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Part One: Introduction

Open-domain information extraction
Instances, concepts, relations
Impact on Web search

Unweaving the World Wide Web of Facts

The Web is a repository of implicitly-encoded human knowledge
- some text fragments contain easier-to-extract knowledge

More knowledge leads to better answers

- acquire facts from a fraction of the knowledge on the Web

- exploit available facts during search

Open-domain information extraction

- extract knowledge (facts, relations) applicable to a wide range,
rather than closed, pre-defined set of domains (e.g., medical,
financial etc.)

- no need to specify set of concepts and relations of interest in
advance

- rely on as little manually-created input data as possible




Instances, Concepts and Relations

A concept (class) is a placeholder for a set of instances
(objects) that share similar properties
- set of instances
+ {matrix, kill bill, ice age, pulp fiction, inception, cidade de deus,...}
- class label
+ movies, films
- definition
+ a series of pictures projected on a screen in rapid succession with
objects shown in successive positions slightly changed so as to produce

the optical effect of a continuous picture in which the objects move
(Merriam Webster)

+ a form of entertainment that enacts a story by sound and a sequence of
images giving the illusion of continuous movement (WordNet)

Instances, Concepts and Relations

Relations are assertions linking two (binary relation) or more (n-
ary relation) concepts or instances

- actors-act in-movies; cities-capital of-countries

Facts are instantiations of relations, linking two or more
instances

- leonardo dicaprio-act in-inception; cairo-capital of-egypt
Attributes correspond to facts capturing quantifiable
properties of a concept or an instance

- actors --> awards, birth date, height

- movies --> producer, release date, budget

Terminology
- concept vs. class: used interchangeably
- instance vs. entity: used interchangeably
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Usefulness in Information Retrieval

Open-domain knowledge resources
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Part Two: Knowledge Resources

Human-compiled knowledge resources
- resources created by experts
- resources created collaboratively by non-experts




Expert Resources

WordNet

- [Fel98]: C. Fellbaum. WordNet: An Electronic Lexical Database. MIT Press
1998.

- lexical database of English created by experts
- wide-coverage of upper-level conceptual hierarchies
- replicated or extended to other languages

- [Len95]: D. Lenat. CYC: A Large-Scale Investment in Knowledge
Infrastructure. Communications of the ACM 1995.

- knowledge repository of common-sense knowledge created by experts over
100+ person-years

- terms and assertions capturing ground assertions and (inference) rules

Collaborative, Non-Expert Resources

Wikipedia
- [RemO2]: M. Remy. Wikci)pedia: The Free Encyclopedia. Journal of Online
Information Review 2002.
- free online encyclopedia developed collaboratively by Web volunteers

- amon% top 20 most pogular Web sites (according to comScore: Top 50 US
Web Properties, Aug 2009)

DBpedia
- [BLK+09]C. Bizer, J. Lehmann, 6. Kobilarov, S. Auer et al. DBpedia - A
Crystallization Point for the Web of Data. Journal of Web Semantics 2009.
- community effort to convert Wikipedia articles into structured data
- manually-created ontology, maﬁpings from subset of Wikipedia infoboxes
to ontology, mappings from Wikipedia articles to WordNet concepts
Freebase

- [BEP+08]: K. Bollacker, C. Evans, P. Paritosh et al. Freebase: A Collaboratively
Created Graph Database for Structuring Human Knowledge. SIGMOD-08.

- reposifory for storing structured data from Wikipedia and other sources, as
well as from user contributions

- collaboratively created, structured and maintained




Collaborative, Non-Expert Resources

+  Open Mind
- [SLM+02]: P. Singh, T.Lin, E. Mueller, 6. Lim, T. Perkins and W. Zhu. Open
Mind Common Sense: Knowledge Acquisition from the General Public. Lecture
Notes In Computer Science 2002.
- collect common-sense knowledge from non-expert Web users
- unlike Cyc, collect and represent knowledge in natural language rather than
through formal assertions
+  ConceptNet
- [LSO04]: H. Liu and P. Singh. ConceptNet - a Practical Commonsense Reasoning
Tool-Kit. BT Technology Journal 2004.

- introduced as a successor to Open Mind, as a semantic network encoding
common-sense knowledge represented through lexical concepts and labeled
relations

- knowledge sources include Open Mind, Wikipedia (via DBpedia), WordNet

Wikipedia
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DBpedia, Freebase

Wikipedia infobox

Surpassed by Petronas Twin Towers
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233 S. Wacker Drive
Chicago, llinois 60606
BES United States

Office, cbservation, communication
Height

AntennalSpire 1,730 feet (527 m)
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Wikipedia infobox source code

{{Infobox Skyscraper
Ibuilding_name=Willis Tower
[Image:Sears Tower ss.jpg|center|256px]]

| image=[
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<Sears_Tower, construction_period, 1970-1973>

Companies

Skidmore, Owings and Merril

DBpedia entries

Quantitative Comparison of
Human-Compiled Resources

Wikipedia
- 3.5+ million articles in English
- articles also available in 200+ other languages
DBpedia
- 2.5+ million instances, 250+ million relations
Freebase
- 20+ million instances, 300+ million relations
Cyc
- ResearchCyc: 300,000+ concepts and 3+ million assertions
- OpenCyc 2.0: add mappings from Cyc concepts to Wikipedia articles
Open Mind
- 800,000+ facts in English
- facts also available in other languages
ConceptNet
- 1.5+ million assertions in multiple languages
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Part Three: Extracted Knowledge

Methods for extraction of:
concepts and instances as:
- flat sets of unlabeled instances
- flat sets of labeled instances, associating instances with class labels
- conceptual hierarchies
relations and attributes over:
- flat concepts
- conceptual hierarchies




Instances Within Unlabeled Concepts
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Instances Within Unlabeled Concepts

EP3TL93]: F.Pereira, N. Tishby and L. Lee. Distributional Clustering of English Words. ACL-

- extract clusters of distributionally similar words from text documents
[LPO2]: D. Lin and P. Pantel. Concept Discovery from Text. COLING-02.
- extract clusters of distributionally similar phrases from text documents
[PasO7]: M. P(lﬁm' Weakly-Supervised Discovery of Named Entities using Web Search
Queries. CIKM-07.
- expand sets of instances using Web search queries
%\Q/DCB\B(%R. Wang and W. Cohen. Iterative Set Expansion of Named Entities using the Web.
- expand sets of instances using Web documents via search engines
[VPO9]: V. Vyas and P. Pantel: Semi-Automatic Entity Set Refinement. NAACL-09.

- improve expansion of sets of instances using Web documents, by providing as input a small set of
negative examples (i.e., extractions that would be incorrect)

[PPO9]: M. Pennacchiotti and P. Pantel. Entity Extraction via Ensemble Semantics. EMNLP-09.
- expand sets of instances using multiple sources of text
[LWO9]: D. Lin and X. Wu. Phrase Clustering for Discriminative Learning. ACL-IJCNLP-09.
- extract clusters of distributionally similar phrases from Web documents
[JP10]: A. Jain and P. Pantel. Open Entity Extraction from Web Search Query Logs.
COLING-10.
- extract clusters of distributionally similar phrases from Web search queries and click-through data
ESZ\/+10]: S. Shi, H. Zhang, X. Yuan and J. Wen. Corpus-Based Semantic Class Mining:
istributional vs. Pattern-Based Approaches. COLING-10.

- compare and select between extraction patterns and distributional similarities, in the task of
expanding sets of instances

[HX11]: Y. He and D. Xin. Seisa: Set Expansion by Iterative Similarity Aggregation WWW-11.

- expand sets of instances using Web documents and queries




Instances Within Unlabeled Concepts

[JP10]: A. Jain and P. Pantel. Open Entity Extraction from Web Search
Query Logs. COLING-10.

