pages are retrieved from money.en.com and relatior
extractors AC, CP and CE return relations from the® pages. The Edc
joins relations and determines if 500 complete redutuples exist. Next,
the Eddy generates a keyword query for retrieving amissing relation
The keyword query retrieves 10 pages from complemésry search
engine ‘yahoo.com’. The Eddy continues this proceamtil 500 or more
result tuple are retrieved or of no more result tupe can be completed.

Eddy

Combine new tuples with existing result tupl€se query
processor enables n-way full outer joins for cortgimew
tuples into result tuples. If k is relatively sméluch as in
our scenario) this operation can be executed in angnfror
relatively large result tuple sets (such as milliaf result
tuples), the join-operation can be optimized witliséng
adaptive query processing techniques, such as gusige
optimizations [1] or lottery scheduling [14].

Verify quality and terminate query if necessafhe full
outer join may create new result tuples can add new
attribute values to existing result tuples. Therefthe query
routing policy monitors the quality of result tupleThe
query processing is terminated either if no mosailitetuples
can be completed or if any-k result tuples meetréugiired
quality requirements (see Section 2.5).

Otherwise, the query processor proceeds with step 2

Step 2: Retrieve missing attribute valuesln this step a single
missing attribute value is identified. The queryogassor
generates an additional keyword query for obtairaaglitional

pages that likely contain the missing values.

Identify next missing attribute valueThe query routing
policy identifies a candidate result tuple that sloet meet
the quality requirements of the query. From theddadate
result tuple a missing attribute value is identifibat can be
likely obtained. (See Section 2.3-2.7).

Generate keyword queryln [24] we proposed a
keyword generation strategy.First we observe iftesgres
sharing instances of the same relation also aetylifo share
similarities in textual content. Next, we only kepprases
from these sentences that indicate the existeneerefation
using an efficient lexico—syntactic classifier[16jnally, we
determine for each phrase their clarity with resgeother
relations and their significance for a particulaef20]. For
instance, for retrieving missing attributes B_PLAGEd
B_DATE for the tupleATTRIBUTE(‘Martin Winterkorn’,

Null, Nullthe method presented in [24] generates the

keyword query+‘Martin Winterkorn’ +(*born’ OR ‘born in’
OR ‘born at’ OR ‘native of’).



¢« The query processor executes the keyword quennstgdie
search  engine from the COMPLEMENTARY_
DATASOURCE clause and proceeds with step 1 again.

In the reminder of this Section we propose multipbeiting
policies to customize our generic routing algorithm

2.3 Baseline: Zig-Zag routing policy

The Zig-Zag routing policy [5] selects a randomulesuple that
misses an attribute value. Despite its simpli@tyig-Zag routing
policy can cause relatively high costs. For instare Zig-Zag
routing policy is unaware of the quality of resuiples. Therefore
this policy may process result tuples that onlyiagtd a low
degree of quality and at the same time may ignesalt tuples for
which it would be rather easy to complete them. déerthis
policy frequently picks a result tuple that canhet completed
with additional information from the Web. Finallhis policy can
create a death spiral by repeatedly selecting azeting new low
quality result tuples.

Therefore we consider the Zig-Zag routing policyaabaseline
scenario since it is expected to perform suboptimal

2.4 Choosing ‘good’ join attributes

In this Section we propose our novel approach &inmeting the
likelihood of returning a missing tuple. Our ideat@ compute the
information gain ratio (IGR) for each combinationf @
relationship-type and a join predicate that capdtentially used
by the Eddy routing algorithm. The IGR gives anireate
whether a particular combination will return a tiga or not.

Identifying join attributes: The query processor explores
correlations between values of an attribdte from which a
keyword query is generated and values of an at&iby...,A, of

a relationRg(Ay,...A) that is returned from extractor E. In our
setting the observed correlation between two afteibvalue
distributions might not reflect the ‘real’ distritbon that could be
observed on a much larger sample of Web pages.ef\t this
uncertainty with a specification from Informatioldory which is
based on the concept g&in ratio [28], described next. The IGR
is typically used in decision-tree learning aldamis (such as ID3
[28]) to determine the attribute that best classifa given data set.
We utilize the IGR for identifying the most pronmgi join
attribute and the most promising relationship-type retrieving
missing tuples.

