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Zhixin for Baidu PC Search

e Exact answers
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Zhixin for Baidu PC Search

 List recommendation
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Zhixin for Baidu Mobile Search

Exact answers
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Named entity mi

AVP mining
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Hyponymy learning

Related entity mining

Knowledge to Mine

—— FRESKA

R FEE kA -3 E
—> HEE: American dreams in China ¢
HeiRis: =ihERE/RERE i
i s El 20134 LR E:
HAAE hEER . BINREFRLE Wik
HAME: HE HARS:
S&: Fral BE:
R = BARE. ke Rfr#4a:

Bl BBl X2, FF
ERER . W5, AN
11245 ¥

201358178 (HED
Hong Kong: 1A
RIFLEE

e

= ERLeR

- BER->MEER->FEEKA




Mining Named Entities

Traditional NE categories
— person, location, organization
Many more new categories useful for web applications
— Movie, TV series, music, book, software, computer game
More fine-grained taxonomy
— Organization -> {school, hospital, government, company,...}
— Computer game -> {net game, webpage game,...}
Characteristics of NEs on the web

— New NEs emerge rapidly, especially for software, games, and novels
— Names of NEs on the web are informal



Learning NEs from Query Logs

* Query logs contain a large volume of named entities
— About 70% search queries contain Nes (Pasca, 2007)

 NEs can be recognized using context features
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Pasca. 2007. Weakly-supervised discovery of named entities using web search queries. In CIKM.



Learning NEs from Query Logs

e Bootstrapping approach:
— Given a hand of seed NEs of a category C:
* Learning context features of the seeds from queries

* Extracting new seed entities of category C using the learnt context
features

* Expanding context features using the expanded seed set

 Advantage of query log based method

— It can cover newly emerging NEs

* Disadvantage of query log based method

— Old or unpopular NEs are likely to be missed



Learning NEs from Plain Texts

* Text wrappers are widely used for extracting NEs from plain
texts

— Wrapper example: “BB57 ([X]} 7, “BR[X] , &&”
— [X] is a placeholder that can be filled with movie names
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Learning NEs using Url-text Hybrid Patterns

* Isit possible to extract NEs from webpage titles only?

— Yes! 99% NEs can be found in some webpage titles

e Url-text hybrid patterns
— Url constraints should be taken into consideration
* Simple text patterns are enough for credible url (website)
 Complicated text patterns are needed for low-quality url

e Url-text hybrid pattern learning
- Utp = (upl tp) C, f)

— Example: up | http://www.imdb.com/name/nm\ d+/
tp | " (+?)\-1mdb
¢ | Star
f 109

Zhang et al. 2013. Bootstrapping Large-scale Named Entities using URL-Text Hybrid Patterns.
To appear in [JCNLP.



Learning NEs using Url-text Hybrid Patterns

Multiclass Seeds

Bootstrapping

I Pat. Generation

Seed Extraction

e (Qverview

Multiclass Collaborative Learner ' ,

Zhang et al. 2013. Bootstrapping Large-scale Named Entities using URL-Text Hybrid Patterns.
To appear in [JCNLP.



Learning NEs using Url-text Hybrid Patterns

e Multiclass Collaborative Learning (MCL)
— NEs of multiple classes are extracted simultaneously
— Bootstrapping NEs and url-text hybrid patterns iteratively
* A small set of seeds is required for each class

— Inter-class and intra-class scoring approaches are used for controlling
the quality of NEs and patterns yielded in each iteration

* Inter-class scoring: A correct NE of a class should not be extracted
by patterns of other classes; A correct pattern of a class should not
extract seeds from other classes.

* Intra-class scoring: A correct NE of a class should not be extracted
by only one pattern of the class; A correct pattern of a class should
not yield a lot of NEs that cannot be extracted by other patterns of
the class.

Zhang et al. 2013. Bootstrapping Large-scale Named Entities using URL-Text Hybrid Patterns.
To appear in [JCNLP.



AVP Mining

e AVP: Attribute Value Pairs

 Where do AVP data come from?
— Online encyclopedia /\
* Baidu Baike, wikipedia Q”’/
— Vertical websites
« IMDB, douban for videos Q’/ |
— Plain web documents

e Automatically mining AVP knowledge from the structured, semi-
structured, and unstructured texts



AVP Mining from Online Encyclopedia
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AVP Mining from Vertical Websites
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AVP Mining from Vertical Websites

 Two problems
— How to find the vertical websites?