Extraction from Queries

+ Data sources

- anonymized search queries along with frequencies and click-through data
(clicked search results)

- Web documents
* Output
- clusters of similar instances

+ e.g., {basic algebra, numerical analysis, discrete math, lattice theory, nonlinear
physics, ...}, {aaa insurance, roadside assistance, personal liability insurance,
international driving permits, ...}

+ Steps
- collect set of candidate instances from queries
- cluster instances using context in queries or click-through data or both




Similarity in Documents vs. Queries

Contextual space of Web documents

- aninstance is represented by the contexts in which it appears in text
documents

- instances are modeled "objectively”, according to descriptions of the world

Contextual space of Web search queries
- aninstance is represented by the contexts in which it appears in a search
queries
- ins'rlc;nces are modeled "subjectively”, according to users' perception of the
wor

britney spears galapagos islands britney spears alapagos islands

south america cruis

bruce springsteen tasmania | | | serenawilliams : .
Other singers Other regions | | |Other celebrities Other island travel topics
- . guinea auai snorkelin

Contextual space of Web documents |  Contextual space of Web search queries

Extraction of Instances

+ Identify candidate instances

- intuition: in queries composed by copying fragments from Web documents
and pasting them into queries, capitalization of instances is preserved

- from 11uer‘ies containing capitalization, extract contiguous sequences of

capitalized tokens as instances

Queries  Candidate Instances
Britney Spears new song --> Britney Spears
travel to Italy Roma --> Italy Roma

restaurant Cascal in Mountain View --> Cascal, Mountain View

+ Retain set of best candidate instances
- first criterion: promote candidate instances whose capitalization is frequent
in Web documents

— - second criterion: promote candidate instances that occur as full-length
queries

v (E)] B Q==EF
Z;EO(E) v (%) sa(B) = |queries that contain E

row(l) =

- retain set of candidate instances that score highly (above some thresholds) ]

according to both criteria
(Courtesy A. Jain) rw(B) 2 e and sq(E) 2 75




Clustering of Instances

Induce unlabeled classes of instances, by clustering instances using
features collected from queries
- as an alternative to collecting features from unstructured text in documents
- for efficiency, no attempt to parse the queries
Context features
- vector of elements corresponding to contexts, where a context is the prefix
and postfix around the instance, from queries containing the instance
Click-through features
- vector of elements corresponding to documents, where a document is one
that is clicked by a user submitting the instance as a full-length query
Hybrid features
- normalized combination of context and click-through vectors

Impact of Clustering Features

Given an instance, manually

judge each co-clustered Method. . Precision

instance:
- “If you were interestedin CL-Web 0.73
instance I, would you also CL-CTX 0.46
I;)e unTgresTed,lln instance Ic CL-CLK 0.81
in any intent?
- also, annotate with type of CL-HYB 0.85
relation between instance
. andfco—clusTe.r‘ed instance Relation Method
ompurte precision, over d Type CL-Web CL-CTX CL-CLK CL-HYB

set of evaluation instances

- CL-CTX: context topic 0.27 0.46 0.46 0.40
- CL-CLK: click-through sibling 0.72 0.43 0.29 0.32
- CL-HYB: hybrid parent - 0.09 0.13 0.09
- CL-Web: context collected p _
from Web documents child 0.01 0.01 0.02
rather than queries synonym 0.01 0.03 0.12 0.16




Next Topic

Methods for extraction of:

concepts and instances as:
- flat sets of unlabeled instances

- flat sets of labeled instances, associating instances with class labels

- conceptual hierarchies
relations and attributes over:
- flat concepts

- conceptual hierarchies

Instances Within Labeled Concepts
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Instances Within Labeled Concepts

g—ziea92]: M. Hearst. Automatic Acquisition of Hyponyms from Large Text Corpora. COLING-

- extract IsA pairs (i.e., pairs of an instance and a class label) from text documents using a set of
lexico-syntactic patterns

[RJ99]: E. Riloff and R. Jones. Learning Dictionaries for Information Extraction by Multi-
evel Bootstrapping. AAAI-99.

- exrand set of IsA pairs by iteratively identifying extraction patterns and conservatively growing the
set of IsA pairs by a small number of new IsA pairs

Ril:g‘é{ %4Panfe| and D. Ravichandran. Automatically Labeling Semantic Classes. HLT-

- assign class labels to pre-extracted sets of instances
LSJNOS]: R. Snow, D. Jurafsky and A. Ng. Learning syntactic patterns for automatic
ypernym discovery. NIPS-05.
- learn extraction patterns for extracting IsA pairs from text documents
[ECD+05]: O. Etzioni, M. Cafarella, D. Downey, A. Popescu, T. Shaked, S. Soderland, D, Weld
and A. Yates. Unsupervised Named-Entity Extraction from the Web: an Experimental Study.
Journal of Artificial Intelligence 2005.
- instantiate generic rule templates to extract instances within various concepts via search engines
TBL+06;: P. Talukdar, T. Brants, M. Liberman and F. Pereira. A Context Pattern Induction
ethod for Named Entity Extraction. CoNLL-06.

- expand set of IsA pairs from text documents, by exploiting pairs extracted for other classes as
negative examples to improve the quality of the induced patferns and extracted IsA pairs

Instances Within Labeled Concepts

LI{(RHOB]: Z. Kozareva, E. Riloff and E. Hovy. Semantic Class Learning from the Web with
yponym Pattern Linkage Graphs. ACL-08.
- expand set of instances and associated class label (also given as input) from Web documents via
search engines
[PVO8]: M. Pasca and B. Van Durme. Weakly-Supervised Acquisition of Open-Domain Classes
and Class Attributes from Web Documents and Query Logs. ACL-08.
- extract labeled sets of instances from Web documents, by merging clusters of distributionally similar
phrases with IsA pairs extracted with lexico-syntactic patterns
[YTK+09]: I. Yamada, K. Torisawa, J. Kazama, K. Kuroda, M. Murata, S. De Saeger, F. Bond
and A. Sumida. Hypernym Discovery Based on Distributional Similarity and Hierarchical
Structures. ACL-IJCNLP-09.
- extract IsA pairs from Web documents, by using lexico-syntactic patterns and distributional
similarities, and attach extracted pairs to Wikipedia categories
[WCO9A: R. Wang and W. Cohen. Automatic Set Instance Extraction using the Web. ACL-
LJICNLP-09.
- extract instances of given class labels, from Web documents via search engines
[TP10]: P. Talukdar and F. Pereira. Experiments in Graph-Based Semi-Supervised Learning
Methods for Class-Instance Acquisition. ACL-10.
- extract IsA pairs from manually-created or automatically-extracted repositories, via graph
propagation, by incorporating structured data derived from Wikipedia
LSHLIO]: S. Singh, D. Hillard and C. Leggetter. Minimally-Supervised Extraction of Entities
rom Text Advertisements. ACL-10.
- extract instances within around 30 class labels, from corpus of Web sponsored ads




Instances Within Labeled Concepts

LZSL+11] F. ZhaHg. S. Shi, J. Liu, S. Sun and C. Lin: Nonlinear Evidence Fusion and
ropagation for Hyponymy Relation Mining. ACL-11.
- extfract IsA pairs from Web documents, by using lexico-syntactic patterns then propagating class
labels among similar instances
BVCCIZJ B. Dalvi, W. Cohen and J. Callan. WebSefs: ExTr‘achg Sets of Entities from the
eb Using Unsupervised Information Extraction. WSDM-12.
- extract labeled sets of instances from Web documents, by using lexico-syntactic patterns and
clusters of instances from Web tables
[PL14]: P. Pasupat and P. Liang. Zero-shot Entity Extraction from Web Pages. ACL-14.
- given aclass label, extract set of instances of the class from Web documents
[WCH+15]: C. Wang, K. Chakrabarti, Y. He, K Ganjam, Z. Chen and P. Bernstein. Expansion of
Tall Concepts Using Web Tables. WWW-15

ngen a class label and a small set of seed msTances extract larger set of instances of the class from
eb tables

Instances Within Labeled Concepts

+ [TP10]: P. Talukdar and F. Pereira. Experiments in Graph-Based Semi-
Supervised Learning Methods for Class-Instance Acquisition. ACL-10.




Graph-Based Assignment of Class Labels

Set of three instances Edge weight
(e.g., from same table /
column)

musician 1.0

0.82

et

musician 1.0 \

billy joel
Set of two instances musician 1.0 Seed label

(e.g., produced by IsA
patterns over text) Predicted label

(Courtesy P. Talukdar)

johnny cash
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0.73
0.75 musician 1.0

Graph-Based Assignment of Class Labels

|(New|y) predicted label |

bob dylan

ITETEERT (iter 2)

(iter 0)
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johnny cash

musician 1.0 JGCIAV)

(iter 0) (iter 0)

musician 1.0

billy joel

UICEURN (iter 0)




Incorporating Semantic Constraints

bob dylan |

has attrlbute

\ albums

johnny cash [~

Structured data derived
from Wikipedia

billy joel

Extracted Class Labels

Input data = graphs derived from existing sources

Evaluate lists of class labels assigned to instances: mean
reciprocal rank of gold class labels

Freebase-2 Graph, 192 WordNet Classes

. 039
Source  Derived Graph
B P-ZGL |l Adsorption MAD

Vertices Edges ¢z
Freebase-1 32k 957K Eo
Freebase-2 301K 2310k &
TextRunner 175k 529k § "
Yago 142k 777K &
TextRunner+Yago 237K 1307k § ™
s . . = N 025
(LP-ZGL, Adsorption = earlier methods) toax2 192x 10

Amount of Supervision

(Courtesy P. Talukdar)
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Methods for extraction of:
+ concepts and instances as:
- flat sets of unlabeled instances
- flat sets of labeled instances, associating instances with class labels
- conceptual hierarchies
+ relations and attributes over:
- flat concepts
- conceptual hierarchies

Conceptual Hierarchies

[Wid03]: D. Widdows. Unsupervised Methods for Developing Taxonomies by Combining
Syntactic and Statistical Information. HLT-NAACL-03.
- insert new phrases into an existing hierarchy
EJNOé]: R. Snow, D. Jurafsky and A. Ng. Semantic Taxonomy Induction from
eterogeneous Evidence. ACL-06.
- extend WordNet with IsA pairs extracted from text
5P7507]: S. Ponzetto and M. Strube. Deriving a Large Scale Taxonomy from Wikipedia. AAAI-