Definition 1 (Entropy): Let G...,/7D.C be instances of attribute
C of relationship-type D where the attribute valeeare different
from NULL. We use the entropy [28] of D.C, dendigcH(D.C),
which is an information-theoretic metric, to capurthe
information content of D.C. H(D.C) is defined as:

H(D.C) = —

Where ¢...,CD.C are part of previously extracted instances of
the relationship-type D.C. These instances whemaebed using
n keyword queries created from the attribute valnesh,/D.B

Definition 2 (Gain ratio): Let D.B be an attribute that is used to
generate keywords for retrieving additional pagesif the search
engine. Let b..h, be the distinct values of D.B. Following [28],
we define as Information Gain the increase in infation about

pages containinghe attribute D.C gained by the additional
knowledge about values of attribudeC:

[D.Cyl
IG(D.C,D.B) = H(D.C) — ID.C|

DbEDy...by,

Following [28], we normalize the information gaio et the
Gain ratio.

IG(D.C,D.B)

Gain ratio(D.C,D.B) =
H(D.B)

2.5 Completeness-based routing policy

Overview: To overcome the shortcomings of the Zig-Zag policy,
we propose a new greedy routing policy callemmpleteness
based routing policy (CBRPA CBRP returns any-k complete
result tuples.When a CBRP is chosen as routing policy, only
those result tuples which already achieved a highrek of
completeness are chosen for further processinge&an of these
result tuples, thdikelihood of retrieving a missing attribute is
estimated with thé&ain ratio and incorporated into the selection
decision. Finally, keyword queries are only getegtafor result
tuples thade factocan be completed. Thereby, fewer pages need
to be processed by relation extractors and theativeystem
throughput is significantly higher compared to tbata Zig-Zag
policy. We implement these requirements as follows:

Step 1: Avoid result tuples that cannot be complett A
keyword query may return irrelevant pages on whigtextractor
cannot spot a missing relation for a result tupiethat case, we
assume that the missing relation is either notlalvis on the Web
or cannot be captured by our system. Thereforelalel the
result tuple as incompletable and exclude it framduery routing
process. If a subsequent keyword query happensttionra Web
page from which a missing relation for the resuftlé in question
can be successfully extracted, we retract the labélinclude the
result tuple into the routing process again.

Step 2: Maximize completeness:if a result tuple already
achieved a high degree of completeness only a féssimg

attribute values have to be retrieved from the \WWebomplete it.
Therefore our routing policy prefers result tuplésat have
achieved a maximum degree of completeness. We edefisult

tuple completeness with respect to a qugs follows:

Definition 3 (Completeness): Consider a set of attributes,of a
query Q. Function fullness(a) returns 0 if attribui/ /A contains
a NULL-value (if no value has been extracted foradtmibute)
and otherwise returns 1. We define ‘completegiest a result
tuple t as the average fullness over all attributgf a query Q.

1
completnessy(t) = m Z fullness(a)

a€Ahq

If a result tuple t reaches a completenrgts1, the result tuple is
‘complete’, otherwise the result tuple is ‘incontple

Step 3: Maximize Gain ratio: Multiple incomplete result tuples
may achieve the same maximum degree of completefr@ss
these candidate result tuples the query processomerates
combinations of join attributes and relation extoeas. Then, the
query processor selects the combination which aekiethe
maximum Gain ratio to compute the next keyword gufar



retrieving a missing relation. The maximum gainoréd selected,
because it indicates the combination of a relagatractor and
join attribute that most likely returns a missimtation.

Step 4: Continuously update classifier:Each time new pages
are returned the query processor updates the @tin The query

processor takes existing result tuples as traimata and re-
computes the Gain ratio for all combinations ofhj@redicates

and relation extractors. Thé&ain ratio for a particular

combination of join attributes and relation exteastis high, when
the keyword queries computed from the join attebwalues

return pages from which a relation extractor casilgaextract

missing attribute values for a relation. Optimizithgs process is
subject for our future work.

