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Text Categorization: Two Challenges

Å Impacts many applications!

V {ƻŎƛŀƭ ƴŜǘǿƻǊƪ ŀƴŀƭȅǎƛǎΣ ƘŜŀƭǘƘ ŎŀǊŜΣ ƳŀŎƘƛƴŜ ǊŜŀŘƛƴƎ Χ

Å Traditional approach:

Å Two challenges:
V Representation

V Labels
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Representation: Bag-of-words
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On Feb. 8, DongNguyenannouncedthat he
would be removinghis hit gameFlappyBird
from both the iOSand Android app stores,
saying that the successof the game is
somethinghe never wanted. Somefans of
the game took it personally,replying that
they would either kill Nguyen or kill
themselvesif he followed through with his
decision.

Frank Lantz, the director of the New York
UniversityGameCenter,said that Nguyen's
meltdown resembleshow some actors or
musiciansbehave. "Peoplelike that cango a
little bonkersafter beingexposedto this kind
of interestandattention," he told ABCNews.
"Especiallywhen there's a healthy dose of
Internet trolls."

7 February2014is goingto be a greatdayin
the historyof Russiawith the upcomingXXII
Winter Olympics 2014 in Sochi. As the
climate in Russiais subtropical,hence you
would love to watch ice cappedmountains
from the beautiful beachesof Sochi. 2014
Winter Olympicswould be an ultimate event
for you to shareyour joys,emotionsandthe
winning moments of your favourite sports
champions. If you are reallyan obsessivefan
of Winter Olympicsgamesthen you should
definitely book your ticket to confirm your
presencein winter Olympics2014whichare
going to be held in the provincial town,
Sochi. Sochi Organizingcommittee (SOOC)
would be responsiblefor the organizationof
this great international multi sport event
from 7 to 23February2014.

FlappyBird
iOS

Android apps 

stores game 

musicians 

Russia 

Winter 
Olympics 

Sochi

mountains 
beaches 

sports 

champions

Mobile Games Sports



Context: Topic Models and Word Embeddings

ÅTopic Modeling (Bleiet al., 2003)
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Context: Topic Models and Word Embeddings

ÅWord embedding

ïWord2vec (Mikolovet al., 13)

ïGlove (Pennington et al., 14)

ïMatrix factorization 

ό5ŜŜǊǿŜǎǘŜǊΩфлΤ[ŜǾȅ Ŝǘ ŀƭΦΣ мрύ

ïΧ

7https://www.tensorflow.org/versions/r0.7/tutorials/word2vec/index.html

https://www.tensorflow.org/versions/r0.7/tutorials/word2vec/index.html


²ƘŀǘΩǎ aƛǎǎƛƴƎΚ
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ÅThe semantics of entities and their relations

ÅWhat can context cover?

ÅWhat cannot?
ïHigher order relations

``New York'' vs. ̀`New York Times''

``George Washington'' vs. ̀`Washington''

Document Basketball NBA Basketball Document
Contains Contains

Affiliation In Affiliation In

Document Basketball           Olympics             Basketball Document
Contains Contains
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Acquire Labeled Data

Expert 
Annotation

Costly

Crowdsourcing

Simple tasks

Low quality

Still costly

Semi-supervised
/transfer learning

Domain dependent

Many diverse domains

Fast changing domains

Only big companies can 
hire a lot of experts

10



Our Solution

ÅWorld Knowledgeenabled learning

ïMillionsof entities and concepts

ïBillionsof relationships

ÅGrounding texts to knowledge bases
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Classification without Supervision

ÅLabel names carry a lot of information
ïWe can use world knowledge as features

ïClassify document to English labels

ï179 languages with Wikipedia

ÅJuly 15 08:30ς09:55: 
ïMachine Learning19: Classification2
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M. Chang, L. Ratinov, D. Roth, V. Srikumar: Importance of Semantic Representation: Dataless
Classification. AAAIΨ08.
Y. Song, D. Roth: On datalessƘƛŜǊŀǊŎƘƛŎŀƭ ǘŜȄǘ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΦ !!!LΩмпΦ
Y. Song, D. Roth: Unsupervised Sparse Vector Densification for Short Text Similarity. HLT-b!!/[ΩмрΦ



This Talk: Structured World Knowledge
Enabled Learning and Text Mining

With help of 
machine learning 

algorithms

ώ5ƻŎǳƳŜƴǘ ǎƛƳƛƭŀǊƛǘȅ ƛƴ L/5aΩмрϐ
[Document ŎƭǳǎǘŜǊƛƴƎ ƛƴ Y55Ωмрϐ
[Document ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ ƛƴ !!!LΩмсϐ 
[Item recommendation, ongoing]