- apply filters to network of Wikipedia categories to extract hierarchy of categories
[YCO9]: H. Yang and J. Callan. A Metric-Based Framework for Automatic Taxonomy
Induction. ACL-TJCNLP-09.
- incrementally cluster set of phrases into an hierarchy, using co-occurrence, syntactic dependencies
and lexico-syntactic patterns
[PNO9]: S. Ponzetto and R. Navigli. Large-Scale Taxonomy Mapping for Restructuring and
Integrating Wikipedia. IJCAI-09.
- map Wikipedia categories to WordNet synsets, and use mappings to restructure the hierarchy
generated in [PS 7]q
[KH10]: Z. Kozareva and E. Hovy. A Semi-Supervised Method to Learn and Construct
Taxonomies Using the Web. ERNLP—IO.
- or‘ga?iie concepts extracted from Web documents via search engines, into hierarchies created from
scratc




Conceptual Hierarchies

[FVP+14]: T. Flati, D. Vannella, T. Pasini and R. Navigli. Two Is Bigger (and Better) Than One:
the Wikipedia Bitaxonomy Project. ACL-14.
- from network of Wikipedia articles and Wikipedia categories, extract hierarchy of articles and
categories
[SSF+15]: Y. Sun, A. Si %la, D. Fox and A. Krause. Building Hierarchies of Concepts via
Crowdsourcing. IJCAI-15.

- automatically generate informative questions to ask users, such that their answers serve in
incrementally constructing and refining conceptual hierarchies

Conceptual Hierarchies

[KH10]: Z. Kozareva and E. Hovy. A Semi-Supervised Method to Learn
and Construct Taxonomies Using the Web. EMNLP-10.




Constructing Hierarchies from Text

* Input
- root concept of target hierarchy, specified as one seed instance
+ e.g., lions for animals, cucumbers for plants, cars for vehicles
+ Data source
- Web documents accessed via general-purpose Web search engine
Output
- hierarchy of concepts under the root concept
+ Steps
- fill in doubly-anchored extraction patterns “C such as I and *“, ** such as T
and J", from already-known edges of hierarchy
+ e.g., from edge <lion, animals>, create pattern “animals such as lion and *"
+ once tiger has been extracted above, create pattern "* such as lion and tiger”
- convert patterns into queries to Web search engine, fetch Web documents
- extract potential edges to be added to hierarchy
- repeat until no additional edges can be found
- organize extracted edges into a consistent hierarchy

Organizing Potential Edges into Hierarchy

+  For each potential edge, determine which concept is more specific

- from counts of search results returned for patterns “C such as I, “C
including I" choose between chordates IsA vertebrates, vs. vertebrates IsA
chordates

+ Eliminate edges that can be inferred from other edges via transitivity
- eliminate edge cycles
- retain longest paths along edges, between root and each extracted concept

/Roof concept Extracted with ** suchas I and J"
animal
animal animal
verlebrates chordates
felines camivores 3 mammals herbivores chordates

-7
i D
< - ,‘, 5

.
PN -t
RN
i o \
YN / m . dog}
1

r“' Iephant ’3 4

lion "
\
\ “"“/ donkey
M A

puma cheetah

— vertebrates

mammals

felines

Extracted with "C such as I and *"

|LongesT path from “animal” to "lion"




Extracted Hierarchy

* Input data = Web documents via search engine

- Evaluate (relative to WordNet) hierarchies extracted under
various roots

Concept: Plants G a,..m;i\
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Next Topic

Methods for extraction of:
+ concepts and instances as:
- flat sets of unlabeled instances
- flat sets of labeled instances, associating instances with class labels
- conceptual hierarchies
+ relations and attributes over:
- flat concepts
- conceptual hierarchies




Attributes and Relations
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Attributes and Relations
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Relations over Flat Concepts

EAPO4]: A. Almuhareb and M. Poesio. Attribute-Based and Value-Based Clustering: an
valuation. EMNLP-04.

- examine the role of attributes vs. values in acquiring concept descriptions via search engines
EP&%?} GSPopescu and O. Etzioni. Extracting Product Features and Opinions from Reviews.

- use product features (including attributes) found in text, to extract and rank opinions about products
gTKTO5]: K. Tokunaga, J. Kazama and K. Torisawa. Automatic Discovery of Attribute Words

rom Web Documents. IJCNLP-05.

- apply small set of patterns to extract attributes from unstructured text in a small Web collection
[CDS+05]: M. Cafarella, D. Downey, S. Soderland and O. Etzioni. KnowItNow: Fast, Scalable
Informafion Extraction from the Web. HLT-EMNLP-05.

- extract open-ended facts, without specifying the concepts or relations of interest in advance
ESSO(:]: Y. Shinyama and S. Sekine: Preemptive Information Extraction using Unrestricted

elation Discovery. HLT-NAACL-06.

- extract clusters of relations from parsed text, without specifying relations of interest in advance
[PPO6]: P. Pantel and M. Pennacchiotti. Espresso: Leveraging Generic Patterns for
Automatically Harvesting Semantic Relations. ACL-06.

- expand seed set of relations from text documents via iteratively induced extraction patterns
[WWO7]: F. Wu and D. Weld. Autonomously Semantifying Wikipedia. CIKM-07.

- extend Wikipedia infoboxes with attributes and values inferred from text
[YTO7]: N. Yoshinaga and K. Torisawa. Open-Domain Attribute-Value Acquisition from Semi-
Structured Texts. Workshop on Ontolex-07.

- extract attributes and associated values from semi-structured text via search engines

Relations over Flat Concepts

[BMO7]: R. Bunescu and R. Mooney. Learning to Extract Relations from the Web using
Minimal Supervision. ACL-07.

- exploit small sets of positive and negative seeds, to extract relations from text via search engines
[PGK+Q7]: K. Probst, R. Ghani, M. Krema and A. Fano. Semi-Supervised Learning of Attribute-
Value Pairs from Product Descriptions. IJCAI-07.

- extract attributes and associated values of products
EPVGO7]: M. Pasca, B. Van Durme and N. Garera. The Role of Documents vs. Queries in

xtracting Class Attributes from Text. CIKM-07.

- apply patterns to extract attributes from unstructured text within documents vs. queries
[BCS+07]: M. Banko, M. Cafarella, S. Soderland, M. Broadhead and O. Etzioni. Open
Information Extraction from the Web. IJCAI-07.

- extract relations in a single pass over collection of Web documents, without any manual input
LF{’asO7]: M. Pasca. Organizingzl and Searching the World Wide Web of Facts - Step Two:

arnessing the Wisdom of the Crowds. WWW-07.

- expand sets of seed attributes using queries

DRKO7]: D. Davidov, A. Rappoport and M. Koppel. Fully Unsupervised Discovery of Concept-
[Specific] Relationships by vvébpMining. ACL—OP; Y P v P

- extract relevant relations for given concepts, from unstructured text via search engines
[VQSO08]: B. Van Durme, T. Qian and L. Schubert. Class-Driven Attribute Extraction.
COLING-08.

- extract attributes via more complex representations of parsed text
[CHWO8]: M. Cafarella, A. Halevy and Z. Wang. WebTables: Exploring the Power of Tables
on the Web. VLDB-08.

- identify and exploit high-quality relational data available in tables




Relations over Flat Concepts

BEO8] M. Banko and O. Etzioni. The Tradeoffs Between Open and Traditional Relation
xtraction. ACL-08.
- investigate the mapping of open-ended relations into relation-independent lexico-syntactic patterns
F\IWLWOB] T. Wong, W. Lam and T. Wong. An Unsugervnsed Framework for Extracting and
ormalizing Product Attributes from Multiple Web Sites. SIGIR-08.
- extract attributes of products from semi-structured text within Web documents
[NSO08]: V. Nastase and M. Strube. Decoding Wikipedia Categories for Knowledge
Acquisition. AAAI-08.
- from categories and category network, derive relations among categories or instances, including
attributes of categories
EMBS+O9] M. Mintz, S. Bills, R. Snow and D. Jurafsky Distant Supervision for Relation
xtraction Without Labeled Data. ACL-ITCNLP-09
- using tuples already available for the relation in Freebase extract additional relations from
unsfructured text
BVOM+O9] Y. Yan, N. Okazako, Y. Matsuo et al. Unsu ervnsed Relcmon Extraction by Mining
ikipedia Texts Using Information from the Web. ACL-ITCNLP-09.
- identify relevant relations for Wikipedia categories, from parsed Wlklpedla articles and from Web
documents via search engines
[LWAOQ9]: X. Li, Y. Wang and A. Acero. Extracting Structured Information from User
Queries with Semi-Supervised Conditional Random Fields. SIGIR-09.
- detect relevant fields in product-search queries, using click data and document content
[CBW+10]: A. Carlson and J. Betteridge and R. Wang and E. Hruschka Jr. and T. Mitchell.
Coupled Semi-Supervised Learning for Information Extraction. WSDM-10.