3. EXPERIMENTAL EVALUATION
We designed a prototype system for discovering lkaopgmplete
tuples. In this Section we report our results.

3.1 Evaluation setup, queries and metrics

Benchmark queries: Currently no benchmark for discovering

any-k complete tuples from Web pages exists. Thesefve
conducted experiments on seven queries shown uré-iy

Our benchmark is tailored towards discovering angeknplete
tuples from search engines with a special focusmews Web
sites. We expect that Web users frequently vigs¢hpages to
discover previously unseen connections between anrep and
persons. Therefore our queries simulate the humaneps of
reading news pages, discovering initial result éapirom news
pages and complementing missing tuples from additipages.
Each query obtains 100 initial pages from varioes search
engines, such as cnn.com, ft.com, washingtonpaest.car

nytimes.com. We expect that news Web pages covbr an
fraction of the information that is published onethWeb.

Therefore, each query complements missing tuptes fhe index
of theYahoo search servid&5].

The benchmark queries utilize 11 relation extractaith 14
different attribute types from the extraction seevi
OpenCalais.com [16]. Queries vary in the numberraétion
extractors, the number of attributes and in joiedizates.

Measurements: Our goal is reducing the number of processed
pages. For each query we measure the average nuofiber

processed pages to retrieve a single completet riesaié (P/RT)
In addition, for each query we measure the numbeomplete

tuples (RT) for processing 5000 pages. We also measure the

proportion of the size of any tupldBuf) vs. complete result
tuples that answer the que@pRT/Buf) Finally, we compared the
speedup of each strategy to our base line.

Q-ID . QueryID

#J : Joins per query

#A : Distinct attributes per query

k . Expectedcompleteresult tuples per query (k=500)
RT : De facto returned complete result tuples per query
Buf : Numberof complete and incomplete tuples in buffer
%RT/Buf : Percentage of complete tuples in buffer

P/IQ : Processeg@ages per query

P/RT  : Processed pages per single complete result tuple

Speedup :P/RT (Baseline) / P/RT (competitor strategy)
Status :Query returned k result tuples with 5.000 pages?

Setup: We implemented routing policies (see Section 3) ted
keyword generation strategy from [24] for the jdased in-

Strategy [(Q-ID |#) | #A | k RT | Buf |%RT/Bufl P/Q |P/RT |Speedup|Status|
UK-RND | 2-06 | 1 | 5 [500| 500 (17593| 2,84 (3505| 7,0 1,00 ok
DK-RND | 2-06 | 1 | 5 |500( 535 |18049| 2,96 |3030| 5,7 1,24 ok

DK-COMB| 2-06 | 1 | 5 |500| 504 |10657| 4,73 |2790| 5,5 1,27 ok
UK-RND | 2-07 | 1 | 4 [500| 298 [17653| 1,69 (5000| 16,8 | 1,00 dnf
DK-RND | 2-07 | 1 | 4 |500| 474 |13355| 3,55 |5000(10,5| 1,59 dnf

DK-COMB| 2-07 | 1 | 4 |500| 531 | 4961 | 10,70 |2099| 4,0 4,24 ok
UK-RND | 3-01 | 2 | 5 [500| 276 [28995| 0,95 (5000| 18,1 1,00 dnf
DK-RND [ 3-01 | 2 | 5 |500( 729 |12139| 6,01 |2091| 2,9 6,29 ok

DK-COMB| 3-01 | 2 | 5 |500( 504 | 4380 | 11,51 | 651 | 1,3 | 13,98 ok
UK-RND | 3-08 | 2 | 7 [500| 97 | 7669 1,26 |5000(51,6| 1,00 dnf
DK-RND | 3-08 | 2 | 7 |500| 106 | 3854 2,75 |[5000| 47,2 1,09 dnf

DK-COMB| 3-08 | 2 | 7 |500| 544 | 2796 | 19,46 | 750 | 1,4 | 37,43 ok
UK-RND | 3-09 | 2 | 4 [500| 550 | 4323 | 12,72 (4919| 8,9 1,00 ok
DK-RND | 3-09 | 2 | 4 |500| 371 | 4407 | 8,42 |5003|13,5| 0,66 dnf