Different 
domains

tweets, blogs, websites, 
medical, psychology

More general 
and effective 

machine learning/
data mining

ώwŜƭŀǘƛƻƴ ŎƭǳǎǘŜǊƛƴƎ ƛƴ LW/!LΩмрϐ
[Similarity search in {5aΩмсϐ
ώtŀǊŀǇƘǊŀǎƛƴƎ ƛƴ !/[Ωмоϐ
[Data type refinement, ongoing]
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Text Categorization via HIN 

ÅHow to convert unstructured texts to HINs?

ÅWhat can we do with the HINs?
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Challenges of Using World Knowledge

Representation

Inference Learning

Data vs. knowledge 
representation

Knowledge specification;
Disambiguation

Scalability;
Domain adaptation;
Open domain classes
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NetworkedTextAnalysisFramework

World Knowledge 
Specification

World Knowledge 
Representation

Learning

Textand
World 

Knowledge 
Bases

Wang et al., Incorporating World Knowledge to Document Clustering via Heterogeneous Information bŜǘǿƻǊƪǎΦ Y55ΩмрΦ
Wang et al. World knowledge as indirect supervision for document clustering. ¢Y55ΩмсΦ 17



Semantic parsing is the task of mapping 
a piece of natural language text to a 
formal meaning representation.

Obama is the president of the United States of AmericaDocument

People.BarackObama PresidentofCountry.Country.USALogic form

ÅMotivation: [BerantŜǘ ŀƭΦ 9ab[tΩмоϐ aim to train a parser from 
question/answer pairs on a large knowledge-base Freebase
ï Existing semantic parsing approaches, that require expert annotation

ï Scales to large scale knowledge-bases, supervised by the QA pairs

ÅNo such training data for the document dataset.

World Knowledge Specification:
Unsupervised Semantic Parsing for Documents
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Obama

is

president 

of

United States of America

People.BarackObama

Country.USA

intersection

People.BarackObama PresidentofCountry.Country.USA

lexicon

lexiconlexicon

PresidentofCountry

PresidentofCountry.Country.USA

join
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World Knowledge Specification:
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Å Lexicon: Mapping from phrases to 
knowledge base predicates. Unary: entity; 
Binary: relation. 

Text phrases are from 
ReVerbon ClueWeb09 
[Thomas Lin].

Entities are 
linked to 
Freebase. 

Binaries: paths 
of length 1 or 2 
in the KB graph.

Unaries: Type.xor 
Profession.x.
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Å Lexicon: Mapping from phrases to 
knowledge base predicates. Unary: entity; 
Binary: relation. 

Å Composition rules: Join (between binary 
and unary); Intersection (between unary 
and unary).

Text phrases are from 
ReVerbon ClueWeb09 
[Thomas Lin].

Entities are 
linked to 
Freebase. 

Binaries: paths 
of length 1 or 2 
in the KB graph.

Unaries: Type.xor 
Profession.x.
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Å Lexicon: Mapping from phrases to 
knowledge base predicates. Unary: entity; 
Binary: relation. 

Å Composition rules: Join (between binary 
and unary); Intersection (between unary 
and unary).

Å Logic form construction: based on lexicon 
and composition rules recursively.

Text phrases are from 
ReVerbon ClueWeb09 
[Thomas Lin].

Entities are 
linked to 
Freebase. 

Binaries: paths 
of length 1 or 2 
in the KB graph.

Unaries: Type.xor 
Profession.x.
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Å More than one candidate logic forms 
could be generated for each span of the 
input sentence, cannot rank.

Å Unsupervised way

ï A state-of-art named entity recognition 
tool [L. Ratinovet al. CoNLL2009] is used 
to find only maximum spanning phrase.

ï Only generate partial immediate logic 
form based on the maximum spanning 
phrase.

Text phrases are from 
ReVerbon ClueWeb09 
[Thomas Lin].

Entities are 
linked to 
Freebase. 

Binaries: paths 
of length 1 or 2 
in the KB graph.

Unaries: Type.xor 
Profession.x.

bh¢ ȫȫ!ƳŜǊƛŎŀΩΩ ƻǊ ȫȫ¦ƴƛǘŜŘ {ǘŀǘŜǎΩΩ
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World Knowledge Specification:
Unsupervised Semantic Parsing for Documents

Obama is the president of the United States of AmericaDocument