- expand seed sets provided for each target concept and relation, enhancing extractions of individual
concepts/relations using extractions for other concepts/relations

Relations over Flat Concepts

[BZ10]: R. Blanco and H. Zaragoza. Finding Support Sentences for Entities. SIGIR-10.
- loosely identify the relation between given a query and a given instance, in the form of explanatory
sentences collected from Wikipedia articles
[TP10b]: A. Jain and P. Pantel. FactRank: Random Walks on a Web of Facts. COLING-10.
- improve quality of individually extracted facts, by global analysis of common arguments (instances)
shared among the facts
LDRIO] D. Davidov and A. Rappoport. Extraction and Approximation of Numerical Attributes
rom the Web. ACL-10.
- given an instance and an attribute whose value is numerical, extract the value from Web documents
via search engines
EKHIOb] Z. Kozareva and E. Hovy. Learnmg Arguments and Supertypes of Semantic
elations using Recursive Patterns. ACL-1
- given an extraction pattern expressing a relation, and a seed instance for one argument of the
relation, infer additional pairs of arguments for fhe same relation as well as the Types of those
arguments, from Web documents via search engines

ELMEIO] T. Lin, Mausam and O. Etzioni. Identifying Functional Relations in Web Text.

- given r‘elahons extracted from Web documents, identify relations that connect the first argument to
a unique value
[SEW+10]: S. Schoenmackers, O. E'rzconl D. Weld and J. Davis. Learning First-Order Horn
Clauses from Web Text. EMNLP-

- acquire inference rules and apply Them to expand a set of relations extracted from Web documents
[BMI10]: D. Bollegala, Y. Matsuo and M. Ishizuka. Relation Duah'ry Unsupervised Extraction
of Semantic Relafions between Entities on the Web. WWW-1

- model reluhons through combination of patterns expressing the Type and phrase pairs expressing the

arguments




Relations over Flat Concepts

[YTTIO]: X. Yin, W. Tan and Y. Tu. Automatic Extraction of Clickable Structured Web
Contenfs for Name Entity Queries. WWW-10.
- given a query containing an instance, extract structured data from click data and contents of
subsequently visited documents
[WWI10]: F. Wu and D. Weld. Open Information Extraction Using Wikipedia. ACL-10.
- from unstructured text, extract relations whose types are derived from Wikipedia
FSE11): A. Fader, S. Soderland and O. Etzioni. Identifying Relations for Open Information
xtraction. EMNLP-11.
- enforce lexical and syntactic constraints on relations extracted from text, to improve their quality

W\(/;Vl\?\/]l% Del Corro and R. Gemulla. ClausIE: Clause-Based Open Information Extraction.

- apply a small set of general-purpose patterns to parse trees over unstructured text, to extract
higher-precision relations
[WGM+14]: R. West, E. Gabrilovich, K. Murphy, S. Sun, R. Gt:f’ra and D. Lin. Knowledge Base
Completion via Search-Based Question Answering. WWW-14.
- extract missing values of attributes of instances within an existing knowledge repository, from Web
search result shippets returned for automatically-generated quesfions
kTMW14]: N. Tandon, 6. de Melo and 6. Weikum. Acquiring Comparative Commonsense
nowledge from the Web. AAAI-14.
- from unstructured text, extract relations among disambiguated instances, where the relations
compare the respective pairs of arguments along relevanf dimensions
[DGH+14]: X. Dong, E. Gabrilovich, 6. Heitz, W. Horn, N. Lao and K. Murphy. Knowledge Vault:
A Web-Scale Approach to Probabilistic Knowledge Fusion. KDD-14.
- create a knowledge repository, based on relations extracted from Web documents and knowledge
from available repositories

Relations over Flat Concepts

[DMSIB]T': A. Dutta, C. Meilicke and H. Stuckenschmidt. Enriching Structured Knowledge with
Open Information. WWW-15

- given relations extracted from Web documents, convert arguments and relations from ambiguous
strings into disambiguated entries from a knowledge repository

[NRC15]): A. Neelakantan, B. Roth and A. McCallum. Compositional Vector Space Models for
Knowledge Base Completion. ACL-15.
- infer missing relations based on relations already available in a knowledge repository
LAJM15]: 6. Angeli, M. Johnson Premkumar and C. Manning. Leveraging Linguistic Structure
or Open Domain Information Extraction. ACL-15.

- reduce document sentences deemed relevant to shorter clauses, then apply small set of patterns to
clauses to extract relations




Relations over Flat Concepts

[NSO08]: V. Nastase and M. Strube. Decoding Wikipedia Categories for

Knowledge Acquisition. AAATI-08.

Wikipedia Categories

In Wikipedia,
categories
organize articles
or subcategories
into groups of
items that share
common properties

books by genre
chancellors of
Germany
villages in
Brandenburg
movies directed
by Woody Allen
landmarks in
Chicago, Illinois

Wik
LS

navgaton

IPEDIA

Encyclopeds

= usnpage

search

[E=3]E]

3 Willis Tower - Wikipedia, the free encyclopedia - Mozilla Firefox
fle Edt yew Mgory (eomads Joos beb

ar | W hti:/fen.wiipeda. orp/vid/Sears_tower
Willis Tower

From Wikipedia. the free encyciopedia

This afticle’s intreduction section may not adequately summarize its

Key points. (September 2009

Willis Tower, formerly named Sears Tower, is a 108-story
1.450 feet (442 m) skyscraper in Chicago, Winois ! At the time of
its complotion in 1973 it was the Lallest buiding in the world.
supassing the World Trade Center towers in New York Currently,
Willis: Towe is 5t building in the United States and the St
tallest freestands cture in the world

Athough Sears’ naming rights expired in 2003, the building
continued to be called Sears Tower for several years. However. in
March 2009 London-based insurance broker Wilis Group Holdings.
Ltd.. agreed to lease a portion of the building and as pant of the
agreement obtained the buikding's naming rights. On July 16, 2009
3 10:00 am Cantral Time, the buiding was oficially renamed Wiis
Tower

] matgh case:

4 contents. To comply with Wikipedia's lead section guidelines, please
consider axpanding the lead 10 provide an accessible ovenview of the aricle's

Willis Tower

Categories: 1973 architecture | Buildings and structures on U.S. Route 66 | Visitor attractions along U.S. Route
66 | Former world's tallest buildings | Landmarks in Chicago, lllineis | Skyscrapers in Chicago, lllinois |
Skyscrapers over 350 meters | Retail company headquarters in the United States | Office buildings in Chicago,
lllinois | Skidmore, Owings and Merrill buildings




Extraction from Wikipedia Categories

Data sources
- Wikipedia category network
Output

- relations among categories or instances, including attributes of categories
- eg., {band, community, ethnicity, genre, instrument, language, region, ...} for
Musician
+ e.g., kind of blue-artist-miles davis, deconstructing harry-directed-by-woody allen
- filter the category network and analyze the categories
- extract relations from categories, by matching category names to pre-
defined patterns
- extract attributes from categories, by matching category names to pre-
defined patterns

Extraction from Wikipedia Categories

* Match category name with patterns identifying either a relation
and a category, or a relation and two categories

+ Given matches and the category network, derive relations

R Cx Cx
4

v
chancellors of Germany, members of
the European Parliament, Queen
(band) members, ... pi P2 B

| Cx, Cy = categories; P1,P2, ..., Pn = pages (articles) |

villages in Brandenburg, movies
diz‘ecfed by Woody Allen, ...

o
Cx

v S ..

Cx % Cy =

Cy R Cx 9

(Courtesy V. Nastase)




Extraction of Labeled Relations

Queen (bandmembers>— Queen (band)

! S
Freddy Brian John Roger Freddy Brian John Roger
Mercury May Deacon Taylor Mercury May Deacon Taylor
Moviesdirected By Woody Allen Movies Woody Allen
Annie Hall The Scoop
Deconstructing Harry Deconstructing Harry

(Courtesy V. Nastase)

Extraction of Unlabeled Relations

Category name: mixed martial arts television programs

R= topic
cro - I O
<_MIXED MARTIAL ARTS> < TELEVISION PROGRAMS>

MIXED MARTIAL ARTS ~ [P'¢ 1 topic ///
TELEVISION PROGRAMS - L~
I~ L —

- ; el
\ . - ’/»‘,{L/ ‘.‘
/ !

isa | - isa

L ™~

|
f -
| e
| -

(Courtesy V. Nastase)




Relations over Flat Concepts

[CHWO8]: M. Cafarella, A. Halevy and Z. Wang. WebTables: Exploring
the Power of Tables on the Web. VLDB-08.