DK-COMB| 3-09 | 2 | 4 |500| 500 | 2716 | 18,41 |3549| 7,1 1,26 ok
UK-RND | 4-01 | 3 | 6 (500( 502 | 4331 | 11,59 (1859 3,7 1,00 ok
DK-RND | 4-01 | 3| 6 |500| 868 | 3116 | 27,86 |1914| 2,2 1,68 ok

DK-COMB| 4-01 | 3 | 6 |500| 532 | 1367 | 38,92 | 570 | 1,1 3,46 ok
UK-RND | 5-01 | 4 | 6 [500| 501 [43013| 1,16 |4856| 9,7 | 1,00 ok
DK-RND | 5-01 | 4 | 6 |500( 528 |39112| 1,35 |3234| 6,1 1,58 ok

DK-COMB| 5-01 | 4 | 6 |500(1242|23682| 5,24 | 657 | 0,5 | 18,32 ok

Figure 4: Results for different routing policies ard keyword strategies.

memory database HSQLDB [19]. Experiments are careduzn a
T61 laptop (Windows 7) with 4 GB of RAM and a caleo CPU
with 2.2 GHz. Each experiment is executed six tiraes the
average value is computed across experiments.

3.2 Evaluated strategies

The most interesting comparative experiments ane@med with
different keyword generation strategies and differeouting
policies for the same query.

UK-RND (Expert keywords, Zig-Zag policy): This strategyis
our baseline. The strategy utilizes Zig-Zag jois$ and user-
defined keywords (sefigure 9.

DK-RND (Generated Keywords, Zig-Zag policy):This strategy
also utilizes Zig-Zag Joins [5] and generated kegylsdrom [24]
(seeFigure § .

DK-COMB (Generated Keywords, CBRP): This strategy
implements theompleteness based routing polfogm Section 3
and utilizes generated keywords from [24].

Parameter: We set k=500 (minimal complete result tuple size)

and n=10 (top pages). The query execution is tatacheither, if
k is reached or if 5.000 pages are processed.

3.3 Evaluation results
Figure 4 shows our results from which we obtain the follogi
interesting observations.

DK-COMB is a clear winner: This strategy always returns any-k
complete result tuples for our queries. Contrathe Zig-Zag

policy is significantly less successful. Strategg-BND failed to

return at least k=500 tuples for two queries, 2a6@ 3-08. Worse,
strategy UK-RND even failed for three queries, 2-801 and 3-
08. These measurements show that generated keygandes
and a completeness based routing policy ensuréisaff result
tuples.

Drastic reduction of query time for DK-COMB: For filling

missing attribute values, our routing algorithmfpens the cycle
of querying the search engine and extracting nisselations.
This process can itself grow into a very time- amedource-
intensive process. Our experiments demonstratesttetegy DK-



COMB can drastically speed up this process. Fotaite,
strategy DK-COMB requires fewer pages per queipy and per

result tuple P/RT) than any other strategy. As a result, we observe 288 A - 2-07 DK-COMB
a speed up between our baseline UK-RND and straBigy E 500

COMB of more than an order of magnitude for que8ieXl, 3-08 — 400 A 4+ 207UKRND
and 5-01. o 300 4 _

DK-COMB is effective: The proportion of complete result tuples & 588 A: s W y 4 AA 4 A A

to all tuples in the buffer%RT/Buf is comparably high for & 0 4 A= G WA N LSS
strategy DK-COMB in contrast to other strategieshisT

measurement indicates that the query processodedactojoin 0 10 20 RT
extracted relations into result tuples. Strategi-COMB

processed only a single page to return a compksaltr tuple

(RT/P) for queries 3-01, 3-08, 4-01 and 5-01. Note, ome

queries, the size of completed result tuples) (exceeds k=500. RT -
This occurs when multiple tuples are returned frtm last 400 -
keyword query. Then the size of the full outer jaihreturned e
relations and result tuples in the buffer exceeds k 200 ———— 507 :L.J.K-RND
Generated keywords offer moderate speedupn most cases the 2-07 DK-COMB
generated keywords achieve the highest speedupifisgein — — — 2-07 DK-RND
Figure 4 Moreover, we observe the most efficient buffeages 0 T T 1
(%RT/Buf) for the generated keyword method. Ourleston 0 1000 2000 3000 4000 Pages

clearly shows the effectiveness of our keyword getien
strategy, because mostly the generated keywordsnréhe best
results. Hence, we use the generated keywords far t
completeness based routing pol{@BRP) strategy.