 Itis easy to find the websites for large and popular domains
— E.g., movie, music, novel
 Itis hard to find such websites for long tail domains
— E.g., cosmetic, magazine
— How to generate extraction patterns?
 Different websites cannot share identical patterns®



AVP Mining from Vertical Websites

* How to find the vertical websites
— Prepare some seed queries for the desired category
— Extract websites getting the most clicks from query logs
— Bootstrapping is fine, but not necessary

— Manual assessment should be done to select the ones of
high quality

It is much easier
than manually
collecting all the

websites




AVP Mining from Vertical Websites

* How to generate extraction patterns
— Hand-crafted patterns to guarantee high accuracy

— But we have tools that can help us edit patterns

conveniently @



AVP Mining from Vertical Websites

* AVP knowledge is accumulated on a day to day basis
— Different categories are updated in different time intervals
— New websites are added once they are identified

— Disordered or run-down websites are automatically
detected and manually processed
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Semantic Computation

* All modules should be optional
— The input AVP data decides which modules are necessary
— The dependency among the modules must be obeyed

 The modules are mostly semi-automatic tools

— Human intervention is needed for supplying seeds, rules, or judges

— Automatic methods are used for generating candidates before
manual labeling



Cleaning

* Detect and clean surface errors
— Unreadable codes
— Erroneous Truncation
— Erroneous attributes

* Due to mining errors
e Can usually be detected based on frequency

— Double byte — single byte replacement
— English character processing



Value Type Recognition

* Automatically recognize the value types of given attributes
based on the AVP data

* Value types include:
— Number
— Date / time
— Entity
— Enumeration
— Text (default)

* |t can help recognizing illegal attribute values and extracting
candidate synonymous attribute names



Value Normalization

* Splitting
— E.g., movie_a, movie b, and movie c -> movie_a | movie_b | movie ¢
* Generation
— E.g., Chinese zodiac / zodiac: Tiger / The lion ->
Chinese zodiac: Tiger and zodiac: The lion
* Conversion
— E.g., 2.26m -> 226cm



Attribute Normalization

 Domain-specific problem
— Some attributes are deemed synonymous only in specific domain
or even for two specific knowledge sources

« E.g., “K/\ (size)” and “FEER (screen)” are synonymous for some
websites on mobile phone, but not open domain paraphrases



Attribute Normalization
(cont.)

* C(lassification model for identifying candidate
synonymous attributes
— Features:
» Attribute surface similarity features
* Value similarity features

* Value-type similarity features
* Entity-value feature

* Raters select correct synonymous attribute pairs from all
candidates



Knowledge Fusion

* Fusion of knowledge mined from various data sources

* Key problem:
— Entity disambiguation

* Solution:
— Compute the similarity between entities with the same name
* Some essential attributes can determine the identity of an entity

— E.g., works of a writer
* Some other attributes can only be used as similarity features

— E.g., nationality of a person



Entity Classification

* Why classification is needed?
— The category information is missing for some entities
— Not all possible categories of an entity can be mined from the data
source
e Solution:

— Supervised model trained with entities along with their AVPs whose
categories are known

— Both structured data (AVPs) and unstructured data (contextual texts)
can be used for exacting classification features



Semantic Computation (cont.)

 Some other semantic computation modules in the
knowledge application level

— Entity disambiguation for reasoning

name Chen Xiaoxu

born October 29, 1965 Link the name to the

television work Dream of Red Mansions correct entity ID

-

Reasoning, e.g., actors who have worked together with Chen Xiaoxu




Semantic Computation (cont.)

 Some other semantic computation modules in the
knowledge application level (cont.)

— Related entity disambiguation

BEN gEAH

SpELR (1973-01-18)
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Semantic Computation (cont.)

Some other semantic computation modules in the
knowledge application level (cont.)

— Search requirement recognition
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China
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FrenchOpen W (2011)
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Children g Xiaozi
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Semantic Computation (cont.)

 Some other semantic computation modules in the
knowledge application level (cont.)

— Key problem: AVP similarity computation

Attributes should be assigned
with different weights

Useful attributes for a tennis
player: Australian Open, French
Open, championships, Olympic
games, career titles,...

Useless attributes for a tennis
player: country, residence, born,
family,...

Word mismatch problem
should be resolved

Word mismatch problem is
especially serious when the
AVPs of two entities come from
different data sources

e.g.:

silver medal -> second place
fierce forehand -> aggressive
forehand



Conclusion

* New trends of web search
— Knowledge search, semantic search, social search

* Research on semantics is essential for knowledge graph

— Knowledge base construction and knowledge search both
need semantic computation

e Various web resources should be made better use of
— Web corpora, Query logs, UGC data
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