Extraction from Structured Text

Data source
- collection of Web documents
Output
- tables containing high-quality relational data
Steps
- extract raw tables from Web documents
- identify subset of raw tables containing high-quality relational data

- analyze selected subset to derive global information including
related attributes, synonymous attributes  (courtesy M. Cafarella)

|
| | —>
o *.
1 Es
S 1
RS 1
SO

—

Raw crawled pages Raw HTML Tables Recovered Relations [ Applications




Extraction of Relations from Tables

o = Avrelation is:
e 0o — | " atable

iy s et iy = - with typed
T and labeled

b= Enchan
s u [s[o]e 5 5y z columns
e I oo WEENEEN u: USEERl - Encoded as:

EnchantedLcarning.com
The Presidents of the United States of America - URL and

— offset
T ki s Vo ol e ey o Ty et bt s g Ay s 4 e s i B
been residents of the U.S. for al least 14 years. (Also, a person cannot be elected toa third term as President.) - 8c hema'_

i | Ve ;l‘/ ordered

li f
ist o
attribute
251509 I b l
abels
Democrat 18371841 \ .
- list of
Whig 1841-1845
e s Eepoas Tuples
15, James Buchanan (1791-1868) Democrat 1£87-1861 John Breckinndge

Table Usefulness

+ Noft all tables contain useful relations

Table Type % of Total Count
"Tiny" tables 88.06 12.3B
HTML forms 1.34 187.3M
Calendars 0.04 5.5M
Non-relational, total 89.44 12.58
Other non-relational (estimated) 9.46 1.3B
Relational (estimated) 110 154.1M




Attribute Correlation Statistics

Analyze how attribute names are used in schemas

- mappings

name
Readme.txt
cac.xml

make
Toyota

make
Mazda
Chevrolet

from a schema to the list of relations containing it

size last-modified
182 Apr 26,2005
813 Jul 23,2008 make  model year color
Chrysler  Volare 1974  yellow
model year .
Nissan  Sentra 1994 red
Camry 1984

model  year
Protege 2003
Impala 1979

+ Allows for deriving statistics over attributes

- probabi

lity of an attribute: p(make), p(model)

- conditional probability of an attribute: p(make | model), p(make |
zipcode)

Using Attribute Correlation Statistics

Identify related attributes:

Input Attribute
hame

instructor
elected

ab

album

Suggested Attributes

name, size, last-modified, type

instructor, time, title, days, room, course

elected, party, district, incumbent, status

ab, h, r, bb, so, rbi, avg, lob, hr, pos, batters

album, artist, title, file, size, length, date/time, year

Identify synonymous attributes:

Input Context
hame
instructor
elected

ab

album

Synonymous Atftributes

e-mail | email, phone | telephone, e-mail address | email address
course-title | title, day | days, course | course-#

candidate | name, presiding-officer | speaker

k | so, h | hits, avg | ba, hame | player

song | title, song | track, file | song, single | song




Next Topic

Methods for extraction of:
+ concepts and instances as:
- flat sets of unlabeled instances
- flat sets of labeled instances, associating instances with class labels
- conceptual hierarchies
+ relations and attributes over:
- flat concepts
- conceptual hierarchies

Relations over Conceptual Hierarchies

[PPO6b]: M. Pennacchiotti and P. Pantel. Ontologizing Semantic Relations. ACL-06.

- attachrelations extracted from text to WordNet hierarchies, by identifying the WordNet concepts
to which the arguments of the relation correspond

[SKWO7]: F. Suchanek, 6. Kasneci and 6. Weikum. Yago: a Core of Semantic Knowledge
Unifying WordNet and Wikipedia. WWW-07.

- map Wikipedia categories to WordNet to generate hybrid resource of concepts and relations
W\RI/V\A?S(;SF Wu and D. Weld. Automatically Refining the Wikipedia Infobox Ontology.

- extend Wikipedia infoboxes with additional attributes and values, by mapping templates of Wikipedia

infoboxes to WordNet

LPAO9]: M. Pasca and E. Alfonseca. Web-Derived Resources for Web Information Retrieval:

rom Conceptual Hierarchies to Attribute Hierarchies. SIGIR-09.

- compute mappings from attributes to concepts in WordNet hierarchies
[SSWO9]: F. Suchanek, M. Sozio and G. Weikum. Sofie: A Self-Organizing Framework for
Information Extraction. WWW-09.

- extend existing repositories of relations like Wikipedia, with facts acquired from unstructured text
E\Rcﬁ?%]g J. Reisinger and M. Pasca. Latent Variable Models of Concept-Attribute Attachment.

- attachattributes to WordNet hierarchies
[HZW10]: R. Hoffmann, C. Zhang and D. Weld. Learning 5000 Relation Extractors. ACL-10.
- extract relations from unstructured text within Wikipedia articles, via dynamic lexicons acquired
from semi-structured text within Web documents
F\]NPIO]: R. Navi?li and S. Ponzetto. BabelNet: Building a Very Large Multilingual Semantic
etwork. ACL-10.

- link Wikipedia articles to WordNet concepts and apply machine translation, to create a multi-lingual
repository of relations




Relations over Conceptual Hierarchies

[MHMI11]: T. Mohamed., E. Hruschka and T. Mitchell. Discovering Relations between Noun
Categories. EMNLP-11.
- given hierarchically-organized concepts associated with their sets of instances, extract relations
among the concepts from unstructured text
[HSB+13F: J. Hoffart, F. Suchanek, K. Berberich and 6. Weikum. YAGO2: a Spatially and
Temporally Enhanced Knowledge Base from Wikipedia. Artificial Intelligence Journal.
- combine WordNet, Wikipedia and other sources into hierarchically organized instances and their
relations, where the data is anchored in time and space
+ [VMT+15]: N. Voskarides, E. Meij, M. Tsagkias, M. de Riljke and W. Weerkamp. Learning to
xplain Entity Relationships in Knowledge Graphs. ACL-15.
- from Web documents, extract textual descriptions of relations between entries in pairs of entries
from a knowledge repository
+ [MC15]: D. Movshovitz-Attias and W. Cohen. KB-LDA: Jointly Learning a Knowledge Base of
ierarchy, Relations, and Facts. ACL-15.

- from Web documents, extract hierarchy of concepts and relation types, and also extract relations
filling in the hierarchy

Relations over Conceptual Hierarchies

+ [RPO9]: J. Reisinger and M. Pasca: Latent Variable Models of Concept-
Attribute Attachment. ACL-09.




Attaching Attributes to Hierarchies

+ Extract flat classes of instances from documents

+ Extract attributes of flat concepts from queries

+ Attach attributes to WordNet hierarchies
- identify a WordNet concept as a leaf parent for each flat concept
- identify appropriate level of specificity for each attribute

+ Use generative models to attach attributes to WordNet
- attach flat-concept attributes to leaf WordNet concepts

- compute a model for each attribute

- use model probabilities to compute a ranked list of attributes for

each concept

Attribute Attachment

(Courtesy J. Reisinger)
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Next Topic

Part One: Introduction

Part Two: Open-Domain Knowledge Resources

Part Three: Automatically-Extracted Open-Domain Knowledge
Part Four: Role of Knowledge Resources in Information Retrieval

Role of Knowledge in Search

[Voo94]. E. Voorhees. Query Expansion Using Lexical-Semantic Relations. SIGIR-94.
- investigate the impact of manual and automatic expansion of queries on search results, using lexico-
semanfic relations available in WordNet
[LZZ+06]: M. Li, M. Zhu, Y. Zhang and M. Zhou. Exploring Distributional Similarity Based
Models for Query Spelling Correction. ACL-06.
- take advantage of a repository of distributionally similar phrases acquired from search queries, in
order to suggest correctly spelled queries in response to misspelled queries
[Fan08]: H. Fang. A Re-Examination of Query Expansion Using Lexical Resources. ACL-08.
- propose an alternative term weighting scheme for query expansion using lexico-semantic relations
available in WordNet
[HWL+09]: J. Hu, 6. W%FA Lochovsky, J. Sun and Z. Chen. Understanding User's Query
Intent with Wikipedia. 'W-09.
- model query intent domains as areas in the Wikipedia category network situated around manually-
provided seed articles in Wikipedia, and map queries into those domains

[YTL11]: X. Yin, W. Tan and C. Liu. FACTO: a Fact Lookup Engine Based on Web Tables.
www-11.