3.4 Continuously adapting parameters
Cold start scenario: In practice, the query processor may even pot yet reached a high degree of completeness. desut, this

Figure 5: Execution details for query 2-07 The first Figure show:
execution costs per complete rult tuple for obtaining the first 20 result
tuples. The second Figure shows the costs (in term$ extracted pages
for obtaining at least 500 complete result tuples

not have a trained classifier for estimating thénGatio for each
relation extractor and attribute type. In this céise database is
empty and no additional information about the vatigtribution
is available. We consider such a cold start scerasiworst case
for our query processor and investigate if the gyeocessor can
learn these parameters quickly.

DK-COMB adapts quickly: The first diagram irFigure 5shows
a snapshot after processing the first 20 resulesuistrategy DK-
COMB requires about 250 pages until the first resuple is
returned, which is slightly more than strategy UKHR

However, strategy DK-COMB collects statistics abotlite
completeness and value distribution of attribuggetyin existing
result tuples. The query processor benefits froim #uditional
information when obtaining the second result tu{@é pages).
For subsequent tuples we observe that the quergegsor
processes significantly fewer pages than for arherostrategy
because of the constantly improving distributicarteng.

The second diagram irigure Shows the proportion of complete

result tuplesRT) for up to 5000 processed pages for all strategies

From the first result tuple on, strategy DK-COMBogpesses
significantly fewer pages than strategy UK-RND. Ttrend

becomes even more apparent with the growing sizeoofplete
result tuples: After processing 2000 pages, DK-COKBIrns
more than 300 result tuples while UK-RND only retutess than
100 and DK-RND slightly more than 200 tuples. DK{@B

outperforms UK-RND after processing approximate §G@es
due to better estimations of information gain ratio

Zig-Zag policy is significantly less adaptive:Contrary, the Zig-
Zag policy in strategy UK-RND does neither utilizéormation
about the completeness of result tuples nor infdomabout the
attribute value distributions. Therefore, strategyK-RND

frequently generates a keyword query from a rdsiplie that has

keyword query is less likely to return missing \&duo complete
the tuple. Worse, the keyword query probably retumany
irrelevant pages from which the relation extraateturns new
incomplete result tuples. Therefore, the probapilthat a
randomly selected result tuple has a high degremwipleteness
actually decreases with each keyword query exectiteth

strategy UK-RND. Obviously illustrated by the lowffer usage
(%RT/Buf) of this method.

We conclude that strategy UK-RND (as proposed thas of
[5]) is ineffective, while strategy DK-COMB effeetly returns
missing tuples. Moreover, DK-COMB adapts quicklyancold-
start scenario, where no information about prongisijoin
predicates exist. Note, we observed a similar bhehdwer other
queries, whose details have been omitted due tbrtiited space.
Therefore DK-COMB is the preferred strategy forcdigering
any-k relations from Web search results with coofive queries.

3.5 Towards alternative quality indicators

In the result tuples, we were able to observe digibaracteristics
of ‘general’ Web content. For instance, we notitieat tuples in
results are redundant, contradicting and contaiv false
positives. Few preliminary operators have been gseg so far
that exploit this redundancy to cleanse complefdetsand to
remove false positives. For instance, authors pf30] envision
operators for fusing or for ranking tuples. Moregviestead of
returning complete result tuples, the query pramessay return
interesting relationg2]. For example, a good set of results for the
Entity “Einstein” might include a mix of biograplatfacts like
“Einstein was borrin Germany and other interesting facts like
“Einstein’s favoritecolor was blué On the other hand Einstein
turned 15 or “Einstein wrote the papeémight be less interesting
because thegxpress little useful information. Another metrg i
nearnes$13]. Relations are joined only into a result tuplehdyt



are extracted from the same page or same Webrsiteir future
work we will forward complete result tuples to thegperators
and will investigate their effect on the qualityrebult tuples.

