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Abstract

Abstract

In the face of the explosive growth of taxformation on the Web peoplehas
become increasinglgware of the importance of automatic knowledge mining in use of
computers. The knowledge mentioned over this thesis refers to triplets composed of
<head_entity, relation, tail_entity>, which convensionally interpret the facts or beliefs in
the real worldThe research of knowledge mining mainly includes extracting structured
knowledge from the free / sessiructured free text, and using the existing structured
knowledge to inferundiscoveredknowledge. Knowledge extraction and inference
methods can help pple to automatically extract the core information in massive natural
language text and store them in the fornirgflets This makesstructured knowledge
whether forinformationstorage andepresentation, or furth@nhancingnany kinds of
applicationshave broad prospectsor instance,@meproductizedknowledge graplnas
brought great improvement on user experience and platform performance of many
applicationson the Internetsuch asearch engines,AQsystems, and even recommender
systems.

However,the construction of mosarge-scale knowledggrapts generallybenefits
from huge number of users dheir platform in terms ofcrowdsourcing method to
directly obtain knowledgefrom massive manual editinglhe research of automatic
knowledge ettaction and inference is limited by expensamnotatediata, sparse text
features, heterogeneous ddket is dfficult to be consolidatedRecent studieon
representation learnintheory enlighten us that some characteristics of representation
learningmay help solve the three problems aboMeerefore this thesiswill explore a
seriesof representatiofearning methodsn knowledge extraction anidferencewhich
aim atmining new knowledgautomatically The mainvork andcontributions are:

Free text information extraction based on lowrank matrix representation
learning. In the aspect afinstructured gemistructured text, wkeverageheassumption
of distant supervisioto carry out entitylinking and automatic construction of weakly
labeled traning samplesfor relation extraction and propose a lowank matrix
completionmethod to extract relationsetweenentitiesin text The highlight 6 this

method is to reconstrutdrgescale sparse text featgrand noises caused by distantly



Abstract

supervised arotation viausing thetransductive learning method @dw-rank matrix
completion while thedistant supervisioparadigm automatically obtains a large number
of weakly annotated datdhe principle componesf the relationships between text
entities repesented by a lowankmatrixare learnt simutanously with the noise stripping,
so that the performance of relation predictimder distant supervisiaa improved.
Knowledge representation éarning and belief inference based on low-

dimensional vedors. In structured knowledge basdow-dimensional vectarareused
to represent andeducethe entities and relations & knowledge baseWe propose
geometrical and probabilistic modeb conduct the task of belief inferencecammplete
and imperfecknowledge basesgespectively At the same timethe effect of the mult
relational beliefs that is widely existed in knowledge basas analygd and further
consideredto improve theperformancevia adapting the learning rat&his method
compresses the rementation of knowledge from matrix to vector level, not only
achieves incremental computation on the algorithm, but also givesliéinference to
the mathematicaxplaination

Joint low-dimensionalrepresentationlearning of knowledgebases and freetext.
The use of entt descriptions or relation mentiorss a link toacquire the low
dimensional vector representatsoof vocabularies and entitigelationshig, bridgesthe
gap between thavo kinds of heterogeneous data a@drtext and knowledgeabe. The
series ofpproacksproposedot mly covesthe semantics of entities, relationships, and
vocabularies, but also enhastke performance of tasks suchkesief inference, entit
classification, and relatioprediction. Moreover, it shines a light on handling large
amount ofheterogeneous dafar many Webapplications such asearch engineQA

systemsetc

Key words: Knowledge base Free text Representationlearning Relation

extraction Belief inference
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