- inresponse to fact-seeking queries, return facts identified in tuples of an instance, attribute and
value extracted from tables within Web documents
EJOVII]: A. Jain, U. Ozertem and E. Velipasaoglu. Synthesizing High Utility Suggestions for
are Web Search Queries. SIGIR-11.
- return synthetic query suggestions in response to long-tail queries for which few or no query
suggestions would be otherwise available




Role of Knowledge in Search

ER_RD+11]: L. Ratinov, D. Roth, D. Downey and M. Anderson. Local and Global Algorithms for
isambiguation to Wikipedia. ACL-11.
- compare the impact of algorithms for disambiguating instances mentioned in a document relative to
articles in Wikipedia, using evidence available Tocally for each mention vs. globally for all mentions
EPFII]: P. Pantel and A. Fuxman. Jigs and Lures: Associating Web Queries with Structured
ntities. ACL-11.
- compute mappings from queries into instances from a structured database, for the purpose of
identifying relevant products from a product catalog and recommending them in response to queries
[sl—]{:/(\;/\]‘:rglllf K. Haas, P. Mika, P. Tarjan and R. Blanco. Enhanced Results for Web Search.
- extend search results with multimedia onbjects, for the purpose of improving search experience and
aiding users in determining the relevance of search results
ESMF+12]: U. Scaiella, A. Marino, P. Ferragina and M. Ciaramita. Topical Clustering of Search
esults. WSDM-12.
- take advantage of mappings from instances mentioned in documents to Wikipedia articles, in order to
cluster search results and their result snippets into sets associated with descriptive labels
[WUG12]: T. Weber, A. Ukkonen and A. Gionis. Answers, not Links: Extracting Tips from
Yahoo Answers to Address How-To Queries. WSDM-12.
- inresponse to queries with how-to intent, return relevant tips extracted from a collaborative
question-answering repository containing pairs of a question and an answer
[KZ12]: A. Kotov and C. Zhai. Ta;lnlping into Knowledge Base for Conceﬁ\f Feedback: Leveraging
ConceptNet to Improve Search Results for Difficult Queries. WSDM-12.
- improve the search results returned for poorly ‘Ferforming queries, by expanding the queries with
concepts derived from a large knowledge repository

Role of Knowledge in Search

[HMB13]: L. Hollink, P. Mika and R. Blanco. Web Usage Mining with Semantic Analysis.
WWW-13.

- compute mappings from query fragments into instances from an existing knowledge repository, to
better identify patterns of Web usage
[6YS+13]: M. Gamon, T. Yano, X. Song, J. Apacible and P. Pantel. Identifying Salient Entities
in Web Pages. CIKM-13.
- extract the most salient instances mentioned in Web documents
[YV14]: X. Yao and B. Van Durme. Information Extraction over Structured Data: Question
Answering with Freebase. ACL-14.
- inresponse to facf—segkin;; questions, extract answers from unstructured text from Web documents
and from relations available in a knowledge repository
EDAD14 : J. Dalton, J. Allan and L. Dietz. Entity Query Feature Expansion using Knowledge
ase Links. SIGIR-14.
- compute mappings from query fragments into instances from an existing knowledge repository, to
expand queries for better searchresults
EBMH+15]: B. Bi, H. Ma, B. Hsu, W. Chu, K. Wang and J. Cho. Learning to Recommend Related
ntities fo Search Users. WSDM-15.
- given aquery, compute and recommend related entries from a knowledge repository
[BOM15]: R. Blanco, G. Ottaviano and E. Meij. Fast and Space-Efficient Entity Linking in
Queries. WSDM-15,
- compute mappings from query fragments into instances from an existing knowledge repository, under
strong latency constraints
[FBJ15): J. Foley, M. Bendersky and V. Josifovski. Learning to Extract Local Events from
the Web. SIGIR-15.

- extract and convert mentions of local events within Web documents into structured, searchable
calendar entries




Role of Knowledge in Search

Document analysis and understanding
- mapping of document terms into concepts [RRD+11]
- clustering of search results [SMF+12]
- extraction of salient instances [6YS+13]
Query analysis and understanding
- understanding intent, query categorization [HWL+09]
- mapping of queries into concepts [BOMI15], product recommendation [PF11]
- query suggestion [JOV11], recommendation of related queries [BMH+15]
- spell checking [LZZ+06]
Matching of queries onto documents
- query expansion [Voo94, Fan08, KZ12, DAD14]
Onebox search results
- retrieval of answers for queries with how-to intent [WUG12]
- retrieval of answers for fact-seeking queries [YTL11, YV14]
- retrieval of multimedia objects [HMT+11]

Document Understanding

[RRD+11]: L. Ratinov, D. Roth, D. Downey and M. Anderson. Local and
Global Algorithms for Disambiguation to Wikipedia. ACL-11.




Disambiguation o Wikipedia

- Task

given a text fragment containing mentions (substrings) to be disambiguated,
"wikifi" the mentions by identifying the Wikipedia article, if any,
corresponding to each mention

mapping from mentions to Wikipedia articles relies on evidence available in
the text fragment

+  Scope of available evidence

- local: separately available for each mention in the text fragment
- global: collectively available for all mentions in the text fragment
+ Godl

- investigate impact of local vs. global evidence on accuracy of disambiguation

Mapping Mentions to Wikipedia

It's a version of Chicago — the Chicago was used by default for ~ Chicago VIl was one of the early

standard classic Macintosh menu  Mac menus through MacOS 7.6,  70s-erz. Chicago albums to catch
font, with that distinctive: thick a2nd OS 8 was released mid-1997 my ear, along with Chicago Il

CE;C']E “N”
- -
leXT fr‘agmen‘I‘

DISGmbIQUGTIO

Chicago g , Wikipedia article
Aa Ee Oq ‘ A
Ar §s Tt )
Insert disk
abcdefghijkim
noparstuvwxyz

released

Links among
articles within
Wikipedia

(Courtesy L. Ratinov) 78




Disambiguation Strategy

Algorithm: Disambiguate to Wikipedia

Input: document d, Mentions M = {mi,...,mn}
Output: a disambiguation I' = (¢4, ..., tn).

1) Let M' = MU { Other potential mentions in d}

2) For each mention m, € M', construct a set of disam-
biguation candidates T; = {t}, ... .t} },t; # null

3) Ranker: Find a solution T = (t},..., tiarr)), where
ti € Ty is the best nen-null disambiguation of m,.

4) Linker: For each m}, map t; to null in T iff doing so
improves the objective finction

5) Return T entries for the original mentions M.

+ Two stages

- ranker: compute best Wikipedia article that potentially
disambiguates the mention

- linker: determine whether the mention should be mapped to the
Wikipedia article or should not be mapped to any article

Ranker: Local vs. Global Disambiguation

Accuracy: fraction of mentions for which ranker identifies correct disambiguation

Dataset Baseline  Baseline+ Baseline+ Baseline+
Lexical Global Global
Unambiguous ~ NER
ACE 94.05 9456 96.21
MSNBC News 8191 84.46 84.04
AQUAINT 93.19 95.40 94.04
Wikipedia Test 85.88 89.67 89.59

Previous methods

Baseline+
Global, All
Mentions

96.75

88.51
95.91
89.79




Ranker: Local vs. Global Disambiguation

Accuracy: fraction of mentions for which ranker identifies correct disambiguation

Dataset Baseline  Baseline+ Baseline+ Baseline+ Baseline+
Lexical Global Global Global, All
Unambiguous ~ NER Mentions
ACE 94.05 96.21 96.75
MSNBC News 8191 85.10 88.51
AQUAINT 93.19 95.57 95.91
Wikipedia Test 85.88 89.79
|Local disambiguation | |Global disambiguation |

Over test set of Wikipedia
documents, local performs
better than global

Overall: Local vs. Global Evidence

Combined precision and recall (F1 score)

Dataset Baseline Baseline+ Baseline+
Lexical Lexical+
Global
ACE 94.05 96.21 97.83
MSNBC News 8191 85.10 87.02
AQUAINT 93.19 95.57 94.38
Wikipedia Test 85.88 93.59 94.18

(Comparing set of Wikipedia articles output by algorithm for a
document, with gold set of Wikipedia articles for the document)




(Result) Document Understanding

[SMF+12]: U. Scaiella, A. Marino, P. Ferragina and M. Ciaramita. Topical
Clustering of Search Results. WSDM-12.

Clustering of Search Results

Input

search results and their snippets, returned in response to queries

Data source

Wikipedia articles and categories, connected via the category network

Output

decomposition of search results into topically coherent subsets associated
with labels derived from Wikipedia

on the fly, without analysis of full content of search results

Steps

annotate snippets with corresponding Wikipedia articles (“topics")
analyze graph of shippets and topics, to determine most significant topics
partition graph around most significant topics, and cut into ~10 clusters
for each cluster, select centroid topic as label for the entire cluster




Annotation of Snippets with Topics

(Courtesy P. Ferragina)
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Selection of Significant Topics

snippets Topics

Jaguar International - Market selector page
Official worldwide web site of Jaguar Cars ... hneny,

Jaguar India - Jaguar Cars - Home
Jaguar « XF « XK. The information and specifications shown
on this website may vary and are subject to change ..

Jaguar Facts - Defenders of Wildlife - Defenders ...
Jaquars are listed as endangered under Endangered Species Act ... ~**

Jaguars, Jaguar Pictures, Jaguar Facts - National Geographic
Learn all you wanted to know about jaguars with pictures, videos,
photos, facts, and news from National Geographic ...

National Center for Computational Sciences » Jaguar
The Jaguar system consists of an 84 cabinet quad-core Cray Xt4
system and 200 upgraded Cray XTS5 cabinets ...