4. RELATED WORK

We review related work on executing structured psencross
‘text databases’, quality-driven query planning &d analytics.

Queries for specific—k relations:In our previous work [24] we
focused on queries fatiscovering specific-k relationQueries of
that type execute a left outer join across a figjiven entities and
relations retrieved from Web pages. Contrary, aserfor
discoveringany-krelations execute a full outer join on previously
unseen relations that are discovered during quemscugion.
Therefore, different routing policies are requirEdr instance, the
routing policy must compute the degree of complesenor the
chance of retrieving a missing relation during guexecution and
must incorporate these statistics into query rgudecisions.

Binary joins across relations in ‘text databases’:Authors of

[3][41[5] propose strategies for executing SELECRMIECT-
JOIN queries across “text databases” By a “texalude” they
refer to a document collection that can be accessealigh a
(filtered) scan (for instance, the entire indexafWeb search
engine). In order to estimate an optimal join ofdetinary joins,
attribute value distributions (that typically follo a Zipf-

Relationship

Top-5 keywords
from domain experts

Top-5 keywords
after finishing query execution

Arrestment
(Person,Date)

arrested, jail, puts, arrest,
catched

arrested in, arrested on, arrested,
charged with, arrest of

Attribut
(Person,Born,Gender)

born, birth, years,
old, age

born in, born on, born at, native of,
raised in

Bankruptcy
(Company, Status, Date)

bankruptcy, insolcency,
applied insolvency,
bankrupt, may file for

filed for, emerged in, protection
in, declared, forced into

Career
(Person,Company, Position)

said, spoke, worked at, is
joining, left

became, board of, joined,
organized by, worked at

Conviction
(Person,Charge)

charges, conviction, sues,
accuses, ligitates

convicted of, sentenced to,
pleaded, conviction in

Education
(Person, Organization)

joining, left, student,
achieved, major

member of, served , joined, came
to, lead

Employees
(Company, EmployeeSize)

employees, employees in

employs over, employs around,
employs, employs about

HQ
(Company, Location)

located, headquarter,
based, founded,

based in, company of,
headquarters in, offices in, located

Product
(Company,Product)

demanded, financed,
launched, is introducing,
family of products

introduced, launched, to
manufacture, creator of, to sell

Recommendation
(Analyst,Company, Trend,Date)

downgrades, upgrades,
recommends, buy, hold

rating on, downgraded by, buy
from, raised, upped

Travel
(Person,Location)

visits, travels, travel
schedule, trip, went

went to, traveled to, returned to,
trip to, flew to

Figure 6: As most competitive ‘opponent’ for our keyword gneration
strategy we considera human that is aware with technical limitation:s
of relation extraction techniques. To simulate this hman opponent
two experienced engineers studied the ‘mechanics’ of texction

distribution) are estimated from a sample of documents from the systems Textrunne [10] and DIAL[21] and observed words fron

“text database” [11]. Downloading large samplesunezs random
access to all pages of a Web search engine. Howeueuery
processor has only sequential, keyword-based actesan
ordered list of pages. This list may even changa time for the
same keyword query. Consequently, each keywordyqe&urns a
single “text database”. Estimating statistics facte keyword
query is not possible in practice. Therefore weppse routing
policies that can adaptively generate multiple kestvqueries
and select a query plan on a per-tuple-base. Ih siatistics
cannot be computed in practice, authors suggesEZdigjoins [5]
across binary relations. Our experiments demorestrett Zig-Zag
joins process up to an order of magnitude more page result
tuple than other routing policies.

Automatic keyword query generation. A query processor requires
discriminative keywords that likely return relevgrdges from a
Web search engine. In [24] we obtained such keysvandan
adaptive, iterative fashion. We observe syntactid dexical
features from sentences in which an extractor etddaa tuple.
Based on these features we trained a classifieywKels are
updated when new pages are returned from the sesigime.
Therefore, generated keywords match the languagagés that
are discovered during query execution. A similarthod is
presented by the authors of [8]. However, this oethequires
intensive domain specific training of the classifieior executing
a query as well as expert domain knowledge to geeea set of
seed tuples.