National Center for

Apple - Support - Mac 0S X 10.2 Jaguar and earlier = Computational Science

The Mac OS X 10.2 (Jaguar) and earlier Support Page helps with
troubleshooting, tutorials, service, and information for new users.

Jaguar Technologies LLC
JaguarPC is the original leader in VPS Hosting, providing
the best web hosting services ...

Partition into Clusters

Snippets Topics

Jaguar International - Market selector page
Official worldwide web site of Jaguar Cars ...

Jaguar India - Jaguar Cars - Home
Jaquar - XF - XK. The information and specifications shown _ _,
on this website may vary and are subject to change ...

Jaguar Facts - of Wildlife - Defend

Jaguars are listed as endangered under Cluster‘ Of TOpiCS | .
Jaguars, Jaguar Pictures, Jaguar Facts - National Geographic \

Learn all you wanted to know about jaguars with pictures, videos, *** .
photos, facts, and news from National Geographic ... ENRTTPRPPE

National Center for Computational Sciences » Jaguar
The Jaguar system consists of an 84 cabinet quad-core Cray Xt4
system and 200 upgraded Cray XT5 cabinets ...

National Center for

Apple - Support - Mac 0S X 10.2 Jaguar and earlier "\ Computational Science

The Mac OS X 10.2 (Jaquar) and earlier Support Page helps with
troubleshooting, tutorials, service, and information for new users.

Jaguar Technologies LLC
JaguarPC is the original leader in VPS Hosting, providing
the best web hosting services ...




Selection of Cluster Labels

snippets Topics

Jaguar International - Market selector page
Official worldwide web site of Jaguar Cars ... hneny,

Jaguar India - Jaguar Cars - Home
Jaguar « XF « XK. The information and specifications shown
on this website may vary and are subject to change

D

—

Jaguar Facts - Defenders of Wildlife - De
Jaquars are listed as endangered under Endal Label selecTed

for entire cluster
Jaguars, Jaguar Pictures, Jaguar Facts - Nauonaraeograpmc
Learn all you wanted to know about jaguars with pictures, videos, -*
photos, facts, and news from National Geographic ...

National Center for Computational Sciences » Jaguar
The Jaguar system consists of an 84 cabinet quad-core Cray Xt4 ......
system and 200 upgraded Cray XTS5 cabinets ... N,

National Center for

Apple - Support - Mac 0S X 10.2 Jaguar and earlier = Computational Science

The Mac OS X 10.2 (Jaguar) and earlier Support Page helps with
troubleshooting, tutorials, service, and information for new users.

Jaguar Technologies LLC
JaguarPC is the original leader in VPS Hosting, providing
the best web hosting services ...

Next Topic

Document analysis and understanding
Query analysis and understanding
Matching of queries onto documents
Onebox search results




Query Understanding

[HWL+09]: J. Hu, 6. Wang, F. Lochovsky, J. Sun and Z. Chen.
Understanding User's Query Intent with Wikipedia. WWW-09.

Modeling Query Intent with Wikipedia

Input

queries

Data source

Wikipedia articles and categories, connected via the category network

Output

intent domains identified for queries, modeled as areas in the Wikipedia
category network situated around manually-provided seed articles in
Wikipedia

Steps

independently from input queries, manually identify a small set of seed
queries for each domain of interest

given set of seed queries, manually identify seed Wikipedia articles that
correspond to the domain of interest

for each domain, expand seed Wikipedia articles into more Wikipedia
articles, using connections between articles (article links, category network)
map queries into intent domains, taking into consideration manually-provided
mappings from sets of seed queries




System Architecture

Wikipedia Query

}

Query can be mapped directly to

‘ Labeled seed articles ‘ some Wikipedia article?
' [
‘ Wikipedia link graph construction ‘ ‘ Map query to Wikipedia articles
—— ] [———
Wikipedia articles associated with Set of Wikipedia articles
scores for each intent domain corresponding to query terms

|
Query intent

Modeling of Intent Domains

Construct link graph for Wikipedia articles
- nodes: Wikipedia articles, Wikipedia categories

- edges: links between articles, links in Wikipedia category network
between articles and categories; edges added between two nodes
only when bi-directional links exist between the two nodes

- edge weights: counts of links between the two nodes
Associate Wikipedia articles with score for each intent domain
- manually select seed Wikipedia articles deemed fo belong to intent

domain
Intent Type Examples of Seed Queries # Seed Queries
Travel  travel, hotel, tourism, airline tickets, expedia 2389
Person Name britney spears, david beckham, george w. bush 10000
Employment employment, monster, career 2543

- iteratively propagate intent from seed articles to their neighbors
articles in the link graph, assigning gradually lower intent scores




Determining Query Intent

Case 1: query can be mapped directly to a Wikipedia article
- retrieve intent domain whose intent score associated with the
Wikipedia article is highest
Case 2: query cannot be mapped directly to a Wikipedia article
- map query into its more related Wikipedia articles, by
disambiguating ("*wikifying") mentions (substrings) from query to
corresponding Wikipedia articles

- retrieve intent domain for which the combination of intent scores,
associated with the related Wikipedia articles, is highest

Query Top Articles to Which Query is Mapped Query Intent

employment guide | employment website, job search engine, Employment
careerlink, job hunting, eluta.ca, types of
unemployment, airline tickets, expedia

Jjob builder | job search engine, jobserve, falcon's eye, Employment
careerbuilder, eluta.ca, monster (website)

Query Understanding

[PF11]: P. Pantel and A. Fuxman. Jigs and Lures: Associating Web
Queries with Structured Entities. ACL-11.




Mapping Queries to Structured Entities

Input
- queries
- click data for search results returned in response to queries
- click data for structured instances returned in response to queries
Data source
- collection of instances available within a structured knowledge repository
(e.g., Freebase, IMDB, product catalog)
Output
- list of instances from knowledge repository deemed relevant to the query
- similar to query suggestion, but suggestions are instances not strings
Steps
- create click graph connecting queries, instances and clicked documents

- exploit edges between queries and clicked documents, and similarity edges
between queries capturing the overlap of their sets of clicked documents, to
extend graph with new edges between queries and instances

- transfer weights from existing edges to newly added edges
- apply resulting graph to suggest relevant instances for each query

Construction of Click Graph

(Courtesy P. Pantel)
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Construction of Click Graph

(Courtesy P. Pantel)
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Associations from Instances to Queries

QUC[‘Y P?nlcpintp || Qucry P)nlcpin.tp
Garmin GTM 20 GPS Canon PowerShot SX110 IS

garmin gtm 20 0.44 045 canon sx110 0.57  0.57
garmin traffic receiver 030 027 powershot sx110 048 048
garmin nuvi 885t 0.02  0.02 powershot sx110 is 038  0.36
gtm 20 0 033 powershot sx130 is 0 033
garmin gtm20 0 033 canon power shot sx110 0 020
nuvi 885t 0 001 canon dig camera review 0 0.10
Samsung PN50A450 50" TV Devil May Cry: 5th Anniversary Col,
samsung 50 plasma hdtv 075 083 devil may cry 076 0.78
samsung 50 033 032 devilmayery 0 100
50" hdtv 0.17 0.12 High Island Hammock/Stand Combo
samsung plasma tv review 0 042 high island hammocks 1.00  1.00
50" samsung plasma hdtv 0 035 hammocks and stands 0 010

LL{ via observed and inferred clicks on instances |

via observed clicks on instances




Associations from Queries to Instances

- Instances suggested via observed clicks and inferred “clicks" on
instances

Query | Product Recommendation

wedding gowns 27 Dresses (Movie Soundtrack)

wedding gowns Bridal Gowns: The Basics of Designing, [...] (Book)
wedding gowns Wedding Dress Hankie

wedding gowns The Perfect Wedding Dress (Magazine)

wedding gowns Imagine Wedding Designer (Video Game)

low blood pressure Omron Blood Pressure Monitor

low blood pressure Healthcare Automatic Blood Pressure Monitor

low blood pressure Ridgecrest Blood Pressure Formula - 60 Capsules
low blood pressure Omron Portable Wrist Blood Pressure Monitor

“hello cupcake” cookbook Giant Cupcake Cast Pan

“hello cupcake” cookbook Ultimate 3-In-1 Storage Caddy

“hello cupcake” cookbook 13 Cup Cupcakes and More Dessert Stand
“hello cupcake’ cookbook Cupcake Stand Set (Toys)

1 800 flowers Todd Oldham Party Perfect Bouquet

1 800 flowers Hugs and Kisses Flower Bouquet with Vase

Next Topic

+  Document analysis and understanding
*  Query analysis and understanding

*  Matching of queries onto documents
+  Onebox search results




Matching of Queries onto Documents

[Voo94]. E. Voorhees. Query Expansion Using Lexical-Semantic
Relations. SIGIR-94.

Query Expansion Using Lexical Resources

+ Godl
- investigate the role of concepts and relations available in WordNet in the
expansion of queries, for the purpose of improving the quality of retrieved
documents
+  Procedure
- manually or automatically identify WordNet concepts corresponding to query
terms
- collect expansion terms from among the synonym, more general and more
specific concepts of the identified concepts
- expand queries using the expansion terms
+ Findings
- with manual identification of WordNet concepts, the expansion of queries
improves results for underspecified queries, and does not improve results
for well-specified queries
- with automatic identification of WordNet concepts, the expansion of
queries degrades results




Matching of Queries onto Documents

[Fa

n08]: H. Fang. A Re-Examination of Query Expansion Using Lexical

Resources. ACL-08.

Qu

ery Expansion Using Lexical Resources

Goal

revisit the task of query expansion using concepts and relations available in
WordNet

Procedure

Fin

focus on the assignment of appropriate weights to expansion terms, such
that terms selected for expansion are strongly related to query terms

weights capture similarity among query terms and expansion terms

term similarity functions use synonym vs. more general vs. more specific
concepts vs. overlap of concept definitions
dings

the expansion of queries with terms from WordNet improves results
improvement is largest when similarity between terms is computed as the
overlap of their definitions in WordNet

combining multiple similarity functions gives no additional improvement
query expansion using WordNet is not better than query expansion using
expansion terms that co-occur with query terms in the document collection
(pseudo-relevance feedback using global analysis)




Matching of Queries onto Documents

[KZ12]: A. Kotov and C. Zhai. Tapping into Knowledge Base for Concept
Feedback: Leveraging ConceptNet to Improve Search Results for
Difficult Queries. WSDM-12.

Query Expansion Using Semantic Sources

« Goal

- investigate the role of concepts and relations available in ConceptNet in the
expansion of queries, for the purpose of improving the quality of retrieved
documents

- focus on difficult (i.e., poorly performing) queries
+  Procedure

- manually or automatically identify ConceptNet concepts related to query
terms

- collect expansion terms from among concepts available in the ConceptNet
graph of concepts and relations, within a certain distance away from the
identified concepts

- expand queries using the expansion terms

+ Findings

- with manual identification of ConceptNet concepts, there is some possible
expansion of queries that improves results, for all difficult queries

- expansion terms manually selected from ConceptNet give better results

than expansion terms automatically selected from top results (pseudo-
relevance feedback using local analysis)




Impact of Query Expansion

* Manual selection of ConceptNet concepts for expansion

KL

(Courtesy A. Kotov)

KL-PF CF-1 CF-2 CF-3

AQUAINT 0.0521 0.0429 0.1247 0.1622 0.1880
ROBUSTO4 0.0509 0.0788 0.1061 0.1539 0.1823
60V 0.0748 0.0447 0.1830 0.3481 0.4826

v

Concepts from top retrieved documents
(pseudo-relevance feedback)

Concepts in ConceptNet within
radius 2 of the identified concepts

Impact of Query Expansion

+ Automatic selection of ConceptNet concepts for expansion

KL KL-PF QPATH RWALK LR-2 LR-PF-2 LR-3 LR-PF-3
AQUAINT 0.0521 0.0429 0.0538 0.0534 0.0535 0.0662 0.0571 0.0776
ROBUSTO4 0.0509 0.0788 0.0542 0.0559 0.0604 0.0844 0.0588 0.0837

GOV 0.0748 0.0447 0.1034 0.1179 0.1293 0.1119 0.1236 0.0914

ey

Heuristic-based selection of
concepts from ConceptNet

Learning-based selection of
concepts from ConceptNet

Combination of learning-
based selection of concepts
from ConceptNet and
pseudo-relevance feedback




Next Topic

Document analysis and understanding
Query analysis and understanding
Matching of queries onto documents
Onebox search results

Retrieval of OneBox Results

[WUG12]: I. Weber, A. Ukkonen and A. Gionis. Answers, not Links:
Extracting Tips from Yahoo Answers to Address How-To Queries.
WSDM-12.




Extracting and Retrieving How-To Tips

Input

- queries
Data source

- collaboratively-created collection of pairs of a question and an answer
Output

- atip (to round a decimal in c: add 0.5 and then floor the value) in the format
(tip goal: tip suggestion), selected from a set of tips extracted in advance
from the question-answer pairs

- returned only for queries deemed to have how-to intent (how to round a
decimal in ¢, how do you fix keys on a laptop, clean iphone screen)
Steps
- construct tips, from pairs of a *how to" question and its answer

- for queries with how-to intent, retrieve tip whose goal best matches the
queries

Tips from Question-Answer Pairs

Resolved Question Show me another »

cmac9920... | using a float and it just drops the decimal. Say | have 1.1 | need that to goto 1 and if |

have 2.5 | need that to go to 3 thanks

1o round a decimal in c | add 0.5 and then floor the value — what
you call dropping the decimal. looks
like this: int x = (my_float + 0.5);

Best Answer - Chosen by Voters

Add 0.5 and then floor the value - what you call "dropping e decimal”. Looks like this:
int x = (my_float + 0.5);

2 years ago

7 Report Abuse

Tip suggestion

100% 1 Vote

k 1 person rated this as good

Action Bar: vz Interesting! ~ ] Email (=) Comment (0) w? Save ¥

(Courtesy I. Weber)




Answering How-To Queries

Y A.Hoo!@ zest lime without zester Search
ANSWERS ;

i rule-based extraction

search results

I 250k candidate tips I ~ no_.| show normal
T

Obtain quality labels for 20k \
candidate tip using CrowdFlower \/ yes
T

i machine learning =

" " N show normal
27k high quality tips : "0 search results

yes
rank the matching tips and
display highest ranking one
|

TIP: To zest a lime if you don‘t have a zester : use a cheese grater I

(Courtesy I. Weber)

Retrieval of OneBox Results

+ [YTLI11]: X. Yin, W. Tan and C. Liu. FACTO: a Fact Lookup Engine Based
oh Web Tables. WWW-11.




Extracting and Retrieving Facts

Input

- queries
Data source

- collection of tables identified within Web documents
Output

- one-box search result containing the fact (far'is; bay city), if any, deemed to
most confidently answer the user's query (france capital; where was
madonna born)

- selected from a set of facts (tuples of an instance, attribute and value)
extracted in advance from Web tables

Steps
- identify subset of Web tables containing attribute-value pairs

- from attribute-value pairs in a table, and the instance identified to be the
main topic of the document containing the table, extract instance-attribute-
value tuples

- if q'rl\.ler' is deemed to be a fact lookup query, retrieve the value with the

highest confidence among values, if any, present in the tuples for the
instance and attribute specified in the query

System Architecture

(Courtesy X. Yin)
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Extraction of Factual Tuples

Table classifier
- distinguish attribute-value tables from other types of tables

Attribute-Value Tables Relational Tables

% among all tables 6.6% 1.6%

avg # of instances 1 10.3

avg # of attributes 14.3 3.6

avg. # of data elements 14.3 38.8

% of numerical data elements 8.8% 62.8%

Pattern summarizer

- analyzing sets of documents with the same format, identify and
discard spurious attribute-value tables

Login Contact us Britney Spears Paris Hilton
Help Customer services Jennifer Lopez Jessica Simpson
About us Store locations Madonna Jessica Alba

Extraction of Factual Tuples

Entity extractor

- extract the main instances about which the source Web documents,
and the attribute-value tables that they contain, are about

.. > repository of instance-attribute-value tuples

Attribute equivalence detector

- attributes that have the same value for the same instance tend to
be equivalent

address phone price weight
location telephone list price gewicht
addresse  phone number  regular price poids
direccién admissions our price peso

street address tel your price waga




Query Answering

* Query parser

- match queries against small set of manually-written rules ("E A",
"E's A", "who was the A of E", "when was E born")

+ Instance equivalence detector

- instances whose vectors of search-result click counts are very
similar to one another are deemed equivalent

- considered very similar, when vectors have cosine > 0.5:

Equivalent? Cause of Error  Pct Example of Instance Pair
Yes N/A  87% australian job vs. job in
australia

No One is more specific than 7% flightless bird vs. large

the other flightless bird

No One is an aspect of the 5% will county vs. map of will

other county

No Different 1% 1972 chevrolet suburban vs.

1968 chevrolet suburban

Query Answering

+  Structured query engine

- given a query, generate instance-attribute pairs by replacing entity
with equivalent entity or attribute with equivalent attribute

- lookup instance-attribute pairs in instance-attribute-value tuples
+ Result aggregator
- single or multiple lookups may result in retrieval of multiple values

- select value if extracted from more Web domains, and if similar to
more of the other values

Type of Answering Error Example of Query - Erroneous Answer

answer is wrong turkey language - english

answer is incomplete george bush date of birth - 1946

answer is relevant for another query how santa monica college was founded - 1929
query is an instance microsoft publisher - (any)

query is navigational lil wayne myspace - (any)

query should not trigger an answer watch free movies - (any)




Summary

Knowledge and its acquisition from textual data have the
potential to enhance Web search

- sources of textual data: documents, queries

- impact on content understanding: query and document analysis,
query-document matching

- impact on alternative search interfaces: structured search, answer
retrieval