Unfortunately, we do not have full access to doausie
Therefore that approach is not practicable for seiting. Worse,
the set of keywords is fixed and does not adapete documents
that the query processor discovered during quergcugion.

Authors of [18] extract candidate keywords from miagful

attribute names and predicate values from a stregtquery. We
do not expect meaningful attribute names in a &ired query.
Rather we trust that Web page authors have alrdadgloped a

common news site for expressing relation Based on this knowledg
we manually crafted the best possible keywords. In addition, & show
keywordsthat our system [24]generated during query execution.

small set of common words and grammatical strusttoeexpress
important relationships in natural language.

Query planning and query processingAmong the large amount
of literature, feedback loops for learning corregrdinality
estimates [1] are most relevant for us. Howevegs¢hstrategies
assume full access to structured data in an RDBM&mpute a
query plan. Branch and bound based query planriggritams
have been designed for integrating a small setaticsdatabases
[6]. In our scenario we are confronted with a sheadless
number of volatile data sources and may discover seurces
during query processing. Instead of computing glsiplan we
update statistics during query execution and rogteries
adaptively along multiple plans [14]. Top-k queryogessing
approaches [29] merge ranking lists from differsgdirch engines.
Unfortunately, the ranking of a Web search engimesdnot
reflect the existence of a missing tuple. Insteee select missing
tuples that can be likely retrieved with a keywqrery.

Information extraction and text analytics: The CIMPLE [7]

project describes an information extraction plathven abstract,
predicate-based rule language. More recently, apgarmation

extraction techniques generalize relationships wélationship-
independent lexico-syntactic patterns [10]. We asthat these
systems and the extraction mechanics are ‘blackdsidar a Web
searcher. Therefore we observe common patterns édracted
relations that likely reflect the internal mechaniof a relation
extractor. We use these patterns for generating/de/ queries.

‘Semantic search’ and ‘linked data’: Neither current Web
search engines nor Business intelligence applicatare able to
answer queries for any-k complete tuples. As afpoba@oncept
we designed the semantic search engine www.GoOhf&P[27].

The search engine discovers any-k tuples from neages and
blogs to populate its database. Another importaahario is the



enrichment of ‘linked data’ [26]. Linked data se®s$, such as

Freebase[25], rely on community efforts to submit relatgon
However, these services may only return relatiohat tare
‘extracted’ by community editors. Queries for anytples can
automatically discover complementary tuples foreBiase.

5. SUMMARY

We proposed a novel query processor for systenfigtica
resultsth wi

discovering any-k tuples from Web search
conjunctive queries. Because of the nature of datahe Web,
relation extractors may return incomplete tupleker€fore, we
present a solid theoretical model and powerful,ptida query
planning techniques to iteratively complete thesples. Our
experiments demonstrate that our query processturnge
complete result tuples and processes very few Vdgbgonly.

In our future work we will incorporate data cleamsi[9] and
tuple ranking techniques [2] into query procesdimgnsure not
only complete, but also informative and concisellteiples. To
allow a broad user community executing structureerigs on
Web search engines, we will publish our impleméatafor the
in-memory database HSQLDB [19].

ACKNOWLEDGEMENT

The research leading to these results has recéiveting from
the European Union’s Seventh
(FP7/2007-2013) under grant agreement n° FP7-IQ0B-X

257859, ‘Risk and Opportunity management of hugeesc

BUSiness community cooperation’ (ROBUST).

6. REFERENCES

[1] Markl V., Raman V., Simmen D.E., Lohman G.M., Pash
M.: Robust Query Processing through Progressive
Optimization. SIGMOD Conference 2004: 659-670

[2] Kasneci G., Ramanath M, Suchanek F.M., Weikum Ge T

YAGO-NAGA approach to knowledge discovery. SIGMOD

Row 37(4): 41-47 (2008)

[3] Jain, A., Doan, A., and Gravano, L. 2008. Optimig8QL
Queries over Text Databases. ICDE. IEEE Computer
Society, Washington, DC, 636-645.

[4] Jain, A. and Srivastava, D. 2009. Exploring a Fevo&
Tuples from Text Databases. ICDE. IEEE Computeiepc
Washington, DC, 616-627.

[5] Jain, A., Ipeiratis, P. G., Doan, A., and Gravan®009.
Join Optimization of Information Extraction OutpQ@uality
Matters! ICDE. IEEE Computer Society, Washingto.D

[6] Naumann, F., 2002. Quality-Driven Query Answeriag f
Integrated Information Systems. Springer

[7]1 Shen, W., DeRose, P., McCann, R., Doan, A., and
Ramakrishnan, R. 2008. Toward best-effort inforprati
extraction. SIGMOD '08. ACM, New York, NY, 1031-124

[8] Adgichtein, E. and Gravano, L. 2003. QXtract: a tinig
block for efficient information extraction from Wedage
collections. SIGMOD '03. ACM, New York, NY, 663-663

[9] Galhardas, H., Florescu, D., Shasha, D., Simoraritl Saita,
C. 2001. Declarative Data Cleaning: Language, Maated
Algorithms. Very Large Data Bases. Morgan Kaufmann
Publishers, Rome, CA, 371-380.

Framework Programme

[10] Etzioni, O., Banko M., Soderland S., Weld, D.S.e®p
information extraction from the Web. Commun. ACM
51(12): 68-74 (2008)

[11] Ipeirotis, P. G., Agichtein, E., Jain, P., and Grraw, L. 2006.
To search or to crawl?: towards a query optiminetéxt-
centric tasks. SIGMOD '06. ACM, New York, NY

[12] Xin Dong, Alon Y. Halevy, Jayant Madhavan: Referenc
Reconciliation in Complex Information Spaces. SIGBIO
Conference 2005: 85-96

[13] Léser, A, Lutter S., Dussel, P, Markl V. 2009. Adeh
Queries over Web page Collections — a Case StutRTB
Workshop at VLDB 2009.

[14] Avnur R., Hellerstein J.M.: Eddies: Continuouslyajdive
Query Processing SIGMOD Conference 2000: 261-272

[15] YahooBoss service. http://developer.yahoo.com/bdanss
(Last visited 01/03/10)

[16] OpenCalais.http://www.opencalais.com (Last visited
01/01/11)

[17] Levy A., Mendelzon A.O., Sagiv Y., Srivastava D.:
Answering Queries Using Views. PODS 1995: 95-104

[18] Liu J., Dong X., Halevy A.Y.: Answering Structur€leries
on Unstructured Data. WebDB 2006

[19] HSQLDB. http://hsqldb.org/ (Last visited 01/01/11)

[20] Fung G., Yu, J., Lu, H.: Discriminative Category tetang:
Efficient Text Classification for Huge Document @attions.
ICDM 2002: 187-194

[21] Feldman R., Regev Y., Gorodetsky M.: A modular
information extraction system. Intell. Data Ana2(1): 51-
71 (2008)

[22] Loser, A, Hiske F., Markl V. Situational Business
Intelligence. BIRTE Workshop at VLDB 2008

[23] Loser, A. Beyond Search: Web-Scale Business Armalyti
WISE 2009: 5

[24] Léser, A., Nagel, C., Pieper, S. Augmenting TablgSelf-
Supervised Web search. BIRTE Workshop at VLDB 2010

[25] Freebasenww.freebase.corflLast visited 01/01/11)

[26] Bizer C., Heath T., Berners-Lee T.: Linked DateheTStory
So Far. Int. J. Semantic Web Inf. Syst. 5(3): 1-2209)

[27] Goolap.info. www.goolap.info (Last visited 01/01)1
[28] Mitchell T. Machine Learning. McGraw-Hill, 1997

[29] llyas 1., Beskales G., and Soliman M.A.: A survéyap-k
guery processing techniques in relational databgstems.
ACM Comput. Surv. 40(4): (2008)

[30] Jain A, Pantel P.: FactRank: Random Walks on a @eb
Facts. COLING- 2010

[31] Boden C., Hafele T., Léser A.: Classification Aligloms for
Relation Prediction. DalLi Workshop at ICDE 2011
(forthcoming)



